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Abstract
Hendra virus is a bat-borne RNA virus that has recently emerged as a public health concern in Australia. Hendra virus is maintained in its reservoir hosts, pteropid bats (Pteropus
alecto, P. poliocephalus, P. conspiculatus, and P. scapulatus) and occasionally spills over
into horses. Previous research notes the considerable spatiotemporal variability in both
spillover events and viral excretion from bats, which has generated many hypotheses to explain Hendra virus disease dynamics. However, the complex drivers of disease emergence
make it difficult to ascertain the ecological drivers to spillover and the human-mediated
factors that influence them.
In this thesis, I employ a diverse set of analyses to investigate patterns of Hendra virus
spillover and viral prevalence in bat populations, focusing on foraging resources as a driver
of bat population distribution. Specifically, I develop an integrative theoretical foundation to
model transmission among roosts using a resource-driven metapopulation approach. I use
temporal models of bat population flux and foraging intensity built with remotely sensed
proxies of Eucalypt phenology to understand changes in resources and population abundance. I analyze the periodicity, spatiotemporal synchrony, and environmental drivers of
viral prevalence among bat roosts. Concerning future data collection studies, I develop theoretical spatial simulations to optimize the use of under-roost sheet sampling methods that
collect pooled urine samples.
I found that: i) Eucalypt phenology predicts bat population flux and spillover events
occur during times of low predicted population abundance; ii) flowering and foraging by
bats is driven by environmental conditions in previous seasons, and interannual variation in
resource availability due to the El Niño Southern Oscillation may explain an unusual peak
in observed spillover events that occurred in winter 2011; iii) viral prevalence among roosts
exhibits weak mostly-winter periodicity and synchrony at local spatial scales; iv) Hendra
virus prevalence in bat populations is dependent on P. alecto density and dry conditions
in previous seasons, these same climatic conditions were also associated with a reduction
in predicted nectar-based resources and bat foraging intensity; v) under-roost sampling designs which pool urine samples may exhibit positive bias when estimating individual-level
prevalence.
In general, my results indicate that population distribution in response to foraging resources is a fundamental driver of Hendra virus dynamics at local and regional spatial scales.
This response emphasizes the sensitivity of Hendra virus ecology to climate change and
habitat fragmentation which impact resource availability. Behavior and physiology associated with times of resource scarcity may contribute to spillover, with density-dependent
transmission within P. alecto at residential roosts in winter as a likely mechanism. Further development of spatial disease models that include bat movement in response to food
resources will facilitate research into anthropogenic effects on Hendra virus ecology. Future data collection studies may be improved by under-roost sampling methods that reduce

iii
data-pooling because they are better-suited for detecting viral dynamics. Thus, future research has the potential to further elucidate Hendra virus dynamics in bat populations and
the coupling between resource driven bat movement and anthropogenic change.

This work has not previously been submitted for a degree or diploma in any
university. To the best of my knowledge and belief, the thesis contains no
material previously published or written by another person except where
due reference is made in the thesis itself.

John R Giles
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Chapter 1

Introduction
1.1

Important concepts in disease ecology

From the beginning of modern civilization, humans have modified natural landscapes to
support organized societies of increasing sizes, which necessitated the domestication of animals and advancement of agrarian methods. Along with these monumental advances also
came the increasing incidence of diseases which naturally resulted from changed population densities and proximity to livestock (Diamond 1998). This same predictable pattern
continued at a larger scale towards the end of the 19th century with the invention of the
steam engine and the momentum of an industrialized western world. From that point on,
the interactions between human and natural environments advanced at an impressive and
farther reaching scale, changing with it the manner in which humans encounter diseases
of other species (Foley et al. 2005, Myers et al. 2013, Schrag 2012). Since the 1940s, the
repertoire of human diseases has steadily increased, and with it an economic impact and
public health hazard necessitating professional inquiry; particularly after a recent and rather
popular observation that upwards of 70% of the known pathogens which infect humans are
derived from an ecological source (Figure 1.1; Cleaveland et al. 2001, Jones et al. 2008,
Woolhouse and Gaunt 2007).
The intermingling of human and natural ecology presents novel opportunities for zoonotic
pathogens to enter the human population via a process known as spillover. Spillover occurs when a pathogen of wildlife successfully jumps host species into humans directly or
through an intermediate host such as domesticated animals (Woolhouse et al. 2001). Wolfe
et al. (2007) proposed a useful classification of zoonoses based on spillover in five stages,
from stage 1, where transmission to humans occurs without further spread (as in rabies-like
viruses), through to the other extreme at stage 5, where a pathogen has switched hosts fully
and circulates within humans only (as in HIV; Figure 1.2). In more strict epidemiological
terms, Lloyd-Smith et al. (2009) add that for a pathogen to colonize a novel host, its reproductive number (R0 ; the number of infections derived from a single infected individual
in a completely susceptible population) must be greater than 1. Mathematically and theoretically, this is sound; however, there exist other limits to pathogen emergence that may
raise the R0 > 1 requirement. For instance, an R0 > 1 does not guarantee emergence
in a stochastic system, although R0 < 1 precludes ongoing chains of transmission. Contact heterogeneity is also known to have a fundamental influence on the transmission of a
1
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pathogen from infected to susceptible individuals (McCallum et al. 2001). Further, disease
dynamics in spatial dimensions often behave differently than what is described by classic epidemiological theory, where localized transmission via contact between individuals
on a spatial network requires a higher value of R0 for pathogen persistence (Tilman and
Kareiva 1997). The context of transmission determines the population bottleneck experienced by the pathogen during a transmission event, which may have consequences for the
rate of pathogen evolution (Gandon 2004). During the process of emergence (stages 2–4),
pathogens sometimes may need to be reintroduced many times before a suitable pathogen
population with enough genetic diversity to evolve host-specific adaptations is established,
as observed in the emergence of HIV and perhaps SARS (Antia et al. 2003). This is a
critical time where pathogens evolve a balance between virulence, infectious period, and
transmission rate which maximizes replication relative to the biology and ecology of the
secondary host (Hahn et al. 2000, King et al. 2009, Luby et al. 2009, Viana et al. 2014).
The role of transmission and pathogen evolution in disease emergence resides within the
broader context of environmental and ecological conditions that allow for geographic sympatry. Therefore, understanding the broad-scale drivers of the emergence process, such
population-level response to ecological changes and ecological precursors to spillover are
elusive research priorities. These lines of research require contextual knowledge of the
ecology, epidemiology and population dynamics of both hosts and pathogens in a rapidly
changing landscape.

Figure 1.1: The number of zoonotic and
non-zoonotic disease emergence events per
decade from 1940–2000. Figure from Jones
et al. (2008), reprinted with permission
from Nature Publishing Group.

One of the foremost drivers in the emergence process is landscape change. The modern
human footprint now influences 75% of the planets’ habitable landscape and coincides with
a 40% global decrease in forested areas, which some argue places humanity in the ‘Anthropocene’, a geobiological time period dominated by human activity (Ball 2001, Ellis and
Ramankutty 2007, Schrag 2012). Semantics aside, ample literature documents the exponential growth of the human population and rapid rates of landscape change associated with
it (Brearley et al. 2013, Ellis and Ramankutty 2007, Foley et al. 2005, Lambin et al. 2003,
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Figure 1.2: A schematic of the five stages of adaptation that must take place for a zoonotic
pathogen to become pathogen of humans. The stages begin with rabies (transmitted only
from animals to humans) all the way to HIV (transmitted among humans) Figure from
Wolfe et al. (2007), reprinted with permission from Nature Publishing Group.
Lepers et al. 2005). Modern cityscapes now encroach natural habitats in a more spatially
expansive manner which generates urban and peri-urban environments lacking transition
zones and many ecosystem functions resulting in disrupted natural gradients of biotic and
abiotic factors (e.g. temperature and spatiotemporal resource distributions; Despommier
et al. 2006, Ramalho and Hobbs 2012, Sattler et al. 2010, Seto et al. 2010). In many cases,
entire ecological systems must operate under fundamentally different environmental rules
that have changed far faster than the pace of evolutionary adaptation. This can trigger a
complex cascade of new ecological dynamics that are only observable downstream (e.g.
decreased species richness, genetic diversity or general habitat productivity).

1.2

RNA viruses and emerging diseases

From the beginning of the 20th century, bacterial, protozoan, and fungal pathogens have
emerged from ecological sources to become human diseases, however since the 1980s, over
one half of these have been viruses with single-stranded RNA genomes (Woolhouse and
Gaunt 2007), with notable viruses found particularly in bats (Calisher et al. 2006). This
is illustrated by the widespread distribution and pandemic potential of recently emerged
agents like Filoviruses (Ebola and Marburg; Leroy et al. 2005, Towner et al. 2009), Coronaviruses (SARS and MERS; Li et al. 2005, Raj et al. 2014), Henipaviruses (Hendra and
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Table 1.1: Number of pathogen species discovered per taxon, from 1980–2007. In this time
period, over half (56%) of the discovered pathogen species have been RNA viruses. Data
from Woolhouse and Gaunt (2007), reused with permission from Taylor & Francis.

Pathogen taxon
Bacteria
Fungi
Helminths
Prions
Protozoa
Viruses
DNA viruses
RNA viruses
TOTAL

No. spp.
541
325
285
2
57
189
36
153
1399

No. spp.
1980–2007
11
13
1
1
3
58
9
49
87

Proportion
1980–2007
0.13
0.15
0.01
0.01
0.03
0.67
0.10
0.56

Nipah; Chua et al. 2002, Halpin et al. 2011), and rabies-like Lyssaviruses (Streicker et al.
2010). Although, patterns in disease emergence must be interpreted cautiously on account
of ascertainment bias (Woolhouse and Gaunt 2007), the apparent increase in emergence
events has motivated ecological surveillance of RNA virus based diseases, with frequent
discovery of new viruses (Anthony et al. 2013, Woolhouse 2011). With the advent of highthroughput sequencing methods, large-scale PCR screening of reservoir hosts (such as bats
and rodents) have now shown that the pool of viral agents contains an appreciable amount
of unknown species (Anthony et al. 2017, 2013, Drexler et al. 2012, Myers et al. 2013,
Quan et al. 2013). This recent discovery of remarkable viral diversity in mammals, in particular bats, indicates that additional zoonoses may be encountered as the human footprint
expands into areas harboring reservoir hosts, which is of great concern given the highly
interconnected nature of human populations.
RNA viruses have a long evolutionary history within social mammalian hosts, such
as rodents and bats, and are able to emerge in human populations for numerous reasons.
Woolhouse et al. (2012) showed that viruses only have broad host ranges when the receptor
used for cell entry is > 90% homologous across the range of hosts. Thus, cross-species
transmission is facilitated when reservoir mammalian hosts utilize cell receptors that are
highly conserved among human cell types. Such is demonstrated in: MERS which uses
the DPP4 receptors of lower respiratory tracts, HIV with the CD4+ receptors of immune
system cells (Hahn et al. 2000), and the Henipaviruses with the Ephrin b class receptors
used in neuro- and angiogenesis early in mammalian development (Calisher et al. 2006,
Woolhouse et al. 2012). Once inside host cells many RNA viruses bypass complex cellular
machinery in the nucleus by replicating in the cell cytoplasm (as in the Paramyxoviruses),
an efficient method of replication, which is a good predictor of cross-species transmission
ability according to Pulliam and Dushoff (2009).
Single-stranded RNA virus genomes have the highest rate of mutation of any virus type
(Duffy et al. 2008). The expeditiousness of cytoplasmic replication combined with error-
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prone RNA polymerases produce frequent errors while replicating viral genomes and allow
RNA viruses to generate large populations with a high rate of mutation over brief timescales
(Domingo et al. 2012). Under quasi-species theory, repeated spillover events, or ‘viral chatter’ as observed in HIV, NiV, MERS, SARS, and HeV, exposes naïve hosts to a greater
diversity of viral populations which are likely to include fit genomes that can subsequently
evolve more host-specific adaptations (Antia et al. 2003, Holmes 2009, Woo and Reifman
2012). However, it is uncertain as of yet whether RNA viruses mutate at rates high enough
in nature to sustain quasispecies dynamics (the distribution of genetic mutants that result
from the replication of RNA viruses; Andino and Domingo 2015). Furthermore, the role of
viral adaptation in host jumps and subsequent disease emergence is theoretically sound, but
has been difficult to demonstrate its function in the emergence process within a novel host
(Holmes 2009, Pepin et al. 2010). Interestingly, as Baranowski et al. (2001) showed, very
minimal mutations in viral genomes (as little as one amino acid substitution in a functional
protein) can affect pathogenesis via changes in receptor usage and cell tropism. Hence, the
role of viral evolution as adaptation in emergence may be rather nuanced and will require
population genetic analyses to assess its role in host jumps and disease emergence. The capacity for a broad host range and genetic plasticity is not by itself sufficient for crossing the
species boundary and emerging within a novel host. The native and novel hosts must also be
proximal, which make species that are sensitive to ecological change and capable of urban
and peri-urban habituation likely sources of emerging infectious diseases (Woolhouse et al.
2005, Woolhouse and Gaunt 2007). Indeed, geographic overlap in response to ecological
change and host relatedness have been shown to be key drivers of RNA virus host jumps
and disease emergence in humans (Plowright et al. 2011, Pulliam et al. 2012, Streicker et al.
2010).

1.3

Bats as hosts for RNA viruses

The striking abundance and diversity of emerging pathogens found in the Old World Megachiropterans (particularly the family Pterododidae) has been repeatedly noted (e.g. Lyssaviruses,
Filoviruses, Henipaviruses, Coronaviruses, Flaviviruses; Drexler et al. 2012, Quan et al.
2013, Wong et al. 2007). This has motivated research to understand the association and
subsequent hypotheses to describe why bats appear exceptional in this regard (Luis et al.
2013). It is hypothesized, for all Chiropterans, that the capacity for sustained mammalian
flight has fundamental implications for viral dynamics (O’Shea et al. 2014) through bat biology and immunology, and population distribution and connectivity. Work by Zhang et al.
(2013) suggests that evolution of sustained flight has resulted in a unique capacity to buffer
oxidative stress caused by elevated metabolism. Where, increases in body temperature due
to flight act a like fever that subsidizes the energetic cost of immune functioning, which
helps to regulate pathogen loads (O’Shea et al. 2014). Furthermore, experimental studies
indicate that bats are rather adept at controlling viral replication (Halpin et al. 2011, Hoffmann et al. 2013, Wang et al. 2011, Zhou et al. 2011), where they quickly express a unique
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type III interferon post infection (Zhou et al. 2011). This suggests that bats have an ancient
evolutionary relationship with RNA viruses resulting in an efficient immune response to
familiar viral pathogens. However, this presents challenges associated with identifying the
reservoir host of an emerging virus. While many studies have found wild bats seropositive,
or detected RNA in sera, organs, or excreta, few studies have isolated live virus from a bat
(but see Marburg virus in the Egyptian fruit bat Rousettus aegyptiacus; Amman et al. 2012).
Because bats typically do not develop clinical infection when inoculated with virus isolated
from infected humans (Middleton et al. 2007, Paweska et al. 2015, Swanepoel et al. 1996),
experimental studies that elucidate host pathogen relationships are difficult. The lack of
such studies presents significant challenges to understanding the manner in which viruses
are maintained in bat populations. This places great importance on observational and modeling studies on bat ecology and epidemiology to predict spillover risk and manage wildlife
that act as reservoirs.
Observational studies have shown that viral infection and excretion in bat populations
occur as discrete pulses in space and time (e.g. Hendra, Nipah and Marburg; Amman
et al. 2012, Field et al. 2015, Wacharapluesadee et al. 2010). However, little is known
about how the biology of infection in reservoir hosts drives these patterns. For example,
epidemic cycles driven by host migration and classic density-dependent disease dynamics could result in waves of transmission across a landscape, observed as local pulses at
a roosting site (Plowright et al. 2011). Work on Henipaviruses in African fruit bats also
shows that waning maternally derived antibodies could cause cyclic patterns in infection
driven by seasonal birthing cycles (Peel et al. 2014). Furthermore, some inconclusive experimental work has supposed that viral infection in bats can recrudesce, where an infection becomes active again after a period of latency (Wang et al. 2013), potentially as a
result of nutritional stress (Plowright et al. 2008a). In light of these differences in potential
maintenance mechanisms, Plowright et al. (2016) synthesized a framework whereby SIR
(Susceptible-Infectious-Recovered), SIRS (Susceptible-Infectious-Recovered-Susceptible),
and SILI (Susceptible-Infectious-Latent-Infectious) disease dynamics can be used to distinguish between transmission or within-host mechanisms of viral maintenance.
The distribution and abundance of the reservoir host is a fundamental driver of pathogen
evolution and disease dynamics within a host population. Regardless of the viral maintenance mechanism, be it spatial asynchrony of infection dynamics, or within-host processes
such as viral latency, host density is a critical determinant of when and where transmission
and infection occur. Studies on Hendra and Marburg infection in bats indicate that transmission is likely a rare event due to the short time periods that bats are infected or excreting
virus (Middleton et al. 2007, Paweska et al. 2012). Individuals may acquire infection after
accumulated exposure to contaminated urine or other excreta, requiring frequent exposure
before an infectious dose is encountered (Plowright et al. 2015). Further, many bat species
are colonial and often share roosts and foraging habitat in diverse ecological environments
worldwide where high levels of sympatry, large population sizes, and fission-fusion population structure are common (Aureli et al. 2008, Kerth et al. 2001). Host species jumps can
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occur during aggregations of con- and hetero-specifics that complement the trial and error
evolution of RNA viruses and their affinity for cross species transmission (Hochachka et al.
2013, Pedersen and Davies 2009, Streicker et al. 2010). The population distributions of
many bat taxa, therefore, serve as an excellent evolutionary platform for the diversification
of RNA viruses (Anthony et al. 2013, Calisher et al. 2006, Drexler et al. 2012, Luis et al.
2013, Wong et al. 2007). However, on the scale of a single disease system, host population
distribution can have a fundamental impact on viral maintenance and spillover through the
density of individuals within roosts and connectivity among metapopulations (Boots et al.
2004, Plowright et al. 2011). The link between host density and connectivity and disease
dynamics, therefore, may make the evolution and emergence of bat-borne viruses particularly sensitive to landscape changes that alter population distribution or migration through
habitat fragmentation or resource provisioning.

1.4

Landscape change and bat-borne disease emergence

It is broadly accepted by ecologists that landscape changes have ecological effects that
contribute to disease emergence (Gottdenker et al. 2014, Jones et al. 2013). Urbanization
(Ramalho and Hobbs 2012), agricultural development (Pulliam et al. 2012), and habitat
fragmentation due to deforestation (McCallum and Dobson 2002) are often found to be
the driving forces by which humans alter the ‘interface’ between the ecology of disease
systems and humans (see Figure 1.3; Gottdenker et al. 2014, Lloyd-Smith et al. 2009).
In general, the most common mechanism of emergence, referred to as the ‘perturbation
hypothesis’ by Murray and Daszak (2013), is thought to be changes in geographic overlap
between reservoir and spillover hosts, which lead to increased rates of contact between

Figure 1.3: The anthropogenic
factors most often noted as drivers
of disease emergence. Figure
from Gottdenker et al. (2014),
reprinted with permission from
Springer.
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humans and reservoir hosts. However, when focusing on a specific zoonotic disease or
emergence event, observing and quantifying the actual mechanisms can be exceedingly
difficult. In the case of Ebola, much discussion on the epidemic that originated in Guinea
in 2013–14 (Baize et al. 2014) has suggested importation of the Zaire strain of Ebolavirus
in migrating bats and increased human-bat contact as a result of deforestation as the origin
of the epidemic (Bausch and Schwarz 2014, Vogel 2014). Levels of tree cover loss for
the affected countries indicates that there is indeed a correlation between deforestation and
the one observed epidemic in West Africa. In fact 2013 was an unprecedented year in
terms of total tree cover loss for the affected region (Figure 1.4), however data and models
that connect the two phenomena are lacking. Perhaps the best characterized example of
emergence of a bat virus is Nipah virus in Malaysia in 1998. Pulliam et al. (2012) provided
empirical evidence that Nipah virus emerged as a result of dual-use agriculture and multiple
introduction events from bats to pigs. Although landscape change has been linked to the
emergence of bat-borne viruses, the evidence in each case is circumstantial, which leaves a
gap in current research that elucidates, in general terms, how ecological systems respond to
anthropogenic disturbances.
The scale and complexity of most disease systems limits direct observation and experimentation, making it difficult to discern the causal mechanisms involved (Plowright et al.
2008b). Challenges include the time-lagged nature of changes that occur at the population
or ecosystem level (Kampichler and Jeugd 2013). After an ecological disturbance, a disease
system may reach a ‘novel equilibrium state’ with its own unique dynamics (Gottdenker et
al. 2014). Further, when considering bat-borne disease systems, the extraordinary mobility and population sizes of bats greatly increase the spatial scale at which interactions take
place, requiring analyses and models that operate at the landscape scale to understand ecological dynamics fully. Often, basic biology and ecology of the reservoir bat hosts are unknown, which necessitates, first, an understanding of feeding behavior, movement ecology
and distribution dynamics of the focal reservoir host (Wood et al. 2012).
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Figure 1.4: Amount of annual tree cover loss from 2001–2014 for the three countries most
affected by the 2013 Ebola epidemic: Guinea, Sierra Leone, and Liberia. The year 2013
is highlighted in blue with the amount of tree cover loss in hectares shown below. Data
from World Resources Institute (2017), reprinted here under the Creative Commons 4.0
International license.
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Hendra virus background

Hendra virus in Australia is an outstanding case of an emerging bat-borne zoonosis. Several
bat zoonoses have emerged in remote third-world countries that have limited public health
infrastructure (e.g. Nipah, Marburg, Ebola, SARS). This can present significant challenges
to collecting basic data on spillover occurrence, viral prevalence in bat hosts, and distribution and abundance of the host species. In this regard, Hendra virus is unique, because it
emerged in a first-world country with modern scientific infrastructure. A thorough record
exists of spillover events since its emergence in 1994 (Smith et al. 2016), and ongoing
surveillance of the four pteropid bat species endemic to the region (Westcott et al. 2015)
provides rare data on the distribution and abundance of the reservoir hosts. Further, as a
Paramyxovirus, Hendra virus can provide important insights into other bat-borne diseases,
such as Nipah in Asia and Henipaviruses in Africa, making it an valuable study system. This
thesis therefore focuses on Hendra virus as a case study system to understand the ecological
dynamics of spillover and emergence of a bat-borne viral disease.
Endemic to Australia, this single-stranded RNA virus from the Paramyxoviridae family

Figure 1.5: Spatial distribution of the four species of Australian pteropid flying-foxes and
the location of observed spillover events (red points). Pteropus conspiculatus (spectacled
flying fox) is plotted in green, P. alecto (black flying fox) in dark green, P. poliocephalus
(grey-headed flying fox) in blue, and P. scapulatus (little red flying fox) in red. Spatial data
for the distribution of each species was acquired from the International Union for Conservation of Nature (IUCN) Spatial Data Resources web page at www.iucnredlist.org.
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Figure 1.6: The relative density of Hendra virus spillover events from 1994–2013. Spillover
density is plotted by latitude versus (a) longitude, (b) month, and (c) year. The figure
shows high spatial density of spillover events near areas of high human population density.
Temporally, spillover events have occurred seasonally during Austral winter in the subtropics and non-seasonally in the tropics. Annual patterns in spillover indicate sporadic
occurrence from 1994, with and increase post-2006, and an exceptionally high peak in 2011.
Figure from Plowright et al. (2015), reprinted with permission from The Royal Society.

resides in its reservoir host, fruit bats (colloquially known as flying foxes) of the family
Pteripodidae. Spillover occurs through an intermediate host, horses, which amplify virus
titers before causing neurological and respiratory disease in humans—mortality rate can
reach 90% and 60% for horses and humans respectively (Field et al. 2010, Hooper et al.
2001). Hendra was first noticed in 1994 when it caused a highly publicized local outbreak
in 20 horses and two horse trainers, where one horse trainer died, and 17 of the horses were
euthanized (O’Sullivan et al. 1997). Pteropid bats were soon identified as the reservoir hosts
(Middleton et al. 2007). There are four species of Australian pteropid bats: the little red flying fox (Pteropus scapulatus), the spectacled flying fox (P. conspiculatus), the black flying
fox (P. alecto), and the grey-headed flying fox (P. poliocephalus; geographic distributions
shown in Figure 1.5). Hendra virus antibodies have been detected in all four bat species,
however viral RNA has only been detected from the latter three (Smith et al. 2011). Experimentally infected bats show little pathological evidence of infection, but shed the virus in
urine, providing a plausible route of transmission from a bat to a horse (e.g. through contaminated ground or fruit spats under trees in horse paddocks), and a putative maintenance
mechanism within bat populations (through urination and grooming in roosts; Halpin et al.
2011, Middleton et al. 2007). However, based on observed levels of viral RNA found in
urine, P. conspiculatus and P. alecto are thought to be the primary sources of excretion into
the environment. The ecological and epidemiological roles that each species plays in viral
maintenance and spillover remain uncertain.
Hendra virus spillover has been characterized by periodic events near urban areas that
occur non-seasonally in the tropics, and seasonally (primarily during winter) in the subtropics (Figure 1.6b). A total of 55 spillover events have been documented with an increase
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Figure 1.7: A conceptual diagram
of a hierarchy of enabling factors
leading to Hendra virus spillover:
i) the reservoir host (pteropid bats)
must be present, ii) bats must be
currently infected and shed the
virus, iii) the viral pathogen must
survive in the environment, iv)
a horse becomes exposed and v)
is concurrently susceptible. Figure from Plowright et al. (2015),
reprinted with permission from
The Royal Society.
since 2006 and a higher than average peak in 2011 that is apparently not due to reporting
bias (Figure 1.6c; Plowright et al. 2015). The rarity of spillover events highlights the many
enabling factors that must coincide. Plowright et al. (2015) synthesized a hierarchy of ecological precursors required for spillover in the Hendra system: First, the reservoir host must
be present, infected, and shedding virus. Second, the viral pathogen must survive in the
environment until a horse is exposed to it. Third, a horse must acquire an infectious dose
and based on its level of susceptibility, develop an infection (Figure 1.7). Previous research
has investigated drivers causing the curious pattern of Hendra virus spillover. These include spatiotemporal surveys of seroprevalence (Field et al. 2011, Plowright et al. 2008a,
Smith et al. 2011), roost-level viral RNA prevalence (Field et al. 2015), and models of viral survival in the environment (Martin et al. 2015). Yet, the less explored host population
density can have a profound impact on the ecology underlying Hendra virus prevalence
and spillover. For example, most of the spillover events have occurred near densely populated urban and peri-urban areas that are within foraging distance of resident populations
of fruit bats (Figure 1.6a; Eby, unpublished data), indicating that an understanding of local
population density as it is driven by foraging habitat could elucidate a pattern in spillover
occurrences. However, a major hurdle to linking bat density and spillover is the considerable spatiotemporal variability in population density determined by bat foraging ecology,
which can be described in terms of ‘fission-fusion dynamics’.

1.6

Fission-fusion dynamics in bat populations

Fission-fusion behavior is a complex population level phenomenon of social animals where
individuals or groups of individuals repetitively disperse and coalesce to obtain an ‘envi-
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ronmentally determined optimal group size’ (Grove 2012, Rolland et al. 1998, Terborgh
and Janson 1986). Having a flexible spatial distribution and group size allows populations
of organisms to extract the most beneficial attributes from environments across space and
time when discordant needs must be meet (e.g. predator avoidance and minimized foraging competition; Jacobs 2010). Fission-fusion behavior is dictated by intrinsic (circadian
rhythms, migration instinct, seasonal breeding) and extrinsic (resource availability, ambient
temperature, predation, parasite load, disease burden) drivers of a species’ biology and can
operate at numerous spatial and temporal scales (Pillot and Deneubourg 2010). It is difficult to pinpoint the adaptive origins of fission-fusion dynamics, but it is so pervasive in the
animal kingdom that it is considered to occur as part of a behavioral gradient rather than a
distinct trait of social animals (Aureli et al. 2008, Terborgh and Janson 1986).

Most differentiated

Chimpanzees

Elephants

Fruit bats

Least cohesive

Most cohesive
Polar bears

Schooling fish

Least differentiated

Figure 1.8: A plot showing the placement of Australian pteropid bats (fruit bats or ‘flyingfoxes’) in the context of social structure observed in well-known fission-fusion populations.
The x-axis represents the relative cohesiveness of social groups (how likely they are to
fission into individuals or smaller groups) and the y-axis represents the complexity of the
social hierarchy (how socially differentiated individuals are in the group). Fruit bats are
placed in the upper-left quadrant based on their low spatial cohesion and loosely-defined
social relationships. Figure adapted from Aureli et al. (2008) with permission from The
University of Chicago Press.

According to the spectrum of fission-fusion behavior synthesized by Aureli et al. (2008),
Australian flying foxes exhibit rather low spatial cohesiveness with loosely defined social
relationships. Fission-fusion behavior appears to be driven predominantly by the erratic
spatiotemporal distribution of food resources of the tropics and subtropics (Eby 1991, Eby
et al. 1999, Fleming and Eby 2003) rather than long-term social relationships, which have
been observed in other bat taxa (Garroway and Broders 2007, Kerth and Reckardt 2003,
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Russo et al. 2005). Lack of philopatry and avoidance of the cumbersome nature of cohesive
groups may allow more effective resource questing, and as a result, produces population
structures characterized by highly fluid aggregations of autonomously foraging and migrating individuals (Conradt and Roper 2005, 2009). The social structure that exists primarily
serves to resolve conflicts related to breeding opportunities and position within a group that
result from limited familiarity among individuals, a pattern seen in primate taxa which have
also evolved in habitats with low predation risk and hyper-variable food sources (Aureli
et al. 2008). Thus, evolutionary pressure to adapt foraging behavior that accommodates
spatiotemporal variability in food resources evokes population dynamics characterized by
mobility and plastic group sizes. These sorts of dynamics are adapted to maximize consumption rate and minimize competition among conspecifics, reminiscent of classic foraging theories such as the Ideal Free Distribution and Charnov’s marginal value theorem
(Charnov 1976, Fretwell 1972).

1.7

Foraging ecology of flying foxes

Fission-fusion behavior combined with diverse migration capacity of individuals enables
flying fox populations to quickly redistribute large numbers of individuals across a large
area, where they forage on transient food resources such as pollen, nectar, and capsular fruit of trees, particularly those in the genera Eucalyptus, Melaleuca, Corymbia, and
Banksia (Courts 1998, Eby and Law 2008). The eucalypt-dominated forests in which fruit
bats forage exhibit highly episodic flowering and nectar production, and these events are
non-linearly driven by species-specific responses to local climate variability (Hudson et al.
2011a,b, Law et al. 2000). It is possible for stands of Eucalypts to remain dormant for
several seasons due to drought or cool temperatures then undergo an intense bout of flowering. Bat populations exploit these pulses of nectar production by moving among colonial
roosting sites and temporarily using discrete areas of habitat surrounding a roosting site,
often referred to as ‘central-place foraging’ (Rosenberg and McKelvey 1999). Individuals
typically forage within 20–30km of their day roost, but have been observed travelling over
100km in a night or many hundreds of kilometers within a few days (Roberts et al. 2012b).
At the population level, movement among roosts can be continuous at low levels, or involve
the relocation of entire populations to a new roosting site depending on foraging conditions
or disturbance (Shilton et al. 2008). A dramatic example of which can be seen when large
numbers (into the 100,000s) of P. poliocephalus migrate to southern New South Wales to
forage on the dense stands of Corymbia maculata (colloquially known as the spotted-gum)
that flower every 3–4 years (Eby et al. 1999).
Spatial distribution and behavior can be variable within each species, with some individuals exhibiting sedentary lifestyles and others entirely migratory (Eby 1991, Roberts
et al. 2012b). In P. poliocephalus, Eby and colleagues (unpublished data) have observed
regional sorting of individuals into migratory and resident sub-populations comprised of
members with similar roosting and foraging behavior (a phenomenon which is thought to
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be a fundamental precursor of social animal societies and fission-fusion dynamics; Couzin
and Laidre 2009). That is not to say, however, that the flying foxes lack group structure
or population level movement patterns. More synchronized group behavior and movement
may emerge when environmental pressure reaches a threshold which facilitates a unanimous
decision within and among groups, caused by factors such as local food shortages, roosting and feeding at a site of unusually large nectar blooms, or disturbances such as human
aided dispersal and cyclones (Shilton et al. 2008). Further, although flying foxes primarily
seek pollen and nectar, generalist feeding behavior also allows urban habituation, where
provisioning of food resources in the form of consistently available urban fruit trees may
alter feeding patterns and movement behavior of bat populations in urban areas (Becker and
Hall 2014, Markus and Hall 2004, Parry-Jones and Augee 1991, Plowright et al. 2011).
Therefore, the dynamic movement of individual bats and the population-level patterns that
emerge from them may result from the variability in Eucalypt forest phenology, but other
environmental conditions may also influence movement dynamics.
In the last decade fruit bats on the eastern coast of Australia have undergone two uncharacteristic shifts regarding population distribution and structure. First, since 1999 P.
poliocephalus (grey-headed flying fox) in the greater Sydney area have exponentially increased the number of roosting sites within urban areas as a response to reoccurring food
shortages, even though population numbers have not increased (Figure 1.9; Eby unpublished data). Such population fission events assist survival during the winter bottleneck.
However, in this area metapopulations remain in fissioned roosting structures, suggesting
that continuous nutritional stress is occurring. Second, P. alecto (black flying fox) is extending its foraging and roosting habitat southward at a rate that is unlikely to be driven
by climate changes alone (Roberts et al. 2012a). The northern border of P. poliocephalus,
however, has not moved, resulting in increased bat population densities near urban areas
in southeastern Queensland and northern New South Wales where these two species interact. Coincidentally, this is where a majority of the HeV spillover events have occurred.

Figure 1.9: The number of roosting sites for P. poliocephalus in the greater Sydney area
increases as flying fox populations fission into smaller foraging parties and day roosts in
response to shortages in foraging resources (Peggy Eby, unpublished data).
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The cause of these changes in population structure and distribution is unknown, but loss of
habitat to agricultural development has been proposed as a potential driver (Plowright et al.
2011, Roberts et al. 2012b). This hypothesis garners general support by Bradshaw (2012)
when he notes that, since European settlement, forested areas in southeastern Queensland
have been reduced to 50% of their former distribution. Most of this loss has occurred in
Eucalypt forests (Law et al. 2000).
Population level processes in bats, such as aggregation and migration patterns, in an
environment dominated by human ecology are currently understudied and remains an important area of research. A large body of literature has implicated anthropogenic drivers for
disease emergence, implicating changes in host distribution and behavior (McAlpine et al.
2009, Murray and Daszak 2013, Young et al. 2013). Yet, few studies are able to show a
mechanistic link of how host ecology responds to such conditions (Hahn et al. 2000, Pulliam et al. 2012). Two major hurdles to population level analysis are data collection and
experimental replication. Bats are nocturnal and highly mobile, making population size
estimates and movement data difficult to collect, and experimental studies are challenging
given the scale and novelty of most disease systems. In the absence of detailed population
data, mathematical models and digital simulation of population and pathogen dynamics become important tools in understanding host population and disease dynamics in relation to
anthropogenically altered landscapes (Hayman et al. 2013, Myers et al. 2013).

1.8

Research aims and thesis structure

The primary aim of this thesis is to understand the ecological and environmental drivers
of Hendra virus prevalence in bat populations and spillover to horses. I focus on foraging
ecology and food resources for bats as the foremost driver of disease dynamics because it is
ultimately what determines the spatiotemporal density of bat populations at the landscape
scale. I pursue my primary aim through five chapters which specifically address: 1) a theoretical framework for an individual-based discrete-time metapopulation model of Hendra
virus transmission within a bat populations at the landscape scale using foraging suitability and migration as drivers of connectivity between roosts; 2) modeling the occurrence
and abundance of bat populations in relation to observed spillover events at three roost locations over a ten year period using spatial proxy variables of Eucalypt phenology; 3) a
spatiotemporal model of bat foraging intensity based on foraging areas of the grey-headed
flying fox (Pteropus poliocephalus) using GPS tracking data; 4) patterns of Hendra virus
prevalence in bat populations by analyzing trends in time series and environmental drivers
in a large dataset of pooled urine samples gathered under roosts across multiple roosting
sites; and 5) the ability of under-roost sampling to accurately estimate viral prevalence in
a bat roost, using probabilistic model simulations to explore the performance among four
sampling designs.
The Hendra virus system includes many dynamic spatiotemporal phenomena that in-
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teract to produce observed patterns in viral prevalence in bat hosts and spillover to horses.
Complex system behavior can be modelled using a few simple rules, especially if those
rules are aimed at maximizing a single behavior in a complex environment, such as maximizing individual consumption of food resources (Ramos-Fernández et al. 2006). In Chapter 2, I present a theoretical framework that aims to capture the core driving factors of bat
abundance and transmission among bat metapopulations. This framework is built to respond to changes in nectar-based foraging resources, with the ultimate goal of establishing
simulations that replicate spatiotemporal dynamics of resources, bat movement, and viral
transmission. The model is designed so that perturbations to the system can be introduced,
which emulate anthropogenic influences such as resource provisioning, habitat fragmentation, and climate change. Chapter 2 is intended as a preliminary construct of models that
can be parameterized with further information on bat population abundance and the food
resource availability, explored in Chapters 3 and 4.
In Chapters 3 and 4, I explore the foraging ecology of Australian flying foxes with spatial and temporal models of population abundance and foraging intensity. My approach includes novel tools, such as spatial sampling algorithms and application of statistical learning
techniques, that have been developed specifically for the complexities of flying fox foraging
and roosting ecology. I use roost-level data on population abundance and individual-level
data on foraging areas combined with a suite of custom-made spatial variables representing Eucalypt-specific vegetation indices. In Chapter 3, I explored temporal patterns in bat
population density in relation to the timing of observed spillover events. I built models
of bat population occurrence and abundance using spatial proxy variables of nectar-based
food resources and discuss population fluctuations in the context of spillover occurrence.
In Chapter 4, I used a spatiotemporal boosted regression tree model to estimate the intensity of foraging areas used by the grey-headed flying fox in southeastern Queensland. I
investigated the environmental drivers of foraging intensity using proxies of Eucalypt forest phenology, and validated model predictions with seasonal trends in independent data
on population abundance. I further compare model predictions of foraging intensity to the
Southern Oscillation Index (SOI), a broad climate indicator of the El Niño Southern Oscillation (ENSO).
In Chapter 5, in collaboration with David J. Páez I perform a comprehensive investigation into the spatial and temporal patterns of Hendra virus prevalence, utilizing a large
data set described in Field et al. (2015), which detects viral RNA in pooled urine samples
collected at bat roosts across southeastern Queensland and northern New South Wales. This
analysis explores site-specific temporal patterns to describe levels of periodicity in Hendra virus pulses using spectral decomposition and wavelets analyses, and synchrony among
roosting sites using cross-correlations between time series. Further, we explore the influence of biotic and abiotic factors on pulses of Hendra virus prevalence with mixed models
using bat species densities and climatic conditions such as temperature and precipitation in
current and preceding seasons as covariates.
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In Chapter 6, I assess the field sampling methods that collect pooled urine samples from
large plastic sheets placed under a bat roosts. When fitting mixed models in Chapter 5,
an unexpectedly high amount of variation in Hendra virus prevalence was accounted for
by the plastic sheet on which the sample was collected. Hence, in Chapter 6 I develop
a probabilistic model to assess the ability of under-roost sampling to accurately estimate
individual-level viral prevalence within a roost.
Finally, in Chapter 7, I provide a synthesis of the chapters outlined above. I also discuss
my results in the context of other research, noting insights that can be drawn from considering interactions among resource phenology, bat foraging ecology, and bat-borne diseases.
Further, I outline important questions that comprise avenues of future research and discuss
specific objectives that will aid subsequent analyses.
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Chapter 2

Modeling movement and disease at the landscape scale
2.1

A theoretical foundation for scaling up

The complex and dynamic nature of spillover and emergence of zoonotic diseases necessitates modeling approaches that consider diverse ecological drivers within the context of
anthropogenic change (Wood et al. 2012). Combining host ecology with pathogen epidemiology is an important step to understanding patterns in bat viral dynamics (Hayman et al.
2013): in addition to seasonal reproductive cycles, migration of individuals between subpopulations drives changes in host density and contact rates (Altizer et al. 2011). These
are fundamental determinants of viral dynamics, however the mechanisms that drive bat
population movements and anthropogenic influences on these mechanisms remain poorly
understood. There is an urgent need for spatially-explicit mathematical models that realistically incorporate data on host movement ecology, disease dynamics, and human-mediated
ecological changes. This chapter introduces an integrative theoretical framework for modeling the transmission of Hendra virus that incorporates these three ecological drivers. This
model motivates subsequent chapters on bat population distribution and foraging dynamics.
In the specific case of Hendra virus, the distribution of the reservoir hosts (pteropid
bats) is the first enabling factor required for spillover (Plowright et al. 2015), and a primary
driver of within-host transmission dynamics (Plowright et al. 2016). Movement in response
to foraging resources is arguably the strongest driver of host population distribution for
nectarivorous and frugivorous pteropid bats (Eby 1991, Eby et al. 1999, Fahr et al. 2015,
Richter and Cumming 2006). Therefore, food resource availability can have a profound
influence on disease dynamics. Further, extraneous factors that alter the location or seasonality of food resources, such as climate change or habitat fragmentation, may influence
disease dynamics in reservoir hosts by altering population density and connectivity at multiple spatial scales. For example, in a modeling study that investigated urban habituation of
bats and its impact on roost connectivity and transmission dynamics, Plowright et al. (2011)
found that reduced connectivity among roosts has an ‘epidemic dampening’ effect where
the accumulation of susceptible individuals allows epidemics within bat hosts that are more
intense and occur less frequently. This important finding emphasizes the role of host population distribution and resulting connectivity between roosts, however, the metapopulation
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structure of the model was spatially implicit, describing disease dynamics within a modified
lattice-based distance matrix. A productive addition to classic metapopulation disease models is to include a spatially explicit landscape with dynamic resource availability driving
connectivity among a realistic roost network.
The first step in elucidating these mechanistic interactions is to synthesize data that
accurately portray the phenology of nectar resources across space and time, and then to
incorporate the population processes, such as migration between roosts, that rely on them.
Hence, I consider the problem of foraging-ecology-driven disease dynamics in the context
of metapopulations, where the roosts are the individual units and connectivity is defined by
the number of immigrants moving between roosts. Defining the problem this way allows
the construction of a population-based network model that can be used to simulate disease
transmission across an ecologically-informed connectivity matrix.
In disease modeling, the Gravity model is a common way to incorporate connectivity
of metapopulations based on host movement. Originally developed for modeling transportation networks, the gravity model gives a measure of attraction between two objects as
a function of their respective weights, scaled by distance. Classic applications in disease
modeling include modeling the flow of human traffic between cities or countries to explain
the dynamics and spatial spread of Influenza and Measles (Li et al. 2011, Viboud et al. 2006,
Xia et al. 2004). In these examples, the probability of infection spreading from location i
to j is proportional to the source and destination populations and decays with a distance
function (Chen et al. 2014). A generic form of the model is shown in Equation 2.1:
Gij = θ

mαi mβj
f (dij )

(2.1)

Where, mi and mj are population sizes and α and β are model fitting parameters. The
distance function may also have its own model fitting parameters, and θ can be a proportionality constant or rate of infection. Typically, the gravity model is used to fit empirical
data, using data on human population sizes and commuting distances. While amenable to
human populations (because population size typically correlates with the amount of movement between two locations), this model formulation is problematic with respect to animal
populations, such as bats, because the difference in resource availability between roost locations is the key driver of movement. Using the Gravity model for resource-driven movement
is further complicated because it is not explicitly uni-directional. The numerator describes
the bi-directional magnitude of connectivity (Gij = Gji ), which is reflected in the name
of the model and its original purpose—the gravitational attraction of two masses. Additionally, qualms with the model have been raised based on theoretical assumptions, model
fitting, and predictive ability, leading to a parameter-free alternative dubbed the ‘Radiation
model’ (Simini et al. 2012).
A model of metapopulation connectivity for pteropid bats requires a theoretical foundation based on bat biology and ecology. As discussed in Chapter 1, foraging strategies of
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nectarivorous bats make them highly dependent on the spatiotemporal availability of nectar resources; frequent movements are driven by ephemeral pulses of nectar produced by
Eucalypt trees. Existing theory based on habitat choices of animals in populations is better suited to the ecological drivers of Hendra virus ecology than the Gravity model, which
is based only on population density. Movement between roosts based on flight costs and
resource compensation is perhaps more applicable for nectarivorous bats, much like the
optimal movement of foragers among patches of habitat from Charnov’s marginal value
theorem (Charnov 1976), which defines the rate movement by predicting the residence time
within a patch as a function of resource acquisition. Additionally, classic foraging theories
such as density-dependent habitat selection (Jonzén et al. 2004) and the Ideal Free Distribution (Fretwell 1972), which are concerned with how populations select habitat and distribute
themselves based on resource availability and competition (Rosenzweig 1981), are relevant.
The concept of the metapopulation (Hanski 1994) is still a useful framework for modeling the connectivity of a roost network. However, the traditional reductionist approach of
classic metapopulation models, with a small number of static patches, must be adapted to
reflect the extraordinary mobility and large population sizes of pteropid bats. For example,
variable migration capacity observed in the Australian flying-foxes (Roberts et al. 2012)
introduces heterogeneity in the distance at which roosts are likely to be connected. Also,
local population size effects foraging conditions through social learning behaviors, such as
the scent of food resources on the breath and fur of successful foragers and following other
individuals to foraging sites (O’Mara et al. 2014). These behaviors allow recent immigrants
and inexperienced foragers to locate foraging sites more easily. Conversely, when population sizes increase and approach the carrying capacity of the surrounding landscape, the
per-capita consumption rate can decline due to competition for resources within foraging
sites (Kerth et al. 2001, O’Mara et al. 2014). These two opposing effects of local population
size are reminiscent of both the ‘aggregation’ and ‘dispersion’ foraging economies in social
foraging theory (Giraldeau and Caraco 2000), which influence the foraging value of a roost
metapopulation. Therefore, a movement model is needed that includes dynamic mobility,
optimal foraging theory, and the effect of local populations on social foraging economy.
Here, I develop a theoretical framework for a spatially explicit model of Hendra virus
transmission among bat hosts in a dynamic resource-driven roost network, which I will refer
to as the Social Foraging Model (SFM). The SFM borrows mathematical concepts from
social foraging theory (patch values are adjusted based on competition with conspecifics),
the ideal free distribution (conspecifics distribute themselves so as to limit competition),
and Charnov’s marginal value theorem (patch occupation is a function of resource value
adjusted by consumption rate and cost of travel). The SFM aims to simulate metapopulation
connectivity, in the form of a roost network, that has a more thorough theoretical foundation
compared with a Gravity model formulation or classic lattice matrix methods because it is
based on population response to heterogeneous spatial and temporal distribution of foraging
resources. This will facilitate future studies on system-level changes that occur in Hendra
virus ecology as a result of anthropogenically derived fragmentation or supplementation of
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foraging resources. Model implementation, however, requires data on roost positions and
patterns in resource availability, both of which currently do not exist across a sufficiently
broad scale. Thus, the remainder of this chapter focuses on the formulation of the SFM, and
chapters 3 and 4 explore patterns in foraging resources at roosts in more detail.

2.2

Social foraging movement model

The SFM is designed to be executed as an individual-based discrete-time metapopulation
model. Similar the Gravity model, it uses a measure of attraction between metapopulations
scaled by a distance function. Given a roost network of n roosts, the relative probability
that a forager k will move from roost i to j at time t is πi→j, kt , henceforth noted as πijkt
(refer to Table 2.1 for a full list of parameters).
πijkt = pijkt /

n
X

pijkt

(2.2)

j=1

Where, pijkt is positively proportional to the change in foraging value ∆Vijt going from
roost i to j (relative to roost i) at time t, and inversely proportional to a distance factor Dijk
that describes how costly it is for individual k to traverse distance dij .
∆Vijt
Dijk

(2.3)

Vjt − Vit
Vit

(2.4)

pijkt =

∆Vijt =

The foraging value of roost i at time t (Vit ) is a product of a parameter giving the foraging
suitability Bit , and a parameter that describes the effect of the population size at roost i (Pit ).
Bats have a combination of aggregation and dispersion foraging economies (Giraldeau and
Caraco 2000), where they learn where food resources are located on the surrounding landscape by following other foragers to foraging areas, but compete within those foraging
areas. Thus, the population effect of roost i, represented as a Gamma distribution scaled
between 0 and 1, is penalized when the population is very low (fewer individuals makes
it more difficult to find foraging sites) and then slowly decreases again as roost population
grows (on account of competition; Figure 2.1).
Vit = Bit Pit

(2.5)

Based on previous telemetry work, bat populations contain individuals with diverse
migration habits (Fleming and Eby 2003). Over the course of one week, most Pteropus
poliocephalus individuals move a maximum of 20km when relocating roosts, while a few
will move many hundreds of kilometers (Roberts et al. 2012). Accordingly, migration capacity ck for each individual k can be determined using a Gamma distribution with mean µ
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Figure 2.1: Left: examples of three plausible population effect parameters (Pi ) for a given
time t, depicted as a gamma distribution scaled between 0 and 1. Pi increases rapidly
after zero because, when at low populations sizes more individuals improves forage site
questing. After some range (e.g. 10,000–30,000), Pi decreases due to competition among
conspecifics. Right: Changes in the foraging value of a roost Vi with roost population size
under five values of foraging suitability Bi .

Figure 2.2: Example of the distance factor
Dij for a given individual k with plausible
ranges of travel distance dij and migration
capacity c. Notice that the distance factor
for a residential individual (small c) decays
exponentially with travel distance, but nearlinear for a migratory individual (large c).
and standard deviation σ, where µ is adjusted based on the time-step length in the model.
The terms in the distance factor Dijk take the form of a normalized decreasing exponential
function with the proportion of travel distance dij to the migration capacity of the individual
ck in the exponent. After normalizing by the maximum value, the distance factor produces
coefficients between 0 and 1 that, when plotted with distance, drop exponentially for individuals with low migration capacity but more linearly for individuals with high migration
capacity (Figure 2.2 and Equation 2.6).
Dijk =

max e−dij /ck
e−dij /ck


(2.6)

For each individual k, a movement decision from the occupied roost to any roost j
is given by a categorical distribution (a special case of the multinomial distribution with
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Figure 2.3: Changes in the relative probability of moving from roost i to j for a given
individual k and time t (πij ) are plotted as a function of distance. To the left, πij is plotted
for a ‘residential’ migration capacity (c) of 50km, and to the right, a ‘migratory’ migration
capacity of 300km. Darker colors indicate greater differences in foraging value (∆Vij )
when moving from roost i to j, relative to roost i (Equation 2.4).

one observation). The sample space of possible roost movements is determined using the
relative probability πij from Equation 2.2.
(2.7)

f (x = j|π) = πj

For the n roosts in the network the probability of movement to roost j is π = {π1 , π2 , . . . , πn },
P
and the sum of all probabilities equals one, nj=1 πj =1. Concatenation of all movement decision matrices produces a 3-dimensional data matrix X with elements {xijk : i ∈ I, j ∈

J, k ∈ K} containing a binary response indicating the roost location of individual k at time

t + 1. The number of foragers immigrating from roost i to j (Fij ) can be obtained by summing X across the index set K (all k individuals = total population size M ), to give the
P
matrix F = M
k=1 xijk , with elements Fij .
The population size at roost i (mi ) at time t + 1 is the sum of all immigrations minus
emigrations and the population size of the previous time step t (Equation 2.8). With respect
P
to roost i, the amount of immigration is given by j6=i Fjit , which is the sum of all foragers

relocating from any roost j to i at a given time t. Conversely, the amount of emmigration
P
is the sum of all foragers leaving roost i for any other roost j at time t, given by i6=j Fijt .
The temporal sequence of roost population sizes produced by the discrete-time model at
roost i is y(t) = {yt ; t = 0, 1, . . . , T }, which serves as a time series of predicted population

size. This can be used to both fit and validate the SFM, where model parameters are fitted
so that y(t), over all T time points, reduces the mean squared error compared with observed
population trends, such as population census counts and time series models of population
flux (explored in Chapter 3).
mi(t+1) = mit +

X
j6=i

Fjit −

X
i6=j

Fijt

(2.8)
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Further, defining connectivity among roosts with foraging movements allows the construction of a roost connectivity network. Where the number of foragers moving from roost i to j
is normalized by the total population size M (Equation 2.9), rendering a dynamic weighted
network of bat migration, illustrated in Figure 2.4.
Wijt =

Fijt − Fjit
M

(2.9)

Figure 2.4: Conceptual schematic of
weights connecting nodes in a roost
network at a given time t, where
Wij is the relative proportion of the
population moving from roost i to j
(Equation 2.9).

2.3

Application to disease dynamics

The social foraging movement model described above can be incorporated into a discrete
time epidemiological model, effectively combining disease dynamics with resource-driven
population connectivity. The precise mechanism by which viral pathogens are maintained
in bat populations remains uncertain (Plowright et al. 2016); but for the sake of illustration,
suppose we want to know how resource-driven movement between roosts affects the spatial
circulation of a directly transmitted pathogen in a mobile population of bats. Consider an
SIR model without demographic processes—useful for exploring the spread of a pathogen
with density dependent transmission over short timescales in a naive population, where
infection endows lifelong immunity. Movement is included as the relocation of numbers
of Susceptible, Infected, and Recovered foragers (S F , I F , and RF respectively) between
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roosting sites (difference equations are shown in Equation 2.10).
Si(t+1) = Sit − βSit Iit +

X
j6=i

F
Sjit
−

Ii(t+1) = Iit + βSit Iit − γIit +
Ri(t+1) = Rit + γIit +

X

F
Rjit

j6=i

X
j6=i

−

X

F
Sijt

(2.10a)

i6=j
F
Ijit
−

X

X

F
Iijt

(2.10b)

i6=j

F
Rijt

(2.10c)

i6=j

The SFM can alternatively be fitted using a scaled transmission parameter. For example,
Plowright et al. (2011) used a modified measure of patch connectivity in a continuous time
model (first introduced as Equation 5.5 in Hanski 1994) to model transmission between a
0 = βe−cdij . Where (using the authors’ notation) d
lattice-like matrix of roosts giving βij
ij

is the distance between matrix elements and c is a distance based scaling parameter. In the
context of the SFM, Wijt could be substituted to scale βijt to reflect migratory connectivity
based on social foraging rules. In the discrete-time case, transmission from roost i to j at
0 = βe−Wijt . One benefit of using difference equations, however,
time t would then be βijt

is that both movement of individuals and disease status are modeled explicitly giving a
straightforward calculation of the density dependent force of infection (the rate at which
susceptible individuals acquire infection from infected individuals). At a given roost i at
time t, the force of infection is λit = βSit Iit (assuming a homogeneous transmission rate β
across space and time), and the force of infection at roost i that is due to immigration from
all other roosts is then
λ0jit = βSit

n
X

F
Ijit
.

(2.11)

j6=i

Here, the number of infected individuals used to calculate λ0ijt is the sum of all immigrations
from other roosts, analogous to the ‘transient force of infection’ in Equation 5 of Xia et al.
(2004).
It is well recognized now that contact heterogeneity strongly influences transmission of
diseases (McCallum et al. 2001), with many advanced methods applied to network models
(Bansal et al. 2007, Salathé et al. 2010, Volz and Meyers 2009). Contact networks like the
one in Equation 2.9 allow characterization of host contact rates that improve descriptive
statistics such as the basic reproductive number R0 (the number of secondary cases caused
by an infected individual in a completely susceptible population) compared with traditional
mean-field or lattice-based methods. Given the density-dependent SIR model above, R0 =
βM/γ, where β is the transmission rate, M is the total population size, and γ is the rate
of removal from the infected class. As described by May (2006), R0 can be calculated, so
that the contact heterogeneity of the weighted network is accounted for, with R00 = ρ0 (1 −
CV 2 ), where ρ0 is the R0 under mean-field theory, and CV is the coefficient of variation

of the network degree distribution. Hence, models that explore the effect of resource-driven
changes in bat host density and resulting contact rates can provide a more realistic ecological
context for viral transmission compared with mean-field or lattice-based models.
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Challenges to implementation and future directions

The theoretical framework introduced here is novel because it unites bat foraging ecology
and pathogen dynamics. Estimation of both λ0 and R00 for a roost connectivity network
enables models that elucidate mechanisms by which resource-driven migration affects the
spatial circulation of a directly transmitted pathogen in a mobile population of bats. Specifically, the SFM can offer new insights into seasonal and inter-annual aggregations of bat
hosts that can link local force of infection with changing resources across the landscape.
A dynamic roost connectivity network that is driven by spatial data that detects foraging
resources can capture natural spatiotemporal heterogeneity that would be otherwise difficult to incorporate with simpler models that use a lattice formation of roosts or periodic
functions of resource availability. Further, as introduced in Chapter 1, the emergence of
bat-borne diseases has been circumstantially linked with landscape change, however, we
know little about the mechanisms that drive ecological change in bat populations and the
downstream effects that lead to spillover risk. Modeling at a landscape scale using a mechanistic approach to include population foraging behavior, allows complex models that include
holistic simulation of the ecological system. Once a validated model of migration response
to forage suitability is established, then contrived human-derived perturbations can be explored to test how anthropogenic alteration of foraging habitat influences viral maintenance
and dynamics. This could include: i) climate change and its impact on food resource phenology, ii) habitat fragmentation due to landscape change, and iii) resource supplementation
from non-native diet species planted in urban and peri-urban areas (e.g. Figure 2.5).

Figure 2.5: Conceptual diagram of a model linking resource availability to Hendra
virus dynamics that includes
system perturbations.

The combination of environmental and mechanistic models (where correlative models
using raster data are used as parameters within a mechanistic model) is beginning to see
application in disease ecology (Bocedi et al. 2014, Redding et al. 2016); however, data on
environmental drivers and corresponding mechanisms are often lacking. Thus, the SFM
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lays a foundation for further research on Hendra virus dynamics by mathematically connecting an environmental parameter B (foraging suitability or available resources), that can
be modeled using existing spatial modeling techniques, with the individual foraging decisions and population effects that influence them. This theoretical framework is a necessary
first step, but parameterization and implementation present some challenges. The most pertinent gap is the lack of a parameterization for B. The suitability parameter B is especially
challenging to parameterize because Australian pteropid bats are central-place foragers that
use foraging sites distributed across a large area. Defining B therefore requires models
that provide information regarding the temporal patterns of resource availability across the
landscape surrounding roosting sites. Ecological data exist which can be used to model food
resource phenology, such as data on roost locations and population census counts, which are
collated on a national level in Australia as part of the National Flying Fox Monitoring Program (Westcott et al. 2015). These type of data can also be used to initialize population
abundance and distribution among roosts and previous telemetry studies can inform population movement parameters such as individual-level migration capacity (Eby 1991, Roberts
et al. 2012, Smith et al. 2011, Tidemann and Nelson 2004). Hence, the subsequent chapter
aims to build models of B which characterize foraging resource distribution at roosting sites
by modeling changes in bat abundance using remotely sensed proxies of nectar production
in Eucalypt forests.

2.4. CHALLENGES TO IMPLEMENTATION AND FUTURE DIRECTIONS
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Table 2.1: Description of Social foraging model parameters
Parameter Description

Formula

Fij

Number of foragers moving from roost i to j

πij

Relative probability of moving from roost i to j

πijkt P
pijkt / nj=1 pijkt

pij

Probability of moving from roost i to j

∆Vij
Dij

∆Vij

Relative change in foraging values from roost i to j

Vj −Vi
Vi
max e−dij /ck

Dijk

Distance factor from roost i to j for individual k

dij

Travel distance from roost i to j

Bi

Foraging suitability at roost i

Pi

Population effect at roost i

mi

Population size at roost i

M

Total population size

n

Total number of roosts

k

Index for individual foragers

ck

Migration capacity for individual k (km)

mi,t+1

Change in population size at roost i at time t + 1

Wij

Relative weight of connection between roost i and j

Fij −Fji
M

λi

Force of infection at roost i

λ0i

Force of infection due to immigration at roost i

βSi Ii
P
βSi Iji

R0

Basic reproductive number for connectivity network

=



e−dij /ck

Gamma(µ, σ)
P
m
+
Fji,t −
i,t
P
Fij,t

ρ0 (1 − CV 2 )
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Abstract
Fruit bats (Pteropodidae) have received increased attention after the recent
emergence of notable viral pathogens of bat origin. Their vagility hinders data
collection on abundance and distribution, which constrains modeling efforts
and our understanding of bat ecology, viral dynamics, and spillover. We
addressed this knowledge gap with models and data on the occurrence and
abundance of nectarivorous fruit bat populations at 3 day roosts in southeast
Queensland. We used environmental drivers of nectar production as predictors
and explored relationships between bat abundance and virus spillover. Specifically, we developed several novel modeling tools motivated by complexities of
fruit bat foraging ecology, including: (1) a dataset of spatial variables comprising Eucalypt-focused vegetation indices, cumulative precipitation, and temperature anomaly; (2) an algorithm that associated bat population response with
spatial covariates in a spatially and temporally relevant way given our current
understanding of bat foraging behavior; and (3) a thorough statistical learning
approach to finding optimal covariate combinations. We identified covariates
that classify fruit bat occupancy at each of our three study roosts with 86–93%
accuracy. Negative binomial models explained 43–53% of the variation in
observed abundance across roosts. Our models suggest that spatiotemporal
heterogeneity in Eucalypt-based food resources could drive at least 50% of bat
population behavior at the landscape scale. We found that 13 spillover events
were observed within the foraging range of our study roosts, and they occurred
during times when models predicted low population abundance. Our results
suggest that, in southeast Queensland, spillover may not be driven by large
aggregations of fruit bats attracted by nectar-based resources, but rather by
behavior of smaller resident subpopulations. Our models and data integrated
remote sensing and statistical learning to make inferences on bat ecology and
disease dynamics. This work provides a foundation for further studies on landscape-scale population movement and spatiotemporal disease dynamics.

doi: 10.1002/ece3.2382

Introduction
In recent years, there has been an increase in the emergence of bat-borne viral pathogens in humans and livestock (Calisher et al. 2006; Halpin et al. 2007; Drexler
et al. 2012; Luis et al. 2013; Han et al. 2015). Many of
these are negative-stranded RNA viruses, which originate
in the nectarivorous and frugivorous mega-bats of the
tropics and subtropics (Filoviruses, Coronaviruses, Lyssaviruses, Henipaviruses (Chua et al. 2000; Leroy et al.
7230

2005; Peel et al. 2012; Banyard et al. 2013). Despite the
different host–pathogen relationships in this group of
viruses, they exhibit similar patterns of annual or interannual patterns of infection and spillover. Viral infections
have been present in bats over evolutionary timescales,
and bats have been historically sympatric with humans
throughout Africa, Asia, and Australia. But the preponderance of emergence events have occurred within the last
20 years (Woolhouse et al. 2005; Woolhouse and Gaunt
2007). Outbreaks of Hendra virus in 1994, Nipah virus in
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1998, Ebola virus in 2014 have been associated with significant landscape changes in the years prior (Bradshaw
2012; Pulliam et al. 2012; Bausch and Schwarz 2014), but
limited data exist on how bat populations are influenced
by such changes, making it difficult to ascertain the role
of landscape change in bat-borne disease emergence.
We use the tropical and subtropical fruit bat species of
eastern Australia as an example of how a mechanistic link
can be made between food resource phenology and bat
population response in the context of Hendra virus disease
ecology. Endemic to Australia, Hendra virus resides in its
reservoir host, Pteropus fruit bats and periodically infects
horses, and subsequently, humans (Halpin et al. 2000,
2011; Field et al. 2011). The emergence of Hendra virus is a
good study system for questions about host population
dynamics and disease emergence because: (1) Reliable data
have been collected on viral prevalence, spillover events
(transmission from reservoir host to secondary host such as
livestock and humans), and host population distributions;
and (2) Hendra virus-fruit bat ecological dynamics can
provide insights into other important bat-borne viral zoonoses which have emerged in Africa and Asia. Since its
emergence in 1994, Hendra virus spillover occurs sporadically and aseasonally in the tropics, but interannually during winter in the subtropics (Plowright et al. 2015). This
curious pattern of Hendra virus spillover has been explored
through spatiotemporal surveys of viral prevalence and
seroprevalence in bats (Plowright et al. 2008; Breed et al.
2011; Field et al. 2011, 2015b) and modeling studies of
virus survival under different environmental conditions
(Martin et al. 2015). Yet, the less explored host population
dynamics can have a profound impact on the ecology
underlying Hendra virus prevalence and spillover.
Hypotheses proposed to explain pulses of infection in bat
populations suggest that viral dynamics are intrinsically
linked to fluctuations in bat populations (flux) or the food
resources that drive these fluctuations, whether through
population density effects on transmission, or environmental stress effects on viral excretion (Plowright et al. 2015).
The precise manner in which fruit bat population density
influences viral dynamics is uncertain, and models of bat
population flux are necessary to understand observed patterns in viral prevalence or spillover.
The unique foraging behavior of fruit bat populations
presents some challenges to modeling population dynamics.
There are four species of Australian fruit bats: the little red
flying fox (Pteropus scapulatus), the spectacled flying fox
(P. conspiculatus), the black flying fox (P. alecto), and the
gray-headed flying fox (P. poliocephalus) (see Fig. S1 for distributions (Ratcliffe 1931). Hendra virus and anti-Hendra
virus antibodies have been detected in all four species; however, P. alecto is suspected to be the most important source
of spillover (Daniels et al. 2007; Smith et al. 2014; Edson

et al. 2015; Field et al. 2015b; Goldspink et al. 2015). Spatial
distribution and behavior can be highly variable across species and individuals, ranging from sedentary to entirely
migratory behavior (Eby 1991; Smith et al. 2011; Roberts
et al. 2012b). Individuals typically forage within 20–30 km
of their day roost, but have been observed traveling over
100 km in a night or many hundreds of kilometers within a
few days (Roberts et al. 2012b). At the population level,
movement among roosts can be continuous at low levels or
involve the relocation of entire populations to a new roosting site depending on foraging conditions or disturbance
(Eby et al. 1999; Shilton et al. 2008; Roberts et al. 2012b).
Fruit bat populations rapidly disperse and coalesce,
redistributing large numbers of individuals across the
landscape to forage on pollen, nectar, and capsular fruit
of Myrtaceous trees, especially Eucalyptus and Corymbia
(generally referred to as Eucalypts), Melaleuca, and Banksia (Courts 1998; Eby 1998, 2008; Birt 2004; Eby and Law
2008). Flexible population structure is manifested by low
spatial cohesiveness and loosely defined social relationships, which can produce fission-fusion type behavior
(Aureli et al. 2008). Synchronized group movement
occurs when environmental pressure, such as local
resource depletion, migrating to unusually large pulses of
nectar, or disturbances such as human aided dispersal
and cyclones, reaches a threshold and precipitates a unanimous decision within and among groups (Eby et al.
1999; Conradt and Roper 2005; Shilton et al. 2008). As
the majority of the fruit bat diet is comprised of pollen
and nectar (Parry-Jones and Augee 1991; Courts 1998),
cycles of flowering and nectar production in Eucalypts
drive a significant portion of bat population dynamics.
Therefore, detecting phenological cycles in Eucalypts is
necessary for building models of bat population flux.
A primary challenge is identifying variables that detect
phenological cycles of flowering and nectar production
across a landscape used by a population of bats. The
Eucalypts of Australasia are broad-leaf evergreens that
undergo continuous cycles of growth and reproduction
adapted for animal-mediated pollination. Regional Eucalypt communities are often diverse, with unique responses
to climate, which produce variable annual and interannual phenological cycles depending on the climate regime
and species assemblage of the region (Law et al. 2000;
Wilson 2003; Keatley and Hudson 2007). Remotely sensed
reflectance and climate data that characterizes temporal
changes in the local environment may enable detection of
flowering and nectar production. However, to our knowledge, no studies have been published that directly link
remotely sensed or climate data to nectar production.
Fortunately, ample evidence in the literature provides
sound basis for construction of proxy variables for flowering (Lindenmayer et al. 2015). For example, Eucalypt
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canopies experience a peak in leaf area during growth
phases, which are then followed by decreased vegetative
growth and initiation of the flowering process (Ashton
1975; Pook 1984; Pook et al. 1997). Changes in forest
canopy structure and leaf physiology between these phenological cycles are discernible in remotely sensed spectral
reflectance data and indices thereof (Coops et al. 1997;
Datt 1998, 1999; Leuning et al. 2005; Ahl et al. 2006;
Youngentob et al. 2012). Additionally, modeling studies
show climatic factors, especially changes in temperature
and precipitation in the months prior to flowering, are
key predictors of the annual timing of flowering events
(Keatley et al. 2002; Hudson et al. 2011a,b; Rawal et al.
2014a, 2015). Therefore, remotely sensed reflectance and
climate data together serve as pertinent proxy variables
for flowering and nectar production of Eucalypt forests.
Here, we develop a novel approach to predict bat population changes over time in response to food resource phenology. Previous research has analyzed trends in roost
locations or zoonotic transmission events, within a presence-only modeling framework, to identify the spatial distribution of bats and/or risk of disease transmission to
humans (Peterson et al. 2004; Parsons et al. 2010; Hahn
et al. 2014a,b; Pigott et al. 2014; Smith et al. 2014;
Thanapongtharm et al. 2015). However, models of roost
population abundance and occupancy remain unexplored,
even though trends in abundance are important for
understanding disease dynamics within bats and risk of
transmission to humans. Models of roost occupancy are
challenging because nectar pulses, which attract migratory
bats, are driven by climatic conditions over various time
lags (Keatley et al. 2002; Rawal et al. 2014a), and Eucalypt
species assemblages are regionally diverse, so the timing
and magnitude of nectar pulses is regionally unique (Keatley and Hudson 2007; Birtchnell and Gibson 2008). We
address these challenges using proxies of nectar production that detect temporal patterns of general physiological
states of Eucalypts (e.g., growth phases, bud formation,
and flowering) to predict bat population flux. We develop
a novel spatial sampling algorithm that relates bat population response to custom-built proxies of nectar production
and employ a statistical learning approach to identify optimal combinations of predictors. This study is part of a
broader effort to characterize spatiotemporal bat population flux at the landscape scale and understand its relationship with viral prevalence and spillover.

J. R. Giles et al.

which was conducted by the Queensland Department of
Environment and Heritage Protection. Estimated numbers
of each species are recorded at “fly-out” when bats are
leaving the roost at dusk to forage. Census observations
were recorded at approximately bimonthly intervals (with
occasional irregularity) from 2005 to 2014 and display
high variability, which appears qualitatively seasonal
(Fig. 1). Three roosts were selected from the database
located at Sandgate, Lowood, and Canungra (Fig. 1).
These roosts were selected because they satisfied several
criteria: (1) limited overlap within a 40 km foraging
radius; (2) minimal interference from the migrations of
the little red flying fox (P. scapulatus), which appear sporadically across SEQ in large nomadic groups of over
100,000; (3) sample sizes of census counts were large
enough for rigorous cross-validation; and (4) Hendra
virus spillover events have been observed within their foraging radii. Based on similar foraging ecology, census
counts of P. alecto and P. poliocephalus were combined to
give the total bat population response used in our models.

Spatial variables

Data on bat population distribution come from the southeast Queensland flying fox monitoring program database,

Both spectral reflectance data and climate parameters
were acquired and processed into variables designed
specifically to detect both flowering events and nectar
availability in Eucalypts. The sequence of Eucalypt leaf
production, bud initiation, and anthesis is similar across
species and produce changes in canopy structure, which
can be detected via satellite imagery (Datt 1998, 1999;
Leuning et al. 2005; Ahl et al. 2006; Youngentob et al.
2012). Reflectance data were acquired from MODIS
(Moderate Resolution Imaging Spectroradiometer) products MCD15A2, MCD43A4, MOD11A2, and MOD13A1,
which were downloaded from NASA servers via the
“MODIS” package in R at 8-day intervals from 18 February 2000 to 22 September 2014 and processed to a spatial
resolution of 500 m in Albers Equal Area Conic projection (Mattiuzzi 2014; R Core Team 2015). In addition to
the commonly used Normalized Difference Vegetation
Index (NDVI), several Eucalypt-focused vegetation indices
were constructed using the seven broad spectrum bidirectionally adjusted Nadir BRDF reflectance bands from
the MCD43A4 product. We based the Eucalypt-focused
indices on laboratory measurements performed by Datt
(1998, 1999), which used narrow spectral bands measured
from 118 Eucalypt leaf samples to identify indices of spectral reflectance wavelengths that were strongly correlated
with chlorophyll a and b, carotenoids, and water content.
From Datt’s work (1998, 1999), we identified four indices
that use reflectance wavelengths within the range of the
seven broad reflectance bands from the MCD43A4
MODIS product, which allowed the construction of
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Figure 1. A map of our study area in southeast Queensland showing locations for three analyzed roosts (green triangles), maximum foraging
radius (40 km), and locations of spillover events (red circles) that have occurred within the foraging radius of each roost. Time series of census
counts display the recorded population counts at each location.

spatial variables that closely approximate these indices
(Fig. S2 and Table S1).
Climate variables summarizing cumulative precipitation
and temperature anomaly were developed, covering the
same time period and 8-day intervals as the MODIS data.
Previously published studies, published interviews with
apiarists, and preliminary data analysis, all suggest that
climatic conditions experienced by Eucalypt forests during
important phenological phases, such as temperature during bud production and water availability in the past 1–2
seasons, drive flowering and nectar production in Eucalypts (Moncur 1992; Williams and Woinarski 1997;
Birtchnell and Gibson 2008; Hudson et al. 2009; Rawal
et al. 2014a). Hence, climate data were structured to
reflect climate extrema over relevant time lags. Raw climate data (daily rainfall and minimum and maximum
temperature grids; Australian Bureau of Meteorology)
were resampled using the nearest neighbor method to
500 m, matching the spatial resolution of the MODIS
data. Precipitation values were summed over time, giving
cumulative precipitation for the preceding 1, 3, 6, 9, 12,
15, and 18 months. Temperature anomaly values were
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calculated by comparing observed value of each grid cell
for a given day to the mean value for the same day each
year during the 14 year span of the data. Cumulative
anomalies over multiple temporal intervals were calculated by adding all anomaly values for a grid cell for the
preceding 1, 3, 6, 9, 12, 15, and 18 months.
In all, we developed 83 variables including unique
Eucalypt-based vegetation indices, temperature anomalies,
and cumulative precipitation with various time-lagged
differences to capture long- and short-term temporal
changes. A full list of all variables used in the analysis can
be found in Table S2.

Dataset construction using a spatial
sampling algorithm
Prior to modeling, datasets relating bat population
response to spatial predictors were constructed. Bats are
central place foragers, where they roost colonially and
commute to foraging patches over a broad landscape
(Elliott 1988). Although this type of foraging behavior
facilitates population counts at roosts, the aspects of the
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Figure 2. Schematic of the spatial sampling
algorithm, which takes a binary raster layer
depicting areas containing diet plant species
(circle with black pixels), and weights them
according to a spatial kernel defined by a
probability density function (perspective plot).
The result is a spatially weighted sample within
a constrained area (bottom circle with blue
pixels showing the sampling weight).

environment that determine presence and abundance are
found at foraging sites distributed across the surrounding
landscape. A spatial sampling algorithm sampled the area
surrounding a roost subject to spatial constraints based
on previous knowledge of bat foraging behavior. First,
sampling was restricted to areas containing preferred diet
plant species of fruit bats (Eby and Law (2008), delineated by selecting polygons from regional ecosystem maps
(produced by the Queensland Herbarium) that represent
vegetation groups containing these diet species (Neldner
2004). Second, within the restricted sampling area, the
weighted mean was taken using a spatial kernel representing the distribution of fruit bat foraging activity. The spatial kernel was defined by a Gompertz probability density
function (using the “flexsurv” package in R; Jackson
2014) given by:
f ðxja; bÞ ¼ beax eaeax 1

Hence, the decay rate of the Gompertz function was
adjusted using the scale (a = 0.6) and rate (b = 1) parameters so that pixels within 20 km are strongly weighted
with exponential decay between 20 and 40 km, creating
an inverted bowl shape with steep sides centered on the
roost (Fig. 2). The spatially weighted mean was calculated
for rasters giving a time series with regular intervals for
each spatial variable. The values at the time of census
counts were calculated using linear interpolation between
the two nearest time steps. The algorithm produces spatially and temporally relevant datasets of predictors associated with each census count (for model building), and a
time series of each variable for the study roosts (for
model projection).

Statistical learning and model selection

b

Bat telemetry studies have observed typical foraging
distances within 20 km, with maximum commutes of 30–
56 km (Palmer and Woinarski 1999; Roberts 2012).

Generalized linear models were fitted, with binomial
errors to model occurrence (absence was recorded for
population counts below 1000), and negative binomial
errors (with a log link function) for abundance of bats,
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implemented with the “MASS” package in R (Venables
and Ripley 2002). An absence threshold of 1000 was used
because some roosts may be occupied by a few hundred
sedentary bats that do not relocate in response to Eucalypt phenology (during preliminary analyses, model predictions held given thresholds between 500 and
2000 bats). In all three census datasets, the variance in
count data was larger than the mean (Sandgate: n = 79,
x = 2.4, s2 = 4, Canungra: n = 81, x = 6.3, s2 = 23.1, and
Lowood: n = 85, x = 2.7, s2 = 6.7), indicating overdispersion, and necessitating the use of the negative binomial
distribution. An exhaustive search of all combinations of
up to five predictors was performed for both binomial
and negative binomial models. The five predictor limit
was chosen because preliminary analysis using a forwardstepwise selection algorithm indicated overfitting beyond
5. Models with any predictors correlated above a Pearson’s correlation coefficient of |0.7| were removed prior to
model fitting and selection criteria (Dormann et al.
2013). Models with the lowest AIC for each model size
were retained, giving five candidate models in the best
subset. Cross-validated test error was then calculated for
each model, and the most parsimonious model within
one standard error of the lowest estimated test error was
selected. Given the high amount of variability in the census counts, 95% bootstrapped confidence intervals were
calculated with 1000 replications (using the “boot” package in R; Canty and Ripley 2015) to quantify the uncertainty in selected models.
A cross-validation technique was designed that alleviates time dependency issues with time series data, but still
utilizes a large portion of the data to calculate a robust
test error measurement. Based on recommendations from
Hastie et al. (2001), each dataset was split into two sets
prior to model selection – one for model selection and
the other for final model assessment (James et al. 2013).
Specifically, 20% of observations at the end of each time
series were withheld for final model assessment (the “test
set”) and the preceding 80% comprises the “selection
set”. Within the selection set, 50% of observations were
allocated to model training, 20% to cross-validation (the
“validation set”), and the remaining 10% allows for multiple replications of cross validation using a rolling window method which performs forecasts and backcasts
within the selection set (Arlot and Celisse 2010; Bergmeir
and Benıtez 2012). Within the test set and validation sets,
the first 5 points are excluded to limit the confounding
effect of temporal autocorrelation when estimating prediction error (Bergmeir and Benıtez 2012). The mean log
loss (MLL) and the root mean squared log error
(RMSLE) were used to estimate prediction error for binomial and negative binomial models respectively (using the
“Metrics” package in R; Hamner 2012).

Final models were selected by applying the one standard error rule on cross-validation error metrics, which
states that any model from the cross-validation curve can
be chosen provided it is within one standard error of the
minimum error (Hastie et al. 2001; James et al. 2013).
Final models were checked for over-fitting by performing
forecasts using a 50/50 training/testing split of the data
for the Lowood and Canungra roosts, and a 60/40 split
for Sandgate (due to smaller sample size). We calculated
MLL and classification accuracy of forecasted Binomial
models, and RMSLE for forecasted Negative Binomial
models. After confirming that selected models were not
overfitting the training data, they were refitted using all
observations. When refitting to all observations, we investigated generalized additive models (GAMs) with
smoothed spline terms for each predictor in the model to
accommodate any nonlinear relationships between predictors and response. Incidence of Hendra virus infection in
horses and humans occurring within the 40 km foraging
radius of each roost was overlaid on the time series to
compare bat population flux due to Eucalypt nectar phenology and timing of Hendra virus spillover incidence.
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Results
Proxy variables
Spatial database development and dataset building via the
spatial sampling algorithm described above produced
three datasets with bat population response and a suite of
spatial variables to be mined for optimal predictor combinations. The spatial variables and their time-lagged differences show variable levels of correlation with bat
population response in all three datasets (Figs. S3–S5).
Correlation patterns are different in each dataset, reflecting the unique species assemblages surrounding each
roost. Datasets for Canungra and Sandgate showed highest correlations for variables depicting time-lagged
changes in ECARR (Eucalypt chlorophyll a reflectance
ratio) and average minimum and maximum temperature,
with several temporal intervals exhibiting correlation coefficients >|0.5|. The dataset for Lowood shows high correlation with ECARR, EWDI2 (Eucalypt wetness difference
index 2), PREC_12mo, PREC_18mo (cumulative precipitation of the past 12 and 18 months), MSI (moisture
stress index), and NDVI_9mo (change in normalized difference vegetation index over 9 months).

Model selection
Our statistical learning approach searched through all
models with up to five uncorrelated parameters, and
yielded Binomial and Negative Binomial models capable
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Figure 3. Results of the exhaustive model search (top panels giving the AIC) and cross-validated test error of the subset of best models [bottom
panels giving the mean log loss (MLL) and the root mean squared log error (RMSLE)]. The dotted line is the maximum standard error value of the
model with the minimum test error. Models below this line may be selected as the best model. Selected models are indicated with boxes.

of predicting occurrence and abundance of bat populations at all three roosts. Final models were selected based
on performance on a limited set of training data, then

validated by comparing model predictions with independent test data. Figure 3 shows results of the model selection process, with the distribution of AIC scores for all
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Table 1. Best performing binomial models of each size with selected models in bold. See Table S2 for detailed descriptions of variables.
Binomial

Sandgate

Lowood

Canungra

Model

AIC

MLL

SE

Occurrence ~ ANOMtmn_18mo
Occurrence ~ ECBRR_3mo + ANOMtmn_18mo
Occurrence ~ ECBRR_9mo + ANOMtmn_18mo + AVGtmx_1mo_15mo
Occurrence ~ ECARR_9mo + ANOMtmn_18mo + PREC_9mo + PREC_18mo
Occurrence ~ MSI_9mo + ANOMtmn_18mo + AVGtmx_1mo_15mo + PREC_9mo + PREC_18mo
Occurrence ~ EWDI1_9mo
Occurrence ~ ECARR + EWDI1_12mo
Occurrence ~ ECARR + EWDI1_12mo + NDVI_3mo
Occurrence ~ ECBRR + ECBRR_3mo + EWDI1_9mo + EWDI1_18mo
Occurrence ~ ECARR + ECARR_9mo + EWDI1_9mo + MSI_12mo + AVGtmx_1mo_9mo
Occurrence ~ ECARR_18mo
Occurrence ~ NDVI_18mo + AVGtmn_1mo_3mo
Occurrence ~ EWDI1_12mo + NDVI_18mo + AVGtmn_1mo_3mo
Occurrence ~ ECBRR_18mo + ANOMtmn_3mo + AVGtmx_1mo_15mo + PREC_3mo
Occurrence ~ ECBRR_18mo + ANOMtmn_3mo + ANOMtmx_3mo + AVGtmx_1mo_3mo + PREC_3mo

62.79
46.36
40.05
33.49
29.70
70.78
50.65
27.38
10.00
12.00
37.56
28.57
20.25
10.00
12.00

0.57
0.35
0.38
0.22
0.26
0.70
0.44
0.10
0.00
8.46
0.31
0.31
0.51
2.75
10.02

0.14
0.12
0.13
0.13
0.31
0.45
0.27
0.07
0.00
3.56
0.24
0.31
0.28
3.21
9.08

fitted models and the cross-validated test error for the
best performing model of each size. Selected models had
a minimum model size of 1 and a maximum of 4 across
all models (Fig. 3). We allowed two concessions to the
one standard error rule. First, the four-predictor Binomial
model for the Lowood roost attained complete separation
of the response, giving it the lowest cross-validation error
on the training data (MLL = 0; Table 1), so we selected
the three-parameter model instead. For the Sandgate
roost, the three-, four-, and five-parameter Negative Binomial models were within one standard error of the minimum cross-validated test error (Fig. 3 and Table 2). We
chose the four-parameter model even though it was not

the most parsimonious model, based on its superior performance on the independent test data withheld from the
model selection procedure (RMSLE = 0.67 vs. 0.72).
We confirmed that selected models were not overfitting the data by projecting fitted values onto independent
test data with a 50/50 split (Fig. 4). Binomial models
predicted roost occupancy of the independent test data
with an average 86% accuracy (Sandgate = 73%, MLL =
0.82, Lowood: 90%, MLL = 1.17, Canungra: 95%,
MLL = 0.24) and Negative Binomial models predict
patterns of abundance congruent with independent test
data (Sandgate: Pseudo R2 = 0.66, RMSLE = 0.66, Lowood: Pseudo R2 = 0.56, RMSLE = 0.59, Canungra:

Table 2. Best performing negative binomial models of each size with selected models in bold. See Table S2 for detailed descriptions of variables.
Negative Binomial

Sandgate

Lowood

Canungra

Model

AIC

RMSLE

SE

Abundance ~ AVGtmn_1mo
Abundance ~ ANOMtmn_18mo + AVGtmn_1mo
Abundance ~ ECARR + EWDI1_15mo + ANOMtmn_18mo
Abundance ~ ECARR_6mo + MSI_15mo + ANOMtmn_12mo + ANOMtmn_18mo
Abundance ~ ECBRR_9mo + EWDI1_15mo + NDVI_9mo + ANOMtmn_18mo + AVGtmx_1mo_3mo
Abundance ~ EWDI1_18mo
Abundance ~ ECARR + ECBRR_18mo
Abundance ~ ECBRR + EWDI1_18mo + EWDI2_3mo
Abundance ~ ECBRR + EWDI1_18mo + NDVI_3mo + ANOMtmx_9mo
Abundance ~ ECARR + ECBRR_18mo + EWDI1_12mo + EWDI2_3mo + NDVI_18mo
Abundance ~ AVGtmx_1mo
Abundance ~ ANOMtmn_18mo + AVGtmx_1mo
Abundance ~ ANOMtmn_18mo + AVGtmn_1mo_9mo + AVGtmx_1mo_3mo
Abundance ~ EWDI1_6mo + AVGtmx_1mo_3mo + PREC_3mo + PREC_15mo
Abundance ~ EWDI1_6mo + ANOMtmx_18mo + AVGtmx_1mo_3mo + PREC_3mo + PREC_18mo

217.63
207.85
204.34
202.50
200.31
269.01
250.04
239.96
230.72
222.90
357.85
349.68
342.92
332.89
319.73

3.58
3.74
2.49
5.17
1.82
0.59
0.51
0.47
0.42
0.36
0.83
0.75
0.71
0.91
0.57

0.73
1.13
0.51
3.20
0.90
0.34
0.26
0.15
0.14
0.08
0.23
0.25
0.24
0.27
0.16
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Figure 4. Predictive performance of final selected models with a 50/50 training/testing split. Data points from the training set are displayed in
blue, and data points from the test set are displayed in red with the points in the temporal spacer displayed as black exes. 95% bootstrapped
confidence intervals are shown in gray.

Pseudo R2 = 0.62, RMSLE = 0.67). Performance of models built with 50% of the total data should not be overinterpreted. Model forecasts (Fig. 4) and performance
metrics at this point are meant to illustrate that the
models are not over-fitting the data, and they are not
meant to show that models can forecast future population flux.

Model performance
Final models chosen by the model selection procedure
exhibit adequate fit when refitted with all observations.
Both Binomial and Negative Binomial GAMs with
smoothed spline terms for each predictor returned essentially the same models with marginal improvement in fit.
Binomial models achieved an average AUC score of 0.91
and classification rate (CR) of 0.9 (Sandgate: AUC = 0.92,
CR = 0.86, Lowood: AUC = 0.95, CR = 0.91, Canungra:
AUC = 0.94, CR = 0.93), and Negative Binomial models
achieved an average Pseudo R2 value of 0.49 (Sandgate =
0.53, Lowood = 0.52, Canungra = 0.43; Fig. 5 and
Fig. S6). Generally, Binomial models predicted roost
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occupancy using fewer predictors, the majority of which
were remotely sensed variables, potentially because detection of physical changes in the tree canopy is sufficient.
In the case of Canungra, occupancy can be predicted with
only one parameter, ECARR_18mo (change in chlorophyll a reflectance ratio over 18 months). Overall, models
predicting abundance included climate variables as well
(Table 1). This is likely attributable to variable nectar
production during flowering events; climate variables may
be a better indicator of the magnitude of nectar production (Birtchnell and Gibson 2008).

Predicted population flux and spillover
Comparison of spillover incidents and models of population abundance reveal that spillover events, which historically occur during winter (July–October) in the
subtropics (Plowright et al. 2015), tend to occur in winter
when proxies of nectar abundance predict the absence of
large aggregations of bats (Fig. 6). Specifically, Binomial
models of roost occupancy show the four spillover events
that occurred near Sandgate and Lowood occurred at
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Figure 5. Model performance metrics of final
models fitted to all data. ROC curves and AUC
shown on the left, and plots of fitted versus
data values with Pseudo R2 on the right. For
additional model performance metrics, such as
thresholds used to calculate classification
accuracy and scaled residual plots, see Fig. S6.

times the two roosts were occupied (>1000 bats), but predicted to be unoccupied based on nectar-based resources.
Conversely, 7 of the 8 spillover events near Canungra
occurred when models predicted high probability of occupancy. However, maximum population counts were
higher at Canungra and presence of at least 1000 individuals was almost continuous. Models of population abundance predict a mean of 3020 bats at the time of
observed spillover events, which is relatively low considering the large aggregations commonly observed with fruit
bats (Eby 1991; Shilton et al. 2008; Roberts et al. 2012a).

Our models demonstrate a mechanistic link between spatial proxies of nectar phenology and bat population flux.
To our knowledge, this is the first study to accurately
model the occurrence of fruit bats at day roosts and
explain a significant portion of the variation in abundance over time. Previous work has modeled the spatial
extent of bat habitat or potential areas where Hendra
virus spillover could occur, based on bat roost locations,

regardless of occupancy (Parsons et al. 2010; Hahn et al.
2014a,b; Smith et al. 2014; Thanapongtharm et al. 2015).
Our methods show how models of bat population flux at
the roost scale can be built, facilitating landscape-scale
spatiotemporal predictions of foraging suitability and bat
population distribution. The success of our models (measured by their ability to classify occupancy with ~90%
accuracy and explain ~50% of the variability of abundance) stems from a well-informed suite of proxy variables, a sampling algorithm that relates predictors to
population response in an ecologically relevant manner,
and a statistical learning algorithm that identifies optimal
predictor sets. Models relied most on time-lagged changes
of Eucalypt-focused vegetation indices (which likely detect
structural changes in the forest canopy as Eucalypts
undergo phenological cycles of growth and flowering
(Zhang et al. 2003; Ahl et al. 2006) and temperature
extrema (which trigger synchronized flowering events
within species; Moncur 1992; Rawal et al. 2015), indicating that temporal changes in bat population abundance at
these roosts are largely driven by cycles of nectar production in the surrounding landscape. Comparison of
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Figure 6. Final models of bat population flux using all data points with the dates of spillover events that occurred within a 40 km foraging radius
of each roost respectively shown as dotted red lines. 95% bootstrapped confidence intervals are shown in gray.

spillover to models of occupancy and abundance suggests
that (1) spillover near our study roosts occurred when
nectar-based resources are predicted to support relatively
low population abundance, and (2) the relationship
between spillover risk and population abundance may be
heterogeneous across the region. This is the first time that
spillover has been related to temporal trends in bat population flux driven by nectar foraging suitability, and given
the limited data on spillover and high degree of stochasticity in bat disease ecology, further analyses are required.
General limitations of our study are worth consideration. First, our analysis focuses on three study roosts
because they contain census time series with sufficient
sample sizes for robust temporal cross-validation, and
spillover events have occurred within their foraging radii,
allowing comparison of population flux and spillover.
Although many other roosts are found in southeast
Queensland, we expect that they exhibit similar seasonal
patterns of occupancy based on their proximity to our
study roosts. The observed patterns at the three roosts –
spillover occurring in winter during low predicted population sizes – is corroborated by studies showing that viral
excretion (Field et al. 2015b) and spillover (Plowright

et al. 2015) in the subtropics are highest in winter, coincident with smaller winter population sizes (Nelson 1965;
Eby 1991). Second, the set of variables which predict bat
occurrence and abundance is unique between roosts. This
is expected because the assemblage of Eucalypt species –
each with a species-specific flowering response to climate
– surrounding each roost is unique (Keatley and Hudson
2007; Birtchnell and Gibson 2008), necessitating an individual model fitted to each roost data set. However,
specific predictor–response relationships at the roost scale
do not preclude developing landscape-scale models, as
discussed below. Third, models detect the pattern of
occupancy with high classification accuracy (86–93%);
however, predicting bat abundance is more challenging,
with 43–53% of the variation in the data accounted for.
Given the overdispersion in the abundance data (due to
variable population response and human error in estimating census counts) coupled with error/approximation
associated with climate and remote sensing variables,
accounting for half the variation in bat population
response is noteworthy. It should also be noted that foraging behavior in P. alecto and P. poliocephalus is flexible.
They primarily feed on nectar and pollen of Eucalypts
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(Parry-Jones and Augee 1991; Courts 1998); however,
when these are unavailable, they can remain at a roost by
switching to non-nectar-based resources such as fruits of
non-native plants found in urban and peri-urban landscapes (Eby 1998; Markus and Hall 2004; Fahr et al.
2015; Field et al. 2015a). The extent to which populations
utilize, and are able to be supported by, urban and periurban areas is unknown. However, generalist feeding
behavior could explain occurrence or high abundance at
times when models based on nectar phenology predict
absence or low abundance. Furthermore, social drivers of
colonial behavior in bats can lead to high peaks in abundance that are not necessarily driven by food abundance
(nectar-based or otherwise).
Our models provide an important observation related
to the temporal relationship between pathogen spillover
and bat population dynamics due to nectar foraging; that
is, Hendra virus spillover in this region is likely not driven by large groups of migratory bats that feed on nectar
and pollen of Eucalypts. Most Hendra virus spillover
events occur in winter in southeast Queensland when our
abundance models predict relatively low (mean of 3020)
population sizes at roosts. Interpretation of spillover risk
based on our models and data alone is speculative; however, they support the hypothesis that spillover may be
associated with resident sedentary subpopulations that
choose to remain in the roost and subsist on urban-based
resources when nectar availability is low (Plowright et al.
2015). General foraging behavior of fruit bats allows them
to form sedentary populations in response to both seasonal changes in nectar availability and loss of foraging
habitat. If winter population sizes approach or surpass
the seasonal carrying capacity of the landscape, and food
resources are limited, part of the population may also suffer from nutritional stress. Further, lower night time temperatures may increase caloric requirement and the cost
of immune functioning (Hawley and Altizer 2011), facilitating winter nutritional stress, which Plowright et al.
(2015) propose may lead to increased viral shedding.
Although physiological stress is a recurrent theme in disease ecology (Hawley and Altizer 2011; Brearley et al.
2013; Hing et al. 2016) and has been observed in the
Hendra virus disease system (Plowright et al. 2008), its
role in Hendra virus spillover is difficult to determine
without additional data on chronic or periodic states of
stress in bats (McMichael et al. 2014). Alternatively,
increased urban foraging in winter, leading to increased
contact with horses, could be the only risk factor needed
to drive spillover.
Proxies of nectar availability can explain half the variation in bat population flux observed over a 10-year period (2004–2014), which straightforwardly suggests that
approximately 50% of the bat population flux is driven

by nectar-based resources; however, this may be an oversimplification. Parry-Jones and Augee (1991) observed
remarkable variability in P. poliocephalus in the proportion of diet comprised of nectar and pollen of Eucalypts
(28–86% depending on the year and season). Therefore,
we hypothesize long-term shifts toward a more urbanbased diet with less migration in bat foraging behavior as
foraging habitat becomes fragmented and the cost of
migrating for a nectar dominated diet increases. Dramatic
landscape changes in southeast Queensland began to
accelerate in the early 1990s (just prior to Hendra virus
emergence in 1994 (Bradshaw 2012). Additionally, modeling studies suggest Eucalypts may respond to climate
changes with increased asynchrony and decreased intensity of flowering events (Keatley et al. 2002; Hudson et al.
2009, 2011a; Butt et al. 2013; Rawal et al. 2013, 2014a,b,
2015). The combined effect of habitat fragmentation and
climate changes may be decreased abundance, increased
spatial heterogeneity, and increased asynchrony of nectar
resources. Together, these processes may decrease the
overall amount of energy available across the landscape
and increase the energetic cost of a mobile foraging strategy based primarily on nectar resources (Calcagno et al.
2014). It is plausible that the past 25 years of landscape
and climate changes in southeast Queensland have altered
the ecological behavior of nectar-seeking in fruit bats
leading to supplementation with non-nectar resources in
peri-urban areas, consequently diminishing the ability of
models based on nectar resources to explain bat abundance.
The tools we have developed for modeling bat population abundance at day roosts is an important first step to
understand spatiotemporal dynamics of existing nectar
resources. Pteropus alecto and Pteropus poliocephalus rely
on large population sizes to search out patchy and
ephemeral pulses of nectar resources, making it difficult
to define discrete spatial limits of suitable habitat (Eby
et al. 1999). Techniques to estimate the distribution of
nectar-based resources are important, because they can
inform about habitat loss over time, potential seasonal
nectar shortages, and times and areas when bat populations are likely to rely more on urban-based resources
leading to increased risk of spillover. Expanding models
to the landscape scale could be achieved with the same
spatial sampling techniques to construct datasets for additional locations, but would use regression trees, which
allow multiple predictor–response relationships within
datasets, thereby permitting prediction of nectar-driven
population density across space and time. This can direct
better-informed policy decisions concerning the conservation of bat foraging habitat, which has become a pressing
question as humans and bats increasingly compete for
habitat.
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The results presented here demonstrate that indices of
Eucalypt leaf physiology can be approximated with spectral reflectance data, and when combined with climate
variables representing anomalies over time, they are effective predictors of fruit bat population flux. Building on
the tools here, further modeling studies can address more
complex questions such as individual species responses
and spatiotemporal patterns of resource distribution.
Future work will enable identification of habitat areas of
high conservation priority that consider the complexities
of bat foraging ecology. These can be extended to other
ecological systems where fruit bat populations are driven
by food resource phenology, such as African fruit bats,
which migrate among Miombo forests (Richter and Cumming 2006), and Asian fruit bats that follow the phenology
of Durian fruit and petai bean (Epstein et al. 2009). We
consider this an important area of research as bat population distribution, environmental changes, and human
behavior are inseparable from disease dynamics and mitigating risk of spillover to humans (Wood et al. 2012).
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Supporting Information
Additional Supporting Information may be found online
in the supporting information tab for this article:
Figure S1. Distribution of the four fruit bat species in
Australia and the locations of observed spillover events.
Figure S2. A typical reectance curve for Eucalypts and
placement of the seven reectance bands of the MCD43A4
MODIS product.
Figure S3. Correlation (Pearsons r) between 83 spatial
variables and the log total population count at the Sandgate roost.
Figure S4. Correlation (Pearsons r) between 83 spatial
variables and the log total population count at the Lowood roost.
Figure S5. Correlation (Pearsons r) between 83 spatial
variables and the log total population count at the
Canungra roost.
Figure S6. Model performance metrics of final models fitted to all data. The columns from left to right display:
AUC, threshold of maximum classification accuracy, plots
of fitted versus data values with Pseudo R2, and residuals
versus fitted values.
Table S1. Descriptions and equations for commonly used
vegetation indices (NDVI and MSI), and four Eucalyptspecific vegetation indices (ECARR, ECBRR, EWDI1,
EWDI2) from Datt (1998, 1999), which were approximated using broad spectrum reflectance bands of the
MCD43A4 MODIS product.
Table S2. A complete list of the 83 spatial variables and
their time-lagged differences.
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Figure S1: Distribution of the four fruit bat species in Australia and the locations of observed
spillover events.
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Figure S2: A typical reflectance curve for Eucalypts and placement of the seven reflectance bands
of the MCD43A4 MODIS product.
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Normalized Difference

NDVI

EWDI2

EWDI1

ECBRR

Eucalypt Chlorophyll a

ECARR

ference Index 2

Eucalypt Wetness Dif-

ference Index 1

Eucalypt Wetness Dif-

reflectance ratio

Eucalypt Chlorophyll b

reflectance ratio

Moisture Stress index

MSI

Vegetation Index

Description

Index

0.045 × [(R850 − R1788 )/(R850 − R1928 )] − 0.014

0.08 × [(R850 − R2218 )/(R850 − R1928 )] − 0.052

0.0337 × (R672 /R550 )1.8695

0.0161 × [R672 /(R550 × R708 )]0.7784

R1650 /R820

(RN IR − RRed )/(RN IR + RRed )

Formula

0.045 × [(Band2 − Band6)/(Band2 − Band7)] − 0.014

0.08 × [(Band2 − Band7)/(Band2 − Band6)] − 0.052

0.0337 × (Band1/Band4)1.8695

0.0161 × [Band2/(Band4 × Band1)]0.7784

Band 6/Band 2

(Band 2 - Band 1)/(Band 2 + Band 1)

Remotely sensed approximation

Table S1: Descriptions and equations for commonly used vegetation indices (NDVI and MSI), and four Eucalypt-specific vegetation indices (ECARR,
ECBRR, EWDI1, EWDI2) from Datt (1998, 1999), which were approximated using broad spectrum reflectance bands of the MCD43A4 MODIS product.
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Figure S4: Correlation (Pearsons r) between 83 spatial variables and the log total population count
at the Lowood roost.
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Figure S5: Correlation (Pearsons r) between 83 spatial variables and the log total population count
at the Canungra roost.
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Description

Eucalypt chlorophyll a reflectance ratio

Change in ECARR over 3 months

Change in ECARR over 6 months

Change in ECARR over 9 months

Change in ECARR over 12 months

Change in ECARR over 15 months

Change in ECARR over 18 months

Eucalypt chlorophyll b reflectance ratio

Change in ECBRR over 3 months

Change in ECBRR over 6 months

Change in ECBRR over 9 months

Change in ECBRR over 12 months

Change in ECBRR over 15 months

Change in ECBRR over 18 months

Eucalypt wetness difference index 1

Change in EWDI1 over 3 months

Change in EWDI1 over 6 months

Change in EWDI1 over 9 months

Name

ECARR

ECARR 3mo

ECARR 6mo

ECARR 9mo

ECARR 12mo

ECARR 15mo

ECARR 18mo

ECBRR

ECBRR 3mo

ECBRR 6mo

ECBRR 9mo

ECBRR 12mo

ECBRR 15mo

ECBRR 18mo

EWDI1

EWDI1 3mo

EWDI1 6mo

EWDI1 9mo

EWDI1t − EWDI1t−9months

EWDI1t − EWDI1t−6months

EWDI1t − EWDI1t−3months

0.08 × [(Band2 − Band7)/(Band2 − Band6)] − 0.052

ECBRRt − ECBRRt−18months

ECBRRt − ECBRRt−15months

ECBRRt − ECBRRt−12months

ECBRRt − ECBRRt−9months

ECBRRt − ECBRRt−6months

ECBRRt − ECBRRt−3months

0.0337 × (Band1/Band4)1.8695

ECARRt − ECARRt−18months

ECARRt − ECARRt−15months

ECARRt − ECARRt−12months

ECARRt − ECARRt−9months

ECARRt − ECARRt−6months

ECARRt − ECARRt−3months

0.0161 × [Band2/(Band4 × Band1)]0.7784

Formula

Table S2: A complete list of the 83 spatial variables and their time-lagged differences.
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Change in NDVI over 18 months

Moisture stress index

Change in MSI over 3 months

Change in MSI over 6 months

Change in MSI over 9 months

NDVI 18mo

MSI

MSI 3mo

MSI 6mo

MSI 9mo

Normalized difference vegetation index

NDVI

Change in NDVI over 15 months

Change in EWDI2 over 18 months

EWDI2 18mo

NDVI 15mo

Change in EWDI2 over 15 months

EWDI2 15mo

Change in NDVI over 12 months

Change in EWDI2 over 12 months

EWDI2 12mo

NDVI 12mo

Change in EWDI2 over 9 months

EWDI2 9mo

Change in NDVI over 9 months

Change in EWDI2 over 6 months

EWDI2 6mo

NDVI 9mo

Change in EWDI2 over 3 months

EWDI2 3mo

Change in NDVI over 6 months

Eucalypt wetness difference index 2

EWDI2

NDVI 6mo

Change in EWDI1 over 18 months

EWDI1 18mo

Change in NDVI over 3 months

Change in EWDI1 over 15 months

EWDI1 15mo

NDVI 3mo

Change in EWDI1 over 12 months

EWDI1 12mo

MSIt − MSIt−9months

MSIt − MSIt−6months

MSIt − MSIt−3months

Band 6/Band 2

NDVIt − NDVIt−18months

NDVIt − NDVIt−15months

NDVIt − NDVIt−12months

NDVIt − NDVIt−9months

NDVIt − NDVIt−6months

NDVIt − NDVIt−3months

(Band2 − Band1)/(Band2 + Band1)

EWDI2t − EWDI2t−18months

EWDI2t − EWDI2t−15months

EWDI2t − EWDI2t−12months

EWDI2t − EWDI2t−9months

EWDI2t − EWDI2t−6months

EWDI2t − EWDI2t−3months

0.045 × [(Band2 − Band6)/(Band2 − Band7)] − 0.014

EWDI1t − EWDI1t−18months

EWDI1t − EWDI1t−15months

EWDI1t − EWDI1t−12months
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Change in MSI over 12 months

Change in MSI over 15 months

Change in MSI over 18 months

Cumulative minimum temperature anomoly over preceding month

Cumulative minimum temperature anomoly over preceding 3 months

Cumulative minimum temperature anomoly over preceding 6 months

Cumulative minimum temperature anomoly over preceding 9 months

Cumulative minimum temperature anomoly over preceding 12 months

Cumulative minimum temperature anomoly over preceding 15 months

Cumulative minimum temperature anomoly over preceding 18 months

Cumulative maximum temperature anomoly over preceding month

Cumulative maximum temperature anomoly over preceding 3 months

Cumulative maximum temperature anomoly over preceding 6 months

Cumulative maximum temperature anomoly over preceding 9 months

Cumulative maximum temperature anomoly over preceding 12 months

Cumulative maximum temperature anomoly over preceding 15 months

Cumulative maximum temperature anomoly over preceding 18 months

Average minimum temperature of preceding month

Change in AVGtmn over 3 months

Change in AVGtmn over 6 months

Change in AVGtmn over 9 months

MSI 12mo

MSI 15mo

MSI 18mo

ANOMtmn 1mo

ANOMtmn 3mo

ANOMtmn 6mo

ANOMtmn 9mo

ANOMtmn 12mo

ANOMtmn 15mo

ANOMtmn 18mo

ANOMtmx 1mo

ANOMtmx 3mo

ANOMtmx 6mo

ANOMtmx 9mo

ANOMtmx 12mo

ANOMtmx 15mo

ANOMtmx 18mo

AVGtmn 1mo

AVGtmn 1mo 3mo

AVGtmn 1mo 6mo

AVGtmn 1mo 9mo

AVG tmnt − AVG tmnt−9months

AVG tmnt − AVG tmnt−6months

AVG tmnt − AVG tmnt−3months

MSIt − MSIt−18months

MSIt − MSIt−15months

MSIt − MSIt−12months
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Cumulative precipitation of the preceding 18 months

Change in PREC 1mo over 3 months

Change in PREC 1mo over 6 months

Change in PREC 1mo over 9 months

Change in PREC 1mo over 12 months

PREC 18mo

PREC 1mo 3mo

PREC 1mo 6mo

PREC 1mo 9mo

PREC 1mo 12mo

Cumulative precipitation of the preceding month

PREC 1mo

Cumulative precipitation of the preceding 15 months

Change in AVGtmx over 18 months

AVGtmx 1mo 18mo

PREC 15mo

Change in AVGtmx over 15 months

AVGtmx 1mo 15mo

Cumulative precipitation of the preceding 12 months

Change in AVGtmx over 12 months

AVGtmx 1mo 12mo

PREC 12mo

Change in AVGtmx over 9 months

AVGtmx 1mo 9mo

Cumulative precipitation of the preceding 9 months

Change in AVGtmx over 6 months

AVGtmx 1mo 6mo

PREC 9mo

Change in AVGtmx over 3 months

AVGtmx 1mo 3mo

Cumulative precipitation of the preceding 6 months

Average maximum temperature of preceding month

AVGtmx 1mo

PREC 6mo

Change in AVGtmn over 18 months

AVGtmn 1mo 18mo

Cumulative precipitation of the preceding 3 months

Change in AVGtmn over 15 months

AVGtmn 1mo 15mo

PREC 3mo

Change in AVGtmn over 12 months

AVGtmn 1mo 12mo

PREC 1mot − PREC 1mot−12months

PREC 1mot − PREC 1mot−9months

PREC 1mot − PREC 1mot−6months

PREC 1mot − PREC 1mot−3months

AVG tmxt − AVG tmxt−18months

AVG tmxt − AVG tmxt−15months

AVG tmxt − AVG tmxt−12months

AVG tmxt − AVG tmxt−9months

AVG tmxt − AVG tmxt−6months

AVG tmxt − AVG tmxt−3months

AVG tmnt − AVG tmnt−18months

AVG tmnt − AVG tmnt−15months

AVG tmnt − AVG tmnt−12months
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Change in PREC 1mo over 15 months

Change in PREC 1mo over 18 months

PREC 1mo 15mo

PREC 1mo 18mo

PREC 1mot − PREC 1mot−18months

PREC 1mot − PREC 1mot−15months
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Lowood
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Chapter 4

Environmental drivers of spatiotemporal foraging intensity in fruit bats (Pteropus poliocephalus)
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Abstract
1. Habitat conservation for flying-foxes (family Pteropididae) in Australia is an important
issue because of the fundamental ecological role that flying-foxes play as tree pollinators
and reservoir hosts of Hendra virus. However, studies on flying-fox population distribution
are challenging because their population dynamics are driven by erratic flowering events of
Eucalypt forests, their preferred food resource.
2. We developed a novel spatiotemporal model of bat foraging intensity based on foraging
areas of the grey-headed flying fox (Pteropus poliocephalus) using state of the art GPS
tracking devices and boosted regression tree models. We investigated: (i) environmental
drivers of foraging intensity using proxies of Eucalypt forest phenology, (ii) annual and
seasonal trends in foraging intensity in comparison with independent data of population
counts within the region, and (iii) time-lagged correlations between model predictions and
the Southern Oscillation Index (SOI), a broad climate indicator of the El Niño Southern
Oscillation (ENSO).
3. Environmental drivers of foraging intensity are congruent with known climatic triggers of
flowering in Eucalypts. Generally, these include warm/wet conditions in previous seasons,
followed by recent cool/dry conditions and reduced vegetative growth.
4. Predicted foraging intensity was highest in autumn and lowest in winter. Seasonal trends
in the model were positively correlated with independent population count data, but annual
trends were not. Model predictions were positively correlated with SOI values at 3–8 month
time lags, with peaks following La Niña phases.
5. Timing of Hendra virus prevalence in bat populations and occurrence of spillover to
horses align with seasonal and annual periods when our model predicts nectar-based resource scarcity.
6. Synthesis and applications. We present the first spatiotemporal model of flying-fox
foraging intensity, which serves as proof of concept for a landscape scale model that will
aid conservation strategy. Foraging intensity appears to be driven by growth and flowering
cycles in Eucalypts which are influenced by previous climatic conditions and ENSO phase
changes. Climate changes may impact flying-fox distribution and Hendra virus ecology
through availability of nectar resources. Therefore, models of foraging patterns contribute
a fundamental understanding of conservation needs and Hendra virus ecological dynamics.
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4.2

Introduction

In 1930, the English biologist Francis Ratcliffe was commissioned to undertake the first
systematic investigation into the biology and ecology of flying-foxes (family Pteropodidae)
in Australia (Ratcliffe 1938). Francis Ratcliffe trekked across eastern Australia with the
intent to understand the nature and distribution of the four species of flying-foxes (Pteropus
scapulatus, P. conspiculatus, P. alecto, and P. poliocephalus). At the time, virtually nothing was known about these pteropids, except that they were numerous, volant, noisy, and
often consumed agricultural fruit crops. Perceived as pests, management typically included
destroying bats and roosts (Ratcliffe 1932). Motivated by these antagonistic interactions,
Ratcliffe sought to understand flying-fox ecology on a fundamental level, in order to direct
better-informed management strategies at that time. Our position is analogous to Ratcliffe’s
80 years ago, albeit with a few additional circumstances and tools. Competition for habitat
between bats and humans continues, with the human foot print having consumed considerable portions of bat foraging habitat (Bradshaw 2012), leading to an increasing presence
of flying-foxes in urban areas. Human responses still include antagonistic control measures
like culling and dispersal, and ecologists are still working to understand the underlying
ecology to direct more-educated conservation efforts.
In this context, understanding the foraging ecology of flying-foxes is critical. Hence,
we focus on characterizing the observed foraging patterns of P. poliocephalus (colloquially known as the grey-headed flying fox; hereafter GHFF). The GHFF is distributed along
coastal habitat in eastern Australia (1.5), where it can form large colonies numbering into
the hundreds of thousands (Eby et al. 1999). They are highly mobile; populations disperse
and coalesce quickly and dramatically, primarily in response to the availability of nectar
and pollen produced by the flowering trees in the Eucalptus, Melaluca, and Banksia genera (Courts 1998, Eby and Law 2008). The best habitat for GHFF occurs where Eucalypt
forests flower regularly and intensely, in alluvial flats and riparian areas; however, these areas have been largely cleared for agriculture (Law et al. 2000). The GHFF is therefore listed
as vulnerable in the IUCN Red List of Threatened Species due to population decline and
foraging habitat destruction. Although we focus on GHFF here, our study is timely given
the negative impacts of anthropogenic change (Voigt et al. 2016) and poor management
(Florens 2015) that afflict a growing portion of chiropterans in diverse ecosystems.
The importance of GHFF foraging ecology must be emphasized because it plays a central ecological role in the health of Eucalypt forests and in patterns of bat-borne disease dynamics, which are both major concerns for conservation strategies. Pteropids throughout the
Old World pollinate numerous species of hardwood trees (Fujita and Tuttle 1991). This role
is especially crucial in Australia because the Eucalypt forests of the tropics and sub-tropics
have considerable economic value and are primarily animal pollinated (i.e. mammals, birds,
and insects; Regal 1982). In contrast to this important ecosystem service, Australian flying
foxes are known reservoirs of Hendra virus. Often lethal, Hendra virus causes neurological and respiratory disease in horses and humans, and it is transmitted from flying foxes
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to horses when they forage in peri-urban landscapes. In this manner, flying fox foraging
behaviour and resulting population ecology drives the epidemiological dynamics of Hendra
virus in bat populations (Plowright et al. 2016), and the risk of spillover to horses (Plowright
et al. 2015). Although, P. alecto (the black flying fox; henceforth BFF) is thought to be the
most significant source of viral excretion that leads to spillover, GHFF exhibits seropositivity against Hendra virus (Edson et al. 2015) and its role in Hendra virus ecology is uncertain.
Because both BFF and GHFF populations exhibit similar ecological preferences, information on the environmental drivers of GHFF foraging in response to Eucalypt phenology can
provide insights into the spatial dynamics of bat-borne diseases in addition to impacts on
ecosystem functioning and conservation strategies.
The GHFF ultimately seeks the highly-variable nectar and pollen of flowering Eucalypts. Although the GHFF has been observed feeding on fruit, it is adapted to a more
nectar-based diet (Griffith et al. 2017, Parry-Jones and Augee 1991). When nectar resources
across a landscape are poor, the GHFF adopts nomadic foraging behavior to search the landscape, visiting additional foraging areas to compensate for lower nectar production. In this
manner, the GHFF exhibits a combined aggregation-dispersion foraging economy, where
aggregation occurs during resource plenty, and dispersion occurs during resource shortage
(Giraldeau and Caraco 2000, Westcott et al. 2015a). This occurs at multiple spatial and
temporal scales. For example, an individual GHFF may visit a few highly productive foraging areas during some periods, but visit many less-productive foraging areas during other
periods. On a larger scale, many sub-populations of GHFF migrate long-distances when a
high-quality flowering event occurs. This is observed when large numbers of GHFF converge in southern New South Wales for the prolific flowering events of Corymbia maculata
(Spotted-Gum), which occur every 3-4 years (Eby et al. 1999). Such flexible population
structure presents a considerable challenge to habitat conservation for flying foxes because
their foraging habitat and populations are constantly shifting over a large landscape (Eby
2016). Elucidating the spatiotemporal patterns of foraging activity in response to food resource phenology is therefore an important step to properly framing effective conservation
efforts.
A major challenge to characterizing food resource availability for GHFF is the complex
phenology of Eucalypt forests. The Eucalypt forests of Australia are unlike those found in
the other parts of the world. Generally, hardwood forests at higher latitudes exhibit marked
seasonality and a higher proportion of species that are wind-pollinated (Regal 1982). In
comparison, Eucalypt forests in southeastern Australia are subject to arid and variable seasonal climate patterns, which is reflected in their erratic phenology (House 1997). The
climate in this region can range from monsoon to extreme drought, depending on the interannual cycles of El Niño and La Niña, which are associated with sustained negative and
positive values of the Southern Oscillation Index (SOI) respectively (Chiew et al. 1998).
Many species of Eucalypts rely on subtle climate triggers to synchronize flowering among
conspecifics (Law et al. 2000). Diversification of these climatic responses ostensibly serves
to avoid cross pollination and reduce inter-specific competition for animal pollinators (Grif-
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fin 1982). As a result, Eucalypt forests within the range of GHFF can exhibit variable
spatiotemporal patterns in phenology depending on local species richness, climate, and environment.
In this analysis, we present data and models on the spatial and temporal distribution of
flying fox foraging activity. Specifically, we employ GPS tracking technology to identify
foraging areas used by GHFF individuals around two study roosts in south eastern Queensland. We use boosted regression trees to determine the environmental correlates associated
with observed intensity of foraging events, and summarize temporal changes in foraging intensity within the study area. Although the spatiotemporal variability in bat distribution and
foraging habitat has been acknowledged as a major challenge to conservation (Eby 2016,
Fleming and Eby 2003, Westcott et al. 2015a), to our knowledge, this is the first study
to investigate the environmental drivers of flying fox foraging activity and quantitatively
describe its spatiotemporal patterns. We further explore spatial concentration of foraging
intensity in comparison with independent population count data, the SOI, and the timing of
Hendra virus spillover events.

4.3
4.3.1

Methods
Environmental data

We developed a suite of environmental data layers for the rectangular extent encompassing
the maximum foraging radii of two study roost sites (Boonah and Canungra; Figure 4.1)
from 2006–2015 at 8-day intervals (spatial resolution of 700m in Albers Equal Area projection). These include Eucalypt-based vegetation indices, average monthly precipitation,
cumulative precipitation, average monthly temperature extrema, and temperature anomaly.
The Eucalypt-based vegetation indices are spatial adaptations of laboratory measurements
from Datt (1998, 1999), which represent chlorophyll and water content of Eucalypt leaves.
For a more extensive discussion of the indices and climate variables, see Giles et al. (2016).
Given the significant influence of prior environmental conditions on the timing and intensity of Eucalypt flowering (Law et al. 2000, Rawal et al. 2014), we also derived time-lagged
differences of these variables at 1, 3, 6, 9, and 12 month time lags. Also, we added distance
from the home roost as a predictor variable to help model spatial autocorrelation of the foraging data not addressed by data aggregation and modeling techniques such as bagging and
spatial cross validation (discussed below). For a complete list of variables explored in the
model, see Table 4.S1.

4.3.2

Foraging data

Data on bat movement was collected as part of the Nation Flying-fox Monitoring Program
(Westcott et al. 2015b). Specifically, Westcott et al. (2015b) fitted 37 GHFF individuals (15
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females and 22 males) with tracking devices enabled with GPS and accelerometers from
June 2013–Feb 2015. We then aggregated the raw data on two levels: first, by clustering
movement data into foraging stops, and second, by counting the number of points aggregated to the spatial and temporal resolution of the environmental data. Fine-scale movement
data was filtered to identify times and locations of significant foraging activity. We considered bats to be in a ‘stopped’ state when the speed of the device was recorded as < 2ms−1 .
We defined a successful foraging event (hereafter referred as a foraging ‘stop’) as an area
where a group of stop points were within 10 meters of one another. Accordingly, we produced a dataset of foraging ‘stops’ by clustering points within 10m and taking the centroid,
rendering 2997 points with a spatial distribution shown in Figure 4.1. Although the data
have an even distribution across gender (female = 1440, male = 1557), season (summer =
1318, winter = 1679), and the two home roosts in our study area (Boonah = 1590, Canungra = 1407), movement data was not retrieved from any bats in Mar/Apr and Sep/Oct, and
the bats exhibit a preference for foraging near Canungra in the summer and Boonah in the
winter (Figure 4.S1). For more detailed specifications of the GPS technology developed for
the tracking collars, see Sommer et al. (2016), and for additional description of their implementation to collect movement data, see Westcott et al. (2015b). To remove the potential
confounding effect of generalist foraging behavior compared with foraging on nectar-based
resources in Eucalypt forests, we removed points within 500m of urban and peri-urban land
use types as this was expected to contain high proportions of non-native fruiting trees, leaving 2416 foraging stops that are likely driven by Eucalypt phenology (Figure 4.S2). To attain
counts of foraging stops per unit area and time, we aggregated the data to the temporal and
spatial resolution of the environmental data. We aggregated foraging stops temporally by
assigning them to the nearest 8-day interval of the environmental data, and then spatially by
counting the number of foraging stops within each grid cell, resulting in aggregated counts
for 385 unique locations and times.
To account for sampling bias and provide information on the environments of foraging sites that are available, but not used, by our 37 individual bats, we implemented a
use-availability sampling design (Aarts et al. 2008, Beyer et al. 2010). Specifically, we
compiled a data set of ‘available’ foraging sites, for which the response variable (number
of foraging stops) was set to zero, by drawing a large number of randomly stratified points
within the maximum observed foraging distance of each roost (46km for Boonah and 30km
for Canungra; see Figure 4.1), for all dates with observed foraging activity. We adjusted
the total number of points so that an ‘available’ foraging site was sampled once per 5km2
within each of the 25 unique dates (approximately 19000 points total). This sampling design provides thorough representation of the environmental space at available foraging sites
within the foraging radius of the home roosts at times when individuals were roosting there;
however, it results in imbalanced data classes that can lead to underestimation of fitted values and hinder model assessment (King and Zeng 2001). We assumed that both ’used’
and ’available’ foraging areas are equally accessible based on observed foraging radii. So,
before modeling, we applied a correction that balances the weight of the two data classes.
Following King and Zeng (2001), we weighted ’used’ samples as w1 = τ /ȳ, and ’available’
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samples as w0 = (1 − τ )/(1 − ȳ). Where τ is set to 0.5, and ȳ is the frequency of ’used’

foraging areas in the data.

4.3.3

Modeling

To estimate spatiotemporal foraging intensity, we explored models using boosted regression
trees (BRT) with a Poisson error distribution and a log link function. This gives a functional
approximation for the expected density of foraging stops within a grid cell at a given time
relative to available foraging areas within the foraging radii around our study roosts. We
used BRT because regression trees provide an additive model structure that can fit a flexible non-monotonic response that ignores weak covariates. The BRT algorithm also reduces
the impact of autocorrelation that may result from spatial clustering in the data via ’bagging’, where models at each iteration of the algorithm are built with a randomly selected
proportional subset of the data (Sutton 2005). BRT is especially useful when modeling environmental patterns associated with flying-fox foraging areas because they forage on a wide
range of Eucalypt species and forest types, each with a potentially unique pattern of climatically driven flowering. The flexible response fitted by BRT can accommodate the complex
relationship between Eucalypt phenology and bat foraging behavior within a framework
similar to classic Poisson regression. Moreover, recent literature has elucidated the relative
proportionality among Poisson regression, presence-background regression, and inhomogenous Poisson point processes when modeling the intensity of a point process (Fithian and
Hastie 2013, Renner et al. 2015, Renner and Warton 2013).
To identify an optimal model, we followed the recommendations of Elith et al. (2008),
where we explored the performance of models built with various combinations of metaparameters such as tree complexity (tc = 5, 7, 9), learning rate (lr = 0.005, 0.001, 0.0005),
and bagging fraction (bf = 0.5, 0.6, 0.7). Out of the 27 combinations, the optimal metaparameter set was determined based on performance on independent test data within a 5fold spatial cross validation structure. Cross validation folds were assigned using a 5km
spatial grid placed over the study area (defined by maximum foraging radii). Points were
assigned to one of the 5 folds based on random assignment of the grid cells into one of
the 5 folds (similar to Renner and Warton (2013; Figure 4.S3). To ensure reliable metrics
in cross validation tests, we selected a random seed that ensured even proportion of used
and available foraging areas across the 5 folds. We tested model generality by calculating
the mean Poisson deviance and mean squared error (MSE) among the 5 folds. The final
selected model was refitted with all data using the meta-parameter combination that returned
the lowest mean deviance and MSE, while fitting >1000 trees (as suggested by Elith et al.
2008). Then we re-fitted the final model with all the data to determine the optimal number
of trees on the full data set.
To describe the fitted function, we selected 12 influential variables (shown in bold in
Table 4.S1) and constructed partial dependence plots by predicting the model over the range
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of the variable in question while holding all other variables in the model constant. We
also explored the influence of interactions among environmental variables and plotted the
two most influential interactions. To assess the spatiotemporal pattern of GHFF foraging
intensity across the study area, we projected the final model onto the spatial data at 8day intervals from 2006–2015. We then aggregated predictions to monthly summaries,
by taking the mean at each grid cell within each month. We summarized temporal trends
in two ways. First, we plotted a time series of violin plots that show the distribution of
all cell values for the monthly spatial predictions. Second, we plotted a univariate time
series that gives the quartile variation coefficient (QVC; a measure of relative dispersion
suited to non-normal count data). Here, high values of the QVC correspond to spatial
predictions that produce high values of foraging intensity surrounded by comparatively low
values (indicative of high-quality nectar production events), and low values correspond to
those with a more homogeneous distribution of low or mid-range values (indicative of poor
foraging conditions and dispersed foraging behavior). In this manner, the QVC can be
interpreted as a measure of spatial resource concentration.
To assess temporal trends in predicted foraging intensity, we plotted model values by
year and month and validated them with independent data of population counts. Specifically, we calculated time series of QVC values for spatial predictions within the maximum
foraging radius of Canungra (30km) and compared them to the median value of monthly
population counts observed at Canungra from 2008–2014 using a Pearson’s product moment test. We focus on the Canungra roost here, because consistent monthly population
counts were performed at this roost from 2008–2014 (performed by the Queensland Department of Environment and Heritage Protection as part of the Southeast Queensland
Flying-fox Monitoring Program). Population counts were also performed at the Boonah
roost from 2011–2014, however, this roost was subjected to repeated dispersal attempts
during this time, leading up to its removal in 2014. We also explored the connection between model predictions across the whole study area from 2006–2015, and a broad climate
indicator, the Southern Oscillation Index (SOI; obtained from the Bureau of Meteorology
at www.bom.gov.au/climate). In this case, we calculated the cross-correlation function between the temporal summary of the model and the 3-month moving average of monthly SOI
values at time-lags of up to 18 months. All data processing and modeling was performed in
the R statistical language using the ‘raster’ and ‘dismo’ packages (R Core Team 2016).

4.4

Results

Spatiotemporal aggregation of foraging stops used by our 37 GHFFs served as a capable
count response to model the environmental characteristics of Eucalypt flowering and bat
foraging intensity. Model selection criteria based on performance within the 5-fold spatial
cross validation structure returned 27 models giving the mean Poisson deviance and MSE
(Table 4.S2). The selected model (tc = 9, lr = 0.001, bf = 0.6, number trees = 3400) had
the lowest mean Poisson deviance (2.54) and MSE (4.11) while fitting > 1000 trees. When
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the selected model was refitted with all data, it fitted 5100 trees. The final model provided a
valid fit to the data with evenly distributed residuals and an R2 value of 0.48 (Figure 4.S4).
Partial dependence plots (Figure 4.2) show that the fitted function is highest for foraging areas within 25km of the home roost. Higher values of foraging intensity were fitted when vegetation indices (EWDI1, ECBRR, and ECARR; green plots in Figure 4.2)
first increase over 9–12 months then decrease over 3 months, and then remain low during months of foraging activity. This suggests that there is a sequence of key seasonal
time periods prior to foraging when phenological changes in Eucalypts occur (e.g. growth
phase, bud production, anthesis), leading to flowering and nectar availability in the following months. In terms of climatic conditions, temperature variables (red plots in Figure 4.2) show that predicted foraging intensity falls dramatically when average minimum
temperature (AVGtmn_1mo ) rises above 20◦ C, but it increases when the minimum temperature anomaly (ANOMtmn_1mo) is negative (representing an especially cool month).
Precipitation variables (blue plots in Figure 4.2) show that severe decreases in precipitation
over 6 months (PREC_1mo_6mo) are not associated with foraging activity, and high values
(> 1000mm) of cumulative rainfall over the preceding 9 months (PREC_9mo) coincide
with a dramatic decrease in predicted foraging activity. Interactions between environmental
variables provide further description of the fitted function. Specifically, the highest levels
of foraging activity are fitted when both of the following conditions are met: 1) monthly
precipitation is significantly less than the prior year and < 200mm of rainfall in the preceding 3 months, and 2) the minimum temperature anomaly of the preceding 9 months
is low and coincides with a decrease in ECARR over 3 months (Figure 4.3). In general,
the partial dependence plots and interactions indicate that foraging activity is more intense
when conditions are cooler with relatively reduced precipitation compared with previous
months, and photosynthetic productivity in Eucalypts diminishes. This emphasizes the importance of past conditions (3–12 months previous) that are warmer and wetter, suggesting
that a moderate transition from warm/wet to cool/dry is a primary environmental driver of
Eucalypt flowering and flying-fox foraging activity within our study area.
When the final model is projected across the study area, foraging intensity exhibits a
patchy spatial distribution that is qualitatively consistent with typical heterogeneous patterns of Eucalypt flowering (Figure 4.S5). Similarly, when plotted as a time series and
aggregated by year (Figures 4.S6 and 4.4 respectively), model predictions display interannual variability analogous to the well-known interannual variation of flowering cycles
observed in Eucalypts. Model predictions summarized by month for foraging areas within
30km of the Canungra roost show that the measure of spatial resource concentration (QVC)
is typically higher in mid-summer and early autumn (Dec–Mar; Figure 4.4). When we compared monthly values of the model to independent monthly population counts observed at
Canungra from 2008–2014, we found a significant correlation, giving strong validation that
the fitted model adequately captures seasonal trends in foraging intensity (r = 0.74, 95% CI
= 0.28, 0.92, p = 0.006, n = 12; Figure 4.4). Comparison of the model to population counts
across years did not show a significant correlation (r = 0.31, 95% CI = -0.58, 0.86, p = 0.5,
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n = 5). Qualitatively, however, from 2008–2014, the model predicts the highest foraging
intensity in 2010 and 2013, the same years in which median population counts are highest.
More broadly, time-lagged cross correlation reveals that model predictions are significant
and positively correlated with the SOI values 3–8 months previous (n = 120; Figures 4.5
and 4.S8), as seen by slightly lagged alignment of peaks in predicted foraging intensity
with troughs in SOI values. This suggests a connection between time-lagged environmental
drivers of concentrated foraging activity and broad climate patterns that determine the El
Niño Southern Oscillation (ENSO) for eastern Australia.

4.5

Discussion

We developed the first spatiotemporal model of flying-fox foraging intensity. Our model is
validated by independent data of seasonal bat population counts and provides the first quantitative link between bat foraging dynamics and cycles of the ENSO. Specifically, increased
rainfall and minimum temperatures (typical of La Niña events and favorable for the growth
of Eucalypts) in preceding seasons drive flowering and spatially concentrated foraging intensity in the following Autumn. We also found that, in the same region as our study area,
both observed prevalence of Hendra virus in bat populations, and occurrence of spillover to
horses, aligns with seasonal and annual periods when our model indicates low concentration of nectar-based resources, suggesting that nectar-based resource availability impacts the
ecological conditions surrounding prevalence and spillover. Further, future climate changes
will likely alter climatic conditions during important growth phases of Eucalypts, affecting
the spatiotemporal distribution of nectar-based foraging resources for flying-foxes, which
could have implications for both Hendra virus ecological dynamics and strategies for habitat
conservation.
Previous research into the movement ecology of bats has shown important aspects of
mobility and habitat preference. Telemetry and GPS tracking studies have looked at the
scale of movement (Richter and Cumming 2008, Roberts et al. 2012, Spencer et al. 1991),
habitat preference (Field et al. 2015a, Markus and Hall 2004), and seasonal differences
in foraging behavior between wet and dry seasons (Fahr et al. 2015) in several species of
flying-fox, which emphasize that mobility and generalist foraging behavior allow population redistribution in response to food resources. Previous studies have also modeled the
spatial extent of bat habitat using roost locations (Martin et al. 2016, Parsons et al. 2010,
Smith et al. 2014). However, models based on roost locations are limited when describing
foraging habitat. Giles et al. (2016) modeled population occupancy and abundance at day
roosts with proxies of Eucalypt flowering. They addressed the discrepancy between roosting
and foraging habitat by taking a spatially weighted sample of model predictors within areas
know to contain diet species of bats. However, robust models of foraging habitat require
explicit data of occupied foraging areas. Parry et al. (2017, in prep) tracked a large number
of individuals in order to model foraging decisions and their resulting movement patterns
at the individual level. The high-resolution tracking data in their study allowed us to define
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times and locations of foraging areas with high confidence. Hence, our study combines
tracking data from Westcott et al. (2015b) and Parry et al. (2017, in prep) with spatial proxy
variables of Eucalypt phenology from Giles et al. (2016) to build a novel spatiotemporal
model of foraging intensity at the regional scale, which serves as a proof of concept that can
be extended to the landscape scale.

4.5.1

Environmental drivers of flowering and foraging

Environmental variables that predict bat foraging intensity are concurrent with known climatic triggers of Eucalypt flowering. We found that high predicted values of foraging intensity were associated with long-term increases (9–12 months) but short-term decreases (3
months) in Eucalypt vegetation indices (green plots in Figure 4.2), indicating that extended
periods of high photosynthetic productivity, followed by a rapid decrease, occur prior to
foraging. This suggests that a slowing of vegetative growth in the Eucalypt canopy is an
important precursor to foraging activity, which is consistent with the reproductive phenology of Eucalypts. Generally, growth and flowering are separate processes, where vegetative growth is suppressed in favor of bud development and floral initiation (Pook 1984,
Williams and Woinarski 1997), such that flowering is initiated during cooler periods after
the spring/summer growth phase (as documented for Eucalyptus regnans, E. maculata, and
E. acmenoides; Ashton 1975, Specht and Brouwer 1975).
In terms of climate, we found that foraging intensity was higher during relatively cool
and dry periods, which have been preceded by warmer and wetter conditions. Interaction
plots (Figure 4.3) show that flowering and foraging is favored when precipitation slows over
the preceding year, indicating that previous rainfall followed by a transition from wet to dry
is important. Similarly, Law et al. (2000) observed that, for 20 species of Eucalypts in northern New South Wales, the greatest flowering in a 10 year period occurred 9 months after
an above average rainfall event. Further, it is interesting that partial dependence plots (blue
plots in Figure 4.2) indicate that for the region of our study area, changes in precipitation
must be relatively mild, and that extreme transitions (e.g. an exceedingly wet period followed by an average one, or an average period followed by a drought) may not be amenable
to flowering. We speculate that during wet periods, Eucalypt forests may forgo flowering in
favor of continued growth, and during a drought, dry conditions inhibit flowering and nectar
production due to moisture stress.
When considering temperature, we found that flowering and foraging is associated with
low minimum temperatures (below 19◦ C) in the preceding month (red plots in Figure 4.2).
Likewise, Law et al. (2000) showed that prior cool temperatures were the most consistent climatic trigger for flowering in nine Eucalypt species in northern New South Wales.
In more southern species, Specht and Brouwer (1975) note that E. regnans undergoes a
growth phase during spring/summer, which is halted when mean temperatures drop below
16–18◦ C, followed by autumn flowering (Ashton 1975), and Moncur (1992) demonstrated
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floral induction in E. lansdowneana below 10–15◦ C. Our model results complement previous studies on flowering phenology within the context of flying-fox foraging ecology,
showing that cool temperatures are an important seasonal climatic trigger determining the
timing of flowering in Eucalypts, which leads to nectar-based resources for flying-foxes.
Beyond seasonal climatic drivers, we observed a positive correlation between spatial
concentration of nectar foraging and values of the SOI at a temporal lag of 3–8 months
(Figure 4.S8), indicating that previous climatic conditions associated with La Niña have a
cumulative affect on flowering phenology and resulting foraging by flying-foxes. Its has
been known for some time that the state of the ENSO can predict spring/summer rainfall for
eastern Australia (Chiew et al. 1998), so the observed correlation is not entirely surprising.
SOI values above zero are associated with La Niña cycles, where increased ocean surface
temperatures increase cloud cover, humidity, rainfall, and minimum temperatures for southeastern Queensland (Australian Bureau of Meteorology 2016). Eucalypt forests may forgo
flowering to remain in a growth phase during the amenable conditions of La Niña, until
drier and cooler conditions of a neutral phase trigger flowering. Physiological response to
climatic conditions during La Niña in this manner may temporarily synchronize growth and
flowering phenology of Eucalypts within a region, by means of the Moran effect (Koenig
2002). In which case, sustained growth phase is followed by a strong pulse of synchronized flowering, leading to spatially concentrated nectar sources and aggregated foraging
behavior in flying-foxes. Consequently, the timing of ENSO cycle changes (i.e. La Niña to
neutral phase) may be a general driver of the notorious inter-annual periodicity of Eucalypt
growth and flowering phenology, and the erratic patterns of redistribution characteristic of
flying-fox populations.

4.5.2

Foraging dynamics and Hendra virus ecology

Seasonal and annual trends in model predictions indicate that nectar-based foraging for
flying-foxes has important implications for Hendra virus disease ecology. Seasonal trends
in the model predict peaks in spatial resource concentration in Autumn, followed by low
values in the winter. Coincidentally, Field et al. (2015b) and Páez et al. (2017) show that
peak Hendra virus prevalence in bat populations also occurs in the winter, which may indicate epidemiological drivers of Hendra virus prevalence in bat roosts in response to resource
scarcity. Páez et al. (2017) found that measures of climate in preceding seasons (similar to
those used in our model) in combination with the number of BFF could predict peaks in
Hendra virus prevalence. Specifically, they found that when hot and dry conditions in the
previous spring/summer coincide with larger number of BFF, peaks in Hendra virus are
higher and occur earlier in the winter season. Based on our model and its correlation with
the SOI, warmer and drier conditions in the spring/summer (typical of the El Niño phase
of ENSO), appear connected with both reduced flowering and foraging in the following autumn, and larger peaks in Hendra virus prevalence that occur earlier in the winter season.
Following Plowright et al. (2016), a period of resource scarcity could impact viral preva-
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lence through increased contact rates and connectivity between local roosts due to more
dispersed foraging behavior in the region, and/or the local population size could temporarily exceed the carrying capacity of the region causing a period of nutritional stress and viral
excretion due to impaired immunocompetence of individual bats.
Spillover events in the region follow a similar pattern with winter occurrence (Plowright
et al. 2015). Plowright et al. (2015) also note that there was an unprecedented cluster of
spillover events in the winter of 2011 in southern Queensland and northern New South
Wales, a year in which our model predicts the lowest concentration of nectar-based resources around Canungra (Figures 4.4 and 4.S7). We therefore hypothesize that periods of
low spatial concentration of nectar resources result in dispersed foraging behavior among
resident GHFF and BFF individuals, which increases the number of bats (especially BFF
based on their more generalist foraging capacity) foraging in horse paddocks. In this manner, the type of population distribution across the landscape (e.g. aggregated during resource
plenty or dispersed during resource scarcity) determines where virus can be excreted into
the environment, providing the first enabling factor for spillover to horses (Plowright et al.
2015).
The role of foraging behavior in bat population distribution and Hendra virus ecology
emphasizes the importance for coherent management actions which preserve or enhance
flying-fox foraging habitat. This is especially timely because a 2013 amendment to the
Vegetation Management Act has loosened regulations on remnant and old growth forest
clearing, with evidence suggesting a recent resurgence of vegetation clearing in Queensland
(Laurance et al. 2015). If continued, rates of clearing could quickly return to those in the
1990s when Queensland was labeled a world deforestation ‘hotspot’ (Lepers et al. 2005).
The impacts of clearing on bat populations and risk of spillover may not be observed until
subsequent foraging bottlenecks occur due to annual or inter-annual cycles in climate. For
instance, cleared foraging areas for bats may not cause significant changes in nectar resource
availability and foraging behavior until the next El Niño phase when warmer and dryer
spring/summer conditions cause poor flowering in the following autumn. The time-lagged
effects of deforestation and habitat fragmentation, therefore, present significant challenges
when studying the ecological impacts of landscape change. Hence, habitat conservation
strategies should employ analyses on the dynamic changes in flowering and foraging over
time to identify areas that: 1) offer consistent winter flowering species, and 2) contain
species that produce large amounts of nectar on an inter-annual basis, and seek to preserve
these areas, or even establish new areas to plant important diet species. Such a conservation
strategy targets both temporal and spatial gaps in nectar-based resources.
Our work here employs modern tools in animal tracking and spatial analysis that have
enabled a robust model of the environmental drivers of flying-fox foraging patterns; however, there are three important limitations inherent in the data that must be considered. First,
the data that we used to define foraging areas of bats came from 37 individuals roosting at
Boonah and Canungra between June 2013–February 2015. Although we have high confi-
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dence in our definition of foraging areas, we must assume that the areas used by our 37
individuals are representative of a larger population. Second, there is likely spatial autocorrelation in the foraging area data (even after we clustered foraging stops in to areas). We
therefore designed a modeling approach that reduces this influence by aggregating foraging
areas to more coarse spatial and temporal scales, utilizing the ’bagging’ technique within
the BRT algorithm, including distance from the home roost as a predictor, and by determining model meta-parameters using a 5-fold spatial cross validation structure. Even with
appropriate precautions, it is difficult to completely remove the confounding effects of autocorrelation in the data. Third, there is heterogeneous species richness in Eucalypts within
the study area, which may lead to diverse responses to climate. There is likely variability
in foraging dynamics that is not included in our model, because the model predictions are
summarized over coarse spatial and temporal scales in order to draw broader inferences.
This is a trade-off that must be made in order to describe the general environmental drivers
of flowering and bat foraging within the region of our two study roosts over time. Therefore, our conclusions are relative to observed foraging activity within our study area, and
differences in Eucalypt species richness and regional climate regimes may lead to different
results in other regions.
So then, are we any further along than Ratcliffe in implementing ’more educated conservation’? Recent dispersal actions (Welbergen and Eby 2016) indicate that, in terms of
implementation, the answer is no. However, we are making progress in understanding the
dynamics of bat population distribution, which is difficult given the spatial scale at which
they operate. Here we showed that the climatic responses of Eucalypt phenology drive of
bat foraging, which has important implications for bat population distribution, Hendra virus
ecology, and conservation strategy. This provides additional ecological context to previous
work, and connects ecosystem phenology to broader climatic drivers such as the ENSO, allowing speculation about the future impacts of climate changes. For example, under future
climate predictions, the frequency of El Niño cycles are expected to increase, with more irregular timing (Timmermann et al. 1999). Based on our data and model, this would result in
less reliable temperatures and rainfall in spring/summer seasons, contributing to a decrease
in the spatial concentration of flowering and foraging in our study area. Therefore, future
research that takes the concepts presented here, and applies them to the landscape scale
could produce a useful spatiotemporal map defining priority conservation areas that provide
sufficient foraging habitat over time. Additionally, mechanistic models of bat distribution
that include this information would help to understand the spatiotemporal distribution of bat
populations in a human-dominated landscape, and the potential for food resource phenology
to drive Hendra virus ecological dynamics.
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Figure 4.1: Study area of analysis, defined by the maximum observed foraging radius (46km
for Boonah and 30km for Canungra), is plotted with unfiltered foraging areas (red points).
Location of the roosts at Boonah and Canungra are shown as a green triangle and square
respectively. The four black exes indicate foraging areas that were deemed outliers based
on their proximity to different roosting sites. The background shows the distribution of
the Eucalypt Chlorophyll a Reflectance Ratio (ECARR) which indicates areas with dense
vegetation as light yellow and areas of less-dense vegetation as light blue.
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Figure 4.5: Spatial model predictions for the region of SEQ (within ∼50km of both Boonah and Canungra roosts plotted with the Southern Oscillation Index
(SOI). Maximum values of model predictions are significantly negatively correlated with SOI values (red line)
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Figure 4.S1: The histogram for the full unfiltered data set is shown in grey at the top left,
with the number of foraging stops (x-axis) plotted by month (y-axis). Histograms for filtered
data (clustered foraging stops, urban points removed, aggregated to resolution of environmental data) are shown in blue, with the number of foraging areas (x-axis) plotted by month
(y-axis). Data were not retrieved from individual bats in Mar/Apr and Sep/Oct (see top
right). Foraging activity tends to occur in the winter around the Boonah roost, and in the
summer around the Canungra roost.
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Figure 4.S2: Foraging areas within 500m of urban and peri-urban areas (white spaces)
are excluded from the analysis and depicted as red circles. Black circles indicate foraging
areas that are greater than 500m from urban and peri-urban areas, and are thus retained for
modeling.
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Figure 4.S3: The cross validation design for testing BRT models assigns points to one of 5
randomly assigned 5km grid cells. Each color indicates membership to one of the 5 folds.

Description

Eucalypt chlorophyll a reflectance ratio

Change in ECARR over 3 months

Change in ECARR over 6 months

Change in ECARR over 9 months

Change in ECARR over 12 months

Eucalypt chlorophyll b reflectance ratio

Change in ECBRR over 3 months

Change in ECBRR over 6 months

Change in ECBRR over 9 months

Change in ECBRR over 12 months

Eucalypt wetness difference index 1

Change in EWDI1 over 3 months

Change in EWDI1 over 6 months

Change in EWDI1 over 9 months

Change in EWDI1 over 12 months

Eucalypt wetness difference index 2

Change in EWDI2 over 3 months

Change in EWDI2 over 6 months

Change in EWDI2 over 9 months

Change in EWDI2 over 12 months

Name

ECARR

ECARR_3mo

ECARR_6mo

ECARR_9mo

ECARR_12mo

ECBRR

ECBRR_3mo

ECBRR_6mo

ECBRR_9mo

ECBRR_12mo

EWDI1

EWDI1_3mo

EWDI1_6mo

EWDI1_9mo

EWDI1_12mo

EWDI2

EWDI2_3mo

EWDI2_6mo

EWDI2_9mo

EWDI2_12mo

EWDI2t − EWDI2t−12months

EWDI2t − EWDI2t−9months

EWDI2t − EWDI2t−6months

EWDI2t − EWDI2t−3months

0.045 × [(Band2 − Band6)/(Band2 − Band7)] − 0.014

EWDI1t − EWDI1t−12months

EWDI1t − EWDI1t−9months

EWDI1t − EWDI1t−6months

EWDI1t − EWDI1t−3months

0.08 × [(Band2 − Band7)/(Band2 − Band6)] − 0.052

ECBRRt − ECBRRt−12months

ECBRRt − ECBRRt−9months

ECBRRt − ECBRRt−6months

ECBRRt − ECBRRt−3months

0.0337 × (Band1/Band4)1.8695

ECARRt − ECARRt−12months

ECARRt − ECARRt−9months

ECARRt − ECARRt−6months

ECARRt − ECARRt−3months

0.0161 × [Band2/(Band4 × Band1)]0.7784

Formula

Table 4.S1: A complete list of all environmental variables explored in the model.
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Cumulative minimum temperature anomoly over preceding month

Cumulative minimum temperature anomoly over preceding 3 months

Cumulative minimum temperature anomoly over preceding 6 months

Cumulative minimum temperature anomoly over preceding 9 months

Cumulative minimum temperature anomoly over preceding 12 months

Cumulative maximum temperature anomoly over preceding month

Cumulative maximum temperature anomoly over preceding 3 months

Cumulative maximum temperature anomoly over preceding 6 months

Cumulative maximum temperature anomoly over preceding 9 months

Cumulative maximum temperature anomoly over preceding 12 months

Average minimum temperature of preceding month

Average maximum temperature of preceding month

Cumulative precipitation of the preceding month

Cumulative precipitation of the preceding 3 months

Cumulative precipitation of the preceding 6 months

Cumulative precipitation of the preceding 9 months

Cumulative precipitation of the preceding 12 months

Change in PREC_1mo over 3 months

Change in PREC_1mo over 6 months

Change in PREC_1mo over 9 months

Change in PREC_1mo over 12 months

ANOMtmn_1mo

ANOMtmn_3mo

ANOMtmn_6mo

ANOMtmn_9mo

ANOMtmn_12mo

ANOMtmx_1mo

ANOMtmx_3mo

ANOMtmx_6mo

ANOMtmx_9mo

ANOMtmx_12mo

AVGtmn_1mo

AVGtmx_1mo

PREC_1mo

PREC_3mo

PREC_6mo

PREC_9mo

PREC_12mo

PREC_1mo_3mo

PREC_1mo_6mo

PREC_1mo_9mo

PREC_1mo_12mo

PREC_1mot − PREC_1mot−12months

PREC_1mot − PREC_1mot−9months

PREC_1mot − PREC_1mot−6months

PREC_1mot − PREC_1mot−3months
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Table 4.S2: Performance of BRT models within the 5-fold gridded cross validation structure using different combinations of meta-parameters: tree complexity (tc), learning rate
(lr), and bagging fraction (bf ). Performance measures reported are mean Poisson deviance
and mean squared error (MSE) of the model across the 5-folds. The meta-parameter combination with the lowest mean deviance and MSE, and > 1000 fitted trees is shown in bold.
tree complexity

learning rate

bagging fraction

no. trees

mean deviance

MSE

5
5
5
5
5
5
5
5
5
7
7
7
7
7
7
7
7
7
9
9
9
9
9
9
9
9
9

0.005
0.005
0.005
0.001
0.001
0.001
0.0005
0.0005
0.0005
0.005
0.005
0.005
0.001
0.001
0.001
0.0005
0.0005
0.0005
0.005
0.005
0.005
0.001
0.001
0.001
0.0005
0.0005
0.0005

0.5
0.6
0.7
0.5
0.6
0.7
0.5
0.6
0.7
0.5
0.6
0.7
0.5
0.6
0.7
0.5
0.6
0.7
0.5
0.6
0.7
0.5
0.6
0.7
0.5
0.6
0.7

850
950
1200
4450
5000
5200
8850
10000
9150
650
950
700
3200
4400
4000
5600
8200
7200
350
600
650
2200
3400
3600
4550
6750
7000

2.96
2.68
2.62
2.79
2.74
2.81
3.13
3.06
3.06
2.78
2.55
2.67
2.74
2.68
2.61
2.95
2.72
2.70
3.03
2.68
2.51
2.83
2.54
2.54
2.96
2.59
2.57

4.68
4.38
4.35
4.46
4.42
4.55
4.90
4.84
4.88
4.40
4.18
4.33
4.36
4.30
4.24
4.60
4.34
4.34
4.68
4.28
4.09
4.42
4.11
4.13
4.58
4.15
4.16
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Figure 4.S4: Standard model validation plots with fitted values versus model residuals on
the left, and observed counts versus fitted values on the right. Both plots show adequate
model fit with an R2 value of 0.48.

Figure 4.S5: Monthly predictions of the final BRT model from 2005-2014. Predicted number of foraging stops is shown from dark blue (Y = 0), to red (Y = 16).
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Figure 4.S6: A time series of BRT model predictions for the study area (maximum foraging radius around both Boonah and Canungra roosts). The violin plots
show the distribution of all cell values within the study area and the blue line shows the change of the median value over time.
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Figure 4.S7: A univariate time series of model predictions within a 30km foraging radius of the Canungra roost.
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Summary
Understanding infection dynamics in animal hosts is fundamental to managing spillover
and emergence of zoonotic infections. Hendra virus is endemic in Australian pteropid bat
populations and can be lethal to horses and humans. However, we know little about the
factors driving Hendra virus prevalence in bats, making spillover difficult to predict. We
use Hendra virus prevalence data collected from 13000 pooled bat urine samples across
space and time to determine whether large pulses of prevalence occur periodically and are
synchronized across sites. We also test whether site-specific precipitation and temperature
affect the amplitude of the largest annual prevalence pulses. We found little evidence for
a periodic signal in Hendra virus prevalence even if the largest-amplitude annual pulses
tended to occur over winter months. We found that Hendra virus prevalence was weakly
synchronized across sites over short distances, suggesting that prevalence is driven by localscale effects. Finally, we found that drier conditions, in previous seasons and the relative
abundance of P. alecto were positively correlated with pulse amplitudes of Hendra virus
prevalence. Our results suggest that density-dependent effects of bat abundance and densityindependent effects of climate interact in complex ways over local geographical scales to
drive Hendra virus infection dynamics

112

Introduction

1

Bats have increasingly been identified as reservoirs of pathogens that can spill over to hu-

2

mans, including rabies, SARS, Ebola, Marburg, Nipah, and Hendra virus 1–3 . To understand

3

the conditions that enable pathogens to spill over from bats to other species, we first need

4

to understand the mechanisms driving pathogen dynamics within reservoir hosts. Although

5

the ecological precursors driving emergence and spillover in these systems are difficult to

6

discern, spillover events are often associated with a sharp increase, or a pulse, in pathogen

7

prevalence in nature 4,5 , but such pulses often display considerable variation in amplitudes

8

and timing 6 . Quantifying spatiotemporal variation and identifying biotic and abiotic condi-

9

tions associated with disease pulses will, therefore, allow us to develop data-driven predic-

10

tions of transmission and spillover that will improve our strategies for public health man-

11

agement 1,7 .

12

One challenge in understanding the ecology of zoonotic diseases stems from data

13

availability. Emerging zoonotic diseases can be difficult to sample if spillover is sporadic

14

and the ecological and evolutionary history of the pathogen(s) is unknown. However, when

15

logistic considerations permit, longitudinal studies across time and space provide the oppor-

16

tunity to identify biotic and abiotic factors associated with changes in disease prevalence 8,9 .

17

Studies of wildlife diseases have therefore made increasing efforts to collect longitudinal

18

data across both space and time 10 , but such studies are still rare, particularly for zoonotic

19

diseases.

20

Significant equine and human fatalities occurring when Hendra virus emerged in

21

1994 alerted public health authorities and prompted wide-scale investigations into the source

22

of the spillover 11 . Although pteropid bats of Australia were eventually identified as the nat-

23

ural reservoir hosts of Hendra virus 12 , we have only recently begun to understand causes

24

of spatiotemporal variation in Hendra virus prevalence. For instance, recent studies suggest

25

that Hendra virus fluctuates on an annual cycle (peaking during winter months in subtrop-

26

ical Australia), 6 ; however, periodic signals have not been quantified and the synchrony or

27

spatial scale of these fluctuations are unknown. Such inferences would provide the basis

28

for understanding and predicting changes in disease incidence, and therefore changes in

29

spillover risk 13–15 .

30

In addition to descriptive patterns of temporal and spatial variation, other studies

31

show associations between bat species and Hendra virus prevalence, with most evidence

32

suggesting that variation in prevalence is explained by the relative abundances of spectacled

33

(P. conspicillatus) and black (P. alecto) flying foxes 16–19 . P. alecto is of particular concern

34

because this species is widely distributed in coastal northeastern Australia, and often forages

35

in urban and peri-urban areas 20,21 . P. alecto is also expanding its range southwards and

36

permanently occupying urban habitats 20,22 . Like most other chiropterans, pteropid bats are

37

difficult to study in nature or in the lab, limiting our knowledge of the between- and within-

38

host dynamics of Hendra virus, and ultimately making inference into patterns of emergence
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39

and spillover a significant challenge 1,7,23 .

40

Nevertheless, previous studies have proposed several hypotheses about the mecha-

41

nisms explaining the temporally-discrete pulses of disease incidence 7 . First, pulses may

42

be driven by spatiotemporal variation in population density and contact rates, with birth

43

or immigration providing an influx of susceptible individuals. Spatio-temporal data could

44

provide support for this hypothesis if pulses of Hendra virus are associated with increased

45

bat density. Second, pulses in Hendra virus prevalence may result from viral reactivation in

46

chronically or persistently infected individuals 4,7 . Environmental conditions that increase

47

physiological stress, such as low food abundance 24 or high temperatures 25 could favor vi-

48

ral reactivation and could, therefore, be correlated with the timing or magnitude of pulses.

49

These hypotheses are not mutually exclusive, and patterns of spatiotemporal variation may

50

provide inferences to help us decipher the drivers of Hendra virus prevalence.

51

Here, we use the Hendra virus spatiotemporal data from 6 to determine whether Hen-

52

dra virus prevalence is characterized by periodic or seasonal fluctuations and to quantify the

53

population synchrony and spatial scale of these fluctuations. Because we find considerable

54

variation in the timing and amplitude of Hendra virus pulses across sites but little spatial

55

synchrony, we then test whether local biotic and abiotic conditions can help us explain the

56

timing and amplitude of Hendra virus pulses.

57

Materials and methods

58

Hendra virus sampling

59

We use data of Hendra virus prevalence and population counts of bat abundance collected

60

over 3.5 years across a latitudinal gradient of eastern Australia presented in 6 . To measure

61

Hendra virus prevalence 6 , used an under-roost sampling technique, where pooled urine

62

samples were collected from discrete areas within plastic sheets placed under bat roosts.

63

Pooled urine from these areas were then used to conduct quantitative RT-PCR to determine

64

the presence or absence of Hendra virus based on the detection of specific RNA sequences.

65

Thus we define prevalence based on Hendra virus detection per pooled urine sample, rather

66

than per individual bat. Previous work has demonstrated that this protocol is a robust ap-

67

proach to measure Hendra virus prevalence over long distances and periods of time 19 . In

68

the data set, each pooled urine sample was thus associated with a discrete area within an

69

individual sampling sheet, a roost location and a date 6 . The data also contain qualitative

70

counts of bat species, P. alecto, P. scapulatus, P.conspicillatus and P. poliocephalus, which

71

were recorded at the population (roost) level.

72

To describe abiotic factors at each roost, we then acquired climate data (5km raster

73

grids) from the Australian Bureau of Meteorology in the form of minimum and maximum

74

daily temperature, and total daily rainfall for 2011–2014. We processed these into average
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75

monthly minimum and maximum temperature and monthly cumulative precipitation spe-

76

cific to each site 26 , but had to exclude Cairns Central as we did not have information spe-

77

cific for this roosting site due to limited availability of climate data. The climate variables

78

were further aggregated into annual quarterly intervals to summarize the average minimum

79

and maximum temperature and average monthly rainfall for each season (i.e. winter, spring,

80

summer; discussed further below).

81

Statistical modelling

82

Broad sources of variation in Hendra virus prevalence

83

We used data from the 11 sites that had the best temporal representation such that each

84

selected site had data for at least 50% of the total monthly samples (i.e. from January 2012

85

to November 2014), spanning the latitudinal gradient of Hendra virus occurrence in eastern

86

Australia (Fig 1). On these data, we fit a generalized mixed effects model to quantify the

87

effects of among-sheet, among-site, and among-year variation, while taking into account

88

the effect of bat abundance. Specifically, the log bat abundances were fit as fixed effects

89

whereas the sampling sheet, sampling site, and the year of sampling were fit as random

90

effects in a mixed effects logistic regression model.

91

Because the results from this model suggested that Hendra virus prevalence varied

92

across time and space, we subsequently evaluated the spatiotemporal variation of Hendra

93

virus prevalence. However, due to logistical challenges in field sampling, site-specific time

94

series contained missing prevalence data. We, therefore, used a multiple imputation proto-

95

col that allowed us to predict the values of missing prevalence data based on the temporal

96

trend of the measured values and additional knowledge of Hendra virus prevalence avail-

97

able from the neighboring sites of a focal site 27 . Specifically, we predicted the values of

98

missing data using a polynomial function of time which we fit to the observed time series.

99

In addition, we built priors for some of the missing data using the mean and variance in

100

Hendra virus prevalence across nearby sites, within 300 km (see Fig 1). However, we used

101

uninformative priors in cases where the variance in Hendra virus prevalence could not be

102

calculated (i.e when only one data point existed for a given date, or in cases where preva-

103

lence across all sites was 0). Preliminary simulations suggested that this imputation pro-

104

cedure outperformed other procedures such as the application of Kalman filters or simpler

105

spline functions (results not shown), but prediction of a large number of sequential missing

106

values (characteristic of all sites from Jul 2011 to Jan 2012) was poor (See supp info Fig

107

S1 and Fig S2). Therefore, in the main text we show analyses conducted on time series

108

containing predicted values from January 2012 to November 2014 (but analyses starting in

109

2011 are presented in the supplementary information).
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110

Temporal and spatial variation

111

After predicting missing values in time series, we quantified patterns of temporal change

112

in Hendra virus prevalence such as site-specific periodicities using spectral decompositions

113

and wavelet transforms of time series. While calculating spectral densities, we adopted

114

the standard practice of using local regression (loess) smoothing 28 to de-trend time series,

115

which improves the stationarity of time series 29 . We calculated the spectral density of the

116

de-trended time series of prevalence and calculated their periodicity by using the inverse

117

of the highest frequency value across the spectrum 29 . We further used a re-sampling pro-

118

cedure similar to bootstrapping to account for the measurement error in prevalence (see

119

supplementary Fig S1 and S2). Specifically, for each of 104 samples, we drew monthly

120

values of the time series from a uniform distribution with lower and upper bounds equal

121

to the lower and upper 95 percentiles of the time series values (as seen in Fig S1 and Fig

122

S2). We then used these draws as the probability of success for time series values under a

123

binomial distribution, setting the number of observations of the binomial draw equal to the

124

number of samples collected for the particular data point. If the data point was a predicted

125

value, we instead set the number of observations for the binomial draw to the average num-

126

ber of samples across the time series. We then re-estimated the periodicity of Hendra virus

127

prevalence and calculated the median, mean, interquartile range, and 95 percentiles across

128

all realizations.

129

We also used wavelet transforms as an alternative method to quantify time series

130

periodicity of Hendra virus prevalence. In contrast to the calculation of spectral densities,

131

which assume stationarity of time series, no a priori assumptions are needed to quantify

132

periodic signals using wavelet transforms 30 . Furthermore, wavelet transforms are useful

133

to detect periodic signals that are localized in time 30 . To conduct wavelet transforms, we

134

employed a Morlet mother wavelet to then find significant periodic signals across time se-

135

ries 30–32 .

136

In addition to testing for periodic signals of Hendra virus prevalence, we formally

137

tested the hypothesis that the largest-amplitude pulses of Hendra virus occur over winter

138

(June to August in sub-tropical and temperate Australia). For this, we only used the mea-

139

sured prevalence values (i.e. omitting the predicted values), and for each site, we extracted

140

both timing and amplitude of the largest-amplitude annual pulse. We then used a mixed

141

effects logistic regression, to model the pulse amplitude as a function of its timing, while

142

accounting for the effects of sampling site and year by fitting these variables as random

143

effects. We also fit a quadratic effect associated with the timing of the pulse to specifically

144

test whether the largest amplitude annual pulse occurs more often over winter (i.e. calendar

145

months 6-8) and included the latitudinal coordinate of each site as a fixed effect to account

146

for latitudinal effects (additional analyses of regional differences in large-amplitude pulses

147

are described in the supplementary material).

148

We explored patterns of spatial variation in Hendra virus prevalence by quantifying
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149

synchrony across the 11 sites using Pearson’s cross-correlations between the time-series 33 .

150

We employed a non-parametric covariance function which fits a smoothing spline to esti-

151

mate the change of cross-correlations with geographical distance 33 . We conducted these

152

analyses on the “raw" prevalence data but also on the first-differenced time series which

153

allowed us to test for synchrony in the change in prevalence between successive values.

154

We based our statistical inference on the 95

155

re-sampled site-specific time series with replacement to re-calculate cross correlations 33 .

156

To assure that the imputation procedure described above did not increase the strength of

157

the correlations between time series, we also conducted these analyses using data in which

158

missing values were predicted without prior information and also using data that completely

159

excluded predicted values (which reduced power to detect significant effects). However,

160

because the results from these analyses led to the same interpretation (Fig S7), we only

161

present the analyses conducted on time series from 2012 onward, in which predicted values

162

for missing data were obtained using prior information.

163

Biotic and abiotic environmental variables

164

Nectar produced in Eucalyptus flowers are a primary food source for mobile populations of

165

flying foxes, but budding and flower production depends on the climatic conditions, such

166

as temperature and precipitation in preceding seasons 34 . To test the effects of temperature,

167

precipitation, and bat abundance on Hendra virus pulse amplitude and timing, we used gen-

168

eralized mixed effects models (and again omitted predicted values). Specifically, for each

169

location, we used average values of precipitation, minimum temperatures, and maximum

170

temperatures at four different times: (i) at the time of the pulse to test if immediate effects

171

of climate explain pulse amplitude and timing; (ii) over the previous summer (December–

172

March), (iii) spring (September–November) and (iv) winter (June–August) to determine if

173

these climatic factors have delayed effects on pulse amplitude and timing. At the time of

174

the pulse (i.e. scenario (i)), we also examined whether bat species density had an effect on

175

the amplitude and the timing of the pulse. In each scenario, we fit pulse amplitude or pulse

176

timing as response variables, with average precipitation, minimum temperature, maximum

177

temperature, and bat density as explanatory fixed effects, and site and year of sampling as

178

random effects. Following 35 , we used z-tests for statistical inference when modeling pulse

179

amplitudes, and t-tests when modeling pulse timing. Finally, because the response variables

180

underwent multiple comparisons, we only consider an effect to be significant if a p-value

181

adjustment to control for false discovery rate is < 0.05 36 .

182

Results

183

Over the 3.5 years of sampling conducted by Field and colleagues 6 , 4435 sheets were placed

184

under trees within bat colonies, collecting 13630 samples with a mean of 3.1 samples per

th
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percentiles from 10000 bootstraps which

185

sampling sheet. Our mixed effects model suggested that approximately 12% (highest poste-

186

rior density credible interval, or HPD = 2, 22%) of the variation in Hendra virus prevalence

187

was explained by variation across sites, 44% (HPD = 15, 54%) by variation across sampling

188

sheets, and 6% (HPD = 1.2, 66%) by among year variation. We also found that increasing

189

P. alecto density by one unit on the natural log scale increased Hendra virus prevalence by

190

90% (HPD = 80, 96 %). By contrast, increasing the abundance of P. scapulatus by 1 unit

191

on the log scale decreased the probability of finding Hendra virus by 16% (HPD = 11, 24

192

%). Our results, however, failed to detect a significant effect of P. poliocephalus density on

193

Hendra virus prevalence 6 .

194

We found little evidence of a recurring periodic signal in Hendra virus prevalence

195

within the 11 sites, as inferred from both the spectral decomposition of the time series and

196

their wavelet transforms. Specific to the spectral analysis, mean estimates of the periodic-

197

ity of Hendra virus prevalence ranged from 4–8 months, with Boonah having the highest

198

mean periodicity (Fig 2). However, 95th percentiles for periods were wide, providing little

199

evidence of spatial differences in the periodicity of Hendra virus prevalence. Wavelet anal-

200

yses captured periodic signals over short periods of time (approximately 2-6 months) for

201

most sites, though a 6 month period occurring over a longer time frame was suggested for

202

Boonah (10 months, January 2013–October 2013) (Fig 3). Similar results were obtained

203

when including data points starting in 2011 (Supplementary Fig S5 and Fig S6). Although

204

both analyses suggest that periodic signals in the order of 3–8 months may have occurred

205

over certain time frames, we have little evidence for recurring pulses over the entire time

206

period.

207

When we tested the hypothesis that the highest annual Hendra virus pulses occurred

208

in winter, we found that pulse timing had a significant quadratic effect on pulse amplitude

209

(Intercept = −3.53, z-value = −4.13, p-value< 0.001; linear coefficient = 0.50, z-value

210

= 2.1, p-value = 0.036; quadratic coefficient = −0.038, z-value = −2.09, p-value = 0.037

211

), but only when we removed one outlier datum associated with a pulse measured in Boonah

212

in January 2012 (Fig 4). Furthermore, the variability in timing and magnitude observed was

213

not explained by a linear latitudinal effect (z-value = −0.31, p-value = 0.76). However,

214

regional differences in pulse amplitudes, and timings, are notably higher in southeastern

215

Queensland, as shown in the supplementary material.

216

A weak but significant synchrony in Hendra virus prevalence was detected among

217

sites within approximately 500 km. Cross correlation coefficients fell below the mean cross

218

correlation (i.e. 0.180 CI = 0.06, 0.31) at distances greater than approximately 486 km

219

and fell to 0 at a distance of 1000 km (Fig 5). By contrast, we did not detect significant

220

synchrony in the change of Hendra virus prevalence between sites at any distance (Fig 5),

221

suggesting that the autocorrelation between successive prevalence values within time series

222

was partly responsible for the observed spatial synchrony 37 . Repeating this analysis without

223

prior information or after omitting predicted values yielded similar results (see Supplemen-

224

tal Fig S7).
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225

Lastly, our mixed effects modeling results suggested significant effects of bat abun-

226

dance and climatic variables on pulse amplitudes and timings (Fig 6). First, the density of P.

227

alecto, and P. poliocephalus, but not P. scapulatus (z-value = -1.08, adj.p-value = 0.37) had a

228

significant effect on pulse amplitude. We found that as the abundance of P. alecto increased,

229

pulse amplitude also increased (slope estimate in logit scale = 0.29, z-value = 3.38, adj.p-

230

value = 0.004; Fig 6). By contrast, we found that the abundance of P. poliocephalus had

231

a quadratic effect on pulse amplitude (linear slope in logit scale = 0.43, z-value = −3.4,

232

adj.p-value = 0.0037; quadratic slope = −0.037, z-value = −3.18, p-value = 0.002).

233

However, this result was greatly influenced by 4 data points showing Hendra virus preva-

234

lence when P. poliocephalus abundance = 0. When we removed these four data points, we

235

found a non-significant trend showing that increased P. poliocephalus density weakly de-

236

creased pulse amplitudes (slope estimate in logit scale = −0.15, z-value = −1.72, p-value

237

= 0.085).

238

Previous climatic conditions influenced both pulse magnitude and timing. Lower

239

precipitation during the previous spring (slope estimate in logit scale = −0.41, z-value

240
241

= −2.68, adj.p-value = 0.02) and the previous winter (slope estimate on magnitude in logit
scale = −0.67, z-value = 3.88, adj.p-value = 0.001), were associated with increased pulse

242

amplitudes (Fig 6). Furthermore, precipitation in the previous spring also had a positive

243

effect on pulse timing (slope estimate = 1.0667, t-value = 2.24, p-value < 0.05). However

244

exact p-values could not be calculated for this result because of uncertainty in the degrees

245

of freedom in mixed effects models 38 . These results suggested that dry winters and springs

246

lead to increased pulse amplitudes and earlier timings. We also found a weak non-significant

247

trend whereby increased maximum temperature during the previous spring increased pulse

248

amplitudes (Fig 6). By contrast, we did not find any effects of temperature or precipitation

249

on pulse amplitudes or timings during the previous summer or at the time of the pulse (all

250

p-values >> 0.05).

251

Discussion

252

Our results suggest that variation of Hendra virus prevalence in under-roost pooled urine

253

samples can be explained by the interaction between preceding climatic conditions and

254

current bat density. Although the largest pulse amplitudes tended to cluster around win-

255

ter months, the large variation in the timing of these pulses, and the lack of a recurring

256

seasonal signal, suggest that seasonal factors (such as birth pulses, immigration, seasonal

257

transmission, weather and physiological stress) interact in complex ways to drive Hendra

258

virus dynamics. We, therefore, suggest that variation in pulse amplitudes and timings occur

259

because of combined effects of density-driven processes involving P. alecto, but also by

260

density-independent factors. Specifically, these complex temporal patterns may be driven

261

by a combination of transmission and/or physiological stress. For instance, low food avail-

262

ability, as determined by previous rainfall, could increase transmission through increased
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263

movement rates as individuals search the landscape for scarce foraging resources. Ad-

264

ditionally, low food availability could lead to reduced immunocompetence or favor viral

265

reactivation in persistently infected bats by putatively increasing physiological stress. Fur-

266

thermore, our analyses showed that Hendra virus prevalence was only weakly correlated

267

across sites and such correlations were explained by the autocorrelation structure within the

268

time series. Therefore, we suggest that the bat-virus transmission dynamics that produce

269

patterns of Hendra virus shedding occur at regional to local spatial scales.

270

We found that an important part of the variation in Hendra virus prevalence was

271

explained by variation within bat roosts (i.e. among sampling sheets), suggesting that Hen-

272

dra virus shedding is likely to be heterogeneously rather than uniformly distributed across

273

the roost. This may result from transmission, demographic, or species clustering within

274

roosting sites. Species clustering could explain variation among sheets because Hendra

275

virus prevalence was positively associated with P. alecto density, but negatively related

276

to the density of P. scapulatus. It is important to note that while the protocol of collect-

277

ing pooled urine excreted on sheets is logistically-feasible and cost-effective, prevalence in

278

pooled urine samples may be both clustered and overestimated if infected bats contribute

279

to pooled urine multiple times. Nevertheless, increased P. alecto density was also associ-

280

ated with increased pulse amplitudes, suggesting that pulse characteristics are influenced

281

by disease dynamics occurring in P. alecto populations. Field and colleagues 6 suggested

282

that the negative association between P. scapulatus and Hendra virus prevalence was due

283

to the dilution of positive samples by P. scapulatus urine because Hendra virus has not

284

been detected in the urine of this species. An alternative hypothesis, however, is that P.

285

scapulatus density at a site indicates an increase in food availability because the presence

286

of this species is also associated with flower blooms and nectar production 39 . Increased

287

food availability may then reduce Hendra virus shedding by improving bat condition and

288

immunocompetence. A third possibility is that prevalence in P. alecto may be reduced by

289

high P. scapulatus abundance, through a “dilution effect" resulting from decreased infec-

290

tion risk through increased bat species diversity 40 . However, more studies are required to

291

understand such species-specific details of Hendra virus dynamics.

292

Previous studies on the temporal variation of Hendra virus suggested that high preva-

293

lence recurs on a yearly basis during winter, particularly in southeastern Queensland and

294

northeastern New South Wales 6 . Here, we failed to detect seasonal or periodic signals us-

295

ing two statistical methods that quantified periodicity in prevalence. However, we found

296

some evidence suggesting that the highest annual Hendra virus pulses occur in winter 6 , by

297

performing analyses on the timing and amplitude of the largest annual pulses. However, this

298

result only holds after we removed one outlier datum (i.e. in summer in Boonah, southeast-

299

ern Queensland). Thus, even though there was a trend suggesting that the largest-amplitude

300

annual pulses occurred during winter months, there was large inter-annual variation around

301

this pattern.

302

Between sites, we found low but significant levels of population synchrony in Hen-

120

303

dra virus prevalence. The mechanisms that drive synchrony in prevalence are difficult to

304

discern because both animal movement or shared environmental conditions, can synchro-

305

nize disease dynamics 41 . Our results, however, suggested that the observed synchrony was

306

mostly driven by the autocorrelation of values within time series 37 , because no signifi-

307

cant synchrony was detected after removing the autocorrelation between successive values

308

within the time series. We, therefore, suggest that Hendra virus dynamics are mostly driven

309

by the biotic and abiotic conditions at relatively small spatial scales. Further support for

310

mechanisms leading to population synchrony in Hendra virus prevalence could be obtained

311

by comparing viral diversity among- and within-sites to determine the extent of virus dis-

312

persal through bat movement 7 .

313

The association between climatic factors and Hendra virus pulses may be explained

314

by the influence of climate on nectar-based food production which ultimately affects the for-

315

aging ecology and nutritional state of fruit bats 34,42–44 . Previous work suggested that many

316

of the Eucalyptus species that bats rely on in winter produce nectar several months after

317

high rainfall activity 34,43 and that drought conditions negatively affect nectar production 45 .

318

However, this pattern varies greatly throughout the southeastern coast of Australia, and we

319

do not know whether the low rainfall levels in our study translated to nectar shortages. Nev-

320

ertheless, with the extensive clearing of many winter foraging areas, bats increasingly rely

321

on fragmented patches of resources dispersed across the landscape in winter that may not

322

flower every year 43 .

323

When nectar availability is low, P. alecto feeds on exotic fruits and native rainfor-

324

est species that may be nutritionally sub-optimal 20,44,46 , potentially contributing to disease

325

dynamics through chronic physiological stress or aggregation around limited food sources.

326

Furthermore, throughout spring P. alecto females are in late stages of their reproductive cy-

327

cle, adding another source of physiological stress 17,24,47 . Indeed, previous work has found

328

that increased urine cortisol, a hormone associated with acute stress, was linked with Hen-

329

dra virus detection in urine 17 , but not with roost disturbance 17 . Nevertheless, cortisol may

330

not be an appropriate indicator of chronic nutritional stress because glucocortocoid hor-

331

mones participate in a variety of homeostatic functions and behave differently under acute

332

and chronic stress 48 . The associations between Hendra virus prevalence and environmen-

333

tal conditions suggest that the influence of within-host physiological conditions on Hendra

334

virus dynamics warrants further study.

335

A future challenge in the study of bat-Hendra virus dynamics is to determine how

336

Eucalyptus phenology, bat movement, and nutritional status interact to affect Hendra virus

337

prevalence and the risk of spillover to humans and livestock. In addition to predictions

338

of hotter and drier conditions, climate change is predicted to increase the frequency of

339

extreme weather events such as heat-waves and tropical cyclones, which have been linked

340

to increased bat mortality and high seroprevalence, respectively 24,25 . Effective management

341

of Hendra virus spillover risk will, therefore, require quantifying the effects of density-

342

dependent and density-independent conditions on transmission dynamics.
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Figure 1: Spatial and temporal variation in Hendra virus prevalence in eastern Australia Left map shows average prevalence across sites: bigger dots are higher prevalence
and the light-dark blue gradient represents low-high sampling intensity. The right panel
shows the temporal variation in Hendra virus prevalence for 11 sites marked with a black
dot in the map. Again, dot size is proportional to prevalence magnitude, green coloring are
sampled data, whereas cream coloring are predicted prevalence values from the Bayesian
imputation procedure. The smallest open symbols are instances when Hendra virus prevalence = 0.

123

Figure 2: Estimated periodicity of Hendra virus prevalence from spectral decomposition across the 11 sites. Boxes are the interquartile range of periodicities obtained from the
bootstrapping procedure. The solid line within boxes is the median, and the solid dot is the
mean. Whiskers extend to the 95th percentile range.
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125

Figure 3: Wavelet analyses of Hendra virus prevalence for 11 roosting sites. Top panels show warmer areas concentrating around the period for a particular
time (x-axis), with white lines encircling areas with high confidence in the periodicity of Hendra virus prevalence. We do not interpret areas outside the shaded
cone because they may suffer from edge effects. Bottom panels show the time series with imputed values in red.

Figure 4: Amplitude of the highest annual pulse as a function of its timing. Hendra
virus peaks are mostly clustered around the 5-7 months (May-July; southern hemisphere
winter) as suggested by the best fit quadratic line. However, including the point marked
by the white asterisk weakens the relationship between peak magnitude and timing. Gray
shading shows different years.

126

Figure 5: Synchrony of Hendra virus prevalence across sites. Top figure shows pairwise
correlation coefficients between time series of Hendra virus prevalence as a function of geographical distance, whereas the bottom figure shows pairwise correlations of the change
in Hendra virus prevalence. Solid line is fit from a spline regression model with 95% confidence intervals delineated by the dotted lines and obtained from a bootstrapping procedure.

127

128

Figure 6: Effect of climatic and biotic variables on the Amplitude of the highest annual pulse of Hendra virus prevalence. Top left shows the effect of the
mean natural logarithm of P. alecto counts (abundance) on pulse magnitude over the month when the pulse occurred, whereas top right shows this pattern for P.
poliocephalus. Here we detected a quadratic effect (solid line), which is driven by the four points colored grey. Removing these points renders the effect of P.
poliocephalus on pulse magnitude slightly non-significant, but we show the predicted effect with the dotted line. The bottom two figures show the effect of mean
precipitation occurring on the previous winter (left) and fall (right) on pulse magnitude.
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Supporting Information

133

Figure S1: Hendra virus prevalence time series and missing value imputation. Prevalence time series for 11 sites denoted in Fig 1 and ordered from north to
south (additional sites plotted in figures S2–4). Imputed values are in red and dotted grey lines are 95 percentiles of the data. For each site, the first and second
rows are the data starting from Jul 2011 and the imputation procedure is either informed by a prior (first row) or excludes the prior (second row). The third
and fourth rows show this same procedure but for data starting in Jan 2012. For the analyses in the main text we used data starting in 2012 and imputed values
informed by the prior.
BIBLIOGRAPHY

134

Figure S2: Continued: Prevalence time series for 11 sites denoted in Fig 1 and ordered from north to south.
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Figure S3: Continued: Prevalence time series for 11 sites denoted in Fig 1 and ordered from north to south.
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Figure S4: Continued: Prevalence time series for 11 sites denoted in Fig 1 and ordered from north to south.
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Figure S5: Site-specific periodicities estimated from the spectral decomposition of time
series containing predicted values and using data starting in 2011
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Figure S6: Wavelet analyses for 11 sites including predictions of missing values commencing in 2011. Sites are ordered vertically from north to south.
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481

S4 Additional analyses on large-amplitude pulses by region

482

Preliminary examination of the data suggested that the magnitude and timing of Hendra

483

virus prevalence may be regionally correlated. To test this hypothesis, we regrouped sites

484

into either two or three regions. In the first case, the two groups consisted of sites above

485

and below −30 degrees latitude (Fig 1). In the second case, groups were formed based

486

on geographical clusters, such that group 1 included sites in Southern Queensland and the

487

northern boundaries with New South Wales (Boonah, Alstonville and Lismore), group 2

488

included sites from Northern New Wales (Bellingen, Nambucca Heads, Port Macquarie

489

and Wingham), and group 3 included sites in Central New South Wales (Singleton and

490

Sydney CP) (Fig 1). We then modeled pulse magnitude and the timing of the pulse as a

491

function of these regional group allocations using mixed effects models. When modeling

492

magnitude we used a generalized mixed effects model with a binomial error distribution and

493

a logit link function. When modeling the timing of the pulse we assumed Gaussian errors.

494

We excluded Cairns Central from these analysis because this site is located in the tropical

495

region of Australia and does not share similar climatic features with any of the other sites.

496

When we tested whether pulse amplitude and timing were clustered by regions, our

497

results showed higher amplitudes for sites above -30 degrees latitude (Magnitude estimate

498

= 0.15, z-value = −4.95, p-value < 0.001) compared sites below this latitude (Magnitude

499

estimate = 0.11, z-value = −1.13, p-value = 0.26). In addition to higher pulse ampli-

500

tudes above latitude -30, we also found that the pulse timings were significantly earlier

501

(Timing estimate = 5.8 calendar month, t-value = 8.54, p-value < 0.05) compared to the

502

more southern sites (timing estimate calendar month = 6.9 month, t-value = 1.26, p-value

503

> 0.05). Similarly, when we categorized sites into three regional groups, we found that the

504

group consisting of Boonah, Alstonville, and Lismore had greater pulse magnitudes com-

505

pared to the other two groups (magnitude estimate for group 1 = 0.16, z-value = −4.27,

506
507

p-value < 0.001; group 2 = 0.12, z-value = −0.93, p-value = 0.35; group 3 = 0.08,
z-value = −1.68, p-value = 0.09).

508

These results suggest that pulse magnitude and timing occur at smaller, regional

509

scales because pulses measured in South eastern Queensland were significantly higher and

510

occurred slightly earlier than pulses measured in New South Wales. These results therefore

511

add support to the hypothesis that Hendra virus dynamics are driven by regional rather than

512

landscape-scale effects.
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Figure S7: Correlograms showing the spatial correlation between time series without
including prior information (left) and allowing for missing values (right).
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Figure S8: Effect of average temperature, precipitation and P. scapulatus (little red flying fox) abundance occurring over the pulse on pulse magnitude
and timing.
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Figure S9: Effect of average minimum and maximum temperature, average precipitation occurring over the previous winter (Jun-Aug) on pulse magnitude and timing.
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Figure S10: Effect of average minimum and maximum temperature, and average precipitation occurring over the previous spring (Sept-Nov) on pulse
magnitude and timing.
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Figure S11: Effect of average minimum and maximum temperature, and average precipitation occurring over the previous summer (Dec-Jan) on pulse
magnitude and timing.
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Abstract
Notable outbreaks of infectious viruses resulting from spillover events from bats have brought
much attention to the ecological origins of bat-borne zoonoses, resulting in an increase in
ecological and epidemiological studies on bat populations in Africa, Asia, and Australia.
The aim of many of these studies is to identify new viral agents with field sampling methods that collect pooled urine samples from large plastic sheets placed under a bat roost. The
efficiency of under-roost sampling also makes it an attractive method for gathering roostlevel prevalence data. However, the method allows multiple individuals to contribute to a
pooled sample, potentially introducing positive bias. To assess the ability of under-roost
sampling to accurately estimate viral prevalence, we constructed a probabilistic model to
explore the relationship between four sampling designs (quadrant, uniform, stratified, and
random) and estimation bias. We modeled bat density and movement with a Poisson cluster
process and spatial kernels, and simulated the four under-roost sheet sampling designs by
manipulating a spatial grid of hexagonal tiles. We performed global sensitivity analyses
to identify major sources of estimation bias and provide recommendations for field studies
that wish to estimate roost-level prevalence. We found that the quadrant-based design had a
positive bias 5–7 times higher than other designs due to spatial auto-correlation among sampling sheets and clustering of bats in the roost. The sampling technique is therefore highly
sensitive to viral presence; but lacks specificity, providing poor information regarding dynamics in viral prevalence. Given population sizes of 5000–14000, our simulation results
indicate that using a stratified random design to collect 30–40 urine samples from 80–100
sheets, each with an area of 0.75–1m2 , would provide sufficient estimation of true prevalence that reduces both sampling bias and the probability of false negatives. Our findings
refine our understanding of the under-roost sampling technique with the aim of increasing
its specificity, and suggest that the method be further developed as an efficient non-invasive
sampling technique that provides roost-level estimates of viral prevalence within a bat population.
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6.2

Introduction

Recent emergence of bat-borne viruses has motivated an increase in ecological and epidemiological studies on bat populations in Africa, Asia, and Australia (Calisher et al. 2006,
Halpin et al. 2007, Wang and Cowled 2015). Little was known about these pathogens at the
outset of investigation, so research focused first on discovering the reservoir host(s) (a population or multiple epidemiologically linked populations in which a pathogen can persist;
Haydon et al. (2002)), as demonstrated by Hendra virus in Australia (Halpin et al. 2000), Nipah virus in Malaysia (Chua et al. 2002), SARS in China (Li et al. 2005), Marburg in Africa
(Towner et al. 2009), and Ebola viruses in Africa (Breman et al. 1999) and the Philippines
(Jayme et al. 2015). Further, considerable effort is now invested into identifying additional
unknown viral pathogens in bats that have epidemic potential; an important undertaking
that minimizes spillover risk via vaccine development, predicting epidemic potential, and
developing assays to detect the virus in humans and wildlife (Anthony et al. 2013, Drexler
et al. 2012, Quan et al. 2013, Smith and Wang 2013). Discovering a virus and identifying its
reservoir host(s) is also the first step in describing viral dynamics (patterns of viral presence
in bat populations over space and time), which provide insights into the broader ecological
context surrounding spillover and precursors to the emergence of bat-borne viral diseases
in humans (Hayman et al. 2013, Plowright et al. 2015, Wood et al. 2012).
A common approach, in bat-borne disease research, involves the capture of many individual bats repeatedly over time, where bats are sampled (e.g. serum, urine, saliva) and
tested for viral presence using serology or PCR techniques. Ideally, longitudinal samples
are obtained from multiple individuals in a sampled population. These data can then lead to
the discovery of new viruses and/or provide information on the dynamics of individual-level
viral prevalence. Individual-level longitudinal data are more common for high-fidelity caveroosting bats which can be recaptured frequently at the same roosting site (Streicker et al.
2012, Towner et al. 2009). However, these type of longitudinal data are much more difficult
to gather from the tree-roosting megachiroptera, such as Pteropus and Eidolon genera (Hayman et al. 2012, Peel et al. 2013), which are highly-mobile nomadic foragers, making them
poor candidates for ecological studies that rely on recapture of individuals. Therefore, recent research has supplemented the capture of individual bats with a non-invasive sampling
technique that uses plastic sheets to collect urine and feces under bat roosts (Baker et al.
2012, Baker et al. 2013, Chua 2003, Chua et al. 2002, 2001, Edson et al. 2015a, Field et al.
2011, 2015, Marsh et al. 2012, Pritchard et al. 2006, Smith et al. 2011, Wacharapluesadee
et al. 2010).
For several viruses of public health interest, urinary excretion is a primary route of transmission (e.g. Nipah virus in Asia and Australia (Middleton et al. 2007, Wacharapluesadee
et al. 2005), Hendra virus in Australia (Edson et al. 2015b), and both Henipaviruses (Iehlé
et al. 2007) and Marburg virus in Africa (Amman et al. 2012)). The under-roost sampling
technique takes advantage of this particular mode of transmission to achieve longitudinal
sampling of a bat population at the roost-scale that is both cost-effective and reduces expo-
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sure to infectious viruses compared to catching individual bats. Under-roost sheet sampling
was initially implemented in 1998 to isolate Nipah and Tioman virus from Pteropus hypomelanus and P. vampyrus in Malaysia (Chua 2003, Chua et al. 2002, 2001). Under-roost
sampling designs typically use large sheets placed under roost trees, and urine droplets are
pooled into an aggregate sample from the area (or sub-area) of each sheet (e.g. Edson et al.
2015a, Field et al. 2015, Wacharapluesadee et al. 2010). In general, the under-roost sampling technique was initially designed for detection, not necessarily to study viral dynamics,
however a few recent studies have also employed the technique to collect longitudinal data
and describe patterns in viral prevalence for Nipah virus in Malaysia (Wacharapluesadee
et al. 2010) and Hendra virus in Australia (Field et al. 2015, Páez et al. 2017). Here, we
explore the extent to which the data are vulnerable to sampling bias.
The most salient complication is that the method is used to infer individual-level prevalence from sheet-level prevalence, a compromise that necessarily introduces systematic
sampling bias where an unknown number of individuals can contribute to a sample. Binomial samples are comprised of urine droplets from an ‘area’, which are pooled to constitute sufficient volume for an array of molecular assays (i.e. PCR and/or whole genome
sequencing). The clustered nature of bat density within a roost therefore acts as a confounder. Sampling a larger area effectively inflates the number of Bernoulli trials in each
Binomial sample, leading to overestimation when the samples are subsequently used to calculate prevalence. Páez et al. (2017) analyzed data from a study using data from under-roost
pooled urine (Field et al. 2015), and noted that a large amount of variation in viral prevalence was explained by differences in sampling sheets, indicating that population structure
within roosts or sampling bias may introduce additional variation in estimated prevalence.
We hypothesize that under-roost sampling designs as they have been applied in the past are
poorly suited to studying viral dynamics because of positive bias. Collecting pooled urine
samples from a smaller sheet area may reduce the number of bats contributing to a sample
and the potential for overestimation, however smaller sheets are less likely to collect urine
samples necessitating a larger number of sheets placed under the roost. Therefore, our aim
is to contribute the first modeling study to theoretically explore the application of underroost sheet sampling techniques to estimate individual-level viral prevalence in a generic
tree-roosting bat population.
The primary aim of this study is to model the relationship between individual-level viral
prevalence and its estimation using under-roost sheet sampling, and to determine sheetbased sampling designs that could improve estimation of true prevalence compared with
widely used methods (e.g. a small number of large sheets or splitting large sheets into
quadrants). Specifically, we explore four questions in detail: 1) Given different under-roost
sheet sampling designs, how accurately is individual-level viral prevalence estimated? 2)
What is the estimation bias over all values of individual-level prevalence? 3) What are the
major drivers of estimation bias? And 4) How can you reduce sampling bias and provide an
acceptable estimate of individual-level prevalence?
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We address the above questions using simulation models of bat density and under-roost

sheet sampling. We focus on tree-roosting pteropid bats because they are reservoir hosts of
viruses such as Hendra Nipah, and based on their highly mobile population structure, underroost sampling techniques are especially useful. First, we developed a model of bat density
within a generic roost of tree-roosting pteropid bats that includes clustering and movement
of individual bats. Second, we simulated four under-roost sheet sampling designs (quadrant,
uniform, stratified, and random). Third, we built a probabilistic model that incorporates bat
density and sheet design to estimate prevalence along with additional metrics describing
spatial auto-correlation among sheets and clustering of bats. Fourth, we performed 4 simulations that explore the parameter space of the above model to address our main questions,
and determine drivers of estimation bias.

6.3
6.3.1

Methods
Modeling bat density in a roost

Pteropid bat roosts can be spread out and encompass many trees, with individuals moving
frequently within the roost. Therefore, we modeled bat density within a generic bat roost
with a Poisson cluster process of roosting positions and a spatial Gompertz probability
density function that reflects movement within a roosting site. Specifically, bat density
within roost area A (a disc with radius r) is constructed in four stages that include: 1)
placement of roosting trees within the roost area, 2) clustering of individuals around them, 3)
individual-level movement within a tree, and 4) a separate model of roost-wide movement.
We used a Thomas cluster process (Thomas 1949) to simulate the spatial clustering of bat
positions around trees, using the rThomas function from the spatstat package in the R
programming language (Baddeley et al. 2015, R Core Team 2016). Tree locations (parent
points) were randomly distributed within A subject to a homogeneous intensity κ, given by
nt /A, where nt is the number of occupied trees in the roost. The mean number of bats in
each roost tree µ is simulated by the cluster point process which is Poisson distributed with
mean µ. Individual bat positions are determined according to an isotropic Gaussian kernel
centered on each tree with radius rt . Note that even when parameters κ, rt , and µ are fixed,
the number of bats in the roost Nb will still vary upon each simulation because the Poisson
point process is stochastic.
Bat movement was modeled at the individual-level and roost-level. To model individuallevel movement, we calculated a kernel density estimate for the simulated point process that
sums Gaussian kernels with a radius of 0.5m centered on each bat position. We modeled
roost-wide movement with a spatial Gompertz probability density using the dgompertz
function from the flexsurv package (Jackson 2014). The distribution of the Gompertz is
controlled by shape and rate parameters that determine the function’s curvature and rate of
decay respectively. We chose ranges for these parameters that make the least assumptions

6.3. METHODS

153

about movement, where values are high for a large area at the roost’s center, but decay
quickly toward the edges. To make the final kernel density estimate for bat density, we
combined models of individual- and roost-level movement and ensured that the function
integrated to 1 (Figure 6.1).

Modeling under-roost sheet sampling
We explored the effect of four different under-roost sheet sampling designs: quadrant, uniform, stratified, and random. An efficient way to simulate each sampling design within
two-dimensional circular space uses hexagonal tiles, where the size and combination of
tiles selected can replicate different sheet-based sampling designs. We calculated the number of bats roosting and moving above a sampling sheet by using the area of each hexagonal
polygon to define the space of integration S.
We determined the dimensions for the quadrant-based design using common protocols
for under-roost sheet sampling of Australian fruit bats found in Edson et al. (2015a) and
Field et al. (2015). Here, 10 large 3.6 × 2.6m sheets were placed under the roost and
divided into 1.8 × 1.3m quadrants, where urine samples were pooled within each quadrant

(allowing up to 4 samples per large sheet). Considering each quadrant to be its own ‘sheet’,
we replicated this sampling design by making a hexagonal grid with each tile area equivalent
to a 1.8 × 1.3m rectangular sheet. Groupings of 4 hexagonal tiles then suffice as a large

sheet with 4 quadrants. In each simulation, we generated 10 sheet positions within A using
a simple sequential inhibition point process (Diggle et al. 1976) with the rSSI function
of the spatstat package (Baddeley et al. 2015). To ensure that all sheets retained the
same quadrant orientation and that no two sheets were directly adjacent, we generated sheet
positions within a disc of A−3m and set the inhibitory radius to 3s, where s is the hexagonal
cell size. The four cell-centers nearest each of the 10 simulated point locations comprised
the 40 (10 × 4 quadrants) hexagonal tiles for the quadrant-based design (Figure 6.S1).
To test our hypothesis that a larger number of smaller sheets will estimate roost-level
prevalence more accurately, we generated hexagonal grids with cell size s that select h num-

ber of tiles in a uniform, stratified, or random pattern. Both uniform and random designs
are straightforward, but the stratified sampling design was generated using a sequential inhibition point process, where random points are laid down sequentially, retaining only those
that are placed further than a specified inhibitory radius rs . This is similar to a person attempting to lay down sheets randomly with one rule in mind—“Do not place sheets within
rs distance of each other”. We simulated sheet sampling designs with the sheetsamp
function in the R code provided in Supplementary Information . Figure 6.2 displays an
example of a simulation which has generated the previously implemented large-sheet quadrant design and three additional ‘small-sheet’ designs that use a larger number of smaller
(1 × 1m) more dispersed sheets.
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Calculating estimated prevalence

Given a roost area A, the polygons produced by the sheetsamp function (described above)
generate the sheet sampling area S, so that S ⊂ A, and S = {S1 , S2 , ..., Sh }, where h is
the total number of sampling sheets. We derived bat density from a simulated Poisson
cluster point process and then estimated its intensity function λ(x) for area A. We used
kernel density as an unbiased estimator of λ(x), which includes clustering of bats around
trees, individual-level movement within the tree canopy, and roost-level movement to render
λ̃(x). The expected number of bats roosting and moving above a sheet placed at position
(xh , yh ) is the integral of the estimated intensity function λ̃(x) multiplied by the number of
bats Nb generated by the point process.
Z
E[N (Sh )] =

Nb λ̃(x)dx

(6.1)

Sh

Bats in the upper strata of the canopy are less likely to contribute urine to the sheet below
because of obstruction by individuals below or factors in the environment (e.g wind, tree
branches). Therefore, a urine sample is collected from sheet Sh according to a probability
of urine contribution and collection pu , with variation given by N (pu , σ 2 ). The number of
individuals contributing to each pooled sample Cb is calculated as
Z
pu Nb λ̃(x)dx,

Cb =

(6.2)

Sh

where Cb is a vector of length h, containing the number of contributing bats per sheet within
S.
Assuming that viral infection is heterogeneously distributed among individuals within
the roost, the number of infected bats Db in the sample is the sum of Cb independent
Bernoulli trials with success probability equal to the true prevalence p.

Db =

Xh
i
Bin 1, p
h∈Cb

h

(6.3)

Given the number of infected bats Db and the probability of urine collection pu , we
can calculate the probability of obtaining a negative sheet as (1 − pu )Db . Assuming that

urine contribution from one infected bat is sufficient to make a sheet sample positive, the
infection status of all sheets is a binary vector IS giving the positivity for the h sheets of S.

0,
IS =
1,

if Db = 0
if Db ≥ 1

(6.4)

6.3. METHODS

155

To calculate estimated sheet-level prevalence p̂, the number of positive sheets

P

IS

is divided by the number of urine samples collected at the roost ns , which is the sum of
a binary vector indicating that the urine of more than one individual was contributed and
collected.
P
p̂ =

IS

ns

(6.5)

,

where

ns =

i
Xh
Cb ≥ 1 .

h∈Cb

h

(6.6)

Simulations
Each simulation iteration generates an estimated intensity function for bat density and then
performs under-roost sampling using each of the four sampling designs. Therefore, each
sampling design is tested using the same set of bat density functions, facilitating comparison. Parameters for sheet size s and number of sheets h were fixed for the quadrant-based
design to replicate the previously implemented field methods described above. Parameters controlling sampling dimensions for the three small-sheet designs were either fixed or
varied over a range of interest depending on the question and associated simulation experiment. A list of parameter values can be found in Table 6.1. On each iteration we calculated
estimated prevalence (described above), along with additional analytic metrics such as the
probability of obtaining a negative sheet (1 − pu )Db , the occurrence of a false negative

(pˆi = 0 & pi > 0), Moran’s I among sheets (Getis 1995), and the Clark-Evans R clustering
coefficient for individual bat roosting positions (Clark and Evans 1954).
In the first two simulations we explored local sensitivity between estimated prevalence
and some possible confounders and sources of bias, with values of most parameters fixed.
To perform a simple comparison between the four under-roost sheet sampling methods, we
fixed all values of bat density and movement to simulate a roost with a 30m radius and a
mean number of 5000 individuals (see Simulation 1 in Table 6.1). We performed 1000 simulations with true prevalence p set at a plausible value of 0.1. Estimated prevalence values

were plotted, along with the probability of obtaining a negative sheet for each sampling
design. To explore estimation bias over all values of true prevalence, we kept parameter
values the same as simulation 1, but we allowed true prevalence to vary from 0 to 1, and
then plotted true versus estimated prevalence along with mean estimation bias (simulation
2 in Table 6.1).
In simulations 3 and 4, we used global sensitivity analysis, as described in Prowse et al.
(2016), to identify the main sources of estimation bias and determine the optimal appli-
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cation of under-roost sheet sampling. Here, we performed a large number of simulations
(nsims = 10000), and allowed parameter values for each simulation to vary using latin
hypercube sampling. We then analyzed the output using boosted regression trees (BRTs;
De’ath 2007, Elith et al. 2008) as an emulator to link simulation inputs (varied parameters)
with simulation outputs (we used estimation bias and false negative rate as responses). Parameter values were determined using the randomLHS function in the lhs package (Carnell 2016), and BRTs were fitted using the gbm.step function and the gbm and dismo
packages (Hijmans et al. 2016, Ridgeway 2016). BRTs were fitted with appropriate error
structure (Gaussian or Binomial) and meta-parameters set to ensure that the number of fitted
trees exceeded 1000, following Elith et al. (2008), with tree complexity, learning rate, bagging fraction, and number of cross validation folds set to: 4, 0.005, 0.7, and 10 respectively.
BRTs act as an effective emulator here because they fit complex non-linear relationships
with up to third order interactions (tree complexity=4) among model parameters. Relative
variable influence and individual response curves for each variable further allow general
description of how sensitive estimation bias is to the parameters involved.
In simulation 3, we compare the quadrant-based design with the stratified design while
accounting for the variability in all other parameters to determine the main drivers causing
differences in estimation bias. We chose to use only the stratified design as a candidate
small-sheet design because the first two simulations suggested that the three small-sheet
designs produce similar results, and the stratified design is most plausibly replicated in the
field. Based on preliminary models, it appeared that a small-sheet sampling design which
used ∼100 sheets with an area of ≤ 1 × 1m2 could attain low estimation bias. So, we fixed

the parameters controlling sheet dimensions accordingly to facilitate comparison between
the quadrant and stratified methods (see simulation 3 in Table 6.1).
To explore the optimal application of the stratified sampling design, we performed a
global sensitivity analysis using only the stratified sampling design in simulation 4. All
parameters were varied as in simulation 3, however sheet area s, number of sheets h, and
distance between sheets (ds ; previously fixed at 2m) were also varied over intervals of interest (simulation 4 in Table 6.1). We used a latin hypercube to sample the parameter space,
and then fitted two BRT models using the variables that control the sheet sampling design
as predictors (i.e. sheet area, number of sheets, distance between sheets, and number of
samples). The first model we fitted with Gaussian error and estimation bias as the response,
and the second with Binomial error and a binary response indicating occurrence of a false
negative prediction for viral presence.

6.4

Results

When we compared the quadrant-based sheet design to the small-sheet designs with fixed
model parameters (simulation 1 in Table 6.1), we found that at a low value of true prevalence (0.1), the quadrant design exhibited strong positive bias and all three small-sheet de-
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signs produced similar estimates close to the fixed value of true prevalence (see top row of
Figure 6.3). The differences in estimated values can be partially attributed to the increased
number of bats that roost and move above the larger sheets, which decrease the probability of obtaining a negative sheet (see bottom row of Figure 6.3). Local sensitivity analysis
revealed that the positive bias of the quadrant-based design results from a sensitivity to
spatial auto-correlation among sheets (Moran’s I) and clustering of bat roosting positions
(Clark-Evans R) (Clark and Evans 1954, Figures 6.S2 and 6.S3). However, the small-sheet
designs are sensitive to the number of bats in the roost (Nb ) (Figure 6.S4). This indicates
that, at low values of individual-level prevalence, the quadrant based method remains sensitive to viral presence regardless of the roost population size, but will tend to over-estimate
viral prevalence due to the spatial clustering of individuals common to most tree roosting
bats. Conversely, small-sheet methods appear less affected by clustering and spatial autocorrelation among sheets, but they are likely to be less sensitive to viral presence at low
population sizes.
In simulation 2, where we allowed true prevalence to vary between 0 and 1 (Table
6.1), we found that the quadrant design had 5–7 times the positive bias as the small-sheet
designs. The mean estimation bias was 0.21 for the quadrant design, and 0.4, 0.3, and
0.4 for the uniform, stratified, and random designs respectively. This suggests that, for a
roost size of 3000–8000, the estimation bias will consistently be greater for the quadrant
design, especially for intermediate values of individual-level prevalence. Additionally, the
similarity among the uniform, stratified, and random designs indicates that the exact spatial
pattern of the small-sheet method is not important—estimation bias is improved by reducing
sheet size, increasing the number of sheets, and spreading sheets out within the roost area.
Simulation 3 showed significant differences in estimation bias between quadrant and
stratified designs, even when we allowed all parameters to vary (Figure 6.5e). Summary
of simulation output with the BRT emulator showed higher bias for the quadrant design,
which is most strongly influenced by the total number of individual bats sampled across
P
all sheets( Cb ; Figures 6.5a and b). This suggests that the larger sheet area in the quadrant design allows pooling of urine samples from more individuals, making the prevalence
estimates more sensitive to increases in population size. Further, a quadrant-based design
allows up to four ‘independent’ pooled samples to be adjacent each other, effectively inflating the number of positive sheets, illustrated by higher estimated prevalence associated with
high values of Moran’s I in Figure 6.5d. In general, both sampling designs are positively
influenced by intermediate values of true prevalence, number of bats in the roost (leading
to a greater number of total bats contributing to each sample), and spatial auto-correlation
among sheets. However, the influence of these factors is diminished in the stratified design,
as shown by the orange points in Figures 6.5b–f.
When we further explored the influence of sheet dimensions for the stratified design
(simulation 4 in Table 6.1), we found that sheet area s and number of samples collected
ns influenced estimation bias and probability of false negatives the most, and the number
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of sheets h and distance between sheets ds had less influence (Figure 6.6). Specifically,
estimation bias increases for sheet area greater than 0.5m2 , but the probability of false negatives increases for sheet area less than 0.75m2 . This suggests that sheet areas in the range
of 0.5–1m2 would provide a balance of the two sources of sampling bias (Figures 6.6a
and e). The number of sheets had no influence on estimation bias, however, sampling designs with less than 80 sheets had higher probability of false negatives (Figures 6.6b and f).
Minimum distance between sheets did not have a significant effect on either source of sampling bias, however, distances between 2–3m fitted the lowest maximum probability of false
negatives (Figures 6.6b and f). The number of samples collected ns exhibited the largest
influence among sheet dimension parameters. Estimation bias increased with a larger number of collected samples, with the possibility for under-estimation when under 20 samples
were obtained (Figure 6.6d), and the probability of false negatives increased below 30–40
samples (Figure 6.6h). In general, these simulation results indicate that collecting 30–40
pooled urine samples with a stratified sheet sampling design that uses 80–100 sheets, each
with an area of 0.5–1m2 , that are separated by a minimum distance of 2–3m, would provide
optimal application of the under-roost sampling technique that minimizes error introduced
by estimation bias and false negatives. Further, we calculated the proportion of simulations
matching the parameters stated above and found that, given a roost population size greater
than 5000, 89% of simulations had at least 30 sheets that collected a urine sample, and 64%
collected at least 40 samples (Figure 6.S5).

6.5

Discussion

Under-roost sampling of bat viruses has been employed previously in Africa, Asia, and Australia, however little attention has been given to the effects of sampling bias or optimization
of sampling designs. We present the first modeling study to theoretically investigate underroost sampling in detail. The simulation models we developed enable inference on the
relationship between individual-level prevalence and roost-level prevalence estimated for a
generic population of tree-roosting bats. Specifically, our simulation models provide three
key insights that will help to refine the application of under-roost sampling in future studies.
First, sampling designs which use large sheets (larger than ∼1m2 ), and/or sheet-quadrants

to pool urine samples are sensitive to viral presence, but they potentially over-estimate viral
prevalence with a bias up to 7 times greater than a design with a greater number of smaller
sampling sheets (Figure 6.4). Second, estimation bias is affected by the number of individuals allowed to contribute to a pooled sample and spatial auto-correlation among sampling
sheets, however these sources of bias can be reduced by adjusting the sheet sampling design (Figure 6.5). And third, assuming a roost population size of over 5000, estimation
bias can be sufficiently reduced by collecting 30–40 pooled urine samples using a strati-

fied sheet sampling design that uses 80–100 sheets, each with an area of 0.75–1m2 , that
are separated by 1–3m (Figures 6.6 and 6.S5). Our insights from simulation models provide well-informed hypotheses about the optimal sheet design for under-roost sampling,
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which facilitates further development within a model-guided fieldwork approach (Restif et
al. 2012).
Our recommendations to optimize under-roost sampling differ from those previously
implemented in the field in that they reduce the size of sheet area, increase the number of
sheets, and disperse them about the roost area. In relation to the best-described methods
in the literature, this is roughly equivalent to halving the size of sheet quadrants in Edson
et al. (2015a) and Field et al. (2015) to make 80 0.9 × 0.8m sheets, and then separating each

of them by 1–3m. Or relative to Wacharapluesadee et al. (2010), the sheets could remain
1.5×1.5m (or be reduced to 1×1m), but the total number of sheets could be increased by 3–
4 times. However, we acknowledge that our recommendations are derived from simulation
models that generalize a broad array of roost areas and population sizes that do not take into
account local topography around a roost. Local factors at the roosting site (e.g. physical
obstructions, understory vegetation, slope) must be considered when applying sampling
designs in the field. Further, ‘optimal’ application of an under-roost sampling design is still
inherently limited to pooled sheet-level estimates of prevalence. As our results show, this
makes it difficult to entirely remove positive bias associated with such data aggregation,
however it can be mitigated with a sheet design that reduces the area of urine pooling and
limits spatial auto-correlation among sheets.
The increased sensitivity of pooled samples is well-known. Sample pooling was first
used during world war II to avoid the ‘expensive and tedious’ process of monitoring syphilis
in US soldiers (Dorfman 1943), and since, it has been used as a cost-effective method to
screen for HIV infection in developing countries (Behets et al. 1990). ‘Herd-level’ testing
is also common in surveillance of livestock diseases where a pooled sample is used to determine presence or absence of a disease within the herd (Christensen and Gardner 2000); if the
herd is found positive, individual-level samples are then used to identify infected individuals or calculate prevalence more accurately (Litvak et al. 1994). In this regard, pooling urine
samples is well-suited for surveillance of bat viruses because the higher sensitivity of pooled
sample testing is advantageous when individual-level prevalence is very low (Muñoz-Zanzi
et al. 2006). Conversely, the high sensitivity of pooled samples is problematic when used to
estimate individual-level prevalence (Cowling et al. 1999)—a classic statistical problem resulting from data aggregation, often referred to as the ‘ecological fallacy’ (Robinson 2009).
Our study clarifies these fundamental principles of sampling populations in the context of
the spatial distribution of animals within a bat roost and a sampling technique that, by necessity, pools urine samples.
We have shown that sheet design in under-roost sampling can have a significant impact
on both the estimation of viral prevalence and the false negative rate when determining viral presence. The sampling design employed, therefore, depends on the aim of the study,
because viral discovery and studies on dynamics require different approaches. Research
focusing on viral discovery requires field methods that reduce the probability of a false negative in regard to viral presence (sensitivity). Studies on dynamics must estimate prevalence
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with low bias, requiring samples that are accurately classified as present and absent (specificity). Further, the volume of urine sample required by the appropriate diagnostic test will
determine how large the sheet area must be when pooling urine samples. For instance, if
you are only interested in the presence or absence of viral RNA in a sample, RT-PCR requires a mere 50-150µL sample, allowing a few droplets from a rather contained area to be
taken. If however, a larger volume is required for sequencing or multiple assays, then up
to 1–2mL may be required, necessitating a larger pooled sample from a greater area that
is more susceptible to bias associated with data aggregation. Therefore, if a study includes
multiple aims, an efficient adaptation of a small-sheet design includes pooling urine over
multiple spatial scales, with samples pooled over a large area to test for viral presence, and
samples pooled over a small area for estimating individual-level prevalence. For example, a
researcher might put down 100 1 × 1m sheets, and collect 40 100 µL small pooled samples

from 30–40 separate sheets. The remaining urine can be pooled across multiple sheets to
form larger pooled samples that provide higher sensitivity to viral presence. This approach
is similar to the aforementioned herd-level testing in veterinary epidemiology, were a herd
of livestock is first tested by pooling multiple samples as a low-cost test with high sensitivity. If virus is found in the large-scale pooled samples, then the small-scale pooled samples
can be used to accurately estimate prevalence.
Our simulation models and recommendations for a small-sheet sampling design provide an important contribution that facilitates future research. Specifically, we propose that
under-roost sampling can be further developed with two important avenues of research: i) a
comparative field study to quantify differences in sheet sampling designs in a model-guided
field work approach (Restif et al. 2012), and ii) modeling studies that incorporate previous work on estimating individual-level prevalence from pooled samples (Cowling et al.
1999, Hauck 1991) to investigate bias correction for existing and future field data. Given
the challenges associated with under-roost sampling, it remains an attractive supplement to
catching and sampling individual bats. If applied in a manner suited for study aims, it can
achieve longitudinal sampling of a bat population at the roost-scale that is both cost effective
and reduces exposure to infectious viruses. Further development of the sampling technique
into a replicable sampling method is also advantageous, because it enables population level
surveillance of infectious viruses in bats, which provides insights into the ecological processes that drive spillover and emergence of bat-borne viruses over large spatial scales.

Acknowledgments
JRG conducted the research with support from an Australian Government Research Training Program Scholarship

Small-sheet designs only. Quadrant-design fixed at 40 (10 × 4 quadrants)

Stratified design only

§

per sheet quadrant

Small-sheet designs only. Quadrant-design fixed at 2.34m2

‡

Simulation 2
Fixed
Min
1000
QUSR
30
0
0.5
0.25
100
2
50
3
100
0.8
1

Q=quadrant, U=uniform, S=stratified, and R=random

Simulation 1
Fixed
1000
QUSR
30
0.1
0.5
0.25
100
2
50
3
100
0.8
1

†

Description
Number of simulations
Type of sheet-based design∗
Radius of roost (m)
True prevalence
Probability of urine contribution
Area of sheet† (m2 )
Number sheets placed under roost‡
Distance between sheets§ (m)
Number of occupied roost trees
Mean radius occupied roost trees
Mean number individuals per tree
Curvature of movement kernel
Movement decay rate at roost edge

∗

Parameter
nsim
type
r
p
pu
s
h
ds
nt
rt
µ
shape
rate
1

Max

Simulation 3
Fixed Min
10000
QS
25
0
0.2
0.25
100
2
25
2
25
0.5
1
75
6
150
2
2

50
1
0.8

Max

Simulation 4
Fixed Min
10000
S
25
0
0.2
0.25
25
0
25
2
20
0.5
1

50
1
0.8
2
150
5
75
6
150
2
2

Max

Table 6.1: Fixed and varied parameter values used in each of the four simulations. For simulations 2-4, min and max set the minimum and maximum values of a
uniform probability distribution within a random latin hypercube sampling approach.
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Figure 6.1: Illustration of one simulation of a kernel density estimation of bat density within a roost. The top row shows pixel-images giving the count of
individuals per pixel and the bottom row shows perspective plots of: the density of roosting positions and individual-level movement around them (left), an
isometric Gompertz probability density function centered on the roost to model roost-level movement (middle), and the final estimated intensity function used to
model bat density (right).
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Figure 6.2: Examples of simulations of the four under-roost sheet sampling designs explored in this study generated for a roost with a 30m radius. The quadrant design (top left),
which follows methods found in previously published studies (Edson et al. 2015a, Field et
al. 2011, 2015), is comprised of 10 3.6 × 2.6m sheets divided into 1.8 × 1.6m quadrants to
produce 40 (10 × 4) quadrant-sized sheet areas for pooling urine samples. The other three
designs (uniform, stratified, and random) are all ‘small-sheet’ designs that reduce sheet
area, increase sheet number, and disperse sheets about the roost area. The small-sheet designs plotted above each contain 100 1m2 sheets. The stratified design is generated using a
sequential inhibition process with and inhibitory radius of 2m.

Figure 6.3: Results of simulation 1, where all parameters are fixed to facilitate comparison among the four sampling designs (Table 6.1). Top row displays the
estimated prevalence of each simulation, with the mean of all simulations indicated by the blue line and the mean error due to sample size indicated by the light
blue lines. The dashed red line indicates the fixed value of true prevalence (0.1). Bottom row displays the probability of obtaining a negative sheet (1 − pu )Db
as a function of the number of bats contributing urine to each sheet Cb . The green line indicates the expected probability of obtaining a negative sheet given by
(1 − pi ).

164
CHAPTER 6. OPTIMIZING NON-INVASIVE SAMPLING

6.5. DISCUSSION

165

Figure 6.4: Results of 1000 simulations performed over all possible values of true prevalence for four different under-roost sheet sampling designs (see simulation 2 in Table 6.1).
The dashed red line indicates pˆi = pi , and mean estimation bias for all simulations is printed
in the lower right corner of each plot.
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Figure 6.S1: Example of how sheet areas are defined using the quadrant-based under-roost
sheet sampling technique. The schematic shows a grid of hexagonal tiles filling a circular
roost area. Cell centroids are marked with a black cross. One large sheet with four quadrants is made by selecting a sheet location (black point) and then selecting the four nearest
centroids.
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Figure 6.S2: Boxplots showing the variation in Moran’s I calculated as part of the local
sensitivity analysis in Simulation 1. The amount of spatial autocorrelation in the probability
of obtaining a negative sheet is shown on the y-axis, and the four under-roost sheet sampling
designs on the x-axis.
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Figure 6.S3: Scatterplots showing the variation in the Clark-Evans R clustering coefficient
calculated as part of the local sensitivity analysis in Simulation 1. The Clark-Evans R gives
a measure of how clustered bat roosting positions are within the simulated roost. For each
of the four sheet sampling designs, the estimated values of viral prevalence (p̂) is plotted on
the y-axis, and the Clark-Evans R (ceR) is plotted on the x-axis. Linear model trend lines
are shown in red and the value of true prevalence (p) set in the local sensitivity analysis is
the dashed gray line.
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Figure 6.S4: Scatterplots showing the variation in the number of total bats in the roost (Nb )
calculated as part of the local sensitivity analysis in Simulation 1. For each of the four sheet
sampling designs, the number of samples is plotted on the y-axis, and the number of bats
(Nb ) is plotted on the x-axis. Linear model trend lines are shown in red.
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Figure 6.S5: Distribution of the number of samples collected for simulations that use a
stratified sheet sampling design at a roost of > 5000 individuals, where the number of
sheets h is 80–100, the area of the sheets s is 0.75–1m2 , and the distance between the sheets
is 1–3m. Based on our results, 89% of simulations had at least 30 sheets that collected
enough urine sample to provide one pooled urine sample, and 64% that collected at least 40
samples.

Chapter 7

General discussion
7.1

Research summary

This thesis is intended to give greater ecological context to the Hendra virus disease system,
and facilitate further research into the influence of anthropogenic ecological change on batborne disease emergence and spillover. Research on the many interdependent drivers that interact to produce observed ecological dynamics requires an understanding of various logistical constraints and innovative technical approaches. Hence, I explored several data-driven
novel modeling techniques to better understand the relationships among foraging resources,
bat population density, and Hendra virus dynamics. First, I used a statistical learning approach to model bat population occurrence and abundance in response to Eucalypt-specific
vegetation indices and time-lagged measures of climate (Chapter 3). I used these models
to show the relationship between the timing of Hendra virus spillover events and nectardriven local bat population density. Second, I analyzed the spatiotemporal distribution of
foraging intensity for the grey-headed flying fox (Pteropus poliocephalus) using boosted
regression trees to understand the connection between local cycles in foraging behavior and
the broader climate driver, the Southern Oscillation Index (Chapter 4). Third, in collaboration, I described the site-specific temporal variation of Hendra virus prevalence within
bat roosts and modeled pulses in Hendra virus prevalence in response to biotic drivers such
as host species density and abiotic drivers such as climatic conditions in previous seasons
(Chapter 5).
In addition to analyzing existing data, I developed three separate avenues on which future research can proceed. First, I mathematically described a theoretical framework for
modeling viral transmission driven by the connectivity between metapopulations of mobile nectar foraging bats. This analysis facilitates future modeling studies that emulate
system-level mechanisms which connect resource availability and transmission, allowing
exploration of anthropogenic perturbations such as landscape change and habitat fragmentation (Chapter 2). Second, I constructed novel spatial variables in the form of vegetation
indices that detect physiological changes in Eucalypt forests, which can be used to detect
the time and location of flowering and nectar production events (Chapter 3). And third, I
performed spatial simulations to understand the sampling bias associated with a commonly
used under-roost sampling technique and provided recommendations for future field studies
that require both sensitivity for viral detection and specificity for viral dynamics (Chapter
178
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6).
In this chapter, I provide a general discussion on the major themes and implications of
the work in this thesis. Rather than reiterate results and points from previous discussion
sections, I focus on a series of issues in flying fox and Hendra virus ecology by taking the
key findings from the previous chapters and discussing them according to five cross-cutting
themes. These themes include: i) flying-fox foraging ecology, ii) anthropogenic influences
on flying-fox foraging ecology, iii) foraging ecology as a driver of Hendra virus dynamics,
and in the context of logistical challenges for future research I discuss: iv) quantifying
anthropogenic influences on disease ecology, v) spatiotemporal variability of bat ecology,
and vi) linking foraging with disease dynamics.

7.2

Flying-fox foraging ecology

Characterization of nectar resources, which facilitated analyses in Chapters 3 and 4, relied
on the construction of Eucalypt-specific vegetation indices and climate variables that represent cumulative exposure to precipitation and temperature anomalies (see Tables 3.S1 and
3.S2). Although the spatial variables have not been validated with flowering or nectar production data yet, many modeling studies have validated the connection between Eucalypt
physiology and phenology with time series of remotely-sensed multi-spectral data (Bhandari et al. 2011, Coops et al. 1997, Gill et al. 2009, Leuning et al. 2005). Additionally, in
Chapter 4, I found that the environmental drivers of foraging intensity are congruent with
both the vegetative growth cycles of Eucalypts and the known climatic triggers of flowering
(Law et al. 2000, Rawal et al. 2014). For example, foraging areas used by Pteropus poliocephalus have an interesting phenological profile that precedes foraging activity. Based on
time-lagged changes in the Eucalypt Chlorophyll a Reflectance Ratio (ECARR), these areas
exhibit a decrease in photosynthetic activity, analogous to a slowing of the growth phase,
before a flowering event, a phenological pattern previously observed in Eucalypts (Pook
1984). The boosted regression tree model in Chapter 4 showed that foraging intensity was
higher in areas that experience warm and wet conditions in preceding seasons followed by
a slowing of precipitation and cooler temperatures. This climatic sequence is in agreement
with several studies showing cooler temperatures to be a climatic trigger for flowering in
many Eucalypt species (Ashton 1975, Law et al. 2000, Moncur 1992, Specht and Brouwer
1975). Therefore, the transition from warm/wet conditions to cool/dry conditions appears
to be an important environmental driver of growth and flowering cycles in Eucalypts and
subsequent foraging by flying-foxes.
Food resource availability is a fundamental driver of population level dynamics. Chapter 3 showed that spatial proxies of Eucalypt phenology and time-lagged changes in climate
predicted fluctuations in bat population abundance at three roosts in southeastern Queensland. Specifically, at least 50% of the variation in bat abundance from 2004–2015 was
explained by models of nectar-based resources. The seasonal trend of predicted foraging
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intensity shown in Chapter 4 strengthens this connection. I demonstrated that seasonal
trends in predicted foraging intensity (modeled with data from 2013–2015 for the foraging area surrounding Canungra) were significantly correlated with independent population
counts at the Canungra site from 2004–2015 (see Figure 1 in Chapter 3). These findings
suggest that Eucalypt based resources drive a significant amount of bat foraging behavior
and population flux at a roost site.
Compared with previous research, the modeling techniques developed for analyses in
this thesis make significant advances concerning the potential for models to describe ecological dynamics. Previous studies on bat distribution used roost locations, or in some cases,
‘sitings’ (Roberts et al. 2012a, Smith et al. 2014), in a presence-only modeling framework
to model bat population density (Hahn et al. 2014, Martin et al. 2016, Parsons et al. 2010,
Smith et al. 2014, Thanapongtharm et al. 2015). This approach is useful because it lends
information on landscape patterns of potential roosting habitat. For the pteropid bats of
Australia, however, roosting habitat is rather different from foraging habitat. Bats roost in
large Mangrove or Eucalypt trees near urban or riparian areas, and then forage in Eucalypt
forests or urban areas within a foraging distance (∼40km) before returning to their home
roosting site—this behavior is often referred to as ‘central-place foraging’ (Elliott 1988).
Models of population density driven by foraging resources, therefore, must take this behavior into account. For example, in Chapter 4, I used times and locations of foraging areas
used by P. poliocephalus, and in Chapter 3, I developed a spatial sampling algorithm to
associate roost population abundance with spatial covariates within areas known to contain
diet plant species of both P. poliocephalus and P. alecto (Figure 2 in Chapter 3). These
models were facilitated by using time-structured spatial variables allowing the first models
of spatiotemporal foraging intensity and roost population fluctuations. This work constitutes progress in the spatial ecology of bats because it moves beyond static spatial models
to describe dynamic spatiotemporal processes and lays the foundation for future research
involving larger spatial scales.
Population fluctuations arise as a result of the behaviors of individuals (Benton 2012,
Sumpter and Broomhead 2001), which are driven by nomadic movements responding to
local food availability (Fleming and Eby 2003, Richter and Cumming 2006). Flight costs
are inextricably linked with the biology and ecology of bats, which makes these costs a fundamental determinant of individual-level behavior (Fleming and Eby 2003). In a population
comprised of individuals adapted to minimize flight costs and maximize food resource consumption, shifts in population density or connectivity may arise when individuals change
their behavior in response to the spatiotemporal availability of nectar-based resources. That
is, population-level dynamics result from the resource-driven behaviors of individuals. This
hypothesis provides a potential mechanism by which Anthropogenic change can alter bat
population distribution and fission-fusion dynamics—through perturbations to the temporal
or spatial distribution of nectar resources which impact foraging economy on an individual
level.
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Anthropogenic influences on foraging ecology

Anthropogenic changes to the environment can impact flying-fox foraging ecology through
the spatial and temporal availability of nectar-based resources in three primary ways: agricultural intensification, urbanization, and climate change.

Agricultural intensification The general study area that encompasses the analyses in this
thesis (southeastern Queensland and northern New South Wales) was labeled a ‘world deforestation hot-spot’ by Lepers et al. (2005) for the period of 1981–2000. In the years
leading up to the emergence of Hendra virus (1991–1995), an astonishing 80% of the 1.2
million hectares of forested areas cleared in Australia occurred in Queensland (Barson et al.
2000, Bradshaw 2012). Although the amount of bat foraging habitat lost to forest clearing is not currently quantified, it is generally thought that extensive forest clearing leads to
fragmented foraging habitat that is less-abundant in terms of total area, where patches of
habitat are smaller and more dispersed (Sih et al. 2000). Further, agricultural development
consumes the areas with the most fertile soil, effectively removing Eucalypt species from
riparian areas and alluvial flats, which provide the most reliable seasonal foraging habitat
(Law et al. 2000, McAlpine et al. 2009). The Eucalypt species remaining outside the agricultural footprint often occur on slopes and rocky soils. Species in these areas provide less
reliable seasonal foraging resources, because they are typically more sensitive to changes in
climate due to reduced access to ground water sources (Law et al. 2000).

Urbanization Urban development can contribute to the effects of habitat fragmentation
mentioned above. However, it also introduces provisional foraging resources in the form of
native and non-native trees and shrubs planted ornamentally in urban areas (Becker et al.
2015). Exotic species planted in urban gardens often provide year-round foraging, however,
these food resources are likely to be sub-optimal in nutritional value (Parry-Jones and Augee
2001, Parry-Jones and Augee 1991). More consistent foraging resources in urban areas can
augment a migratory foraging strategy (Altizer et al. 2011), because, in a fragmented environment, a forager must increase its rate of movement to obtain the same quantity of foraging resource, which increases the energetic cost of a mobile foraging strategy (Calcagno et
al. 2014). Further, while P. poliocephalus and P. alecto prefer nectar-based resources; generalist feeding behavior allows them to exploit native and non-native species found in urban
areas (Markus and Hall 2004, Parry-Jones and Augee 1991). A sedentary urban foraging
strategy may be a behavioral-bypass to avoid the energetic risk of long-distance migration
if nectar-based resources are unpredictable.

Climate change

Anthropogenically-driven climate changes may influence food resource

phenology for flying foxes through local climate regimes that act as climatic triggers for
Eucalypt flowering events. For example, in Chapter 4, I showed that cycles of foraging
intensity in southeastern Queensland were significantly correlated with the Southern Os-
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cillation Index (SOI), an index of the El Niño Southern Oscillation (ENSO), at 3–8 month
time lags. Correlation with this broad-scale climate indicator allows hypotheses on the
climatic drivers of inter-annual variability in Eucalypt flowering phenology and foraging
resource availability. For instance, during El Niño cycles of the ENSO, spring climate is
anomalously warm and dry in eastern Australia (Chiew et al. 1998). According to models of foraging intensity, the reduced precipitation during this season is likely to result in
low spatial concentration of nectar-based foraging resources in the following late-Summer
and Autumn (Chapter 4). Further, models of future climate change scenarios predict more
frequent and more intense El Niño events for eastern Australia (Timmermann et al. 1999).
Modeling studies on the phenological responses of Eucalypts concur with my models of
foraging intensity by showing that Eucalypts may respond to these future climate changes
with increased asynchrony and decreased intensity of flowering events (Keatley et al. 2002,
Rawal et al. 2013). Therefore, I hypothesize that anthropogenic climate change exacerbates the effects of agricultural intensification and urbanization on nectar-based resource
availability by adding extra inter-annual variability to climate driven Eucalypt flowering.
There is evidence to suggest that the past 30–40 years of landscape and climate change
in eastern Australia have already diminished nectar-driven population movement. Previous
research shows that, since the 1980s, an increasing number of bats are switching to more
sedentary foraging strategy in urban areas (Markus and Hall 2004, Mcdonald-Madden et
al. 2005, Parry-Jones and Augee 2001, Parry-Jones and Augee 1991). Additionally, the
black flying-fox (P. alecto) has extended the range of its distribution into cooler climates
of the higher latitudes (Roberts et al. 2012a), incurring greater overlap with the distribution
of the grey-headed flying-fox (P. poliocephalus). Roberts et al. (2012a) show this range
shift is more likely attributable to habitat loss, rather than to climate change. These examples of behavioral and distributional shifts suggest system-wide adjustment to changes
in foraging ecology. More generally, after an extensive literature review on the impacts
of anthropogenic land use changes on disease systems, Gottdenker et al. (2014) note that
disease systems may reach an alternative ecological equilibrium state after anthropogenic
disturbance. Such a state of re-organization may be in play now. In a long-term observational study on P. poliocephalus in the greater Sydney area, P. Eby (unpublished data) found
that when food shortages occur, these bat populations fission into smaller and more numerous colonies to reduce commuting distances to reduced foraging resources (see Figure 1.9).
These events are remarkable because Eby’s data show that local populations are remaining
in a prolonged fissioned state.
The shift from a migratory to a sedentary foraging strategy in urban areas has been
known for some time now, but mainly in the context of providing more stable foraging
resources over time. Here, I enrich this hypothesis, suggesting that the impact of climate
changes on nectar availability will likely increase the unreliability of nectar-based resources
and exacerbate the disparity between the sedentary urban foraging strategy and a migratory
nectar-based one. Furthermore, broad-scale climate drivers such as the ENSO may introduce added inter-annual variability to long-term shifts in population behavior, acting as an
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additional confounder to observing shifts in ecological system equilibrium in response to
anthropogenic change.

7.3

Foraging ecology as a driver of Hendra virus dynamics

Hendra virus dynamics in bat populations occur with variable temporal patterns which operate over local spatial scales. Although peak levels of Hendra virus excretion have been
observed predominantly in winter (Field et al. 2015), periodicity across roosting sites proves
difficult to quantify (Chapter 5). Further, Chapter 5 also showed that the spatial synchrony
observed in pulses of Hendra virus excretion is likely an artifact of the temporal autocorrelation between sequential measurements of prevalence at each roost. Thus, characterizing
the spatiotemporal patterns of Hendra virus excretion in bat populations presents significant challenges stemming from an assortment of drivers, such as birth pulses, migration,
physiological stress, bat species density, and regional climatic history. These biological and
ecological drivers may operate interdependently to cause deviations from a strictly seasonal
pattern, producing local spatial processes characterized by inter-annual variability. Hence,
approaching disease dynamics through the biotic and abiotic conditions at the roost level allows hypotheses on the broader ecological drivers, which can provide context to processes
that occur among and within reservoir bat hosts.
Climate-driven resource availability and resulting population distribution is an important determinant of Hendra virus disease dynamics. In chapter 5, we explored the relationship between biotic and abiotic factors that contribute to the magnitude of Hendra virus
pulses and their timing across multiple roost locations. The abiotic drivers of pulse magnitude and timing were remarkably similar to climatic conditions associated with a reduction
in the spatial concentration of foraging resources in Chapter 4. For example, hot and dry
winter/spring seasons leads to peaks of Hendra virus that are higher and occur earlier in
the following autumn and winter. Regarding Eucalypt flowering and nectar foraging, these
same climatic conditions would reduce the spatial concentration of nectar-based resources
in the region surrounding a roost, particularly through reduced precipitation in the seasons
prior to flowering (Law et al. 2000). Further, hot and dry winter/spring conditions in eastern
Australia are characteristic of the El Niño cycle of the ENSO (Chiew et al. 1998). These
three pieces of independent information help to frame a hypothesis on how abiotic conditions influence viral dynamics at the roost level. That is: cycles of the ENSO determine
the regional climatic triggers of the erratic inter-annual patterns of Eucalypt flowering and
nectar-based foraging resources within the foraging area of a roost. The resulting distribution of these foraging resources defines the conditions of viral transmission through biotic
drivers such as bat physiology and local population structure.
The behavioral response to nectar-based resource availability underlies local population structure and connectivity. When spatial and temporal heterogeneity in food resources
increase as a result of ENSO cycles or habitat fragmentation, bats can adopt one of three
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foraging strategies (discussed theoretically in Mueller and Fagan 2008): 1) a residential
strategy where individuals exhibit a sedentary behavioral response, such as roosting and foraging nearby in urban areas (Mcdonald-Madden et al. 2005, Parry-Jones and Augee 2001);
2) a nomadic strategy where individuals employ a mobile behavioral response characterized by an increased rate of local movement, such as longer commuting distances from the
home roost and increased visitation to other roosts in the vicinity (Eby and Law 2008, Parry
et al. 2017); and 3) a migratory strategy where individuals again have a mobile behavioral
response, however movement includes relocation to a different region (Eby et al. 1999).
The individual behavioral responses that are associated with each foraging strategy will
collectively produce unique local population structure, and the resulting connectivity can
influence disease dynamics. Concerning the residential foraging strategy, Plowright et al.
(2011) showed that urban habituation could reduce population connectivity and allow susceptible individuals to accumulate until the eventual reintroduction of the pathogen causes
exceptionally large local outbreaks. Further, mobile foraging strategies (nomadic and migratory) may have the inverse result, instigating an increase in connectivity. For example, during a time of poor Eucalypt flowering, when foraging resources exhibit low spatial
concentration, a nomadic foraging response would increase movement rates as individuals search the local landscape, visiting additional foraging areas and local roosting sites to
compensate for reduced resource concentration (Parry et al. 2017). This type of population
response may lead to aggregation around limited resources resulting in higher rates of contact within foraging areas and among local roosting sites. In the case of a migratory response
to poor nectar resources, the regional mobility of foragers may increase connectivity at the
regional scale as individuals arrive at new roosting sites, visiting a greater number of roosts
during longer migrations (Roberts et al. 2012b). Both residential and nomadic/migratory
foraging strategies can be employed simultaneously in a bat population. Where, residential
subpopulations are periodically connected by more mobile groups of foragers—akin to an
ice cube tray that is filled with water and tipped back and forth, allowing some of the water
to flow between sections of the tray. In this manner, each of the foraging strategies potentially act in concert to drive Hendra transmission dynamics in response to foraging resource
distribution.
The effect of resources and foraging behavior on disease dynamics, as stated above,
operates through contact rates among individuals and connectivity among roosts, which
assumes a directly transmitted density-dependent form of transmission for Hendra virus.
Chapter 2 presented a model framework for this type of transmission as a SusceptibleInfected-Recovered (SIR) model structure, which Plowright et al. (2016) explain could
drive disease dynamics through the local extinction of the virus followed by reintroduction via migration. The authors continue to outline alternative mechanisms of viral maintenance that could produce similar spatiotemporal patterns in Hendra virus pulses in bat
populations. For instance, pulses can also be driven by seasonal cycles in birthing periods (Plowright et al. 2008). This type of maintenance mechanism depends on changes in
herd immunity resulting from a concentrated introduction of susceptible newborns and then

7.3. FORAGING ECOLOGY AS A DRIVER OF HENDRA VIRUS DYNAMICS

185

waning maternal antibodies in juvenile bats and individuals recovered from infections, as in
a Susceptible-Infected-Recovered-Susceptible (SIRS) model structure. Additionally, viral
dynamics can be driven by the reactivation of latent viral infections (Rahman et al. 2010)
through physiological stress (Edson et al. 2015a). Both resource scarcity and birthing cycles
can potentially act together to cause physiological stress and viral excretion due to compromised immunocompetence, represented with a Susceptible-Infectious-Latent-Infectious
(SILI) model structure (Plowright et al. 2016). Pulses of infection instigated by birthing
cycles or reactivation of latent infections through physiological stress can be further propagated through density-dependent transmission and migration of individuals. Therefore, any
and all of these mechanisms can contribute to spatiotemporal pulses through the seasonal
forcing of infection where host density is a major factor that influences the magnitude of
the pulse.
Modeling results from Chapter 5 showed that pulses of Hendra virus are dependent upon
the density of the black flying fox (P. alecto), which suggests that population structure resulting from resource distribution can have direct impacts on the magnitude of viral pulses.
This result is not surprising since P. alecto (along with P. conspiculatus) appear to be the
major sources of Hendra virus excretion through urine, and may play a central role in Hendra virus epidemiology (Edson et al. 2015b). Further, a recent experimental study confirmed
horizontal transmission through urine, feces, and saliva for Marburg virus in Rousettus aegyptiacus bats, showing that density dependent drivers may be involved in the maintenance
of Filoviruses in African bats as well (Schuh et al. 2017). However, the manner in which
density dependence is manifested may be subject to dynamics in multi-species communities
and the seasonal drivers of resource availability. For example, returning to the mixed model
in Chapter 5, the magnitude of viral pulses exhibited a weak but significant negative trend
in response to the density of the grey-headed flying fox (P. poliocephalus). The respective
foraging behaviors of these two species may explain the disparity in density dependence,
and leads me to hypothesize that it is not strictly the density of P. alecto that drives viral
pulses, but the ecological context under which relatively high density occurs.
Although both species prefer nectar and pollen when it is available, P. alecto has been
reported to supplement its diet with the fruits of native and non-native tree species (Griffith
et al. 2017, Markus and Hall 2004). Conversely, P. poliocephalus relies more on a nectar
and pollen based diet (Griffith et al. 2017, Parry-Jones and Augee 2001, Parry-Jones and
Augee 1991) and is more likely to migrate in search for it (Fleming and Eby 2003). During
winter periods when nectar-based resources are scarce (such as during El Niño events when
precipitation in the preceding winter/spring is low), P. poliocephalus is likely to migrate
south to feed on Corymbia spp. in coastal areas of New South Wales (Eby et al. 1999), while
P. alecto is likely to remain in roosts and expand its diet to include the foraging provisions
in urban areas. Relatively high density of P. alecto during these foraging conditions may
bring the local population nearer its carrying capacity at that point in time. The resulting
physiological stressors associated with scarce resources and a population large enough to
drive density dependent transmission may then provide a combination of biotic and abiotic
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conditions suited for high viral prevalence and excretion, and furthermore enable spillover
to horses.
The same set of ecological drivers which govern pulses of Hendra virus in bat populations naturally extend to the occurrence of spillover, but spillover requires additional
enabling factors (Plowright et al. 2015). For example, spillover requires individual bats to
be excreting the virus, but they must also overlap with horses to the extent that spillover
is possible. In this regard, little is known about what actually transpires at the interface
between bats and horses. Martin et al. (2015) propose that virus survival in the environment is probably limited, requiring fairly direct contact. However, additional research is
required to understand the concatenation of processes that allow viral movement through
the environment to achieve the process of spillover.
While it is difficult to define the precise route of spillover from bats to horses, past
spillover events are useful for understanding the broader ecological drivers of Hendra virus
dynamics, as I have shown in Chapters 3 and 4. The occurrence of spillover also offers ancillary validation to analyses and hypotheses based on foraging ecology and Hendra virus
prevalence. For example, in Chapter 3 I found that, based on three study roosts in southeastern Queensland, spillover was likely not driven by large aggregations of bats seeking
nectar-based resources (Figure 6 in Chapter 3). This particular study did not distinguish between species, however, it is congruent with the hypothesis that Hendra virus pulses occur
during nectar resource scarcity, and potentially supports the hypothesis that P. poliocephalus
departs from these roosts in search for other nectar-based resources while P. alecto remains
to subsist on suboptimal foraging conditions. Further, Chapter 4 showed that the typical
winter occurrence of spillover in southeastern Queensland aligns with model predictions of
low foraging intensity for the winter season. Specifically, the climatic drivers of low spatial resource concentration (dry conditions in the preceding seasons) was linked with the
typical seasonal timing of observed spillover events, similar to the finding that hot and dry
conditions in the preceding winter/spring is associated with higher peaks in Hendra virus
(Chapter 6). These examples suggest that, although the drivers of spillover and pulses of
viral excretion in bat populations are separate processes, those drivers are comparable because viral excretion is an enabling factor for spillover occurrence. While it was difficult
to observe an inter-annual pattern between models of resources and spillover occurrence, I
showed in Chapter 4 that 2011 was the year with the lowest predicted concentration of foraging resources for southeastern Queensland. This is the same year that Field et al. (2015)
observed the highest peak prevalence in Hendra virus, and the same year that an exceptionally large cluster of spillover events occurred within the model study area (Figure 1.6;
Plowright et al. 2015). Therefore, it is plausible that the effect of food resource scarcity
on bat populations acts as a mechanism to link spillover occurrence, Hendra virus prevalence in bat populations, and climate drivers of resource phenology. This linkage further
emphasizes the role of Eucalypt phenology and loss of foraging habitat in the emergence of
Hendra virus in eastern Australia.
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Future directions

The epidemiology and ecology of infectious bat-borne viruses has received much attention.
However, despite the recognition that food resource availability and foraging behavior may
be an important ecological determinant of disease dynamics (Hayman et al. 2013, Wood
et al. 2012), the link between bat foraging ecology and viral dynamics is under-studied. In
this thesis, I presented data and models that improve our understanding of the biological
and ecological drivers of Hendra virus dynamics by exploring correlations among proxies of Eucalypt phenology, prevalence of Hendra virus in bat populations, and observed
spillover from bats to horses. However, determining how the broader ecological conditions
drive disease dynamics is an important topic that requires future research. Such research
would help to elucidate the epidemiological mechanisms that produce patterns of viral infection in response to changes in bat population density. Clarifying these mechanisms in
the context of anthropogenic changes introduces an extra element of complexity; innovative
data collection methods and models that adapt to the mobility and wide-ranging behavior
of reservoir hosts are required. Moreover, further challenges to research include the rare
occurrence of viral excretion in bats, the variability of food resource phenology, and the
time-lagged influences of anthropogenic factors. I propose that future research in this field
faces three salient challenges: 1) quantifying the impacts of anthropogenic change on bat
population distribution, 2) employing data collection and modeling methods that are suited
to the spatiotemporal variability of bat ecology, and 3) linking resource availability and bat
foraging ecology mechanistically to epidemiological processes.

7.4.1

Quantifying anthropogenic change

Anthropogenic change influences bat ecology and epidemiology primarily through impacts
on the availability and distribution of nectar-based resources, and through supplementing
these resources with fruit and nectar produced in urban areas. To understand the extent of
this influence, spatial data are needed that summarize land use changes in a spatial and temporal scale relevant for bat ecology. Many pre-packaged datasets found on common data
portals aggregate forest cover or land use data into multi-annual measures with coarse spatial resolution (Lambin et al. 2003, Mewett et al. 2013). Data with higher spatial and temporal resolution are needed. For example, data that can describe changes in Eucalypt forest
distribution over the course of a foraging season and detect losses in foraging areas (World
Resources Institute 2017). The Eucalypt-specific vegetation indices developed in Chapter
3, were used as proxies for nectar availability. Validation of these vegetation indices with
nectar production data is an important next step that will allow more accurate representation
of available nectar-based resources. Improved data on land use changes, habitat loss, and
nectar availability will enable modeling studies that will help to answer questions about the
roosting and foraging ecology of pteropid bats in Australia. For example, it is still uncertain why bats choose urban roosting sites and how habitat loss associated with agriculture
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and urban development influences the selection of roosting sites (House of Representatives
2017). There is a need for models that explore the relationship between habitat loss due to
landscape change and the spatial distribution of roosting sites and abundance of populations
using them. These models will help to distinguish whether bats roost in urban areas out of
necessity or advantage, which allows formulation of hypotheses about how human activity
has caused changes in bat population distribution.
In addition to landscape change, climate change likely has impacts on the flowering
phenology of Eucalypts and therefore, the nectar availability for bats. However, connecting
climate change to bat population processes is challenging because climate operates over
long timescales. One way to link the two, as I have done in Chapter 4, is through the ENSO
which operates over smaller (2-4 years) cycles that can be related directly to ecological
conditions through regional climate ‘teleconnections’ (Lau and Lim 1984). Results from
Chapter 4 illustrated that there are time-lagged correlations between cycles of the ENSO and
predicted foraging intensity. However, the extent to which ENSO cycles drive population
distribution is unknown. Modeling studies that investigate the latitudinal range shifts of each
bat species (as in Roberts et al. 2012a) in relation to ENSO cycles are needed. Expanding
analyses to large spatial scales and longer time periods may help to explain the extent to
which broad climate drivers determine food resource availability. This expanded scope will
allow for inferences on how climate changes may affect bat population distribution in the
future.

7.4.2

Spatiotemporal variability of bat ecology

One of the primary difficulties when studying the ecology of bat-borne diseases is the spatial scale of bat population distribution. The large population sizes of bats combined with
considerable mobility creates population fluctuations that introduce significant spatial and
temporal heterogeneity (Eby et al. 1999, Peel et al. 2013). Therefore, studies which employ
spatiotemporal models of foraging habitat and population distribution over large spatial
scales are needed. Chapter 4 provided a proof of concept that models of foraging intensity
can be fitted despite the complex drivers of foraging behavior. Extending such methods
to the landscape scale enables identification of foraging areas that provide nectar-based resources at important times and can be used to understand the drivers of population distribution over large spatial scales. Dynamic spatial models of bat population distribution would
further support modeling disease transmission in a mobile population of foragers (Chapter
2) and help to guide management actions across jurisdictions (Eby 2016). This can direct better-informed policy decisions concerning the mitigation of public health concerns
and conservation of bat foraging habitat. Developing data-driven policy in this manner,
has become a pressing issue as competition between humans and bats for space has led to
increased contact and greater incidence of spillover.
The spatiotemporal variability in bat ecological dynamics also presents challenges for
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Hendra virus surveillance. In Chapter 6, I explored the application of a common underroost sampling technique, where pooled urine samples are collected from plastic sheets under roosts. This technique is advantageous because it allows the efficient collection of urine
samples, which can be tested for the presence of Hendra virus RNA, facilitating longitudinal sampling at the roost scale for multiple locations. This method of sampling is a practical
way to circumvent the confounding effects of spatial and temporal variation in bat population distribution and Hendra virus excretion. However, as I showed in Chapter 6, the method
may be poorly suited to studying viral dynamics due to its tendency to overestimate viral
prevalence. Therefore, pilot studies in the field are needed, within a model-guided fieldwork approach (Restif et al. 2012), to further develop the under-roost sampling technique
into a robust method that is both sensitive to viral presence and specific when estimating
viral prevalence.

7.4.3

Linking foraging ecology with disease dynamics

Disease models for viral pathogens in bat populations are necessary to understand the epidemiological mechanisms driving viral maintenance and spillover. One difficulty to modeling viral transmission in bat populations is the connectivity among roosting sites, which
strongly influences pathogen transmission. Further, connectivity among roosts results from
the resource driven movements of individual foraging bats. These movements become complex in the context of habitat fragmentation and resource provisioning in anthropogenically
altered landscapes. Hence, Gottdenker et al. (2014) note that few studies model pathogen
transmission in a metapopulation structure which includes these ecological and anthropological drivers. Future modeling efforts would be well-served by spatially explicit disease
models that are individual based and resource driven. Once models are calibrated and replicate system dynamics appropriately, perturbations (e.g. habitat fragmentation, resource
provisioning) can be introduced, allowing inferences on how anthropogenic changes influence disease dynamics. Chapter 2 provides a theoretical modeling framework for building a holistic spatial model that links spatial data on foraging resources, individual-level
movement decisions, fluctuations in roost-level population abundance, and disease transmission. Models of this form provide a bridge between processes at different scales such
as landscape-scale ecological dynamics and behavioral ecology (Lima and Zollner 1996,
Morales et al. 2010). This connection offers insight into the biological and ecological mechanisms that drive more complex system dynamics such as changes in population density or
cycles of viral transmission among metapopulations.
There are many challenges to studying bat-borne pathogens like Hendra virus, which
requires innovative approaches to the basic biology and ecology of the reservoir hosts. The
findings presented in this thesis show that patterns in bat host density respond to nectarbased resources. This response sets the larger context under which disease transmission and
spillover occur, which emphasizes foraging resource availability as a fundamental driver
of Hendra virus ecological dynamics. Therefore, models at the nexus of disease dynamics
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and landscape ecology, incorporating bat population responses to foraging resources, offer
a promising avenue for further research.
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