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Integrating predictors of host condition into spatiotemporal multi-scale models of

virus shedding

ABSTRACT

Understanding where and when pathogens occur in the environment has implications for
reservoir population health and infection risk. In reservoir hosts, infection status and pathogen
shedding are affected by processes interacting across different scales: from landscape features
affecting host location and transmission to within-host processes affecting host immunity and
infectiousness. While uncommonly done, simultaneously incorporating processes across multiple
scales may improve pathogen shedding predictions. In Australia, the black flying fox (Pteropus alecto)
is a natural host for the zoonotic Hendra virus, which is hypothesized to cause latent infections in bats.
Re-activation and virus shedding may be triggered by poor host condition, leading to virus excretion
through urine. Here, we developed a statistical modeling approach that combined data at multiple
spatial and temporal scales to capture ecological and biological processes potentially affecting virus
shedding. We parameterized these models using existing datasets and compared model performance
to under-roost virus shedding data from 2011-2014 in 23 roosts across a 1200-km transect. Our
approach enabled comparisons among multiple model structures to determine which variables at
which scales are most influential for accurate predictions of virus shedding in space and time. We
identified environmental predictors and temporal lags of these features that were important for
determining where reservoirs are located and multiple independent proxies for reservoir condition.
The best-performing multi-scale model delineated periods of low and high virus prevalence, reflecting
observed shedding patterns from pooled under-roost samples. Incorporating regional indicators of
food scarcity enhanced model accuracy while incorporating other stress indicators at local scales

confounded this signal. This multiscale modeling approach enabled the combination of processes
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from different ecological scales and identified environmental variables influencing Hendra virus
shedding, highlighting how integrating data across scales may improve risk forecasts for other

pathogen systems.

INTRODUCTION

The presence and abundance of pathogens in a location result from physical, ecological, and
physiological processes occurring across multiple biological scales. Pathogens infect cells within
individual hosts; pathogens are transmitted between individuals; and the geographic distribution of a
host population dynamically responds to changes in regional climate and local environmental
conditions, which combine to influence resource availability and feedback to affect host condition and
distribution. Multi-scale models have helped identify biological scales contributing disproportionately
to transmission dynamics (Orton et al. 2020, Tsao et al. 2020) and informed disease intervention and
control (Guo et al. 2015). While interacting scales underpin infection dynamics observed in natural
systems, there are no standard methods for incorporating multiscale processes in disease ecology.
Researchers have implemented multi-scale models using various model types (dynamical, statistical)
and linkages (correlational, mechanistic) between scales (Hasenauer et al. 2015, Childs et al. 2019,
Kramer et al. 2019). Despite the potential for multi-scale models to offer new insights, linking spatially
and temporally dynamic processes across biological scales remains challenging partly due to the data
necessary to characterize feedbacks and dependencies in complex systems (Garabed et al. 2019).

An illustrative example of this complexity is the interaction between individual body condition
and infection, which can, in turn, impact epidemic dynamics across a population (Beldomenico et al.
2008, Beldomenico and Begon 2010). While there are several condition metrics (Jakob et al. 1996,
Peig and Green 2009), body condition generally describes the energetic status of an individual with
direct implications for fitness (survival & reproduction). While host condition responds to processes
happening at several scales, most studies investigating links between body condition and infection

status find negative associations (Sanchez et al. 2018). Animals in poor body condition (e.g., from low
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resource input) may divert energy from immune responses needed to prevent or control infections
(Plowright et al. 2024). For example, poor nutrition is associated with an increased amount and
duration of virus shedding in a songbird species (Owen et al. 2021). Infections can also reduce host
condition through anorexia or investment in immunity (Kyriazakis et al. 1998, Reeder et al. 2012,
Verant et al. 2014).

Many wildlife diseases lack sufficient temporal and spatial sampling to develop multi-scale
models. However, decades of Hendra virus research make it a valuable system for building multi-scale
models and testing key hypotheses. Hendra virus (HeV) is a Henipavirus that circulates in flying fox
populations in eastern Australia, and the virus is shed and transmitted through urine. Because the
virus can spill over to domesticated horses and humans (Murray et al. 1995, Rogers et al. 1996),
extensive research efforts have been carried out to identify drivers of HeV in wild flying fox
populations (Field et al. 2001). Black flying foxes (Pteropus alecto) are a primary reservoir for HeV
(HeV-g1) and are likely source of the majority of spillover cases (Edson et al. 2015, Annand et al. 2022,
Peel et al. 2022). Research on HeV shows complex transmission patterns with significant variation in
the prevalence and timing of HeV shedding (Plowright et al. 2015). Once shed, HeV is not viable in the
environment for more than a day (Fogarty et al. 2008, Martin et al. 2015), so identifying where
reservoir hosts are on the landscape is essential for understanding virus shedding patterns. The
occurrence and abundance of black flying foxes have previously been linked to differences in virus
shedding (Paez et al. 2017); however the high mobility of flying foxes makes it challenging to match
viral prevalence and population data in space and time across their range. Flying foxes exhibit
nomadic behavior to track dynamic flowering of native Eucalyptus and other Myrtaceae species,
which involves frequent switching of roosts hundreds of kilometers apart within a month (Palmer et
al. 2000, Welbergen et al. 2020). HeV shedding is often measured from pooled under-roost urine
samples and is summarized as prevalence (percentage of samples positive). HeV prevalence at a roost

ranges from undetectable levels to over 60% (Edson et al. 2015, Field et al. 2015, Peel et al. 2019). A
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leading hypothesis is that environmental stress increases HeV shedding, driving observed spillovers
(Plowright et al. 2015).

Even though host condition is recognised to impact population-level processes, most studies
use individual-level data, such as fat scores and stress biomarkers, to link host condition to infection
status or severity. Instead, using population-level indicators of resource availability may highlight
environmental conditions that periodically enhance host susceptibility, reactivate latent infections, or
increase pathogen shedding. Directly measuring physiological stress and body condition in wild flying
foxes is extremely difficult. Here, we tested whether models of population-level stress and condition,
based on three distinct proxies for physiological stress, can approximate the spatiotemporal variation
in host condition that influences virus shedding. For example, rehabilitation intake numbers are likely
to reflect changes in energetics and body condition, with the rate of admissions to rehabilitation
facilities across eastern Australia serving as a proxy of population-level stress (Mo et al. 2020).
Previously, nutritional stress caused by acute food shortages in winter and spring has been linked to
preceding El Nifio events (Becker et al. 2023, Eby et al. 2023), and unfavorable weather conditions in
the preceding year have been correlated with higher shedding pulses (Paez et al. 2017). Additionally,
in response to acute food shortages, flying foxes form new fissioned roosts outside their historical
range (Eby et al. 2023).

Using HeV as a case study, we developed a multiscale modeling approach that incorporated
factors hypothesized to influence both the dynamic distribution and body condition of reservoir hosts
in space and time. These models took a statistical mining approach to combine empirical relationships
from separate data sources that did not contain information about HeV infection but could act as
proxy indicators of biological processes such as food availability, roost selection, and physical
condition. The model was designed to estimate spatiotemporally dynamic risk of virus prevalence
based on distinct statistical signals that may describe variation in virus shedding. In contrast to
approaches that combine all environmental predictors into a single model (implicitly spanning all

scales simultaneously), our approach enhanced interpretability by linking specific proxies to a priori
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hypotheses about the mechanisms driving virus shedding. This process could be described as
hypothesis-driven feature construction. We validated model predictions using historical virus
prevalence data from black flying fox roosts. The modular nature of our new multiscale modeling

approach supports the integration of new data and new models as system knowledge expands.

METHODS

General approach.

We developed four component models using independent data sets of observed locations and
potential indicators of physiological stress among reservoir hosts (full details in Supporting
Information). These components occurred at different spatial scales and were combined and scaled to
provide a spatially and temporally explicit prediction of virus shedding (summarised as prevalence)

that could be compared to field data.

Case Study: Hendra virus component models. We predicted the risk of HeV shedding in subtropical
eastern Australia by linking component models split across two scales to 1) identify where flying fox
reservoir species are likely to occur and 2) predict stress proxies for flying fox condition at those
locations (Fig. 1). Importantly, we tested whether host condition measured by proxies affected the
likelihood of HeV shedding (Fig. 1). We limited our analysis to a region of eastern Australia
encompassing all confirmed HeV spillover events and all roost locations used to train the model on
black flying fox presence. This area included the distribution of Pteropus alecto in coastal subtropical
and tropical regions (Hall and Richards 2000, Churchill 2009).

For each component model, we applied generalized boosted regressions to spatiotemporally-
explicit environmental covariates reflecting contemporaneous and historical conditions by
incorporating 2 to 24-month lags. We selected these lags as many native black flying fox food
resources (Palmer et al. 2000, Markus and Hall 2004) do not flower annually and instead produce

nectar and pollen in episodic events that reflect lagged environmental conditions (Eby and Law 2008,

4
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Hawkins et al. 2018). Flowering can be highly dynamic in certain native species and is thought to be
driven in part by cumulative climatic conditions (Law et al. 2000, Birtchnell and Gibson 2006, Hudson
et al. 2010). We included the Oceanic Nifio Index (ONI), Southern Oscillation Index (SOI), and Southern
Annular Mode (SAM) as reliable climatic indicators. Local environmental conditions included summary
metrics of temperature, precipitation, and primary productivity on a = 5 km grid. For lagged conditions
we used cumulative values or standard deviations to account for variability in conditions. We also
incorporated land cover data into models and summarized it as the proportion of land cover within a
20 km radius. In other settings, flying foxes can forage within smaller or larger radii, dependent on
available resources (Palmer 1997, Palmer et al. 2000), but 20 km encapsulates a reasonable foraging

distance from a roost by individual P. alecto (Palmer 1997).

Reservoir host locations. Pteropus alecto is highly social and roosts in colonies. Colony sizes vary
significantly throughout the year and among specific roosts (Lunn et al. 2021). We therefore focused
on modeling roost occupancy of black flying foxes across the study region using survey data collected
in Queensland (2003-2021) and New South Wales (2012-2019) through the National Flying Fox
Monitoring Program (NFFMP) (National Flying Fox Monitoring Program, 2020) and grey-headed flying
fox population monitoring (Eby et al. 2022a). The NNFMP data provided the most comprehensive
dataset (n = 14,952 unique roost observations over 15 years) of flying fox locations in Australia,
despite not covering the entire species range and having variation in frequency of counting. We
supplemented this data withoverwintering roost locations and observations from 2002-2019 (Eby et
al. 2022a), creating a total of 18,861 records. We disaggregated locations to the monthly time scale
such that a roost presence was marked for each grid cell when it was known to be occupied by at least
one black flying fox (n = 10,622). We used roost observations without black flying foxes (n=8,239) as
absence points. We then fit a boosted regression tree model using the gbm package in R (Greenwell

et al. 2022).


https://doi.org/10.1101/2024.10.24.616488
http://creativecommons.org/licenses/by-nc-nd/4.0/

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.616488; this version posted October 25, 2024. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

Host condition. We identified environmental predictors of three separate proxies for host condition
that we hypothesized to reflect stress in this system: rehabilitation admissions, fissioning of roosts,
and acute food shortages. We considered that rehabilitation and new roosts are dependent on spatial
(x) and temporal (t) variation, whereas food shortage is only temporal (t) within our study area
because it usually occurs at geographic scales greater than bat movements. These metrics do not
directly measure virus shedding, but based on previous studies we expected increased stress to
correlate with higher virus shedding in this system (Becker et al. 2023, Eby et al. 2023). Additional
information on each model and the calculation of corrected AUC is available in the Supporting
information.

Rehabilitation admissions. We modeled the probability of flying fox rehabilitation, P(Ax), using

monthly intake records from WIRES Mid North Coast (n = 695) and Northern Rivers (n = 1027)
in New South Wales (https://figshare.com/s/ddb5a1584609b20f6596). The rehabilitation
centers recorded the species, originating postcode, and intake date. We fit a boosted
regression tree model to presence and background points to predict the probability of any
flying fox being brought to rehabilitation centers. We defined presence data based on flying
fox admissions between 2005 to 2020 (n = 5,075) and extracted environmental characteristics
from each postcode polygon for the month and year of intake. We chose background data

within the same postcodes and weighted random sampling of dates.
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New Roost Formation. We constructed a boosted regression tree model to predict the

probability of a location supporting a new, fissioned overwintering roost: P(R«). Newly
established roosts have higher rates of virus shedding (Becker et al. 2023); therefore,
identifying environmental features associated with the formation of these new overwintering
roosts may provide a valuable indicator of stress. We used the aforementioned dataset on
overwintering roosts to identify new black flying fox roosts (n= 195) formed between 2000
and 2019 (Eby et al. 2022a). We used conditions from August (the last month of winter) in the
year a new roost was formed, or the last month of acute food shortage if the roost was
formed in a year with food shortage, as presence data. We selected background data

weighted by predictions from the roost SDM .

Food Shortage. To model the probability of acute food shortages, P(F:), we used records of
nectar shortage (Eby et al. 2022b). Acute food shortage (hereafter referred to as “food
shortage”) is a binary response defined every month based on surveys from apiarists over an
approximate area of 4000 km? in New South Wales from January 1998 to March 2020. We
assumed food shortages were equivalent across the entire study region and developed a
model based on only global climatic features (ONI, SOI, SAM). We applied a gradient boosted
model (Chen et al. 2023) to predict the probability of an food shortage using a binary response

of months with (n = 22) and without (n=245) food shortages.

Multiscale model of Hendra shedding. We first used the roost occupancy model to locate a
temporally dependent number of roosts across the study area. We determined the number of roosts
each month based on predictions of a generalized additive model of occupied roosts based on the
NFFMP dataset. We randomly distributed the number of roosts for a given month and weighted the
probability of choosing a given grid cell using the roost occupancy model output. We did not allow

multiple roosts to occupy the same grid cell, resulting in roost spacing of at least 5 km. We did this to
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ensure roosts are approximately as distant as the minimum observed distance (2 km). We then
assigned each roost a unique foraging area encompassing the space closest to that roost with
tessellation followed by truncation of any part of a polygon extending more than 50 km from each
location. This divided areas between roosts when they were nearby while preventing unrealistically
distant areas from being incorporated into roost condition predictions.

We predicted virus shedding as prevalence at a roost location to compare with observed data
from pooled under roost sampling. Host condition (Cx) predictions were determined by all
combinations of three host condition models: P(A) was the probability of bats needing rehabilitation,
P(R) was the probability of the site being a new overwintering roost, and P(F) was the probability of an
acute food shortage. To quantify the spatial component of stress, we calculated the geometric mean
of rehabilitation and new roost formation. We then multiplied the complement of spatial stress by the
complement of food shortage, which was expected to affect the entire area and hypothesized to
compound spatial stress. Multiplying ensured a cumulative prediction of stress, i.e., low values of one
stress type did not offset high values of the others. We combined the results from the three models as

follows:

Cxe = 1= (1 = yP(Ax)P(Re) )(1 — P(Fy))

C varies between 1 (when bats are certain to be stressed) and O (when bats are unlikely to be
stressed). Although this is a naive estimator, we propose it as a reasonable starting point that will be
proportional to stress if the component hypotheses are supported. This value was assumed for the
entire area within each roost tessellation and represented a naive model for how host condition
proxies may interact. For each combination of component models, we considered the maximum
possible prevalence to match the highest observed prevalence at a roost in a large-scale Hendra virus
survey (MaxP=66.6%; Field et al. 2015). We then calculated the predicted prevalence for each space-
time point:

PXt = CXtMaXP
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We predicted prevalence across the landscape for a given month by generating 1,000 roost location
maps, obtaining the host condition for each distribution, predicting the prevalence within each
tessellation, and then averaging those 1,000 random realizations from January 2008 to December
2019. We maximized information gained about how stress proxies vary in space and time by excluding
zero prevalences resulting from roost absence from the averages. We incorporated uncertainty in the
host condition models by bootstrapping the input data for each model 1,000 times and refitting to the
bootstrapped data. Therefore, each roost location map for a month was associated with one of the

bootstrapped host condition models.

Model validation and comparison. We compared prevalence predictions from each multi-scale
model to observed HeV prevalence estimates from under-roost sampling of 26 roosts across eastern
Australia (Field et al. 2015). We only used roosts sampled at least five times within the study and
observed to have P. alecto within the study period, resulting in 352 observations of 23 roosts from
July 2011 to November 2014. Predicted prevalence values for each observed roost were calculated
from model predictions for a 20 km buffer around the site coordinates.

Host condition can be affected by both acute and chronic effects. To determine the
appropriate temporal scale for linking host condition to virus shedding, we first considered cumulative
lagged conditions by comparing the 3 to 12-month averages of each condition to contemporaneous
condition prevalence predictions. For each component model, we selected the most informative lag
based on Spearman correlation coefficients of predictions against observations. Using the cumulative
condition lags that maximized this correlation coefficient, we investigated the influence of each

component model and all possible combinations on prevalence predictions.
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We also considered a null model that used only the roost suitability predictions (no condition);
the null model tested whether the likelihood of host presence was sufficient to explain variation in
prevalence. This resulted in eight sets of predictions, and we compared the relative performance of
each of these predictions using root mean squared error (RMSE) and took the mean of this metric for
each sampled roost. The lowest values of RMSE corresponded to the best-fitting models. Spearman
rank correlations for the same set of models provided a complementary measure of relative

agreement between predictions and observations.

RESULTS

Black flying fox roost occupancy and indicators of flying fox condition - measured as rehabilitation
admission, new roost formation, and food shortage - exhibited predictable spatiotemporal variation
across eastern Australia. We linked these component models to predict virus shedding and
demonstrate empirical relationships between host locations and conditions with implications for HeV

shedding.

Component model performance

Reservoir host locations. Environmental features predicted black flying fox roost occupancy (Fig. 2).
Our best model of roost locations had a mean corrected AUC of 0.867. Full details of all model
evaluation and formulation are in the Supporting information. The most important variables
predicting roost occupation included percentage of land cover (including urban, pasture, cropland,
and forest), standard deviations of temperature (maximum, minimum, and range), and cumulative
solar exposure. Black flying foxes were more likely to occupy roosts in areas with high percentages of
urban land cover, intermediate pasture, low crop cover, both low or high percentage forest cover within
foraging radii (20 km), low temperature variability within the last nine months, and higher soil moisture.
Host condition. Full model results for the three proxies of host condition, including partial dependence

plots and relative importance scores of the top variables, are reported in the Supporting Information.
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Our best model of rehabilitation admissions had a mean corrected AUC of 0.876. Land cover classes
were most important in these models followed by various weather and climatic variables. Our best
model of new roost formation had a mean corrected AUC of 0.9. The probability of a new roost
formation was highly spatially dynamic and depended on land cover features, soil moisture, and
various lagged temperature and precipitation variables. Our best model of food shortage had a mean
corrected AUC of 0.811 (Fig. 3). The most important predictors were higher ONI 9 months prior, lower
ONI 21 months prior, and higher SAM 9 months prior. In contrast to the new roost model, the
probability of rehabilitation and food shortage were most dependent on temporally varying features,

resulting in large variation in predicted host conditions between months and years.

Multi-scale model performance in predicting HeV shedding

To assess multi-scale model performance we initially compared different lags of host condition
indicators with the empirical estimates of virus shedding. We found that a cumulative 12-month lag in
predicted probability of a food shortage (i.e. the average predicted food shortage over the last 12
months) most closely matched the timing and amplitude of HeV shedding observations from 2011-
2014. After comparison with other lengths, this cumulative 12-month lag performed the best for our
other proxies of stress and was used for all multi-scale model comparisons.

The most accurate multi-scale model included the cumulative 12-month food shortage and
roost location models (Fig. 4, Table 1). The null model performed better than models that included the
rehabilitation and new roost models without food shortage and the version with all three stress
models. Predictions of virus prevalence that included the new roost component model were poor,
resulting in negative correlations with observed prevalences (Table 1).

When we compared predictions of HeV shedding from 2011-2014, we found the best model
predictions differentiated low and high observed prevalence while failing to precisely track the magnitude
of observed prevalence (Fig. 5, Supporting information). The best multi-scale model had spatial

variation in predictions, but this did not arise from the food shortage component. Instead, spatial

11


https://doi.org/10.1101/2024.10.24.616488
http://creativecommons.org/licenses/by-nc-nd/4.0/

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.616488; this version posted October 25, 2024. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

variation arose from variation in roost occupancy and tessellations around these roosts in each

month. Inclusion of the spatially varying proxies for host condition (rehabilitation intakes and new
roost formation) degraded predictions (Table 1). Although the null model (roost occupations only)
outperformed some multi-scale models in certain roosts, it was never the best performing (Supporting

information).

DISCUSSION

Our goal was to construct a model that could predict virus shedding by integrating several
hypothesized drivers, rather than relying solely on a model closely parameterized to a single dataset.
A multi-scale model potentially provides virus shedding predictions based on host location and
condition with greater transferability than a universal model directly predicting virus shedding. Even
though bats are able to track dynamic resources over long distances, we were able to accurately
predict roost suitability across space and time. However, we found that environmental variables
explaining location were insufficient to predict virus shedding. Combining the scales encompassing
host location and host condition improved spatially and temporally explicit predictions of HeV
prevalence and provided support for the hypothesis that stress is linked to virus shedding. Specifically,
the superior performance of a model including food shortage provides additional evidence that host
condition driven by food shortage is an important driver of virus shedding in this system (Eby et al.
2023).

Although host condition has been proposed as an essential component of transmission, no
standard host condition metric exists for inferring impacts on infection outcomes (Sanchez et al. 2018,
Vicente-Santos et al. 2023). In this study, we used three proxies for host condition that were agnostic
to epidemiological outcomes, available for sufficiently long periods (14-22 years), and from a large
spatial area. These types of ecological data - including species occurrences, wildlife rehabilitation
admissions, and food availability - could be obtained for other host species and utilized similarly.

However, not all three host condition models effectively predict underroost virus prevalence. We
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found that the host condition model based on the probability of a roost being newly established led to
a negative correlation between model predictions and observed data on virus shedding, worse than
null model predictions. The poor predictive capability of new roost formation may result from
mismatches in time scales from when a new roost forms and when virus shedding increases. Previous
studies showed that new overwintering roosts have higher shedding pulses, particularly following an
acute food shortage (Becker et al. 2023). The component model we developed only identifies
probabilities that a new roost formed, and does not identify ‘new’ overwintering roosts over a longer
time period. These new roosts are expected to affect shedding long after they are formed because
they are likely in poor foraging locations. The poor fit of this model to observed prevalence data
suggests that there is a mismatch in scales of when/where new roosts form and when this is
informative for temporal variation of HeV shedding. The new roost host condition model varied with
highly spatially variable environmental features (soil moisture, lagged precipitation, lagged
temperature), whereas food shortage and rehabilitation models predicted higher temporal variation,
and both provided closer predictions to observed data. Nevertheless, the predicted prevalences from
the rehabilitation model also exhibited lower correlations with observations than the null model|,
possibly due to the variety of possible causes for a rehabilitation admission or the limited spatial
extent of these data.

Multiscale models including host condition - via food shortages - had superior predictive
power, though their predictive performance was modest as measured with correlation (Spearman’s r
=10%). The better performing models of host condition were not seasonal - this is in contrast to
observations of underroost virus shedding, which report seasonal pulses (Paez et al. 2017). Pulses of
virus shedding have been linked to seasonal demographic and ecological changes (Wacharapluesadee
et al. 2010) - such as birth (Joffrin et al. 2022) and winter food shortages (Becker et al. 2023). We did
not observe any seasonality in any of the host condition models, and thus these did not predict
seasonal patterns of virus shedding. Furthermore, the lack of seasonality in virus shedding in the

multiscale model is also partially driven by the impacts of host condition accumulating over the prior
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12 months - which led to predictions of gradual changes in virus shedding. The 12-month time period
used was selected based on RMSE in 2011-2014 and, importantly, the fit to observed data was not
predicated on any explicit considerations about seasonally dynamic host demography, any data on
virus positivity across roosts, or data describing individual-level variation, all of which are known to be
influential factors in bat virus shedding (Amman et al. 2012, Dietrich et al. 2018, Peel et al. 2019,
Mortlock et al. 2021, Joffrin et al. 2022). Because these processes are not accounted for here, this
model can be thought of as improving knowledge of periods of time a pulse is more likely to occurin a
location but not the duration of shedding pulses. Future iterations incorporating data on these
components and scales may improve predictions and underscore the relative importance of
underlying processes contributing to virus shedding.

Model uncertainty may account for limited or absent predictive power for submodels and
their combinations. The spatial and temporal span of each dataset differed. There was much more
data available for roost locations compared to the limited data available for assessing the signal of bat
rehabilitation. These differences are clear in the submodel performances as measured via AUC, and
higher uncertainty will necessarily reduce the strength of the correlation between model predictions
and prevalence. Future work could incorporate different model structures - e.g., estimating a
posterior distribution of condition that can be sampled from to incorporate errors in the multiscale
model in a more interpretable manner. Other machine learning tools applied to multiscale biomedical
models offer new methods that may be adapted to epidemiological problems (Alber et al. 2019, Peng
et al. 2021). Our work and previous studies (i.e. Guo et al. 2015, Kramer et al. 2019, Orton et al. 2020)
have highlighted that multiscale models improve predictions of epidemiological outcomes and
improve our ability to design more targeted, effective interventions. As new methods and tools are
developed for big data, there is an exciting opportunity to apply these to complex systems that
operate across multiple ecological scales.

Although HeV presents a uniquely well-studied system for understanding multiscale processes
impacting prevalence in a highly mobile host population, there remain limitations to the available
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datasets. Validation of multiscale models was carried out using a dataset of 23 roosts that had
sufficient spatial coverage of the study region but was limited to samples taken over a 41-month
period. It is likely that the choice of lags and informative submodels are overfit to this time period and
epidemiological patterns. To confirm the multiscale model performs well beyond this period,
additional underroost sampling across a large area would be required. Furthermore, the host
condition models are based on data that represent a subset of the full geographic range of black flying
foxes. Additional data from regions further north in the subtropics and tropics and further south in
temperate regions would likely improve predictions of host condition. Finally, if spatial aspects of host
condition are more influential than shown here, these could improve prevalence predictions in these
regions. This may also allow consideration of whether there is a relevant scale of spatial variation
apart from the new roost proxy that performed poorly here.

The modular design of this multiscale approach allows for flexible data integration and
consideration of hypothesized drivers of virus shedding acting on different temporal and spatial
scales. This contrasts with directly fitting a statistical prevalence model to the many predictors
considered across the component models. While a single statistical model might achieve equivalent or
superior performance on the validation data, it reduces interpretability, impedes hypothesis
generation, and potentially reduces transferability across space and time; aspects for which this
approach offers advantages. The statistical integration of multiple models capturing multiple scales
can be applied to other systems, as proxies are easily replaced to represent system-specific
mechanisms hypothesized to influence pathogen shedding. In this study we present one way for
processing, analyzing, and evaluating multi-scale models; this approach may serve as a valuable tool

for modeling diseases within their ecological context.

REFERENCES

Alber, M., Buganza Tepole, A., Cannon, W. R., De, S., Dura-Bernal, S., Garikipati, K., Karniadakis, G., Lytton,

W. W., Perdikaris, P., Petzold, L. and Kuhl, E. 2019. Integrating machine learning and multiscale

15


https://doi.org/10.1101/2024.10.24.616488
http://creativecommons.org/licenses/by-nc-nd/4.0/

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.616488; this version posted October 25, 2024. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

modeling—perspectives, challenges, and opportunities in the biological, biomedical, and behavioral
sciences. - NPJ Digital Medicine 2: 1-11.

Amman, B. R, Carroll, S. A,, Reed, Z. D., Sealy, T. K., Balinandi, S., Swanepoel, R., Kemp, A., Erickson, B. R,,
Comer, J. A., Campbell, S., Cannon, D. L., Khristova, M. L., Atimnedi, P., Paddock, C. D., Crockett, R. J.
K., Flietstra, T. D., Warfield, K. L., Unfer, R., Katongole-Mbidde, E., Downing, R., Tappero, J. W., Zaki, S.
R., Rollin, P. E., Ksiazek, T. G., Nichol, S. T. and Towner, J. S. 2012. Seasonal pulses of Marburg virus
circulation in juvenile Rousettus aegyptiacus bats coincide with periods of increased risk of human
infection. - PLoS Pathog. 8: €1002877.

Annand, E. J., Horsburgh, B. A, Xu, K., Reid, P. A, Poole, B., de Kantzow, M. C,, Brown, N., Tweedie, A,,
Michie, M., Grewar, J. D., Jackson, A. E., Singanallur, N. B., Plain, K. M., Kim, K., Tachedjian, M., van der
Heide, B., Crameri, S., Williams, D. T., Secombe, C., Laing, E. D., Sterling, S., Yan, L., Jackson, L., Jones,
C., Plowright, R. K., Peel, A. J., Breed, A. C., Diallo, I., Dhand, N. K., Britton, P. N., Broder, C. C., Smith, I.
and Eden, J.-S. 2022. Novel Hendra Virus Variant Detected by Sentinel Surveillance of Horses in
Australia. - Emerg. Infect. Dis. 28: 693—-704.

Becker, D. J., Eby, P., Madden, W., Peel, A. J. and Plowright, R. K. 2023. Ecological conditions predict the
intensity of Hendra virus excretion over space and time from bat reservoir hosts. - Ecol. Lett. 26: 23—
36.

Beldomenico, P. M. and Begon, M. 2010. Disease spread, susceptibility and infection intensity: vicious
circles? - Trends Ecol. Evol. 25: 21-27.

Beldomenico, P. M., Telfer, S., Gebert, S., Lukomski, L., Bennett, M. and Begon, M. 2008. Poor condition
and infection: a vicious circle in natural populations. - Proc. Biol. Sci. 275: 1753—-1759.

Birtchnell, M. J. and Gibson, M. 2006. Long-term flowering patterns of melliferous Eucalyptus (Myrtaceae)
species. - Aust. J. Bot. 54: 745-754.

Chen, T., He, T., Benesty, M., Khotilovich, V., Tang, Y., Cho, H., Chen, K., Mitchell, R., Cano, I., Zhou, T., Li,
M., Xie, J,, Lin, M., Geng, Y., Li, Y. and Yuan, J. 2023. sxgboost: Extreme Gradient Boosting.

Childs, L. M., El Moustaid, F., Gajewski, Z., Kadelka, S., Nikin-Beers, R., Smith, J. W., Jr, Walker, M. and

Johnson, L. R. 2019. Linked within-host and between-host models and data for infectious diseases: a

16


https://doi.org/10.1101/2024.10.24.616488
http://creativecommons.org/licenses/by-nc-nd/4.0/

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.616488; this version posted October 25, 2024. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

systematic review. - PeerJ 7: e7057.

Churchill, S. 2009. Australian Bats. - Allen & Unwin. 256 p.

Dietrich, M., Kearney, T., Seamark, E. C. J., Paweska, J. T. and Markotter, W. 2018. Synchronized shift of
oral, faecal and urinary microbiotas in bats and natural infection dynamics during seasonal
reproduction. - R Soc Open Sci 5: 180041.

Eby, P. and Law, B. 2008. Ranking the feeding habitats of Grey-headed flying foxes for conservation
management. The Department of Environment and Climate Change (NSW) & The Department of
Environment, Water, Heritage and the Arts.

https://www.environment.nsw.gov.au/resources/threatenedspecies/ghffmainreport.pdf

Eby, P., Peel, A., Hoegh, A., Madden, W., Giles, J., Hudson, P. and Plowright, R. 2022a. Data from: Pathogen
spillover driven by rapid changes in bat ecology. Dataset B: Register of flying fox roosts in the study

area. - Pathogen spillover driven by rapid changes in bat ecology. https://doi.org/10.7298/kdht-sp38

Eby, P., Peel, A., Hoegh, A., Madden, W., Giles, J., Hudson, P. and Plowright, R. 2022b. Data from: Pathogen
spillover driven by rapid changes in bat ecology. Dataset E: Months of nectar shortage. - Pathogen

spillover driven by rapid changes in bat ecology. https://doi.org/10.7298/tb5p-dr98

Eby, P., Peel, A.J., Hoegh, A., Madden, W., Giles, J. R., Hudson, P. J. and Plowright, R. K. 2023. Pathogen
spillover driven by rapid changes in bat ecology. - Nature 613: 340—-344.

Edson, D., Field, H., McMichael, L., Vidgen, M., Goldspink, L., Broos, A., Melville, D., Kristoffersen, J., de
Jong, C., Mclaughlin, A, Davis, R., Kung, N., Jordan, D., Kirkland, P. and Smith, C. 2015. Routes of
Hendra Virus Excretion in Naturally-Infected Flying-Foxes: Implications for Viral Transmission and
Spillover Risk. - PLoS One 10: e0140670.

Field, H., Young, P., Yob, J. M., Mills, J., Hall, L. and Mackenzie, J. 2001. The natural history of Hendra and
Nipah viruses. - Microbes Infect. 3: 307-314.

Field, H., Jordan, D., Edson, D., Morris, S., Melville, D., Parry-Jones, K., Broos, A., Divljan, A., McMichael, L.,
Davis, R., Kung, N., Kirkland, P. and Smith, C. 2015. Spatiotemporal Aspects of Hendra Virus Infection
in Pteropid Bats (Flying-Foxes) in Eastern Australia. - PLoS One 10: e0144055.

Fogarty, R., Halpin, K., Hyatt, A. D., Daszak, P. and Mungall, B. A. 2008. Henipavirus susceptibility to

17


https://www.environment.nsw.gov.au/resources/threatenedspecies/ghffmainreport.pdf
https://doi.org/10.7298/kdht-sp38
https://doi.org/10.7298/tb5p-dr98
https://doi.org/10.1101/2024.10.24.616488
http://creativecommons.org/licenses/by-nc-nd/4.0/

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.616488; this version posted October 25, 2024. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

environmental variables. - Virus Res. 132: 140-144.

Garabed, R. B, Jolles, A., Garira, W., Lanzas, C., Gutierrez, J. and Rempala, G. 2019. Multi-scale dynamics of
infectious diseases. - Interface Focus 10: 20190118.

Greenwell, B., Boehmke, B., Cunningham, J. and GBM Developers 2022. gbm: Generalized Boosted

Regression Models. https://github.com/gbm-developers/gbm

Guo, D, Li, K. C, Peters, T. R, Snively, B. M., Poehling, K. A. and Zhou, X. 2015. Multi-scale modeling for the
transmission of influenza and the evaluation of interventions toward it. - Sci. Rep. 5: 8980.

Hall, L. S. and Richards, G. 2000. Flying Foxes: Fruit and Blossom Bats of Australia. - UNSW Press. 135 p.

Hasenauer, J., Jagiella, N., Hross, S. and Theis, F. J. 2015. Data-Driven Modelling of Biological Multi-Scale
Processes. - Journal of Coupled Systems and Multiscale Dynamics 3: 101-121.

Hawkins, B. A., Thomson, J. R. and Mac Nally, R. 2018. Regional patterns of nectar availability in subtropical
eastern Australia. - Landsc. Ecol. 33: 999-1012.

Hudson, I. L., Kim, S. W. and Keatley, M. R. 2010. Climatic Influences on the Flowering Phenology of Four
Eucalypts: A GAMLSS Approach. - In: Hudson, I. L. and Keatley, M. R. (eds), Phenological Research:
Methods for Environmental and Climate Change Analysis. Springer Netherlands, pp. 209-228.

Jakob, E. M., Marshall, S. D. and Uetz, G. W. 1996. Estimating Fitness: A Comparison of Body Condition
Indices. - Oikos 77: 61-67.

Joffrin, L., Hoarau, A. O. G., Lagadec, E., Torrontegi, O., Kdster, M., Le Minter, G., Dietrich, M., Mavingui, P.
and Lebarbenchon, C. 2022. Seasonality of coronavirus shedding in tropical bats. - R Soc Open Sci 9:
211600.

Kramer, A. M., Teitelbaum, C. S., Griffin, A. and Drake, J. M. 2019. Multiscale model of regional population
decline in little brown bats due to white-nose syndrome. - Ecol. Evol. 9: 8639-8651.

Kyriazakis, 1., 1., Tolkamp, B. J. and Hutchings, M. R. 1998. Towards a functional explanation for the
occurrence of anorexia during parasitic infections. - Anim. Behav. 56: 265-274.

Law, B., Mackowski, C., Schoer, L. and Tweedie, T. 2000. Flowering phenology of myrtaceous trees and
their relation to climatic, environmental and disturbance variables in northern New South Wales. -

Austral Ecol. 25: 160-178.

18


https://github.com/gbm-developers/gbm
https://doi.org/10.1101/2024.10.24.616488
http://creativecommons.org/licenses/by-nc-nd/4.0/

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.616488; this version posted October 25, 2024. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

Lunn, T. )., Eby, P., Brooks, R., McCallum, H., Plowright, R. K., Kessler, M. K. and Peel, A. J. 2021.
Conventional wisdom on roosting behavior of Australian flying-foxes-A critical review, and evaluation
using new data. - Ecol. Evol. 11: 13532-13558.

Markus, N. and Hall, L. 2004. Foraging behaviour of the black flying-fox (Pteropus alecto) in the urban
landscape of Brisbane, Queensland. - Wildl. Res. 31: 345—-355.

Martin, G., Plowright, R., Chen, C., Kault, D., Selleck, P. and Skerratt, L. F. 2015. Hendra virus survival does
not explain spillover patterns and implicates relatively direct transmission routes from flying foxes to
horses. - J. Gen. Virol. 96: 1229-1237.

Mo, M., Roache, M., Haering, R. and Kwok, A. 2020. Using wildlife carer records to identify patterns in
flying-fox rescues: a case study in New South Wales, Australia. - Pac. Conserv. Biol. in press.

Mortlock, M., Geldenhuys, M., Dietrich, M., Epstein, J. H., Wevyer, J., Paweska, J. T. and Markotter, W. 2021.
Seasonal shedding patterns of diverse henipavirus-related paramyxoviruses in Egyptian rousette bats.
- Sci. Rep. 11: 24262.

Murray, K., Selleck, P., Hooper, P., Hyatt, A., Gould, A., Gleeson, L., Westbury, H., Hiley, L., Selvey, L.,
Rodwell, B. and Ketterer, P. 1995. A Morbillivirus that Caused Fatal Fisease in Horses and Humans. -
Science 268: 94-97.

National Flying Fox Monitoring Program, 2020. Flying Fox Monitoring Data.

https://www.data.gld.gov.au/dataset/flying-fox-monitoring-program

Orton, R. J., Wright, C. F., King, D. P. and Haydon, D. T. 2020. Estimating viral bottleneck sizes for FMDV
transmission within and between hosts and implications for the rate of viral evolution. - Interface
Focus 10: 20190066.

Owen, J. C., Landwerlen, H. R., Dupuis, A. P., Belsare, A. V., Sharma, D. B., Wang, S., Ciota, A. T. and Kramer,
L. D. 2021. Reservoir hosts experiencing food stress alter transmission dynamics for a zoonotic
pathogen. - Proc. R. Soc. B. 288: 20210881.

Paez, D. J,, Giles, J., McCallum, H., Field, H., Jordan, D., Peel, A. J. and Plowright, R. K. 2017. Conditions
affecting the timing and magnitude of Hendra virus shedding across pteropodid bat populations in

Australia. - Epidemiology & Infection 145: 3143—-3153.

19


https://www.data.qld.gov.au/dataset/flying-fox-monitoring-program
https://doi.org/10.1101/2024.10.24.616488
http://creativecommons.org/licenses/by-nc-nd/4.0/

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.616488; this version posted October 25, 2024. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

Palmer, C. 1997. Ecology of the Black Flying Fox, Pteropus alecto, in the Seasonal Tropics of the Northern
Territory: Resource Tracking in a Landscape Mosaic and Role in Seed Dispersal. - Northern Territory
University, Darwin. Master of Science Thesis.

Palmer, C., Price, O. and Bach, C. 2000. Foraging ecology of the black flying fox (Pteropus alecto) in the
seasonal tropics of the Northern Territory, Australia. - Wildl. Res. 27: 169-178.

Peel, A. )., Wells, K., Giles, J., Boyd, V., Burroughs, A., Edson, D., Crameri, G., Baker, M. L., Field, H., Wang,
L.-F., McCallum, H., Plowright, R. K. and Clark, N. 2019. Synchronous shedding of multiple bat
paramyxoviruses coincides with peak periods of Hendra virus spillover. - Emerg. Microbes Infect. 8:
1314-1323.

Peel, A. ], Yinda, C. K, Annand, E. J,, Dale, A. S., Eby, P, Eden, J.-S., Jones, D. N., Kessler, M. K., Lunn, T. J.,
Pearson, T., Schulz, J. E., Smith, I. L., Munster, V. J., Plowright, R. K. and Bat One Health Group 2022.
Novel Hendra Virus Variant Circulating in Black Flying Foxes and Grey-Headed Flying Foxes, Australia. -
Emerg. Infect. Dis. 28: 1043-1047.

Peig, J. and Green, A. J. 2009. New perspectives for estimating body condition from mass/length data: the
scaled mass index as an alternative method. - Oikos 118: 1883-1891.

Peng, G. C. Y., Alber, M., Tepole, A. B., Cannon, W. R., De, S., Dura-Bernal, S., Garikipati, K., Karniadakis, G.,
Lytton, W. W., Perdikaris, P., Petzold, L. and Kuhl, E. 2021. Multiscale modeling meets machine
learning: What can we learn? - Arch. Comput. Methods Eng. 28: 1017-1037.

Plowright, R. K., Eby, P., Hudson, P. J., Smith, I. L., Westcott, D., Bryden, W. L., Middleton, D., Reid, P. A.,
McFarlane, R. A., Martin, G., Tabor, G. M., Skerratt, L. F., Anderson, D. L., Crameri, G., Quammen, D.,
Jordan, D., Freeman, P., Wang, L.-F., Epstein, J. H., Marsh, G. A., Kung, N. Y. and McCallum, H. 2015.
Ecological dynamics of emerging bat virus spillover. - P Roy Soc B-Biol Sci 282: 20142124.

Plowright, R. K., Ahmed, A. N., Coulson, T., Crowther, T. W., Ejotre, |., Faust, C. L., Frick, W. F., Hudson, P. J,,
Kingston, T., Nameer, P. O., O’'Mara, M. T., Peel, A. J., Possingham, H., Razgour, O., Reeder, D. M.,
Ruiz-Aravena, M., Simmons, N. B., Srinivas, P. N., Tabor, G. M., Tanshi, |., Thompson, |. G., Vanak, A. T,
Vora, N. M., Willison, C. E. and Keeley, A. T. H. 2024. Ecological countermeasures to prevent pathogen

spillover and subsequent pandemics. - Nat. Commun. 15: 2577.

20


https://doi.org/10.1101/2024.10.24.616488
http://creativecommons.org/licenses/by-nc-nd/4.0/

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.616488; this version posted October 25, 2024. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

Reeder, D. M, Frank, C. L., Turner, G. G., Meteyer, C. U,, Kurta, A., Britzke, E. R., Vodzak, M. E., Darling, S.
R., Stihler, C. W., Hicks, A. C., Jacob, R., Grieneisen, L. E., Brownlee, S. A., Muller, L. K. and Blehert, D. S.
2012. Frequent arousal from hibernation linked to severity of infection and mortality in bats with
white-nose syndrome. - PLoS One 7: e38920.

Rogers, R. J., Douglas, I. C. and Baldock, F. C. 1996. Investigation of a second focus of equine morhbillivirus
infection in coastal Queensland. - Aust. Vet. J. 74(3):243-4.

Sanchez, C. A, Becker, D. J. and Teitelbaum, C. S. 2018. On the relationship between body condition and
parasite infection in wildlife: a review and meta-analysis. — Ecol. Lett. 21: 1869-1884.

Tsao, K., Sellman, S., Beck-Johnson, L. M., Murrieta, D. J., Hallman, C., Lindstrém, T., Miller, R. S., Portacci,
K., Tildesley, M. J. and Webb, C. T. 2020. Effects of regional differences and demography in modelling
foot-and-mouth disease in cattle at the national scale. - Interface Focus 10: 20190054.

Verant, M. L., Meteyer, C. U., Speakman, J. R, Cryan, P. M., Lorch, J. M. and Blehert, D. S. 2014. White-nose
syndrome initiates a cascade of physiologic disturbances in the hibernating bat host. - BMC Physiol.
14: 10.

Vicente-Santos, A., Willink, B., Nowak, K., Civitello, D. J. and Gillespie, T. R. 2023. Host-pathogen
interactions under pressure: A review and meta-analysis of stress-mediated effects on disease
dynamics. - Ecol. Lett. 26: 2003—-2020.

Wacharapluesadee, S., Boongird, K., Wanghongsa, S., Ratanasetyuth, N., Supavonwong, P., Saengsen, D.,
Gongal, G. N. and Hemachudha, T. 2010. A longitudinal study of the prevalence of Nipah virus in
Pteropus lylei bats in Thailand: evidence for seasonal preference in disease transmission. - Vector
Borne Zoonotic Dis. 10: 183—-190.

Welbergen, J. A., Meade, J., Field, H. E., Edson, D., McMichael, L., Shoo, L. P., Praszczalek, J., Smith, C. and
Martin, J. M. 2020. Extreme mobility of the world’s largest flying mammals creates key challenges for

management and conservation. - BMC Biol. 18: 101.

21


https://doi.org/10.1101/2024.10.24.616488
http://creativecommons.org/licenses/by-nc-nd/4.0/

559

560

561

562

563

564

565

566

567

568

569

570

571

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.616488; this version posted October 25, 2024. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

| ENVIRONMENT |

‘ o, ¥

Roost
L locations

Admission to
rehab facilities

[ Flying fox condition ]

! Virus prevalence I

outcomes
Risk of virus

I | Predictions I shedding

X

Figure 1. Conceptual multiscale model of Hendra virus shedding. Detecting virus shedding in
individual bats is challenging due to high costs and logistical difficulties of field studies. However,
shedding can be partially estimated by calculating virus prevalence from pooled under-roost urine
samples. Virus shedding is hypothesized to increase during, or following, periods when reservoir hosts
(black flying foxes) are in poor condition. Host condition is also difficult to measure directly but can be
approximated in multiple ways: through the rate of black flying fox admissions to rehabilitation
facilities, by the formation and persistence of new roosts on the landscape (this is thought to be
initially an acute response to lack of food), and the occurrence of occasional regional food shortages.
These three proxies for host condition are influenced by environmental conditions, which also play a
role in where bat roosts are located on the landscape. Our multiscale model links statistical
predictions of key components (roost locations and flying fox condition) to estimate virus prevalence
across space and time, enhancing our understanding of where and when bats are most likely to

actively shed virus.
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Figure 2. Mean environmental suitability for black flying fox roosts from 1996-2021. Warmer
colors show higher predicted suitability to environmental conditions, while cooler colors show lower
predicted suitability. Overall, we see consistency in suitable regions for black flying foxes, with the

edges of these regions expanding or retracting slightly according to seasonal shifts.
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Figure 3. Monthly predicted probabilities of regional food shortage. Months with the highest

predicted probabilities of an acute food shortage corresponded to months with observed acute food

shortages (yellow).
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Table 1. Performance of single and multi-scale model combinations. In the Model column,

‘All condition models’ refers to the multi-scale model with rehabilitation, new roosts, and food

shortage models. The null model only includes roost suitability without any condition
modifiers. Correlation (to observed shedding prevalence) refers to mean Spearman rank
correlation coefficients with the 95% confidence bounds given in parentheses. The values in

bold indicate the highest performance.

Model RMSE Correlation
Food shortage 0.071 (0_0;);%%108)
Rehab 0.255 (o.ogb(,)%%mm
New Roost 0.220 (_0_0_5%,0—507.048)
Food shortage + Rehab 0.263 (o_ogé(,ﬂclfozw)
Food Shortage + New Roost 0.236 (_0_0_1(2,0-101.003)
New Roost + Rehab 0.375 (_O_O_Ar(;’()floz_ogg)
All condition models 0.386 (_0_0_1%’0_15009)
wl 0997 0.079

(0.072, 0.081)
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Figure 4. Comparison of predicted to observed prevalence across model structures. Root mean-
squared error indicated deviation of predicted values from observations. Lower values of RMSE
indicated closer model fits to data. Each point represents the mean RMSE value of a particular roost
(N=23 unigue roosts). Lines are weighted averages across all roosts accounting for the number of time

points observed per roost (ranging from 5 to 45; median 12.5).
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Figure 5. Monthly HeV prevalence for observations compared to null and best-fit model

predictions. For a selection of roosts within the study area (beige region of the map), we show the

predicted prevalence values for the food shortage model (dark gray points) and the null model based

on roost suitability (light gray points). Larger magenta points are observed prevalence values from

Field et al. 2015. The panels depict columns as years with observed prevalence values (2011-2014) for

sites organized by latitude (rows). Predictions for all sites are in Supporting information.
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