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Abstract

Diseases that originate in wildlife and spillover to humans and domestic animals are of in-
creasing public health concern. Of the wildlife groups in which emergent diseases originate, bats
(Mammalia:Chyroptera) are a common source of some of the most virulent organisms: Ebola
and Marburgh viruses, SARS Coronavirus and Nipah and Hendra viruses. Of these, Hendra virus
(HeV, Paramyxoviridae: Henipavirus) is the only one that has not caused an epidemic outbreak
after it spills over to horses and thence to humans. However, its geographic location in Australia
represents an unparalleled opportunity to study spillover dynamics of emerging viruses, given the
research capacity and human resources immediately available. The importance of understanding
spillover dynamics lies in the potential ability of reducing the risk of epidemics by decreasing the
frequency of spillover. Since emergence HeV has spilled over to horses on 55 occasions along
a 1500 km coastal stripe in eastern Australia, from northern Queensland to central New South
Wales, with mortality rates in infected horses and humans close to 50-75%.

In this study I used a series of modelling techniques to address basic questions of HeV epi-
demiology and ecology: What are the essential components of the spillover system? How is
HeV transmitted from bats to horses? Which reservoir host species are more likely involved in
spillover? What are the potential avenues to predict spillover occurrence? How does the spillover
host affect spillover risk? How can we mitigate risk of HeV spillover?

To identify the components of the HeV spillover system I participated in a workshop with the
National HeV Research Program investigators. We discussed the available evidence and theory
regarding spillover and published a conceptual model that is included here as Chapter 2. The
conceptual model consists of an explicit representation of the factors that have to be present for
spillover to occur.

Then, to find out how HeV is transmitted, I used unpublished experimental data on HeV survival
at different temperatures in the laboratory (Australian Animal Health Laboratory, Paul Selleck), to
generate a HeV survival model in the form of an ordinary differential equation. I used the model
to test if survival could predict spillover in space (Chapter 3). The poor predictive capacity of the
HeV survival model suggested that transmission to horses could be direct. However, given that I
could not completely rule out indirect transmission I quantified HeV decay in the microclimates
it experiences once excreted in paddocks. With the simulations and analyses I found that HeV
survival is lower on the ground than at ambient air temperatures, and that ground vegetation and

tree shade increase survival. In addition, given that desiccation occurs in most circumstances and



further decreases survival, HeV can seldom be indirectly transmitted (Chapter 4).

At the time this project began in late 2012 it was not clear which of the four flying fox species
were more important for spillover. To identify the most likely reservoir hosts I used the concept
of ecological niche to see if spillover occurred where prevailing climatic conditions are preferred
by a specific flying fox species. Using these methods I identified P. alecto and P. conspicillatus as
the most important reservoir hosts explaining spillover, and therefore most likely to transmit HeV
to horses (Chapter 5). Using similar methods I identified climatic correlates of the spatio-temporal
pattern of spillover, and produced spillover risk maps in response to climate change. In Chapter 6
modelled the spatio-temporal risk pattern and found that the most likely climatic factors involved
are the seasonal amplitudes of minimum temperature and rainfall. Finally, I modelled HeV risk
in response to the climatic suitability for P. alecto and P. conspicillatus (Chapter 7). With these
models I found that the horse population at risk will increase by up to 165,000 by 2050, given the
number of horses in 2007. In addition I predicted a reservoir host replacement in the northern
limits of the HeV spillover distribution.

In my last results Chapter (8) I studied how horses affect spillover risk by modelling the effects
of paddock structure on horse behaviour. To do this I deployed GPS trackers in horses and found
that when horses are kept in small areas such as paddocks their movements tend to be random.
This indicates that beyond the tree coverage of the paddock the effect of its structure on risk of
contact with HeV is minimal.

The last Chapter of this thesis is a general discussion and conclusions, in which I present a
series of mitigation strategies and recommendations and guidelines for future research. Among
research recommendations and guidelines I included a simulation framework that can be extended

to improve HeV risk prediction (Chapter 9).

vi



Contents

Glossary Xi
List of figures Xix
List of tables xxiii
1 General introduction 1
I A Hendra virus spillover conceptual model 7
2 Ecological dynamics of spillover 9
Il HeV environmental survival 19
3 HeV survival implicates transmission routes 21
3.1 Introduction . . . ... . . . . ... 22

3.2 Methods . . . . . ... 24
3.21 Measurement of HeV survival . . . .. ... ... ... ... ....... 24

3.2.2  Model development, parameterisation and simulations . . . . . ... .. 25

3.23  Measuring the predictive ability of survival . .. .. ... ... ... .. 27

33 Results . . . . . 28
3.3.1 Observed survival in laboratory and calculated half-lives . .. ... .. 28

3.3.2  Survival rates calculated with air temperature . . . . ... ... ... .. 31

3.3.3  Predictive ability of survival rates in space and time . . ... ... ... 31

3.4 DISCUSSION . . . . . v vttt e e e e e e e e 36

vii



4 Microclimates might limit indirect spillover

4.1

4.2

4.3

4.4

4.5

Introduction . . . . . ...
Methods . . . . . . . . e
421 Thestudysystem . . .. ... ... .. ...
4.2.2  Sampling the microclimates . . . . . ... ... ... ... .. ...
423 Analyses. . . . . ...
424 Survival simulations . . ... ... L L
Results . . . . . . .
43.1 Virus survival simulations . . . . . ... ..o Lo Lo
4.3.2  Microclimate temperaturemodels . . . . . .. .. ... o L.
433  Microclimate evaporation and humidity models . . . . . . ... ... ..
434 Virussurvivalmodel . . . . ... ..o Lo
Discussion . . . .. ... ... .. o o
Conclusions . . . . . . . . . ..

Reservoir host distribution and effects of climate

5 Climatic suitability effects on reservoir hosts

viii

5.1
5.2

53
54
5.5

Introduction . . . . . . ...
Methods . . . . . . . . . .
5.2.1 Nichesofflyingfoxes. . . . . ... ... ... ... . ... ... ...
5.2.2  Proximity of HeV spillover events to the centroid of flying foxes . . . . .
Results . . . . . . . e
Discussion . . . . . . . . e e e

Conclusions . . . . . . . . . e

Spatiotemporal distribution of spillover

6.1

6.2

6.3

Introduction . . . . .. ...
Methods . . . . . . . . e
6.2.1 Extractingdata . ... ... ... . ... .. L
6.2.2 Fittingthemodels. . . . . . ... ... . oL o
Results . . . . . . . e

6.3.1 Individualmodels . . . . . . . . ... ..

CONTENTS

41
42
44
44
45
47
48
49
49
52
53
54
56
59

61

63
65
68
68
70
71
76
79

81
82
85
85
87
90
98



6.3.2  Extrapolation analysis . . . ... ... ... ... ... ... ... ... 98

6.3.3  Distance to bat camps and horse density . . . . ... ... ... ... .. 99

6.4 DISCUSSION . . . . . . . it e e e e e 99

6.5 Conclusions . . . .. ... ... .. 102

7 Climate change effects on HeV spillover 105
7.1 Introduction . . .. .. .. .. 107

7.2 Methods . . . . . ... 108

73 Results . . . . . 114
73.1 Modelprojections . . . . . . ... L 114

7.3.2  Model fit and performance . . . . ... ... ... oL 116

7.3.3 Extrapolationanalysis . . . ... ... ... ... ... ... .. ... . 118

7.4 DISCUSSION . . . . . v vttt e e e e e e e e 119

7.5 Conclusions . . . ... ... 123

IV The paddock environment and horse behaviour 127
8 Influence of tree cover on HeV exposure 129
8.1 Introduction . . .. .. ... ... 130

82 Methods . . . . . . . . e 132
8.2.1 Datacollection . . ... ... ... ... ... .. 132

8.2.2  Statistical analyses . . . . . ... ... .. L 134

83 Results . . . . . . e 137
83.1 Collecteddata . . . . . . ... ... ... 138

8.3.2 Statisticalanalyses . . . ... ... ... L 139

84 DISCUSSION . . . . . . . vttt e e e e e 147

85 Conclusions . . . .. ... . . ... 150

V  Concluding remarks 151
9 General discussion & conclusions 153
9.1 Conceptualmodel . . . . ... .. L Lo 154

9.2 Hendravirussurvival . . . . . ... L 155

CONTENTS ix



9.3 Reservoir host distribution . . . . ... ... .. . L oo 156

9.4 Horse behaviour and husbandry . . . . .. .. ... ... ... ... 157

9.5 title . . . . .. e 158

9.6 Futuredirections . . . . . . . . . . ... 158
9.6.1 Research recommendations . .. ... ... ................ 158

9.6.2 Implementing and adapting mitigation strategies . . . . ... ... ... 159

9.6.3 Towards a predictive framework . . ... ... ... ... ... . ..., 161
Bibliography 169
Appendix 179

X

CONTENTS



Glossary

AUC Area under curve. 33, 87-89, 98, 99

BFF Black flying fox. 66
BOM Bureau of meteorology. 90, 94

BSL4 Biosecurity lever four. 2, 3, 24, 44
DNC Distance to the niche centroid. 66, 68, 70-72, 74, 77-79, 94, 102

EMEM Earle’s minimum essential medium. 28, 39, 58

ENM Ecological niche modelling. 66
FF Flying foxes. 66-68, 70, 71, 77-79

GLA Gap light analyser. 46

GPS Global positioning system. xxii, 129, 130, 132-134, 136-139, 146

HeV Hendra virus. vii, viii, xiii, xiv, 1-5, 21-24, 26-28, 30, 32—-46, 48, 49, 56-59, 63, 64, 66—68,
70,71, 74, 76-79, 81-87, 99-103, 105-109, 111, 114, 115, 117, 120-123, 129-132, 147-150,

153-168

HL Half life. 54
MCMC Markov chain Monte Carlo. 45, 47, 110, 111, 117, 135, 165

NDVI Normalised difference vegetation index. 94

NHVRP National Hendra virus research program. 3

xi



NiV Nipah virus. 1, 2, 23, 37

NSW New South Wales. xiv, 2, 3, 31, 35, 38, 40, 114, 115, 121

QLD Queensland. xiv, 2, 3, 5, 35, 107, 114, 118, 121-123, 132

RCP Representative concentration pathways. xvi, xvii, 113, 115, 121, 124, 125

ROC Receiver operator characteristic. 27, 28, 31, 68, 69, 87, 89, 98, 114

SFF Spectacled flying fox. 66

TCIDs, Tissue culture infectious dose. 25, 28, 37, 39

UV Ultra violet. 57, 58

Xii GLOSSARY



List of Figures

3.1

3.2

3.3

34

3.5

Map shows the names and geographical location of spillover sites. . . . . . . . .

Half-lives calculated for each temperature: Weibull model versus exponential
model. The estimations between the separate models for each temperature differ
less with respect to the time—temperature coupled model in the Weibull model

than in the exponential model. . . . . . . .. ... .. ... ..o L.

Simulated virus decay curves for 96 h after excretion at 3:00 a.m. Summer condi-
tions are represented by the mean temperature of the hottest month and winter
conditions are represented by the mean temperature of the coldest month. Au-
tumn and spring are represented by the mean temperature of the first month
of the season. The dashed lines represent the simulations with upper and lower
standard errors of estimated parameters. The grey shaded area on the left side of

each graph highlights the survival curve over the first24h. . . . . ... ... ..

Density of HeV average potential survival in the locations of spillover at the

month of occurrence. . . . . . ... ...

Comparison of the proportion of HeV surviving 24 h after excretion at the month
of spillover with the 1993-2012 average survival at each of the spillover locations.
Coloured bars are the 1993-2012 average and the thin continuous error bars show
its 95% confidence intervals. The black points and dashed error bars show average
and 95% C. Ls of HeV survival for the month of spillover occurrence in that
location. Location of the point with respect to the thin error bars indicates how
different the month of spillover was from the most common conditions (coloured
bars). The grey shaded areas indicate the events that occurred in summer. Results
are only shown for locations where reliable temperature data were available from

ameteorological station. . . . ... ... L Lo

30

32

33

xiii



Xiv

3.6

4.1

4.2

4.3

4.4

4.5

5.1

5.2

Maps showing the amount of HeV surviving 24 h after being excreted whilst
temperature is the mean minimum for each season. Crosses show the locations
of spillover events and circles correspond to the buffers used in the statistical
analyses. Events were divided into season of occurrence. Western Australia (WA),
Northern Territory (NT), South Australia (SA), Queensland (QLD) and New South

Wales (NSW). The x- and y-axes show longitude and latitude, respectively. . . .

Geographic location of the areas where microclimates sampling took place and
the sampling design used in the four different paddocks. P paddock, T tree, L
logger, G grass. The number in the map indicates the number of paddocks in each

of the sampling areas. . . . . . . . . . . . .. ... ...

Simulated survival between two contrasting scenarios. Light gray ribbons show

the upper and lower 95% credibility intervals. . . . .. ... ... . ... ... ..

Simulated timeline of hours to death of 90% of the free virus. Bottom panel
show the difference between scenarios, therefore, the greatest difference occurs

in July/August where there is a maximum ca. 24h difference (95% Cr. L.).

Probability that survival rates 24h after excretion are greater than 1%. Lines are
the smoothed trend and points are the probability estimates in time. Low = low

grass/high canopy openness, High = high grass/low canopy openness.. . . . . .

Smoothed probability that evaporation occurs in two contrasting scenarios. Low
= low grass/high canopy openness, High = high grass/low canopy openness.
Assuming that potential evaporation drives death by desiccation, the occurrence of
evaporation can be interpreted as probability that survival is lower than estimated

under the temperature conditions of the simulations. . . . . ... ... ... ..

Maps of predicted potential distributions of the four Australian flying foxes. Dark
blue indicates areas where each species has at least a 0.5 probability of being
present. Grey shaded areas correspond to the available geographic space for each

species (M areas) . . . . . . . . . . ...

Box plots of the Mahalanobis distance to the centroid of each species from the

locations of spillover events. . . . . . ... ... ... .. ... ..

LIST OF FIGURES

35

47

50

51

52

55

73



5.3

54

6.1

6.2

6.3

Map of distance categories to the niche centroid of P. alecto and P. conspicillatus
and spillover events. According to the distribution of distance to niche centroid

categories and hence abundance in space of flying foxes, spillover events have

occurred closer to these two species compared with P. poliocephalus and P. scapulatus.

Scatter plot between weighted density and distance to niche centroid of P. alecto
and P. conspicillatus. Despite the lack of a significant relationship between P.
conspicillatus and the abundance categories in Table 5.1, there is a significant
negative correlation between distance to niche centroid (DNC in the figure) and

weighted density. . . . . . . . . ..

Workflow followed to generate data and fit the model that reproduced the spatio-
temporal pattern of spillover. The variables that were model-generated can rep-
resent causal associations because they are conditional for spillover (presence of
reservoir and spillover hosts). Additional climatic data influence variability of

spilloverrisk. . . . . . ..

Spatio-temporal pattern of predicted suitability of spillover averaged across lon-
gitude by up to 75 km inland at each month. Probability of spillover occurrence
increases at lower latitudes from March and peaks in June at 28° south. In con-
trast, likelihood of spillover is more constant (white-blue tones) in higher latitudes
across the year. The blank spaces correspond to areas with no horses registered,
which appear consistently with between months. The map of the Australian east

coast on the left side is a reference for thereader. . . . . . .. .. .. ... ...

Models projected to the average conditions of July and January between 1994
and 2014 in areas occupied by horses. Darker pixels indicate better suitability for
spillover according to the horse density, distance to flying fox camps and envir-
onmental conditions. The lower suitability in areas close to the border between
Queensland and New South Wales (more cyan colour) for January represent the
seasonal fluctuations. The dark pixels in the southernmost locations are due to
type 1 extrapolation. The dark pixels in southern Queensland in the January

projection are due to high environmental similarity. . . . . . .. ... ... ...

LIST OF FIGURES

76

88

92

95

XV



XVi

6.4

6.5

7.1

7.2

7.3

7.4

Predictions of suitability according to the Mahalanobis distance model with cli-
matic data only. Colours represent the month where areas at risk occur. In the left
side June (beige) and August (blue), in the right side December (beige) and Janu-
ary (blue), and the overlap in risk that occurs between months (grey). Spillover

localities correspond to those reported in July, August, December and January. .

Bold lines represent the partial dependence plots for the average weighted model
for two variables, raindifwet and mindif. The grey shaded areas represent the
average + 1 weighted standard error of model predictions. The dashed lines are the
density of the variables among presences and absences. Both variables, raindifwet
and mindif, have higher average values among absences than presences, which
results in negative relationships between the variables and probability of spillover.
The maps on the right side of each graph show the values of both variables in
two contrasting months, July and January, the values of raindifwet and mindif
are higher in southern locations in summer months (January), which is correlated

with spillover seasonality.. . . . . . ... ... L o

Location of spillover events over the horse density model. The symbol for spillover
events represents the species that each event was attributed to with the method

described. . . . . . .

Present risk of HeV spillover as explained by the distribution of P. alecto. The

Hunter valley mark is a high horse density area. . . . . . . ... ... ... ...

Present risk of HeV spillover as explained by the potential distribution of P.

conspicillatus. . . . . . . ... L

Predicted risk for 2050 in two greenhouse gas representative concentration path-
ways (RCP) for the P. alecto spillover system. Top RCP 45, and bottom RCP 85.
Left panels show areas of expansion and contraction and the level of agreement
between climate change scenarios. Right panels show the average predicted
probability of spillover among climate change scenarios (main panels); top right
corners show the probability of model extrapolation (pixel-wise proportion of
scenarios that had either extrapolation type 1 or 2). The red and green areas in
the bottom left of the agreement scenarios are most likely overpredictions, and

shouldn’t be interpreted as areas at increased risk. . . . . . . ... ... ... ..

LIST OF FIGURES

96

97

112

116

117



7.5

8.1

8.2

8.3

8.4

9.1

9.2

9.3

9.4

Predicted risk for 2050 in two greenhouse gas representative concentration path-
ways (RCP 45 and 85) for the P. conspicillatus spillover system. Left panels show
the areas of contraction and expansion and the degree of agreement between
climate change scenarios. Right panels (main) show the averaged probability
of exceeding the threshold intensity. Top right corner of left panels shows the

pixel-wise probability of extrapolation in the averaged model. . . . . ... ...

Tracks followed by two horses in property 2 during the tracking session in Novem-
ber 2014. . . . . ..
Differences between time spent under trees at day and night. None of the para-
meters (intercepts and slopes) were significantly different from each other, hence
the overlap. Solid lines represent the average estimates and the ribbons are the 68
and 95% credibility intervals. . . . . . .. ... Lo L
Partial responses fitted by the models (colour) explaining time under trees at
day. Black lines show the probability that time spent under trees is greater than
expected with the simulateddata. . . . . ... ... ... ... ...... . ...
Partial responses fitted by the models (colour) explaining time under trees during
the night. Black lines show the probability that time spent under trees is greater

than expected with the simulated data. . . . . .. ... ... ...........

Hendra virus dynamics in a population of approximately 5000 bats. Coloured bars
show the timing and the number of horse cases that occurred. . . . .. ... ..
Acummulated number of spillover events that occurred in the simulation. The
dates and spillover events represent only the course of the simulation and are not
related to the spillover events registered todate. . . . . . . ... ... ... ...
Spatial variability of spillover probability at the moment of spillover to horses. .
Top: Relationship between horse density and spillover probability at the moment
of each spillover event. Bottom: Relationship between horse and tree density
(approximate number of trees per 4 X 4 kmpixel). . . . . .. ... . L.
Difference between fitted models. The left hand side graphs correspond to the
Weibull models: the separate Weibull model fitted to individual temperatures,
the coupled version of the model and the simulated version of the numerically

integrated ordinary differential equation form of the coupled model. . . . . . . .

LIST OF FIGURES

125

140

143

146

147

164

165

166

167

Xvii



Xviii

10

11

12

13

14

15

16

17

18

19

20

21

The top four maps correspond to survival at ground temperature with 0% shade.
The bottom four maps are under 50% shade. The temperature layers for these sim-
ulations were projected to GDA 94 datum to suit the projection of the categorical
layers of the soil types of Australia, hence the different geographical coordinates,
degrees and decimals in the main manuscript versus meters in this figure. Survival
is estimated 12h after excretion at the minimum temperature. . . . .. ... ..
Kernel density estimation of time to a 2 log reduction in live virus in ground
temperatures in 0% shade (left) and 50% shade (right). The bottom densities
correspond to the proportion of virus surviving 12 h after excretion. . . . . . . .
Hendra virus decay at the experimental temperatures . . . . . . ... ... ...
Model surface on linear (left) and logarithmic scales (right). . . . . . .. ... ..
Fitted half-lives. . . . . . . . . . . ..

Predicted temperatures for Townsville. . . . . .. ... ... ... ... .....

Hendra virus half life at the predicted minimum and maximum temperatures for

Townsville. . . . . . . .

Predicted potential evaporation for Townsville . . . . . .. ... ... ... ...

Timeline of HeV survival 12h after excretion in Brisbane (left) and Cairns (right).

Timeline of time elapsed until death of 90% of excreted HeV in Brisbane (left) and
Cairns (right). . . . . . . . .
Timeline of probability that HeV survives more than 24 h after excretion Brisbane
(left) and Cairns (right). . . . . . . . .. ..
Predicted microclimate temperatures in Brisbane (left) and Cairns (right). . . . .
Timeline HeV half-life in microclimate temperatures in Brisbane (left) and Cairns
(right). . . . .
Timeline of predicted potential microclimate evaporation in Brisbane (left) and
Cairns (right). . . . . . . . .
Probability of evaporation occurence in microclimates in Brisbane (left) and Cairns
(right). . . . . e
Spatial patterns used to select training and testing data. Colour points represent
the four FF species presence points used to train models after filtering to reduce

spatial autocorrelation. . . . . .. ... Lo L

LIST OF FIGURES

185

186

191

191

192

193

193

194

194

195

195

195

196

196

196



22

23

24

25
26
27
28
29
30
31
32
33
34
35

36

Response curves of additive probabilities to each of the variables used in model
training. Grey lines indicate weighted standard errors. . . . .. .. ... .. ..
Histograms show the distribution of AUC values of 1000 null models with which
the AUC values of the best performing model were compared. All models per-
formed significantly better than random. . . . . . ... ... ... ... ...
On the left hand side, horse density model used to obtain horse density. Right
side, model of predicted distances to bat camps for August 2014. . . . . . . . ..
Partial dependence response plots of the P. alecto system . . . ... .. ... ..
Partial dependence response plots of the P. conspicillatus system . . . . . .. ..
Spatial effects in the P. alectosystem. . . . . ... ... .. ... ... ......
Spatial effects in the P. conspicillatus system. . . . . . . ... ... ... .. ...
Distribution of prior and posterior samples. Red lines are the prior distributions.
Trace of parameter samples. . . . . . ... ... ... o
Autocorrelation of posterior samples of parameters. . . . . . .. ... ... ...
Distribution of prior and posterior samples. Red lines are the prior distributions.
Trace of parameter samples. . . . . . . ... ... L
Autocorrelation of posterior samples of parameters. . . . . . .. ... ... ...
Response of expected time under trees in response to tree cover (X) and length of
the sampling period (Y). Colorscale represents the recorded time under trees. . .
Expected time under trees in response to proportion of paddock covered by trees.
Left side figure is the simulated random walk, and the right hand figure if the
simulation of time spent under trees as a Bernoulli process. Same as above but
the aim is to have a better idea of the increasing variance that results from spatio-
temporal autocorrelation. Despite this we could not find a variance structure that
significantly departed from a Bernoulli process (assessed with a Bayesian model,

results not shown). . .. ... ... .. .. ... ...

LIST OF FIGURES

206

207

208
209
210
211
211
212
213
213
214
214
215

220

Xix






List of Tables

3.1

3.2

5.1

6.1

7.1

7.2

Data used to fit models. To obtain better fit to the initial points I only used the
first five measurements of viral titres for experiments at 4 and 22 °C. Time has
been standardised to weeks, although the scale of the measurements at 56°C was
minutes. In S is the logarithm of the surviving proportion at time T. Time units

are weeks (w) and minutes (min). . . . . ... ... .. L.

Parameter values of the Weibull model. T is the value of T-student statistic and P

is the significance of the parameter estimate . . . ... ... ... ... ... ..

Relationship between distance to the niche centroid and size categories of flying
fox camps. The categories used were: 1 (1 — 499), 2 (500 — 4,999), 3 (5000 — 9,999), 4

(10,000 - 19,999), 5 (20,000 — 49,999) and 6 (;50,000). Average is the average camp

size, Max is the maximum camp size and S.D is the standard deviation of camp size.

Variables used for Hendra virus spillover distribution models. . . . . ... ...

Posterior parameter estimates of the P. alecto system model. f’s represent the
regression coefficients. Parameters ¢ and ¢ are the mean and variance of the
spiked exponential covariance function. bio5 = maximum temperature of warmest
month, bio9 = mean temperature of driest quarter, bio12 = total (annual precipita-
tion), bio15 = precipitation seasonality (coefficient of variation), Maxent.p.alecto =

relative probability of presence (climatic suitability). . . . . . ... ... ... ..

Posterior parameter estimates of the P. conspicillatus system. bio2 = mean diurnal
range (mean of max temp - min temp), bio5 = maximum temperature of warmest
month, bio9 = mean temperature of driest quarter, p.consp = relative probability

of presence (climatic suitability). . . . . .. ... ... .. ... ... ...

29

30

94

118

XX1



XXii

3.1

8.2

8.3

8.4

10

11

12

Number of fixes per session per horse. The number in parenthesis is the paddock
number where tracking and vegetation sampling took place. The blank spaces
are due to GPS malfunction/damage or falling off the horse. In some instances
recovery wasnotpossible. . . . . ... Lo o oo 138
Tree cover characteristics of the properties and paddocks where horses were tracked. 139
Parameter estimates of the models with collected and simulated data for determ-
inants of total time under trees. . . . . ... ... ... L L. 142

Parameter values of the model of determinants of time spent under trees at day

and night fitted with the collecteddata. . . . . . . ... ... ... ... ... .. 144
Parameters of the survivalmodel . . . . . ... ... ... ... ... ... 188
Parameter posteriors for the minimum temperature model . . . . . .. ... .. 189
Parameter posteriors for the maximum temperature model . . . . . .. ... .. 189

Parameter posteriors for the Absolute maximum humidity model (calculated from
relative humidity at minimum temperature). . . . ... ... ... ... ..... 190
Parameter posteriors for the Evaporation potential model (calculated from relative
humidity at maximum temperature). . . . . . .. .. ... ... oL 190
Variables selected to model each bat species . . . . ... ... ... ....... 198
Performance of models selected. P values indicate the probability that the meas-
ured AUC ratio is less than 1 (the random prediction threshold) out of a maximum
possible value of 2. In 1000 bootstraps the proportion of models with an AUC
ratio < 1 is another measure of statistical significance of the test. P. conspicillatus
was tested with a jacknife procedure. . . . . .. ... o oo 199

Jacknife data used to validate P. conspicillatus model. Prediction rate of 0.92

(average omissionrate of 0.8), P =0 . . . . . . . ... ... ... .. 199
Species-wise distances to the niche centroid at spillover sites.. . . . . . ... .. 200
Variables used to calibrate flying fox models . . . . .. ... ... ... .. ... 205

Individual variable’s contribution by method and consensus model. Variable influ-
ence has been de-scaled so that values represent proportions of the contribution
metric for each method (explained deviance in logistic regression and incremental
node purity in random forest, for instance). . . . . .. ... ... 205

Parameter estimates of the model fitted to simulated data. DIC = 753.4. . . . . . 217

LIST OF TABLES



13

14

15

16

Parameter estimates of the ANCOVA models. All effects are statistically significant
because none of the credibility intervals include zero. However none of the
estimates are significantly different from each other. . . . . . . . ... ... ...
Parameter estimates of the ANCOVA models. All effects are statistically significant
because none of the credibility intervals include zero. However none of the
estimates are significantly different from each other. . . . . . . . ... ... ...
Coefficients of the model of time under trees at night. . . . . ... ... ... ..

Summary statistics of the recorded data. . . . .. ... ... ... ... .. ..

LIST OF TABLES

217

Xxiii






CHAPTER 1

General introduction

The term “spillover” is often used to describe the transmission of diseases from a wild animal
reservoir to a human or domestic animal host (Daszak, 2000). Viruses that spill over from bats
(Mammalia:Chyroptera) to humans or domestic animals have gathered considerable attention
from the scientific community for their capacity to cause lethal diseases and occasionally large
outbreaks in humans. For instance, Nipah virus (NiV, Chua, 2003), SARS Coronavirus (He et al.,
2004), Marburg virus and Ebola virus (Leroy et al., 2005), cause fatal disease in humans and some
domestic animal species (NiV in pigs) and have a common origin with bats as their reservoir hosts.
On occasions that epidemics of these diseases pose a sudden burden to public health systems
and can affect the services they provide for other more common diseases, generating a negative
feedback effect with long lasting consequences (Chang et al., 2004; Plucisnki et al., 2015).

The ecological dynamics! of disease spillover have been poorly studied, and the emergence of
Hendra virus (HeV, Paramyxoviridae: Henipavirus) in 1994 in Australia, presented unparalleled
opportunities to study these bat borne emerging diseases in greater detail, given the infrastructure
and resources immediately available. Unlike epidemics which are propagating, disease spillover
tends to occur intermittently in disparate locations (Lo Iacono et al., 2016). The exact location
of spillover can be the product of simple randomness within the disease transmission system
or the signal of undetected epidemics in some of the reservoir host populations (Keeling and
Rohani, 2007), leading to greater risk of spillover (Amman et al., 2012). This is but one of the many
complexities of spillover systems which have to be considered in order to understand them.

Hendra virus was discovered in the Brisbane suburb of Hendra, Queensland, Australia, in an
outbreak of respiratory disease involving the death of 20 horses and one human (Murray et al.,

1995b). The novel virus was initially classified as a Morbillivirus, but it was sufficiently different

IThe study of how populations of organisms of different species change with time as a result of their interactions.



to be considered a new genus of the Paramyxoviridae family. After the discovery of a similar
virus in Nipah, Malaysia in 1998, the genus Henipavirus was formed. After the outbreak two
serological serological surveys of 1600 (Murray et al., 1995a) approximately and 2024 horses (Ward
et al., 1996) took place and were unable to detect evidence of previous and widespread exposure.
This suggested that the source of the novel pathogen was not horses, which led to a process
of sampling 5000 specimens of 12 domestic and 34 wildlife species in search of reservoir hosts
(Young et al., 1996). The search culminated in flying foxes, bats of the genus Pteropus being the
first species found with antibodies against the same virus found in the outbreaks (Halpin and
Field, 1996). After this finding, bat carers requested a survey that was unable to detect exposure
to the virus in 128 samples (Selvey et al., 1996). Then, despite the serological finding in bats, it
took several years to confirm, beyond any doubt, that flying foxes are the natural reservoir hosts

of HeV and NiV (Halpin et al., 2000, 2011).

Due to the observed high case fatality rate in the first known outbreak (Murray et al., 1995b),
potential to transmit among novel hosts, its probable use as a biological weapon and the lack
of vaccination and therapeutic regimes, HeV was classified as a biosecurity level four (BSL4)
pathogen (Eaton et al., 2006). The bio-containment conditions required to work with this type
of organisms pose special circumstances that greatly limit diagnostic capacity and the number,
scope and reach of experimental and observational studies (Wang and Daniels, 2012; Eaton et al.,

2006).

Between HeV’s emergence in 1994 and 17 May 2017, spillover to horses has been reported 55
times. From here on, the term “spillover” is used to describe an event of HeV transmission from
flying foxes to horses. Transmission to humans has only been observed after close contact with
contaminated fluids of HeV diseased horses, it has never been observed or attributed to occur
directly from flying foxes (Halpin and Field, 1996; Halpin et al., 2000; Field et al., 2010), nor have
studies of exposure been able to demonstrate it (Selvey et al., 1996). Spillover to horses occurs
along 2500 km of the eastern Australian coast from central New South Wales (NSW) to far north
Queensland (QLD). In some of the spillover events there are short chains of transmission between
horses, as occurred during the index case in 1994 (20 cases, Murray et al., 1995b), and in 2008 in a
private veterinary clinic (8 cases, Field et al., 2010). These two outbreaks likely began after HeV
transmission from bats to a single horse, and all subsequent infections were probably acquired
from other diseased horses (Murray et al., 1995b; Field et al., 2010). Although it is difficult to be

certain about the origin of all the mentioned HeV cases, these self limiting transmission events
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suggest there is potential for evolution of continued transmission among the novel hosts (Lo

Tacono et al., 2016).

Between 1994 and 2010 HeV spillover detection and report was relatively rare, with close to one
spillover event per year (Field et al., 2010). However, in 2011 a large cluster of 21 events occurred
along a coastal strip of 160 km from southern QLD to northern NSW. In response to the increased
spillover risk, potential for epidemics and the seemingly high virulence in both horses and humans
(50-75%), the National HeV Research Program (NHVRP) was launched in 2012. The One Health
Research Group?, led by Lee Skerratt, applied to fund a project to model the transmission of HeV
from flying foxes to horses. The funding obtained from NHVRP made possible the development
of my PhD project and this thesis. The main reason for which I decided to undertake a modelling
project, was that HeV’s classification as a BSL4 pathogen makes experimental studies extremely
expensive and often not feasible or unethical. For instance, measurement of HeV’s survival in the
environment would pose a great risk to the community, as it would involve placing virus cultures
that most likely exceed natural environmental concentrations of the virus. Therefore, modelling
can help to make sense out of disparate existing data relevant for understanding the HeV spillover
system.

In November 2012, NHVRP principal investigators met in Byron Bay to identify gaps in
knowledge and discuss possible research avenues for each research team. There, attendants
agreed to collaborate and make research complementary, within each team’s capacity, towards
the common goal of improving understanding of the HeV spillover system and ultimately our
predictive capacity. The main outcome of the workshop was a scientific paper (Plowright et al.,
2015) that collated most of what was known about HeV’s ecology and epidemiology at the time.
This paper constitutes part I, Chapter 2 of this thesis, and is presented as a conceptual model of

the HeV spillover system.

I structured the thesis in five thematic parts, and each part is divided into Chapters. In the
following paragraphs I describe each of the thematic parts and their Chapters. Following on from
Chapter 1 which introduces my PhD thesis, part I contains Chapter 2 which explains a conceptual
model for HeV spillover.

Following the structured framework developed in Chapter 2 (Plowright et al., 2015), I identified

three areas which I could elaborate given that data was available or collection was financially

2https://www.jcu.edu.au/collegefoffpublicfhealthfmedicalfandfveterinaryfsciences/

public-health-and-tropical-medicine/one-health-research-group?2



and logistically possible. The first of the HeV aspects I decided to investigate was the role of HeV
environmental survival by using both published (Fogarty et al., 2008) and, at the time unpublished
data, from experiments performed by Paul Selleck in 1996 in the Australian Animal Health
Laboratory. In the end it was only possible to use Paul Selleck’s experimental data which was
published in Scanlan et al. (2014) during the course of my studies of HeV survival. However I
generated a model that provided a better fit to the data and found ways of using the model to
improve our understanding of HeV transmission to horses. This is Part I of this thesis and includes
Chapters 3 and 4 which describe my studies of HeV survival. Using the laboratory HeV survival
data in relation to temperature I found that even though HeV is capable of surviving for weeks
in laboratory conditions, it is likely to be transmitted directly given real world environmental
conditions (Chapter 3). These results led to Chapter 4 in which I estimate the potential survival of
HeV once it is excreted in horse paddocks. These two studies have influenced official policy and it
is now recommended to consider that HeV can be transmitted both directly and indirectly. More

importantly, targeting direct transmission in mitigation may lead to greater reduction in risk.

Part I of the thesis, is a series of studies of the effects of climate on HeV’s ecology and epidemi-
ology. The three Chapters are based on the theory of ecological niche modelling, which attempts to
estimate an organism’s physiological and ecological requirements. When these requirements are
represented in spatially reference data, they can be used to estimate the geographic distributions
or find areas with the appropriate environmental conditions for the organism’s presence (Owens
et al., 2013). The most widely used tools to estimate the requirements are correlative statistical
models, than can be broadly classified, in my own opinion, in multivariate similarity methods
(environmental distance or range based rules, Farber and Kadmon, 2003; Busby, 1991), regression
(Thuiller et al., 2003; Renner et al., 2015), machine learning (Phillips et al., 2006; Stockwell and
Peters, 1999) and non-parametric classification algorithms (Elith et al., 2008). A common feature
of these methods is that they have been adapted or developed to use presence only data, due to
the complications that arise as result of sampling absence of an organism in continuous space

(Elith et al., 2011). In this thesis I used several of these methods.

In Chapter 51 describe how I used the climatic niches of the four Australian flying fox species,
modelled with Maxent (Phillips et al., 2006), to identify which species were most likely involved
in spillover. I found that spillover occurs in areas where Pteropus alecto and P. conspicillatus can
have higher population densities, therefore increasing the evidence of these species acting as

natural reservoirs. In Chapter 6 I studied the effects of climate on the spatio-temporal pattern of
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spillover risk. For this Chapter I used presence-absence regression methods (parametric and non-
parametric) that were combined in a consensus model. I found that the most likely explanation
for HeV spatio-temporal pattern of spillover in southern latitudes and the relatively constant
risk among seasons in the north, is influenced by bat species specific traits in response to the
seasonal amplitude of minimum temperature and rainfall. In basic terms, dry and cold winters are
associated with increased risk from black flying foxes. This species and the mentioned conditions

are typically found in the southern portion of the area at risk of HeV spillover.

Chapter 7, constitutes the first attempt to predict HeV spillover, by modelling it as a spatial
point process. The results are a series of maps that highlight where HeV spillover is more likely
to occur based on how the two bat reservoir species involved in spillover will respond to climate
change. While predictions are coarse both in space and time, they can be used to allocate resources
for mitigation before the effects of climate change take place. In addition, the models predicted a
probable replacement of reservoir hosts in northern QLD, because environmental suitability will
decrease for P. conspicillatus and increase for P. alecto. These results have profound implications
for, HeV ecology and epidemiology, flying fox and biodiversity conservation, ecosystem function
and policy design. In addition, I found several novel avenues for future research, like investigating

the possible consequences of the replacement of reservoir host species in northern QLD.

Part IV of this thesis consists of Chapter 8. Here I tracked the movement of paddocked horses
to identify characteristics of the paddocks that increase the likelihood that horses interact with
areas covered by trees. The rationale was that, because HeV is excreted by flying foxes while
feeding in trees (Field et al., 2011), obtaining a measure of the frequency of such interactions
would be informative of the contact frequency with HeV. I found that horse movements tend
to be close to random, and for this reason the proportion of the paddock covered by trees is the
main determinant of the time horses spend under trees, especially during the night. Based on
these results I suggest that restricting access to trees during the night is likely to be a successful

mitigation strategy.

Finally, in part V, Chapter 9, I consider the results of Chapters 3-8 in the context of Chapter 2
and each other. I compiled a section of future research directions, based on questions that arose
as part of my research. I conclude the thesis by outlining an extensible mechanistic simulation
framework that incorporates some of the key findings of this thesis, and which could be used in

the future for spillover risk prediction.

In the end of the thesis, after the bibliography section, there is an appendix divided in nine



appendices, one for each of the Chapters. In the appendices all the necessary information to fully

understand the analyses and results is given.
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CHAPTER 2

Ecological dynamics of emerging bat virus spillover

This chapter was a collaborative effort among the researchers involved in the National Hendra
Virus Research Program between November 2012 and December 2014 (Plowright et al., 2015). It
consists of a review of bat-borne zoonotic viruses with Hendra virus (HeV) included as a case
study and was led by Raina K. Plowright. We identified the separate components of a disease
spillover system that are required for disease spillover. Therefore our study is a first attempt to
explicitly represent all the processes that have to coincide in time and space for spillover of HeV
to occur.

After the conceptual framework was designed we discussed the evidence and theory regarding
each of the HeV spillover components that we identified. I used the resulting conceptual model to
identify the components of the spillover system that required further study and designed my PhD
project based on them.

The chapter finishes by listing a series of spillover risk mitigation strategies that can be applied
at each level of the spillover system. During the course of my studies and in this thesis I have

made refinements to some of these mitigation strategies based on my findings.
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Viruses that originate in bats may be the most notorious emerging zoonoses
that spill over from wildlife into domestic animals and humans. Understand-
ing how these infections filter through ecological systems to cause disease in
humans is of profound importance to public health. Transmission of viruses
from bats to humans requires a hierarchy of enabling conditions that connect
the distribution of reservoir hosts, viral infection within these hosts, and
exposure and susceptibility of recipient hosts. For many emerging bat viruses,
spillover also requires viral shedding from bats, and survival of the virus in the
environment. Focusing on Hendra virus, but also addressing Nipah virus,
Ebola virus, Marburg virus and coronaviruses, we delineate this cross-species
spillover dynamic from the within-host processes that drive virus excretion to
land-use changes that increase interaction among species. We describe how
land-use changes may affect co-occurrence and contact between bats and
recipient hosts. Two hypotheses may explain temporal and spatial pulses of
virus shedding in bat populations: episodic shedding from persistently
infected bats or transient epidemics that occur as virus is transmitted among
bat populations. Management of livestock also may affect the probability of
exposure and disease. Interventions to decrease the probability of virus spil-
lover can be implemented at multiple levels from targeting the reservoir
host to managing recipient host exposure and susceptibility.
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Environmental survival of Hendra virus:
inferring potential transmission routes

and survival capacity
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CHAPTER 3

Hendra virus survival does not explain spillover patterns
and implicates relatively direct transmission routes from fly-

ing foxes to horses

Environmental survival of the virus was one of the key components of spillover systems that I
identified in Chapter 2 (Plowright et al., 2015). The presence of this layer in the conceptual model
assumes that HeV transmission is indirect; i.e. that the virus spends time in the environment such

as on the ground before it is ingested by the horse to enter its body.

By studying HeV environmental survival I can find evidence of the importance of HeV survival
for spillover risk. In the case that the spatiotemporal pattern of spillover is linked with the survival
capacity of HeV in the environment, I can also estimate a potential time frame after excretion that
transmission to horses is likely to occur. And perhaps more importantly, I can identify if some

transmission routes from flying foxes to horses are more likely than others.

This chapter describes how I built a HeV survival model using unpublished data from experi-
ments performed by Paul Selleck in the Australian Animal Health Laboratory. Then, I used the
model to study the relationships between HeV environmental survival, as a distinct component
of the spillover system, with spillover occurrence in space and time.

The methods that I used for the analyses were mainly maximum likelihood, geospatial modelling
and frequentist statistics. The theoretical basis to build the temperature-survival model was derived
from survival analysis with parametric methods, using the proportion of HeV surviving at each
time as a response variable in a specified distribution (McCallum, 2000).

The main outcomes of the chapter are, better understanding of the potential pathways of HeV

transmission, and improved estimates of HeV survival in the environment.
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This chapter has already been published as (Martin et al., 2015):

« Gerardo Martin, Raina Plowright, Carla Chen, David Kault, Paul Selleck, and Lee Skerratt. Hendra
virus survival does not explain spillover patterns and implicates relatively direct transmission
routes from flying foxes to horses. The Journal of General Virology, pages vir.0.000073—, feb 2015.
ISSN 1465-2099. doi: 10.1099/vir.0.000073. URL http://vir.sgmjournals.org/content/
early/2015/02/09/vir.0.000073.abstract

ABSTRACT

Hendra virus (HeV) is lethal to humans and horses, and little is known about its
epidemiology. Biosecurity restrictions impede advances, particularly on understanding
pathways of transmission. Quantifying the environmental survival of HeV can be used
for making decisions and to infer transmission pathways. I estimated HeV survival with
a Weibull distribution and calculated parameters from data generated in laboratory
experiments. HeV survival rates 24 h after excretion based on air temperatures ranged
from 2 to 10% in summer and from 12 to 33% in winter. Simulated survival across
the distribution of the black flying fox (Pteropus alecto), a key reservoir host, did not
predict spillover events. Based on the analyses I concluded that the most likely pathways
of transmission did not require long periods of virus survival and were likely to involve

relatively direct contact with flying fox excreta shortly after excretion.

Introduction

Transmission of diseases depends on the successful transfer of live pathogens from an infectious
to a susceptible host. Parasites have a great diversity of strategies to accomplish transference of
live individuals to a susceptible host. But each of the transmission pathways used by a parasite
depend on a series of characteristics of the host, the parasite, the host-parasite relationship and
the environment (Ewald, 1987; Walther and Ewald, 2004). For instance the target organs in the
host might determine the excretion and entrance routes most suitable to establish a new infection.
And the entrance pathways that a parasite can use, depend partially on how pathogens leave
the body of an infected host. Two strikingly different strategies are indirect environmental and
vector transmission. For instance use of bodily fluids like urine to leave the body of an infected
host might imply that transmission is possible through contaminated water, feed or any other
substrate that will eventually be introduced in the body of a susceptible host. On the other hand

pathogen transmission by vectors eliminates some of the restrictions imposed by the interactions
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with the outer body environment. Vector transmission also implies the ability of surviving inside
and leaving the body of a different species than the one used to reproduce. Both types of parasites
are subject to evolutionary trade-offs that maximise the probability of establishing new infections.
Those trade-offs might result in increased virulence, switch target organs or acquire the ability to
infect a broader variety of host species (Day, 2001; Ewald, 1987). Therefore a pathogen’s capacity

to survive outside of a host’s body is indicative of several biological processes.

Understanding of the mechanisms driving HeV emergence and transmission to spillover hosts
has been slow to develop. Despite the recent availability of a commercial vaccine for horses,
spillover events continue to occur. Many at-risk horses remain unvaccinated due to the cost of the
vaccine, risk perceptions of horse owners and other factors (Middleton et al., 2014). Undertaking
efficacious and more cost-effective alternative mitigation strategies is constrained by a lack of
implementation of the management recommendations. Thus, improving the understanding of
transmission routes of HeV from flying foxes to horses will result in reducing necessary costs
and efforts to implement effective prevention. The most likely route is thought to be exposure of

horses to infectious bat excretions (Field et al., 2011; Marsh et al., 2011).

According to the most plausible scenario, once HeV is excreted by bats, the time it remains
infectious determines the transmission window within which horses must be exposed to become
infected with HeV (Plowright et al., 2015). If virus survival is very short, rapid and direct exposure
to bat excretions (faeces, urine, saliva or birth/foetal fluids) may be necessary. Longer survival
provides more diverse opportunities for exposure. For example, infectious excreta may be able to
accumulate in feed. Clearly, improving our understanding of virus survival in the environment

will be critical for inferring likely transmission mechanisms and mitigating risk.

Studies of HeV survival in the environment have thus far been based on the effects of pH,
desiccation, urine and fruit juice at two different temperatures. This study also examined Nipah
virus (NiV) survival using the same conditions and substrates (Fogarty et al., 2008). HeV and
NiV were resistant to a wide pH range (3-11) but sensitive to desiccation, surviving for <15 min
without moisture at 37°C. Whilst these experiments indicated that the decay of infectious HeV
occurs quickly, the effect of the magnitude of the environmental variables (and their change
through time) on virus survival are still unknown. For this reason, we cannot estimate HeV
survival in eastern Australia where spillover events occur (Figure 3.1). Moreover, we cannot
use HeV survival to predict spillover events or infer the most likely transmission routes. To

estimate and understand the contribution of virus survival in the environment to spillover risk I
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developed a model from experimental data of HeV survival at three different temperatures. With
the model I quantified the relationship between changes in temperature and survival of HeV.
The model accounted for the effect of temperature on the decay rate of the virus and was based
on the Weibull cumulative density function (CDF). The model was used to perform simulations
under the temperature conditions in the current geographical distribution of HeV spillover events.
The simulations estimated how much virus would survive 12 and 24 h after excretion at 3:00
a.m. across the distribution of the black flying fox (Pteropus alecto), which encompasses the
current distribution of spillover events. In addition, I showed that previous calculations that
estimated longer survival (Scanlan et al., 2014) are explained through recording errors, different
model-fitting procedures and the nature of environmental data used in simulations (air versus
soil temperatures). These differences had to be resolved before advances could be made in the

understanding and managing of HeV transmission.

Methods

I developed two models based on the Weibull and exponential CDFs. I chose these distributions,
firstly because I wanted to compare the distribution used by Scanlan et al. (2014) with another
more flexible distribution. Secondly, I selected the Weibull because it is simple and allowed us
to implement a simulation framework with simple modifications to the equation.The effect of
temperature on survival was included when transforming parameters of each distribution into
functions of temperature. To run simulations, I generated temperature profiles to represent
temperature changes between day and night. The profiles accounted for the variability and
extremes observed at meteorological stations over the previous 20 years in order to emulate
real-world conditions. Simulations represented the survival of an excreted viral population over a
period of at least 24 h. This method allowed us to assess the likelihood of virus accumulation in
the environment on successive days. The model was constructed from experimental data at three

constant temperatures.

Measurement of HeV survival

Survival experiments were performed by Paul Selleck ! in the Australian Animal Health Laboratory
(Commonwealth Scientific and Industrial Research Organisation, Geelong, Victoria, Australia)

under BSL4 conditions with the isolated HeV strain in the index case. Survival of HeV was

!mailto:Paul.Selleck@csiro. gov.au
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Figure 3.1: Map shows the names and geographical location of spillover sites.

measured at three constant temperatures: 4, 22 and 56 °C. Virus cultures were titrated at intervals
of 1 week for the experiments at 4 and 22°C, and 10 min at 56°C.Virus concentration was reported
as TCIDs. The detailed experimental design and methods are described in Scanlan et al. (2014),
however the interval between virus titrations of the experiment at 56°C was reported to be 10 h

instead of 10 min.

Model development, parameterisation and simulations

Optimisation was performed with the Gauss—Newton algorithm for non-linear regression imple-
mented in the ‘nls’ routine of the statistical computing language R 3.1.0 (R-Development-Team,

2014). The data used to fit the models is a series of two averaged virus titrations. Each titration
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was divided by the initial titer and the remaining model fitting was performed over the natural
logarithm of the surviving proportion. Originally data contained 15, 14 and 8 measurements
at 4, 22 and 56 °C respectively. Due to heavy tailing with very few remaining particles in the
final titrations I only used the first five measurements, which does not affect model survival
estimates. This is because the model was never used to estimate survival at temperatures and
times beyond those contained in the data used to fit the model. I began fitting separate curves
to titres for each temperature. I estimated parameters for the Weibull and exponential CDFs
(equations 4a). Then I modelled parameter values as variables dependent on temperature. The
resulting parameter models were substituted in both the Weibull and exponential models. Finally,
I ran an additional optimisation with a time-temperature coupled model. The initial values given
to the optimisation routine were those estimated in the previous step. To select a model I used
normality, autocorrelation of residuals and the Akaike information criterion (AIC) to compare

models. AICs were compared with the Akaike weights test.

Simulations

Environmental data used in simulations was downloaded from the Bureau of Meteorology 2, and
consisted of minimum and maximum daily air temperatures averaged from 1993 to 2012 from
four locations where spillover events were recorded. Temperature was averaged to represent
the most likely conditions to be observed in each locality. All simulations were run with the
optimum parameter estimates and their standard errors with the R package deSolve (Soetaert
et al., 2010).

The selected model was transformed to a differential equation (equation 7). Then I generated
the temperature profiles with the average minimum and maximum temperatures for each month.
These profiles assume that minimum temperature occurs at 3 am and maximum at 3 pm (equation
6). Simulations were run with the conditions of four locations comprising the latitudinal extremes
of the spillover geographical distribution, Cairns in far north Queensland, Kempsey in central
New South Wales (southernmost part of the distribution), and Rockhampton and Redlands for
the center and the hotspot (highest density of spillover events, Plowright et al., 2015) of the
distribution, respectively (Figure 3.1).

I also simulated the potential survival of HeV across the geographical distribution of P. alecto

(black flying fox) using raster data sets of temperature —the black flying fox is the only bat species

2nttp://www.bom.gov.au
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with a distribution covering all spillover sites and consistently found closer to spillover events
(Field et al., 2011). These maps represented the proportion of HeV surviving 12 h (under soil
temperature conditions) and 24 h (under air temperatures) after being excreted at 3:00 a.m. These
simulations were used to test whether survival was a good predictor of the spatial location of
spillover in each season. Data for these simulations were obtained from the microclim dataset
(Kearney et al., 2014)* for soil temperatures and the Bureau of Meteorology for air temperatures.
The resolution of the microclim data was 15km, and was interpolated to match the pixel size of
the Bureau of Meteorology data at 2.7km. The spatial data for the simulations was handled with
the raster 2.2-31 and dismo 0.9-3 R packages (Hijmans, 2013; Hijmans et al., 2013).

For spatial simulations in the soil I used a series of layers of ground temperature at zero cm
depth and two shade levels, 0 and 50%, obtained from the microclim dataset (Kearney et al., 2014).
For each shade cover I accounted for the effect of the soil types available in microclim. The
areas with the soil types of Australia were obtained from a categorical layer generated by the
Australian Bureau of Agricultural and Resource Economics and Sciences (ABARES), from which I
only distinguished the three types; soil, sand and rock, which correspond to the data available in
microclim. I extracted the areas with each soil type from their corresponding ground temperature
layer and then merged them with its complementary layers. For simulations I assumed that shade
cover did not affect minimum temperatures as these occur in the night.

Each 2.7 km pixel of the minimum and maximum temperature layers (from all datasets, soil
and air temperatures) were used as the parameters of the oscillating temperature profiles. Then I
ran a simulation for every pixel in the layer and the last value of each simulation was stored in
another layer. From the resulting simulated maps I extracted the value of the pixels corresponding
to the location of every event by season. Then the values of all the pixels in summer, autumn,
winter and spring maps were cross tabulated to run the partial ROC test with the Partial ROC

tool allowing a 20% omission rate.

Measuring the predictive ability of survival

Assuming that inter-annual variation in temperature would affect virus survival over the entire
geographical region, I performed a Partial ROC (receiver operating characteristic) analysis to

assess the performance of virus survival as predictor of spillover (Peterson et al., 2008). The

3http ://figshare.com/articles/microclim:_Global_estimates_of_hourly_

microclimate_based_on_long-term_monthly_climate_averages/878253
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Partial ROC test measures the area under curve (AUC) formed by the predicted extent versus the
proportion of predicted events and compares it to a random predictor (Peterson et al., 2008). The
random predictor is determined by the proportion of area predicted within the survival threshold.
For instance 50% of the area predicted is expected to predict 50% of the spillover events in the
spatial simulation that is being tested. If the model predicts more than the 50% of the spillover
events expected by randomness the survival model is a better predictor than random. Tests were
run with the Partial ROC tool (Barve, 2008). This is because the model and resulting survival maps
can represent the fundamental niche of spillover events (Hutchinson, 1957; Kearney and Porter,
2009), which is given by an organism’s response to the set of environmental conditions it is usually
exposed to. Detailed methods are provided in the Appendix 9.6.3.2. Under the same assumption, I
extracted 100 random samples of survival rates from the entire area assumed to be available for
spillover occurrence and from a 40 km buffer around spillover localities (no-event areas). The
samples were compared with survival in the location of spillover to with a Kolmogorov-Smirnov
test. Significance of the test was assessed by calculating the probability that the measured P

values were 0.05 if they were drawn from a normal distribution of P values.

Results

Observed survival in laboratory and calculated half-lives

The experimental data consisted of measurements of the concentration of viral particles in TCIDs,
(processed data in table 3.1). My estimates of virus rates of decay differed substantially from
previously published analyses of the data (Scanlan et al., 2014, Figure 5 in Appendix 9.6.3.2).
For instance, my estimations of virus half-life at 56 and 22°C were 1900 and 17.3 times less,
respectively, than reported by Scanlan et al. (2014). HeV survival was relatively short and highly
dependent on temperature. A small proportion of HeV particles were capable of surviving for
several hours in Earle’s minimum essential medium (EMEM) at 22°C, whilst survival increased at
4°C and decreased significantly at 56°C (Figure 3.2). The half-life of virus decreased exponentially
with increasing temperature; therefore, small increases in temperature resulted in large increases
in decay rates. The relationship between In S (where S is the proportion of virus surviving at
time t) and time was increasingly non-log-linear at higher temperatures. Consequently, half-life
decreased not only exponentially with temperature, but followed a power law dependent on

temperature. This resulted in higher decay rates immediately after virus excretion, because the
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shape parameter of the Weibull model was < 1 at all temperatures and decreased even more at

higher temperatures (Figure 3.2, table 3.1).

Table 3.1: Data used to fit models. To obtain better fit to the initial points | only used the first five measurements
of viral titres for experiments at 4 and 22 °C. Time has been standardised to weeks, although the scale of the
measurements at 56°C was minutes. In S is the logarithm of the surviving proportion at time T. Time units are

weeks (w) and minutes (min).

Time InS Temperature (°C)
0w 0 4
1w -0.7494845504 4
2w -0.6216511789 4
3w -1.6433024264 4
4w -1.4426317309 4
0w 0 22
1w -4.8761644932 22
2w -6.4307941692 22
3w -7.5096038305 22
4w -10.2782786535 22

0 min 0 56

10 min | -7.4160777725 56
20 min | -10.2475069948 56
30 min | -12.5202391246 56
40 min | -13.8493750719 56

As a result of the non-log-linearity of the data, the Weibull model achieved the best fit as shown
by the Akaike weights test between models (P < 0.05). The half-life estimations between models
differed substantially, especially at high temperatures. Weibull half-life estimations were 268 h, 2.9
h and 3.5 s at 4, 22 and 56°C, respectively. In contrast, half-lives I calculated with the exponential

model were 275 h, 42.9 h and 1.72 min, respectively (Figure 3.2).
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Figure 3.2: Half-lives calculated for each temperature: Weibull model versus exponential model. The estima-
tions between the separate models for each temperature differ less with respect to the time-temperature coupled
model in the Weibull model than in the exponential model.
Parameter estimates

The Weibull model parameters that control the shape of the decay curve were different from 1
for all temperatures. This was replicated with the time-temperature coupled model. This means
that decay is non log-linear, and for this reason the Weibull model achieved a better fit than the

exponential model. Parameters of fitted models in table 3.2.

Table 3.2: Parameter values of the Weibull model. T is the value of T-student statistic and P is the significance

of the parameter estimate

Parameter® Value S.E. T P
B ap -1.79604 0.25027 -7.176 | 1.81e-05
§ ﬁp 0.23172 0.01014 22.846 | 1.28e-10
Oy 0.46812 0.03869 12.099 | 1.07e-07
- B -0.20464 0.12488 -1.639 0.13
gh ap -0.3786051 | 0.1221587 | -3.099 0.008
i ﬂp 0.0027711 | 0.0000467 | 59.333 < Z2e-16

4p subscripts indicate regression parameters affecting the rate parameter of the Weibull or exponential distributions.

Kk subscripts indicate regression parameters affecting the shape parameter of the weibull distribution.
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Survival rates calculated with air temperature

The amount of virus surviving 24 h ranged from 2% (0.04-6.7% with SE of estimated parameters) in
the northernmost location (Cairns) to 10% (1.6—18% SE ) in the southernmost location (Kempsey)
during summer. In the coldest month of winter, the amount of virus surviving was 12% (2.4-21.2%
SE ) in Cairns and 33.1% (20.4-40.4 SE ) in Kempsey (Figure 3.3). Survival rates at 24 h were
highly variable amongst years; however, variability within months could be greater than pooled
variability between years as evidenced by the smaller 95% confidence intervals (95% C. Ls) of
air temperature variability (Figure 3.5). Regarding the two major spillover clusters to date, 2011
[southern Queensland and northern New South Wales (NSW)] and 2012 (northern Queensland,
Figure 3.1), the events in 2011 had a average survival slightly higher than the 1993-2012 mean
temperatures, but within normal variability. Events from the 2012 cluster had survival rates very
close to the mean for each location. The mean survival of 2012 locations was lower than the
mean survival of 2011 location. These inconsistencies regarding survival and spillover occurrence

suggest that clustering in both cases was not driven by conditions that promoted survival (fig 3.3).

Predictive ability of survival rates in space and time

The survival model was projected to three sets of layer; a set of layers of interpolated air tem-
perature, and two sets of soil temperature at zero depth under 0 and 50% shade (microclim sets,
Kearney et al., 2014). Soil temperature simulations were only performed 12 h after excretion
because longer simulation times resulted in very low survival estimates that limited the partial
ROC analysis. The difference between air and soil temperature was very large, which resulted
in much lower survival estimates for both series of simulations at 0 and 50% shade at soil level
than with air temperature. For instance, the highest survival rate 12 h after excretion at spillover
locations under 50% shade in winter was 10% compared with 54% at 24 h with air temperature.
Furthermore, surviving fractions at soil temperature implied that in most of the cases there was
no virus left at 12 h, even under 50% shade in winter conditions. With soil temperature, more
events occurred where 12 h survival was almost zero. The results described below correspond
to simulations under air temperature, which likely represented the best case scenario for virus
survival.

According to air temperature, most spillover events occurred where 24 h survival was estimated

to be ~40% (Figure 3.4). Summer and spring spillover events occurred when and where virus
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Figure 3.3: Simulated virus decay curves for 96 h after excretion at 3:00 a.m. Summer conditions are represented
by the mean temperature of the hottest month and winter conditions are represented by the mean temperature of
the coldest month. Autumn and spring are represented by the mean temperature of the first month of the season.
The dashed lines represent the simulations with upper and lower standard errors of estimated parameters. The

grey shaded area on the left side of each graph highlights the survival curve over the first 24 h.

survival was lowest across the current geographical distribution of spillover (Figure 3.6). The
mean 24 h survival of these events was 3.5% (n = 6, 95% C. 1. 1.5-5.2%) and the mean survival in
buffer zones of 80 km (background survival) was 4.1% (95% C. L. 0.2-7.8%). For autumn events,
mean survival was 6.8% (n = 2, 95% C. L. 2.0-11.0%) and background survival was 10% (95% C. L
4.1-16%). In winter, mean survival at location of spillover was 34.7 (n = 32, 95% C. L. 19.8-49.7%)
and background survival was 38.8% (95% C. 1. 15.0-62.5%). Finally, in spring, mean survival was

9.6% (n = 8,95% C. L. 0.0-20.0%) and background survival was 12.5% (95% C. L. 0.6-24.4%).

Estimated viral survival rates during spillover events were close to the mean survival for those
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Figure 3.4: Density of HeV average potential survival in the locations of spillover at the month of occurrence.

areas both within and between years (Figure 3.5). Therefore, spillover events mostly occurred at
times of intermediate virus survival. However, the distribution of virus survival amongst locations
of spillover was bimodal (Figure 3.4). This means that when temperature conditions were cold,
spillover tended to occur in cold areas; when temperatures were higher, spillover occurred in
warm areas. Similarly, spillover occurred close to the coastal line, where temperatures were higher

than immediately farther inland (Figure 3.6).

The distribution and timing of spillover events was unlikely to be strongly influenced by virus
survival rates 12 (soil temperatures) and 24 h (air temperatures) after excretion. The survivorship
models did not perform significantly better than random predictions of spillover [area under the
curve (AUC) ratio not significantly > 1] in space and time. Furthermore, Kolmogorov-Smirnov
tests suggested no significant difference between viral survivorship at the location of spillover
events with randomly selected background (non-event) survivorship samples in summer. In winter,
however, the empirical CDF of the events was significantly smaller (D(34) = 0.79, P = 1.36 x1078).
This association of higher mean survivorship at spillover locations in winter was caused by the

positive correlation of temperature with latitude in the southern hemisphere. The majority of
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Figure 3.5: Comparison of the proportion of HeV surviving 24 h after excretion at the month of spillover with
the 1993-2012 average survival at each of the spillover locations. Coloured bars are the 1993-2012 average and
the thin continuous error bars show its 95% confidence intervals. The black points and dashed error bars show
average and 95% C. I.s of HeV survival for the month of spillover occurrence in that location. Location of the point
with respect to the thin error bars indicates how different the month of spillover was from the most common
conditions (coloured bars). The grey shaded areas indicate the events that occurred in summer. Results are only

shown for locations where reliable temperature data were available from a meteorological station.

the detected spillover events in winter/autumn occurred in the southernmost part of the black
flying fox (spillover) geographical range (Figure 3.6). When I restricted sampling of non-events
to a buffer zone of 40 km around each spillover event, the difference between survival at events

versus non-events was not statistically significant (D(34) = 0.14, P = 0.5).
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Discussion

HeV transmission may need to occur shortly after the virus is excreted by bats and probably
requires that horses directly contact fresh bat excreta. The spatial simulations with the microclim
dataset (Kearney et al., 2014) suggest that HeV potential survival in the soil is much shorter than
previously estimated with air temperatures. I conclude this based on the higher rate of HeV
mortality immediately after excretion, the very low survival rates 12 h after excretion in soil
microclimates and the lack of explanatory power of the pattern of spillover by virus survival,

with both air and microclim temperatures.

Additional supporting evidence that HeV survival is likely lower than that predicted by Scanlan
et al. (2014) is the non-log-linear relationship between In S and time. This kind of relationship can
result from heterogeneous susceptibilities of individual viruses or heterogeneous conditions in
the experimental substrates (Peleg, 1996; van Boekel, 2002). It is likely that, in a natural setting,
the resistance of free particles and the environmental conditions are more heterogeneous than
under laboratory conditions. Therefore, the resulting decay rates might be greater, resulting in
shorter lifespans. Low survival will be exacerbated by additional stresses, such as desiccation
(Fogarty et al., 2008) and UV radiation. UV radiation is very effective at killing other viruses
(Murray and Jackson, 1993; Weber and Stilianakis, 2008), but has not been tested for HeV. HeV is
an enveloped virus (Paterson et al., 1998) and therefore could be highly sensitive to UV radiation,

which will additionally reduce survival after sunrise.

Heterogeneous conditions might also be caused by microclimates, which in this context differ
from the term microclimate used before in this same chapter. Microclimates as previously used
refers to the temperature conditions at different heights or depths above or below ground under
different levels of shade (Kearney et al., 2014). In this context microclimates are the conditions that
occur in smaller spatial scale, whose variability with respect to macroclimate is explained by the
conditions formed by vegetation or topography. Microclimates in this sense can differ from the
macroclimate, decreasing maximum temperatures, increasing moisture, decreasing desiccation
rates and creating a refuge from UV radiation (Chen et al., 1996). The effect of microclimates
on temperature may be applicable to this study. A downscaling of interpolated air temperature
from the macroclimate will not be representative of microclimates because soil characteristics
are important determinants of temperature at ground level (Kearney et al., 2014). For instance,

Scanlan et al. (2014) assumed that a microclimate is a colder version of the macroclimate by up
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to 5°C, whilst a common effect of microhabitats is an increase in minimums (Chen et al., 1996),
which may result in decreasing survival. I have shown here that soil level conditions dramatically
decrease the survival of HeV even under 50% shade compared with air temperature (Kearney et al.,
2014). Therefore, a homogeneous reduction in temperatures is not representative of microclimates.
Microclimatic effects should be represented by direct measurements, and would benefit from

consideration of the joint effects of moisture, temperature and desiccation on virus survival.

My analyses suggest that HeV survival in the environment is likely to be short. The ability
of a pathogen to survive outside its hosts is indicative of the possible transmission pathways
between hosts. For instance, influenza viruses may survive up to 2 months in water, and therefore
can be transmitted by direct and indirect routes (Domanska-Blicharz et al., 2010). Less resistant,
non-vector-transmitted pathogens such as human immunodeficiency virus (survival up to 1 week
on smooth surfaces) are usually transmitted directly, whilst indirectly transmitted pathogens
such as poliovirus survive for up to 2 months (Kramer et al., 2006). The ability of a pathogen
to survive in the environment can be an evolutionary consequence of virulence/transmission
trade-offs (Walther and Ewald, 2004). Consequently, the environmental susceptibility of HeV
might be a consequence of evolutionary trade-offs that occurred within flying fox populations
over long periods of time. For example, the clustering of bats in tree canopies, and subsequent
exposure of many individuals to a mist of aerosolised urine, might favour transmission routes
that do not require long environmental survival (Markwell and Shortridge, 1982; Plowright et al.,
2015). The sit-and-wait strategy of highly resistant pathogens such as the causative agents of
polio, smallpox and tuberculosis in humans (Walther and Ewald, 2004) may not be necessary for
HeV transmission amongst flying foxes. Therefore Transmission routes to horses may be similar

to some of the transmission routes between flying foxes.

The precise route of viral entry and infectious dose of HeV in flying foxes and horses are
unknown. Some other animal viruses enter through nasal and corneal routes at lower minimum
infectious doses than required for oral routes of infection (Ward et al., 1984). For example,
experimental nasal inoculation of NiV in pigs and hamsters leads to central nervous system
disease (Munster et al., 2012; Weingartl et al., 2005). Experimental infections with HeV in horses
successfully reproduced disease with oral and nasal inoculation; however, doses were relatively
large (2 x 10° and 5 x 10* TCIDsy, respectively) and were therefore unlikely to represent natural
conditions (Marsh et al., 2011). Other experimental studies failed to reproduce transmission

from flying foxes to horses by ingestion of contaminated feed (Williamson et al., 1998). Whilst
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oral transmission of HeV would require contaminated feed or water, nasal transmission may
occur through inhalation of aerosolised fluids, droplets or loose contaminated particles in the air
(Weber and Stilianakis, 2008). As HeV survival in feed might resemble survival under desiccation,
transmission would have to occur very shortly after excretion. For example, time to death of 90% of
HeV (1 log reduction) changed from 24 h in urine to 1 min under desiccation at 22°C (Fogarty et al.,
2008). Similarly, the low survival under desiccation makes inhalation of contaminated dust less
likely to be a feasible route of transmission. Generally, non-smooth, dusty and dry environments
further reduce the survival of pathogens (Wagenvoort and Penders, 1997). Given the above, and
that urine is probably the most important route of HeV excretion (Williamson et al., 1998, 2000),
I suggest that direct exposure to infectious flying fox urine may be an important transmission
pathway. However, I cannot completely rule out indirect exposure through contaminated feed
during some of the spillover events, especially where predicted 24 h virus survival and moisture
are high. A special circumstance is present when water troughs are placed under trees, which

reduces the likelihood of death of viruses by desiccation.

Given that virus survival driven by temperature is unlikely to be a major driver of the spatio-
temporal pattern of spillover, there must be other factors limiting transmission in seasons and
areas with higher viral survival but no reported cases. These factors must occur with periodicity
in southern Queensland and northern NSW in order to explain the seasonal clustering of events
in winter. These factors may be less variable in the north where events are more evenly spread
throughout the year. For instance, flying foxes may spend more time feeding in agricultural
landscapes (e.g. horse paddocks) in winter in the subtropics due to loss of winter feeding habitat,
increasing the opportunities for horse exposure; this seasonal dietary shift may not be as apparent

in the northern tropics (Plowright et al., 2015).

Scanlan et al. (2014) developed a viral survival model based on similar experimental data to
that used here. The overall structure of their model and methods were similar; however, their
results and conclusions differ from mine. They stated that HeV survival is a major driver of
transmission and seasonality, and that the absence of detected events in the south during summer
is driven by chance. In contrast, I found that virus survival did not influence the pattern of
spillovers. I identified three main reasons for the different results. First, Scanlan et al. (2014)
include recording error. The interval between virus titrations during the survival experiment at
56°C was 10 min. Scanlan et al. (2014) reported this to be 10 h, and based their half-life estimates

and subsequent regression analysis on this unit of measurement. The second reason is the use of
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different models; Scanlan et al. (2014) used an exponential model compared with a Weibull model
used here. As mortality rates are usually not constant over time, there is little support for the use
of the exponential model in survival studies (McCallum, 2000; Peleg and Cole, 1998). To account
for such an effect, other models and distributions (e.g. Gompertz, Gamma or Weibull) are usually
more appropriate (Gil et al., 2011; van Boekel, 2002). The Weibull is simple and flexible enough
to account for constant, accelerating or decelerating rates. This is possible thanks to the shape
parameter k, which modifies the instantaneous hazard of death. In fact the exponential model is
a special case of the Weibull model when x = 1, such that the instantaneous hazard of death is
constant through time (McCallum, 2000). The third reason is the use of additional data points
taken from experiments not designed to measure the effect of temperature (Fogarty et al., 2008).
These data points alter the relationship between half-life and temperature. Another contributing
factor is that the model used to estimate half-life in Fogarty et al. (2008) (one-phase exponential
decay) was different from that used by Scanlan et al. (2014) (linear regression between In TCIDs
and time). Consequently, half-lives used do not correspond to measurements of the same processes
with equivalent models. Rather, they are a mixture of half-lives of survival experiments under
urine interpolated with a one-phase decay model and survival experiments in EMEM interpolated

with the classic exponential model.

Although I was unable to find a substantial effect of temperature on the epidemiology of
HeV through virus survival, there are other ecological processes involved that are influenced by
temperature. For instance, present and past temperatures affect the flowering status of many native
Eucalyptus species (Hudson et al., 2010), which then influences the distribution and abundance
of flying foxes, the reservoir hosts. Temperature also influences pasture quality and the feeding
behaviour of horses(Plowright et al., 2015). I also have to consider that absolute abundance of
HeV is not only a function of its mortality, but of the excretion rate and the number of infected
flying foxes (Field et al., 2011). For example, with more infected flying foxes, more fruiting or
flowering trees attracting more flying foxes can increase environmental loads of HeV. It has been
shown recently that black and spectacled flying fox densities are higher in areas where spillovers
occur (Smith et al., 2014). On the horses side, conditions that increase the time horses spend under
trees, basic management practices such as feeding horses and placing water troughs under trees

may increase opportunities for horse exposure to the virus (Plowright et al., 2015).

Despite the advantage of the wide range of temperatures in the experiments, there is no

information to validate my simulations because the response of HeV is probably different under
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changing temperatures. Another limitation is that the interval between measurements is too wide
to precisely estimate half-lives. Thus, I recommend that future survival experiments be performed
over shorter time periods that allow more confidence for interpolation. Experiments should also
include the effect of other potential processes that affect HeV survival, such as desiccation and
UV radiation (Zhao et al., 2012).

I conclude that the timing and geographical distribution of HeV spillover events cannot be
explained by virus survival in the environment. Spillover events occurred when the suitability
of temperatures for survival was intermediate to very low. Transmission routes requiring short
periods of virus survival, such as direct contact with fresh bat excreta, are likely to be important,
whilst routes of transmission requiring longer survival, such as consumption of contaminated
feed, may be less important. The winter-dominant seasonal pattern of HeV transmission to horses
in southern Queensland and northern NSW is likely driven by an additional seasonal factor (not
virus survival alone), such as the relative availability of food for flying foxes in horse paddocks. In
summary, virus survival in the environment is unlikely to be the driver of the pattern of spillover
events. I must explore other seasonal risk factors that occur periodically at southern latitudes but
are relatively constant in the tropics. Behavioural studies of the interactions between flying foxes

and horses are needed to determine the route of HeV transmission.
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CHAPTER 4

Microclimates rarely allow indirect spillover of the bat-borne

zoonotic Hendra virus

The previous chapter describes how spillover is affected by potential survival of HeV in the
environment. I demonstrated how the poor predictive capacity of environmental survival of HeV
indicated that transmission could be relatively direct from flying foxes to horses. Relatively direct
transmission indicates, however, that the virus in some circumstances is capable of surviving in
the environment until contact with a susceptible horse occurs.

The HeV survival estimates in Chapter 3 (Martin et al., 2015) were obtained with air temperatures.
Most of HeV excreted in paddocks occurs under the trees where flying foxes feed (Field et al.,
2011). The microclimatic conditions that occur in these areas are unlikely to be similar to air
temperatures as measured in meteorological stations, because temperature and evaporation rates
in the soil result from different physical processes due to the structures that surrounds them
(Kearney et al., 2014). To obtain more reliable estimates of HeV’s potential survival I sampled the
microclimatic conditions that occur under trees in horse paddocks in the area of Townsville.

To measure the effects of the microclimatic conditions on HeV survival I used Bayesian mixed
effects models, and re-fitted a modified version of the survival model from Chapter 3 (Martin
et al., 2015). The Bayesian models predict microclimatic conditions using meteorological station
data, and can therefore be used for other more general purposes than for just understanding
HeV survival. I used the predictions of the microclimate models to create different indicators of
HeV survival capacity under these conditions. In addition, based on the lower survival of HeV
under desiccation (Fogarty et al., 2008) I developed a measure of how likely survival estimates
with temperature are lowered due to desiccation, by calculating the probability that there will be

evaporation.
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In relation to the conceptual spillover framework described in Chapter 2, I studied in what

circumstances the layer pathogen survival outside hosts could be present. Therefore, finding the

environmental characteristics that increase the chances of contact between horses and HeV.

This chapter was published in Microbial Ecology (Martin et al., 2017):

« Gerardo Martin, Rebecca J. Webb, Carla Chen, Raina K. Plowright, and Lee F. Skerratt. Microclimates
Might Limit Indirect Spillover of the Bat Borne Zoonotic Hendra Virus. Microbial Ecology, pages
1-10, 2017. ISSN 0095-3628. doi: 10.1007/s00248-017-0934-x. URL http://link.springer.
com/10.1007/s00248-017-0934-x

ABSTRACT

Infectious diseases are transmitted when susceptible hosts are exposed to pathogen
particles that can replicate within them. Among factors that limit transmission the
environment is particularly important for indirectly transmitted parasites. To try and
assess a pathogens’ ability to be transmitted through the environment and mitigate
risk we need to quantify its decay where transmission occurs in space such as the mi-
croclimate harbouring the pathogen. Hendra virus, a Henipavirus from Australian
Pteropid bats spills-over to horses and humans, with apparently high mortality rates.
While a vaccine is available, its limited uptake has reduced opportunities for adequate
risk management to humans, hence the need to develop synergistic preventive meas-
ures, like disrupting its transmission pathways. Transmission likely occurs shortly after
virus excretion in paddocks, however no survival estimates to-date have used real en-
vironmental conditions. Here I recorded microclimate conditions and fitted models that
predict temperatures and potential evaporation, which I used to simulate virus survival
with a temperature-survival model and modification based on evaporation. Predicted
survival was lower than previously estimated and likely to be even lower according to
potential evaporation. Our results suggest that relatively direct transmission is more
likely under average conditions, however, indirect transmission may occur within a
narrow range of microclimate circumstances. I recommend restricting horses’ access to

trees during night time and reducing grass under trees to reduce virus survival.

Introduction

Infectious diseases are transmitted when viable infectious agents are successfully introduced

and are able to reproduce in the body of a susceptible host (Ewald, 1987). Factors that have the
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potential to reduce or increase the likelihood of transmission include, but are not limited to;
reservoir host immunity, excretion routes, the environment (temperature, humidity, wind speed)
(Sultan et al., 2005; Shaman et al., 2010), presence of vector hosts, the immune system of the
receiving host and the target organs of infection. The effect of these factors will differ depending
on the mode of transmission of the parasite (whether it be vector, direct or indirect). For instance
the ability to survive in the environment is particularly important for indirectly transmitted
parasites (Walther and Ewald, 2004). This parasite-environment interaction can determine the
magnitude of the transmission rate among individuals (McCallum et al., 2001). Consequently the
ability to be transmitted indirectly might depend on the predominant environmental conditions
that the parasite experiences while awaiting contact with a susceptible host. Therefore, to try and
infer the most likely transmission route of a parasite in order to disrupt it and mitigate its impact,

we need to understand the consequences of its interaction with the environment.

Accurate environmental data is essential to predict the decay of a parasite population in that
environment. When microorganisms are excreted on to the ground they experience several
different micro-climatic conditions.Microclimates essentially differ from macroclimates in the
spatial scale of their variability. Microclimates in the context of this study are the environmental
conditions in small areas that are influenced by its prevailing substrate, topography and vegetation
structures that surround them (Chen et al., 1996). While macroclimates change more gradually in
space. There are existing models to predict the air temperatures at different heights above ground
that might result from interactions of solar radiation and wind with shade and type of soil (Kearney
et al,, 2014). However, these models are uninformative of the potential variability of structures
that make up the conditions at a scale that is relevant for a microorganism’s survival. Hence, we
need a framework that allows us to understand and easily predict the range of conditions that

occur in the structures where hosts and parasites are more likely to contact each other.

Hendra virus (HeV), a Paramyxovirus of the genus Henipavirus was discovered in an outbreak
involving the death of 14 horses and one human (Murray et al., 1995b). Its reservoir hosts are
the four mainland Australian flying fox fruit bats (Chyroptera:Pteropodidae: Pteropus), although
Pteropus alecto and P. conspicillatus seem to be the most important reservoirs (Smith et al., 2014;
Edson et al., 2015; Martin et al., 2015). Transmission from flying foxes to horses is thought to
occur after ingestion of urine contaminated feed. This hypothesis has been considered plausible
given the ability of HeV to survive for up to 4 days in fruit juice and urine in laboratory conditions

at 22 and 37 °C, although HeV is extremely sensitive to desiccation at these temperatures (Fogarty
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et al., 2008). Even under the best virus survival scenario represented by air temperatures, spillover
has not occurred in areas with the highest possible survival during certain seasons (Martin et al.,
2015). This suggests that survival as explained by air temperature is not important for spillover,
and transmission is likely to be relatively direct. Regardless of these large scale patterns, which
might be driven by other temperature related processes or heterogeneous HeV shedding patterns
(Field et al., 2011), more accurate estimates of HeV survival are necessary to better understand its
transmission to horses. Therefore we need to more closely investigate and estimate the survival
of HeV in the environment using accurate microclimatic measurements.

Here I studied the microclimates where HeV is excreted and developed a series of models that
predict these conditions using data from meteorological stations. I used the microclimate models’
predictions to estimate survival re-parametrising a published HeV survival model (Martin et al.,
2015). The main reasons for using a laboratory based model were that performing HeV survival
experiments in the field replicating the conditions it experiences in paddocks would be unethical
given its BSL4 classification. In addition, using other viruses like Cedar (Marsh et al., 2012), does
not guarantee equivalence, and recovery of the viruses from the relevant substrates could be very
problematic (Fogarty et al., 2008). Because HeV is highly sensitive to desiccation, using a model
of potential evaporation (Fogarty et al., 2008) I calculated the probability that survival is shorter

than estimated with the temperature only model due to evaporation.

Methods

The study system

Air or bare soil temperatures alone are not widely representative of the climatic conditions
experienced by HeV excreted in horse paddocks, but to date they are the only climatic variables
used to model HeV survival (Martin et al., 2015; Scanlan et al., 2014).To estimate HeV survival
under the conditions the virus more likely experiences in paddocks I sampled microclimates. I
generated a series of statistical models that predict microclimatic conditions using data from
meteorological stations and measures of physical structures that surround microclimates (grass
length and canopy openness) as explanatory variables of the measured microclimates.

I generated estimates of HeV survival in microclimates coupling a temperature-virus survival
model with the microclimate temperature predictions of two temperature models; one for min-

imum and another for maximum temperature. HeV survival in response to constant temperatures
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was estimated from laboratory data with the Weibull model (Martin et al., 2015):

S(t) = exp (—pt") (4.1)

Equation 4.1 means that the proportion of virus surviving S is a function of time ¢ that decays at
arate p. The instantaneous rate of decay can in addition decrease or increase with time depending
on the size of the shape parameter k. If k < 1 the immediate rate of decay decreases with time,
when k = 1 it is constant, and when k > 1 it increases with time (McCallum, 2000; van Boekel,
2002). I modified Martin et al. (2015)’s (Chapter 3) model to make it more numerically stable. The
original model transformed both parameters p and x in functions of temperature because both
are temperature (T) dependent according to the survival data (Appendix 9.6.3.2). In the original
formulation x(T) = ax + exp (S« T). One problem with this formulation is that it only makes
sense if a, > 0. To fix this I used x(T) = exp (ax + B« T) hence the modified model in equation

4.2 (keeping the original formulation for p(T)):

S(t,T) = exp [— exp (ap + ﬁpT) texP(“K+ﬁKT)] (4.2)

All the models were fit in a Bayesian inference framework using JAGS (Plummer, 2003) for
Markov chain Monte Carlo (MCMC) simulation and sampling. The temporal scale of the HeV
survival data was modified to hours to match the scale of the recorded microclimate data.

I used these models to estimate the potential range of HeV survival 12 h after excretion, the
time elapsed to death of 90% of the virus and the probability that the proportion of viable HeV
in paddocks is greater than 0.01 24 h after excretion. I chose these thresholds because 1) HeV
survival was previously reported to be very low 12 h after excretion in soil conditions (Martin
et al,, 2015), 2) to have a time scale measure of potential survival capacity and 3) to assess if there
is potential for HeV accumulation over successive days of excretion. In order for accumulation to
occur, the proportion of viable HeV has to be greater than sterility conditions (107%, van Boekel,
2002) once virus excretion is resumed (24 h later) With the analyses of potential evaporation, I
estimated the probability that survival is lower than estimated with the survival model based on

temperature alone.

Sampling the microclimates

I measured temperature and relative humidity of microhabitats with Hygrochron iButton® data

loggers at 15 minute intervals during day and night from September 2014 to August 2015. I
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used the 15 min interval to maximise the likelihood of registering temperature and humidity
extremes used for data analysis, while still being able to record data for a long period. Loggers
were deployed in four different paddocks up to 20km north and south of Townsville, Queensland,
Australia, which lies within the known distribution of spillover of Hendra virus. The criterion to
select study sites in which to deploy the data loggers was: 1) properties had to have paddocked
horses, 2) paddocks had to have at least three trees with various degrees of canopy openness and
grass of variable length, 3) paddocks had to be within the distribution of P. alecto, 4) access had to
be granted by owners after signing a confidentiality agreement. In each property I selected at
least three trees with different degrees of canopy openness, and three grass/ground vegetation
heights to cover the range of microclimates that potentially exist in paddocks that are relevant

for HeV survival (Field et al., 2011, Figure 4.1).

I measured canopy openness with hemispheric photographs with a Vivitar 0.21x fisheye
converter lens attached to a 14-42 mm Panasonic lens. Pictures were processed with the Gap Light
Analyser (GLA, Frazer et al., 1999). I took all photographs at dawn, dusk or on cloudy days so that
the background was brighter than foliage and branches that make up the canopy structure. This
was necessary because GLA requires high contrast images between foliage and sky to calculate
the area open to direct sunlight. Because some of the Eucalyptus species have very light coloured

bark, their canopy pictures had to be pre-processed manually to darken the bark.

I measured grass height with a measuring tape from the position of the data logger to the tip of
the leaves of the main mass fo grass that was covering the data logger. The long and medium
grass treatments were enclosed in a 15cm diameter circle with chicken wire and secured to the
soil with turf pegs and plastic coated wire. This protected the grass from being eaten by horses

and helped to keep the microclimate in more constant conditions.

Data were downloaded from data loggers every 21-42 days whenever possible within this
interval because by day 42 the memory of the data logger was full. Sampling the height of
vegetation or downloading the data within the mentioned period depended on access to the
property where loggers were deployed. I measured grass length continuously with a measuring
tape, from the ground level to the tip of the leaves that made up the principal mass, ignoring the
long leaves that frequently stand out but contribute very little to the total mass. I adjusted the
length where necessary if grass had grown, been eaten or completely disintegrated after drying
out. For those intervals where grass was growing/decreasing fast and continuously such that

there was not enough grass length data, I interpolated the height linearly between the beginning
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and end of the data recording period. In cases where the grass was mowed I identified the date of
mowing and registered the height before and after the mowing date and used those measurements
in the analyses. To maintain the grass levels of the sampling design I moved the logger to the
nearest patch of grass with the correct height.If the change of position resulted in significantly
new conditions, apart from the new grass height, I recorded the new canopy openness for use in

the statistical analyses.
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Figure 4.1: Geographic location of the areas where microclimates sampling took place and the sampling design
used in the four different paddocks. P paddock, T tree, L logger, G grass. The number in the map indicates the

number of paddocks in each of the sampling areas.

Analyses

I analysed all data with Bayesian models using a MCMC sampler for inference implemented in
JAGS 4.0 (Plummer, 2003) interfaced in R (R Core Team, 2016) with the R2jags package. I estimated
parameters for the survival model in equation 4.2 using flat priors with 10™* precision for all
parameters, 10M iterations, a burn-in rate of 3M and a thinning rate of 10K.

From the recorded temperature and humidity data I only used the daily minimum and max-
imum temperatures and relative humidity to fit models. This was necessary as only minimum and
maximum air temperatures were available from meteorological stations. I transformed relative

humidity to absolute humidity and/or potential evaporation as described in the following subsec-
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tion. Before fitting the microclimate models, I performed an exploratory analysis to identify the
type of correlations and variance structures between and within explanatory (macroclimate and
vegetation) and response variables (microclimate), and assessed visually the type of statistical
distribution of the response variables. Macro climate data was obtained from the bureau of
meteorology of Australia !.

For each microclimatic variable I fitted a series of models with combinations of all explanatory
variables and their plausible interactions. In addition to these main effects I included a random
effect for paddocks. In all cases I used non-informative normal priors with 107 precision to let
data dominate the posterior distributions. Each model was fit with 3 chains of 50K iterations,
a burn in of 10K and a thinning rate of 30. To select models I compared their convergence and
deviance information criterion (DIC), and selected the model with the smallest DIC value. DIC
is a fully Bayesian measure of goodness of fit, relatively equivalent to the Akaike information
criterion used in frequentist statistics (Spiegelhalter et al., 2002). Then I performed a posterior
predictive check of the selected models, looking for a prediction rate as close as possible to 50%.
This means that data has to resemble approximately 50% of the posterior samples (the mean of the
posterior samples, Gelman et al., 2013). These checks were only done with the temperature and
humidity models, as there is currently no HeV survival data to validate predictions of survival in

paddocks.

Analysis of the humidity data

The recorded relative humidity data was transformed into absolute humidity and potential evap-
oration (Myatt et al.,, 2010; Zhao et al., 2012). Humidity at minimum temperature was analysed as
absolute humidity, and humidity at maximum temperature was analysed as potential evaporation.

The procedure followed to transform data is described in the supplementary materials.

Survival simulations

I simulated HeV decay by coupling the survival model with the predictions of the temperature
models. With these simulations I generated a timeline of the expected amount of virus remnant
12 hours after excretion, time lapsed until 0.1 of the virus was left and the probability that the
surviving proportion is greater than 0.01 24 h after excretion. These simulations assume that

excretion only occurs once in the night while temperature is at its minimum, to avoid having to

http://www.bom.gov.au
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cumulatively calculate several different survival curves. This approach represents the optimal
scenario for virus survival because HeV decay is highest during the first moments after excretion,
and so its highest rate of decay would occur during the lowest temperatures. In addition at higher
temperatures the immediate rate of decay is faster and the shape parameter gradually increases
towards 1 which means it does not decelerate as much as it does at lower temperatures (Martin
et al.,, 2015).

To prepare data for simulation I used a random subset of 2500 parameter combinations out
of the nearly 4.66 billion possible combinations between the survival and temperature models’
parameters. This combination results from the posterior parameter estimates for each model (4002
minX 4002 maxX 2910 syrpival)- A list of parameters and their values is given in supplementary
information. For each simulation run I accounted for temperature changes over time with a cosine
wave. I calculated the probability of observing a reduction in calculated survival rates based
on the simulated potential evaporation per day. To indicate potential extent of virus survival
reduction I generated a timeline of potential evaporation in the soil. I ran these simulations in
two contrasting scenarios, one with short grass and high canopy openness (5 cm and 77%), and

another with long grass and low canopy openness (40 cm and 5%).

Results
Virus survival simulations

Virus surviving 12h after excretion was higher in the scenario with long grass and low canopy
openness compared with short grass and high canopy openness (40 cm grass — 5% openness vs 5
cm — 77.6%, Figure 4.2). When I estimated the time elapsed until death of 90% of the virus (Figure
4.3) a difference of up to 24 hours (upper 95% credible interval) between scenarios was observed
in winter when minimum soil temperature was 10°C (Figure 11, Appendix 9.6.3.2). The greatest
difference between scenarios was seen in the probability that survival rates were greater than
0.01 24h after excretion (Figure 4.4). In short grass (low probability scenario), the probability that
more than 1% of the virus is left is almost zero all year long, except for winter where it is nearly
0.15. However, in long grass, (high probability scenario), it rarely falls to 0.5, and mostly stays

close to 1. But, survival rates are also likely to be lower than 10% of excreted virus.
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Figure 4.2: Simulated survival between two contrasting scenarios. Light gray ribbons show the upper and lower 95% credibility intervals.
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Figure 4.4: Probability that survival rates 24h after excretion are greater than 1%. Lines are the smoothed trend
and points are the probability estimates in time. Low = low grass/high canopy openness, High = high grass/low

canopy openness.

Microclimate temperature models

The microclimate minimum temperature model was the simplest because minimum temperature
in the soil is highly correlated with air minimum temperature. Of all explanatory variables, air
minimum temperature explained the most variance, followed by canopy openness. This model
had a DIC=35554.9 and R?=0.856. Despite this high correlation with air temperature, grass and
openness had small negative effects on ground level temperatures and removing these variables
increased the DIC (Table 2). Minimum temperatures in long grass tend to be less than one degree
higher than in short grass and low canopy openness, with P=0.25 of being higher. This temperature
difference between minimum temperature scenarios results in immediate shorter half-life in long

grass (Figure 12).
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Both variables had a positive effect on temperature variance. The posterior predictive checks

resulted in prediction rates of 47.64%. Structure of the final model:

Hsoilmin = & + frTempair,,,, + PoGrass + p30pen + Yproperty (4.3a)

Tempsoil,,;, ~ normal(isoir T - 1/(Grass + Open))

min?

Where Temp,i,,,;, is the minimum temperature recorded in the data logger, Temp,;,,,,,, is the

minimum air temperature and Grass and Open are the grass and canopy openness measurements.
Parameters that were estimated were « the intercept, subscripted f are the effects of each variable,
7 is the precision (inverse of variance) which was affected by grass length and canopy openness,
and y is the random effect per property.

Microclimate maximum temperature is more variable and consequently its model was more
complex, including two interaction terms, between Openness and Sunshine and Grass and Open-
ness. Its DIC = 68818.8 and R?=0.485 (0.479-0.487, 95% Cr.L). In this model, the variables that
explained more variance in decreasing order were Openness, the interaction between Grass
and Openness and Air maximum temperature. Both Grass and Openness on their own have
positive effects on temperature but their interaction has a negative effect (Table 3). The posterior

predictive checks show a 50.71% prediction. A timeline of predicted maximum and minimum

ground temperatures of Townsville is shown in Figure 11.

Hsoil oy =0 + P1Tempair,, . + PoGrass + f3O0pen + fySun
(4.4a)

+ BsOpen - Sun + BsGrass - Open + Yproperty

Tempsoilmax ~ normal(#soil 7 -1/(Grass + OPen))

max?’

Where Tempgoi is the recorded soil maximum temperature, Temp,i,,, . is the air max-

imum temperature from the meteorological station, and Sun is the hours of sunshine from the
meteorological station.
Maximum temperature in short grass was always higher than temperatures in long grass and

low canopy openness. The temperature difference between these scenarios was close to 20°C

(Figure 11).

Microclimate evaporation and humidity models

Microclimate humidity at minimum temperature was transformed to Absolute humidity for

analysis. Its final model included four explanatory variables, Grass, Openness, Absolute humidity
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of air and the interaction between Absolute humidity of air and Grass. Of these, the variable
explaining more deviance was Absolute humidity of air, followed by Grass. This model’s DIC=-
26623.1 and R?=0.755 (0.754-0.755). As determinants of microclimate absolute humidity, openness
and grass have negative and positive effects respectively, that is, higher openness decreases
absolute humidity and longer grass increases it. The interaction between grass and air absolute
humidity had a negative effect, probably due to the negative effect that grass has on temperature

(see above results on minimum temperature) (Table 4).

HH soilmar = & + P1AHqir,, . + P2Grass + p3Open + ByGrass - AHgir,,,,.. + Yproperty (4.5a)

AH, ~ normal(py soil T - 1/(Grass + Open))

Ollmax max’

Minimum microclimate humidity (humidity at maximum temperature) was modelled as po-
tential evaporation. This model was more complex than the model of maximum microclimate
humidity. It contained two interactions between Sunshine and Openness and between Grass and
Air potential evaporation. The variables explaining more deviance were the interaction between
Sunshine and Openness and Air temperature, which had a positive and negative effect respect-
ively (Table 5). The posterior predictive checks rendered 48.97% prediction, and the DIC=-3510.2,
R?=0.786.

2
.UEUGP SOilmin =a + ﬁlTempsoilmax + ﬁzEvap pOtairmin + ﬂSTempairmax
(4.6a)
+ BsSun - Open + BsGrass - Evap potair,,;,, + Yproperty

Evapsoil,,;,, ~ normal(igyap soil,ni,» T+ 1/(Grass + Open))

Evaporation, both at minimum and maximum temperature is consistently higher in short
grass/high openness compared with long grass/low openness (Figure 4.5). The probability that
evaporation is higher under short grass/high openness than evaporation in long grass/low open-

ness is ~1.

Virus survival model

The model converged with 10M iterations, and I obtained the following half-life (HL) estimates
for the experimental temperatures; HL,=2.64 h (0.28-7.44, 95% credibility intervals), HLj;= 0.52 h
(0.14-1.06), HL56=0.02 h (0.021-0.028, Figure 8). Response to each of the fitted temperatures and

the surface of the model are shown in Figure 9. I compared estimates of this fitted model with that
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Figure 4.5: Smoothed probability that evaporation occurs in two contrasting scenarios. Low = low grass/high
canopy openness, High = high grass/low canopy openness. Assuming that potential evaporation drives death by
desiccation, the occurrence of evaporation can be interpreted as probability that survival is lower than estimated

under the temperature conditions of the simulations.
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of Martin et al. (2015), and did not identify major differences. Although, when I fitted the model
using the first eight data points for each temperature, the half life estimates were noticeably lower
than those of Martin et al. (2015). As a result, I kept the model parameters estimated with the
first five data points (results not shown). The effect of removing those points has no effect on the
quality of analyses since the removed data points correspond to virus titrations at times that far
exceed the time used to evaluate survival here.

Temperature has an effect on both shape and rate parameters of the Weibull distribution,
and p respectively. These parameters control how decay changes with time (k) and how steep
decay is (p). In the case of HeV, both parameters are controlled by temperature. Given parameter
estimates, decay rate decreases with time (k < 1). The effect of temperature on this parameter
indicates that at higher temperatures, immediate rates of decay are higher. That is, at higher
temperatures, greater proportions of HeV die immediately after excretion because x(56) = 0.44

(0.21 - 1.02, 95% Cr. L), k(22) = 0.53 (0.3 — 0.89), and x(4) = 0.58 (0.36 — 0.83).

Discussion

Estimated survival rates of HeV were consistently higher in long grass and low openness compared
with short grass and high openness. Differences were consistent among all monitored thresholds,
survival 12h after excretion, time elapsed until death of 90% of the virus and probability that
survival rates were greater than 0.01 24h after excretion. Overall survival estimates based on
temperatures suggest that potential for accumulation is higher in long grass during winter and
evaporation increases this disparity all year round. These estimates, based on the most likely
temperature conditions experienced by HeV excreted in paddocks, can be used to make informed
decisions for active preventive management of HeV spillover in paddocks. Furthermore, the
microclimate temperature and humidity models can be used for improving understanding of
the effects of microclimates on the transmission of viruses and their environmental survival in
general.

Previous estimates of HeV survival predicted an ability to survive for much longer than 24 h,
suggesting great potential for accumulation if live HeV was excreted on successive days (Scanlan
et al., 2014), Here I demonstrate that under the real temperature conditions experienced by the
virus in the environment, survival for more than 24h is feasible under very specific circumstances;
long grass/low openness and no evaporation, although at much lower levels than the mentioned

study and likely at biologically insignificant levels. Studies of bat movements indicate that bats
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return to feed in the same tree on consecutive nights. Therefore, there is potential for an infected
bat to excrete virus repeatedly in the same tree for the length of its infectious period (Plowright
et al., 2015). However, the necessary temperature, humidity, grass length and canopy cover
conditions for significant virus accumulation over a period of days leading to an increase in
spillover risk might not generally present, although this could be different in subtropical wet

areas.

Based on the current knowledge of HeV survival capacity I cannot predict the exact evaporation
dependent rates of decay. I infer that decay should increase monotonically with potential evapor-
ation because Fogarty et al. (2008) calculated a 1200 times reduction of half-life between survival
with and without desiccation at 37°C and evaporation is temperature and humidity dependent
(Myatt et al., 2010; Zhao et al., 2012). Hence, the predicted survival rates at 12h shown in Figure 4.2
could decrease in a magnitude proportional to what is shown in Figure 12 (potential evaporation,
Appendix 9.6.3.2). The effect of humidity on survival and transmission seems to differ among
viruses. For instance, higher absolute humidity decreases influenza transmission and survival of
influenza in the air (Shaman and Kohn, 2009; Myatt et al., 2010), while Gumboro virus survival
increases with relative humidity (Zhao et al., 2012). Additional factors that can further decrease
HeV survival in microclimates are UV and dust (Chang et al., 1985; Kramer et al., 2006). To date,
the effects of UV on HeV have not been tested, but it is an effective germicide, and enveloped
viruses like HeV are usually highly sensitive to it (Chang et al., 1985). Furthermore, desiccation,
exposure to UV radiation and dust, are likely to change the HeV response to temperature, acceler-
ating the rate of decay in time through cumulative damage, a known phenomena in populations
of free living microorganisms (van Boekel, 2002). In support of this, some of the HeV survival
experiments of Fogarty et al. (2008), appear to show concave or convex non log-linear survival

responses between substrates.

Previous attempts to quantify HeV survival rates in microclimates assumed that soil temper-
atures were up to 5 degrees lower than air temperature (Scanlan et al., 2014), or broad scale
measurements of types of bare soil temperatures were used under different levels of shade (Martin
et al., 2015). None of these studies have used the specific conditions that occur where HeV is
excreted as I have done here. My results, not surprisingly, differ. On one hand I believe Scanlan
et al. (2014) overestimate survival, because their microclimatic conditions represent a better
survival scenario than air temperatures. On the other, Martin et al. (2015) underestimate survival

because some of the temperatures used correspond to bare soil, sand or rock, which represent the
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worst survival scenario. Our data suggests that HeV survival rates in most cases are probably

lower than under air temperatures and higher than estimated at bare soil temperature.

I used the models with macroclimatic data from other regions to predict microclimatic con-
ditions, however these predictions have not been validated. While temperature estimates seem
reasonable given our current knowledge, there are other complexities I did not account for. For
instance, sunshine hours is used to represent solar radiation, however radiation changes latitud-
inally, hence the effect of sunshine hours would be different farther south than in Townsville.
In addition, topographic shading can result in further microclimatic differences, even in areas
with similar macroclimatic conditions (Morecroft et al., 1998). These extrapolated predictions
generated from Brisbane and Cairns (Appendix 9.6.3.2, Figures 14 - 20), and the resulting survival
rates do not differ greatly from Townsville. These simulations show a similar pattern of lower
survival than with air temperatures and higher than bare soil (Martin et al., 2015). For the reasons
mentioned above, these simulations still need to be validated and their purpose is to show what

survival might be like.

Martin et al. (2015)’s conclusion that virus transmission is likely to follow relatively direct
routes is supported. This is because I found that evaporation and the consequent probability of
survival reduction are relatively high at all times. However, I found that virus survival under the
optimum microclimate temperature conditions experienced by HeV excreted in paddocks can be
as long as 20 h, assuming that a 99% decay is required to significantly reduce risk to horses. In
this case, 20h is certainly long enough for indirect contact to occur. Determining the length of
time for optimal survival for spillover depends mainly on the minimum infectious dose and the
amount of virus excreted by flying foxes. Consequently, indirect transmission during the night is
more likely because HeV loads are higher, and during the day evaporation and UV radiation will
very likely further increase temperature dependent decay, making virus transmission during the

day and virus accumulation on successive days of excretion even less probable.

The experimental data used here was generated under tightly controlled laboratory conditions.
What the data actually represents is the decay of a HeV population in EMEM culture medium
(Scanlan et al., 2014) under constant temperatures. The first step taken to run these simulations
was transforming the temperature into a function of time. I currently ignore how HeV actually
responds to varying temperatures over time; the cumulative damage of different temperatures
through time could result in different decay rates compared with constant temperatures. One

feature of the HeV survival data that indicates that decay under varying temperatures would be
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different is the lack of log-linearity. Log-linearity generally results from immediate response to
an external factor like temperature when is there is no effect of the time of exposure (Peleg et al.,
2005). In the case of HeV, its decay slows down with time. Consequently, there is an effect of the
time of exposure to temperature, and the only way to assess the effect of exposure to varying
temperatures is experimental validation.

The modification of the Weibull survival model with respect to Martin et al. (2015), resulted
in shorter half-life esti- mates, especially at 4 °C. However, when survival simulations were
performed, the difference between models given the range of termperatures used was negligible.
Similarly, Scanlan et al. (2015), argue that the recording error in Scanlan et al. (2014), had no
sensible effect on survival estimates due to the prevailing temperatures used in simulation of
HeV decay. However, as with any empirical model, extreme care should be taken when they are
used under conditions that are outside the range used to fit them. In sight of this I recommend
that when the microclimate temperature models are validated, thorough comparisons of model
predictions should also take place. Therefore the unvalidated nature of these studies should
also serve to guide future research (Restif et al., 2012) towards refining mitigation strategies and

incorporate into spillover risk meta-models.

Conclusions

I identified scenarios where small changes in conditions could lead to large changes in the
amount of virus available to horses. These changes are caused by long grass and low canopy
openness. Therefore, the reduction of pasture under trees can be an effective preventive strategy
for indirect HeV transmission. However, restricting access to trees during the night is likely to
reduce risk more effectively because transmission can be relatively direct. Further manipulation of
microclimates might involve increasing canopy openness when feasible to increase the radiation
that reaches the soil. These measures will likely reduce the probability that horses contact viable
viruses either by in- creasing the decay rate of the virus or reducing the likelihood of horses
feeding on Hendra virus contaminated areas of the paddock. I recommend that further research
focuses on validating the predictions I produced for the northern and southern extremes of the
distribution of HeV spillover, and that more accurate estimates of HeV survival in response to

evaporation are obtained under laboratory conditions.
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CHAPTER 5

Climatic suitability influences species specific abundance
patterns of Australian flying foxes and risk of Hendra virus

spillover

The first condition for spillover to occur is the presence of reservoir hosts (Chapter 2, Plowright
et al., 2015). Within the areas inhabited by reservoir hosts, HeV levels shed into the environment
vary according to their own dynamics in the reservoir host (i.e. prevalence and intensity of
infection), and how the reservoir hosts use the available space. Consequently spillover risk varies
in space alone due to the distributional pattern of the reservoir hosts. When I started this study it
was not known which of the four flying fox species that had been found with antibodies against

HeV were more likely to be involved in spillover.

Here I used two ecological concepts to find which Australian flying fox species were more likely
transmitting HeV to horses; the ecological niche and distance to the niche centroid of species. First
an ecological niche is the set of environmental conditions that allow an organism’s populations to
breed and persist, by means of its effects on the organism’s physiology (Soberon and Nakamura,
2009). The responses to each of the different environmental dimensions (temperature, rainfall
humidity, etc.) can be used to relate them to the organism’s geographic distribution. The process of
finding the responses to the environment and relating them to space is known as ecological niche
modelling (Owens et al., 2013). The resulting predicted geographical distributions depend mainly
on the nature of data and the statistical or mathematical method used to estimate the niches, and
its meaning is always subject to interpretation (Sober6on and Peterson, 2005). Ecologically, realised
distributions are the product of the intersection between the geographical space available for the

species to move (M), areas where interactions with other organisms allow its survival (B, from
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biotic) and geographical areas where its climatic characteristics (A, from abiotic) are tolerated by
the species (Soberon and Peterson, 2005). The interaction between these tree factors results in
realised distributions. However, including B, A and M is very difficult, especially B. Therefore,
distributions are usually estimated based on A sampled from M (the area where the species
selects its climatic niche) (Soberon and Peterson, 2005). This leads to distributional estimates
based on the occupied climatic niche, and are smaller than those entirely based only on climatic
tolerance (A), which is the fundamental niche. Such estimates are rarely met as only a subset of the
entire scope of a species’ climatic tolerances might exist, therefore estimates of the fundamental
niche are termed the existing fundamental niche (Townsend Peterson et al., 2011). Consequently,
distributional estimates sampled from A are intermediate estimates between the realised and the
potential distribution.

The niche centroid, is given by the arithmetic mean of each dimension occupied by the species,
and is regularly interpreted as the optimum set of conditions for the organism. Distance to this
centroid therefore represents similarity with the optimum and can be calculated with any distance
measuring method depending mainly on the correlation structure between the dimensions. This
measure in many cases is negatively correlated with the organism’s spatial abundance patterns
(Martinez-Meyer et al., 2013). T used the ecological niche concept to identify the areas where
the four flying fox species can survive, breed and persist (Hutchinson, 1957), and the distance to
the niche centroid to find how population density of each flying fox species varied within their
distributional areas (Martinez-Meyer et al., 2013).

Thanks to this study, there is today compelling statistical (Smith et al., 2014), epidemiologic
(Edson et al., 2015) and ecological evidence (this study) to narrow down the main reservoir hosts
of HeV to two of the four flying fox species, black and spectacled flying foxes, despite the frequent
findings of HeV infection in all four species.

Below I describe the methods that I used to predict the potential distribution of the four flying
fox species and how I modelled their abundance within these geographical distributions. Finally I
describe how I related these large scale processes driving flying fox abundance in the landscape
to HeV spillover.

This chapter has already been published as (Martin et al., 2016):

« Gerardo Martin, Carlos Yanez-Arenas, Billie J. Roberts, Carla Chen, Raina K. Plowright, Rebecca J.
Webb, and Lee F. Skerratt. Climatic suitability influences species specific abundance patterns of

Australian flying foxes and risk of Hendra virus spillover. One Health, 2:115-121, 2016. ISSN
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23527714. doi: 10.1016/j.0nehlt.2016.07.004. URL http://dx.doi.org/10.1016/j.onehlt.
2016.07.004

ABSTRACT

Hendra virus is a paramyxovirus of Australian flying fox bats. It was first detected
in August 1994, after the death of 20 horses and one human. Since then its spillover has
occurred regularly within a portion of the geographical distribution of all Australian
flying fox (fruit bat) species. There is, however, little understanding about which species
are most likely responsible for spillover, or why spillover does not occur in other areas
occupied by reservoir and spillover hosts. Using ecological niche models of the four
flying fox species I was able to identify which species are most likely linked to spillover
events using the concept of distance to the niche centroid of each species. With this
novel approach I found that 20 out of 27 events occur disproportionately closer to the
niche centroid of two species (P. alecto and P. conspicillatus). With linear regressions
I found a negative relationship between distance to the niche centroid and abundance
of these two species. Thus, I suggest that the bioclimatic niche of these two species are
likely driving the spatial pattern of spillover of Hendra virus into horses and ultimately

humans.

Introduction

Spillover of wildlife pathogens is a recurrent and often unpredictable phenomenon with important
consequences for human and domestic animal health. Bats (Mammalia: Chiroptera) have been
focus of considerable attention for their seemingly disproportionate diversity of viruses that are
pathogenic to other mammal orders (Calisher et al., 2006). A few well known bat borne zoonotic
viral diseases include Ebola, Marburg virus disease and SARS (Leroy et al., 2005; Swanepoel et al.,
2007; Wang and Eaton, 2007). Despite their importance, spillover of these viral diseases is difficult
to predict (Peterson, 2007; Peterson et al., 2004; Peterson, 2006; Pigott et al., 2014), partly due to the
poor understanding of the viruses in their specific reservoir hosts and the ecological interaction
of these hosts with the spillover hosts.

The abundance of reservoir hosts is an important determinant of the risk of pathogen spillover
as it is a key driver of pathogen prevalence and disease transmission (Anderson and May, 1992;
Keeling and Rohani, 2007). Spatial patterns of species abundance can be influenced by the climatic

characteristics of the geographic areas inhabited by species (Martinez-Meyer et al., 2013). At the
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very least, climate can predict where abundance is more likely to be higher (VanDerWal et al.,

2009).

Ecological niche modelling (ENM) is a field of ecology that studies the environmental require-
ments of species. By using spatially referenced environmental and climatic data ENM is frequently
used to identify geographic areas where species can survive and persist (Soberon and Nakamura,
2009; Owens et al., 2013). The abundance patterns of species within the predicted geographic
ranges are often related to its location within the ecological and climatic niche (Martinez-Meyer
et al., 2013). The different locations within climatic niches can be estimated by finding its mul-
tivariate centroid, which is formed by the mean of each environmental/climatic dimension of the
niche. For instance the average of the maximum temperature or rainfall of wettest season across
a species geographical range might represent a bi-variate niche centroid. Departures from the
centroid in any direction are measured as environmental distance from the niche centroid (DNC).
Consequently the DNC of reservoir host species could be used to better understand and predict

the risk of spillover of emerging zoonotic pathogens.

One of these emerging zoonoses is HeV, belonging to the genus Henipavirus (Paramyxoviridae).
It was discovered in Australia in 1994 after a respiratory disease outbreak involving the death of
20 horses and one human (Murray et al., 1995b). Hendra virus has been found to naturally infect
the four Australian fruit bat species (genus Pteropus, also known as flying foxes, FF)2, the black
flying fox, P. alecto; grey headed flying fox, P. poliocephalus; spectacled flying fox, P. conspicillatus,
and the little red flying fox, P. scapulatus (Halpin et al., 2011). To date, infection in horses is rare
and sporadic. Fifty-one spillover events have been recorded since September 1994, spanning
nearly 1500 km of the east coast of Australia. The case fatality rates in horses and humans are

approximately 75 and 50%, respectively (Geisbert et al., 2012).

Recent analyses suggest that black (P. alecto, BFF) and spectacled FF (P. conspicillatus, SFF) are
more likely to be responsible for the HeV spillover events. This is based on the observation that
the density of records of these two species is higher in areas where spillover has occurred (Field
et al,, 2011; Smith et al., 2014), and that HeV is more likely to be detected in these species (Edson

et al., 2015; Goldspink et al., 2015).

Spillover events seem to be progressively expanding south, coinciding with the southwards
expansion of P. alecto during the last few decades (Roberts et al., 2012). Although these correlations
are statistically significant, an ecological explanation is still missing. This is because the rate

of expansion of the BFF is faster than the rate of observed climate change (Roberts et al., 2012).
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Despite the apparent lack of association, it is well known that FF have limited thermal tolerance
that differs among the four Australian species. The different tolerance to environmental factors
indicates that their fundamental niche is a key component of their realised distribution, making
climate an important factor limiting their geographic distribution (Welbergen, 2008; Kearney
and Porter, 2009). For instance, the range of overlap between the range of preferred rainfall
levels results in the occasional overlap of P. poliocephalus and P. conspicillatus in the northern and
southern limits of their respective known distributions (Parsons et al., 2010). Therefore it is unclear
if the southwards increase of spillover is the result of the expanding range of P. alecto driven
by climate of areas that could already be suitable for this species, or confounded by improved
reporting and surveillance after the first New South Wales spillover case was detected in 2006
(McFarlane et al., 2011). One way to address the uncertain role of the four FF species is to look at

the ecological suitability of spillover sites for each of the four potential reservoir host species.

One of the key determinants of ecological suitability for FF are their preferred food resources,
which are dependent on climate. For example, the flowering status of several Eucalyptus species,
the main food source for FF, is determined by climatic factors (Hudson et al., 2010). In addition,
the spillover pathway of Hendra virus from FF to horses is directly linked to FF food resources, as
transmission appears to be due to FF shedding virus in trees inside horse paddocks while foraging
(Martin et al., 2015; Plowright et al., 2015). This provides an ecological basis for investigating the
spatial suitability and abundance patterns of FF in relation to climate with correlative methods.

Moreover,

Three previous studies have modelled the distribution of henipaviruses, first Peterson (2013)
sought to identify conditions that allow transmission and persistence of Nipah virus (NiV) among
hosts. Second, Daszak et al. (2013) modelled the present and future potential distributions of
Henipavirus hosts; and, Smith et al. (2014) identified geographical correlates of HeV spillover.
Other studies of bat borne zoonotic viruses have focused strictly on finding geographic areas of
risk to human populations (e.g., Pigott et al., 2014, 2015). In this study I modelled the climatic
requirements of HeV reservoir hosts. The models were then used to establish a relationship
between suitability for FF and risk of HeV spillover based on the observed geography of spillover.
Our results provide further evidence of the association of FF species with HeV spillover and

potential drivers of the spatial pattern of spillover.
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Methods

Predictions from niche models are a series of smoothed surfaces in the form of maps whose
accuracy depends largely on the input explanatory environmental variables and their accuracy
(Peterson, 2006; Owens et al., 2013). Correlative niche modelling relies on statistical relationships
between environmental characteristics and geographical records of species presence (Phillips
et al., 2006). In many cases reliable records of species absence are not available which has led
to the development of algorithms that use presence only data, like Maxent (Phillips et al., 2006).
Similarly, validation techniques have been adapted to this kind of presence only data. For example
some model testing methods use the proportion of the study area predicted to be occupied by the
species and the proportion of predicted presences; like the Partial ROC and Jacknife test (Peterson
et al., 2008; Pearson et al., 2006). These methods compare prediction rates of the model on testing
data by comparing prediction rates with a random spatial predictor (proportion of area predicted
to be occupied). Maxent is a machine learning algorithm based on maximum entropy, that is
similar to a Poisson regression (Renner and Warton, 2013), but has a logistic-like output and is
capable of fitting non-linear relationships. The result is a series of response functions that provide
an estimate of probability of species presence in relation to the assumed proportion of grid cells
occupied by the species (Elith and Leathwick, 2009). Below I describe the methods I used to select
the variables to model the niche of each FF species, validate the models and calculate the DNC of
FF species of all pixels across the area where HeV spills over to horses and determine its relation

to HeV spillover.

Niches of flying foxes

I obtained flying fox presence localities from the global biodiversity information facility database’,
the Atlas of Living Australia? and Roberts et al. (2012). The three databases were combined to
maximise the number of records. Then I used an iterative method to eliminate localities within a
pre-specified threshold distance to reduce spatial autocorrelation (Veloz, 2009; Elith and Leathwick,
2009), . This method first calculates the distance between pairs of points and identifies the pair
that is closest. Then it eliminates the first point of the pair in the database, and the process is
repeated until all remaining points are farther from each other than the specified threshold. The

criterion to select the threshold distance was the maximisation of the model’s performance on

http://www.gbif.org
2nttp://www.ala.org.au
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independent data, therefore I tried thresholds from 0.1-1 °. The filtered presence localities were
then used to sample climatic raster data from the Worldclim® bioclimatic variables (Hijmans et al.,
2005). In addition, points that were dubious or very far from the known distributional limits were
removed, because niche models should only contain records of localities that are suitable for the
species to breed and persist. Therefore, because the finding of individuals of highly mobile and
abundant species, like flying foxes, very far from their known breeding habitat is not uncommon
(Elith and Leathwick, 2009). For instance, the P. poliocephalus dataset, had presence records
in New Zealand, which beyond any doubt has not had a strong effect on this species’ recent
evolution. For each bat species I selected a set of layers based on pairwise correlations between
climatic variables and how the presence points were distributed within each plot of variable
pairs (Owens et al.,, 2013). I sought to include the variables where presences had a unimodal
distribution and occupied a limited range within the scope of possible values of the variable. These
type of presence/background relationships result in model responses that are more adequate for
climate change predictions, because models are less likely to misbehave when facing extraneous
conditions in the prediction data ((Owens et al., 2013), I used these change predictions in Chapter
7).

To validate models by means of measuring its performance on independent data I selected
training and testing data spatially. With this step I minimised the chances of testing the model
with data that is spatially autocorrelated with the training data, which tends to inflate model
performance (Veloz, 2009). To do so I created a chess board grid with squares of 40,000 km?
approximately, and 200 km wide horizontal and vertical bands (along longitude and latitude,
Appendix 9.6.3.2 Figure 21). I used points lying within contiguous bands or squares for training
and testing with a partial ROC analysis (Peterson et al., 2008; Barve, 2008). Given that I did not
verify flying fox occurrence records for accuracy I allowed a 50% omission rate of testing points
for the partial ROC analysis. Because the final data set for P. conspicillatus contained less than 30
occurrence records, I validated this model with a Jacknife test (Pearson et al., 2006). For the Jacknife
test I calibrated N — 1 models (N=number of presence localities), leaving one of the presence
localities out in each model run. Then from the scores assigned by the algorithm to each locality I
used the minimum of these values as a threshold to see if the omitted locality had been predicted
as present (had a probability of occurrence > threshold). The predictions/non-predictions and

thresholds were used as probabilities to run the validation test with the “pValueCompute” tool

Shttp://www.worldclim.org
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from Pearson et al. (2006).

Because niche models should only encompass the areas where species can move (areas colon-
isable by species = M [Movement]) (Soberén and Peterson, 2005; Barve et al., 2011), I assumed
that the climatic regions of Australia (Bureau of Meteorology of Australia *) occupied by each FF
species are the boundaries of the areas accessible to colonise. A practical justification for this step
is that the absence of sensible limits to the area used for model projection can inflate validation
statistics by means of comparing the models’ predictions with areas that have little value for
the species’ persistence (Barve et al., 2011). The same assumption helped identify the HeV M
area. All climatic regions containing at least one presence point of the final presence database
were combined to mask the climatic variables for each species. All the FF niche models were
generated with Maxent without clamping and extrapolation (Phillips et al., 2006). To generate
the binary models necessary for the subsequent analyses I applied a threshold corresponding to
the 50°" percentile of model scores at presence localities, which represents the same criterion
used in model testing. The resulting binary maps represent areas where each FF species has a
probability < 0.5 of being present. All models and analyses were performed with the statistical
programming language R 3.1.1 (R Core Team, 2016) with package dismo and raster (Hijmans et al.,
2013; Hijmans, 2013).

Proximity of HeV spillover events to the centroid of flying foxes

To calculate the centroid I extracted the variables’ values contained within each of the FF predicted
distributions that overlap with the HeV spillover M area (Martinez-Meyer et al., 2013). The centroid
of all the climatic dimensions is found with the arithmetic mean of each variable. Then I calculated
the Mahalanobis distance (Euclidean times covariance matrix, to correct for variable’s correlations)
from each pixel within the HeV M area to the centroid of each bat species. In other words, the
centroid was obtained with the climatic data after I removed the FF areas that do not overlap with
the HeV M area. In doing this I assumed that FF have multiple centroids and that the centroids
within the HeV M area are independent from the centroids from the areas that were not included.
This assumption was based on other climatic envelope modelling algorithms that assume that all
presence localities represent optimal conditions (Farber and Kadmon, 2003; Busby, 1991). Finally I
extracted the resulting distances to each FF species’ centroid at the location of spillover events.

To avoid comparing DNC at different scales, distances to FF species centroids were calculated

4http://www.bom.gov.au
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using the same set of climatic variables selected with the procedure described in the previous
section using the HeV presence records.

To confirm that distances to the niche centroid at the location of spillover differed between the
four bat species I performed a Kruskal-Wallis test. To assess if the frequency of occurrence within
each of the calculated centroid distances departed from random expectations I identified which
FF species centroid was closer to each spillover location. To calculate the expected frequencies,
the maximum value from all these minimum DNC scores was used as a threshold to calculate the
proportion of pixels occupied by each FF species within an equal or smaller distance to the centroid.
With these values I calculated the probability of finding each species using the proportion of
pixels predicting its presence with respect to the total number of pixels occupied by all FF species.
These probabilities were used as the expected frequencies of any species’ DNC being lowest in
the location of spillover. I used a chi squared test to compare expected and observed frequencies
(number of times each species had the minimum DNC at the location of spillover). I assumed that
all spillover localities were independent from each other after filtering for spatial autocorrelation
of spillover events. The independence assumption might not be true, however after using the
distance threshold of 0.5° I was left with 27 presence records, and I did not want to lose any more
statistical power.

Finally to determine if the selected FF species occur at higher densities in areas closer to the
niche centroid, I registered the coordinates and all the abundance categories for each flying fox
roost site (camp) in the National FF monitoring program of Australia® using the interactive FF
web viewer. Then I performed linear regressions between the average abundance category, the
maximum category for each camp and the standard deviation. Additionally I performed a kernel
density estimation weighted by the maximum abundance category for each camp. I then ran a

correlation test between these density models and the DNC models.

Results

I was able to calibrate at least one model that performed better than random (Appendix 9.6.3.2
Table 7) for each FF species (Figure 5.1). Although the model for P. conspicillatus could only be
validated with the Jacknife test, it also performed better than random. Variables describing niches
differed across species and are listed in Appendix 9.6.3.2 tables 6 and 9. As for the DNC models,

I found that sixteen out of 27 HeV spillover events that remained in the data set after filtering

Shttp://www.environment.gov.au/node/16393
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were closer to the niche centroid of P. alecto than to the centroid of the other three species. In
7 events, the distance was smaller to the centroid of P. scapulatus, and for the remaining four
events, the distance was smaller to the centroid of P. conspicillatus. The DNC at spillover sites
were significantly different among species (one way Kruskal-Wallis, x*=43.31, d.f.=3, P=2.11x10"";

Figures 5.2 and 5.3), indicating that some species are more likely involved in spillover.

Table 5.1: Relationship between distance to the niche centroid and size categories of flying fox camps. The
categories used were: 1 (1 - 499), 2 (500 - 4,999), 3 (5000 - 9,999), 4 (10,000 - 19,999), 5 (20,000 - 49,999)
and 6 (>50,000). Average is the average camp size, Max is the maximum camp size and S.D is the standard

deviation of camp size.

P. alecto P. conspicillatus

Average = 0.37 — 0.15 X DNC | Average = 1.13 - 0.22 X DNC

R? =0.03,P = 0.01 R? =0.09,P =0.2
Max = 0.94 — 0.15 x DNC Max = 1.12 — 0.05 x DNC
R? =0.08,P < 0.05 R? =0.06,P = 0.7

S.D. =0.87 - 0.11 X DNC S.D. =1.10-0.013 x DNC

R? =0.05,P < 0.05 R>~0,P=0.9
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Figure 5.1: Maps of predicted potential distributions of the four Australian flying foxes. Dark blue indicates areas where each species has at least a 0.5 probability of being present.

Grey shaded areas correspond to the available geographic space for each species (M areas)



Figure 5.2: Box plots of the Mahalanobis distance to the centroid of each species from the locations of spillover

events.

Because most of the events (16/27) have occurred closer to the niche centroid of P. alecto, 1
tested this association with the chi squared test which was highly significant (x?=49.9, d.f.=3,
P=8.09x107'"). The probability of randomly selecting a pixel with conditions suitable for P. alecto,
P. conspicillatus and P. scapulatus in the geographic space of the HeV M area was 0.26, 0.016 and
0.61, respectively . The linear regressions confirm a decreasing trend of abundance with DNC
only for P. alecto especially the maximum camp size (Table 5.1). Similarly the correlation between
weighted density of P. alecto and P. conspicillatus and DNC were -0.28 (P <0.05) and -0.39 (P <0.05)

respectively (Figure 5.4).
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Figure 5.3: Map of distance categories to the niche centroid of P alecto and P. conspicillatus and spillover events. According to the distribution of distance to niche centroid

categories and hence abundance in space of flying foxes, spillover events have occurred closer to these two species compared with P poliocephalus and P. scapulatus.



Figure 5.4: Scatter plot between weighted density and distance to niche centroid of P alecto and P, conspicillatus.
Despite the lack of a significant relationship between P, conspicillatus and the abundance categories in Table 5.1,
there is a significant negative correlation between distance to niche centroid (DNC in the figure) and weighted

density.

Discussion

The climatic characteristics of HeV spillover locations are similar to the conditions suitable for
P. alecto and P. conspicillatus. In areas where conditions permit the presence of other species,
spillover events have occurred mostly in areas closer to the centroid of P. alecto. Density of P.
alecto and P. conspicillatus records are higher in areas where spillover to horses has occurred,
suggesting these species were more likely to be responsible for spillover than P. poliocephalus
and P. scapulatus (Smith et al.,, 2014). None of the events occurred closer to the centroid of P.
poliocephalus than to the centroid of other species, and the presence of spillover closer to seven

out of 27 events to the niche of P. scapulatus is possibly because it has the widest distribution of all
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FF species. Hence, the majority of the Hendra M area was suitable for them. Pteropus scapulatus
are highly mobile and unpredictable, they are nectarivorous and thus rely strictly on flowering
trees (Plowright et al., 2008; Vardon et al., 2001). HeV antibodies are distributed throughout P.
scapulatus populations (Plowright et al., 2008). Yet, no spillover events have been reported in
areas where P. scapulatus is the only species present, and P. alecto has been consistently found
in proximity to spillover events (Field et al., 2011). Nevertheless, their intermittently combined

densities have important implications for spillover (Field et al., 2011; Smith et al., 2014).

An important feature of HeV spillover is the timing of events. Spillover tends to cluster in
space and time, most events usually occur in winter in the southernmost part of the distribution
of P. alecto. The reasons for this are still unknown, and are probably multifactorial ((Plowright
et al.,, 2015). Given the movement patterns of P. poliocephalus, it is possible that they play a role
in spillover because they tend to move towards the northern areas of their distribution during the
southern hemisphere winter (Eby, 1991), which will create higher concentrations of FF in areas

highly suitable for P. alecto according to our models.

To confirm the climatic suitability-abundance correlation for FF I was able to demonstrate a
negative relationship between DNC and maximum abundance of FF. Furthermore, the negative
relationship between the standard deviation of the camp size and DNC provides more support;
meaning that the higher the DNC the smaller and less variable with respect to maximum size
the camp sizes tend to be through time. In the case of P. conspicillatus, the regressions were not
significant, however the significant negative correlation between the weighted kernel density
model and DNC suggests that the relationship is negative (Figure 5.4). Our results show stronger
relationships between climatic suitability and maximum size of populations (number of FF in
camp sites), a phenomenon observed in several different species (VanDerWal et al., 2009). This
indicates that the areas closest to the smaller DNC have greater potential to harbour either large
or several FF camps, and hence timing of such densities might be a key determinant of risk of

spillover.

Throughout this study I made two key assumptions: 1) FF do not have a single range-wide
DNC that influences abundance patterns, but multiple independent DNCs; and 2) that spillover
cases used in analyses are independent from each other and from the FF camp records used to
train the models. The assumption of local DNC independence from a range-wide DNC is based on
similar assumptions made by some modeling algorithms. For example, the Mahalanobis distance

algorithm (Farber and Kadmon, 2003) and BIOCLIM (Busby, 1991) assume that all localities used in
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model training are as suitable as is the niche centroid. The second assumption appears reasonable

given that spillover events appear to be independent of one another and FF localities.

There are obvious limitations in our methods. First, climatic data used by our niche models are
averages over space and time rather than the specific conditions that occur at the time and place
of a spillover event. Second, presence records of FF mostly reference the location of bat roosting
sites, whereas HeV spillovers usually occur where FF forage. Therefore, there is a spatial lag
between the areas chosen by FF to camp and the areas where HeV is transmitted to horses. These
areas could well be outside of the preferred conditions by P. alecto to establish a colony (Vardon
et al., 2001) but within the preferences of other FF species that could be present. Despite this
shortcoming, the aim of the study is to identify where climatic characteristics allow the presence
of larger flying fox populations. Given the methods I used, I do not aim to understand small
scale interactions such as choosing to camp in a specific tree and forage in another (Soberon and
Nakamura, 2009). A clear example of the implications of climate on persistence of species are the
heat waves that exceed the limits of the temperature tolerance of FF (Kearney and Porter, 2009;
Welbergen, 2008). For example, P. scapulatus has lower evaporation rates and higher thermal
tolerance than P. alecto and P. poliocephalus, which explains its wider distribution into drier and
warmer areas (Vardon et al., 2001, Figure 5.1). These relationships represent the ecological scale of
organisation on which our results should be interpreted (Soberon and Peterson, 2005). Therefore,
the DNC models do not represent areas where FF are constantly more abundant, but are areas
with certain climatic characteristics that have greater potential to harbour larger populations
given the temperature tolerance and preference of the species and its food resources (VanDerWal

et al., 2009).

The relationships between climatic suitability and abundance are typically weak as I found
here. Additional factors contribute to abundance patterns such as geographical barriers, biotic
interactions and ecological changes (Martinez-Meyer et al., 2013; VanDerWal et al., 2009). In the
specific case of FFs, density is affected by the presence of food resources (biotic interactions) that
can be spatio-temporally sporadic (Eby, 1991). In addition, sampling bias can greatly affect the
strength of the DNC-abundance relationship. In particular, the timing of a census is important
for highly mobile and gregarious species. We suspect that the DNC-abundance relationship
was altered by the increasing width of the abundance categories in the national FF monitoring
program. The higher the category reported the broader the difference between the upper and

lower limits. However, the non-random distribution of spillover among FF niches suggests there is
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a strong relationship between spillover and P. alecto and P. conspicillatus numbers and/or presence.
Further analyses of habitat suitability and abundance should be performed with raw values of FF
abundance that better account for variability than categories of abundance.

Our modelling suggests that there is a bioclimatic effect driving the spatial patterns of P. alecto
and P. conspicillatus abundance. The location of urban settlements in geographical proximity to
the niche centroid of P. alecto may contribute to urban habituation of this species. Our models
can be used for guiding future research, to address key questions in understanding the dynamics
of spillover. The effect that climatic variations in areas close to the niche centroid have on HeV
dynamics and FF population levels could be investigated to better understand the risk of HeV

spillover to horses.

Conclusions

According to the DNC analyses, P. alecto and P. conspicillatus are more likely to have been present
in proximity to spillover events and therefore responsible for transmission of HeV to horses. Our
results indicate that the bioclimatic suitability for P. scapulatus is very high in almost 25% of HeV

spillover events, which requires further investigation.
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CHAPTER 6

Spatiotemporal patterns of Hendra virus spillover risk: dis-

tribution and climatic correlates

In Martin et al. (2016) (Chapter 5) I investigated the effects of climate in determining which species
are more relevant for HeV spillover to horses. The spatial variability of flying fox carrying capacity
was explained partly by the distance to their niche centroids. HeV spillover risk within these
areas varies across time. The biological mechanisms and climatic drivers behind this phenomenon
are still unknown. Consequently, better understanding of the factors that influence the spatio-
temporal spillover pattern would result in improved predictability, prevention and risk mitigation.

In this chapter I developed a statistical model that reproduced the spatio-temporal pattern of
HeV spillover risk, within the areas where reservoir hosts are present. Compared with Chapter 5,
this study specifically uses the spatial location of spillover events to create a distribution model in
response to monthly climatic conditions.

With these analyses I identified the climatic factors that correlate with spillover risk variab-
ility between months, and provided insights to the biological mechanism that drives spillover
seasonality.

The analytical methods that I used were a combination of machine learning, frequentist statistics,
and geospatial modelling.

This chapter is in review in EcoHealth, submitted 27 July 2016 (Martin et al., b in-review):

« Gerardo Martin, Carlos Yanez-Arenas, Carla Chen, Raina K Plowright, Billie ] Roberts, and Lee F

Skerratt. Seasonal spillover of Hendra virus: distribution and climatic dirvers. EcoHealth, b

ABSTRACT
Understanding the climatic and environmental factors driving spatiotemporal pat-

terns of disease can improve our ability to anticipate and mitigate the risk that disease
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poses to populations. Hendra virus (HeV) was first described in Australia in 1994, after
it spilled-over to horses and thence to humans from its bat reservoirs (Pteropus sp.).
Events of HeV transmission from bats to horses so far occur during winter below latit-
ude 22°south but is aseasonal north of this latitude. I generated a consensus statistical
model of climatic and environmental drivers of HeV spillover per month. The model
reproduced the spatiotemporal pattern of spillover risk seen from 1994 until 2015. The
statistical model was generated with an ensemble of methods designed for presence-
absence data including boosted regression trees, random forests and logistic regression.
Spillover presence per spatial unit (2.7 X 2.7km pixels) was obtained with the spillover
database of Biosecurity Queensland and absences were sampled with a horse census of
Queensland and New South Wales. The most influential climatic factors were related to
the seasonal amplitude of minimum temperature and rainfall. The bimodal responses
to several variables included in the model suggest spillover involves two systems above
and below latitude 22°south. The southern system could be driven by P. alecto and the
northern by P. alecto and P. conspicillatus. I recommend enhanced preventive man-
agement for horses from Mar-Nov below latitude 22°south. Future research should look
for immune and behavioural differences in response to food shortage in bats and horses

in the two latitudinal regions.

Introduction

Infectious diseases have temporal patterns of incidence, some of which might present as seasonal
cycles (Fisman, 2007). However, incidence can also vary over space, resulting in spatiotemporal
patterns (Ostfeld et al., 2005). These patterns have mostly been studied in single host-single
pathogen systems, except for vector borne diseases (Ostfeld et al., 2005; Bacaér and Guernaoui,
2006; Altizer et al., 2006). The biological mechanisms regulating spatiotemporal patterns of
incidence can result from interactions between the host, pathogen and climate (Dowell, 2001;
Sultan et al., 2005; Fisman, 2007). Then, a typical consequence is the climatic regulation of incidence
cycles that can result in longer and larger outbreaks when environmental conditions are more
suitable for disease (eg. cholera, dengue and influenza) (Pascual and Dobson, 2005; Sultan et al.,
2005; Grassly and Fraser, 2006; Cuong et al., 2013).

Spillover is a special case of disease incidence with spatiotemporal patterns involving several

host species that has received little attention (Lo Iacono et al., 2016). It is generally regarded as the
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transmission of a parasite from a reservoir host to a non-definitive host, either wild, domestic or
human (Daszak, 2000). For spillover to occur and result in a diseased individual, several ecological
processes at different scales of organisation need to converge (e.g. pathogen survival in the
environment, presence of infectious reservoirs and presence and susceptibility of spillover hosts)
(Estrada-Pena et al., 2014; Plowright et al., 2015). For this reason climate could be an overarching
driver of spillover risk. Therefore, the climatic factors associated with spatiotemporal patterns of
spillover might be used for risk prediction, mitigation and for guidance of further research. One

of such diseases, is the bat borne Hendra virus (HeV) in Australia (Plowright et al., 2015).

Hendra virus is a Paramyxovirus, genus Henipavirus, first detected to infect and cause disease
in horses and humans in 1994 (Murray et al., 1995b). In its spillover hosts, HeV causes severe
respiratory and nervous system illness with mortality rates of 50% in horses and 75% in humans.
Although the latter is uncertain given that there have only been seven cases since emergence.
The four Australian flying fox bat species (Pteropus alecto, P. conspicillatus, P. poliocephalus and
P. scapulatus) are the only wild animals that have been found with antibodies (Halpin and Field,
1996). Of the four bat species, P. alecto (black flying foxes) and P. conspicillatus (spectacled flying
foxes) are the natural reservoir host and more likely to transmit HeV to horses. Firstly, because
these species are statistically associated with the spatial pattern of spillover (Smith et al., 2014);
secondly they are the only bat species where the virus has been isolated (Edson et al., 2015); and
thirdly, spillover events consistently occur in the geographical areas that are climatically more
suitable for these two bat species (Martin et al., 2016). These areas are the northern wet tropics
inhabited primarily by P. conspicillatus and to a lesser degree by P. alecto, and from the dry tropics
to the temperate wet forests of central New South Wales inhabited by P. alecto (Martin et al., 2016).
None of the bat species develop or show signs of disease as a result of HeV infection (Williamson

et al., 1998, 2000).

During the time frame since emergence, and particularly after a large cluster of spillover events,
a spatio-temporal pattern of spillover became evident. HeV is transmitted to horses in eastern
Australia, during the southern hemisphere winter between May and September below latitude
22° south (34 out of 55 spillover events). Above this line transmission has been recorded in all

seasons (the remaining 21 events) (McFarlane et al., 2011; Plowright et al., 2015).

Several environmental factors could be related to the spatio-temporal patterns of spillover. Bats
feed exclusively on nectar and fruit of native and introduced plants (Richards, 1990; Palmer et al.,

2000). Nectar production by native Eucalyptus spp. trees depends on present and past climate
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(Hudson et al., 2010), and the pulses of nectar production regulate the number of bats present
in certain geographical areas (Giles et al., 2016); nutritional stress that could result in increased
susceptibility to diseases in general (Eby, 1991) and to HeV infection in particular (Plowright et al.,
2008) driven by low plant production, which is characteristic of winter seasons in subtropical
areas (McFarlane et al., 2011). The temporal dynamics of food for bats in horse paddocks might
also align with these climatically driven pulses of nectar production that occur at larger spatial
scales. Climate also influences the geographical distribution and density of bats over the longer
term (Martin et al., 2016). All of the ecological interactions between bats, climate and plants could
have direct consequences on the dynamics of HeV in bats (Plowright et al., 2011, 2015, 2016).
However it is is still unclear which climatic factors and biological mechanisms could regulate the
observed seasonal pulses of HeV excretion and spillover risk (Field et al., 2015a; Plowright et al.,

2015).

Transmission from bats to horses is thought to occur by contact with infectious bat excreta or
possibly ingestion of urine contaminated feed in the environment (Edson et al., 2015; Plowright
et al., 2015; Martin et al., 2015). Because the cumulative number of spillover events matched the
seasonal survival pattern of HeV in the environment, spillover seasonality was thought to be
caused by increased environmental survival of HeV (Scanlan et al., 2014). However an analysis of
the spillover events in space and time found that HeV spillover did not occur when and where
survival was higher (Martin et al., 2015, 2017, Chapters 3 and 4). These results suggest that long
time to inactivation is not necessary for transmission and that spillover seasonality is unlikely to

be caused only by increased in environmental survival.

A common approach to investigate disease seasonality consists of regression procedures to
identify statistically significant correlations between disease incidence and an environmental or
climatic factor. These associations between disease incidence and climate are often weak and
relatively uninformative about the underlying mechanisms driving seasonality (Dowell, 2001;
Pascual and Dobson, 2005). Therefore, I used alternative methods to account for other factors
necessary for transmission and identify climatic correlates of HeV spillover risk. I investigated
the spatiotemporal pattern of HeV incidence in horses in a niche modelling framework to identify
environmental requirements for spillover occurrence in space and time with an ensemble of
presence-absence methods (Marmion et al., 2009). To identify the requirements or climatic
correlates I aimed to reproduce the observed spatiotemporal pattern of HeV spillover with a

consensus statistical model. In the model I included the presence and abundance of bats and
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horses which are key determinants of HeV spillover dynamics.

Methods

I developed a model that reproduced the monthly distribution of HeV spillover risk using presence-
absence (case-non case) per spatial unit (raster pixels) data. Presences (cases or HeV events as
they are generally called) represent approximately 2.7 X 2.7 km pixels where there have been
laboratory confirmed cases of clinically ill horses with HeV, and absences (non cases) are the
pixels where no HeV cases have been reported during the month of spillover, but are at risk of
spillover given the presence of bats. Environmental data of the month and year of each spillover
event was extracted from raster layers using the longitude and latitude coordinates of the events
using the database maintained by Biosecurity Queensland. Absences were sampled within a series
of minimum and maximum distances from the source spillover event using the coordinates of
the centroid of horse paddocks from the horse census of Queensland and New South Wales of
2007 (Moloney, 2011). The extracted data was used to fit three models with different regression
methods that were combined to generate a consensus model. The entire process is described in

greater detail below.

Extracting data

Prior to extracting the environmental data, I thinned the dataset with the coordinates of the
spillover events to reduce spatial autocorrelation from 55 spillover events to 42 (Hijmans, 2012). I
used a recursive filtering algorithm based on a physical distance threshold of 0.05° between points
(same method described in Chapter 5). This was necessary because point data and environmental
rasters have a strong spatial dependence even more so in the presence of sampling bias which
might be true for HeV spillover (Smith et al., 2016). Besides, autocorrelated datasets compromise
the assessment of a model’s performance on independent data (Veloz, 2009), and violate the
assumption of independence between observations of the regression procedures. In addition
to this adjustment, I assumed a two week delay between the registered date of the report and
actual transmission, such that the climatic conditions were more likely to precede the actual
transmission from a bat to a horse. The geographical coordinates and the delayed date of spillover
of the filtered database were used to extract the values of monthly climatic variables from the
pixels of the raster files where and when each event was located.

I selected explanatory variables according to our current knowledge of the HeV spillover
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system; bat species (distance to bat camps or roosting site, and environmental distance to the
niche centroid as surrogate of abundance, see supplementary materials), density of horses (number
of horses per grid cell), and variables representative of climatic variability, corresponding to the
average conditions of the recorded month of spillover compared with seasonal extremes. For
instance, the variables minimum temperature difference from minimum temperature of coldest
month (mindif, 6.1), maximum temperature difference from maximum temperature of warmest
month (maxdif), rainfall difference from wettest month (raindifwet), and rainfall difference from
driest month (raindifdry), represent the amplitude of seasonal variability.

The variables distance to closest bat camp and environmental distance to the niche centroid of
bats were model generated (described in detail in the supplementary materials), with similarity
index methods (Farber and Kadmon, 2003; Martinez-Meyer et al., 2013). Distance to the closest
bat camp represents the physical distance (in a straight line) to a pixel with similar climatic
characteristics to those occupied by bats. And climatic distance to the niche centroid is a measure
of similarity with an optimum defined by the multivariate centroid of the climatic conditions
occupied by bat roosts.

To generate the horse density model I repeated the coordinates of the property centroid by the
number of horses reported. Then I introduced non-parameteric noise equivalent to half of the
pixel size of the environmental data on each of the repeated property coordinates. After noising
the coordinates, I counted the number of points per pixel and repeated the process 100 times.
When iterations were completed I averaged the 100 raster layers to obtain the final horse density
model. A more detailed description is given in Appendix 9.6.3.2.

While these types of analyses are correlative, the variables related to bat and horse presence
and abundance could represent mechanistic relationships. The variables of climatic variability
were used to represent other biological phenomena that might influence spillover risk but for
which I have no data, such as plant phenology, bat and horse behaviour and HeV levels in bats

(Plowright et al., 2015).

Sampling absence (non-case) data

The process to obtain absence data comprised model validation simultaneously, although validation
is described in detail below. To sample absence data I randomly selected the coordinates of the
centroid of 18 properties per spillover event (756 in total) from the horse census database, assuming

that the recorded spillover events are a representative sample of the areas at risk of HeV spillover.
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From this database I randomly selected the coordinates of three to four absences per spillover
event for the testing/validating data set. The final dataset used to fit the models comprised 600
absences (15-16 per spillover event). This ratio of absences/presence is the minimum of the
recommended range of ratios for generalised linear models, boosted regression trees and random
forests for use in species distribution models (Barbet-Massin et al., 2012). All sampled absences
lied within two buffers of different radius size around each spillover event. One radius was used
to limit the minimum distance allowed around the spillover event (10-20 km) and the other buffer
was used to limit the maximum distance (50-250 km). Then I implemented an iterative process
that consisted of (1) increasing or decreasing the size of both buffers, (2) randomly sampling
environmental data lying between the two buffers, (3) fitting the models with the sampled data
and (4) testing the fitted model’s performance on independent data 6.1.

To test the model’s performance (validation) in each iteration I (1) partitioned the dataset into
8 subsets for testing and training such that every event was used in either training or testing;
(2) assessed its discriminative ability between presences and absences with the area under curve
(AUC) of the receiver operator characteristic (ROC, specific details on model testing are given
below), using the 150 absences that were sampled previously; and (3) assessed whether the model
had reproduced the observed spatio-temporal pattern of spillover risk (figure 6.1). To do the latter,
models fitted in each iteration were projected to the average conditions of the months between
discovery in 1994 and 2015 where spillover has been recorded (e.g. average conditions for each
January from 1995 to 2015). Then the predicted suitability for each month was averaged by rows of
pixels by using only the pixels that were 75 km or closer from the coast. The resulting averages by
rows of the projected maps were stacked together and compared with a kernel density estimation
of spillover event densities by month and latitude (Plowright et al., 2015). Finally, I kept the
absences sampled within the the buffer sizes that maximised the AUC and allowed reproduction

of the spatiotemporal pattern.

Fitting the models

Consensus or ensemble methods are algorithms that combine the predictions of a series of models
fitted with different methods. The resulting distribution models after combining the different
methods can exceed the performance of models generated with a single method depending on
the combining algorithm (Marmion et al., 2009). Here I modelled the spatiotemporal pattern of

HeV spillover risk with three regression methods, boosted regression trees, random forests and
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Figure 6.1: Workflow followed to generate data and fit the model that reproduced the spatio-temporal pattern of
spillover. The variables that were model-generated can represent causal associations because they are conditional
for spillover (presence of reservoir and spillover hosts). Additional climatic data influence variability of spillover

risk.

logistic regression, to create a consensus model with the AUC-weighted average of each model’s
predictions. All regression methods were implemented in R 3.1.1 (R-Development-Team, 2014)
(R-Development-Team 2014), using packages gbm and RandomForest.

Boosted regression trees and random forests are extensions of classification and regression
trees, which consist of the combination of multiple simple trees fitted to subsets of the data
(bagging). The main difference between them is a process called gradient boosting, performed
by boosted regression trees. Gradient boosting consists of sequentially adding simple regression
tree models that are fitted to the residuals of previous models. When the sequential models
are combined the different splits give rise to smooth surfaces similar to those from traditional
regression methods Elith et al. (2008). I used these three methods because boosted regression
trees and random forests have very high predictive accuracy (Breiman, 2001; Elith et al., 2008);
logistic regression is a transparent, well understood and robust methodology, and because I could
analyse presence-absence data with a logistic response with each of the methods.

The response variable for regression was presence or absence of spillover (logistic response).
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Each observation (presence or absence) was explained by additive terms of the variables listed
in table 6.1. I only used additive terms because boosted regression trees and random forests
automatically determine the most relevant variable interactions (Breiman, 2001; Elith et al., 2008),
and because including interactions in the formulas of generalised linear models to generate species

distributions, does not usually improve their predictive performance (Thuiller et al., 2003).

Validating the models

I validated models fitted with individual methods with an AUC analysis at the same time that
absences (non-cases) were being sampled. This method measured the model’s ability to discrim-
inate presences from absences (cases from non-cases), such that an AUC = 1 indicates perfect
discrimination between presences and absences. Model’s AUC scores on independent data were
obtained by cross validation; each of the eight partitioned datasets (described above) comprised
of subsets of 70% of the presence data used to fit the model and then obtained the AUC with the
remaining 30% of the data left behind. For each of the partitions of presences I used the same
150 randomly sampled absences (3-4 absences per presence) to generate the AUC. The statistical
significance of these performance tests was assessed by comparing the model’s highest AUC with
a distribution of AUC scores of 1000 null models fitted with 1000 sets of randomly fabricated
presences and absences that were partitioned to generate the AUC (Raes and Ter Steege, 2007).
After obtaining the distribution of AUC values of the null models I calculated the probability that
the AUC of the tested model was significantly better than random by finding the proportion of
null models that had a lower AUC.

The final model testing stage consisted of assessing the performance of the spatial projections
of the model, for which I used the partial ROC test (Peterson et al., 2008). This modification of the
traditional AUC analysis consists of calculating the area of a polygon formed by the proportion
of the predicted geographical area (within a threshold of model predicted values) versus the
proportion of predicted presence points. The calculated area under the polygon formed by the
different fractions of predicted area and predicted points is then divided by the area under a
random predictor based on the proportion of the geographical area predicted by the model. For
this reason the maximum value of this performance metric is 2. AUC ratios of 1 occur when
the area under the polygon of proportion of area predicted vs proportion of predicted presences
equals the area under the random prediction (model predictions are not better than random)

(Peterson et al., 2008). These model tests were accompanied by an extrapolation analysis that
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allowed us to identify geographical areas and points in time where the model predictions were

affected by the projection data.

Extrapolation analysis

To make sure that model predictions were as artefact free as possible I sought for differences
between fitting and projection data with an extrapolation detection analysis using ExDet !
(Mesgaran et al., 2014). When statistical models are used for prediction they can face projection
data that is different from the data used to fit the models. The differences between fitting and
projection data can be values out of the range in the fitting data (type 1 extrapolation) or different
correlation structures between variables (type 2 extrapolation, Owens et al., 2013; Mesgaran
et al., 2014). These differences can result in prediction artefacts of the model. Hence I identified
geographical areas in the raster maps generated with the models that could be spurious predictions

based on the differences between fitting and projection data.

Interpreting the model

I used two approaches to interpret the consensus model, variable partial effects curves derived
from the consensus model and a similarity index model using only climatic variables (Table 6.1)
from the Bureau of Meteorology (BOM) ? generated with the Mahalanobis Distance algorithm
(Farber and Kadmon, 2003).

Variable partial effects curves show how predicted suitability responds to increases of an
explanatory variable, while the remaining variables are kept constant at their mean value. More

detailed information about the methods used can be found in the supplementary materials.

Results

The final consensus model successfully reproduced the spatiotemporal pattern of spillover seen
from 1994 until 2012 (Figures 6.2 and 6.3). This occurred when absences were sampled within a
buffer of 20 — 250 km around spillover events. The spatiotemporal pattern consisted of relatively
constant risk of spillover in northern latitudes throughout the year, whereas below the tropics
higher risk was during winter and early spring. At the time of these analyses, 32 events have

occurred below 22° south latitude, all in winter and early spring (April-October), and above this

mttp://www.climond.org
2nttp://www.bom.gov.au
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latitude 23 events have been evenly distributed across seasons. Given the spatial autocorrelation

of some events, the final dataset for analysis contained only 42 events.
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Figure 6.2: Spatio-temporal pattern of predicted suitability of spillover averaged across longitude by up to 75 km inland at each month. Probability of spillover occurrence
increases at lower latitudes from March and peaks in June at 28° south. In contrast, likelihood of spillover is more constant (white-blue tones) in higher latitudes across the year.

The blank spaces correspond to areas with no horses registered, which appear consistently with between months. The map of the Australian east coast on the left side is a reference

for the reader.



The largest seasonal differences occurred above and below latitude 22° south (Figure 6.2) and
between January and July (Figures 6.2 and 6.3). Suitability for spillover occurrence increased at
lower latitudes from March and peaked in June at 28° south. In contrast, likelihood of spillover is
more constant (white-blue tones in Figure 6.2) in higher latitudes across the year. The apparent
lower overall risk below 22° south in Figure 6.2 is caused by the averaging across longitude
necessary to produce the plot, and the negative effect that horse density has on spillover risk (see
below and Appendix 9.6.3.2 Figure 22).

The Mahalanobis distance model (fitted with climate data only, without horses and bats) also
reproduced the spatio-temporal spillover risk pattern. Its spatial projections show the change of
the size of areas to be at risk of spillover (Figure 6.4). This model also allows better visualisation
of the overlap in risk between months (areas that remain at risk in successive months, Figure 6.4).

Minimum temperature difference from minimum temperature of coldest month (mindif, Table
11) and horse density were the most influential variables in the consensus model. These two
variables had a negative effect and accounted for 32% of explained variability. However horse
density had a negative effect, which reached a minimum at 200 horses per pixel, then increased
and remained stable at 220 horses and above at about 50% of the maximum suitability reached
at 1 horse per pixel (Appendix 9.6.3.2 Figure 22). Rainfall difference from the wettest month
(raindifwet, Table 6.1) had a negative effect. Risk reached a minimum at -400 mm (drier conditions),
then increased to a stable point at 250, which was the maximum for positive values of raindifwet.
Average minimum temperature had a positive effect, and together with raindifwet explained 26%
of explained variability. The remaining variables had little explanatory power. A common feature
among variables was the occurrence of bimodal responses (Figure 22).

From the four most influential variables mentioned above, mindif and raindifwet are the two
climatic factors that had the most importance in the consensus model. The average value of mindif
and raindifwet is lower among presences (events) than controls (absence of events), hence the
negative relationships (density curves, Figure 6.5). Distance to the niche centroid was positively

correlated with risk of spillover in the consensus model (Figure 22).
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Table 6.1: Variables used for Hendra virus spillover distribution models.

Variable Short name Source
Distance to flying fox camps distbats Model generated
Distance to the niche centroid of

DNC Model generated
flying foxes
Horse density horsedens Horse census
Normalised difference vegeta-

NDVI BOM
tion index average (month)
Average minimum temperature

mintemp BOM
(month)
Temperature range (month) mintemp Generated from BOM data
Rainfall rainfall BOM
Temperature minimum - min-
imum temperature of coldest | mindif Generated from BOM data
month
Temperature maximum - max-
imum temperature of hottest | maxdif Generated from BOM data
month
Rainfall - average rainfall of the

raindifwet Generated from BOM data
wettest month
Rainfall - average rainfall of the

raindifdry Generated from BOM data
driest month
Solar exposure solex BOM
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Figure 6.3: Models projected to the average conditions of July and January between 1994 and 2014 in areas
occupied by horses. Darker pixels indicate better suitability for spillover according to the horse density, distance
to flying fox camps and environmental conditions. The lower suitability in areas close to the border between
Queensland and New South Wales (more cyan colour) for January represent the seasonal fluctuations. The dark
pixels in the southernmost locations are due to type 1 extrapolation. The dark pixels in southern Queensland in

the January projection are due to high environmental similarity.
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Figure 6.4: Predictions of suitability according to the Mahalanobis distance model with climatic data only. Col-
ours represent the month where areas at risk occur. In the left side June (beige) and August (blue), in the right
side December (beige) and January (blue), and the overlap in risk that occurs between months (grey). Spillover

localities correspond to those reported in July, August, December and January.
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Figure 6.5: Bold lines represent the partial dependence plots for the average weighted model for two variables, raindifwet and mindif. The grey shaded areas represent the
average + 1 weighted standard error of model predictions. The dashed lines are the density of the variables among presences and absences. Both variables, raindifwet and mindif,
have higher average values among absences than presences, which results in negative relationships between the variables and probability of spillover. The maps on the right side

of each graph show the values of both variables in two contrasting months, July and January, the values of raindifwet and mindif are higher in southern locations in summer months

(January), which is correlated with spillover seasonality.



Individual models

All individual models that were combined in the consensus model had a high discriminative
ability, AUC = 0.936 (+/- 0.01), and performed significantly better than random when compared
with the AUC of 1000 null models (P < 0.05). The logistic regression model had the highest AUC
and explained 23% of the deviance. Of all variables, mindif (minimum temperature difference
from the minimum temperature of coldest month) explained most of the deviance with a negative
relationship. mindif was followed by horse density (negative relationship) and minimum tem-
perature (positive). The boosted regression trees model had the second highest AUC (= 0.935).
Raindifwet (rainfall difference from wettest month), distance to the niche centroid of bats and
horse density explained most of the variability. The random forest model had an AUC = 0.92. It
also found raindifwet was the most important variable in describing spillover events, followed
by minimum average temperature, and distance to bat colonies. In contrast, the Mahalanobis
distance model with climate-only data had the lowest performance with an AUC = 0.73 (P = 0.01),
and was not included in the consensus model because it only included the climatic variables. The
AUC scores of the models in relation to the distribution of the AUC scores of the null models are
in Appendix Appendix 9.6.3.2 (Figure 23).

The algorithm or combination of algorithms that had the best performance in space of all
according to the AUC ratio of the partial ROC test was the average of random forest and boosted
regression trees (1.72, P < 0.05, P value indicates the probability that the calculated ratio is < 1).
As for individual models, random forest (1.64, P < 0.05) had a AUC ratio slightly higher than
logistic regression (1.64, P < 0.05) and boosted regression trees (1.62, P < 0.05). The weighted
average model that resulted from these three algorithms also performed better than a random
prediction (1.58, P < 0.05) and clearly shows the lower suitability for spillover in southern regions
during summer. The algorithms were slightly different in terms of how variability was explained
by environmental factors but their explanatory performance was very similar. For these reasons

the consensus model consisted of all three regression methods.

Extrapolation analysis

I identified an area where the consensus model faced extrapolation. This was located in the
southernmost limit of the model projection. The type of extrapolation changed between months

(extended variable range or inverted variable correlations) and in all cases increased the predicted
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spillover suitability. The only month in which the model did not face novel conditions in this area
was February, and it predicted low suitability (Figure 6.2). A comparison of these projections with
the Mahalanobis distance model shows that the environmental conditions of this southern area
are not similar to any of the conditions of the spillover events. In contrast, the small areas close
to the border between Queensland and New South Wales that remained with higher probabilities
of spillover during summer have similar environmental conditions to other events (Figures 6.3

and 6.4).

Distance to bat camps and horse density

All the projections of the distance to bat camp models after 2007 were predictions of the trained
model. All of those models for which I had data for validation performed better than random
with AUC ratios greater than 1.5 (maximum possible of 2). An example of the validated models is

shown in Appendix 9.6.3.2 Figure 24.

Discussion

The model reproduced the observed spatiotemporal pattern of HeV spillover (Plowright et al.,
2015), although there were clear differences. The first was the inverse estimates of suitability with
respect to spillover events density; second the prediction of areas at risk during summer below
latitude 22°south. These differences are discussed in more detail below. The pattern captured by
the model suggests that the higher risk period below latitude 22°south is from April to October.
While no events have been reported to occur in April below this latitude, the longer predicted high
risk season may be explained by a delay between transmission of HeV from bats to horses and
reporting of the clinical case of the disease. Above 22°south, higher spillover suitability is more
constant among months (Figures 6.2 and 6.4). The climatic sources of the pattern are most likely
related to the difference in minimum temperature from the minimum temperature of the coldest
month (mindif), and difference of rainfall from rainfall of the wettest month (raindifwet). These
two climatic factors explained the majority of variability in the data. Minimum temperatures
change more dramatically between seasons below latitude 22°south (Figure 6.5) than above this
line.

Bimodal responses to rainfall levels (rainfall and raindifwet) indicate that either wet or dry
conditions increase spillover risk. These contradictory relationships suggest that a set of optimal

conditions for spillover does not exist. The lack of a single set of optimal conditions for spillover
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to occur could indicate that spillover risk is better represented by two systems, one in the north
and another in the south. These two systems might well exist as a result of two different bat
species likely involved in spillover, P. conspicillatus and P. alecto (Smith et al., 2014; Edson et al.,
2015; Goldspink et al., 2015; Martin et al., 2016). The southern system could be driven by P. alecto
and the northern by both P. alecto and P. conspicillatus and involve interactions with different

plant communities.

Migration of reservoir hosts could be one of the biological mechanisms driving spatiotemporal
patterns. In other bat virus spillover systems, spillover seasonality is caused by greater numbers
of microbats migrating to greener areas during winter (Escobar et al., 2013). However, the data
I used to calibrate the distance to bat camp models indicates that there are bats still present
in areas and seasons without recorded spillover events. In fact, recent analyses indicate that
spillover has occurred when bat densities are low due to emigration in response to low food
availability (Giles et al., 2016). Although the effects of food shortage in bats are not fully understood,
nutritional stress has been associated with increased HeV seroprevalence (Plowright et al., 2008).
Nutritional stress in that case was caused by flowering cessation of native plants after a cyclone.
However, the relationship between seropositivity and HeV infectious status is unknown (Plowright
et al., 2008; Field et al., 2011). In general, HeV spillover has been related to low plant and crop
productivity (McFarlane et al., 2011). Consequently some of the potential scenarios by which bat-
plant interactions could influence seasonal spillover risk below latitude 22° are: 1) poor nutrition
leading to higher infection susceptibility which could lead to higher HeV infection levels and
transmission among individual bats; 2) higher densities of bats feeding in more urbanised or
agricultural landscapes when native plants are not in bloom (Plowright et al., 2015); or 3) a mixture
of infection susceptibility and switching of foraging habitat. Of these processes, there is stronger
evidence for infection susceptibility because throughout the distribution of P. alecto there is a
seasonal gradient, peaking in winter, of HeV excretion (Field et al., 2015a). Although, there are
multiple alternative mechanisms that could be influencing seasonal excretion patterns (Plowright

et al.,, 2016).

The negative response of spillover risk to horse density that I found contrasts with previous
analyses that failed to demonstrate an effect of horse density (McFarlane et al., 2011; Smith et al.,
2014). This effect might occur as a consequence of several different processes, ranging from
bat foraging habitat availability to husbandry practices in professionally managed properties

associated with higher horse densities. Although not considered here, there could be a relationship
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between number of horses per pixel and availability of bat food trees and the type and quality of
management practices. This deserves further research to show how paddock management and
structure might influence susceptibility to or likelihood of contact with HeV, because it could be
one of the mechanisms influencing the spatiotemporal pattern of spillover. In other pathogen
spillover systems the same effect of apparent competition between host species arises when the
spillover host is negatively affected by the pathogen (Holt and Pickering, 1985; Power and Mitchell,
2004). Horses are affected by HeV, but HeV spillover is too rare to reduce horse density. However,
the same effect would arise from ecological competition between bats and horses (Power and
Mitchell, 2004). It is possible that domestic horses compete for habitat with bats because horses
are linked to land clearing for grazing whereas bats rely on flowering trees for food. Consequently
two factors could potentially create the relationship seen here; a negative effect of horses on
bats’ foraging habitat and a correlation between horse density and professionally managed
properties which could have higher horse densities than “hobby farm” properties. Regardless of

the underlying cause, the resulting effect is lower spillover risk per horse as density increases.

The consensus model fitted a positive response to distance to the niche centroid of bats, the
surrogate measure of bat abundance. The relationship between bat abundance and distance to the
niche centroid is generally negative (Martin et al., 2016), hence, greater environmental distances
from the niche centroid result in potentially smaller numbers of bats per pixel (Martinez-Meyer
et al., 2013). This seemingly accurate prediction given Giles et al. (2016)’s recent findings of
spillover occurring during low abundance of bats is, nevertheless, spatially confounded. This is
because spillover occurs in foraging areas which are generally physically and environmentally

distant from camp sites where bats are most abundant (Vardon et al., 2001).

The differences between the climate-only Mahalanobis distance and the consensus model could
be explained by the absence of the factors that are conditional for spillover like the presence of
bats and horses. In addition environmental envelope methods’ distributional estimates, like those
of Mahalanobis distance, are closer to the potential distribution than presence-absence methods
that estimate the realised distribution (Jiménez-Valverde et al., 2008; Soberon and Peterson, 2005)
Alternative explanations for the wider areas predicted in the climate-only model could be related
.to the spatial resolution of the environmental data. It is possible that the spatial scale at which
climate influences the biological mechanism driving the spatiotemporal spillover pattern is greater
than the 2.7x2.7 km pixels used here. This is a common issue in species distribution and ecological

niche modelling studies; ideally the size of spatial units or map pixels should match the scale at
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which species select their habitat (Peterson, 2006). For instance it has been suggested that the
minimum area for a bat population to persist is 5000 km? (Vardon et al., 2001), and the foraging
habitat of a bat camp is up to 40 km wide (Field et al., 2015b). Therefore, the spatial scale at which
climate influences risk of HeV spillover could be different than the one used here.

My analyses have obvious limitations: 1) the absence of a strong link between climatic factors
and a specific biological mechanism precludes the identification of the factors driving seasonality;
2) a poor understanding of bat foraging patterns and HeV transmission pathways to horses
may result in misclassification of non-case properties; and 3) the potential errors in the model
generated variables (distance to bat camps and DNC), regardless of their high performance, could
accumulate uncertainty in the final spillover model.

The higher risk season of HeV spillover below latitude 22° south is from April to October.
Whether this seasonal pattern is caused by immigration or emigration of bats is unclear. The
number of bats in such areas depends mainly on food abundance, which has been previously
suggested as a cause of increased susceptibility to HeV (Plowright et al., 2008). In the context
of these observations, it is justified to speculate that the models could well be detecting these
signals and the underlying mechanisms of seasonal spillover below latitude 22° south may be a
mixture of seasonal movement and feeding of the reservoir host in horse paddocks (Pascual and
Dobson, 2005; Grassly and Fraser, 2006). Impairment of the immune function of both reservoir
and spillover hosts is also possible and could act in synergy with behavioural changes.

Determining how the components of the HeV spillover system are affected by climate is beyond
the scope of this analysis. Thus further research is needed to understand the effects of climate on
food availability and the consequent effects on bats and horse interactions and immune function.
However, good husbandry practices like restriction of access of horses to trees (where flying
foxes feed and excrete HeV) and vaccination against Hendra virus can override the effect of many
environmental factors (Haining, 2003). I suggest that these practices should be more rigorously

considered and followed in the areas and seasons that are at greater risk of Hendra virus spillover.

Conclusions

The mechanisms driving seasonality of HeV spillover are likely influenced by the seasonal amp-
litude of minimum temperature and rainfall. These climatic extremes are often associated with
food shortages. Therefore, I suggest that future research focuses on determining how behaviour

and immune function of both horses and bats change in response to food shortage driven by
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climate. Behavioural and immunological changes might be more evident in areas north and
south of latitude 22° south, which is where the major differences seem to occur between summer
and winter. Although I suggest that the high risk season below the latitude 22° south goes from
May to October, considering a longer risk season such as from March-November could result in
improved risk mitigation. Properties within and around the areas I have found at high risk should
be encouraged to improve mitigation by vaccination and following the prevention guidelines of
the Australian Veterinary Association ®, namely: removing feed and water troughs from under
trees, restricting access to trees, at least during the night, and removing grass or tall vegetation

that might provide better conditions for HeV survival and transmission in the environment.

Shttp://www.ava.com.au/hendra-virus
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CHAPTER 7

Climate change will increase the extent of areas at risk of

Hendra virus spillover

In Chapter 5 I showed that the spatial pattern of spillover is mainly driven by the presence of P.
alecto and P. conspicillatus. Risk within the distribution of these species is weakly correlated with
a single climatic driver, instead multiple factors act in synergy (Chapter 6). Temporal patterns
of risk are likely influenced by flying fox species specific traits along the latitudinal gradient
in response to these drivers. Based on these results I generated two models that predict risk
according to each flying fox species involved in spillover.

This chapter is the first attempt to predict risk of HeV spillover. By modelling spillover in space
under the current potential distribution of its reservoir hosts I predicted spillover risk in response
to climate change.

The methods used for these analyses were fully Bayesian hierarchical geo-spatial models. They,
compared favourably with methods in Chapters 5 and 6, controlled for spatial autocorrelation
and included the effect of the underlying horse population at risk. The resulting spatial models
include wider areas, and could be interpreted as the probability that there are adequate climatic
conditions for the occurrence of HeV spillover events given that its reservoir and spillover hosts
are present.

Climate change projections that result from the different general circulation models carry con-
siderable uncertainty (Stainforth et al., 2005). Because explaining the sources of such uncertainty
and reducing its effects on HeV epidemiology is beyond the scope of my project I generated a
consensus scenario model, where I show the spillover predictions under all general circulation
models available in the Worldclim database (Hijmans et al., 2005).

In terms of the HeV spillover system, this chapter has made substantial contributions towards
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mitigation and research agendas. The predictions of these models contribute not only to improve
mitigation of HeV’s impacts on public health, but on the effects of climate change on biodiversity
conservation.

This chapter is in review in EcoHealth, submitted 10 February 2017 (Martin et al., ¢ in-review):

+ Gerardo Martin, Carlos Yanez-Arenas, Carla Chen, Raina K Plowright, Rebecca ] Webb, and Lee F
Skerratt. Climate change will increase the extent of areas at risk of Hendra virus spillover. Emerging

Infectious Diseases, ¢

ABSTRACT

When Hendra virus (HeV) spills over from bats to horses and occasionally from horses
to humans case fatality rates can be as high as 75%. Therefore, predicting spillover is
important to prevent and mitigate its impacts. Given our currently limited predictive
capacity, ecological niche modelling is one of the few tools available to forecast estimates
of HeV spillover risk at its most fundamental level determined by the climatic suitability
of its reservoir hosts. Ecological niche models can produce risk maps which represent the
likelihood that environmental characteristics are suitable for the phenomena of Hendra
virus spillover. We produced two models to represent risk of HeV spillover in Australia
with respect to its two reservoir hosts, the black (Pteropus alecto) and the spectacled (P.
conspicillatus) flying foxes. Using Bayesian hierarchical models with a Log-Gaussian
Cox process I maximised available data and generated probabilistic maps for current
and future climatic scenarios. With these methods I included a horse population at risk
offset to correctly estimate the influence of the climatic suitability of the reservoir host
and other climatic factors on HeV spillover risk. We found that current areas at risk are
wider than recognised, by the Australian public and stakeholders. Absence of spillover in
these areas may be due to the very low density of horses. In response to climate change,
suitability for spillover was predicted to increase southwards due to the expansion of the
potential distribution of the black flying fox (P. alecto), which could result in 110,000-
165,000 (175-260% increase) more horses at risk from the 64,000 horses at risk under
current climatic conditions. Future suitability for spillover in the northern limits of the
distributional range is highly uncertain because models faced extreme extrapolation in
this region. However, HeV spillover as explained by the distribution of P. conspicillatus
is likely to shrink. We recommend that HeV monitoring in bats and HeV prevention in

horses be enhanced in areas predicted to be at spillover risk.
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Introduction

Emerging zoonotic diseases account for close to 13% of known human pathogens (Taylor et al.,
2001; Woolhouse and Gowtage-Sequeria, 2005). These diseases among other emerging pathogens
that affect crops and domestic animals can have deep socio-economic consequences (Jones et al.,
2008), especially when they adapt to the new hosts (Taylor et al., 2001). Four diseases that have
spilled over from wildlife hosts to humans that have resulted in epidemics are Ebola and Marburgh
viruses in Africa (Leroy et al., 2005) and SARS Coronavirus and Nipah virus in east Asia (He et al.,
2004; Chua, 2003). The consequences of these outbreaks are not only the loss of human lives, but
in some instances the collapse of public health systems that control and provide treatment for
other diseases (Chang et al., 2004; Plucisnki et al., 2015). What these diseases have in common
is not only its high virulence in humans, but its wildlife origin in bats, mammals of the order

chiroptera (Li et al., 2005; Leroy et al., 2005; Wang and Eaton, 2007).

Once the aetiologic agents of diseases and its reservoir hosts are defined, prevention of spillover
depends on our understanding and consequent ability to predict it. Mechanistic models of
infectious diseases have proven useful frameworks to make informed decisions towards controlling
and mitigating the impacts of epidemics (Wickwire, 1977). However, these methods require large
amounts of high quality longitudinal data rarely available for pathogens of wild animals. However,
prediction can be made at lower spatial and temporal resolutions, that are based on different

biological mechanisms that require other types of readily available data.

Hendra virus (HeV) is a Paramyxovirus of the genus Henipavirus discovered in 1994 in a
Brisbane suburb in Queensland (QLD), Australia. Hendra virus spills over to horses and thence
to humans from two of the four Australian mainland flying fox species, Pteropus alecto and P.
conspicillatus (Halpin et al., 2011; Smith et al., 2014; Edson et al., 2015; Martin et al., 2016). Nipah
virus, a closely related Henipavirus from Pteropid bats of east Asia spills over to pigs and humans,
where it has been able to cause epidemic disease outbreaks with case fatality rates close to 41%
in humans (Chong et al., 2002; Chua, 2003). In Bangladesh, however, spillover occurs directly to
humans with even higher mortality rates (Hossain et al., 2008). The proven ability of henipaviruses
to cause epidemic outbreaks and the case fatality rates of HeV infection of 50-75% in spillover
hosts (although the number of human infections, 7, is very small) make spillover prediction highly
necessary. However the unpredictable nature of flying fox movements, the poor understanding of

HeV dynamics in bats (Plowright et al., 2015) and the relatively small number of HeV spillover
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events in horses, limit our ability to predict its levels in those populations. Consequently, disease
risk mapping is one of the few tools available to coarsely forecast HeV spillover and identify
populations at risk.

A potential approach to map the risk of disease spillover is by modelling the zoonotic ecological
niche of the causal agent and its reservoir (Pigott et al., 2015). Ecological niche modelling, is
frequently used to predict species’ geographic distributions. The process of niche modelling relates
the environmental conditions of locations where species are able to breed and persist, to the
prevailing environmental conditions where species can occur (Soberdn and Peterson, 2005). The
environmental data are then used to fit a statistical model to represent a measure of environmental
suitability in spatially referenced data that can be represented as maps (Peterson, 2006). Assuming
that the organisms being modelled do not undergo an environmental niche shift, models can
then be used to predict future distributions under climate change scenarios (Pearman et al., 2008).
For instance using these methods many diseases have been predicted to impact wider areas,
expanding or shifting from tropical to subtropical areas (Lafferty, 2009). Therefore, anticipating
the potential impacts of climate change on HeV zoonotic niche is critical to adequately allocate
resources and mitigate risk. Previous ecological niche modelling studies of Henipavirus spillover
systems focused on answering ecological and epidemiological questions (Hahn et al., 2014; Martin
et al., 2016); or generate broad predictions from its putative reservoir hosts (Daszak et al., 2013).
While its contribution towards improving our understanding is valuable, none of them have
strictly focused on prediction of spillover.

Empirical evidence suggests that HeV is related to climate by several different mechanisms.
The spatial and temporal abundance patterns of flying foxes are related to climatic suitability
(Martin et al., 2016). The spatial dynamics of bats are largely governed by food resources that are
dependent on climate (Giles et al., 2016). There have been suggestions that HeV shedding can be
linked to low food productivity and availability after severe weather events (McFarlane et al., 2011;
Plowright et al., 2008; Field et al., 2011). In addition, changes in virus survival in microclimates
might facilitate transmission (Martin et al., 2015). In light of this, I present a series of models of

the zoonotic niche of HeV spillover to horses under current and future climatic conditions.

Methods

Ecological niche models often use presence only data which has led to the extensive use of

algorithmic modelling (Elith et al., 2011). A well known disadvantage of these methods is their
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potential for use as black boxes given their complexity. Recent efforts have made possible the
application of better understood techniques like generalised linear models for presence only
data, in the form of Poisson point process models (Renner and Warton, 2013; Renner et al., 2015).
Taking advantage of these, now widely available, statistically transparent frameworks I modelled
the risk of HeV spillover as a Log Gaussian Cox process in a Bayesian hierarchical inference
framework. These models incorporate a Gaussian field to model spatial dependence between
point observations which allowed us to use all the spillover records registered to date without the
need of thinning to reduce spatial autocorrelation. Instead I modelled spatial dependence with a
pre-specified covariance function. The resulting models were used to forecast future risk of HeV

spillover with a series of climate change scenarios.

We assumed that risk of HeV spillover comprises two separate reservoir host systems, as
suggested by the results in Chapter 6. Each system is limited to the areas assumed to be colonisable
by the two key reservoir host species, P. alecto and P. conspicillatus (Martin et al., 2016; Soberon
and Peterson, 2005). Each of the colonisable areas was assumed to be the climatic regions of
Australia obtained from the bureau of meteorology! that contained at least one presence record of
each of the flying fox species. The expected intensity of spillover cases was explained by a series of
Worldclim bioclimatic variables (Hijmans et al., 2005) and the climatic suitability for the two key
reservoir hosts previously modelled with Maxent (Martin et al., 2016; Phillips et al., 2006, Chapter
5). These models were built in a similar fashion as described below, save for the model fitting
procedure. To select the relevant bioclimatic variables for each system, I performed a Niche views
procedure. It consists of an analysis of the correlations between pairs of explanatory variables
and the location of the presence points within the bivariate clouds of data points (BIO1-18 and
P. alecto or P. conspicillatus models, Owens et al., 2013). The variables selected should have the
presence points lying close to the centre or relatively far from the margins of the range of values
within the bivariate cloud of data (Owens et al., 2013).

To assign spillover events to either system (P. alecto, north and south, and P. conspicillatus,
strictly north, Figure 7.1), I extracted the Maxent relative probability of presence of the two
flying fox species at the location of spillover. The spillover location points were assigned to their
corresponding host reservoir system depending on which species had the maximum probability
value, assuming that transmission to horses occurred from the reservoir host most likely to be

found in that area. To this data, I added the location points to each host reservoir system that

1http:www.bom. gov.au
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had lower maximum probability values than for the other reservoir host species for that point
but were within the top 5% of probabilities of occurrence for that species at spillover locations,
mimicking the standard statistical significance threshold, to allow some ambiguity of transmission

source.

Parameters for the Poisson model representing the intensity of spillover event points per area
unit and spatial autocorrelation with a Log-Gaussian Cox process, were estimated by Markov
chain Monte Carlo (MCMC) with a Metropolis-adjusted Langevin sampler implemented in the R
3.2.3 1gcp package (R Core Team, 2016; Taylor et al., 2013). Model selection was performed a
priori with a down weighted Poisson regression. This method consists of assigning very small
uniform weights to the spatial units with presences and weights equivalent to the area of spatial
units to the spatial units without spillover events recorded (quadrature points or background
in Maxent Renner and Warton, 2013). The weights were 1 X 10~° for units containing spillover
events and the area measured in km? of the cells for quadrature points (Renner and Warton, 2013).
The optimal grid size for the point processes was estimated with a minimum contrast method.
We began selection of the down weighted Poisson model with four model structures with the
variables selected in the process described above (Renner et al., 2015); interactions between all
explanatory variables; with linear, quadratic and cubic terms; linear and quadratic terms and a
series of interactions between linear, squared and cubed terms. Each model was then subject
to automated step-wise variable deletion until I obtained the model with the lowest AIC. The
variables that were kept in the model with the lowest AIC were then included in the final model
to be fit as a Log-Gaussian Cox process. Further refinements to the model structure were carried
out after assessing the predicted spatial patterns and the convergence behaviour of the Metropolis

sampler (Taylor et al., 2013).

To find the appropriate spatial covariance function I fitted several models with short chains of
5000 iterations of the MCMC sampler, with 500 burn-in iterations and thinning rate of 15 with
the exponential and spiked exponential covariance functions. The chains were run with a range
of priors and number of neighbouring cells to compute the covariance function. When the short
MCMC chains appeared to be well mixed, with lower values of autocorrelation and no rejected
samples during the ‘run’ phase, I ran the full MCMC chains. The final size of the chains was
chosen upon the behaviour of the h parameter. For runs with A ~ 0.3 I used 5M iterations, but in
cases where h decreased the number of iterations was increased to up to 20M. Models with any

h < 0.1 at the end of the 5K iteration chain were rejected. The burn-in phase included 10% of the
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number of iterations and the thinning rate was set up to keep 1% of the posterior samples (Taylor
et al., 2015). To have a model that represents the underlying risk, regardless of the underlying
population at risk, I corrected for the effect of horse population on spillover intensity per unit
area, with a horse population density model as an offset. In the absence of more data regarding
horse densities than the 2007 horse census (Moloney, 2011), a critical assumption is that horse
population of 2007 is still correlated and broadly representative of the horse population during
the time when HeV spillover events have occurred, at the spatial scale of the model. Hence the
Poisson component of the model with population offset and spatial covariance results in the

Bayesian model of equations 7.1a and 7.1b:

p(s) = exp (BZ(s) + Y(s))
R(s) = CaA(s)p(s) (7.1a)
X(s) ~ Poisson (R(s))

cov [Y(s1), Y(s2)] = o?r (llsz = sull; )
r(s) = exp (=s/¢) (7.1b)
s = euclidean(ss, s1)
Parameter priors:
B ~ normal(0, 10°)
log(¢) ~ normal(log(500), 2)
log(o) ~ normal(log(1),0.15)

Where f is the vector of effects of environmental covariates Z(s); Y(s) is the bivariate (sg, s2)
covariance function, C4 is the spatial grid cell size, A(s) is the horse population density, X(s) is
the point intensity data, and o and ¢ are the exponential covariance function (r(s) in equation
7.1b) parameters (Taylor et al., 2013; Diggle et al., 2013).

The horse population density model was built with the horse population census of 2007 (Mo-
loney, 2011). This horse density model was created by introducing non-parametric noise to the
geographical coordinates of the horse properties, equivalent to 50% of the cell width of the envir-
onmental data. The number of horses per grid cell after noising the coordinates was rasterised,
and the process was repeated 100 times. When iterations were completed the 100 raster layers
were averaged to create the final horse density model (Figure 7.1). This method allowed us to
account for the effect of properties spanning more than one grid cell but whose centroid lied

within a single pixel.
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Figure 7.1: Location of spillover events over the horse density model. The symbol for spillover events represents

the species that each event was attributed to with the method described.

Once I obtained the converged MCMC chains, I used the posterior estimates of the environ-
mental covariates to project the median point intensity of spillover per unit area in geographic and
environmental space. Using the posterior distributions of intensity per unit area I calculated the
probability that the predicted intensity exceeds the lower 20" percentile of the median intensity
estimated for the locations with spillover events. This threshold was chosen because the database
contains location uncertainty in nearly 20% of the spillover locations. Then to simulate the future

scenarios of spillover, I compared the data used for model fitting with the prediction data with
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an extrapolation analysis using the extrapolation detection tool (ExDet, Mesgaran et al., 2014).
This is necessary because statistical models can result in spurious predictions when they face
data different from that used to fit the model. For instance prediction data can differ in the range
of values used to fit the model (type 1 extrapolation) or have different correlation structures
between co-variables (type 2 extrapolation). The analysis was used to identify the geographical
areas where the model faced extrapolation conditions in the climate change scenarios. We used
these results to remove all areas of predictions where models faced extrapolation due to novel
climatic conditions. We used the 16 climate change scenarios under two different greenhouse
gas representative concentration pathways (RCP 45 and 85, Hijmans et al., 2005). Concentration
pathways are a series alternative trajectories that greenhouse gas concentration might follow
depending on a series of ecological, technological, socio-economic, political and demographic
factors that could result in different degrees of climate change. The number that accompanies the

acronym RCP indicates the severity of greenhouse gas concentration (van Vuuren et al., 2011).

To allow visualisation of the potential consequences of climate change I generated a consensus
view of climate change projections. To do so I applied an exceeding probability threshold to all
climate change projections. The resulting map highlights areas where risk could remain, areas
where risk could increase and areas where risk could decrease. This was done with a series of
modifications to the layers’ binary values such that when they were added all areas under similar
levels of current risk have positive values, areas where risk could increase have negative values

and areas with lower risk had values closer to 1.

Combining the layers for the consensus climate change model We began by setting areas that contained
model extrapolating conditions to 0 from each exceeding probabilities projection in climate
change scenarios. Then I thresholded all models with the same cut-off value of 0.2 used to test
the models’ performance (20% omission rate). After applying the threshold to the exceeding
probabilities models, the areas predicted to be at risk contained values of 1 (present > 0.2), and
areas at lower risk contained values of 0 (absent < 0.2). The areas predicted absent in the model
projection under current climatic conditions were set to -1 (presence = 1, absence = -1). Then,
each of the thresholded climate change projections had 1 added, so that areas predicted absent =
1, and areas predicted present = 2. All these new binary layers were then added into a single layer.
Finally, I multiplied by the present risk scenario (presence = 1, absence = -1), so that all areas

that were predicted present in future climatic conditions but were absent in today’s conditions
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became negative (increased risk). All areas that were predicted present had positive values; and
the areas that became unsuitable after climate change had values closer to 1 (presence today x
absence future = 1). Future absence in the areas represented by these calculations can be caused
by areas remaining in the same state as in current conditions, areas becoming unsuitable, or by
being unable to predict anything due to extrapolation. To help readers identify areas I was unable
to predict due to extrapolation I provide the map of extrapolation conditions, which is an average
of the binary layers with extrapolation conditions for each climate change scenario.

The climate change consensus scenarios were used to calculate the number of horses, based on
the 2007 horse population census, that would be contained in the areas to be come at risk. In any
case I report the maximum number of horses that could become at spillover risk.

Models’ predictive performance was measured with the partial ROC with a 20% omission rate
(Peterson et al., 2008) for theP. alecto system, and with a Jacknife test (Pearson et al., 2006) for
the P. conspicillatus system, because the sample size (9 events) limited the use of other validation
methods. We partitioned the P. alecto system data in four sets and cross validated their predictions
with models fit in one chain of 5M iterations, burn-in of 500K and thinning of 4.5K. We allowed
the partial ROC test a 20% omission of the test points to represent the 20% uncertainty in spillover
location according to the Biosecurity Queensland dataset. While desirable, a higher number of
partitions was not possible due to the high computational intensity these analyses. For the P.
conspicillatus system, I fitted 8 models, each one omitting one of the spillover presence points.
Then I calculated the minimum thresholds and its corresponding percent of area predicted for the

Jacknife test.

Results

Model projections

The predicted spatial patterns of risk under present climatic conditions for both reservoir host
systems are consistent with the distribution of spillover events since 1994. Current risk as
explained by P. alecto, comprises most of the east coast of Australia, from northern QLD to
central New South Wales (NSW). Additional areas spanning farther north than the northernmost
known spillover event were also predicted (Figure 7.2). Risk driven by P. conspicillatus resulted
in novel areas predicted to be at risk of spillover, located in the northernmost location within

Australia(Figure 7.3).
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In the P. alecto HeV spillover system, when I projected the models to future climate change
scenarios in 2050, all 16 scenarios agree that there will be an expansion of risk towards the south
and slightly farther inland (red areas in left panels of Figure 7.4). This expansion could result in
112 914 more horses (175% increase at 2007 levels) at risk under the greenhouse gas representative
concentration pathway (RCP) 45, and 164 391 for RCP85 (260% increase). The majority of horses
in areas at increased risk occur over 390 and 425 km respectively along the coastline south of the
southernmost known spillover event. Expansion in both RCPs reaches an area called the Hunter
Valley in NSW, which has a high density of horses. The climate change scenario agreement in this
area is very high. Despite the increased geographical extent of spillover risk, model projections
predicted average lower probability of exceeding the specified intensity threshold for spillover to

occur (20" quantile of median intensity at spillover locations) compared with current conditions.

While there is consensus that novel areas will be at risk in northern locations in the P. alecto
spillover system, these areas will face novel climatic conditions that result in model extrapolation,
which increases uncertainty (top right corner of right panels in Figure 7.4). We could not identify
areas that became completely unsuitable for spillover (highlighted in green). The only areas with
100% agreement to become completely free of risk are most likely over-predictions, because they

lie very far from the know distribution of spillover and P. alecto.

The effect of the greenhouse gas representative concentration pathways is probably a greater
inland expansion of risk in RCP 85 compared with RCP 45, based on P. alecto. This means that in
the more severe climate change scenario in response to green house gas accumulation, risk will

increase farther inland.

With respect to P. conspicillatus, models predicted both expansion and contraction but with
low agreement between climate change scenarios (left panels Figure 7.5). The northernmost end
of modelled areas were predicted to shrink in risk in both concentration pathways, although these
areas were affected by extrapolation. Other small areas were predicted to become unsuitable in
RCP 85 that were not affected by extrapolation. Both scenarios, RCP 85 and 45, predict lower
probabilities of exceeding the intensity threshold, compared with current climate scenarios (right
panels in Figure 7.5). The areas that experienced no change for P. conspicillatus were small, and
compared with P. alecto, they experienced either no change or expansion (darkest blue figures 4
and 5). This indicates that P. conspicillatus habitat is likely to shrink, and become more suitable
for P. alecto, which raises concerns over P. conspicillatus conservation measures that might also

affect HeV epidemiology.
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Figure 7.2: Present risk of HeV spillover as explained by the distribution of P alecto. The Hunter valley mark is

a high horse density area.

Model fit and performance

The model selection procedure resulted in retention of the variables and interactions in tables
7.1 (P. alecto) and 7.2 (P. conspicillatus). For the P. alecto system I could successfully implement
the best model according to the AIC of the downweighted Poisson regression. However, for the

P. conspicillatus system all attempts to include linear and quadratic terms or their interactions
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Figure 7.3: Present risk of HeV spillover as explained by the potential distribution of P. conspicillatus.

resulted in either singularity of the covariance matrix or in very long MCMC chains. As a result, I
sought to keep a balance between AIC and the convergence properties of the MCMC chain which
resulted in a simple model of linear terms of the climatic components and a cubic term of the P.

conspicillatus Maxent model.

Both models converged with 10M iterations, burn in of 1M and thinning rate of 9K. Both models
performed better than random based on its respective performance metrics. The P. alecto HeV
spillover system had an area under the curve ratio of 1.47 that was significantly different from 1
(P = 0.04, 1 represents the random prediction threshold) with an omission rate of 20% consistent
with the threshold to calculate the exceeding probabilities. The P. conspicillatus spillover system
that was tested with the Jacknife test, also performed better than random with a prediction rate of
0.75 (P = 2 x 107%). Given that I was looking for a 20% omission threshold and the small number

of presence points in the P. conspicillatus data set, the prediction rate of 0.75 is acceptable.

The absolute effect of each of the variables included in the model of the P. alecto system, only
bio15 (precipitation seasonality) and P. alecto had positive effects (Figure 25 in Appendix 9.6.3.2).

Whereas variables in the P. conspicillatus system, only probability of P conspicillatus presence had
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Table 7.1: Posterior parameter estimates of the P, alecto system model. 5’s represent the regression coefficients.

Parameters o and ¢ are the mean and variance of the spiked exponential covariance function. bio5 = maximum

temperature of warmest month, bio9 = mean temperature of driest quarter, bio12 = total (annual precipitation),

bio15 = precipitation seasonality (coefficient of variation), Maxent.p.alecto = relative probability of presence (cli-

matic suitability).

median 2.5% 97.5%
log(o) 3.817497 x1072 -1.568415 7.081970 x107"
log(¢) 1.588467 2.679587 x107! 3.093003
Pintercept 3.922981 -3.376057 X10' | 3.852942 x10"
Pbios -9.316293 xX107% | -1.890911 X107 | 1.705975 X10~*
Bhioo -8.620517 x107% | -5.012380 X107% | 3.087590 x10~*
Briot2 -1.710871 x107% | -3.934777 X107% | 3.480018 x10~*
Priots 1.840011 107" | 9.811339 x107% | 2.795649 x107*

-1.438959 %102

-2.504255 X102

-3.564127 x10!

ﬁMaxent.p.alecto

5.913680 x10? -6.198367 1.252079 x10?

ﬂI(Maxent.p.alectoz)

2.524097 X101 | 4.738640 x1072 | 4.704084 x1071

ﬂbioS:Maxent.p.alecto

9.334252 1072 | 2.171861 x1072 | 1.726844 x1071

ﬂbiolZ:Maxent.p.alecto

Bhio1z:biots -1.433364 xX107* | -2.197990 x10™* | -7.637361 x107°

-7.449967 x107% | -1.408666 107! | -1.353857 x1072

ﬂbiol2:I(Maxent.p.alectoz)

a positive effect on the probability of exceeding the intensity threshold (Figure 26 in Appendix

9.6.3.2). Proof of model convergence is given in Appendix 9.6.3.2, figures 29-34.

Extrapolation analysis

All future climate scenarios result in novel conditions for the model especially in northern
areas. Extrapolation affected mostly the projections of the P. alecto spillover system, because
extrapolation occurred in the novel areas in northern QLD (top right corner of the right side
panels Figure 7.4). All the climatic variables used in the model caused type 1 extrapolation in these
areas. Type 1 extrapolation is an increased range of values than used in model training (Mesgaran

et al., 2014). Additional areas of extrapolation occurred in southern locations along the coast.
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Table 7.2: Posterior parameter estimates of the P. conspicillatus system. bioZ = mean diurnal range (mean
of max temp - min temp), bio5 = maximum temperature of warmest month, bio9 = mean temperature of driest

quarter, p.consp = relative probability of presence (climatic suitability).

Parameter Median 2.5% 97.5%

log(o) 0.2876164 | -2.29218438 | 1.72870463
log(¢) 15956162 | 0.17490535 | 2.93283772
Boioz -0.3454483 | -0.82917878 | -0.06260373
Bhios 0.1196481 | -0.09607769 | 0.48394434
Bios -0.1569954 | -0.48183344 | 0.04463800
Biip.consp®) 103125608 | 2.46454087 | 28.37984947

Because extrapolation in these areas was caused by the model of P. alecto distribution which can
only have values 0-1 extrapolation artefacts are unlikely. We did not perform an extrapolation
analysis for P. alecto models, but only compared the predictions of Maxent models fit with and
without clamping and extrapolation and did not detect any difference.

Extrapolation in the P. conspicillatus system was mostly present in areas that are outside the
range of P. conspicillatus. These areas were included as quadrature points because P. conspicillatus
records reach some of the climatic regions that were assumed to constitute the areas available
to colonise by the bat species. Therefore, predictions within these areas are least likely to affect
predictions, save for the novel areas in the northernmost end of Australia. Some climate change
scenarios, however, predict the occurrence of extrapolation type 1 and 2 through the current
distribution of spillover likely caused by P. conspicillatus. Probability of extrapolation for this

system is shown in the top right corner of the right side panels in Figure 7.5.

Discussion

When models were projected to climate change scenarios, I observed a southwards expansion
of suitability, but high uncertainty in areas north of the current distribution. In addition to a
southwards increase, some scenarios predicted an inland expansion in the P. alecto spillover system.
However, while the total area at risk of spillover was predicted to increase, probability of spillover

in these areas was predicted to slightly decrease, especially with respect to P. conspicillatus.
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In areas at risk with respect to P. conspicillatus, risk with respect to P. alecto was predicted to
remain relatively stable or increase. These expansions suggest that additional mitigation efforts
should be allocated where risk has been predicted to increase (marked as red in the consensus
maps in Figures 7.4 and 7.5). In addition, the further expansion of P. alecto into P. conspicillatus
areas implies that P. alecto may replace P. conspicillatus. Regarding the potential frequency of
spillover events I cannot make any statements because the seasonal patterns could change rather

unpredictably (Chapter 6, (Pascual and Dobson, 2005)).

Regarding the biology behind the statistical associations in the models, there seem to be
similarities with the consensus model in Chapter 6 in the P. alecto system. First, most of the
variables’ interactions that were kept in the model represent rainfall (bio12) and its seasonality
(bio15). These two interact with the suitability for P. alecto, indicating that interactions between
rainfall, its variability and the probable presence of this bat species are important for spillover.
In fact, high suitability for P. alecto is not enough to explain spillover, because Maxent.p.alecto
alone had a negative effect, which is reversed when it interacts with rainfall levels (Table 7.1). Of
course it would be speculative to state which components of HeV spillover would be affected,
bats, horses vegetation or the virus. What I could infer from these associations is that rainfall
levels and its variability with respect to seasonal extremes could in fact be important drivers of
spillover risk (Martin et al., b, in-review, Chapter 6). Whereas in the P. conspicillatus system, the
small number of spillover events (9), limits the number of variables that could be included in the
model and its interactions. From the structure I kept, only climatic suitability for P. conspicillatus
had a significant effect. Given its cubic exponent and positive effect, I can infer that transmission
from this species to horses could only occur in areas where climatic suitability for this species is
very high.

The forecasted area of HeV spillover to horses is wider than the area of detected HeV spillover
events. Based on both, P. alecto and P. conspicillatus, areas farther north than previously recognised
were predicted to be at risk. Absence of spillover detection in these areas is probably due to
the very low density of horses and potentially of humans (Figure 7.1). However it seems that
low horse population densities are associated with higher spillover risk (Chapter 6, Martin et al
in-review).

Previous niche modelling of Henipavirus hosts predicted broad areas at risk in Australia (Daszak
et al., 2013). Our results differ from these predictions because I have included more detailed data

regarding the causal associations between the reservoirs and spillover hosts. Before 2014 it
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was unclear which bat species were more relevant for HeV epidemiology. Recent findings have
provided statistical (Smith et al., 2014), epidemiological (Edson et al., 2015) and ecological support
(Martin et al., 2016) for the involvement of P. alecto and P. conspicillatus as the main HeV reservoir

hosts. Hence the narrower areas that I predicted to be at risk.

There was complete agreement among climate change scenarios that there will be a southwards
increase of suitability for spillover caused by the response of P. alecto to climate change. However,
the already observed southwards expansion of P. alecto is faster than predicted by changing
climate (Roberts et al., 2012), suggesting that other factors are also affecting the presence and
density of species (Soberon and Peterson, 2005). To date the southernmost recorded spillover
events in Kempsey, north-central eastern NSW (figure 7.1), lie within the limits of the current
potential distribution of spillover (blue areas in left panels of Figure 7.5). This shows that even
when P. alecto is capable of occupying areas beyond its optimal niche, spillover occurs within the
areas with the highest suitability in most cases, most likely due to higher densities of P. alecto
(Martin et al.,, 2016). Therefore, as climatic suitability alone for P. alecto continues to increase

southwards, spillover is likely to do so as well.

As mentioned above, the models predicted a southwards expansion of risk with high agreement
between climate change scenarios; and farther inland with lower agreement. The cause of
predicted expansions might be related to the higher temperatures expected at higher altitude and
lower latitudes (Lafferty, 2009), particularly in Australia (Williams et al., 2003). This is consistent
with the predictions of tropical diseases expanding or shifting into subtropical areas (Lafferty,
2009). The lower agreement on the inland expansion indicates that the effect of altitude is less
clear among climate change scenarios. In fact, some of the scenarios indicate that there could be
a contraction towards the coast. Consequently, to adequately assess if there will be expansion
or contraction to and from the coast, flying fox monitoring programs might be of great value to
establish which is the more likely scenario, that could result in a decrease of the horse population

density at risk in central QLD.

The ultimate implications of the south and probable inland expansion could be a greater number
of horses at risk of spillover, based on this study. Depending on the representative concentration
pathway (RCP), there will be at least 112-165,000 more horses at risk out of a population of 64,000
horses currently at risk in eastern QLD and north-east NSW (175-260% increase) based on the
2007 horse census. Because there is considerable uncertainty around the potential outcomes

in new areas, more research is needed, first to verify predictions of increased risk, second to
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assess changes in horse population since 2007, and then to anticipate the consequences. One
potential area of ecological and epidemiological research might involve the role of novel ecological
interactions between flying foxes and other organisms that could experience distributional shifts.
We need to understand if these novel interactions affect the dynamics of bat populations, HeV

and spillover (Williams et al., 2003; Sala et al., 2009).

Our models predicted that spillover could decrease with respect to P. conspicillatus in response
to climate change. However, with respect to P. alecto spillover was predicted to remain or increase
within the areas suitable for P. conspicillatus. Therefore, these areas of tropical north QLD could
experience a replacement of reservoir host species. We don’t know if such replacement of reservoir
hosts may result in epidemiological processes that would require different mitigation strategies.
We recommend, as a result, that an area of research might involve the development of specific
management strategies for the different flying fox species relevant to Hendra virus spillover to

anticipate flying fox species’ replacements.

The predicted shrink of P. conspicillatus potential distribution could also affect the dynamics of
many ecosystem processes because flying foxes are effective pollinators and seed dispersers. The
absence of such ecosystem services could result in further biodiversity loss. Such loss of ecosystem
services occurs even before bats become extinct (McConkey and Drake, 2006). Consequently
serious additional conservation issues may arise as result of P. conspicillatus decline that could

also affect HeV epidemiology.

Predicting HeV spillover with the methods I used carries considerable uncertainty. Sources
of uncertainty are likely related, but not limited to: 1) the type of presence only data used; 2)
the effects of climate on HeV spillover act at several different levels of ecological organisation
and are not well understood; 3) flying fox species distributions do not depend entirely on climate
(Tidemann et al.,, 1999; Vardon et al., 2001); 4) the predicted distributions in response to climate
change do not account for other organisms’ shifting distributions that affect bats; 5) climate
change could also affect horses’ behaviour or susceptibility to diseases which could either increase
or decrease spillover risk, however this aspect might also be affected by human intervention.
Other organisms shifting distributions might give rise to novel and unpredictable interactions
and effects on bat distributions. It is unclear whether the lower average probability of spillover
that climate change scenarios predict will effectively translate in lower frequency of spillover. All
of these issues, warrant further research to increase understanding of HeV epidemiology and bat

virus spillover in general.
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Spillover of diseases from wild to domestic animals and humans comprises several levels of
ecological organisation. The first level includes the distribution of the reservoir host, and then the
distribution of the causal agent within the reservoir host (Plowright et al., 2015). By including
the additional layer of spillover host distribution as an offset during model fit, I have isolated the
effect of climate (Taylor et al., 2015) on the biological processes that affect the reservoir and the
causal agent and result in HeV spillover . Therefore, the models represent the underlying risk
to any spillover hosts present in the areas predicted to be at risk. The 20% omission threshold
indicates that within these areas at least 80% of spillover cases will occur. The precise location and
timing of spillover cases will depend on processes that occur at smaller scales like the fraction of
susceptible horses that are effectively exposed to surviving virus excreted in areas where infected
flying foxes forage (Plowright et al., 2015). Consequently the models should be used to identify

areas to allocate resources for mitigation and undertake research activities.

Conclusions

Our results indicate that current potential distribution of HeV spans farther north, but the absence
of reported spillover events might be due to the very low horse density. Spillover will potentially
increase towards the south, and inland. However, the latter expansion will have to be assessed by
monitoring of flying fox populations. In northern QLD, the likely replacement of P. conspicillatus
by P. alecto indicates that mitigation strategies may have to be adapted to mitigate risk of HeV

spillover.
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Figure 7.4: Predicted risk for 2050 in two greenhouse gas representative concentration pathways (RCP) for the
P, alecto spillover system. Top RCP 45, and bottom RCP 85. Left panels show areas of expansion and contraction
and the level of agreement between climate change scenarios. Right panels show the average predicted probab-
ility of spillover among climate change scenarios (main panels); top right corners show the probability of model
extrapolation (pixel-wise proportion of scenarios that had either extrapolation type 1 or 2). The red and green
areas in the bottom left of the agreement scenarios are most likely overpredictions, and shouldn’t be interpreted

as areas at increased risk.
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Figure 7.5: Predicted risk for 2050 in two greenhouse gas representative concentration pathways (RCP 45 and
85) for the P. conspicillatus spillover system. Left panels show the areas of contraction and expansion and the
degree of agreement between climate change scenarios. Right panels (main) show the averaged probability of
exceeding the threshold intensity. Top right corner of left panels shows the pixel-wise probability of extrapolation

in the averaged model.
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Part IV

The paddock environment and horse
behaviour: influence of paddock on risk

of contact with Hendra virus
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CHAPTER 8

Tree cover in paddocks could be an important determinant

of exposure to Hendra virus in horses

A necessary factor for spillover to occur is spillover host exposure to live viral particles (enabling
conditions for spillover, Chapter 2, Plowright et al., 2015). Depending on climatic conditions,
horse contact with HeV has to be immediately or soon after excretion for transmission to occur
(Chapters 3 and 4). Consequently, the more time horses spend away from these areas the less
likely they are to contact live HeV. The time that horses spend away from areas contaminated
with HeV could be a result of husbandry, for instance, night time stabling, night time fencing of
trees, or the absence of incentives to remain in these areas.

Currently, very little research has involved studying the behaviour of horses, and more spe-
cifically how their behaviour relates to areas where HeV is excreted, which comprises the areas
covered by trees in a paddock (the drip zone; Field et al., 2011). To fill some of the gaps, I decided
to track horse movements with GPS trackers in order to calculate how much time they spend
in these areas. With the collected data I related the time horses spent under trees to a series of
paddock characteristics, to identify general paddock characteristics that might encourage horses
to spend time in the areas where HeV could be excreted.

The analytical methods that I used were Bayesian mixed effects models to try and correct for
sampling artefacts and unaccounted effects like specific horse behaviour. I compared the observed
data of time spent under trees with expectations from simulated data to see if horse movements
in paddocks resulted in time spent under trees similar to that expected under random movement
patterns. This allowed me to better understand the effect of some paddock attributes.

Overall I improved the knowledge of how horses behave in paddocks and the time they allocate

to areas covered with trees. I refined some of the mitigation strategies for horse owners based on
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potentially reducing the interactions between horses and HeV. In addition to improving mitigation,
understanding the contact rate between HeV and horses could help to parametrise mechanistic
models that can be used for spillover prediction.

This chapter has been submitted for publication in the Journal of Preventive Veterinary Medicine,

1 November 2016 (Martin et al., a in-review):

» Gerardo Martin, Rebecca ] Webb, Carla Chen, Raina K Plowright, and Lee F Skerratt. Tree cover
in paddocks is the main determinant of exposure to Hendra virus in horses. Preventive Veterinary

Medicine, a

ABSTRACT

Hendra virus is a Paramyxovirus of the genus Henipavirus of Australian flying fox
bats that causes fatal disease when it is transmitted to horses and thence to humans.
Transmission of Hendra virus to horses is most likely to occur under the trees where
bats feed. Therefore, it is important to understand the environmental factors that result
in horses spending more time under trees. To provide insights and generate manage-
ment strategies I investigated the relationship between the proportion of time that horses
spend under trees and characteristics of their paddocks. I deployed GPS trackers in ten
paddocked horses and measured paddock proportion covered by trees, grass and weed
height, size and number of horses among other attributes. To analyse the data I fitted
Bayesian mixed effects models to account for variability of individual horse behaviour,
sampling artefacts and the effect of temporal autocorrelation. I found that time spent
under trees increases mainly with the proportion of the paddock covered by trees during
both day and night, but is usually higher during the day. I did not find strong effects
of any paddock characteristics on time spent under trees during the day or night. These
results indicate that the most effective risk mitigation strategy could be restriction of
access to trees. However, because I cannot discard that grass management would af-
fect time spent under trees, reduction of grass under trees to reduce survival of excreted
Hendra virus has to be assessed for any adverse effects on time spent under trees in

places where restriction to trees is not possible.

Introduction

Horses are highly selective foragers that preferentially use parts of the paddock habitat for their

daily activities (Odberg and Francis-Smith, 1976; Fleurance et al., 2007). For instance, paddocks
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that are grazed by horses have a typical heterogeneous vegetative structure comprising areas with
consistently short or long grass as a result of feeding intensity (Odberg and Francis-Smith, 1976).
Horses usually prefer to feed in areas with relatively short grass and recent growth (Fleurance
et al., 2010). Where overall grass quality is lower, horses feed where grass is more abundant
or taller (Edouard et al., 2009). These interactions between horses and vegetation contribute to
determine overall availability of suitable grass within paddocks. Consequently the behaviour of
horses may be influenced by the plant community, opening up possibilities for manipulation of

horse behaviour by altering paddock structure.

Some infectious diseases are associated with types of habitat. For instance leptospirosis (a
disease caused by infection with bacteria of the genus Leptospira) is largely associated with
stagnant water bodies (Michel et al., 2001). Furthermore, some diseases are transmitted after
interactions with certain landscape features; for example, speleologists are at greater risk of
infection with Histoplasma capsulatum (Ashford et al., 1999; Taylor et al., 1999). For similar
reasons some species are considered susceptible to certain diseases as a result of behavioural
traits; stream dwelling frogs are generally more susceptible to infection with Batracochytrium

dendrobatidis than terrestrial frogs (Murray and Skerratt, 2012; Rowley and Alford, 2007).

Hendra virus (HeV), a Paramyxovirus in the genus Henipavirus, was discovered in 1994 in
Australia after a respiratory and neurological disease outbreak involving the death of 20 horses
and one human. The reservoir hosts of HeV were found to be two of the four mainland Australian
flying fox species, Pteropus alecto and P. conspicillatus (Halpin et al., 2011; Smith et al., 2014; Edson
et al.,, 2015). Flying foxes are nocturnal and feed mainly during the night on nectar and fruits
of native and some introduced plants. Due to the short survival time after the virus is excreted
in the environment, transmission from bats to horses is thought to be relatively direct, such as
bats urinating on horses or by ingestion of contaminated pasture under trees shortly after HeV
is excreted (Field et al., 2011; Martin et al., 2015). The area where horses contact the excreted
virus is known as the drip zone, which comprises the parts of a paddock covered by the trees
where flying foxes feed and excrete virus (Field et al., 2011). Therefore, identifying the attributes
of paddocks that influence the time horses spend under trees is of critical importance in order to
better implement risk mitigation strategies to reduce the risk of contact with HeV and improve

our understanding of the HeV spillover system (Plowright et al., 2015).

Here I investigated how paddock characteristics affect the proportion of time horses spend

under trees (in the drip zone). I established relationships between time spent under trees and a
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number of paddock attributes. From these I developed management recommendations to reduce

the risk of HeV spillover.

Methods
Data collection

In order to asses how a series of paddock attributes affect the proportion of time that horses spend
under trees I collected data on paddocked horse movements. To relate the proportion of time that
horses spent under trees (quotient of total minutes spent under trees by total minutes tracked) to
paddock characteristics I collected a series of variables that describe the paddock environment.

I selected four properties in the area of Townsville, QLD, Australia. The criteria to include them
in the study was: 1) lie within the known distribution of reservoir hosts of HeV; 2) have at least
one horse that depended on the resources that the paddock produced; 3) have a reasonable size
that allowed us to measure the vegetation with transects, track the horses with the GPS tracker
and made recovery of the trackers possible if they fell off the horse; 4) have trees; 5) that the
owners agree to take part of the study and vaccinate the horses against HeV (required by the
animal ethics committee).

The horses were eight thoroughbred, one hannover and one mixed brumby-thoroughbred. Of
the four different properties, manure removal was only carried out in one, which was the smallest
one that had two horses, a gelding and mare. This property had a shelter, although access was not
100% of the time. The largest paddock (ca. 7 ha), had five horses, of which I tracked only three, two
thoroughbred (gelding and mare) and the brumby-thoroughbred mixed (6 mo at the beginning of
the study). The remaining three thoroughbred horses were kept in paddocks of variable size and
were two geldings (8 yo) and two mares (10 and 3 yo). Grass in this property was managed by
rotation, so horses were moved to adjacent paddocks once resources were running low to allow
recovery. The hannover gelding was kept in a single paddock of 2 ha and had constant access to
food supplement. All the participating properties are located in the dry tropics and lie within the
distribution of P. alecto and at the edge of the distribution of P. conspicillatus (Martin et al., 2016).

Once properties were selected the movements of 10 horses were recorded with GPS trackers
built with arduino® components. I bought all the primary components of the trackers from

adafruit!. The board to interconnect the GPS plate, power source, memory jack and arduino board

https://www.adafruit.com/
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was designed by Sam Foley, from the James Cook University’s electronic engineering department.
The board was programmed with the arduino language to store the geographical coordinates in

the WGS84 coordinate system every minute.

Before I deployed the GPS trackers I assessed their accuracy and verified the battery duration,
and if accuracy changed with time and battery charge. To do so I left all trackers that were going
to be deployed under a tree for two weeks inside the same casing that I would use in the tracking
session. After this time, I downloaded the recorded data and measured the diameter that contained
95% of the fixes and measured the minimum error by longitude and latitude. This process was
repeated after the trackers were recovered from the horses to make sure trackers had not suffered

damage and that battery life was still 10-11 days.

Each horse was fitted with a tracker for up to 11 consecutive days (due to battery life constraints).
Horses were tracked once every one-three months between November 2014 and August 2015 to
ensure the effects of all seasons were considered. Animal ethics for this procedure was approved
by the James Cook University’s animal ethics committee, for the period 28 May 2014 to 30 April
2016, under the project name “Models that predict risk of Hendra virus transmission from flying

foxes to horses”.

In each tracking session I sampled the vegetation of the paddocks where horses were being
kept with measurement points evenly spaced every 10 metres along transects that uniformly
covered the entire paddock area. I recorded the geographical coordinates of the measurement
points with a hand held GPS. At each point, I obtained five measurements of vegetation height
(cm) and classified the vegetation as grass or herb (weed). One vegetation measurement was taken
at the GPS point and two on the left and right sides at one and two metres from the GPS point.
The registered coordinates and vegetation heights were used to generate interpolated maps of
vegetation average and standard deviation of height with a resolution equivalent to the GPS’s

theoretical accuracy of 5 m.

To calculate the proportion of time spent under trees I registered the coordinates of the trees in
each paddock. Then I loaded the coordinates in Google Earth to create the polygons around each
of the registered trees which I confirmed back in the paddocks. After this was accomplished I
rasterised the polygons at the same resolution of the interpolated vegetation maps (5 m pixels).
This resulted in binary layers of the areas covered/not covered. The proportion of time spent
under these trees was obtained by extracting the GPS coordinates of the tracking session and

obtaining the quotient of the total minutes spent under trees by the total minutes tracked.
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To compile the final dataset for analysis, I generated summary statistics of the interpolated
vegetation maps to use as explanatory variables. The datasets contained the daily number of
GPS fixes that occurred under trees, the total number of GPS fixes that occurred per day and
night along with the explanatory variables that describe the paddock environment. The response
variable for analysis was therefore the number of minutes that horses spent under trees and the

total number of minutes that the horse was tracked that day.

Statistical analyses

Because horses behave differently during the day and night (Houpt et al., 1986) there is a need to
understand how paddock characteristics might affect the total and daily proportion of time that
horses might spend under trees both during the day and night, and if there could be differences
explained by paddock structure. Consequently, the purpose of the analyses was: 1) determine
how the proportion of the paddock covered by trees affects the proportion of time spent under
trees; 2) find paddock characteristics, other than the proportion covered by trees, that increase
the proportion of time spent under trees, both daily and for the entire duration of the sampling
period; 3) find paddock attributes that influence differences of time spent under trees between
day and night , both daily and for the entire duration of the sampling period; 4) find paddock
attributes that influence the proportion of time spent under trees during the day and during the
night separately.

Consequently, the analyses were performed at two different temporal extents. In the analyses
of total time under trees, I only used the data of the GPS trackers that worked for more than 24 h.
For the daily time under trees only the data collected over 6 h or more was used. For instance if a
tracker worked for 18h, this data was used in the daily time under trees analyses but not on the
total time under trees analyses.

To analyse data I used generalised linear mixed effects models with continuous and the cat-
egorical variables time of day, which comprised two levels day (GPS fixes between 18:00 and
6:00) and night. The mixed effects included in all the models were used to control the effect of
individual horses, the sampling session and time since deployment of the GPS tracker (included
only in the models analysing daily time under trees). The potential confounders identified were
mostly derived from collinearity between variables. For instance the amount of trees, grass, and
weeds were all correlated with each other because plants in grasslands compete for space, light,

and nutritional resources (Wilson and Tilman, 1991). A first step taken to reduce the effect of
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the potential confounders was to eliminate all variables with a correlation coefficient p > 0.75.
Secondly, to adequately interpret the models, the response of the observed proportion of time
under trees to the different variables were compared with the responses of models fitted to simu-
lated data of expectations of the proportion of time spent under trees if horses moved randomly

(details below).

Modelling the proportion of time spent under trees

All data was analysed with Bayesian generalised linear mixed effects logistic models using JAGS
4.0 (Plummer, 2003) interfaced in R 3.2.3 (R Core Team, 2016) with the r2jags package for

MCMC with Gibbs sampling. The general type of model fitted was:

1Ogit(Punder trees,i) = ﬂi X Xi + Yhorse + Ysession + Ytt + & (8.1&)

NGPS fixes under trees ~ binomial (NTotal GPS fixes> Punder trees, i) (8~1b)

Parameter priors:

fi ~ normal (0, 106)
Yhorse, session, t ™~ normal (0, ol )

horse, session, ¢
aﬁorse’sessmn’ , ~ cauchy (0, 25)

Where Pynder trees 1S the proportion of time that horses spent under trees; f5; are the covariables’
effects, in the case of ANCOVA models with the categorical variables day and night the subscript
i = (1,2), hence each B; has two levels; ys are the random effects for horse sampling session
and t (time elapsed since beginning of the sampling session) ; ¢ are the residuals assumed to be
normally distributed; and X is the matrix of predictors: intercept, tree cover (C), paddock size
(S), grass height (G), weed height (W) and time of day (categorical with levels day and night) and
their products (interactions). All parameter priors were normally distributed with mean zero
and variance 10° to let data dominate the posteriors (non-informative). However the variance of
random effects (02) had a half Cauchy prior. To fit these models I started running three chains of
100K iterations and then increasing the number of iterations until all parameters in all chains
converged according to the Gelman and Geweke diagnostics (Geweke, 1992; Brooks and Gelman,
1998).

Model selection consisted of changing the elements of matrix X. First including all the variables

interacting with tree cover, and then incorporating other interactions between cover, size, grass,
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weed and number of horses. The model matrix that minimised the deviance information criterion
(DIC) whilst retaining the assumption of normal residuals (¢) was kept. As proof of adequate
fit I performed posterior predictive checks, aiming for data to represent the median of model

posteriors.

Comparing the responses of models with random movement expectations

The responses to the explanatory variables fitted by the models might reflect the degree collinearity
between variables that I kept (p < 0.75). For instance, tree cover and grass correlate negatively,
which might result in an apparently negative effect of grass on time spent under trees. To better
understand the effects of variables on the proportion of time spent under trees I compared the
responses of the models fitted to collected data with the responses of models fitted to the simulated

proportion of time spent under trees expected if horses moved randomly in paddocks.

If horses move completely randomly across the paddock, the proportion of time spent under
trees should be proportional to the proportion of the paddock covered by trees. To simulate
a data set of expectations of the proportion of time spent under trees resulting from random
movements I implemented a binomial process using the number of GPS fixes and the proportion
of the paddocks covered by trees. First to simulate a sample size (Ns;;,), the number of GPS fixes
of the collected data was used as the expectation of a Poisson process; second, the proportion of
the paddock covered by trees was used as the probability of success (Ps¢c) of a binomial trial
with sample size Ni;p,; finally a number of GPS fixes was generated using the two numbers Pgy¢c

and Nj;,,. The validation of this procedure is described below.

The simulated data was fitted to the optimal model for the collected data obtained with the
selection procedure described above. To test the effect of the rest of the explanatory variables
on the outcome of the simulated data, I fitted a simple model of simulated time under trees
vs tree cover and compared the DIC of the full model vs the simple model. If the full model
fitted to simulated data had a lower DIC than the simple model, then the collected data could be
representative of a random movement scenario. Finally, to compare the effects of the variables on
simulated data with the effects on the collected data I calculated the probability that horses spend
more or less time under trees than expected if they moved randomly across the paddock, using

the posterior samples of both models (fitted to collected and simulated data).
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Validating the random movement expectations

To show that time under trees in a random walk approaches a binomial process, where proportion
of tree cover is the probability of success in a binomial trial I simulated a series of random walks.
I took the described approach because the location data of horses in relation to tree cover was
collected binomially. To match the sample size of the collected data, the simulated walks were
set to last 6 h to 11 days (6 h was assumed to be the minimum acceptable sample size to obtain
a measure of time spent under trees independent of the starting point, and 11 days was the
maximum lifespan of the GPS batteries). Simulations took place in a finite space of 1 ha that
represented the paddock. To obtain estimates of time spent under trees I created a layer of tree
cover by setting randomly the location of five trees. The proportion of the paddock covered by
trees was generated using canopy sizes of 2-20 m. Each combination of settings (days sampled
and canopy sizes) was run 100 times. With the simulated canopy coverage I generated a binomial
process, using the length of the sampling period as the sample size, and the resulting number of
successes was the number of times that horses occurred under trees in the simulation. Then I
measured the correlation between the outcome of the binomial process and the time spent under

trees in the simulated walk.

Results

The GPS trackers built with arduino components performed well according to the accuracy
assessments through the study period. In all the trackers that I deployed in the field the accuracy
under trees was ~ 4 m. In limited occasions (< 1%) the error was up to 15 m, and the error rate
did not increase significantly with proximity to the tree. This was not the case when the trackers
were inside a building (this was merely observational and was not formally tested). In addition I
did not detect any effect of the casing on accuracy. However I did detect that error rate increased

between the fixes that were closer to the 10

day. In these cases, errors in the date an time of the
fix appeared in the dataset, and allowed us to eliminate dubious data points, which in many cases
were also far from the paddock boundary. For these reasons, I did not take special precautions in
addition to removal of obviously wrong fixes when calculating the proportion of time spent under
trees. The error rate of the actual fixes was smaller than the theoretical accuracy of the trackers

(5 m) which was the same resolution of the collected vegetation data. In addition variability of

time spent under trees far exceeded the error rate of the GPS fixes, even in the simulated data of
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time spent under trees.

Collected data

At the beginning of the study, sample sizes from all 10 horses were small, and gradually increased
in quantity and quality towards the end of the study as I improved the attachment method of the
GPS trackers. Another reason for increasing data quality and quantity was that during summer
and early spring months of the study area were very hot and humid which favoured loss and
damage of the trackers. In total I undertook five tracking sessions in November 2014, February,
March, June and August 2015. The effective data recorded in each session was from 3, 4, 6, 4 and
7/10 horses respectively. Out of a theoretical maximum of 15840 fixes (number of minutes in 11

days) per session the number of effective fixes per horse is given in table 8.1.

Table 8.1: Number of fixes per session per horse. The number in parenthesis is the paddock number where
tracking and vegetation sampling took place. The blank spaces are due to GPS malfunction/damage or falling off

the horse. In some instances recovery was not possible.

Horse Nov Feb Mar Jun Aug Property
Bart 1455 (1) | 8644 (1) | 11787 (1) | 3334 (1) 1
Milly 3141 (1) 1
Maverick 301 (4) | 9572 (5) | 5543 (3) 2
Mary | 8298 (2) 1311 (5) | 12522 (3) 2
Nickel | 8048 (2) 4291 (5) | 5504 (3) 2
Tellitha 6202 (4) 2
Locky 672 (6) | 11919 (6) 9977 (6) 3
Sasha 13917 1480 (7) 4
Larry 1355 (7) 7137 (7) 4
Foal 7020 (7) 4

The explanatory variables that were recorded are grass and weed average, standard deviation,
minimum and maximum height (centimetres); canopy openness (proportion of the ground re-
ceiving direct sunlight), tree cover (binary), distance to trees (metres), size of the paddock and

number of horses in each paddock. Table 16 (Appendix 9.6.3.2) contains summary statistics of

138 INFLUENCE OF TREE COVER ON HEV EXPOSURE



Table 8.2: Tree cover characteristics of the properties and paddocks where horses were tracked.

Pty/Paddock | % Tree cover (N) | Canopy sizes (m) | Paddock size (m?) | Tracked/Total

1/1 19.7 (14) 3-26 4847 2/2
2/2 10.9 (26) 2-57 23500 3/5
2/3 20.5 (21) 3-73 12700 3/5
2/4 0.52 (4) 4.5-8.5 17300 4/5
2/5 0.64 (4) 4-14 15800 4/5
3/6 10.9 (41) 3-18 16000 1

4/7 2.5 (22) 4-106 70000 3/5

each of these explanatory variables and the response.

The exploratory analysis revealed that all the explanatory variables were correlated to some
degree with each other. As a result I only kept average grass and weed heights, tree cover, size and
number of horses as explanatory variables because these variables had a correlation coefficient
p < 0.75, and had a more straightforward interpretation than the rest. Table 8.2 contains a
description on the paddocks where sampling took place.

In general terms, the proportion of time spent under trees was mostly affected by the proportion
of the paddock covered by trees (example in Figure 8.1). All other paddock attributes included in
the models had smaller statistical contributions, either towards explaining the proportion of time
spent under trees, or to explain differences between time spent under trees during the day and
night. In the following sections I describe how the different paddock attributes affect 1) proportion
of time that horses spent under trees during the entire time they had the GPS tracker; 2) the daily
proportion of time spent under trees; 3) effects of the paddock on the daily differences between
day and night of the proportion of time spend under trees; 4) paddock determinants of daily

proportion of time spent under trees during the day and night separately.

Statistical analyses

Total time spent under trees

The model matrix that had the lowest DIC was:
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Figure 8.1: Tracks followed by two horses in property 2 during the tracking session in November 2014.

X = diag (1,C,S,G,W,S-G,S-W,C-G,C-W,C-S-G,C-S- W) (8.2)

Whose elements are: C = tree cover, S = paddock size, G = grass height, W = weed height
and their products (e.g. S - G). From here on all parameter values f; are subscripted after the
explanatory variable’s effect they describe. Where indicated with the sim subscript, it refers to
the parameter estimates for the model fitted to the simulated data set.

Most of the interactions were between cover, size and grass or weed, which can be interpreted
as the effect that the amount of grass or weed in the area covered by trees have on horses spending
time under trees.

Of all the statistically significant effects, the interaction S - W, of paddock size (S) and weed
height (W) explained the most deviance although its coefficient was small, sy = —0.05 (-0.058
- -0.047, 95% credibility interval, Cr. L). The second most influential variable, according to the
model was weed height, its coefficient was of a greater magnitude, Sy = 26.455 (12.583 — 41.372,
95% Cr.I.). These two effects indicate that weed height alone increases the time horses spend
under trees more than the size of the paddock. However, when paddocks are larger, greater weed
height tends to decrease the time spent under trees (because fsw is negative). The third variable

explaining the most deviance was the interaction C - W, and the magnitude of its coefficient was
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equally large, few = —143.04 (-191.04 — -94.289, 95% Cr. L.). The DIC of this model was 263.3,
with an average of 20.0 effective degrees of freedom. Table 8.3 shows the effects of the remaining
variables and interactions. The model fitted to the simulated data, had similar effects, however
the variable explaining the majority of deviance was W with a large and significant coeflicient,
Bw sim = 26.68 (23.41 — 29.96, 95% Cr.L). Despite these similarities, a more parsimonious model

for the simulated data was:

X = diag (1,C) (8.3)

The DIC of the model fitted to simulated data with matrix 8.3 was higher than the full model
fitted with matrix 8.2 but its residuals were normally distributed, unlike the model with matrix
8.3. This indicates that the full model that was adequate for the collected data, was biased for the
simulated data. In both models (model matrices 8.2 and 8.3) fitted to simulated data, time under
trees increases significantly with tree cover (C) (Table 12, Appendix 9.6.3.2). The effect of tree
cover in the full model fitted to collected data was not significant, fc = 8.220 (-6.79 — 25.217, 95%
Cr.L). This indicates that the effects of the model fitted to collected data are real, and that horse
movement is unlikely to be completely random despite the similarities of the models fitted to

collected and simulated data.

Daily time under trees

Differences between day and night First I compared the time spent under trees during the day and

night with ANCOVA models. The model with the lowest DIC (4702.9) was:

X = diag (ldaya 1night,Cday,Cnight) (8.4)

A random intercept model where 144, and 1,45, are the intercepts for each day time category.
The model parameters explaining the most deviance are the night intercept and f,;4x:, which
were both significantly different from zero, although not significantly different from the day
parameters (Table 13, Appendix 9.6.3.2). The overlap between day and night parameter estimates’
credible intervals indicates that there were no statistically significant differences between time
spent under trees during the day and night (Table 13, Figure 8.2), B44y = 9.3 (8.38 — 10.25, 95% Cr.
L), Bnight = 13.68 (12.72- 14.66, 95% Cr. 1.). However, the greater intercept of time under trees by
day is close to statistical significance, indicating that horses tend to spend more time under trees

at lower levels of tree cover during the day compared with night. These results suggest that horses
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Table 8.3: Parameter estimates of the models with collected and simulated data for determinants of total time

under trees.
Y Collected (DIC=263.3) Simulated (DIC=190.9)
Mean 95% Cr. L. Deviance | Mean 95% Cr. L. Deviance

Cover 8.220 -6.794, 25.217 1.042 8.646 3.760, 17.591 0.971
Size -0.009 -0.011, -0.007 9.303 -0.001 -0.003, 0.002 1.010
Grass -0.183 -0.235, -0.132 1.752 -0.219 -0.242, -0.157 2.114
Weed 26.455 12.583, 41.273 38.393 25.823 21.905, 30.413 39.496
Size - grass 0.000 0.000, 0.001 8.662 0.000 0.000 2.860
Size - weed -0.050 -0.058, -0.042 41.238 -0.007 -0.017, 0.004 6.411
Cover - Size 0.015 -0.044, 0.067 1.723 -0.054 -0.090, -0.024 3.726
Cover - Grass -5.789 -9.907, -2.208 6.142 -4.304 -7.105, -3.164 4.843
Cover - Weed -143.040 | -191.656, -94.289 30.597 -88.363 | -110.442, -68.343 19.835
Cover - Size - grass 0.009 0.000, 0.019 6.591 0.012 0.009, 0.019 9.118
Cover - Size - weed 0.305 0.169, 0.431 29.500 -0.155 -0.269, -0.043 15.921

do not necessarily seek shelter from the sun in tree shaded areas. When this model was fitted
to simulated data, there was no difference between day and night as expected. The difference

between collected and simulated data models was very small (Table 14, Appendix 9.6.3.2).

Determinants of time spent under trees during the day and night The model I fitted to find the determinants

of differences on time spent under trees during the day and at night was:

X Idiag(O, C, Cday’ Cnighta C- Sdaya C- Snighta C- Gdaya
C- Gnight’ C- Wday’ C- Wnighta c-S- Gdaya c-S- Gnighty

c-S- Wdaya Cc-S- Wnight, c-S- Hday,c - S Hnight)

where 0 indicates no intercept and H = number of horses (rest of the variables defined above).
Its DIC = 3817.7 and with normal residuals indicated that it is an adequate model for the data.
In this model the variable explaining most deviance was tree cover (C) which as expected had a

positive effect, although it was not significantly different from zero, fc = 37.12 (-1060.65 — 1157.43,
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95% Cr.l.). Next in importance to tree cover alone, was tree cover during the day, and its effect
was not significant, fc_gqy = —0.25 (-1111.4 — 1105.43, 95% Cr.L). The third variable explaining
most deviance was tree cover during the night, fc_nign: = 79.416 (-1036.59 — 1185.65, 95% Cr.L).
These parameter estimates indicate that there was little effect of tree cover on differences between
daily time spent under trees during the day and night. As for other parameters representing the
effect of other paddock attributes, the effect of paddock size has a significant effect during the
night, and the deviance it explained was almost equally large (Table 8.4). This means that larger

areas covered by trees increase the chances of horses interacting with them.
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Figure 8.2: Differences between time spent under trees at day and night. None of the parameters (intercepts
and slopes) were significantly different from each other, hence the overlap. Solid lines represent the average

estimates and the ribbons are the 68 and 95% credibility intervals.

While the size of the paddock has a negative effect during the day it was not statistically
significant. The comparison of this model with the simulated data was not possible because the
simulated data model did not converge, even with an extremely large number of iterations. This
indicates that although the model proved to be adequate for the collected data it was not so for

the simulated data. The effects of the remaining variables and interactions are shown in Table 8.4.

Separate models for day and night Based on the findings of the above model I fitted two separate models

to determine specifically how paddock structure affects time spent under trees during the day
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Table 8.4: Parameter values of the model of determinants of time spent under trees at day and night fitted with

the collected data.

B Mean 95% Cr. L. Deviance (mean)
Cover 37.121 | -1060.652, 1157.436 49.296
Covergqy -0.258 | -1111.403, 1105.430 47.003
Coveryighs 79.416 | -1036.594, 1185.653 44.160
Cover - Sizeday -0.157 -0.618, 0.265 13.967
Cover - Sizepign: -0.724 -1.179, -0.290 43.689
Cover - Grassgqy -0.615 -3.763, 3.908 1.571
Cover - Grass,igh: 2.736 -0.355, 7.236 2.338
Cover - Weedday -5.701 -23.611, 10.667 1.583
Cover - Weed,ign: -23.667 -41.668, -6.691 4.090
Cover - Size - grassgqy 0.002 -0.003, 0.007 1.956
Cover - Size - grassyighs 0.002 -0.003, 0.006 1.677
Cover - Size - weed gy 0.022 -0.044, 0.091 2.881
Cover - Size - Weedn,-ght 0.100 0.032, 0.170 7.969
Cover - Size - horsesgqy 0.024 -0.050, 0.100 10.198
Cover - Size - horses,ign; | 0.120 0.043, 0.197 31.754

and during the night separately. The model matrices that minimised the DIC, while retaining

normality of residuals were:

Xgay = diag (C,C-S-G,C-S-H,C-S-W,C-S-G-W) (8.62)

Xnight = diag (H,C-S,G-W,C-S-H,C-5-G-W) (8.6b)

Day During the day, the variable explaining most deviance was the four-way interaction between
tree cover, paddock size, grass height and number of horses, although its effect was not statistically
significant (P > 0.05). None of the parameters were significantly different from zero. Of all
parameters, the one with the largest value was fc_gqy = 15.47 (-8.935 - 28.08, 95% Cr. L, tree
cover during the day). In the model fitted to simulated data, tree cover had a positive and significant

effect, and while other parameters were also significant or explained more deviance than tree
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cover, the parameter for tree cover was the largest (Table 15, Appendix 9.6.3.2). The best model
for simulated data was the model of time under trees vs tree cover without intercept (DIC = 742.5,

vs 772.4 of the full model, Figure 8.3).

When I compared the models fitted to collected and simulated day data the probability of
spending more time under trees than moving randomly was < 0.05, across all levels of tree
cover (Figure 8.3). However, in response to grass the probability of spending more time under
trees than moving randomly decreased to nearly zero around 10-15 cm long, but increased to
0.1 at maximum grass height. This indicates that in response to 10-15 cm of grass length, horses
spent significantly less time under trees than if they were moving randomly. Unlike grass, the
abundance of weed apparently drove horses to increase the expected time spent under trees, until

it resembled random movements (P ~ 0.5) at the greatest weed height.

During the day, the variable explaining most deviance was the interaction between tree cover,
paddock size, grass height and number of horses, although its effect was not statistically significant
(P > 0.05). None of the parameters were significantly different from zero. Of all parameters, the
one with the largest value was fc_gqy = 15.47 (-8.935 — 28.08, 95% Cr. L, tree cover during the
day). In the model fitted to simulated data, tree cover had a positive and significant effect, and
while other parameters were also significant or explained more deviance than tree cover, the
parameter for tree cover was the largest (Table 15, Appendix 9.6.3.2). The best model for simulated
data was the model of time under trees vs tree cover without intercept (DIC = 742.5, vs 772.4 of

the full model).

Night  The factor that explained most deviance during the night was the interaction between tree
cover and paddock size, with a positive effect, fcs_nigh: = 0.059 (0.005 - 0.12, 95% Cr.L). The only
other parameter that had a significant effect was the number of horses, fy_pnighs = —1.91 (-3.0
- -1.026, 95% Cr.L). The effect of fy_pnign: relative to the magnitude of H (|fg-nigh: x H| =

7.48 ) is more than twice the effect of the interaction of tree cover — paddock size (C - S,

|Bcs—night X C- S| =3.25). Hence, despite the larger values of C - S, the effect of the posterior
estimates for fy_nign: are greater. The probability that time under trees is greater than in the
simulated data decreases with the number of horses (Figure 8.4). The fitted effect in the collected
data is, however, very similar in the model fitted to simulated data. In fact, the number of horses
explained the majority of the deviance in the model fitted to simulated data (Tables 14-15). How-

ever, the best model for the simulated data was time under trees vs tree cover without intercept
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Figure 8.3: Partial responses fitted by the models (colour) explaining time under trees at day. Black lines show

the probability that time spent under trees is greater than expected with the simulated data.

(DIC = 563.3, vs 596.1 of the full model).

Validating random expectations with random walks

I verified that the time spent under trees when horses move randomly approaches the proportion
of paddocks covered by trees by simulating random walks by. To incorporate artefact sources
in the collected data, I simulated random walks of different lengths representing the time that

horses had a GPS tracker.

In these simulated walks, the effect of increasing the length of the sampling period was a
decrease of the variance of time spent under trees at all levels of tree cover. In addition, variance
increased with the proportion covered by trees. Therefore the highest variance or proportion of
time spent under trees occurred in short walks with high tree cover (Figures 35-36, Appendix
9.6.3.2). The correlation between time spent under trees in the simulated walks and a binomial

process generated from the tree coverage and the simulated walks was p = 0.91 (P < 0.05).
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Figure 8.4: Partial responses fitted by the models (colour) explaining time under trees during the night. Black

lines show the probability that time spent under trees is greater than expected with the simulated data.

Discussion

Our study shows that the effect of paddock environments on time horses spent under trees is
relatively weak. However, contrary to scenarios of completely random movement, the time horses
spend under trees is not completely determined by the tree coverage of a paddock. In some cases
time spent under trees is lower than expected by random movements in response to tree cover
(Figure 8.3). In addition, time under trees is higher during the day than during the night. While
under some paddock structure scenarios, horses spend significantly less time under trees than if
they moved randomly, the very large variability of outcomes would make HeV risk mitigation
based on modification of paddock structure highly uncertain. Because responses to paddock
structure differ between day and night, finding an optimal configuration such that horses are
encouraged to spend as little time as possible under trees would be very complicated. Given that
HeV is more likely to be transmitted during the night shortly after the virus is excreted (Martin
et al., 2015), the most effective mitigation strategy is restriction of access during the night to areas

covered with trees.
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To the best of my knowledge, the determinants of the use of tree shaded areas by horses have
infrequently been investigated. Some studies suggest that their use is mainly for shelter from
the heat (Jorgensen and Bee, 2007), although avoidance of insect harassment can override the
need for lower temperatures in certain areas and seasons (Duncan and Cowtan, 1980; Keiper and
Berger, 1982). These studies were performed in areas where horses have a wide range of habitat
types available. In this case, paddock size restricts the availability of areas to seek refuge (Duncan,
1983). As a result, the horse movements I detected are closer to random than where habitats can

be actively selected.

Paddock size consistently explained a high proportion of the deviance in my study. The
higher variability of time spent under trees compared with random movements is likely to be
a consequence of context specific horse preferences. These unexplored factors might involve
interactions between paddock characteristics and weather. Therefore more detailed analyses
might reveal which paddock attributes are more important under certain weather conditions, or if
some areas are used more than expected by their availability. For instance the use of tree shaded

areas could be for sheltering from the sun, rain or both.

Overall, I observed high similarity between the binomial process to represent expectations from
random movements and the collected data models. The random walk simulations I used to validate
this procedure had higher variance than the binomial process itself (Figures 35-36, Appendix
9.6.3.2). However I was unable to obtain a parameter to scale the variance of the binomial process
in response to the sample size and tree cover. Consequently it is possible that the random walk
expectations I simulated with the binomial process underrepresent the total expected variance
of time spent under trees in a random walk. At least based on the correlation coefficient p =
0.91 between the binomial process and random walk, I failed to represent approximately 10% of
the variance. Therefore, the differences that I registered between the apparent responses in the
collected and simulated data are likely to be smaller, which could result in greater resemblance of

the collected data to random movements, at the temporal scales investigated here (1-10 days).

Horses have been observed to use different areas of paddocks during the day or night (Field
et al., 2015b). Field et al. (2015b), who tracked horses on a HeV infected property, did not provide
a description of the paddock or whether behavioural differences between day and night could be
explained by paddock characteristics. I also found behavioural differences between day and night,
as evidenced by the different model structures for daily time under trees (equations 8.6a and

8.6b). However I did not find any paddock characteristics determining the differences. Moreover,
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the models’ structure for time under trees during day and night were very different and fitted
opposing effects of paddock size and number of horses. Therefore, attempting to manipulate horse
behaviour by modifying the paddock environment (such that it does not involve removing all

trees) could have misleading outcomes.

According to the data, there appears to be a region of grass length 10-15 cm, where horses
spend significantly less time under trees during the day than if their movements were random
(Figure 8.3). It has been suggested that this range of grass height is the optimal height preferred
by horses for grazing (Edouard et al., 2009; Naujeck et al., 2005). The presence of grass in areas
distant from trees could deter horses from spending time under trees. However, the null response
to grass at night suggests that greater abundance of grass would not result in any decrease in risk
of exposure to HeV. These relationships might be a potential area of research of horse behaviour
that might result in reduction of exposure to HeV during the day, if restriction of access to trees
during the day is not possible or desired. Other potential areas of research in this respect, could
involve the effect of supplement feeding. Given sample size limitations there were many factors
that I could not assess. One of them is the effect of supplement feeding and shelter provision.
Supplement feeding is very common throughout Australia, it tends to reduce the frequency of

vicious behaviours (van den Berg et al., 2015) and might carry grazing behaviour changes.

Adequately interpreting the biological meaning of the parameter estimates at the moment is
hampered by our poor understanding of the natural responses of horses to paddock structures.
For instance two factors that explained large amounts of deviance were cover and size. While
these interactions could be interpreted as responses to the size of the areas covered by trees and
the potential amount of grass under trees, it is unclear how exactly these affect time spent under
trees. One possibility is that spatial autocorrelation due to larger areas leads to higher variance of
time spent under trees. Alternatively, these larger areas could provide better shelter during the
day, and horses spend more time feeding away from these areas during the night where there
is more grass (Fensham et al., 1999; Fulco et al., 2001), however this is purely speculative. More
detailed analyses of feeding time allocation in relation to tree cover is needed to understand what

drives opposing responses to paddock size between day and night.

To model daily time spent under trees there is an assumption that regardless of day to day
variability there is a substantial proportion of the variance explained by tree cover and overall
paddock structure. Given our current knowledge I cannot assess yet what proportion of that

variance is explained by the paddock and what is explained by daily weather patterns. One reason

DISCUSSION 149



for this is that temperature and rainfall might influence time spent under trees (Jergensen and
Boe, 2007). Consequently, I might have overfitted models and some of the paddock attributes
could be acting as confounders in the models. In addition the sample size was small, and including
more horses and paddocks with different analytical techniques can improve the estimates and
understanding of the relationships between paddock characteristics and time spent under trees.

Habitat selection within paddocks is highly limited (Duncan, 1983), and horses will tend to
use the available space not completely randomly. It is probable that modification of paddock
environments will result in modification of horse behaviour, however, risk of exposure to HeV
is unlikely to be reduced significantly because responses during the day and night are different.
Overall, interaction with the tree covered areas (the drip zone) on a daily basis resembles the
proportion of the paddock covered by trees but it is more variable, and I need to understand what
causes the observed variability. Added variability is probably caused by interactions between
the paddock environment and weather conditions . A potential approach to study variability
is finding stages of behavioural stationarity and relating those stages to the joint state of the
paddock and weather (Benhamou, 2014). Analyses of HeV survival indicate that survival within
short grass is lower than in tall grass (Martin et al., 2017, Chapter 4), so keeping grass short under
trees is desirable. However it is not clear if removing grass under trees will cause behavioural
changes that increase interactions with the drip zone. Given that reducing time spent under trees
in response to managing paddock characteristics is highly uncertain, especially at night, the most

effective strategy is to restrict access to areas covered by trees.

Conclusions

More research is needed to understand specifically what causes variability of horse habitat use in
paddocks. However modification of horse behaviour in response to alterations of the structure
of the paddock is unlikely to be successful for decreasing risk of exposure to HeV. The most
successful preventive strategy is restriction of access to areas covered by trees. Understanding
specifically how horses use the paddock environment based on pasture abundance will determine
if reduction of grass to decrease HeV survival once excreted is likely to successfully reduce risk
of exposure to HeV. Because the horse—paddock habitat relationships are likely to be context

specific, prior assessment is necessary to implement the most effective mitigation strategies.
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Part V

Concluding remarks
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CHAPTER 9

General discussion and conclusions

The main objective of my PhD project was to develop models that could be used to improve
the understanding of the HeV spillover system and our predictive capacity. Along these lines
(Chapter 2) I contributed to better understand of how HeV is transmitted from flying foxes to
horses (Chapter 3) and in what circumstances HeV can spill over indirectly to horses (Chapter 4). I
found that HeV is more likely transmitted to horses where Pteropus alecto and P. conspicillatus can
have higher population densities (Chapter 5). In Chapter 6 I identified that the climatic correlates
of the spatiotemporal pattern of spillover are probably minimum temperature and rainfall seasonal
amplitudes. How these two variables influence the underlying biological mechanism is unclear.
However, the bimodal responses to several climatic factors suggest that seasonality is related to
specific traits of the two bat species along the latitudinal gradient. The result from Chapters 5 and
6 were then used to model risk of HeV spillover in response to the effects of climate change on the
two bat species involved in spillover. The resulting risk maps indicate that spillover risk is more
likely to increase southwards, and involve a reservoir host replacement in northern Queensland
(Chapter 7). Finally, in Chapter 8, the analyses I did on horse movement data indicate that there is
a very weak effect of paddock characteristics on how frequently horses interact with tree covered

areas and hence HeV excreted by flying foxes. To summarise:

1. Hendra virus transmission to horses could follow a gradient, likely from direct to relatively

direct, probably involving short periods of environmental survival

2. The reservoir hosts and therefore, bat species more likely involved in spillover are Pteropus
alecto and P. conspicillatus, because spillover mostly occurs where climatic suitability favours

higher population density of these two species

3. The seasonal spillover pattern could be driven by flying fox species specific traits in the
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latitudinal regions below and above 22° south. The different seasonal patterns might occur

in response to minimum temperature and rainfall seasonal amplitudes

4. Future risk as explained by the distribution of Pteropus alecto and P. conspicillatus is likely
to expand southwards. In the north P. alecto could replace P. conspicillatus as the main HeV

reservoir host

5. Of all vegetation attributes (amount of grass and weed and tree cover), size and number of
horses, the proportion of the paddock covered by trees is likely to be the most important

factor to influence contact with HeV

The methods I learned to use during these studies have proved useful for inferring large
scale biological mechanisms that could be applied to other disease systems. For instance using
spatiotemporal patterns of survival to infer transmission pathways, and climatic suitability to
identify potential reservoir hosts.

I also realised as I made progress that I could have done things differently. For instance, a more
detailed time series analysis of spillover events would have helped to identify with more certainty
environmental drivers of spillover risk. The analyses in Chapter 6 resemble this approach, but
focus only on the conditions of spillover months, and place greater emphasis on spatial climate
variability. In addition the spatial environmental data used in these analysis could have been used
from more reliable sources like remote sensing.

Regarding the field work, I now realise that while analyses are innovative and provide ground
for future more detailed studies, could have been better planed with more specific objectives that
allowed obtaining higher quality data with less effort.

Below I discuss in detail each of the chapters in the context of each other, and more generally

the spillover ecology of HeV.

Conceptual model of the spillover system

By following the conceptual model of Plowright et al. (2015) (Chapter 2) I identified my areas
of research: Hendra virus survival, reservoir host distribution and husbandry practices. The
framework was useful at the time it was published, however as of 17 May 2017 some key aspects
have changed as a result of my own research and the National Hendra virus Reseacth Program.

Regarding HeV survival, my own research has shown that HeV transmission to horses can occur

directly (Chapter 3), therefore the layer “pathogen survival outside hosts” (figure 1 from Plowright
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et al., 2015) could include direct connections between the layer “pathogen shedding”and the layer
“spillover host exposure”. Consequently, spillover host exposure does not depend exclusively on
HeV environmental survival, but on potential contacts between fresh bat urine and horses, which
result from heterogeneous shedding patterns. While these changes increase the potential sources
of contact with HeV, risk mitigation strategies need not be entirely different; vaccination would
still provide protection (regardless of the unfounded claims that HeV is developing vaccine
resistance Zahoor and Mudie, 2015; Peel et al., 2016, Appendix 9.6.3.21), and restricting access to
trees and keeping grass short under trees would decrease risk of contact with HeV.

Similarly, my findings in Chapter 7, indicate that the likelihood of spillover host exposure
is not heavily influenced by paddock and grass management, making contact with HeV more
probabilistic. The final layer “spillover host susceptibility”, is likely to remain unknown, and future
modelling studies would have to assume uniform susceptibility among unvaccinated horses. This
assumption is unlikely to result in poor biological relationships between models and data, because

the main aim of a predictive framework is reducing exposure to HeV and probability of spillover.

Hendra virus survival

In part II I showed that the poor performance of HeV survival as a predictor of spillover could be
biologically interpreted as potential for direct transmission. In addition, the high HeV survival in
some spillover events suggested that transmission could also occur indirectly. The results led me
to conclude that transmission to horses could be a gradient. These conclusions, based solely on
the observed survival rates at spillover event locations, assume that the effects of temperature on
HeV survival is the only process driving spillover risk. However, spillover is the result of many
different temperature-influenced processes; flowering of Eucalyptus species (Hudson et al., 2010;
Giles et al., 2016), distribution of flying foxes (Martin et al., 2016). The higher predictive ability of
the models in Chapter 7 (climate change scenarios), indicate that the effects of climate on bats
are more important than its effects on HeV after being excreted to determine HeV spillover risk.
Consequently, by analysing bat climatic preferences and requirements, I found more support for
the relatively direct transmission conclusion of Chapter 3.

One of the major limitations of survival estimates under microclimatic conditions obtained in

Chapter 4 is that the survival experiments were performed under tightly controlled conditions

11 co-authored a rebuttal letter in Infection Ecology and Epidemiology on defence of the HeV vaccine for horses as an

effective mitigation strategy.
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(Scanlan et al., 2014). The BLS4 classification of HeV impedes the possibility of more complicated
experiments with more replicates that account for the simultaneous effects of more variables
and treatments. While UV radiation can in fact further reduce survival rates based on both
evaporation and temperature (Murray and Jackson, 1993), we are more interested in determining
decay rates during the night, which is when HeV is excreted in paddocks and there is no UV
radiation. Given that we already know that HeV is highly sensitive to desiccation (Fogarty et al.,
2008) I produced estimates of how likely it is that evaporation occurs in the mircoclimates where
it is excreted. These analyses indicate that evaporation is highly likely to occur even in the more
vegetation-sheltered microhabitats. To what extent the predicted potential evaporation would
affect survival is still unknown. A potential approach to estimate the effects of evaporation is by
using the evaporation rates or potential evaporation during Fogarty et al.’s experiments. Then
by assuming an additive effect of evaporation on the observed temperature dependent decay
rates in Chapter 4, a closer survival estimate can be obtained. An experimental alternative to
estimate survival in the environment might involve the use of a surrogate virus, like Cedar virus,

a non-pathogenic Henipavirus closely related to HeV (Marsh et al., 2012).

Reservoir host distribution

Iinvestigated the effects of climate on the spatial patterns of HeV spillover by finding the climatic
preferences and requirements of the four flying fox species. These models helped me find the
minimum area where HeV spillover to horses can occur. In the context of Chapter 2 (Plowright
et al., 2015), the distribution models correspond to the first component of the spillover system.
The main conclusion of Chapter 5 was that spillover tends to occur where climate allows P. alecto
and P. conspicillatus to occur in higher densities. Therefore the minimum area for HeV spillover
to occur is the potential distribution of these two species.

Recent analyses (Giles et al., 2016) have shown that HeV spillover occurs at times when bat
densities are lower in a single camp, not in the entire area around the spillover events. This
characteristic of HeV spillover does not contradict my predictions of HeV spillover occurring
where P. alecto and P. conspicillatus can occur in greater densities. This is because Giles et al.
(2016)’s analyses and mine have different scales of spatial, temporal and ecological organisation.
My analyses in Chapter 5 do not take into account temporal variability; what the distance to the
niche centroid models represent is the capacity of a 4 X 4 km area to determine flying fox carrying

capacities (VanDerWal et al., 2009).
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In contrast with Chapter 5, in Chapter 6 I addressed HeV spillover risk variability between
seasons. Based on the bimodal response shapes to many climatic factors, I found that The most
parsimonious explanation for the observed spatio temporal pattern, was that seasonality could
be the product of two bat species involved in spillover, resulting in two spillover systems (north
and south). These processes occur at similar scales as those considered in Chapter 5, however
the model represents risk variability between months. The fact that spillover occurs while bat
densities are lower (Giles et al., 2016), show that the biological mechanism is not exactly related
to reservoir host density, as it usually occurs in other disease systems (Pascual and Dobson, 2005;
Dowell, 2001). Despite the presence of some methodological artefacts, there are coincidences with
Giles et al.’s analyses; minimum temperatures affect Eucalyptus sp. flowering and the number of
bats in a camp and risk of spillover.

In Chapter 6 I found that horses have a negative effect on spillover risk. To try and explain
this relationship I argued that land clearing for paddocks could be affecting bat feeding habitat.
Regardless of the actual cause of this effect I decided to use the same horse density model as a
population-at-risk offset (Taylor et al., 2013) in Chapter 7. The main reason was that the effects
of climate on HeV are indirect (climate has a more variable effect on bats than on HeV survival,
Chapter 3), and because disease transmission is a probabilistic contact phenomenon (Anderson
and May, 1992), I had to eliminate the effect of the places where contact between HeV and horses
was more likely to occur. This step in addition to the Gaussian field to model spatial effects
resulted in the prediction of additional areas at risk of HeV spillover, mainly across far northern
Queensland (Figure 7.2). In the context of Chapters 3 and 4, transmission in northern areas is
more likely to occur directly because high temperatures would impede indirect transmission.
Hence, opportunities for spillover could be more limited. The temporal scale of these predictions
is the same as those in Chapter 5. As for how risk will vary between months, we have to take
into account that, despite being in northern Queensland, these areas only have P. alecto as a HeV
reservoir host. Therefore, the timing of spillover risk would entirely depend on specific traits of

this species across the predicted areas at risk.

Horse behaviour and husbandry practices

In part IV I saw how horses interact with paddock areas covered by trees (the drip zone, Field
et al.,, 2011). The aim was finding paddock characteristics that decreased interactions between

horses and the drip zone. My main finding that horses move nearly randomly inside paddocks
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suggests that the best paddock modification is restricting access to the drip zone. However, I
also found that some responses between the optimal models for day and night were opposite
(see figures 8.3 and 8.4). The most parsimonious explanation for the difference between optimal
models is that there are behavioural differences between day and night, which have actually been
previously reported (Field et al., 2015b). Nevertheless, the relationship between paddock structure
and horse behaviour, has been poorly studied. Consequently, there is a lack of theoretical tools to
adequately interpret my results. In response to these limitations I suggested that the effectiveness
of some of the mitigation strategies that I made in Chapters 3 and 4, should be assessed prior to
implementation. For example, if reducing grass under trees to decrease HeV survival rates results
in horses spending more time under trees during the night, because horses prefer grass between
a specific range of heights (Edouard et al.,, 2009; Fleurance et al., 2010), then restricting access to
trees will likely be more effective than reducing HeV survival to prevent spillover. I recommend
that particular emphasis on enforcing these mitigation strategies should be practised along with
vaccination within and in around the areas predicted to be at risk in figures 7.4 and 7.5 (Chapter
7). In addition to adequately assess the impact of these preventive measures there would have to

be surveys to find if there is the willingness among horse owners to implement them.

title

Future directions

Research recommendations

Throughout my PhD research I identified areas for future research. With the studies of HeV
survival, I have recommended possible avenues to construct a model that better accounts for
the additional effects of the environment on HeV survival. First, while UV radiation is a very
successful germicide (Chang et al., 1985), it is only present during the day; hence, the effect of
evaporation is more important for HeV survival as it is excreted at night. Second, the effects of
evaporation/desiccation have already been briefly studied (Fogarty et al., 2008). By studying in
more detail the specific environmental conditions during those experiments in order to determine
the evaporation rates, we could, given a set of assumptions, approximate HeV’s desiccation
dependent decay.

A key step towards validating our survival predictions from Chapter 4 would require survival

experiments with temperatures that vary over time, with either HeV or Cedar virus. Finally,
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microclimates samples from additional locations are also necessary to validate the survival
predictions for high risk areas like Brisbane and Cairns in 9.6.3.2.

With the models generated in part III, I identified the following avenues for future research:

1. The physiological changes and susceptibility to infection in both horses and flying foxes
between seasons along the latitudinal gradient, specifically in response to minimum tem-

perature and rainfall
2. The distributional and population response of P. alecto and P. conspicillatus to climate change

3. The changes in HeV dynamics in areas where P. conspicillatus was predicted to decline and

P. alecto was predicted to colonise

4. The role of inter-species interactions in shaping flying fox distributions and HeV spillover

risk

Finally, to better understand how the paddock environment influences horse behaviour, more
detailed analyses of horse behavioural states and of the transitions between them are needed.
For instance state space models that relate moving speed, turning angles and body position
to current behavioural states, and that predict transitions to other behavioural states based on
current and previous states, would be useful to find general rules of horse behaviour (Benhamou,
2014; Patterson et al., 2008). Furthermore, relating behavioural states of multiple horses sharing
the same paddock would help to find if dominance hierarchies are important for risk of contact
with HeV. Similar methods can be used to study horse behavioural responses to weather.

Other potential research might involve detailed study of the vegetation in horse paddocks
throughout the areas at risk of HeV spillover. More specifically, research might focus on determ-
ining the tree species that are favoured by flying foxes and allow growth of grass species that are

preferred by horses.

Implementing and adapting mitigation strategies

To adequately mitigate HeV spillover risk a series of measures have to be undertaken at different
levels of ecological organisation. The levels at which I have contributed are, from large to small,
reservoir host distribution, seasonal variability, and the paddock environment. The spillover risk
distribution, based on the reservoir hosts’ climatic preferences and needs (Chapters 5 and 7), can

be used to allocate resources towards prevention within these areas. An adaptive strategy towards
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this approach might include allocating resources around the areas, by accounting for the flying
fox foraging range of 40 km (Field et al., 2015b). In addition, there have been rare spillover events
outside the areas contained within the mentioned 40 km buffer, like Chinchilla (Figure 3.1). These
locations should also be included in resource allocation schemes for HeV spillover risk mitigation,

but should be of less concern.

The seasonal risk variability (Figure 6.2), indicates that the high risk season is shorter farther
south. However, what is currently recognised as the high risk season (Figure 2 from Plowright et al.,
2015, Chapter 2), is influenced by the reporting date. I addressed this issue by assuming a delay of
two weeks between transmission and reporting, based on experimental horse infections that found
up to 8 days between inoculation and obvious signs of disease (Marsh et al., 2011; Williamson et al.,
1998). With the one week discrepancy between experiments and the assumed delay I allowed
some error due to potential differences of time to disease signs due to the still unknown infectious
dose. While these assumptions could have an effect on the spatiotemporal pattern reproduced
by the model, they are unlikely to cause strikingly different patterns because the model should
mostly represent the conditions that precede spillover and influence the biological mechanism
that facilitate its occurrence. Because we still do not know when the best conditions for spillover
occur, how variable between years the risk season could be I recommended a further one month
delay to allow uptake of mitigation strategies. The final result, is a high risk season from March

to November below 22° south.

The mitigation strategies I suggest at the paddock level include keeping grass short under trees
especially around trees with high canopy openness that allow more grass growth (Fensham et al.,
1999; Fulco et al., 2001). This would decrease HeV potential survival and restricting access by
horses could further prevent exposure to HeV. However, given the complexity of horse behavioural
responses to paddock characteristics, I suggested that the effectiveness of keeping grass low under
trees should be assessed for horse behavioural responses. Consequently, if short grass under trees
encourages horses to feed under trees (by increasing fresh regrowth, for instance, Edouard et al.,

2009), the best alternative is restriction of access during the night along with keeping grass short.

A component of the spillover system that I did not address are flying fox spatial population
dynamics, and HeV dynamics within those flying fox populations. Better understanding of this
component is necessary for optimising mitigation strategies at finer temporal scales based on
spillover prediction, and to explain HeV emergence. Regardless of current data and technical

limitations, the work presented in this thesis provides insights on certain components of the HeV
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spillover system. In the section below I describe a mechanistic framework for HeV spillover risk

prediction that incorporates some of the findings of my thesis.

Towards a predictive framework for Hendra virus spillover

The mechanism by which HeV is transmitted and maintained among bat populations is still matter
of debate (Plowright et al., 2016). Because this particular aspect of HeV epidemiology and ecology
was out of the scope of my PhD, I am presenting a framework that focuses mostly on spillover
and could eventually be extended for risk prediction. What is presented here is a brief description
of the full model, greater detail is given in Appendix 9.6.3.2.

To represent dynamics of HeV in bats assumed that there is a mechanism representable by a
mathematical function that regulates the number of infected bats, such that:

dI

- = F(B.D) +i(t) (9.1)

Equation 9.1 means that the number of newly infected bats in time is a function of the number
of infectious bats, I, and bats that can become infectious, B. Bats that get infected could occur
in the form of susceptible or latent, (Plowright et al., 2016). The most basic form of disease
transmission models assume homogeneous mixing, however horses are aggregated in paddocks,
therefore we need a way of representing such aggregation. By combining pseudo-mass action
transmission and the concept of mean crowding (Lloyd, 1967), I modelled transmission from bats
to horses with a negative binomial distribution (Barlow, 1991, 2000). When infectious contacts are
uniformly distributed, the rate at which susceptibles become infectious is a product of the density
of susceptible and infectious individuals, fSI. However, if contacts are aggregated, there are
subgroups at greater risk, and this can be modelled by including an aggregation factor, such that
the function that regulates the rate at which susceptibles become infectious is kS In [1 + BI/k],
where k is the aggregation factor. As k — oo the expression reduces to fSI (Lloyd, 1967).

A common approach to model the transmission of a reservoir to a non-reservoir host is by
assuming that the transmission rate § is the same, but there is a scaling factor ¢ that could
represent different susceptibility to infection or lower probability of contact than established by
B. Hence I suggest that transmission to horses could be modelled by including the scaling factor
¢ in the negative binomial function of transmission. This approach would allow to include the
spatial aggregation of horses within bat foraging habitat. Consequently transmission to horses

would follow:
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Where H; is the density of horses, I is the density of bats, and V is the amount of excreted
virus by I, p. is the probability of contact with the virus contaminated areas and Ds is the
minimum infectious dose. Once this transmission function was formulated, to compute spillover
probability between a specific time frame [#1, ], I followed Keeling and Rohani (2007); P(t1,t;) =
1—exp (—gﬂS ftfz I dt), such that when taking the aggregated distribution of contacts, probability

of spillover with 100% detection rate is:

¢ ty Pe 2}
P(ti, 1) = 1 — exp [—kHS In (1 + = (ﬁf Idt+ f 1% dt))] (9.3)
k t D50 t

The horse population at risk, Hg besides being aggregated, is highly spatially structured within

a network of bat feeding patches that surrounds bat camps. To represent this structuring I suggest
that it is possible to find a spatial structure of €. By finding the spatial structure of ¢, it is possible

to represent multiple mechanisms and factors:

1. The effects of the geographical location of the horse population with respect to the bat

colony
2. The effect of food abundance within and around horse paddocks
3. The probability that there are horses inside a bat foraging patch

4. The natural susceptibility of horses to HeV

To find how ¢ varies across space I used published and unpublished data; the horse census
database of Biosecurity Queensland, the tree density model of Crowther et al. (2015) and the
P. poliocephalus bi-monthly feeding habitat ranks of Eby and Law (2008). Data were arranged
according to characteristics of flying fox foraging behaviour (Hazel Parry, pers. comm) and
following Giles et al. (2016). To begin I created a horse density model at 100 x 100 m pixels,
which is the average size of a bat foraging patch. To match this resolution, I downscaled the tree
density model from 700 m to 100 m grid size. The Eby and Law (2008) data was combined with
the downscaled tree density model to find the maximum flowering by season, assuming that the
weighted score of feeding habitats can somehow represent the proportion of trees per grid cell

that are flowering. P. alecto is more generalist in its foraging preferences than P. poliocephalus.
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To represent this difference, Eby and Law (2008) data was adapted to a more generalist feeding
behaviour increasing by 10% the weight of all foraging habitats lower than 0.3. The resulting
timeline of foraging habitat was aggregated in 4 X 4 km grid cells around each flying fox camp.
With this data I calculated the probability that flying foxes find a foraging patch, the probability
that there are horses inside a bat foraging patch, and a series of parameters that control flowering
rates in each 4 X 4 km grid cell.

To show how the parametrised framework might work, I modelled HeV dynamics in a bat camp
with a MSIR model. To represent seasonal birth pulses I used Peel et al. (2014) birth function.
In addition I kept a constant random influx of infected bats that create periodic epidemics once
Ry > 1. Specific details of the framework are in Appendix 9.6.3.2. I ran simulations with a r-leap
stochastic simulation algorithm (Mauch and Stalzer, 2011) implemented in iPython, and analysed

the outputs in R.

An example of the potential outcomes of the framework

To show how the framework might help improve spillover predictability and understanding I ran
simulations of HeV dynamics in bats. Each day bats leave their camp site and so equation 9.3
is re-evaluated in each foraging patch containing a specific number of horses that are at risk of
spillover.

In the simulation example, nine spillover events occurred over the course of five years, during
times where the number of HeV infected bats was high (Figure 9.1).

As it is evident the number of simultaneous spillover events is possible at times of higher HeV
levels in bats, which coincides with field observations in other bat borne viruses that spillover
to humans (Amman et al., 2012). The horse HeV cases recorded in the simulation were spatially
referenced, and so it is possible to see their location with respect to the source camp site in figure
9.2.

The location of the spillover events responded to risk dynamics in space and time, which were
calculated with equation 9.3. In figure 9.3 I show how risk varied across space at the moment
each of the spillover events in figures 9.1 and 9.2 occurred.

In Chapter 6 I saw that there is a negative effect of horse density on spillover risk (Figure 22).
With this model it is actually possible to show how such a relationship arises as a result of the
mechanism represented by the scaling parameter €. First, there is a weak non-linear correlation

between horses and tree density, which is negative in regions along the potential range of horse
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Figure 9.1: Hendra virus dynamics in a population of approximately 5000 bats. Coloured bars show the timing

and the number of horse cases that occurred.

densities (Figure 9.4). Because tree density affects the foraging decisions of bats, there are fewer
chances of contact between horses and bats in areas where the best foraging habitat is present.

These areas have intermediate-low horse densities (Figure 9.4).

From the timing of registered spillover events, there is a tendency to occur both in late spring-
summer and winter. The hypothetical bat population is located in southern Queensland, where
foraging habitat data is available (Eby and Law, 2008). This suggests that the influx of susceptible
bats during the birth pulses and waning maternal immunity in early summer and winter increase
Ry, and potential for a HeV epidemic. In times when there are many recovered bats, epidemics occur
in winter, when maternal immunity wanes and the pool of adult susceptible bats is replenished.
Additionally, I observed that the spillover probability computed in the simulation was 0 in the
known location of some spillover events (results not shown). This shows the limitations of both
the data and the model. Therefore improved understanding of bat decisions based on spatial
distribution of resources is critical, as well as more detailed accounts of bat foraging habitat and

their spatio-temporal dynamics.
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Acummulated spillover events
25-Feb-2010 28-Jul-2011 8-Aug-2011

15-Oct-2011 14-Nov-2011 20-Dec2-11

27-Jul-2013 9-Oct-2014 7-Dec-2014

Figure 9.2: Acummulated number of spillover events that occurred in the simulation. The dates and spillover

events represent only the course of the simulation and are not related to the spillover events registered to date.

A feasible improvement to the model would be including the immigration and emigration of
bats in response to the pooled flowering dynamics around camp sites. For example the population
flux predicted by Giles et al. (2016) could be used as the response to the number of flowering
trees using a single differential equation. The immigration and emigration rates could then be
estimated with MCMC sampling, just as the flowering rates were estimated for the present model.
However, the poor understanding of HeV infection dynamics limits this approach as it would
require many assumptions regarding the imports of infected, recovered and potentially latent
individuals (Plowright et al., 2016) and the imports of bats in different developmental stages that

are likely to be important drivers of seasonal patterns (Jaewoon Jeong pers. comm.).

Once HeV dynamics are better understood, a natural extension of this model would be its
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Spillover probability
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0.002
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Figure 9.3: Spatial variability of spillover probability at the moment of spillover to horses.

incorporation into a network-patch model as in Plowright et al. (2011). And while its predictions
would not be completely accurate, given data limitations, it would provide invaluable insights

into the behaviour of the spillover system as a whole.

As for its extension in the context of this thesis, validating the microclimate model predictions
for Brisbane and Cairns would be necessary. Similarly, remote sensing estimates of grass height
variability would facilitate the use of the survival models in space and time. In addition, detailed
analyses of spatial variability of HeV survival based on the remote sensing data would help

summarise the effect of HeV survival on likelihood of transmission with a single parameter.
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Figure 9.4: Top: Relationship between horse density and spillover probability at the moment of each spillover

event. Bottom: Relationship between horse and tree density (approximate number of trees per 4 x 4 km pixel).

Conclusions

The currently available data hampers full implementation of a mechanistic framework to predict

HeV spillover. However, I have shown that coupling HeV dynamics with flying foxes foraging
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patterns and landscape attributes is possible with simple and transparent methods. On the
mechanistic side, the model suggests that the correlation between bat foraging habitat and horse
density have a strong effect at the 4 km scale in determining HeV spillover risk. This phenomenon
could well be related to HeV emergence, thus opening opportunities for mitigation strategies
that address the causes of HeV emergence, rather than on avoiding contact between susceptible
spillover and infectious reservoir hosts. For example, one of the caveats of vaccination as a
mitigation strategy is that spillover risk will always be > 0 unless the entire horse population is

vaccinated.
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HeV survival implicates transmission routes

Methods

The data used to fit the models is a series of two averaged virus titrations. Each titration was divided
by the initial titer and the remaining model fitting was performed over the natural logarithm of
the surviving proportion. Originally data contained 15, 14 and 8 measurements at 4, 22 and 56°C
respectively. Due to heavy tailing with very few remaining particles in the final titrations we only
used the first five measurements. The fitting procedure began with data for each temperature.
We estimated parameters for the Weibull and exponential CDFs for each of the temperatures and
then modelled parameter values as a response variable dependent on temperature. The resulting
parameter models were substituted in both the Weibull and exponential models. Finally, we ran an
additional optimization with a time-temperature coupled model (equations are below). We used
normality, autocorrelation of residuals and the Akaike information criterion (AIC) to compare
models. AIC’s were compared with the Akaike weights test. The selected model was transformed
to a differential equation. Then we generated the temperature profiles with the average minimum
and maximum temperatures for each month. These profiles assume that minimum temperatures
occur at 3 am and maximum at 3 pm (equations below). Simulations were run with the conditions
of four locations comprising the latitudinal extremes of the spillover distribution, Cairns in far
north Queensland, Kempsey in central New South Wales (southernmost part of the distribution),
and Rockhampton and Redlands for the center and the hotspot of the distribution, respectively.

For spatial simulations we used a series of layers of ground temperature at zero cm depth and
two shade levels, 0 and 50%, obtained from the microclim dataset (11). For each shade cover we
accounted for the effect of the soil types available in microclim. The areas with the soil types of
Australia were obtained from a categorical layer generated by the Australian Bureau of Agricultural
and Resource Economics and Sciences (ABARES), from which we only distinguished the three
types; soil, sand and rock. We extracted the areas with each soil type from their corresponding

ground temperature layer and then merged them with its complementary layers. For simulations
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we assumed that shade cover did not affect minimum temperatures as these occur in the night.
Each pixel of the minimum and maximum temperature layers were used as the parameters of the
oscillating temperature profiles. Then we ran a simulation for every pixel in the layer and the last
value of each simulation was stored in another layer. We also performed these simulations with
interpolated air temperature layers (provided by BOM) to measure survival 24 h after excretion.
From the resulting simulated maps we extracted the value of the pixels corresponding to the
location of every event by season. Then the values of all the pixels in summer, autumn, winter and
spring maps were cross tabulated to run the partial ROC test with the Partial ROC tool allowing a

20% omission rate.

Equations

Weibull model and half-life:

S(t) = exp(=(pt)¥) (4a)
,_ )t ™
p

Dependence of parameters on temperature:

p(T) = eXp(ap + ,BpT) (5a)
K(T) = o + exp(BicT) (5b)

Oscillating temperature profiles:
T(t) = a+bx (1_%5(’”)) ©)

In equation 6, a is the minimum temperature at 3 am and b is the difference between the
minimum and maximum temperature (assumed to occur periodically at the exact same time of
the day 12 h later than the minimum).

Implicit form of the Weibull probability density function:

ds

= = [pr(=Im9)""* ] x5 ()
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The main disadvantage of this form of the Weibull model is that is has no solution when S = 1
and k < 1. When k > 1 and S = 1 simulations result in no mortality. the problem can be fixed
with S = 0.9999 (a value very close but S # 1).

Parameters and temperature were substituted in equation 7 for simulations.

Similarly, the exponential model was coupled with the same time dependent temperature and

temperature dependent parameter.
ds
— =-pS 8
- P (8)
For the exponential model the equation decribing the change of parameter p was:
p = exp(a, + f,T°) )
Figures

Difference between separate models and coupled for both the Weibull and exponential.
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Figure 5: Difference between fitted models. The left hand side graphs correspond to the Weibull models: the
separate Weibull model fitted to individual temperatures, the coupled version of the model and the simulated

version of the numerically integrated ordinary differential equation form of the coupled model.

Maps of the simulated survival with the microclim data set:
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Figure 6: The top four maps correspond to survival at ground temperature with 0% shade. The bottom four
maps are under 50% shade. The temperature layers for these simulations were projected to GDA 94 datum to suit
the projection of the categorical layers of the soil types of Australia, hence the different geographical coordinates,
degrees and decimals in the main manuscript versus meters in this figure. Survival is estimated 12h after excretion

at the minimum temperature.

Density of survival and time to 2-log reduction in ground temperature of spillover events

185



Figure 7: Kernel density estimation of time to a 2 log reduction in live virus in ground temperatures in 0%
shade (left) and 50% shade (right). The bottom densities correspond to the proportion of virus surviving 12 h after

excretion.
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Microclimates might limit indirect spillover

Methods
Transforming the relative humidity data

Desiccation rates can be estimated with potential evaporation. Evaporation in turn can be
calculated with relative humidity and temperature data. Absolute humidity is the mass of water
per cubic metre of air (kg/m®), and the difference between absolute humidity and absolute
humidity at saturation is the potential for evaporation (McDevitt et al., 2010; Zhao et al., 2012).
We used relative humidity and microhabitat temperatures to estimate the absolute humidity and

evaporation potential based on the definition of relative (Rj,) and absolute humidity (Ha):

= bw

- 1
Rh = %5 (10)

where p,, is the pressure of water vapour, P° is the water vapour pressure at saturation. And
absolute humidity:
My My X pyy Pw

Hy= =2 = 2w 28w _ 400217 x 22 11
ATy RxT T (11)

Where m,, is the mass of water vapour, V is volume, M,, molecular weight of water, R is the
universal gas constant and T is temperature in °K. We solved equation 10 for p,, to substitute it
for R, x P° in equation 11, which gives equation 12:

Ry, X P°
H,4 = 0.00217 X f% = 0.00217 X —

Finally we only had to calculate P° (McDevitt et al., 2010):

5800
P° = exp (_T —0.04864 X T +4.17 x 107° X T? — 1.445 x 10°T> 4+ 5.546 X In T) (13)
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Which is true only for a temperature range 0-200 °C (273-473 °K). Using the same relationship

the maximum amount of water held per m® of air is (at 100% relative humidity):

100 x P°
iy e = 0.00217 X ——— (14)
Therefore, potential evaporation is E,o; = Hg,,,,. — Ha.

These transformations change the statistical distribution of data, for which we decided to model
potential evaporation for minimum humidity data, and absolute humidity for maximum humidity.

Outputs of the absolute humidity model where then transformed to potential evaporation.

Results

Survival model

Table 1: Parameters of the survival model

Parameter Meaning Mean | 2.5% 97.5%

Intercept of effect of Temperature on
ap -3.911 | -5.206 | -2.518

rate parameter

Rate of effect of Temperature on rate
Bo 0.120 | 0.095 | 0.144

parameter

Intercept of effect of Temperature on
O -0.521 | -0.983 -0.2

shape parameter

Rate of effect of Temperature on shape
B -0.005 | -0.01 | 0.004

parameter

Microclimate models
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Table 2: Parameter posteriors for the minimum temperature model

Parameter | Variable Mean | 2.5% 97.5%
4 Intercept 3.802 3.193 4.416
B Air minimum temperature 0.845 | 0.837 | 0.847
B2 Grass -0.012 | -0.016 | -0.009
Ps Openness -0.011 | -0.013 | -0.009
Yproperty | Random effects for property
Table 3: Parameter posteriors for the maximum temperature model
Parameter | Variable Mean 2.5% 97.5%
a Intercept -3.112 | -7.140 | 0.889
B Air maximum temperature 0.869 | 0.829 | 0.909
B2 Grass 0.1 0.083 | 0.118
s Openness 0.196 | 0.171 | 0.219
P4 Hours of sunshine 0.323 | 0.224 | 0.421
Interaction between sunshine
Ps 0.01 | 0.008 | 0.012
and openness
Interaction between grass and
Bs -0.005 | -0.006 | -0.005
openness
Yproperry | Random effects for property
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Table 4: Parameter posteriors for the Absolute maximum humidity model (calculated from relative humidity at

minimum temperature).

Parameter | Variable Mean 2.5% 97.5%
a Intercept 0.127 0.1 0.156
B Air absolute maximum humidity | 0.937 | 0.959 | 0.987
Pe Grass 0.001 | 0.001 | 0.001
Bs Openness 0.0 0.0 0.0

interaction between grass and
Ps -0.002 | -0.003 | -0.001

air maximum asbolute humidity

Yproperty | Random effects for property

Table 5: Parameter posteriors for the Evaporation potential model (calculated from relative humidity at max-

imum temperature).

Parameter | Variable Mean 2.5% 97.5%
a Intercept 0.760 | 0.652 | 0.870
b1 Soil maximum temperature 0.0 0.0 0.0

Air potential evaporation at min-
B2 -0.027 | -0.03 | -0.024
imum humidity
B3 Air maximum temperature -0.032 | -0.034 | -0.031
Interaction between hours of
in 0.001 | 0.001 | 0.001
sunshine and openness

Interaction between grass and
Ps air potential evaporation at min- | 0.0 0.0 0.0

imum humidity

Yproperty | Random effects for property
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Figure 8: Hendra virus decay at the experimental temperatures

Figure 9: Model surface on linear (left) and logarithmic scales (right).
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Figure 10: Fitted half-lives.
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Figure 12: Hendra virus half life at the predicted minimum and maximum temperatures for Townsville.
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Figure 11: Predicted temperatures for Townsville.
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Figure 14: Timeline of HeV survival 12h after excretion in Brisbane (left) and Cairns (right).
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Figure 15: Timeline of time elapsed until death of 90% of excreted HeV in Brisbane (left) and Cairns (right).

Figure 16: Timeline of probability that HeV survives more than 24 h after excretion Brisbane (left) and Cairns
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Figure 17: Predicted microclimate temperatures in Brisbane (left) and Cairns (right).
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Figure 18: Timeline HeV half-life in microclimate temperatures in Brisbane (left) and Cairns (right).
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Figure 19: Timeline of predicted potential microclimate evaporation in Brisbane (left) and Cairns (right).
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Climatic suitability effects on reservoir hosts

Figure 21: Spatial patterns used to select training and testing data. Colour points represent the four FF species

presence points used to train models after filtering to reduce spatial autocorrelation.

197



Table 6: Variables selected to model each bat species

Variable | Meaning P. alecto | P. conspicillatus | P. poliocephalus | P. scapulatus
bio1 Annual Mean Temperature v v
bio2 Mean Diurnal Temperature Range v v v v
bio3 Isothermality (BIO2/BIO7) (* 100) v
Temperature Seasonality (standard
bio4 v
deviation *100)
Max Temperature of Warmest
bio5 v v
Month
bio6 Min Temperature of Coldest Month v
Temperature Annual Range (BIO5-
bio7 v v
BIO6)
Mean Temperature of Wettest
bio8 v v
Quarter
Mean Temperature of Driest
bio9 v
Quarter
Mean Temperature of Warmest
bio10
Quarter
Mean Temperature of Coldest
bio11
Quarter
bio12 | Annual Precipitation v v
bio13 | Precipitation of Wettest Month v
biol4 | Precipitation of Driest Month v
Precipitation Seasonality (Coeffi-
bio15 v
cient of Variation)
bio16 Precipitation of Wettest Quarter v
bio17 | Precipitation of Driest Quarter
biol8 | Precipitation of Warmest Quarter v v
bio19 | Precipitation of Coldest Quarter v v

198



Table 7: Performance of models selected. P values indicate the probability that the measured AUC ratio is less

than 1 (the random prediction threshold) out of a maximum possible value of 2. In 1000 bootstraps the proportion

of models with an AUC ratio < 1 is another measure of statistical significance of the test. P conspicillatus was

tested with a jacknife procedure.

Species AUC ratio | S.D. | P | Proportion iterations <1
P. alecto 1.45 0.08 | 0 0
P. scapulatus 1.35 0.05 | 0 0
P. poliocephalus 1.58 011 | 0 0

Table 8: Jacknife data used to validate P conspicillatus model. Prediction rate of 0.92 (average omission rate of

0.8),P=0
Proportion  area Proportion  area
Test point Test point

predicted predicted
1 0.2352693898 1 0.235899951
1 0.2379317593 1 0.2527149163
1 0.2211167939 1 0.2810201079
1 0.2246899741 0 0.2495621103
1 0.2614026484 1 0.2459188678
1 0.2374413228 1 0.2220276046
1 0.2179639879 1 0.2737336229
1 0.2445176207 1 0.2303650249
1 0.2773068031 1 0.2525747916
1 0.3039304981 1 0.2292440272
1 0.2951026414 1 0.2520843551
1 0.2272822812 1 0.245568556
0 0.2024802074 1 0.2251103482
1 0.2341483921
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Table 9: Species-wise distances to the niche centroid at spillover sites.

Spillover event P. alecto P. conspicillatus | P. poliocephalus | P. scapulatus | Minimum distance
1 5.3378609373 2.0608370502 11.7284151214 6.3683779325 P. conspicillatus
2 1.7242371724 16.7547937523 3.0736370577 2.1999593564 P. alecto
3 1.9786841497 4.6784806044 12.4348779627 | 2.4110835646 P. alecto
4 1.862397829 9.5371496092 17.34425031 3.2799188377 P. alecto
5 3.5268589296 22.590081733 4.0645363201 2.4194593175 P. scapulatus
6 2.3612793677 | 23.5458505055 2.4577651498 1.0724874264 P. scapulatus
7 2.7019279402 | 28.7587918178 5.6553650656 3.4192612445 P. alecto
8 1.3628660926 24.9629570367 2.6513789046 1.967012115 P. alecto
9 4.6406867346 | 32.0148873395 5.7301276137 1.649617618 P. scapulatus
10 1.9963440475 | 23.0686633191 3.0661586038 2.4810369866 P. alecto
11 2.3358903246 | 29.6367344474 3.8693518006 3.1539513424 P. alecto
12 1.5150527128 25.0224868495 2.6600498686 2.1504162905 P. alecto
13 1.978225318 4.9354574887 19.1765322354 | 3.2916636042 P. alecto
14 3.1305652337 3.413093958 11.1965212264 3.656908625 P. alecto
15 2.8799202334 3.3244337457 12.9351282905 2.2982371657 P. scapulatus
16 1.6425273756 | 21.0182273399 7.8396541016 2.0265268391 P. alecto
17 3.2282839327 1.9868616657 12.3936342845 3.807534739 P. conspicillatus
18 3.4908804042 2.4810350429 11.0169336043 3.9579914047 P. conspicillatus
19 1.399550698 9.8364951405 11.4480224992 1.8665053486 P. alecto
20 3.550425979 1.5409291413 9.3790484644 3.4596168151 P. conspicillatus
21 1.3308690772 | 20.6190381131 1.5666768181 1.4110347145 P. alecto
22 2.7334669983 26.8232258622 2.6322680235 0.6215221819 P. scapulatus
23 1.1891054827 | 22.3968525276 2.1087483904 1.7058767457 P. alecto
24 1.6041437369 | 20.7127499489 1.2055787599 1.0276671388 P. scapulatus
25 1.8689899487 | 25.0144936757 1.6563401201 1.6425312935 P. scapulatus
26 1.4124156699 24.1628136 4.8941808435 2.0007800599 P. alecto
27 1.208672631 26.3904097129 1.428703113 1.3808124008 P. alecto
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Spatiotemporal distribution of spillover

Methods

Our models of the seasonal distribution of HeV spillover were built in three phases. First we
modelled the distance to black and spectacled FF camps across the area where spillover occurs. For
these models we used the Mahalanobis distance algorithm (MD) (Farber and Kadmon, 2003). This
method calculates a similarity index based on environmental distance accounting for correlation
between variables. Then we built a horse density model using the horse census data from the
2007 equine influenza outbreak (Moloney, 2011). Each of these models is explained in more detail
below. Finally we combined the model-generated and environmental data to model the seasonal
distribution of HeV spillover with three different methods and then used the weighted average of
their predictions to produce a consensus model. The three methods used were boosted regression
trees (BRT) (Elith et al., 2008), Random Forests (RF) (Ridgeway, 2013; Breiman, 2001) and logistic
regression (LR).

Boosted regression trees and random forests are non parametric techniques based on classifica-
tion and regression trees (CART). They are similar methods that combine several fitted CARTs on
random samples of the data to a subset of the explanatory variables. Each of the fitted trees are
then combined which creates a continuous smooth function. The main difference between BRT
and RF methods is the boosting step undertook by BRT (Breiman, 2001; Elith et al., 2008). The
algorithm “learns” from the poorly classified training data in each of the fitted trees by fitting
additional trees to the residuals. Then residuals are used to adjust the splits and variables selected
in the final series of trees. In comparison RF averages a series of trees fitted to random samples
of the data, also known as bagging (Elith et al., 2008). BRT is also capable of using bagging
but is subject to control by the user, so the randomness of the analysis can be adjusted to the
characteristics of the data (Elith et al., 2008). These two analytical methods are capable of finding
more complex relationships and interactions among variables and data, and can even account for

the effect of uncontrolled spatial patterns and effects compared with GLM (Evans et al., 2011).
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However, GLM is a more transparent and better understood tool. Therefore, we generated a
statistical model by averaging the outputs of these three regression methods. These consensual
methods are capable of generating robust and readily interpretable models with high predictive

accuracy (Marmion et al., 2009).

Distribution and niche of flying foxes

Presence records of FF are an incomplete account of the total number of camps present in Australia,
even more so if we account for temporal scales. To fill these gaps we developed a model that aims
to reasonably predict the location of camps during the time frame between HeV’s emergence
and today. To do so we used the most comprehensive data set to date for training andvalidation.
Training data was Roberts et al. (2012) black flying fox (BFF) records which includes dates for
many records and allows the use of more fine-grained data from shorter time frames than the
usual long term averages used in species distribution modelling. From this data set we only used
the records dated between 1992 and 2007. The source of the presence records for spectacled flying
foxes (SFF) and BFF testing data was the national flying fox monitoring program of Australia 2.

To fit the MD models we obtained climatic data for every presence location and date from BOM.
Analyses and data processing were done with the *dismo’ package in R 3.1.1 (Hijmans et al., 2013;
R-Development-Team, 2014). The fitted model was projected to the conditions of every month
where spillover events have been recorded. Because the outputs of MD is 1-minimum MD to any
other record, projections were then thresholded to a MD > 95 th quantile of the model projection
values for that month. The resulting binary maps were reprojected to the geocentric datum of
Australia (GDA94) to accurately calculate the linear distance to the pixels with the most similar
conditions to any of the FF records. The distance to FF colonies maps were then re-projected
back to WGS84 datum, the source reference system of the environmental data. As a result, for
every spillover event we obtained a map with the linear distance to the pixels with the conditions
where a bat colony was registered between 1993 and 2014. The two thresholded set of models
were combined to generate a model of distance to BFF and SFF camps.

The distance to camps models were validated with a partial ROC analysis (Peterson et al. 2008).
This validation method differs from the traditional area under the ROC curve in that it compares
the fraction of the predicted area versus the fraction of predicted records (Peterson et al. 2008).

Therefore, randomness of predictions is assessed by means of comparing the area under the curve

’nttp://www.environment.gov.au/webgis-framework/apps/ffc-wide/ffc-wide.jsf
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with a random binomial predictor based on the proportion of area predicted. For the analysis of
the performance of these bat models we only allowed an omission rate of 0.05. Validation data
was obtained from the online maps of the national flying fox monitoring program.

Additionally, the pixels derived from the thresholded models were used to calculate the niche
centroid for each FF species and project the Mahalanobis distance to the niche centroid (Yanez-
Arenas et al. 2012; Martinez-Meyer et al. 2013). The niche centroid is defined as the multidimen-
sional centre of the environmental space where the mean of all dimensions is 0, and is defined
only across the geographic limits of a species’ distribution (Martinez-Meyer et al. 2013). The
reason for doing this is that there is a relationship between the abundance patterns of FF across
their geographic distribution and the distance to the niche centroid, and that abundance is an

important driver of disease dynamics (Martin et al. unpublished).

Horse density

The chances of interaction between horses and flying foxes might scale with density, hence,
to account for this phenomena we created a horse density model with the 2007 horse census
(Moloney 2011). To represent the density of horses per grid cell we iteratively counted the number
of horses that lie within each cell. In each of the 100 iterations we introduced non parametric
noise proportional to 50% of the cell width and counted the number of points that represent each
of the horses. At the end we averaged the layers in GDA 94 projection to obtain the model of
horse density. With this method we avoided the problem of having very smallnumbers per grid
cell as results from a kernel density estimation. The main purpose was to somehow account for
the size of properties that span more than one pixel but whose centroids restricted its influence to

only that pixel.

Model tuning and testing

Consensus models (Marmion et al., 2009) were developed by averaging the predictions of the
three regression methods, boosted regression trees and random forest in R 3.1.1, implemented
in R packages, “gbm” and “randomForest” respectively, and logistic regression. More details of
algorithm tuning are given in the supplementary information. The environmental variables used
to construct these models are listed in Table 6.1.

We trained 10 models with each algorithm in a k-fold partition framework to make sure that

all filtered presence points were used in the training and testing stage. From the 750 absences we
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randomly selected 150 for model testing. The same 150 absences were used consistently to test all
models to make sure that model performance was an effect of the presences used for training and
not of the spatio — temporal sorting of the absences ((Hijmans, 2012)). Model selection in this
initial stage was based on the traditional area under the receiver operator characteristic curve
(AUC ROC) to measure the discriminative ability of each model and algorithm. We assessed the
significance of the model’s AUC values with the AUC values of 1000 null models trained with
randomly generated presences and absences (Raes and Ter Steege, 2007). The AUC values of the
null models were used to create a statistical distribution of AUC values with which we compared
the AUC values of the real data models. The BRT models were generated without assessing the
optimal number of trees because the sparsity of the data did not allow convergence given the
learning rate used in the real data BRT models.

After model training and prior to projection we performed an extrapolation analysis with the
extrapolation detection tool (ExDet, Mesgaran et al., 2014) 3. The projection data for the analyses
were the average conditions of the months where spillover has occurred between August 1994
and December 2014. Then we projected the models to these conditions. With these geographical

projections we then assessed if models predicted the seasonal distribution of HeV risk of spillover.

Shttp://www.climond.org
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Tables

Table 10: Variables used to calibrate flying fox models

Variable Source
NDVI average BOM
NDVI anomaly BOM
Minimum temperature Calculated from BOM
Temperature range BOM
Vapour pressure at 9:00 h BOM
Vapour pressure at 15:00 h BOM
Rainfall BOM

Distance to cities
Distance to rivers

Human population density

Bureau of Statistics
Calculated from Bureau of statistics

Bureau of Statistics

Table 11: Individual variable’s contribution by method and consensus model. Variable influence has been de-

scaled so that values represent proportions of the contribution metric for each method (explained deviance in

logistic regression and incremental node purity in random forest, for instance).

Variable

l Logistic regression l Random forest

l Boosted regression trees

Weighted mean

NDVI average
Minimum temperature average
Temperature difference from hottest month
Temperature difference from coldest month
Temperature range
Solar exposure
Rainfall
Distance to bat camps
Distance to bats’ niche centroid
Horse density
Rainfall difference from wettest month

Rainfall difference from driest month

0.0265218138
0.1842491899
0.1308561101
0.3464459305
0.0332760371
0.050221069
0.0018350817
0.0232535535
0.0141872594
0.1828075893
0.0022513437
0.004095022

0.0822897993
0.0824090844
0.0535145893
0.0763090204
0.0881916668
0.0652289297
0.0774999831
0.0843974006
0.0704642356
0.090664857
0.1655746951
0.0634557387

0.0581631333
0.0646522574
0.026019653
0.0436831223
0.0954456208
0.043720652
0.0304539593
0.0887695118
0.0721045288
0.1947156795
0.2545987897
0.0276730919

0.055242626
0.1109858062
0.0704994228
0.1569846931
0.0720005364

0.052894018
0.0359838083
0.0651225297
0.0519208851

0.156967504
0.1401336059
0.0312645646
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Figures

Figure 22: Response curves of additive probabilities to each of the variables used in model training. Grey lines

indicate weighted standard errors.
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the best performing model were compared. All models performed significantly better than random.
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Figure 24: On the left hand side, horse density model used to obtain horse density. Right side, model of predicted
distances to bat camps for August 2014.
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Climate change effects on HeV spillover

Partial dependence plots
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Figure 25: Partial dependence response plots of the P, alecto system
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Spatial effects
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Model diagnostics

P, alecto model
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P. conspicillatus model
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Influence of tree cover on HeV exposure

Results

Model tables

Table 12: Parameter estimates of the model fitted to simulated data. DIC = 753.4.

B

Mean 2.5-97.5% Cr.

I. Deviance

Intercept

Cover

-3.729

9.130 8.822 - 9.451

-4.293 - -3.185

0.00
1.025

Table 13: Parameter estimates of the ANCOVA models. All effects are statistically significant because none of

the credibility intervals include zero. However none of the estimates are significantly different from each other.

Collected (DIC = 4702.9)

Simulated (DIC = 1338.6)

d Mean 2.5-975%Cr.1. | Mean 2.5-97.5%Cr. L

Day intercept | -2.642  -3.793 - -1.421 | -4.073  -4.794 - -3.334
Night intercept | -3.873  -5.023 - -2.656 | -4.097  -4.848 - -3.336
Cover Day 9.309 8.380 — 10.252 13.298 12.350 - 14.227
Cover Night 13.681 12.722 - 14.662 | 13.407  12.432 - 14.338

Figures
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Table 14: Parameter estimates of the ANCOVA models. All effects are statistically significant because none of

the credibility intervals include zero. However none of the estimates are significantly different from each other.

Collected (DIC = 2238.8) Simulated (DIC = 772.4)
d Mean 25-97.5%Cr.I. Deviance | Mean 2.5-97.5%Cr.I. Deviance
Cover 15.475  -8.935 - 28.082 1.802 22.428  19.748 - 25.129 2.441
Cover - size - grass -0.005 -0.014 - 0.008 4.598 -0.002 -0.005 - 0.000 1.713
Cover - size - horses -0.006 -0.017 - 0.006 2.214 -0.009  -0.013 - -0.005 2.847
Cover - size - weed 0.005 -0.014 - 0.017 0.898 0.006 0.002 - 0.009 0.629
Cover - size - grass - horses | 0.001 -0.002 - 0.003 5.723 0.001 0.001 - 0.001 3.233
Table 15: Coefficients of the model of time under trees at night.
Collected (DIC = 1143.4) Simulated (DIC = 596.1)
d Mean 2.5-97.5%Cr.I. Deviance | Mean 2.5-97.5%Cr.I. Deviance
Horses -1.913  -3.002 - -1.026 2934 | -1.146  -1.480 - -0.651 1.758
Cover-size 0.059 0.005 - 0.120 3.929 0.015 0.007 - 0.026 0.989
Grass-weed 0.085 -0.640 - 0.913 3.661 -0.027 -0.219 - 0.154 0.930
Cover-size-horses -0.001 -0.017 - 0.015 1.914 0.003 0.000 — 0.006 1.135
Cover-size-grass-weed | -0.003 -0.014 - 0.007 3.927 0.000 -0.002 - 0.003 0.934
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Table 16: Summary statistics of the recorded data.

Variable Type Median | 1st - 3rd Quantiles
Proportion of time under trees Response 0.119 0.016 — 0.27
Total time under trees (min) Response 46 4-116.25
Total time with GPS (min) Response 599 300 - 836
Number of horses Explanatory 4 2-5
Size of the paddock (x25m?) Explanatory 1108 219 - 2664
Openness (proportion of paddock Explanatory 792 0.021 - 0.19
receiving direct sunlight)
Tree cover (proportion of the pad-

Explanatory | 0.112 0.021 - 0.198
dock covered by trees)
Distance to trees (metres) Explanatory 18.50 10.20 - 34.10
Grass max (cm) Explanatory | 19.40 7.0 - 30.0
Grass mean (cm) Explanatory | 10.40 1.77 - 17.80
Grass SD Explanatory | 6.161 0.79 - 9.92
Weed max (cm) Explanatory | 0.285 0.00 — 4.84
Weed mean (cm) Explanatory 0.00 0.00 - 2.31
Weed SD Explanatory 0.00 0.00 - 1.99
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Figure 35: Response of expected time under trees in response to tree cover (X) and length of the sampling

period (Y). Colorscale represents the recorded time under trees.
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Figure 36: Expected time under trees in response to proportion of paddock covered by trees. Left side figure is
the simulated random walk, and the right hand figure if the simulation of time spent under trees as a Bernoulli
process. Same as above but the aim is to have a better idea of the increasing variance that results from spatio-
temporal autocorrelation. Despite this we could not find a variance structure that significantly departed from a

Bernoulli process (assessed with a Bayesian model, results not shown).
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In defense of horse vaccination

This paper is a collective response to a commentary published in Infection Ecology & Epidemiology:

« Bilal A Zahoor and Lucy I Mudie. The imperative to develop a human vaccine for the Hendra virus
in Australia. Infection ecology & epidemiology, 5:29619, 2015. ISSN 2000-8686. URL http://www.
ncbi.nlm.nih.gov/pubmed/26519254{%}5Cnhttp://www.pubmedcentral.nih.gov/

articlerender.fcgi?artid=PMC4627939

The main reason for its publication was that it contained several inaccuracies regarding HeV

genetic diversity, evolution and the effectiveness of the HeV horse vaccine efficacy.
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To the Editor Zahoor and Mudie (1) argue the case for a human Hendra
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confusion and ultimately undermine confidence in current
evidence-based risk management strategies, thereby pla-
cing equine and human lives at risk.

The central argument in Zahoor and Mudie (1) is that
HeV is ‘rapidly mutating’, with consequent loss of efficacy
of the equine HeV vaccine, changing clinical syndromes in
humans, and infection in new animal species. There is no
scientific basis to their central argument. Zahoor and
Mudie (1) offer no citations to support their statements
regarding the mutation rate of HeV. Indeed, primary
research indicates the HeV genome has minimal variability
(less than 1% at both the nucleotide and amino acid levels)
in both flying-foxes and horses and is highly stable
(the same variant has been detected at disparate locations
at the same time, and over periods of at least 12 years) (2, 3).

There is no evidence that the equine HeV vaccine is
becoming less effective. Continuing equine HeV cases
do not reflect loss of vaccine efficacy as stated by Zahoor
and Mudie (1), but rather a failure of some horse owners to
vaccinate their horses. There have been no HeV cases in
vaccinated horses. The efficacy and safety of the recombi-
nant equine vaccine has been clearly demonstrated (4-6),
and both government and industry animal health autho-
rities strongly recommend its use as ‘the single most
effective way of reducing the risk of Hendra virus infection
in horses’ (7).

There is no evidence that the nature of human HeV
infection is changing. The seven recognised human cases
have shared clinical features but are insufficient in
number to determine changes over time (8-13).

There is no evidence that recently reported canine cases
indicate that HeV is ‘seeking new co-hosts’. The wide host
range of HeV in experimental studies is well established
(14, 15). The two observed cases of natural HeV infection
in dogs most likely resulted from exposure to infected
horses, or contaminated material from these horses, and
their detection may reflect increased surveillance of
canines on infected equine premises (16).

There is no evidence that HeV infections ‘are emerging
in locations far beyond bats’ typical migratory bound-
aries’. Several recent publications demonstrate that the
spatial occurrence of equine HeV cases reflects the dis-
tribution of black and spectacled flying-foxes (17-19).

In conclusion, we express no objection to the devel-
opment of a human vaccine against HeV; however, we are
emphatic that Zahoor and Mudie (1) are unjustified in
using viral evolution, vaccine inefficiency, and changing
clinical syndromes as motivations. There are no data to
support their case.
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Spillover simulations

HeV in bats

To implement the framework I modelled HeV dynamics among bats with a MSIR structure, with
gamma distributted matternal immunity, because this type of distribution can synchronise peak
prevalence with the high spillover risk season (Jaewoon Jeong pers. comm.; Plowright et al., 2015;
Wearing et al., 2005). To adequately represent the maternally immune stage the bat population is

structured by age into pups (0—-6 mo. old) and adults (6> mo old, equations 15).

dM,

— =b(®) - R= (o L+ )M, (152)
dxiZO"l'Mi_l—(U'l+ﬂ)Mi (15b)
ds,
—=b) - (S+D) - (BU+1,)+0+4)S, (15¢)
dl,
o BA+1p)Sp—(c+pu+y)lp (15d)
dR,
- = v, — (0 + p)R, (15e)
ds
-7 =0 My +5p) = (BT + 1) = p)S (15f)
dI
o= B +1,)S + oL, — (u+y)I (15g)
le—}: =yl +oR, — R (15h)
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Where the birth rate b(t) is a function of time that regulates seasonal birth pulses (Peel et al.,
2014):

b(t) = \/gexp [—s (1 — cos(xt — ¢)2)]

Because HeV is a directly transmitted disease, with a slight environmental transmission compon-
ent, we have to model these two transmission pathways in spillover. In addition, the transmission
rate from reservoir to spillover host usually depends on scaling the transmission rate among
reservoir hosts (Keeling and Rohani, 2007). In this case, transmission to horses might be scaled by

the probability of finding a foraging patch inside horse properties:

dHI' Ej(t) Pe

dtj = ijsj In |1+ k—] (ﬁlj + D—SOV})] (163)
dv;
E = GIJ — ,Uv‘/] (16b)

Where ¢ and py, are auxiliary variables that are:
Ty, (£)
&i(t) = pn,  pf; - =

Pc = Pa * Peating (17a)

Where pj; is the probability that there are horses inside a bat foraging patch per area unit
(4 X 4 km grid cells) and py; is the probability that bats find a foraging patch in area j. Foraging
patches are defined as any 1 ha patch within area j that contains at least 14 flowering trees at peak
flowering. And p, is the proportion of a 1 ha foraging patch that is contaminated with infected
bat urine.

Lastly the way we determine the number of flying foxes that feed in area j where we evaluate

spillover to horses is:

T, (t) = Ty, exp(~1/10"d;)

T, =T,

Jmax J

. exp(—1/104dj)
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Tl;j(t) ’

Tl;j Pijbj(t)
Li(t) =1 —T o ,
j=1 T—pijbj(t)

’
bimax

This means that the number of bats that feed in area j depends on the proportion of trees that
are flowering at time ¢t weighted by their distance from the source bat camp and the probability
of finding a foraging patch. d; is the distance from the bat colony to the area j that contains n

foraging patches.

Dynamics of flowering and fruiting

This part of the system comprises a series of equations that assume that the tree population
dynamics are negligible. Phenologic status is represented compartmentally and the time to state

transision are exponentially distributted.

dT,.
dt] = ijbj _Pj(t)Tnj (183)
T,
2 = ()T, = miTh, (18b)

Where the flowering (blossoming) rate is controlled by p;(t):

2
pj(t) =a;+ bj CcOoS (Cjﬂ.'t - ¢J)

Where a; and b; are the minimum and maximum flowering rates respectively of patch j. ¢;
controls the periodicity of flowering (how often flowering occurs in patch j) and ¢; is the offset,
that controls the time of the year at which peak flowering occurs in patch j. The first stage is

composed by trees that are awaiting to flower, the second are flowering trees.

Parametrisation

All parameters pertaining HeV dynamics in bats were obtained from Plowright et al. (2011) and
by personal communication with Jaewoon Jeong. The rest of parameters to scale the contact rates
with horses were estimated using MCMC sampling and with data from Crowther et al. (2015) and
Eby and Law (2008). These data wree used to find tree density (Crowther et al., 2015),flowering
frequency and peaks respectively (Eby and Law, 2008). Horse density data was obtained from

Biosecurity Queensland.
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Tree density and flowering

Crowther et al. (2015) modelled tree density globally at 1 km? using remote sensing data. While
the data is not completely accurate it represents the best account of tree density yet available.
Eby and Law modelled the relevance of vegetation communities in Southeastern Queensland as
foraging habitat for P. poliocephalus. This spatialised data set assigns different score values to
polygons that represent the type of plant communities based on how productive they are and
how relevant they are for P. poliocephalus at bimonthly intervals. Given that P. poliocephalus and
P. alecto have different dietary preferences, Eby and Law data might underestimate the relevance
of the periurban vegetation for P. alecto. Therefore, we assumed that the relevance of all areas
for P. alecto was at least 10% higher in absolute terms than they are for P. poliocephalus. With
these assumptions then the density of flowering trees per spatial and time unit was assumed to
be Flowering;(t) = Trees; X Relevance;(t).

To perform these calculations we rasterised the flowering scores of Eby and Law (2008) with
the grid size of the tree density data from Crowther et al (2015). The resulting flowering density
maps for each bimonthly period were used to find parameters a, b, ¢, ¢ from equation 18b for all j
areas using MCMC sampling with JAGS 4.1 (Plummer, 2003),integrating the system of equations
with the Euler method using a time step of 1 day. Priors for these parameters were normally
distributed and truncated between 0 and 1 with mean 0 and precision of 1, expcept for ¢ which

was drawn from a normal distriution with mean 7 and precision of /2 and truncated at 7/2, 7.

Calculating probability of finding foraging patches per area j

The 40 km radius buffer around camps was divided into quadrants of 4 X 4 km, at which I evaluated
the probability of finding foraging patches and the probability that a foraging patch is inside a
horse paddock. We did this by downscaling the tree density model from 700 m wide grids (after
converting from WGS84 to GDA94) to 100 m. The probability of finding a foraging patch per
area unit is therefore the proportion of 100 X 100 m patches with more than 14 trees. And the
probability that a foraging patch has horses is the proportion of foraging patches with a horse
density > 0.

I model. To create this

To calculate the latter probability we had to create a horse density ha™
model we iteratively rasterised the coordinates of the paddocks’ centroids after adding noise

generated from a uniform distribution with mean 0 and minimum and maximum values equivalent

230



to +3+/area (m?).
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