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Abstract: Population Viability Analysis (PVA) is a Monte Carlo simulation method for estimating the probability of
extinction of threatened species. There has been a shift in the use of PVA from absolute species risk measurement to
relative risk assessment associated with aranking of management strategies. Furthermore, PV A models have sought to
include more spatialy explicit information, like habitat structure and dynamics. Geographical Information Systems
(GIS) have long been used as a spatial decision support tool. More recently there has been particular interest in the
integration of GIS with simulation modelling. Integrating PVA with GIS will enable us to explore spatialy explicit
management strategies, eg. habitat restoration or predator control in particular places. We describe a new individual-
based, spatialy explicit PVA model that integrates with the Environmental Systems Research Institute’'s (ESRI)
ArcView® and Arcinfo® GIS software. Environmental stochasticity is simulated in this model using normal or log-
normal deviate random number generators. The model allows the user to choose from a variety of effects that
environmental stochasticity and catastrophes have on fecundity and survival. The model simulates both sexes and
alowsfor the Allee effect. Thiswork isstill in progress. We discuss the operation of this model and using preliminary

dataillustrate its application with athreatened species, the Y ellow-footed Rock-wallaby (Petrogale xanthopus).

1. INTRODUCTION

Population Viability Analysis (PVA) isaMonte Carlo
simulation modelling tool for assessing the probability
that a specieswill become extinct in a particular region
over aspecific period (Possingham 1991). Thisinvolves
randomly sampling demographic and environmental
processes from defined probabilities and analysing their
cumulative effects over time (Lacy 1993).

Given that speciesinteract with their environment in
space and time, PV A models should be explicitly spatial.
Spatially explicit models combine population models
with representations of the landscape (Wiegand et al.
1998). PV A models also incorporate stochasticity
(Burgman et al. 1993). For example, small populations are
particularly susceptible to chance events (Boyce 1992;
Lacy 1993) and if the causes of decline are removed, a
small population may still become extinct through
demographic stochasticity (Shaffer 1981; Soulé 1987).

Many PV A software packagesincluding ALEX,
(Possingham and Davies 1995) RAMAS/GIS (Akgakaya
1994) and Vortex (Lacy 1993) have been used to assess
the threat of species extinction in arange of applications
including forest resource management (Lindenmayer
1996) and reintroduction/transl ocation strategies
(Lindenmayer 1994; Southgate and Possingham 1995).

Our motivation for producing an alternative PVA model
has been driven by the need to have a seamless
interface between GI S habitat modelling tools and to
better facilitate some of the unique characteristics of

medium size mammalsin semi-arid environments.
Interfacing the model with a GIS alows usto more freely
manipul ate representations of real landscapes,
demographic parameters and dispersal strategies and
compare these configurations with species persistence
without the need to migrate GI S landscape information
across to a separate applications.

2. MODEL OVERVIEW

The PVA model we described here has been written in
C++ and Avenue® as an extension to the Environmental
Systems Research Institute (ESRI) ArcView? 3.2
Geographical Information System (GIS).

We divide the landscape into aregular grid of cells.
Each cell holds a static habitat index, which represents
the maximum carrying capacity in that cell. We
separately model the demographic response of a species
to changing environmental conditions by using a
environmental variable drawn from a statistical
distribution which relates resource availability at timet
to survival and fecundity.

The model repeatedly steps through an annual cycle of
chance environmental, dispersal and demographic
events for a specified time period. The model then
repeats the simulation and records the extinction and
occupancy data at the end of each period.

21 Demographic Structure



The model isindividual-based. This allows usto follow
the fate of individuals throughout their lifetime. Both
sexes are modelled using three age classes. Each age-
class has a pre-defined survival probability and
fecundity probability (females).

Modelling both sexes allows the user to specify the
spatial proximity required between mating partnersfor
breeding to occur. Thisisimportant for small
populations where alack of mating partners can
contribute to adeclinein the population (Alleeet al.
1949). The mating system is polygamous.

Demographic stochasticity includes the chance
fluctuationsin survival, fecundity and sex determination.
Chance birth and death events are simulated using a
binomial pseudo-random variate generator. The number

of births b, (t) borninaparticular time step is drawn
from abinomial distribution where:

b(t) = ~Binomial (f, (xt)*I,m(xt)) )

Here fj(x,t) isthe number of potential breeding
females of ageclassx incell i at timet; my (x,t) isthe

fecundity probability for that age classat timet and | is
the maximum number of litters per femalein each time
step.

The number of animalsin a particular age/sex classx that
survive to the next age/sex classx+1 for grid cell i from
timetto t+1, isgiven by:

n (x+1t+1)= ~Binomial (n (x,t),5(x,t)) @

where, nj (x,t) isthe number of animalsin a particular
sex/age classx for grid cell i attimet and § (x,t) isthe
survival probability for that sex/age class.

The binomial generator usesthe ‘n’ Bernoulli trial
agorithm described by Kachitvichyanukul and
Schmeiser (1988). Thisalgorithm is also used to draw
the sex of each offspring for agiven sex ratio.

21 Environmental Stochadticity
The fecundity and survival probabilities, my (x,t) and
§ (x,t) in Equations 1 and 2 vary annually for avariety

of reasons— changing rainfall, temperature or key
resources. Thisisdescribed as environmental
stochasticity.

Thetemporal distribution of rainfall and resourcesin
semi-arid environments tend to be highly skewed
(McCalum 1994), hence environmental stochasticity in
thismodel is simulated by sampling a pseudo-random
number from alog-normal distribution in each time step.

The mean environmental variable and variance may be
entered astwo global parameters or alternatively
selected as raster grids depicting variable environmental
means and variances. The latter option enables usto
model meta-populations, which are distributed over a
range of environmental conditions.

The following logistic functions (from McCallum 1994)
areused to link survival and fecundity probabilitiesto
the generated environmental variates.

exp (as +bsuj (t)) @)

+ e (ag + bs (t))

s(x.t) = S(><)§1

i e(p(af +be|(t)) 4
mj (x,t) = M ( )§1+e<p(af +be|(t)) ®

Here uj (t) isthe environmental variablein cell i at time
stept; S(X) and M (X) are the maximum attainable
survival and fecundity probabilities for a sex/age class
X; 5 (x,t)and m (x,t) arethe derived survival and
fecundity probabilities for a sex/age classx incel i and
time stept and as, Dg, 8¢ and by are fixed parameters.

When environmental variates are drawn from a global
mean and variance, a correlation coefficient ‘¢’ specifies
the level of inter-cell environmental correlation.

Ej =cEg +(1- 0)Gi )

Here E; isthe derived environmental variate at cell i,
Eg isaglobal variate and G; isagrid cell
environmental variate.

Density dependence is modelled by truncating the
population (starting with younger individuals) at the end
of each time step to the maximum carrying capacity
defined by the habitat quality variable.

22 Catastrophes

We define catastrophes as extreme environmental
events such asfire or prolonged drought, which
severely lower survival and fecundity. We only allow
for catastrophes that affect the entire population. In
this context, the distinction between a catastrophe and
an extreme environmental event or outlier isentirely
academic. However, the advantage of separating global
catastrophes from unusual environmental eventsisour
ability to stipulate the probability (or frequency) of a
global catastrophe, its maximum duration and net effect
on survival and fecundity of all local populations. The
frequency of catastrophesisdrawn from abinomial
variate generator using a specified probability. The
duration of the catastrophe (in years) isdrawn from a
uniform random number generator up to a specified
maximum duration. The user also specifiesan



environmental modifier, which isafraction multiplied by
al environmental variables generated in the landscape
when aglobal catastrophe occursin that year.

2.6 Movement

Population models that incorporate landscape
characteristics allow us to explore dispersal processes
(Pulliam et a. 1992). Only movement related to natal
dispersal has been incorporated in thismodel. The
model accommodates active and passive dispersal
strategies. An active dispersal strategy iswhen the
individual seeks suitable habitat for survival and
reproductive success (Pulliam 1996) whereas a passive
dispersal strategy israndom. The probability of
dispersal aso decays with distance. Thefollowing
negative exponential distance probability function has
been adapted from Okubo and Levin (1989).

f(x) =e & (6)

Here f(x)isthe probability density of dispersal for

distance x. Parameter a is a constant specific to each
sex. For thisdistribution, the invert of parameter ‘a is
the average dispersal distance. The dispersal algorithm
simulates each dispersing individual moving from its
source cell through the landscape. At each cell the
active disperser chooses to move to a surrounding cell
with the highest habitat score. The algorithm assumes
the animal will search the surrounding cellsn number of
times before making adecision. Thisis achieved by

drawing separate binomial variatesh; for each cell |
using the cell habitat score as the probability inn
Bernoulli trails. If niszero the anima will move
randomly to any of the surrounding cells. High values
of nindicate agreater search effort. The cell with the

highest integer value of h; is selected for the next move.

h, = ~ Binomial (n, pj) )

i
Here p j isthe habitat quality of the " surrounding cell

and n is used as ameasure of the animal’ s search effort.
Theindividual cannot move back into the cell from
where it last moved.

For each move, arandom distance is drawn from the
distribution in Equation 6. If the cartesian distance the
individual hastravelled from the origin cell reachesa
variate distance drawn from this distribution, the
individual ceasesto move further. Destination cellsare
also tested to seeif existing occupants have reached
carrying capacity.

3. Modelling the Y éllow-footed Rock-wallaby
(Petrogale xanthopus) in South Australia.

The Y ellow-footed Rock-wallaby (Petrogal e xanthopus)
livesin isolated populationsin semi-arid rangelands of
south-eastern Australia. Predation and habitat

degradation from native and introduced herbivores have
caused adecline in P. xanthopusnumbersin the last 100
years.

31 Demographic Parameters

Demographic data have been collected from mark and re-
capture sampling resulting in 156 captures over seven
six-monthly trap seasons at the three sites. Trapping
was carried out between March 1998 and February 2001.
Thiswork isstill in progress. Sites1 & 2 are 4km apart in
the Flinders Ranges National Park S.A. Site 3islocated
in pastoral country approximately 24km from Site 2. All
sitesfall along alinear geological formation. Preliminary
data analysis of mark and re-capture data indicates that
the average adult survival and trapability is not
significantly different between sites { P= 0.063,

¢ 2=8.92(4)} or sexes{P=0.083, ¢ 2=4.978(2)}. The

pooled average adult survival was calculated to be 0.88.
Adult survival was also found to best link to the
previous 12 months of rainfall (using Equation 3, a=-
2.83,b=0.033, R*=0.82, 4 trap periods, 23 adults)
although few data are available for thisto be reliable.
Juvenile survival was difficult to measure because few
individuals were trapped after being marked as pouch
young and the fate of these individualsis unknown.
Using crude estimates, juvenile survival at sites1 & 2
(with fox control) could be as high as 65% and at site 3
(with no fox contral), 20%. Fecundity datadid not link
aswell to rainfall (using Equation 4, a= 0.064, b = 0.009,
R? = 0.37, 4 trap periods, 31 females).

32 Dispersal Parameters

Thereis till little information available on the long term
and long distance movement of P. xanthopus.
Microsatellite and mitochondrial DNA data collected at
sites 1, 2, and 3 are currently be analysed by Macquarie
University (NSW). Preliminary findings suggest that
only avery small proportion of males have moved
between sites 1 and 2 (4km) and little or no movement is
evident between sites 2 and 3 (24km) (Eldridge, pers
comm, 2001.)

3.3 Habitat

Habitat data and areal survey data of P. xanthopus
collected by the Department for Environmental &
Heritage (S.A.) have been collected over a40x30
kilometre area. Using thisinformation, a habitat index for
1kilometre grid cells has been derived using atechnique
known as Geographically Weighted Regression
(Fotheringham et a. 1998).

4.0 RESULTS

Despite the scarcity of data, the application of PVA
modelling can still provide uswith early insightsto
parameter interactions, model performance and priorities



for further field data collection. Sensitivity analysis
involves varying parameter estimates and analysing the
resulting extinction probabilities (Possingham et al.
2001). Parameter uncertainty includes variationsin
process and errors in observation and sensitivity
analysis can improve our understanding of how these
uncertainties might affect model performance. In
spatially explicit PVA, sensitivity analysis must also
account for uncertaintiesin the habitat model
particularly habitat connectivity, which isimportant for
species movement (Taylor et al. 1993). An exhaustive
sensitivity analysis of all model parameters has not yet
been carried out and we present the results of only afew
parameters.

4.2 Dispersal and L andscape I nteraction

Using historical abundance information to guide habitat
modelsisdifficultin marginal habitat areas. Inthese
areas there are few animals and the detection of species
presence and absence using aerial datais often
negatively biased. Grid A infigure 1 wasderived using
Geographically Weighted Regression and 5 years of
estimated abundance data from aerial surveys.
However, if specieswere undetected by aerial surveysin
these marginal areas, the habitat scores of these cells
could be higher. To test the effect of this, Grid B was
maodified to include connecting cells capabl e of
supporting only one or two individuals. Thesetwo
habitat models were then compared with arange of
dispersal parameters (Equation 6). Figures2 and 3
describe the median time to extinction for males and
female with equal dispersal parameters‘a’.

Figures 2 and 3 both show that at higher levels of
juvenile survival, the median time to extinction increases
at higher average dispersal distances (low valuesof ‘a).
Infigure 3, the median time to extinction appearsto be
marginally higher in the less fragmented landscape, Grid
B.

i 1

Figure 1: Habitat grids of 1 km cell size. Darker cells
indicate higher carrying capacities. (arrowsindicate
additional connectivity).
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Figure 2: Dispersal parameter ‘a verses median time to
extinction for Grid A. Sisjuvenilesurvival. Adult
survivals kept constant at 0.88.

Johnson (1990) hypothesised that dispersal ismale
biased in macropods and the genetic data sampled in
this study does not negate this hypothesis although
there aretoo few data. Interestingly, further simulations
have shown that the median time to extinction was much
higher for arange of male dispersal parameters when
females had lower dispersal distances.

Not surprisingly, lower male dispersal distances (a=
0.00065) and high female dispersal distancesyield lower
median times to extinction.

5.0 CONCLUSIONS

These simulations provide some insights about the
relationship between dispersal strategies and landscape
structure.

For example, at low juvenile survival rates, habitat
connectivity and dispersal strategies have little effect on
persistence.
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Figure 3: Dispersal parameter ‘a verses median time to
extinction for Grid B. Sisjuvenile surviva only. Adult
survival kept constant at 0.88.



Further work will focus on the hypothesis of limited
female dispersal, modelled for arange of habitat types
and juvenile survival probabilities.

The importance of habitat corridors has been reinforced
in this study and further field work will focus on
gathering abundance and habitat datain the more
marginal habitats types where habitat model
uncertainties may have arisen from negative biasesin
aerial abundance estimates.

The approach we have described does not include a
genetic sub-model and the effect of limited dispersal
would lead to genetic isolation and in-breeding, that may
ultimately lead to decline.

The survival parameters we used in equation 3 applied
to all age classes because little data was available to
measure the response of juvenile survival to
environmental stochasticity — this could severely affect
our predictions and further field-work is required in this
area

Finally, the dispersal decay function does not penalise
theindividual’s chances of survival with distance and a
future version of this model will consider survival
associated with dispersal. Future modelling will also
need to include all parametersin the sensitivity analysis.
Aerial survey data collected by the Department for
Environment and Heritage (S.A.), will also be used to
investigate other model inadequacies.
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