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Contributed Paper

Implications of different population model structures
for management of threatened plants
Helen M. Regan,∗ ¶ Clara I. Bohórquez,∗† David A. Keith,‡§ Tracey J. Regan,∗∗††
and Kurt E. Anderson∗
∗Biology Department, University of California Riverside, 900 University Avenue, Riverside, CA 92521, U.S.A.
†Biology Department, Universidad Nacional de Colombia, Carrera 45 #26–85, Edif. Uriel Gutiérrez, Bogotá D.C., Colombia
‡Centre for Ecosystem Science, School of Biological, Earth and Environmental Sciences, The University of New South Wales, Sydney,
NSW 2052, Australia
§New South Wales Office of Environment & Heritage, P.O. Box A290, Sydney South, NSW, 1232, Australia
∗∗Arthur Rylah Institute for Environmental Research, The Department of Environment, Land, Water and Planning, 123 Brown Street,
Heidelberg, VIC 3084, Australia
††School of Biosciences, University of Melbourne, Parkville Campus VIC, 3010, Australia

Abstract: Population viability analysis (PVA) is a reliable tool for ranking management options for a
range of species despite parameter uncertainty. No one has yet investigated whether this holds true for model
uncertainty for species with complex life histories and for responses to multiple threats. We tested whether a
range of model structures yielded similar rankings of management and threat scenarios for 2 plant species
with complex postfire responses. We examined 2 contrasting species from different plant functional types:
an obligate seeding shrub and a facultative resprouting shrub. We exposed each to altered fire regimes and
an additional, species-specific threat. Long-term demographic data sets were used to construct an individual-
based model (IBM), a complex stage-based model, and a simple matrix model that subsumes all life stages
into 2 or 3 stages. Agreement across models was good under some scenarios and poor under others. Results
from the simple and complex matrix models were more similar to each other than to the IBM. Results were
robust across models when dominant threats are considered but were less so for smaller effects. Robustness
also broke down as the scenarios deviated from baseline conditions, likely the result of a number of factors
related to the complexity of the species’ life history and how it was represented in a model. Although PVA can
be an invaluable tool for integrating data and understanding species’ responses to threats and management
strategies, this is best achieved in the context of decision support for adaptive management alongside multiple
lines of evidence and expert critique of model construction and output.

Keywords: conservation management, Grevillea caleyi, individual-based model, matrix model, model uncer-
tainty, population viability analysis, Xanthorrhoea resinosa

Implicaciones de Diferentes Estructuras de Modelos Poblacionales para el Manejo de Plantas Amenazadas

Resumen: El análisis de viabilidad poblacional (AVP) es una herramienta confiable para clasificar las
opciones de manejo para una gama de especies a pesar de la incertidumbre en los parámetros. Nadie
ha investigado aún si esto es cierto para la incertidumbre de modelo para las especies con historias de
vida complejas y para las respuestas a las amenazas múltiples. Probamos si una gama de estructuras de
modelos produćıa clasificaciones similares de escenarios de manejo y amenaza para dos especies de plantas
con respuestas complejas post-incendios. Examinamos dos especies contrastantes desde tipos funcionales
de plantas diferentes: un arbusto con producción obligada de semillas y un arbusto con rebrotamiento
facultativo. Expusimos a cada uno a reǵımenes alterados de fuego y a una amenaza adicional espećıfica de
la especie. Los conjuntos de datos demográficos a largo plazo fueron utilizados para construir un modelo
basado en el individuo (MBI), un modelo complejo basado en etapas y un modelo matricial simple que
incorpora todos los estadios de vida en dos o tres etapas. La concordancia entre los modelos fue buena bajo
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460 PVA Model Structure and Uncertainty

algunos escenarios y pobre bajo otros. Los resultados de los modelos matriciales simples y complejos fueron
más similares entre ellos que con el MBI. Los resultados fueron generales en los modelos cuando las amenazas
dominantes son consideradas pero lo fueron menos para efectos menores. La generalidad también tumbó los
escenarios desviados de condiciones de ĺınea base, probablemente como resultado de un número de factores
relacionados con la complejidad de la historia de vida de las especies y cómo ésta fue representada en un
modelo. Aunque el AVP puede ser una herramienta invaluable para integrar datos y entender las respuestas
de especies a las amenazas y a las estrategias de manejo, esto se obtiene de mejor forma en el contexto del
apoyo a la decisión por un manejo adaptativo junto con ĺıneas múltiples de evidencia y la cŕıtica de expertos
sobre la construcción del modelo y los resultados.

Palabras Clave: análisis de viabilidad poblacional, Grevillea caleyi, incertidumbre de modelo, manejo de la
conservación, modelo basado en el individuo, modelo matricial, Xanthorrhoea resinosa

Introduction

The application of population viability analysis (PVA) in
conservation has increased greatly in recent decades as
mathematical modeling has become more widely acces-
sible to conservation practitioners (Bakker & Doak 2009;
Pe’er et al. 2013). Despite the role PVA has played in man-
aging species of conservation concern, their predictive
accuracy has been criticized due to inherent uncertain-
ties (Taylor 1995; Beissinger & Westphal 1998; Coulson
et al. 2001). Uncertainty in PVAs comes from two main
sources: model input (e.g., the data available to estimate
model parameters) and the model structure used to de-
scribe population dynamics (Regan et al. 2002). Although
absolute estimates of extinction risk or population de-
cline derived from PVA have been deemed unreliable
due to insufficient and uncertain data (Fieberg & Ellner
2001), rankings of PVA output are fairly robust to parame-
ter uncertainty under the right circumstances (McCarthy
et al. 2003). For instance, when a large data set is used to
estimate parameters for short-lived species (Brook et al.
2000) or when simulations are performed over short time
intervals, error propagation is minimized (Beissinger &
Westphal 1998). As a result, ranking of management alter-
natives, species vulnerabilities, or scenario outcomes has
become the accepted practice for conservation decision
making guided by PVA.

The choice of model structure can also have important
effects on PVA output. Rankings of management options
may differ across models constructed with the same data
because of differences in the type and amount of de-
tail included in the model structure (Regan et al. 2003a;
Rueda-Cediel et al. 2015). The simplest models (i.e., those
with the fewest parameters such as scalar models) treat
all individuals in a population as identical. Other models,
such as stage-based or matrix models, account for dif-
ferences in demography based on size or age structure.
Individual-based models (IBMs) treat each individual as
a discrete entity and thus are the most data intensive
(Grimm & Railsback 2005). The most appropriate model
structure for a PVA depends on the objectives of the
study, the available data, and how well a model can rep-

resent the life history for the given species (Lindenmayer
et al. 1995). Because of data limitations, simple scalar or
stage-based models are most likely to be used in PVAs for
animals (Dunham et al. 2006), although more complex
matrix models have been most commonly used for plant
PVAs, likely due to the additional complexity in their life
cycles (Menges 2000; Crone et al. 2011, 2013). An IBM
is amenable to still greater complexity and can include
relevant features that may not be possible to implement in
simpler models, but it requires more data. However, the
most complex model, while perhaps more realistic, will
not necessarily provide the most accurate results due to
compounding parameter uncertainty (Rueda-Cediel et al.
2015). Although PVA can, in certain circumstances, reli-
ably rank management options for short-lived species, its
reliability in the face of model uncertainty for longer-
lived species with complex life histories is yet to be
investigated.

Plant species in particular possess many challenging
life-history features when constructing PVAs, particularly
the inclusion of plant and seed dormancy, episodic re-
cruitment, clonal growth, and greater longevity (Menges
2000; Crone et al. 2011). Multiple interacting threats to
plant populations such as land-use change, adverse fire
regimes, climate change, and disease may add further
complexity to the assessment of management strategies
(Keith 2004; Regan et al. 2011; Bonebrake et al. 2014).
Researchers have compared different PVA models (e.g.,
Lindenmayer et al. 1995; Brook et al. 2000; McCarthy
et al. 2004; Wilson et al. 2011). Although they shed light
on the implications of using different model structures on
PVA outcomes, they did not evaluate the effects of model
structure on ranking management strategies for species
exposed to multiple threats and management scenarios.

We evaluated how model uncertainty, implemented
as alternative model structures, affects the robustness of
population model outputs and subsequent management
and threat rankings. We focused on two plant species that
represent different plant functional types (PFTs) common
to many fire-prone ecosystems globally: an obligate seed-
ing shrub (Grevillea caleyi) and a facultative resprout-
ing shrub (Xanthorrhoea resinosa Pers.). Both species
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exhibit complex life cycles and are exposed to altered
fire regimes and an additional threat: high seed predation
for G. caleyi and a fatal root pathogen for X. resinosa.
For both species, we used long-term demographic data
sets to construct three types of PVA models commonly
used for plant PVAs in conservation biology: an IBM, a
complex stage-based model that describes all life stages
separately, and a simple matrix model that subsumes
all life stages into 2 or 3 stages. We specifically tested
whether this range of model structures yielded robust
rankings of management or threat alternatives.

Methods

Below we outline the basic structure and assumptions
behind each of our models. Further details on model con-
struction and execution are in Supporting Information.

Grevillea Caleyi Models

G. caleyi is an obligate seeding shrub with a restricted
range north of Sydney, Australia. Primary threats to the
species are habitat destruction, adverse fire regimes (par-
ticularly frequent fire), and high levels of seed predation.
Although fire promotes the breaking of seed dormancy
and triggers germination, all plants and some seeds are
killed by fire, and populations of G. caleyi can be extir-
pated if the time between fires is insufficient for seeds to
accrue in the seed bank. Seed predation rates can reach
100% in the first few years following a fire and remain
high for over a decade. Adult plants begin to senesce at
12–15 years.

For each plant in each year, the IBM recorded the
position, height, canopy width, age, and whether or
not the plant was shaded by a conspecific. Competition
occurred through shading and subsequent reduction in
plant growth and survival. Survival rates, seed viability,
fecundity, seed predation rates, and plant growth rates
were calculated from a long-term data set (Regan et al.
2003b & Supporting Information). In each year, fires
(wildfires and planned) were implemented as probabilis-
tic functions and increased with time since last fire. A fire
designated as a wildfire was probabilistically selected as
of high or low intensity depending on time since last fire.
All planned fires were low-intensity fires. High-intensity
fires killed more seeds but resulted in higher germination
rates than low-intensity fires. Populations subjected to
fires in three consecutive years were extirpated.

Eleven stages were included in the complex matrix
model: seeds and annual ages 1 to 10+ years (Regan &
Auld 2004). Demographic parameters were assigned in
the same way as for the IBM. However, survival rates
for shaded and unshaded plants were averaged for each
age class and subjected to ceiling density dependence,
and plant growth (height and canopy) was not included.

The probability of a wildfire occurring was the same as
for the IBM; however, no distinction was made between
low- and high-intensity wildfires, and postfire responses
were averaged for the two fire types. Planned fires were
low-intensity fires.

Because this species accrues a seed bank that con-
tributes to the population only in the event of a fire,
we used the same long-term data set on which the 2
more complex models were based to construct a 2-stage
matrix model with a seed bank and standing plants. The
survival rate of standing plants in the absence of fire was
calculated as the geometric mean of the survival rates
across the age classes in the complex matrix model coin-
ciding with the length of the average fire-return interval.
This was necessary because this species grows in even-
age cohorts. Fecundity was calculated as the arithmetic
mean of fecundities across age classes coinciding with the
length of the average fire-return interval. Ceiling density
dependence and wildfires were implemented in the same
way as in the complex matrix model.

Xanthorrhoea Resinosa Models

Xanthorrhoea resinosa Pers. (order Liliales) is an en-
demic long-lived perennial shrub with a monopodial
growth form and vertical woody stem, occasionally bear-
ing many-flowered spikes at the summit of its terminal
cluster of linear leaves. It occurs along the southeastern
coast of Australia and can live for centuries. X. resinosa
is a facultative resprouter. Fire may kill some plants in
all growth stages of the population but also may stimu-
late flowering and seed production. The proportion of
postfire survivors depends on fire intensity and plant
age and size, whereas flowering depends on plant size
and time since last fire. The major threats to this species
are altered fire regime and the soil-borne root pathogen
Phytophthora cinnamomi, which kills infected plants.

The IBM model included position, life stage, height,
crown radius, caudex height (if present), number of
leaves, and age for each plant in each year. Plants were
partitioned into two seedling stages, juveniles, subadults,
adult plants with a below-ground caudex, and two classes
of adult plants with an above-ground caudex—one with
a caudex �10 cm and the other with larger caudices. All
mature plants develop a below-ground caudex that can
grow above ground according to a probability based on
the number of leaves on the plant.

Survival depended on plant life stage and the proximity
of intraspecific competitors, disease infection status, and
time since last fire. When the crowns of two adjacent
plants overlap the smaller plant dies (Regan et al. 2011).
Mortality rates due to disease were applied to each
individual equally. Postfire mortality depended on fire
intensity and the life stage of the plant. Seedlings had the
highest mortality in high-intensity fire, followed by adults
with above-ground caudices. Adults with below-ground
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caudices incurred the lowest mortality in a fire, and
overall mortality in low-intensity fires was substantially
lower. X. resinosa flowers within 3 years after a fire
event at rates dependent on plant size (Regan et al.
2011). Fires (wildfires or planned) were implemented in
the same way as for the G. caleyi model.

Because the first two life stages in the IBM were age
based (covering the first 20 years of establishment),
whereas the remainder were based on size or repro-
ductive capacity, the complex matrix model was con-
structed as a 25-stage model in which the first 20 stages
represented ages 1–20 years and the remaining size-based
stages were assigned to size classes described for the IBM.
Survival rates were summarized from the data or func-
tions used for the IBM and depended on the time since last
fire (Supporting Information). Average transition rates be-
tween stages were estimated using functions describing
leaf-accumulation rates for juveniles and subadults, the
probability of developing an above-ground caudex, and
the growth rate for the �10 cm above-ground caudex
stage. Germination events were assigned in a manner
similar to the way they were assigned in the IBM, and
seedling emergence rates decayed with time since last
fire. Density dependence was implemented such that
when carrying capacity was exceeded, the abundance
was reduced down to carrying capacity at rates depen-
dent on the ages and stages of plants as applied in Ford-
ham et al. (2012) with larger plants outcompeting smaller
plants. Wildfire probability was assigned in the same way
as for the G. caleyi matrix models. Planned fires were
low intensity. Mortality due to disease was applied to
each stage equally.

The stages in the simple 3-stage model represented
seedlings (1- to 20-year-old plants subsumed into a single
seedling stage), nonreproductive plants (combined juve-
niles and subadults), and adult stages (all three below-
and above-ground caudex stages). Survival rates were
summarized from the data or functions used for the
IBM (Supporting Information). A weighted average of
germination rates was calculated across time since last
fire and adult stages; normalized weights for each adult
stage were taken from the stable-stage distribution. This
strategy confined all flowering to the first year after a fire,
unlike the complex matrix and individual-based models.
A ceiling carrying capacity was implemented. Wild and
planned fires were implemented in the same way as for
the complex matrix model. Mortality due to disease was
applied to each stage equally.

Management Actions, Threats, and Simulations

We constructed the IBMs in Fortran 99 and used RAMAS
Metapop 5.0 (Akçakaya 2005) to construct the complex
matrix and simple 2- and 3-stage matrix models. H.M.R.
constructed each model with expert input from D.A.K.
and T.J.R. to minimize differences in interpretation of

data and parameterization due to subjective judgment
(Regan et al. 2002). Each model for each species included
a single patch.

The G. caleyi models started with a population of 46
seeds and 70 4-year-old plants. Plant age was unspeci-
fied in the simple 2-stage model. All X. resinosa models
started with a population of 500 seedlings, 300 juveniles,
300 subadults, 400 plants with belowground caudex, and
100 plants each in the aboveground caudex. For the 3-
stage matrix model, these were summed over the appro-
priate stages as described above.

For G. caleyi a range of prescribed fire scenarios,
proportions of patch burned, and predation rates were
applied to represent realistic management alternatives
and threats for this species (Fig. 1 & Table 1). G.
caleyi models were run for 50 years and 1000 replica-
tions, and the extinction risk was recorded for each man-
agement scenario and threat. Similarly, for X. resinosa,
a range of prescribed fire scenarios, disease levels,
and management time horizons were applied (Fig. 2 &
Table 2). Extirpation for this species is unlikely, so com-
parisons between scenarios were based on the final
median abundance.

Pearson product-moment and Spearman rank corre-
lation coefficients between model structures were cal-
culated based on extinction risk or final median abun-
dance for pooled predation (for G. caleyi) or for dis-
ease per time horizon (for X. resinosa) and fire sce-
narios and for just fire scenarios within each preda-
tion (for G. caleyi) or disease per time horizon (for X.
resinosa) scenario. The Pearson product-moment cor-
relation coefficient provides the linear relationship be-
tween outputs projected from two different model types,
whereas Spearman’s rank correlation coefficient provides
a measure of concordance in rankings from 2 model
types. We used both measures because rankings, on their
own, tend to inflate small or deflate large differences
between scenarios.

Results

Grevillea Caleyi

Estimates of extinction risk show good agreement across
all model types under the “empirical predation” sce-
nario (Fig. 1a–c; i.e., with predation rates measured in
the field). The baseline case (wildfire, 100% of patch
burned, empirical predation) resulted in extinction-risk
estimates of 0.721, 0.634, and 0.618 for the 2-stage, com-
plex matrix, and individual-based models, respectively.
Outcomes for the wildfire scenario were also compara-
ble across models under the alternative predation rates:
0.059, 0.078, and 0.082 with an 80% predation rate and
0.036, 0.053, and 0.089 with a 70% predation rate for the
2-stage, complex matrix, and individual-based models,
respectively (Fig. 1d–i). As the predation rate decreased
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Figure 1. Grevillea caleyi extinction risk estimated by simple matrix, complex matrix, and individual-based
models (IBM) under a range of fire and seed-predation scenarios. Empricial predation refers to the averaged
observed rate of seed predation in the field, and 80% and 70% predation refer to reduced predation rates (FRI,
average fire-return interval for planned fires).

so did extinction risk across all models. The effect of
average fire-return interval was also qualitatively similar
across models and predation rates: more frequent fire
tended to increase extinction risk. Extinction risks for the
5-year fire-return interval for the 80% and 70% predation
rates and all proportions of the patch burned showed
the greatest differences both qualitatively and quantita-

tively. Extinction risks remained constant or decreased
as proportion of patch burned increased for all models
and fire-return intervals except the 5-year fire-return in-
terval, where extinction risk decreased for the 2-stage
and complex matrix models and increased for the IBM as
proportion of the patch burned increased (Fig. 1).

Table 1. Pearson product-moment (P-M) and Spearman’s rank correlation coefficients for G. caleyi extinction-risk generated with the 3 model
structures under all (predation and fire) management scenarios and all fire-management scenarios within each predation-management scenario.

P-M correlation coefficient
Spearman’s rank correlation

coefficient

Scenarios Model∗ S M I S M I

All scenarios combined S 1 − − 1 − −
M 0.88 1 − 0.925 1 −
I 0.799 0.738 1 0.762 0.677 1

Empirical predation S 1 − − 1 − −
M 0.829 1 − 0.752 1 −
I 0.876 0.947 1 0.69 0.672 1

80% predation S 1 − − 1 − −
M 0.834 1 − 0.752 1 −
I 0.025 0.416 1 0.69 0.672 1

70% predation S 1 − − 1 − −
M 0.741 1 − 0.842 1 −
I −0.201 0.051 1 −0.185 −0.32 1

∗Abbreviations: S, simple 2-stage model; M, complex matrix model; I, individual-based.
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Figure 2. Xanthorrhoea resinosa final median abundance estimated by simple matrix, complex matrix, and
individual-based (IBM) models under a range of fire and disease scenarios (high disease, maximum disease rates
observed in the field; medium disease, half that of high disease; FRI, average fire-return interval; median
abundance, median abundance observed at the the end of the simulation [i.e., final median abundance]).

The Pearson product-moment and Spearman’s rank
correlation coefficients when fire and predation
management scenarios were considered altogether indi-
cated fairly strong positive correlations across the three
model structures (Table 1), ranging from 0.677 to 0.925.
This reflects the dramatic and consistent effect of pre-
dation management on extinction risks across the three
model types. The 2-stage and complex matrix models
had the highest correlations (for both Pearson product-
moment and Spearman’s rank), followed by the 2-stage
and individual-based models, and finally the complex ma-
trix and IBM. Likewise, correlations of extinction risks
for spatial and temporal fire management alternatives
were strong and positive under the empirical predation
scenario, ranging from 0.672 to 0.947. There did not
appear to be any consistent pattern in which models
correlated best. As the predation rate decreased so did
the Pearson product-moment correlation coefficients for
comparisons involving the IBM. For the most part corre-
lations were higher for the comparisons between the two
matrix models than they were for comparisons of the ma-
trix models with the IBM (Table 1). The Spearman’s rank
correlation coefficients for the 80% predation rate were
the same as for empirical predation. When the predation

rate dropped further to 70%, the correlation coefficients
remained reasonably high for the 2-stage and complex
matrix model comparison but became negative in three
out of four comparisons with the individual-based model.

Xanthorrhoea Resinosa

Estimates of final median abundance showed good agree-
ment across all model types under medium and high dis-
ease scenarions (Fig. 2d–i): as the disease rate increased
the final median abundance decreased across all model
types. Under medium and high disease, all final median
abundance trajectories declined through time, irrespec-
tive of the fire-return interval (Fig. 2d–i). Yet striking dif-
ferences were observed between the two matrix models
and the IBM in the no-disease scenario. Although the final
median abundances increased with time for the planned
fire scenarios under the two matrix models, they mostly
declined for the IBM (Fig. 2a–c). Outcomes for wildfire
were comparable across all three model structures under
each disease scenario. However, there was no apparent
pattern in the effect of average fire-return interval. The
ranking of fire-management options changed with model,
disease scenario, and time horizon in unpredictable ways.
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Despite some striking differences in final median
abundance projections across models, the Pearson
product-moment correlation coefficients were high
when all scenarios were considered together (range
0.755–0.992; Table 2), which reflects the strong effect
of disease and very frequent fire on final median abun-
dance. Of these the 3-stage and complex matrix mod-
els compared most favorably. The correlation coeffi-
cients remained high for all time horizons considered.
The Spearman’s rank correlation coefficients, while also
high and positive, were lower than the Pearson product-
moment correlation coefficients, and they remained gen-
erally lower for all other management and threat com-
binations considered, with some exceptions (Table 2).
When fire management was considered for the no-disease
scenario, the Pearson product-moment correlation coef-
ficients were positive and high and remained so as the
time horizon increased. However, the Spearman’s rank
correlation coefficient ranged from −0.086 to 1.000, de-
pending on the time horizon and model comparison.
Correlations were negative for comparisons of the 2 ma-
trix models with the IBM under a 300-year time horizon,
and coefficients were 1.000 for comparisons of the two
matrix models. As disease increased, both sets of corre-
lations became weaker; the greatest number of negative
correlations occurred under the high-disease scenario.
No consistent effect of time horizon was observed in
either set of correlation coefficients for any disease level
(including no disease).

For both G. caleyi and X. resinosa, variance in model
output was greater for the IBM than for the matrix model
results and greater for the complex matrix model than
for the simple matrix model.

Discussion

Our results showed good agreement across models under
some scenarios and poor agreement under others; results
from the simple and complex matrix models were more
similar to each other than to the IBM. For both species,
the three models produced comparable results under the
baseline scenarios of wildfire burning 100% of the patch
and empirical predation for G. caleyi and wildfire and
no disease for X. resinosa. The wildfire scenario also
produced comparable results across models within each
predation scenario for G. caleyi and within each disease
scenario for X. resinosa. The comparisons broke down
as the management scenarios and threats became more
complex (i.e., when different fire regimes were consid-
ered for both species and when predation or disease
rates decreased or increased from their baselines, respec-
tively). The reasons for this are likely multifaceted. Dif-
ferences in the representation of low- and high-intensity
fires across models, greater data and parameter aggre-
gation for less complex models, differences in the way
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density dependence and competition were incorporated,
and amplification of negligible differences in calculations
of correlation coefficients may all play a role.

The reduced correlations across model structures
when fire management strategies were evaluated were
more dramatic for X. resinosa than for G. caleyi. In G.
caleyi, all plants die in a fire which is followed by fire-
cued germination, whereas individuals of X. resinosa can
survive fire and fire triggers recruitment variably. Hence,
frequent fires are unambiguously detrimental to G. ca-
leyi populations because they allow insufficient time for
seed-bank accrual. This effect outweighs differences in
implementation of high- and low-intensity fires across the
models. In the IBM for G. caleyi, low- and high-intensity
wildfires were modeled separately, whereas for the ma-
trix models the effects of both low- and high-intensity
wildfires were averaged. For X. resinosa, frequent fire
can be beneficial, despite causing some mortality, be-
cause it triggers flowering; there is no reliance on a seed
bank. Hence, the role of fire timing in population vi-
ability of X. resinosa is ambiguous, and differences in
parameter aggregation in the simpler models may result
in differences in output.

Although some results for G. caleyi looked very dis-
parate across model types, it was clear that predation
reduction and longer fire-return intervals would be the
best management strategy, irrespective of the propor-
tion of the patch burned. This management strategy
was supported by all 3 model structures. The fact that
correlations declined as predation rate declined to 70%
was a result of the very low extinction risks for all fire-
return intervals except 5 years. Extinction risks were so
low that differences among them were negligible and
may be explained by variation due to replication size.
In these cases, Spearman’s rank correlation coefficients
had a tendency to exaggerate differences in extinction
risks. Reduction of predation rates had a greater effect on
extinction risks for G. caleyi than increase in disease rates
did for final median abundance of X. resinosa. Not only
did an increase in disease reduce final median abundance,
it also reduced the differences between the output of the
fire-management strategies. In the high-disease case, the
differences between fire treatments were small enough
that a ranking of management options may not reflect the
true differences or similarities between models.

For G. caleyi, results from the simple 2-stage and com-
plex matrix model tended to give the highest correlation
coefficients for rankings and absolute values of output.
This was not surprising given the similar structure of
both models—some features of the IBM could not be
accommodated by either of the matrix models. How-
ever, under the empirical-predation scenario, the Pearson
product-moment correlation coefficient for the complex
matrix model and the IBM comparison were the highest,
so this result was not universal. One might expect that
correlations between the complex matrix model and the

IBM to be higher than correlations between the 2-stage
model and the IBM because more aggregation and aver-
aging across data occurred for the simpler model. How-
ever, that was not always the case. the extinction risks
were more similar for the complex matrix and individual-
based models based on Pearson product-moment correla-
tions, but the rankings of model output were consistently
more similar between the 2-stage and individual-based
model comparisons than between the complex matrix
and individual-based models. The same was true for X.
resinosa. Correlations tended to be greatest between re-
sults from the simple 3-stage and complex matrix models
than for other comparisons, and the IBM did not always
correlate better with the complex matrix model than
with the 3-stage matrix model.

There are many potential explanations for the fact that
the simple and complex matrix models usually produced
more similar results with each other than with the IBM.
Most obvious is that the level of detail included in both
IBMs far surpasses that of the matrix models. For instance,
in the IBMs, seeds did not disperse far from the parent,
so plants can clump and compete at any population
size, resulting in additional mortality from intraspecific
competition. However, in the matrix models mortality
through intraspecific competition occurred as carrying
capacity was approached or reached. This may explain
the very different trajectories and much greater popula-
tion growth observed for the matrix models (compared
with the IBM) for X. resinosa under the no-disease sce-
nario and the very different rankings of outcomes under
the high-disease scenario.

It is somewhat surprising that the results for the com-
plex matrix models were not more similar to the IBM re-
sults because, for both species, these models more faith-
fully reflected the life-history structure and data on which
the IBMs were based. For instance, the complex matrix
model for X. resinosa explicitly includes the same time
series of survival rates and germination used in the IBM,
whereas the simple model averaged these over all adult
stages for the period matching the average fire-return in-
terval. The differences in level of detail across both matrix
models did not seem to make a huge difference in output
under any scenario for G. caleyi or under the no-disease
and all-management comparisons for X. resinosa. Our
results indicated that the more complex the life history,
the greater the propensity for disparate results across
model structures. X. resinosa’s life history is considerably
more complex than that of G. caleyi; thus, the IBM was
more complex and detailed. Consequently, there was
more data aggregation across parameters in the matrix
models for X. resinosa than for G. caleyi. For instance,
seed predation affected one stage (the seed bank) in G.
caleyi models, and the seed bank was represented in the
same way in each model. In contrast, disease affected all
stages in X. resinosa models, and stages were represented
in different ways across the matrix models. Likewise,
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fires affected all stages similarly in G. caleyi models, but
they affected stages differently in X. resinosa models. Ac-
cordingly, our comparisons indicated that model outputs
for G. caleyi were more similar across management and
threat scenarios than they were for X. resinosa.

Our study adds to the large body of research on the
reliability of PVA in conservation decision making (e.g.,
Taylor 1995; McCarthy et al. 2004; Naujokaitis-Lewis et al.
2009). We compared the effects of model structure for
species with complex life histories under multiple threats
and relevant management strategies. Ranking of man-
agement outcomes is a common application of PVA in
conservation biology (McCarthy et al. 2003), yet most
PVA researchers perform sensitivity analyses only on pa-
rameters in a single model under a baseline scenario
(Naujokaitis-Lewis et al. 2009; Langford et al. 2011). Our
results show that commonly applied sensitivity analyses
only scratch the surface of uncertainty lurking in the
construction and application of PVA models. Our results
also show that output can be robust across models when
dominant threats are considered but are less likely to
be so for smaller effects, especially when deviating from
baseline conditions. Results in these cases can be so dis-
parate across model structures that their ability to reliably
project scenarios and rank management options becomes
context dependent. Hence, PVA outcomes appear less
robust for complex life histories with weak responses to
management and threats.

We did not evaluate which model was the best pre-
dictor of population dynamics and responses to man-
agement; rather, we evaluated how well three different
model structures compared under a range of scenarios.
However, our results do make some generalizations pos-
sible. First, the more complex the species’ life history is
the greater the disparity in output across model types.
This is because much important detail that underpins
population dynamics is averaged or subsumed into a sin-
gle parameter in simple models. Second, the greater the
impact of the threat or management action, the more
important it is to represent it accurately in the model
because this has a large effect on model output, irrespec-
tive of the type of model.

PVA can be an invaluable tool for integrating data and
understanding species’ responses to threats and manage-
ment strategies. Although our results showed that differ-
ent model structures can lead to different outcomes, we
do not advise onerous construction of alternative models
as a matter of course because the data available usually
dictates the type of model constructed, and for plants this
is usually matrix models (Crone et al. 2011). Our results
indicated that PVA may be best used as a tool to under-
stand the underlying mechanisms driving extinction risk
or population decline under specified scenarios rather
than for ranking scenarios. In this sense, more detailed
models that can represent influential mechanisms may
be preferable to simpler models that subsume informa-

tion into aggregate parameters, if the data is available to
construct them. However, like many other studies, we
highlight the necessity for caution in the construction,
application, and interpretation of results generated by
PVA. This is best achieved in the context of decision
support for adaptive management (Bakker & Doak 2009;
Runge et al. 2011) alongside multiple lines of evidence,
including expert opinion, intensive field surveys, and ex-
pert critique of model construction and outputs.
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Appendix S1: Implications of different population model structures for management of 

threatened plants  

 

Detailed Methods 

Grevillea caleyi  

G. caleyi is a long-lived obligate seeding shrub with restricted range located north of Sydney, 

Australia. Its main threats are habitat destruction, adverse fire regimes (particularly frequent 

fire), and high levels of seed predation (Auld & Scott 1997). While all plants and some seeds are 

killed by fire, fire promotes the breaking of seed dormancy and triggers germination. However, 

populations of G. caleyi can be extirpated if the time between fires is insufficient for seeds to 

accrue in the seed bank. Furthermore, seed predation rates can reach 100% in the first few years 

following a fire and remain high for over a decade (Auld & Denham 1999).  

 We used established stochastic individual-based (Regan et al. 2003) and matrix (Regan 

and Auld 2004) models for the IBM and the complex matrix models respectively, and we 

constructed the simple 2-stage model using the same long-term data set on which the two more 

complex models were based. Below we summarize the published individual-based and complex 

matrix models, and describe in detail the construction of the simple 2-stage matrix model for G. 

caleyi. Readers are referred to the primary sources for further details of the IBM and complex 

matrix model for this species (Regan et al. 2003; Regan & Auld 2004). 

 

Individual-based model: In this model the position, height, canopy width, age, and whether or 

not the plant was shaded by a conspecific (determined by the extent to which the canopy of the 

taller plant overlapped the smaller plant) was recorded for each plant in each year. Survival rates 



were based on age and declined from 99% for all plants aged 1 to 4 years to 80% for plants age 

10+ years that were not shaded (“above” plants) and to 50% for plants 10+ years old that were 

shaded (“below” plants).  Plants could grow in height according to a curvilinear function that 

increased to 3 m for 10+ year old “above” plants and 2 m for “below” plants; canopy diameter 

was equal to plant height. Competition occurred through shading and subsequent reduction in the 

plant’s growth and survival.  The fecundity of plants was made up of three components: number 

of seeds produced per plant as a function of age, seed viability, and predation rate as a function 

of time since last fire. Seed predation rates decline from 100% to 90% within 10 years since a 

fire (Auld 1995, Auld & Denham 1999, 2001; but see management actions below for predation 

rate treatments). The average number of seeds per plant entering the seed bank each year 

increased from less than 1 seed for 2 year old plants to 15 seeds for 10+ year old plants. Seeds 

fall directly to the ground and do not disperse; each seed, and therefore future plant, was 

randomly assigned a spatial coordinate within the shadow of the parent plant’s canopy. Annual 

viability of seeds in the seed bank was 80%. Lognormal distributions with the means stated 

above and coefficients of variation of 0.1 were applied to survival rates whereas Normal 

distributions with a 0.1 coefficient of variation were applied to changes in height and canopy 

width. Demographic stochasticity was also invoked via multinomial distributions for survival 

rates and fecundities.  

 Wildfire (or unplanned fire) probabilities, as functions of time since last fire (TSLF), 

were applied in two stages. First, the probability of an unplanned fire occurring increased from 

0.05 for TSLF 0 to 2 years, then increased linearly to 0.1 for TSLF ≥ 5 years. Second, if a fire 

occurred then the probability of it being high intensity increased curvilinearly from 0 for TSLF ≤ 

3 years to 0.5 for TSLF ≥ 8 years, otherwise it was a low intensity fire. If a wildfire occurred and 



there was no fire in the previous year, then 20% of the seeds in the seed bank died and 60% of 

the remaining seeds germinated for high intensity fires, while 10% of the seeds died and 30% 

germinated for low intensity fires.  If there were fires two years in a row then the same 

proportions died in the second year and all the remaining seeds germinated irrespective of the 

fire intensity.  Patches became extirpated if fires occurred in three consecutive years. A 

background germination rate of 1 in 10,000 was assigned in the absence of fire.  

  

Complex Matrix model: Eleven annual age classes were constructed, from seeds (age 0) to age 

10+ years. Since survival rates depend on whether a plant is shaded but shading depends on the 

size and proximity of plants which cannot be represented in the aggregated populations of matrix 

models, the “above” and “below” survival rates described for the IBM were averaged for each 

age class. For each age class survival rates were selected from a Lognormal distribution with 

these averages and a coefficient of variation of 0.1, as with the IBM. While the individual-based 

competition mechanism of stunting plant growth for shaded plants acted as a type of density 

dependence in the IBM, ceiling density dependence was selected for the matrix model because 

the effects of competition are subsumed into the survival rates; a high carrying capacity (K) was 

selected in order to ensure that subjective estimates of K would not overly influence the results. 

The age-based fecundity function remained the same as that assigned in the IBM, with predation 

rates applied as a function of TSLF (however, see management actions below for predation rates 

treatments). As with the IBM, the annual viability of seeds in the seed bank was 80%. 

Demographic stochasticity was applied to survival rates and fecundities in the same way as for 

the IBM.  



 The probability of a wildfire occurring was assigned in the same way as for the IBM, 

however to simplify the execution of fire events as typically occurs in matrix models of plants, 

no distinction was made between low and high intensity wildfires, and post-fire were averaged 

for the two fire types.. Thus, when a wildfire occurred 15% of the seeds in the seed bank died 

and 45% of the remaining seeds germinated (irrespective of when the last fire occurred). This 

was achieved by applying a 45% transition rate for the seed-to-age-1 transition in the year a fire 

occurs to represent death and germination of the seed bank. Hence, in this model, unlike for the 

IBM, some seeds remain in the seedbank after post-fire germination in the event of fires in 2 

consecutive years. All other stages were killed in a fire. As with the IBM, a background 

germination rate of 1 in 10,000 was assigned in the absence of fire. 

 

Simple 2-stage model: Since this species accrues a seed bank which only contributes to the 

population in the event of a fire, we constructed a 2-stage matrix model with a seed bank and 

standing plants. The survival rate of standing plants in the absence of fire was calculated as the 

geometric mean of the survival rates across age classes 1 to 10+ represented in the full matrix 

model. However, since this species is characterized as an even-aged cohort, the number of ages 

included in this calculation coincided with the length of the average fire return interval (FRI). 

For example, if the fire return interval was 5 years then only survival rates for ages 1 to 5 were 

included in the summarized rate. These rates were as follows: for FRIs 5, 10, 15 and wildfires 

(which have an FRI of approximately 15 years) the respective survival rates for standing pants 

were 0.986, 0.839, 0.771, and 0.771. Because only one age class is ever present in a given year, 

the coefficient of variation of the survival rate was set to 0.1, i.e. the coefficient of variation of 

any one age class in the IBM and matrix models. Annual survival rates were then selected from a 



lognormal distribution with the stated mean and CV. The fecundity of plants was calculated as 

the arithmetic mean of fecundities across age classes 1 to 10+ years. Again, the number of ages 

included in this rate coincided with the length of the FRI; for FRIs 5, 10, 15 and wildfires the 

respective fecundities (including reductions according to the empirical predation rate) were 

0.084, 0.474, 0.829, and 0.829. Since standard deviations for fecundity were not included in the 

IBM or complex matrix model, we also set it to zero in this simpler model. As with the IBM and 

the complex matrix model, the annual viability of seeds in the seed bank was set to 80%. 

Demographic stochasticity was applied to survival and fecundity in the same way as for the IBM 

and the complex matrix model.  

 The probability of a wildfire occurring was assigned in the same way as for the complex 

matrix model, with wildfire responses averaged over low and high intensity fires. As for the 

complex matrix model, when a fire occurred 15% of the seeds in the seed bank died and 45% of 

the remaining seeds germinated (irrespective of when the last fire occurred). This was achieved 

by applying a transition rate to the seed-to-age-1 transition in the year a fire occurred to represent 

death and germination in the seed bank; all plants were killed in a fire that burned 100% of the 

patch. As for the complex matrix model, but unlike the IBM, some seeds remain in the seedbank 

after post-fire germination in the event of fires in 2 consecutive years. A background germination 

rate of 1 in 10,000 was assigned in the absence of fire.   

 

Management actions and simulations: We constructed the IBM in Fortran 99 and used the 

population modeling software package RAMAS Metapop 5.0 (Akçakaya 2005) to construct the 

complex matrix and simple 2-stage matrix models. Each model was constructed by a single 

individual (HMR) with expert input from DAK to minimize differences in interpretation of data 



and parameterization due to subjective judgment. Each model included a single patch; patch 

dimensions for the IBM were 50 m by 200 m and the IBM and complex matrix model started 

with a population of 46 seeds and 70 four year old plants, whereas plant age was unspecified in 

the simple 2-stage matrix model. A range of prescribed fire scenarios, proportions of patch burnt 

and predation rates were applied in all model types for G. caleyi to represent realistic 

management alternatives for this species. Fire management was simulated in two ways. First, 

prescribed fire was implemented in all models by triggering fire in uniform deterministic (rather 

than stochastic) intervals of 5 yrs, 10 yrs and 15 yrs, in addition to stochastic wildfires as 

described above. In the IBM, TSLF was reset if a wildfire or a prescribed fire occurred, whereas 

in the complex and simple 2-stage matrix models TSLF for wildfire was independent of TSLF 

for prescribed fires (as dictated by the software). The effect of prescribed fires on mortality and 

germination of the seedbank was the same as that for wildfires in the respective models. Second, 

the proportion of patch burnt (0.2, 0.5, 0.9, 1.0) was implemented in the IBM by applying the 

effects of fire to individual plants and the seed bank in a randomly selected contiguous area 

within the patch, whereas in the complex and simple 2-stage matrix models the effects of 

proportional patch burnt were applied to the corresponding proportion of the population (e.g. if 

50% of the patch was burnt then the post-fire vital rates were halved). To simulate management 

to reduce predation of seeds, predation rates of 80% and 70% were substituted for the empirical 

predation rates in all calculations of seeds entering the seed bank in all models. Models were run 

for 50 years and 1000 replications (to capture the variability across vital rates and probabilistic 

fire events) and the extinction risk was recorded for each management scenario. Pearson product-

moment and Spearman rank correlation coefficients between model structures were calculated, 



based on the extinction risk, for all predation and fire management scenarios and for fire 

management scenarios within each predation management scenario. 

 

Xanthorrhoea  resinosa 

Xanthorrhoea  resinosa Pers. (Xanthorrhoeaceae) is an endemic long-lived perennial grass tree 

occurring along the south-east coast of Australia. X. resinosa is a facultative resprouter: fire can 

kill plants in all growth stages of the population however recruitment also depends on fire, which 

stimulates flowering and seed production (Taylor et al. 1998).  The proportion of post-fire 

survivors is dependent on fire intensity and on the age and size of plants. X. resinosa can flower 

within 3 years of a fire event; the probability of a mature individual flowering depends on the 

size of the plant and the time since the last fire. Seeds are non-dormant and short lived and there 

is no soil seed bank. The major threats to this species are altered fire regime (especially the 

timing of fire) and the soil-borne root pathogen Phytophthora cinnamomi which kills infected 

plants. We used an established stochastic individual-based model (Regan et al. 2011) 

parameterized with a long-term data set as the basis for construction of the complex and simple 

matrix models for this species. Below we summarize the IBM, and describe in greater detail the 

two matrix model constructions for X. resinosa. Readers are referred to the primary sources for 

further details of the IBM for this species (Regan et al. 2011). 

 

Individual-based model: In this model the position, life stage, height, crown radius, caudex 

height (if present), number of leaves, and age were recorded for each plant in each year. Life 

stages were categorized according to plant size and reproductive potential: two seedling stages, 

juveniles, sub-adults, adult plants with a below-ground caudex and two classes of adult plants 



with an above-ground caudex (one with a caudex ≤ 10cm and the other with larger caudices). 

Survival of individual plants depends on crown size, presence of a caudex, the proximity of 

intra-specific competitors, disease infection status and the time since the last fire (TSLF). 

Background survival rates (in the absence of fire and disease) for seedlings aged 1 – 5 years were 

randomly selected from 40 rates obtained from an annual census (Tozer and Keith 2012). For 

seedlings aged 6 – 20 years, background survival rates were assigned an average of 0.9923 with 

a standard deviation of 0.055 for the no disease scenario (see below for modifications for 

diseased scenarios). For all other stages survival rates increased with TSLF and were estimated 

via failure time analyses, based on a Wiebull survival model (Fox 2001) fit to the median 

survival rates across three fires. The no disease median survival rates were estimated as 

1 − 0.00081𝑡−0.242𝑒−0.0139𝑡0.758                                         (Eqn 1) 

for juveniles and subadults, as  

1 − 0.00034𝑡−0.242𝑒−0.00586𝑡0.758                                       (Eqn 2) 

for adults with a below ground caudex, and as  

1 − 0.00113𝑡−0.242𝑒−0.0194𝑡0.758                                        (Eqn 3) 

for adults with above ground caudices, where t ≥ 1 is time since last fire (TSLF) in years. The 

standard deviations for these survival rates were calculated as half the difference between the 

median value and the value from the other two fires that deviated the greatest from this median 

(Regan et al. 2011).  For all but the 1-5 year old seedling stage, survival rates were selected from 

Lognormal distributions with means and standard deviations reported above (Regan et al. 2011). 

The proportion of post-fire survivors is dependent on the size of plants and the severity of fire 

(high vs. low intensity). In high intensity fires the survival rate of all seedlings was uniformly 

distributed between 0.34 and 0.44, whereas the background seedling survival rate prevailed for 



low intensity fires. For the remaining stages, mortality rates under hot fires were lognormally 

distributed with the following mean values (standard deviation in parentheses): juveniles 0.038 

(0.14), sub-adults 0.027 (0.10), adults with below-ground caudex 0.0037 (0.014), adults with 

above-ground caudex ≤ 10cm 0.080 (0.080), and adults with above-ground caudex > 10 cm 0.19 

(0.17). Mortality rates under low intensity fires are the same as high intensity fire rates for 

juveniles, sub-adults and plants with a below-ground caudex, while the low intensity fire 

mortality of plants with an above-ground caudex is one fifth of the high intensity fire mortality 

(Regan et al. 2011).  

X. resinosa only flowers within 3 years after a fire event, the probability of flowering is 

positively correlated with the size of the mature plant and flowering most likely to occur in the 

second year following a fire (Regan et al. 2011). Successful recruitment depends on five 

factors—seed production, seed predation, dispersal, seed viability and sufficient rainfall—

resulting in a Lognormal distribution with a mean of 8.0 and standard deviation of 8.4 for the 

number of germinants per flowering plant that survive their first year after a flowering event. 

Each germinant is randomly assigned spatial coordinates within a 3 m radius of the parent plant. 

Plants are slow growing; a growth spurt in leaf production in the first year after a fire 

decelerates with time since last fire. The number of leaves on a plant is selected from a Normal 

distribution with a coefficient of variation of 0.1 and a mean specified by a function dependent 

on the number of leaves already on the plant and the time since last fire. The radius of the leaf 

canopy (core crown radius) is selected from a stochastic increasing monotonic function of the 

number of leaves of the plant. The crown radius invokes competition between plants; when the 

crowns of two adjacent plants overlap the smaller plant dies (Regan et al. 2011). All mature 

plants develop a below-ground caudex (i.e. a woody stem with tightly packed leaves) which can 



grow into an above-ground caudex according to a probability based on the number of leaves on 

the plant. Above-ground caudexes grow an average of 0.1 cm in height per year with a 

coefficient of variation of 0.03 cm.  

 Fire is invoked in a similar way to the G. caleyi IBM: wildfire probability increases from 

0.005 for TSLF ≤ 2 to 0.15 for TSLF ≥ 7 years and the probability of a high intensity wildfire, 

given that a fire occurs, increases from 0 for TSLF ≤ 2 to 0.65 when TSLF ≥ 8 years. The 

difference in fire probability functions across the two species reflects the different habitats and 

locations from which data was collected. Planned fires are low intensity fires. Survival rates for 

seedlings in the event of a high intensity fire are uniformly distributed between 0.34 and 0.44, 

whereas for low intensity fires the survival rate is the same as background. For the remaining 

stages, mortality rates under high intensity fires are lognormally distributed with means (standard 

deviations as follows: juveniles 0.038 (0.14), subadults 0.027 (0.10), adults with below ground 

caudex 0.0037 (0.014, adults with above ground caudex ≤ 10 cm 0.080 (0.080), and adults with 

above ground caudex ≥ 10 cm 0.19 (0.17).  Low intensity fire mortality rates for plants with an 

above ground caudex are one fifth those of a high intensity fire. Mortality rates for other non-

seedling plants in a low intensity fire are the same as for high intensity fires (Regan et al. 2011). 

 In addition to the “no disease” scenario described above, models were constructed for 

two disease scenarios: “medium” disease and “full” disease. Disease affects the survival rates in 

all stages equally. Mortalities in the medium and full disease scenarios are 7.06 and 14.13 times 

the mortalities of the “no disease” scenario, respectively, for all plants. These corrections were 

applied to the 40 1-5 year old seedling survival rates, the 6-20 year old seedling survival rates 

and the Weibull functions for survival rates for the juvenile to adult stages (Eqns 1-3). 

 



Complex matrix model: Since the first two life stages represented in the IBM are age based 

(covering the first 20 years of establishment) while the remainder are based on size or 

reproductive capacity, we constructed a 25 stage model where the first 20 stages represented 

each age from 1 to 20 years and the remaining size-based stages were assigned to juveniles, sub-

adults, adult plants with a below-ground caudex, and two adult stages with an above-ground 

caudex, one with a caudex ≤ 10cm and the other with a caudex > 10cm. Survival rates for the 

stages 1 to 5 years were assigned as a lognormal distribution with the average (and standard 

deviation) of the 40 survival rates used in the IBM (0.9272 and standard deviation of 0.0263 for 

the no disease scenario), whereas the survival rates for stages 6 to 20 were retained as a 

lognormal distribution with a mean of 0.9923 and a standard deviation of 0.055 for the no 

disease scenario, as for the IBM. Since survival rates are functions of TSLF the complex matrix 

model consisted of a baseline matrix to which multiplication factors were applied annually to the 

non-seedling stages to achieve the survival rates represented by the Weibull functions described 

for the IBM above (Eqns 1-3). Hence, for the non-seedling stages the same survival rates as 

functions of TSLF (minus the transition rate, see below) were applied as in the IBM using the 

survival rates for TSLF=30 as the base rates and applying the appropriate correction multiplier 

for survival rates for 1 ≤ TSLF < 30 years. Standard deviations for non-seedling survival rates 

were calculated in the same way as for the IBM (Regan et al. 2011), however only the standard 

deviation for t=1 was used which represents the highest standard deviation in the time series for 

each stage (0.0067 for the juvenile and subadult stages, 0.0012 for the adult with below ground 

caudex, and 0.029 for the above-ground caudex adult stages). Average transition rates between 

stages were estimated using the functions for rate of leaf accumulation for the juvenile and sub-

adult stages (to give transition probabilities of 0.0197 and 0.0097, respectively), the probability 



of developing an above-ground caudex (0.0099), and the growth rate for the ≤ 10 cm above-

ground caudex stage (to give a transition rate of 0.0096), as in Fordham et al. (2012). As for the 

IBM, standard deviations were not directly applied to the stage-to-stage transition rates. Even 

though backwards transitions were possible for the juvenile and sub-adult stages in the IBM they 

are rare and were deemed to be negligible for the matrix models.  

Germination events were assigned to the three adult stages in much the same way as for 

the IBM; flowering only occurred within 3 years of a fire and probabilities of flowering 

increased with plant size and were functions of TSLF, with the greatest probability of flowering 

occurring in the second year after a fire. Temporal changes in the germination rate with TSLF 

were represented in the matrix model in the same way as for temporal changes in survival rates: 

the matrix model consisted of a baseline matrix to which multiplication factors were applied 

annually to the adult stages to achieve the germination rates represented in the IBM. Fecundity 

consisted of the stage-based probability of a flowering event in the specific year after a fire 

multiplied by the number of germinants per year represented as a lognormal function with mean 

8.0 and standard deviation 8.4. The representation of germination in the matrix and IBM models 

differed only in that the probability of flowering and the number of germinants produced were 

applied to the aggregated stage in the complex matrix models, whereas they were applied 

individually to each adult plant in the IBM, resulting in potentially more demographic 

stochasticity in the IBM.  

 Since the survival rates do not incorporate the effects of density dependence (unlike for 

the G. caleyi models), a density dependence function was constructed such that when carrying 

capacity is exceeded, the abundance was reduced down to carrying capacity at rates dependent 

on the ages and stages of plants; seedlings, juveniles, sub-adults, adults with below-ground 



caudex, adults with an above-ground caudex < 10 cm and adults with an above-ground caudex ≥ 

10 cm declined at rates of 0.9, 0.85, 0.8, 0.6, 0.55 and 0.5 respectively, as applied in Fordham et 

al. (2012). The contribution to carrying capacity of the two seedlings stages, juveniles, and sub-

adults relative to adult plants (of any size) was 0.010, 0.018, 0.111, and 0.160 (i.e. every unit of 

carrying capacity accommodates approximately 9 juvenile plants compared with one adult plant). 

In this way the effect of larger plants outcompeting smaller plants represented in the IBM is 

approximated, albeit spatially inexplicitly. The carrying capacity was set to the equivalent of the 

maximum number of adult plants a 4 x 6 km patch could accommodate (10666667 adults) 

 The probability of a wildfire occurring was assigned in the same way as for the IBM, 

however no distinction was made between low and high intensity wildfires. Stage-based post-fire 

survival was averaged across rates for low and high intensity fires, for stages where fire intensity 

affected mortality rates in the IBM. The reduced survival rates were applied to the appropriate 

stages in the year a fire occurred and the survival rate functions were reset to TSLF=0 for the 

relevant stages. Managed fires were regarded as low intensity fires and hence post-fire mortality 

rates were assigned the reported means for the IBM mortality rates; low intensity survival rates 

for seedlings were assigned as 0.39.    

 Two disease scenarios were implemented in the models in the same way as for the IBM. 

All survival rates were recalculated with additional mortalities that was 7.06 and 14.13 times the 

mortalities of the “no disease” scenario, representing medium and full disease, respectively.  

 

Simple 3-stage model: The three stages in this model represented the seedlings (1 to 20 year old 

plants subsumed into a single stage), non-reproductive plants (the juvenile and subadult stages 

combined) and the adult stages (all three below- and above-ground caudex stages combined). 



Annual seedling survival rate was the geometric mean of survival rates across the 20 seedling 

stages minus the transition rate of the final seedling stage to the juvenile stage in the complex 

matrix model (to give 0.9848 survival rate and a transition rate of 0.00748). The standard 

deviation was set to the maximum standard deviation across the 20 stages, 0.055. The survival 

rates for juvenile/subadults are the same as for the juvenile and subadult stages in the IBM and 

complex matrix models (since juvenile and subadult survival rates are identical). The survival 

rates for adults were averaged across the three adult stages in the IBM and complex matrix 

models. To address the fact that survival rates are a function of TSLF, we averaged annual 

survival rates spanning the FRI. For example, if the FRI was five years, then the survival rate 

was assigned as the average of the first five annual survival rates from the Weibull function. For 

the juvenile/subadult stage, the transition rate was then subtracted from this to give the survival 

rate. The transition rate for the juvenile/subadult stage to the adult stage was assigned as the 

transition rate of the subadults to first adult stage from the complex matrix model (0.00972). 

Standard deviation for juvenile/subadult stage was set to 0.0067, the standard deviation used for 

the complex matrix model. Standard deviation for the adult stage was set as the highest standard 

deviation across the three adult stages in the complex matrix model, 0.029. As for the IBM and 

complex matrix model, standard deviations were not directly applied to the stage-to-stage 

transition rates. 

 Germination events were calculated as follows: the probability of a flowering event 

across three years was calculated for each adult stage in the IBM and complex matrix models to 

give a single probability of flowering for the respective adult stage that represented the full 

flowering potential after a fire. A weighted average of the three probabilities was then calculated 

using the normalized weights for each stage from the stable stage distribution. This aggregated 



probability was multiplied by 8 germinants per plant. This gave a fecundity of 1.2673 in the year 

after a fire occurs. This strategy confines all flowering to the first year after a fire, unlike the 

complex matrix and individual-based models.  

We implemented a ceiling carrying capacity based on the maximum number of adults a 4 

x 6 km patch could accommodate (10666667).  The probability of a wildfire occurring was 

assigned in the same way as for the complex matrix model with wildfire responses averaged 

across low and high intensity fires. Planned fires were low intensity. Post fire survival/mortality 

was assigned in the same way as for the complex matrix model, however rates were averaged 

across the relevant life stages that were subsumed in each stage of this 3-stage model.  

 As for the IBM and complex matrix model, two disease scenarios were implemented in 

the simple matrix models. Survival rates were recalculated for the seedling, juvenile, subadult, 

and three adult stages with additional mortalities using mortality rates that were 7.06 and 14.13 

times the mortalities of the “no disease” scenario, for the medium and full disease scenarios, 

respectively. These were then averaged across the life stages represented this matrix model 

stages, with annual survival rates averaged to span the FRI for the fire scenario. Transition rates 

for the disease scenarios were based on those for the complex matrix model. 

 

Management actions and simulations: We constructed the IBM in Fortran 99 and used the 

population modeling software package RAMAS Metapop 5.0 (Akçakaya 2005) to construct the 

complex and 3-stage matrix models. Each model was constructed by a single individual (HMR) 

with expert input from TJR and DAK to minimize differences in interpretation of data and 

parameterization due to subjective judgment. Each model included a single patch; patch 

dimensions were 4 km by 6 km and all models started with a population of 500 seedlings, 300 



juveniles, 300 sub-adults, 400 plants with below-ground caudex, and 100 plants each in the 

above-ground caudex stages; for the 3-stage matrix model these were summed over the 

appropriate stages. A range of prescribed fire scenarios, disease levels and management time 

horizons were applied in all model types to represent realistic management alternatives for this 

species. In addition to stochastic wildfire, prescribed fire was implemented in all models by 

implementing fire in uniform, deterministic (rather than stochastic) intervals of 5 yrs, 12 yrs, 20 

yrs and 30 yrs. In all models, TSLF was reset to zero when a fire occurred. Three disease 

scenarios were implemented: no disease, and medium and high disease levels. Models were run 

for 30, 75, 150 and 300 years for 1000 replications each to represent different management 

horizons and to capture environmental variability in model parameters (Regan et al. 2011). 

Extirpation for this species is unlikely so the final median abundance (FMA) was recorded for 

each combination of management or status quo scenarios instead of extinction risk. Pearson 

product-moment and Spearman’s correlation coefficients for all model structures were 

calculated, based on FMA, for each time period, for all disease and fire management scenarios 

and all fire management scenarios within each disease scenario. 
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