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Abstract

The difference between parameter uncertainty and elasticity analyses of a deterministic matrix model was evaluated
using the Short-tailed Shearwater (Puffinus tenuirostris) as a case study. A total of 5000 simulations of the model were
run with input parameters randomly selected from uniform distributions between the upper and lower 95% confidence
limits for each parameter. A multiple regression equation was used to relate population growth to all input
parameters, two-way interactions and quadratics. Elasticity and parameter uncertainty coefficients were estimated as
the percent change in population growth rate when the minimum and maximum value of each parameter were
substituted into the regression equation, with all other parameters set at their mean values. Minimum and maximum
values were set at the 95% confidence limits for the parameter uncertainty analysis, and at 95% of both mean
survival and mean mortality estimates for the elasticity analyses. Parameter rankings differed among the uncertainty
and two elasticity analyses. Probability of pre-breeders staying in the colony and probability of first breeding ranked
highly in the parameter uncertainty analysis. Survival rates had higher elasticity coefficient rankings when 95% of
mean survival was used because altering proportions close to one results in a wider parameter range. The importance
of interactions was explored but their importance in this example was found to be low. Incorporating breeding age
specific data more closely approximated observed population demographic structure but had little effect on the
magnitude or rankings of the elasticity or parameter uncertainty coefficients. The utility of parameter uncertainty and
elasticity analyses differ. The former determines how uncertainty in parameter estimation influences model outcomes
and is therefore valuable for setting research priorities. The latter determines the effect on model outcomes of altering
parameter input levels, so is more valuable for ranking the potential effectiveness of alternative management
strategies. © 2000 Elsevier Science B.V. All rights reserved.
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1. Introduction

Demographic perturbation analysis evaluates
how sensitive model output (for example, popula-
tion size, growth rate or risk of extinction) is to
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changes in input parameter values (Beck, 1983; de
Kroon et al., 1986; Swartzman and Kaluzny,
1987; van Groenendael et al., 1988; Burgman et
al., 1993; Hamby, 1994; Caswell, 2000; de Kroon
et al., 2000). This commonly involves changing
parameter values, either singly or in various com-
binations, by an absolute amount or a set percent-
age and observing the changes in model output.
Perturbation analysis may be used to determine
which parameters: (i) cause the greatest change in
model output when altered; (ii) contribute most to
the variability in model output through uncer-
tainty in their estimation; or (iii) are insignificant
and can be eliminated from the model (Goodman,
1980; Swartzman and Kaluzny, 1987; Possingham
et al., 1993; Hamby, 1994; McCarthy et al., 1996;
Starfield, 1997).

Model output may respond to parameters in
two ways: either model results may be highly
correlated with an input parameter so that small
changes in the input value result in significant
changes in model output, or the variability, or
uncertainty, associated with an input parameter
can be propagated through the model resulting in
a large contribution to the output variability
(Hamby, 1994). This paper distinguishes between
elasticity analysis, in which sensitive parameters
are defined as those that have a large proportional
influence on population growth rate, and parame-
ter uncertainty analysis, in which the importance
of parameters is defined as those for which uncer-
tainty in estimation contributes substantially to
the uncertainty in population growth rate
(Hamby, 1994; Janssen, 1994; Kleijnen, 1994).

A large number of techniques have been uti-
lized for conducting perturbation analyses
(Hamby, 1994; Caswell, 2000). The most funda-
mental analytical techniques involve calculation
of sensitivity or elasticity coefficients using first
derivatives. For deterministic models sensitivity
coefficients are defined as the first derivative of
model output with respect to the parameters (To-
movic, 1963; Caswell, 1978, 1989). Elasticity co-
efficients (proportional sensitivities) are the
relative change in population growth rate result-
ing from a relative change in the input parameters
(de Kroon et al., 1986; Caswell, 1989). Sensitivity
and elasticity coefficients of simulation models are

usually measured by varying each parameter in
turn by a specified amount or percentage around
its estimated value and measuring the resulting
change in the model output (Beck, 1983; Swartz-
man and Kaluzny, 1987; Burgman et al., 1993;
McCarthy et al., 1995; Dixon et al., 1997). For
deterministic models these two approaches, al-
though representing different methodologies (ana-
lytical and empirical), should give essentially the
same results.

In contrast to sensitivities and elasticities, which
assess how much model output is affected by
variations in the mean level of parameter inputs,
parameter uncertainties measure how much the
variability in parameter estimates contributes to
the uncertainty in model outcomes. If improve-
ment in model predictions is an objective, it is
obviously more advantageous to minimize vari-
ability in parameter estimates that produce large
variations in model outcomes than those that
produce only small variations. The influence of
uncertainty in parameter estimation can be mea-
sured by the response of model output to changes
in parameter levels proportional to the parameter
standard deviation, rather than the mean (Swartz-
man, 1979; McCarthy et al., 1996; Ehrlen and van
Groenendael, 1998de Kroon et al., 2000; Slooten
et al., in press).

Modelling is particularly valuable for exploring
the demographic behaviour of long-lived species
such as shearwaters that present many logistical
challenges to monitoring even basic demographic
rates. However, few models have been developed
for Procellariformes. The authors are in the early
stages of a long-term monitoring program for
Sooty Shearwaters (Puffinus griseus) to assess
population trends and impacts of harvest (Moller,
1996; Taiepa et al., 1997). Using detailed data
available from a long-term study of Short-tailed
Shearwaters (Puffinus tenuirostris), a closely re-
lated species, this paper seeks to evaluate where
research efforts can be most effectively focused.

The Short-tailed Shearwater is a medium-sized,
burrow-nesting procellariiform seabird. They
breed annually in southeastern Australia, mainly
on islands around Tasmania, and migrate to
northern Pacific waters for the Australian winter.
Short-tailed Shearwaters are the most abundant
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seabird in Australia, with individual colonies
ranging in size from a few hundred to several
million pairs (Serventy, 1967; Serventy and Curry,
1984; Marchant and Higgins, 1990; Wooller and
Bradley, 1999).

This paper highlights the differences between
elasticity and parameter uncertainity analyses us-
ing the Short-tailed Shearwater as a case study.
Parameter elasticity and uncertainty coefficients
are evaluated for a deterministic matrix projection
model with the goal of providing advice on future
research priorities to monitor population trends
and to identify safe annual harvest limits. The
specific objectives were to: (i) assess how well two
alternative models, that differed in parameteriza-
tion of the breeding population, matched ob-
served population demographics; (ii) determine
the elasticity of population growth rate to input
parameters; (iii) determine the influence of uncer-
tainty in parameter estimation on population
growth rate; (iv) determine the influence of two-
way interactions between parameters on popula-
tion growth rate; (v) compare the rankings of
input parameters in the parameter elasticity and
uncertainty analyses; and (vi) determine whether
the models can be useful in predicting possible
sustainable harvest levels.

2. Methods

2.1. Model structure

Population growth rate was modelled using a
deterministic matrix model (Leslie, 1945; Bur-
gman et al., 1993) programmed in an Excel®

spreadsheet. Only females are included in the
model, it was assumed sufficient males exist to
pair with all available females. The model is stage-
structured (Caswell, 1989), with pre-breeders
classified by age (1–15) and post-breeding females
classified by ‘breeding age’ (0–25), which repre-
sents the number of years since the first breeding
attempt irrespective of the actual age of first
breeding (Fig. 1). In each year following the initial
breeding attempt, fecund females were divided
into breeders and non-breeders based on whether
they bred or skipped breeding in the current year.

This allows distinction between pre-breeders (non-
fecund) and non-breeders (fecund, but not breed-
ing in the current year) throughout the paper.
Short-tailed Shearwaters lay a single egg (Ser-
venty, 1967; Serventy and Curry, 1984), so the
number of eggs laid at the start of a given year
was considered to be equal to the number of
breeding females. The number of eggs that survive
to fledging is determined by breeding success, and
a juvenile re-appearance rate determines survival
from fledging to 1 year. Immigrants enter the
model at pre-breeder age 3. Pre-breeders were
allowed to begin breeding between the ages of 2
and 15 and were subject to emigration from age 3.
A parameter ‘probability of first breeding’ (PFB)
controlled the rate of flow of females from each
pre-breeder age cohort into the breeding segment
of the population. In preference to truncating the
model at an arbitrary age, breeders and non-
breeders that reached breeding age class 25 and
survived another year were re-cycled back into the
25 year breeding and non-breeding age classes
(Caswell 1989).

2.2. Parameter estimation

The model contains 12 input parameters (Table
1) which were estimated from a long-term study
of Short-tailed Shearwaters on Fisher Island, in
Bass Strait, Tasmania. A small colony of 100–200
breeding adults has been studied there since 1947
(Serventy, 1967; Bradley and Wooller, 1989;
Wooller et al., 1990; Wooller and Bradley, 1999;
Bradley et al., 1991). All breeding individuals in
the colony have been identified since 1950 and
their mates and reproductive performance
recorded each year. Methods for the Fisher Island
study are discussed in Serventy (1967) and Ser-
venty and Curry (1984).

Two versions of the model were run. In the
first, hereafter referred to as the Average Breeder
Model (ABM), a single mean value was used for
breeder survival, probability of breeders skipping,
probability of non-breeders skipping and breeding
success for all breeding ages. The second version,
hereafter referred to as the Breeding Age Model
(BAM), allowed these four parameters to vary
depending on age since first breeding. In the BAM
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a polynomial was used to predict the parameter
values for each breeding age as depicted in Fig.
2a–c. Weighted regressions were used to fit the
polynomials because sample sizes were much
lower for the higher age groups. Breeding success
was weighted by the number of breeding adults in
each breeding age (Table 24.2, Wooller et al.,
1989) and mortality and proportion of birds skip-
ping breeding were weighted by the number of
breeding birds present at the colony plus the
number of birds skipping breeding for each breed-
ing age (Table 24.1, Wooller et al., 1990).

An estimate of the mean, upper 95% confidence
limit and lower 95% confidence limit were calcu-
lated for each input parameter (Table 1). Parame-
ter estimates were based on small sample sizes for
older birds, so data for males and females were

pooled whenever possible. Survival, age at first
breeding and rates of skipping breeding have been
shown to vary little between the sexes for Short-
tailed Shearwaters (Bradley et al., 1989; Wooller
et al., 1990). Statistically significant differences
between sexes have only been found in the per-
centage of breeding birds present at the colony
but not associated with an egg (males 18%, fe-
males 15%). However, this is a minor difference
and may result from different attendance be-
haviours rather than reflecting a real difference in
demographic rates between the sexes, allowing
confidence that pooling data for both sexes to
increase the statistical precision of parameter esti-
mates is reasonable.

To vary breeding-age-specific rates for breeder
survival, probability of breeders skipping, proba-

Fig. 1. Flow diagram of model structure. PBx, pre-breeder of age x ; Bx, breeder of breeding age x ; and NBx, non-breeder of
breeding age x.
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Table 1
Estimates of the mean and upper and lower 95% confidence limits for input parametersa

Breeding Age ModelParameter % Uncertainty in parameterAverage Breeder Model
estimation

Mean Maximum Minimum MeanMinimum Maximum Survival Mortality

Breeding success 0.295 0.306 0.318 0.963 1.000 1.041 3.7 3.7
0.300 0.314 0.328Probability of breeders 0.950 1.000 1.043 4.4 4.4

skipping
0.300 0.314 0.328 0.951Probability of 1.000 1.042 4.4 4.4

non-breeders skipping
Breeder survival 0.901 0.912 0.923 0.984 1.000 1.013 1.2 12.3

0.901Non-breeder survival 0.912 0.923 0.901 0.912 0.923 1.2 12.3
11.30.534 0.583 0.630 0.534 0.583Juvenile re-appearance 0.630 8.3

rate from fledging to
1 year

18.00.838 0.867 0.891Pre-breeder 0.838 0.867 0.891 3.1
re-appearance rate
from year 1 to 2

20.80.902 0.923 0.939Pre-breeder 0.902 0.923 0.939 2.0
re-appearance rate
from year 2 to 3

0.901 0.912 0.923 0.901 0.912 0.923 1.2Annual re-appearance 12.3
rate for
pre-breeders\3 years

0.755 0.868 0.635Probability of staying 0.7550.635 0.868 15.8 46.4
Ratio of immigrants to 1.174 1.222 1.439 1.174 1.222 1.439 10.9 10.9

natal first breeders
0.778 1.000Probability of first 1.277 0.778 1.000 1.277 25.0 25.0

breeding multiplier

a Breeding Age Model estimates for breeding success, skipping rates and breeder survival are multipliers. Percent uncertainty in
parameter estimation is the average difference between the mean and the upper or lower limit expressed as a percentage of the mean.

bility of non-breeders skipping and breeding suc-
cess in the BAM the values predicted by the
polynomial equations for each breeding age were
multiplied by a constant k. For k=1, this gives
the estimated mean rate for each breeding age
shown by the solid lines in Fig. 2a–c. For k\1,
the predicted rate for each breeding age was in-
creased by the same proportion above its mean
and for kB1, the predicted rate for each breeding
age was decreased by the same proportion below
its mean. The upper and lower 95% confidence
limits for the multipliers were calculated so that
the percentage change in the weighted mean esti-
mate for each rate (over all breeding ages) pre-
dicted by the polynomial was equivalent to the
percentage change in the 95% confidence interval
(CI) for the corresponding parameter in the
ABM.

2.2.1. Breeding success
Breeding success (BS) was defined as the pro-

portion of eggs that survived from egg-laying to
fledging. The estimate of the mean and 95% CI
limits for breeding success (0.6190.02, figures in
parentheses are 995% CI unless otherwise
stated) used in the ABM were determined from
Wooller et al. (1990). The polynomial used to
predict breeding age specific rates of breeding
success (Fig. 2a) in the BAM was determined
from Wooller et al. (1990). These figures were
halved to represent female chicks only (Table 1).

2.2.2. Skipping rates
A skipping breeding rate was defined as the

proportion of birds known to have bred the year
before that did not attempt to breed in the current
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year. A skipping breeding rate of 0.314 (90.014;
Wooller et al., 1990) was assigned for breeders
(BRK) of all breeding ages in the ABM. The

polynomial used to predict skipping rates of
breeders in the BAM (Fig. 2b) was determined
from Wooller et al. (1990). Skipping rates of

Fig. 2. (a) Percent breeding success vs. breeding age for Short-tailed Shearwaters on Fisher Island. Solid line represents the equation
(y= −0.00003x4+0.0095x3−0.4705x2+6.695x+43.799) used to estimate breeding success for each breeding age. Error bars are
binomial confidence limits. Data are from Wooller et al. (1990). (b) Proportion of breeders skipping breeding vs. breeding age for
Short-tailed Shearwaters on Fisher Island. Solid line represents the equation (y= −0.0098x3+0.4004x2−5.072x+46.548) used to
estimate the skipping rate for each breeding age. Error bars are binomial confidence limits. Data are from Wooller et al. (1990). (c)
Percent annual mortality vs. breeding age for Short-tailed Shearwaters on Fisher Island. Error bars are 91 S.E. Solid line represents
the equation (y=0.0015x4−0.0678x3+1.0012x2−4.978x+13.865) used to estimate mortality for each breeding age. Data are
from Wooller et al. (1990).
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Table 2
Calculation of the mean, minimum and maximum annual probability of re-appearance from fledging to age 4 for Short-tailed
Shearwaters on Fisher Island

Scenario

MeanMinimum Maximum

Mean 0.423Lower 95% CI 0.369 Upper 95% CI 0.477Proportion arriving
Mean 4.158 yearsMean age of first arrival Upper 95% CI 4.293 yearsLower 95% CI 4.023 years
Mean 0.437Lower 95% CI 0.371 Upper 95% CI 0.5010–4 year re-appearance rate
JR=0.583Parameter estimates JR=0.630JR=0.534
PBR1=0.867PBR1=0.838 PBR1=0.891

PBR2=0.902 PBR2=0.923 PBR2=0.939
PBR3=0.938 PBR3=0.951PBR3=0.919

non-breeders (NBRK) were assumed to be equal
to skipping rates of breeders (Table 1).

2.2.3. Sur6i6al rates
A mean probability of annual survival of 0.912

(90.011) was assigned to breeders (BRS) in the
ABM (Wooller et al., 1990). Breeder survival rates
predicted by the polynomial used in the BAM
(Fig. 2c) were estimated from Wooller et al.
(1990). In the absence of adequate data to deter-
mine otherwise, the mean, upper and lower limits
for non-breeder survival (NBRS) were assumed to
be equal to those for breeder survival (Table 1).

Survival rates were calculated for pre-breeders
based on re-appearance rates of individuals
banded as chicks (Table 2). Of the banded chicks
known to have fledged from Fisher Island 42.3%
(95.4%) returned to the island, on average, 4.158
(90.135) years after their year of fledging (Ser-
venty, 1967; Serventy and Curry, 1984). This
equates to a ‘0–4 year re-appearance rate’ (proba-
bility of recovery of a live bird) from fledging to
the beginning of year 4 of 0.437 (90.033). Ignor-
ing birds that emigrated to other breeding popula-
tions, re-appearance probability in each of the
first 3 years was estimated using the relative num-
ber of Short-tailed Shearwaters in each age class
found dead (from recoveries of banded birds ex-
cluding those recovered at the breeding colony) as
given in Table 5 of Serventy (1967). Using these
ages at death as a dx schedule (Caughley 1977),
one can estimate mean juvenile re-appearance rate
(JR; the probability of re-appearance from fledg-

ing to year 1), and probability of reappearance
from year 1 to 2 (PBR1), year 2 to year 3 (PBR2),
and year 3 to 4 (PBR3) from:

0.437=JR×PBR1×PBR2×PBR3

Maximum survivals were calculated by assum-
ing the upper confidence limit for the proportion
returning and the upper average age of first ar-
rival back at the colony. Conversely, minimum
survival was calculated from lower confidence
limits for the proportion returning and the age at
first return (Table 2). The annual re-appearance
rate of pre-breeders\3 years old was assumed to
be equal to annual survival of breeding adults
(Table 1). No formal estimate of the probability
of detecting each bird if present on Fisher Island
has been reported, but was assumed to be 1.0
because the island is small (0.8 ha) and was
repeatedly searched each season (Serventy and
Curry, 1984; Bradley et al., 1989; Wooller et al.,
1990).

2.2.4. Emigration
Emigration was represented in the model as 1

— the annual probability of a pre-breeder staying
on Fisher Island until it began breeding (PST).
The mean estimate of the probability of staying
was calculated as follows (Table 3):
1. the probability of re-appearance to the begin-

ning of year 4 is 0.437 (0.371–0.501, Table 2)
giving an annual re-appearance probability of
0.769 (0.743–0.796);



C.M. Hunter et al. / Ecological Modelling 134 (2000) 299–323306

2. the average age of first breeding is 7.116 years
(90.213, Bradley unpubl. data), therefore the
average elapsed time between first re-appear-
ance (Table 2) and first breeding is 2.958
(2.610–3.306) years;

3. 0.14 (0.118–0.164, 95% binomial CI; Main-
land et al., 1956) of 922 banded chicks were
recruited to the breeding population on Fisher
Island (Serventy and Curry, 1984), so the pro-
portion of females that survive and stay from
first re-appearance (Table 2) to first breeding
can be estimated as 0.14/0.423=0.331;

4. assuming that pre-breeders\3 years have the
same survivorship as breeding adults (0.912;
0.901–0.923) the expected proportion surviv-
ing from first re-appearance to first breeding is
0.9122.958=0.761; and

5. therefore PST2.958×0.761=0.331, which esti-
mates a mean annual probability of staying
(conditional on survival) of 0.755. This repre-
sents the difference between the observed pro-
portion of pre-breeders that stay and survive
and the predicted proportion that survive
based on adult survival rate.

The above calculation predicts that a mean of
24.5% of pre-breeding females emigrate each year
to attempt to breed elsewhere (Table 3). The

maximum probability of staying (minimum emi-
gration) was calculated using the maximum pe-
riod between arrival and breeding (lower
confidence limit for average age at first arrival
and upper confidence limit for age at first repro-
duction) and minimum survival through this pe-
riod (lower CI on adult survival and upper CI on
the proportion breeding; Table 3). Although the
calculation of emigration rate involves a large
number of assumptions, the apparent congruence
with estimates calculated by Bradley et al. (1999)
gives credence to its reliability.

2.2.5. Immigration
After an initial steady increase in the propor-

tion of banded (known-age) breeders in early
years of the study, the number of Fisher-Island-
bred recruits in the breeding population has stabi-
lized between 41 and 46% of all breeders
(Serventy and Curry, 1984), with the stable level
being reported as 45% (Bradley et al., 1991).
Accordingly the mean number of immigrants was
set as 0.55/0.45=1.22 times the number of natal
pre-breeders of age 3. The lower limit was set at
0.54/0.46=1.174 and the upper limit at 0.59/
0.41=1.439 (Table 1).

Table 3
Calculation of mean, maximum and minimum probability of staying to breed for Short-tailed Shearwaters on Fisher Island

Scenario

Mean MaximumMinimum

0–4 year re-appearance rate Upper 95% CI Lower 95% CIMean 0.437
0.3710.501
Lower 95% CIMean 0.769Estimated annual re-appearance rate Upper 95% CI
0.7430.796

Mean 7.116 years Upper 95% CILower 95% CIMean age of first breeding
7.329 years6.903 years

Time interval from first re-appearance to first breeding Upper 95% CILower 95% CI Mean 2.958 years
3.306 years2.610 years

Mean 0.140Proportion of natal chicks recruited to the breeding population Upper 95% CILower 95% CI
0.118 0.164
Lower 95% CI Mean 0.331Natal recruits that survive and stay to breed Upper 95% CI
0.247 0.444
Upper 95% CI Mean 0.912Annual re-appearance rate for pre-breeders\3 years Lower 95% CI
0.923 0.901

Parameter estimates for probability of pre-breeders staying (PST) MeanLower 95% CI Upper 95% CI
PST=0.868PST=0.635 PST=0.744
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Fig. 3. Estimated probability of first breeding for mean, lower
95% confidence limit and upper 95% confidence limit of the
probability of first breeding multiplier (k) in the Average
Breeder Model (ABM). Coefficients for equation one are those
estimated for the mean values of all parameters (a= −11.675,
b=2.830 and c= −0.172).

where ox= the observed proportion of first time
breeders of age x from Fisher Island, and px= the
proportion of first time breeders of age x output
from the model.

Probability of first breeding at age x was varied
by multiplying p (Eq. (1)) by a multiplier (Fig. 3).
Upper and lower limits for the multiplier were
calculated to give the same percentage change in
the age of first breeding predicted by the model
(using the mean values for all other parameters)
as the 95% confidence interval for mean age of
first breeding estimated for Fisher Island (Table 3;
Bradley and Wooller unpubl. Data).

2.3. Model simulations, parameter uncertainty
and elasticity

The initial population size for all simulations
was set at 10 000. For each run of the model a set
of input parameters was selected and the coeffi-
cients for Eq. (1) estimated. The stable age distri-
bution was then calculated by running successive
iterations of the model using the selected parame-
ter values until the maximum discrepancy between
the proportion of birds in any age class in two
successive years was less than 0.001. The coeffi-
cients for Eq. (1) were then re-estimated to corre-
spond with the chosen stable age distribution. If
the stable age distribution was not maintained
with the new coefficients, the stable age distribu-
tion and the coefficients were recalculated in turn
until the bound for the maximum allowable dis-
crepancy in the stable age distribution was not
exceeded. The model then simulated annual
changes in each cohort for 50 years and the mean
annual population growth rate (l) for the 50
years was calculated.

Each model was initially run with all parame-
ters set to their mean values. The parameter un-
certainty analysis was then performed by running
each model 5000 times using a random number
generator to independently select each input
parameter from a uniform probability distribution
between its minimum and maximum value (fol-
lowing McCarthy et al., 1995, 1996). Minimum
and maximum values were set at the lower and
upper 95% confidence limits for each parameter
or multiplier. A multiple regression was used to

2.2.6. Probability of first reproduction
The probability of a bird of age x breeding for

the first time was modelled by a quadratic in x on
the logistic scale, i.e. log(p/(1−p))=a+bx+
cx2 which is equivalent to:

p= (1+e− (a+bx+cx2))−1 (1)

The logistic scale is commonly used for the
statistical modelling of probabilities (Lebreton et
al., 1992) and using a quadratic rather than a
linear logistic equation imposes less restriction on
the shape of the curve. An iterative procedure was
used to solve for the coefficients a, b, and c (using
the SOLVER add-on in Excel), so that the pro-
portion of first time breeders of age x predicted
from the model matched the observed proportion
of first-time breeders of age x on Fisher Island as
closely as possible for the selected set of input
parameters. This fit was achieved by choosing the
values of the coefficients to be those that maxi-
mized the likelihood function of the observed
proportions given by:

L= %
15

x=1

ox ln(px) (2)
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relate the input parameters (Table 1) to popula-
tion growth rate. Population growth rate was the
dependent variable in the regression, with the
independent variables including the 12 input
parameters, all two-way interactions between
these parameters (66 terms) and a quadratic term
for each input parameter (12 terms). Quadratic
terms were included to allow investigation of non-
linearities.

The multiple regression equation conveniently
summarizes the model by combining the results of
each set of simulations into a single equation that
can be used to predict population growth rate for
given input parameter values. Parameter uncer-
tainty coefficients were calculated by estimating
the difference between the predicted population
growth rate when the minimum and maximum
values (lower and upper 95% confidence limits) of
each parameter were substituted into the regres-
sion equation with all other parameters at their
mean values. This difference was divided by the
population growth rate predicted by the regres-
sion equation with all parameters set at their
mean values:

coefficient=absolute value
�l(xmax)−l(xmin)

l(xmean)
n

(3)

Elasticity coefficients for each parameter were
estimated in the same way but the minimum and
maximum values for each parameter were set at
95% of the mean estimate instead of the lower
and upper 95% confidence limits. The relative
width of the parameter ranges therefore differed
from the parameter uncertainty analysis. The 9
5% limits for all parameters in the elasticity analy-
sis were close to or within the parameter space

explored by the model simulation runs for the
parameter uncertainty analysis, so running an ad-
ditional set of model simulations and recalculat-
ing the regression equations was considered
unnecessary. Elasticity coefficients were calculated
for a set of minimum and maximum parameter
limits estimated from 95% of mean mortality
rates and 95% of mean survival rates.

Two-way interaction coefficients for each
parameter were calculated by estimating the dif-
ference between the predicted population growth
rate when the upper and the lower parameter
values were substituted into the regression equa-
tion (with all other parameters at their mean
values) divided by the predicted population
growth rate for the mean parameter value. Unlike
the basic elasticity and uncertainty coefficients,
this change in population growth rate was calcu-
lated at each of the mean, minimum and maxi-
mum values of the second parameter in the
interaction term. If no interaction existed between
the two parameters, these three changes in popu-
lation growth rate would be equal. Therefore the
strength of the interaction was estimated as the
absolute value of the difference between the
change in population growth rate with the second
parameter in the interaction term set at its mini-
mum and at its maximum value (Eq. (4) and
Table 4). Again, upper and lower limits for the
parameter ranges were set at the 95% confidence
limits for the parameter uncertainty analysis and
95% of the mean for the elasticity analyses.

interaction coefficient

=absolute value
�(lC−lA)

lB

−
(lF−lD)

lE

n
(4)

Table 4
Level of the first and second parameters used for calculating interaction coefficients in the elasticity and parameter uncertainty
analyses

Level of first parameter

Mean MaximumMinimum

lA lBLevel of second parameter lCMinimum
lD lE lFMaximum
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Fig. 4. Proportion of birds in each breeding age class for mean
parameter input values in the Average Breeder Model (ABM)
and the Breeding Age model (BAM).

representation of the demographic structure of the
population although population growth rate pre-
dicted by both versions of the model appears to
be low.

3.2. Parameter uncertainty coefficients

A high R2 (0.99992 and 0.99999 for the ABM
and BAM respectively) for the regression equa-
tions for both models showed a good fit to the
data and indicates the completeness of the regres-
sion equations in summarizing the models. The
residual standard deviations, which predict how
far most points will be from the regression equa-
tion, were 0.00013 and 0.00003 for the ABM and
the BAM, respectively. Ninety-five percent of sim-
ulated population growth rates should be within
92 residual standard deviations of population
growth predicted by the regression equation. Plots
of the residuals versus each input parameter indi-
cated the assumptions of normality and equality
of variances for the regression analyses were valid.
Estimates of the regression coefficients are given
in Appendix A.

A ranking of the parameter uncertainty coeffi-
cients shows the relative importance of errors in
parameter estimation to predicting population
growth rate. Parameter uncertainty coefficients
were very similar in both order and magnitude
between the two models. Probability of pre-breed-
ers staying in the colony had by far the strongest
potential to influence population growth rate in
both models, with an uncertainty coefficient five
times higher than the second ranked parameter
(Table 5a). Even parameters such as probability
of first breeding and probability of breeders skip-
ping, which ranked very low, may have non-trivial
effects on population growth rate projections
based on the magnitude of the uncertainty
coefficients.

To examine the effect of the lower mean breed-
ing success, breeder survival, and skipping rates
estimated by the breeding age equations in the
BAM, the multipliers were adjusted to give the
equivalent mean, minimum and maximum values
used in the ABM and the parameter uncertainty
coefficients were recalculated. This had virtually no
effect, the importance of probability of staying was

3. Results

3.1. Model comparison

Predicted population growth rate for both
models (0.963 and 0.948 for the ABM and BAM,
respectively) using the mean estimates for all
parameters were lower than the population
growth rate observed on Fisher Island (0.980–
0.992). As expected, assuming a single adult sur-
vival rate (ABM) led to a positive bias in
population growth, a result of maintaining a
higher survival and breeding success at older ages.
This bias is demonstrated by the unrealistically
high proportion of breeders]25 years (Fig. 4)
and mean life expectancy after first breeding (14.0
years) in the ABM compared to the BAM (10.1
years). All known-age birds on Fisher Island were
dead 27 years after first breeding and the observed
life expectancy after first breeding was 9.3 years
(Wooller et al., 1989). The lower population
growth rate predicted by the BAM model was a
result of the lower mean breeding success and
breeder survival rates predicted by the breeding
age equations. Setting the multipliers for these
equations to values that predicted weighted means
equivalent to the mean values used in the ABM
raised the population growth rate for the BAM to
0.969. The BAM appears to provide a better
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Table 6
Absolute magnitude of interaction coefficients in parameter uncertainty analysis for the Average Breeder Modela

BRKBS NBRK BRS NBRS JR PBR1 PBR2 PBR3 PST IMM

BS
0.01%BRK
0.00%NBRK 0.02%

0.03% 0.00%BRS 0.01%
0.03% 0.02% 0.03%0.02%NBRS

0.02%JR 0.01% 0.00% 0.03% 0.01%
0.01% 0.00% 0.01% 0.33% 0.04%PBR1 0.01%
0.00% 0.00% 0.37% 0.00% 0.01%0.01% 0.01%PBR2

0.02%PBR3 0.01% 0.01% 0.06% 0.00% 0.02% 0.01% 0.00%
0.24%PST 0.08% 0.03% 0.03% 0.00% 0.20% 0.03% 0.00% 0.00%

0.00% 0.00% 0.04% 0.00% 0.01%0.02% 0.19%IMM 0.00% 0.00% 0.00%
0.01% 0.01% 0.02% 0.00%PFB 0.04%0.05% 0.03% 0.00% 0.00% 0.00% 0.00%

a The magnitude of all interactions coefficients were smaller in Breeding Age Model.

increased by 0.23% but all other parameters
changed by less than 0.05%. All parameters main-
tained their original rankings.

3.3. Elasticity coefficients

Results for the elasticity analyses using 95%
of mean mortality and 95% of mean survival
rates were very different, both from each other
and from the parameter uncertainty analysis
(Table 5a–b). Using 95% of mean mortality
rates greatly reduced the importance of the proba-
bility of staying, although it still ranked second,
and increased the importance of probability of
first breeding and breeding success. Using 95%
of mean survival rates resulted in a dramatic
increase in the relative importance of survival
rates, particularly breeder survival, non-breeder
survival and re-appearance rate of pre-breeders\
3 years. The relative magnitude and rankings of
coefficients for both elasticity analyses were simi-
lar for the ABM and BAM.

3.4. Interaction coefficients

A large number of interaction terms were statis-
tically significant in the regression equation (41
and 37 for the ABM and BAM, respectively;
Appendix A). In general, the influence of interac-
tion terms was low, indicating a likely lack of
biological significance for most, if not all, interac-

tions for the parameter space were explored (Ta-
bles 6 and 7). For the parameter uncertainty
analysis 52 and 70% of interactions in the ABM
and BAM, respectively, wereB0.01%, and only
12 and 9%, respectively, were\0.05%. In general
the strength of interaction terms was lowest in the
elasticity analysis using 95% of mean mortality
rates, which explored the smallest parameter
space, and highest in the elasticity analysis using
95% of mean survival rates which explored the
largest overall parameter space (Table 7).

Table 7
Percent of interaction termsB0.01% and \0.05% for the
Average Breeder Model and the Breeding Age Model in the
parameter uncertainty and 95% mean mortality and 95%
mean survival elasticity analyses

Analysis Interaction strength (%)

B0.01 \0.05

52 12Parameter Average
uncertainty Breeder Model

9Breeding Age 70
Model
Average 8695% Mortality 0
Breeder Model
Breeding Age 094
Model

274595% Survival Average
Breeder Model
Breeding Age 67 12
Model
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Fig. 5. Breeder survival vs. probability of pre-breeders staying
in the natal colony for population growth rate equal to one
and harvest rate=0, 5 and 10% with all other parameters at
their mean values for the Average Breeder Model (ABM).
Population growth rate is greater than 1 for areas above and
to the right of the line for 0% harvest rate, and decreasing for
areas below and to the left of the line for 0% harvest rate.

Quadratic terms were included in the regression
equation to evaluate the importance of non-lin-
earities. The strength of non-linearities were as-
sessed by comparing the change in population
growth rate (as predicted by the regression equa-
tion) when going from the lower to the mean
value of each parameter with the change when
going from the mean to the upper value. This was
akin to the assessment of interaction strengths. In
no case, for both the uncertainty and elasticity
analyses, did the difference in these changes ex-
ceed 0.0006%, implying that any non-linearity in
the model was weak.

3.5. Har6est scenarios

A parameter, H, was defined as the proportion
of fledged chicks that were harvested. Since the
regression equation can be used to predict
changes in population growth rate from varying
parameter values, one can predict the effect of
different harvest scenarios by varying H. By set-
ting the regression equation equal to one and
allowing two parameters to vary simultaneously
(with all other parameters set at their mean val-
ues), one can define the parameter space which
represents an increasing or decreasing population
(Fig. 5). No combination of values within the 95%
confidence limits for any two parameters led to an
increasing population. However, varying proba-
bility of pre-breeders staying within its 95% confi-
dence limits and allowing breeder survival to vary
freely shows that an increasing population could
potentially be achieved if breeder survival was
above 0.928 (ABM; Fig. 5).

Harvest can be imposed on the population by
setting H\0 and recalculating the new parameter
values necessary to maintain a population growth
rate of one (Fig. 5). The position of the lines for
H=0%, H=5% and H=10% outside the ex-
pected parameter space on Fig. 5 implies that no
level of harvest could be sustained on Fisher
Island. However, these lines illustrate the utility of
the regression equation for predicting the shift in
population growth rate that would be expected by
imposing harvest, or to illustrate the change in a
parameter that would be necessary to compensate
for a specified harvest level.

The strongest interaction in the parameter un-
certainty analysis, the interaction between breeder
survival and re-appearance rate of pre-breeders
from year 2–3, showed a difference of only 0.37
and 0.17% in the ABM and BAM, respectively.
The potential effect of this interaction can be
illustrated as follows; the mean influence of
breeder survival on population growth rate is
1.16% for the ABM, this can increase to 1.16+
0.37=1.53% at the maximum level of PBR2 or
decrease to 1.16−0.37=0.79% at the minimum
level of PBR2. Thus interactions can cause predic-
tions of population growth rate for a given
parameter level to change depending on the level
of the interacting parameter. The relative impor-
tance of interactions may be greater for parame-
ters with low individual elasticity or uncertainty
coefficients but high interaction coefficients. For
example, the influence of breeding success may
vary from 0.05 to 0.53% depending on the level of
probability of staying. This is a greater percentage
change than illustrated above for breeder survival,
although the interaction coefficient for these two
parameters (0.29%) is lower.
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4. Discussion

4.1. Model structure and 6alidity

The structure of the model reflects the under-
standing of what is ecologically important in
Short-tailed Shearwater population dynamics and
the practicalities of seabird research. Model struc-
ture was chosen to reflect the results of the Fisher
Island study that demonstrate considerable varia-
tion in breeding success (Fig. 2a), probability of
skipping breeding (Fig. 2b) and mortality (Fig.
2c) with breeding age (Wooller et al., 1988, 1990;
Bradley et al., 1989, 1991). It mixes a classic
age-structured approach for pre-breeders with
breeding age cohorts for fecund birds. Breeding
age is roughly correlated with actual age, but
breeding age explains more variation in reproduc-
tive rates than does age per se. Significant in-
creases in breeding success with age among birds
first breeding between 5 and 9 years were found
but there was no evidence that such age depen-
dent differences persisted beyond the first breed-
ing attempt (Wooller et al., 1990).

Over-parameterization of preliminary models is
strongly discouraged by many authors (Beck,
1983; Starfield and Bleloch, 1986; Burgman et al.,
1993; Starfield, 1997). Although incorporating
breeding age specific data on survival, breeding
success and skipping rates resulted in a relatively
complex demographic model, of interest was in
assessing whether the 40-plus years of age-specific
data would be useful for improving the under-
standing of Sooty Shearwater populations. The
result was a closer approximation to the demo-
graphic structure of the Fisher Island population
(Fig. 4), suggesting the additional data would be
useful for answering questions such as the influ-
ence of density dependence on the ratio of non-
breeders to breeders in the population. However,
the similarity of results for the parameter uncer-
tainty and elasticity analyses (Table 5a–b) indi-
cates that the additional model structure is
unnecessary for setting research priorities or as-
sessing the relative effects of alternative manage-
ment strategies.

Incorporating age structure of pre-breeders in a
model requires estimating the probability of

breeding for the first time at age x. As far as is
known, this has not been estimated directly for
any procellariiforme. Direct estimation requires
knowledge of the number birds of each age avail-
able and trying for the opportunity to breed each
year in addition to the actual age of birds that
breed for the first time. Empirical studies usually
only report the proportion of first time breeders
of age x and/or the mean age of first breeding.
However, these parameters represent output of an
age- or stage-structured model, not input. Lack of
information on the number of birds present and
available to breed forced the use an iterative
process to set first breeding probabilities so that
the probability of first time breeders being of age
x predicted by the model matched the observed
distribution. There is no way of knowing how well
constraining variability in age of first breeding
translates to the true variability in probability of
first breeding, or of validating the form of Eq. (1).
Procellariid researchers are urged to measure the
number of birds of age x trying the gain entry to
the breeding population in addition to the number
that succeed for each age x if possible. Reporting
just the latter will continue to make it difficult to
parameterize models incorporating age structure
of pre-breeders.

In contrast to the model predictions, the empir-
ical evidence from Fisher Island suggests relative
stability over the last 20 years. One expects the
difference comes from both: (i) a lack of density
dependence in the model (there is evidence of this
for recruitment rates in other seabirds; Weimer-
skirch and Jouventin, 1987; Pickering, 1989;
Brooke, 1990; Croxall et al., 1990); and (ii) esti-
mation of parameters from data that spanned two
apparently different demographic phases, a rapid
decline from 1947 to 1975 followed by a period of
relative stability from 1976 to the present. Pub-
lished data from Fisher Island is presented only
for the combined period of these two phases so it
was not possible to calculate separate parameter
estimates for the first and second phases. The
contrast in population trajectories between the
two phases (Serventy and Curry, 1984; Bradley et
al., 1991) suggests a change in external influences
or in the fundamental level of one or more demo-
graphic parameters. Model results assume condi-
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tions under which predictions are made remain
constant, which will be invalid unless parameters
can be re-estimated separately for each of the two
phases. Since one cannot factor out the initial
decline, population growth rates predicted by the
model are expected to be lower than the current
growth rate of the population.

Two additional sources of bias that could have
resulted in low estimates of population growth
rate are present in the calculations of emigration
and re-appearance rates of pre-breeders. For sim-
plicity, and due to the lack of data for alternative
calculations, a constant emigration rate was as-
sumed from the time of first return to first breed-
ing or death. However, Short-tailed Shearwaters
appear to become more faithful to a colony dur-
ing their prospecting period (Bradley et al., 1999)
and it is likely that with increasing investment in
prospecting at a given colony the probability of
emigrating decreases. A decreasing probability of
emigration would therefore be roughly correlated
with age. If real, failure to incorporate this decline
in the model would negatively bias population
growth rate estimates.

The estimates of re-appearance rates for pre-
breeders assumed the probability of detection of
pre-breeders attending the colony was equal to 1
(Table 3). A maximum likelihood estimation of
the probability of missing a pre-breeder, assuming
that pre-breeders not seen in years subsequent to
actual sightings were missed birds, suggests this
probability of detection may be as low as 70%
(Bradley et al., 1999). This would cause the pre-
breeder survival estimates to be biased low and
age of first breeding estimates to be biased high.
Thus resulting in negatively biased population
growth rates. A corresponding probability of de-
tectionB1 is unlikely to have occurred for breed-
ers as great care was taken throughout the study
to record all birds inhabiting burrows with eggs,
with multiple checks made each breeding season
(Bradley et al., 1999). Colony attendance of
breeders is also less sporadic and less seasonally
restricted than attendance of pre-breeders. It may
be possible to minimize biases caused by detection
probabilitiesB1 by re-analyzing colony atten-
dance data using modern mark-recapture tech-
niques (Lebreton et al. 1992).

4.2. Short-tailed Shearwater demography

Modelling provides a framework for formaliz-
ing concepts about the dynamics of populations
and helps to highlight where important knowledge
is missing. The parameter uncertainty analysis
identified probability of staying and juvenile re-
appearance rate as the parameters that provide
the greatest opportunity to improve the accuracy
of the population growth rate estimates (Table
5a). Probability of staying affects a large propor-
tion of the population, 26% of pre-breeders (Table
1) are lost from each of 12 stages in contrast to
less than 9% lost due to mortality. However, the
uncertainty in population growth rate depends
not only on the mean level of a parameter and the
proportion of the population it influences but also
on the degree of uncertainty in estimating the
parameter, which is reflected in the width of the
parameter range. Probability of staying, or its
converse emigration rate, is one of the most
difficult parameters to estimate for highly mobile,
widely dispersed animals such as seabirds. This
resulted in a parameter range of 916% of mean
probability of staying (946% of mean emigra-
tion), nearly twice that of any other parameter.

Breeder survival, commonly established as the
most influential parameter for models of long-
lived vertebrates (Goodman, 1980; Brault and
Caswell, 1993; Weimerskirch et al., 1996; Crook
et al., 1998; Heppell, 1998; Russell, 1999; Heppell
et al., 2000; Slooten et al., in press) was an
important factor in both the elasticity and
parameter uncertainty analyses (Table 5a–b).
However, the combined importance of pre-
breeder survival rates was similar to or greater
than the combined importance of fecund bird
survival rates. The importance of all pre-breeder
survival rates combined, calculated by summing
the parameter uncertainty coefficients for JR,
PBR1, PBR2 and PBR3, were 1.52 and 2.06% (for
the ABM and BAM, respectively). In contrast, the
importance of fecund bird survival rates (BRS
and NBRS) were 1.65 and 1.58% (ABM and
BAM, respectively, Table 5a). The lower relative
importance of fecund survival rates in the BAM is
likely a result of the low survival rates predicted
by the polynomial for higher ages. Although these
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results differ between the two models, both mod-
els demonstrate that large gains in the precision of
population growth rate estimates can be made
from reducing variability in pre-breeder survival
rates as well as in survival rates of fecund birds.
The lack of precise data on survival rates for most
procellariiformes reflects the logistical challenges
faced in the field. The estimation of migration
rates and survival rates of pre-breeders are partic-
ularly challenging and it is often difficult to distin-
guish between the two. Vast population sizes,
large numbers of neighbouring colonies, an often
high degree of inter-colony movement and a
broad range of ages over which young birds re-
turn to the colony and begin breeding all con-
tribute to the difficulties in obtaining accurate,
unbiased estimates.

Results for the elasticity analysis using 95% of
mean mortality rates to calculate parameter
ranges were similar to a sensitivity analysis of a
stochastic PVA model investigating impacts of
harvest and predation on Sooty Shearwaters
(Hamilton and Moller, 1995). Using 910% limits
(91 year for age of first breeding, which was
constrained to a whole number, was equivalent to
917%) Hamilton and Moller (1995) found that
age at first breeding had the greatest effect on
population growth rate, followed by 0–1 year
mortality (breeding success and juvenile mortal-
ity). Sensitivity and elasticity analyses identify
parameters that will effect the greatest change in
population growth rate for a unit or percentage
change in a parameter. These methods identify
parameters that are likely to produce the greatest
population response if altered by management.
Unfortunately neither probability of first repro-
duction nor probability of staying lend themselves
to simple manipulation by management. In this
case managers may need to accept the lesser gains
but increased practicality of altering parameters
such as juvenile survival, breeder survival or
breeding success.

The long-term study on Fisher Island enabled
estimation of parameters with reasonable accu-
racy, but because the parameter estimates are
specific to this population, the results are also
only applicable to Fisher Island. This is especially
true for emigration and immigration rates, two

very site-dependent parameters that are probably
influenced not only by local density on Fisher
Island, but also by the distance to, and size of,
surrounding breeding colonies. Emigration and
immigration rates may be expected to be more
variable among populations than survival and
reproductive rates, which are more constrained by
bio-energetics and biophysical characteristics for
long-lived species such as shearwaters. The small
size of the Fisher Island population, which repre-
sents one extreme of a very wide range of colony
sizes, makes extrapolation of the results to other
populations questionable without some measure
of how typical the demographics of this popula-
tion are compared to other colonies.

4.3. Har6est scenarios

As far as the authors are aware, there are no
plans to begin harvesting Short-tailed Shearwater
chicks on Fisher Island. The point in estimating a
sustainable harvest level for this population is
simply to demonstrate the potential use of mod-
elling to evaluate harvest impacts. The structure
of the model assumes there is no density depen-
dence and that mortality and harvest are indepen-
dent (i.e. that harvest impacts are additive).
Density dependence or compensatory effects be-
tween harvest and mortality would shift the lines
representing a stable population (l=1) for differ-
ent harvest levels on Fig. 5 down and to the left,
representing a reduction in the impact of harvest
for any given level of breeder survival or probabil-
ity of staying.

Norman (1985) found that a simple determinis-
tic model using parameter estimates for Fisher
Island showed a harvest level of 10% of chicks
would cause a slowly increasing population to
decline to 53% of its original size in 100 years. In
contrast, Skira et al. (1986) present a first approx-
imation to a maximum sustainable yield calcula-
tion for harvest of Short-tailed Shearwater chicks
of 37%. However, these estimates are based on a
very high expectation of breeding life (15 years)
and recruitment rate (0.35). Substituting a mean
breeding age of 9.3 into their equation produces a
declining population from which no sustainable
harvest is possible. Immigration, density depen-
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dence and compensatory mortality are not in-
cluded in the calculations of Norman (1985) or
Skira et al. (1986). Harvesting on commercial
colonies is estimated to beB30% but on non-
commercial colonies may be as high as 90% (Skira
et al., 1986; Skira, 1990). Clearly the persistence
of colonies under these levels of harvest demon-
strates that at least some populations are able to
cope with (although possibly through high immi-
gration) what appear to be quite high levels of
harvesting. Again, the inability to withstand har-
vesting predicted by Norman (1985), this model
and the revision of the calculations of Skira et al.
(1986) is likely a result of estimating parameter
inputs from a small, possibly declining popula-
tion. Knowledge of the variability of parameters
among populations is needed before reliable esti-
mates of the impacts of harvest elsewhere can be
made.

4.4. Multiple regression approach to parameter
uncertainty and elasticity analyses

Summarizing the results of a large number of
simulations using a regression equation, which
can then be used to predict the effects of changes
in parameter values on population growth rate,
provides a straightforward, comprehensible
method for estimating parameter elasticity and
uncertainty coefficients. Assuming the regression
equation provides a reasonably accurate represen-
tation of the model, predicting population growth
rate using the regression equation should be
equivalent to direct substitution in the model. The
regression equation offers the advantage of sim-
pler and faster computation and allows the impor-
tance of both individual parameters and
interactions to be described using a relatively
small number of simulations (5000 for each
model). This method would also allow direct com-
parison of results from deterministic and stochas-
tic models by eliminating the need to run multiple
simulations for direct substitution in a stochastic
model.

The multiple regression equation, which ini-
tially may seem complex and overparameterized,
could have been simplified by eliminating non-sig-
nificant terms. However, the usual justification for

reducing a regression equation is to trade off
increased bias for smaller standard errors of the
estimates. With such a large data set this results in
little real gain. Additionally, one is most inter-
ested in the completeness of the regression equa-
tion in describing the model so the statistical
significance of terms is of less importance than in
more traditional uses of regression analyses.
Statistical significance (P-values), the usual mea-
sure of the importance of regression terms, is a
function of sample size which in this case is
arbitrary and very large because a large data set is
being summarized. While parameters with a large
influence on population growth are still expected
to be more significant than less important
parameters, in this context statistical significance
is not necessarily meaningful. Non-significant re-
sults may be more useful in that they indicate
terms that are clearly not important.

Randomly sampling from uniform distributions
has the disadvantage of selecting a large number
of parameter observations close to the mean. Only
half of the observations would be expected to be
closer to the tails of the distribution than to the
mean, somewhat less than the theoretical opti-
mum for estimating a linear regression. Having
the tails of the distribution less well explored may
result in a less precise regression equation and
subsequently less precise estimates of the uncer-
tainty or elasticity coefficients (Swartzman and
Kaluzny, 1987). A factorial design using two lev-
els for each of the 12 parameters would achieve
greater precision for a smaller number of runs
(212=4096) by sampling from the extremes of the
parameter ranges. However, only sampling at two
levels of each parameter does not allow for evalu-
ating the importance of interactions or non-linear-
ities. A factorial design using three levels of 12
parameters, the minimum necessary to assess in-
teractions, would require 312=513 441 model
runs, a rather daunting proposition. Other op-
tions such as latin hypercube sampling (modified
Monte Carlo sampling) may allow for more com-
plete sampling of the tails with fewer simulations
but at a cost of more complex programming
(Iman and Helton 1988). The random sampling
procedure sacrifices precision for simplicity while
still allowing for the assessment of interactions
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and non-linearities with a reasonable number of
simulations.

A great advantage of summarizing the model
with a multiple regression equation is the ability
to rigorously explore the effects of interactions.
Although the majority of interactions were small
it is worth noting that some, for example BRS×
PBR2 (Table 6), had as large an effect on popula-
tion growth rate as some individual parameters.
Parameterization of the model specific to the
Fisher Island population resulted in relatively nar-
row parameter ranges, which may have reduced
the possibilities for interactions and non-lineari-
ties to occur. Using a parameter range of 95% of
mean survival resulted in a larger number of
stronger interactions, most likely as a result of the
larger parameter space explored (Table 7). In
populations with greater uncertainty in parameter
estimation, and therefore a larger parameter
space, interactions may be more prevalent. Al-
though interactions had only a limited effect on
population growth rate in this case, their inclusion
in evaluating parameter elasticities and uncertain-
ties is no less important. Strong interactions or
non-linearities can change the effect and interpre-
tation of individual parameters. For example, if
elasticity predicts x to be the key parameter and y
(low elasticity by itself) is not measured the final
outcome may still be uncertain if the interaction
xy is important. Researchers are encouraged to
evaluate the influence of interactions when con-
ducting perturbation analyses to prevent simple
univariate approaches from being misleading.

4.5. Elasticity 6ersus parameter uncertainty
analyses

Parameter uncertainty analysis, as has been
defined here, is critically dependent on the validity
of the limits set for the parameter ranges. The
reliability of parameter ranges will be influenced
by the availability of field data and the approach
used for estimating parameter uncertainty. There
is often an intuitive wish to cover the options and
set ‘safe’ limits for relatively unknown parameters
such as juvenile survival and emigration. This can
easily result in setting unreasonably wide or arbi-
trary limits, which may produce misleading results

and increase the importance of non-linearities.
However, when little data are available this is still
likely to be a useful first step. Wide limits set for
unknown parameters will still reflect the relative
knowledge of them, albeit exaggeratedly. Parame-
ter limits estimated from degree of variability will
always be more dependent on sample size than
limits based on measures of central tendency.

The scale over which parameters are estimated,
for example a single population, across a species
geographic distribution, or including congeneric
species, affects the type and amount of variation
included in parameter estimates. As more varia-
tion is included in parameter estimates, parameter
ranges estimated for a parameter uncertainty
analysis become wider. This is likely to affect
some parameters more than others as parameters
for demographic models are usually estimated at a
combination of scales and for a poorly defined
mix of spatial, temporal, sampling and measure-
ment variation. For example, Hamilton and
Moller (1995) combine data from Sooty Shearwa-
ters, Short-tailed Shearwaters and Manx Shear-
water (Puffinus puffinus) in a population viability
model to asses the sensitivity of Sooty Shearwater
colonies to predation and harvest. Similarly, data
from a single population is combined with data
from all New Zealand populations and congeneric
species in Slooten et al. (in press), to examine the
effects of uncertainty in parameter estimation on
demographics of Hector’s dolphins
(Cephalorhynchus hectori ). The importance of
parameters estimated at more global scales is
likely to be increased as a result of including more
types of variation. Again, this should still reflect
knowledge of the parameters concerned, as one is
usually forced to look elsewhere for parameters
which there is little data for. Mixing levels of
estimation can make interpretation of model re-
sults confusing and should be acknowledged. The
objectives of a modelling exercise are extremely
important in deciding how to parameterize the
model.

Elasticity analysis conveniently bypasses these
problems but presents some of its own. The de-
gree by which parameters are varied, for example
5 or 10%, is purely arbitrary. If non-linearities or
interactions occur, the choice of this level will
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affect the elasticity coefficient rankings. The ques-
tion of whether to vary survival or mortality
rates, a seemingly minor and often ignored point,
can also have a dramatic effect on elasticity analy-
sis results (Table 5b). Few studies explicitly state
whether survival or mortality rates are altered. By
convention survival rates are usually referred to,
so should one assume that if not explicitly stated
it is survival that is being altered? Altering sur-
vival and mortality rates by the same percentage
results in very different parameter ranges and is
reflected in different elasticity rankings. The im-
portance of survival rates will always be height-
ened in elasticity analyses altering survival rather
than mortality rates. This is an inevitable outcome
of manipulating proportions, as a proportion
closer to 1 will always have a wider relative
parameter range when adjusted by a specified
percentage. For example, a mean survival rate of
0.9095% of survival gives a parameter range of
0.855–0.945, whereas 95% of mortality gives a
parameter range of 0.895–0.905, a 10-fold differ-
ence. This may partly explain the commonly ob-
served pattern of identifying adult survival as the
most influential parameter in sensitivity and elas-
ticity analyses of long-lived vertebrates.

The elasticity and parameter uncertainty analy-
ses have different interpretations because of the
different methods used to set limits for the
parameter ranges. However, they should not be
considered as competing methods for evaluating
the influence of parameters on model outcomes.
The different interpretations are useful for an-
swering different questions. Parameter uncertainty
analysis provides one with an insight into which
parameters contribute most to variation in model
outcomes. It therefore identifies where research
efforts should be focused to make the greatest
gains in the precision of model outcomes. By
contrast, elasticity analysis shows to what degree
model outcomes can be expected to respond to
specified increases or decreases in mean parameter
values. Elasticity coefficients therefore identify
which parameters management efforts should fo-
cus on to achieve the greatest gains in model
outcomes such as population growth (de Kroon et
al., 2000; Caswell, 2000).

In assessing the results of either elasticity or
parameter uncertainty analyses it is important to
consider what biological changes are reasonable.
Elasticity analyses only identify what the potential
effect of a change in parameter levels is on model
output (Caswell, 2000; de Kroon et al., 2000;
Wisdom et al., 2000). If management cannot alter
a given parameter, then no matter what the po-
tential gains, that potential can never be realized.
Sooty Shearwaters lay only one egg, so although
there may be great theoretical gains to raising two
offspring this would not be a useful management
goal. Similarly, parameter uncertainty analysis
identifies only where the greatest gains in reducing
the variability in population growth rate can be
made, it says nothing about how achievable those
gains will be. It is likely to be logistically more
challenging and more costly to reduce variation in
estimates of emigration rates and juvenile survival
than of breeding success or adult survival. Elastic-
ity and parameter uncertainty analyses identify
potential management or research targets but say
nothing about the feasibility of achieving those
targets.

An advantage of simulation over analytic mod-
els is that they allow the alternative of evaluating
specific management options. Rather than adjust-
ing parameter levels by a specified percentage as
in an elasticity analysis, parameter levels can be
adjusted based on the cost or feasibility of achiev-
ing a specified level of change and the gains in
model output compared. Whereas it may be rela-
tively simple and inexpensive to increase breeding
success by 10% it would usually be impractical
and/or extremely costly to increase adult survival
by even 5%.

5. Conclusions

Use of the long-term data set to incorporate
breeding age specific data for survival, breeding
success and skipping rates was advantageous only
for approximating population structure. Little dif-
ference was observed in the magnitude or rank-
ings of the parameter uncertainty or elasticity
coefficients.
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The parameter uncertainty analysis identified
probability of staying and breeder survival as
the parameters that would result in the greatest
improvements in model precision if tighter esti-
mates could be achieved. The elasticity analysis
based on 95% of mean mortality identified
probability of first breeding as having the great-
est potential to increase (or decrease) population
growth rate. Whereas, the elasticity analysis
based on 95% of mean survival identified
breeder survival, probability of first breeding,
probability of staying, re-appearance rate of pre-
breeders\3 years and non-breeder survival as
all having a large influence on population
growth rate. There is a lack of good empirical
data for emigration and pre-breeder survival
rates. Estimates of the probability of first breed-
ing at age x, which are necessary for building a
robust age- or stage-structured model, are also
lacking for procellariiformes.

Future research will need to explore the vari-
ability in parameter estimates among popula-
tions and the potential existence and forms of
density dependence and compensatory versus ad-
ditive mortality if models exploring the impacts
of harvest are to be useful.

The advantages of using a multiple regression
equation to summarize the model include distil-
lation of the model into a single equation, the
ability to predict model outcomes as well as the
elasticity in one step, the ability to explore the
effects of interactions in addition to individual
parameters and greater speed of computation.

It is important to include both individual
parameters and interactions in perturbation
analyses. Despite the high proportion of weak
interactions in the parameter uncertainty and
elasticity analyses, choosing to ignore them
without first checking their influence can lead to
misleading interpretation of individual parame-
ters.

The choice of whether to alter survival or
mortality rates can have a large impact on out-
comes of the elasticity analysis. Adjusting sur-
vival rather than mortality rates will always
increase the importance of survival parameters

because altering proportions closer to one by a
specified percentage results in a wider parameter
range.

The interpretation of elasticity and parameter
uncertainty analyses differ. Parameter uncer-
tainty analysis ranks the importance of parame-
ters based on their potential to influence
population growth rate when changed from their
lower to their upper value with all other
parameters held at their mean values. Parameter
uncertainty analysis is important for setting re-
search priorities because it identifies parameters
where reducing variance in parameter estimation
(reduction in its estimated range) can lead to the
greatest increase in precision of predicted popu-
lation growth rates. Elasticity analysis ranks the
importance of parameters based on their poten-
tial to influence population growth rate when
changed by a set percentage from the mean.
Elasticity analysis identifies where management
actions that manipulate demographic parameter
levels can be most effective in altering popula-
tion growth rates.

Both elasticity and parameter uncertainty
analyses only identify the potential for change in
population growth rate. Whether that potential
can be realized requires consideration of the bi-
ological and logistical constraints on achieving
changes in parameter levels or improving
parameter estimates. The choice of elasticity or
parameter uncertainty analysis and methods of
parameterization should depend on the specific
objectives of a modelling exercise.
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Appendix A. Multiple regression equation
coefficient estimates relating individual parameter,
two-way interactions and quadratic terms to
population growth rate for results of the 5000
model simulations for the parameter uncertainty
analysis. * Represents regression terms significant
at the 0.05 level.

Regression term Estimate

Average Breeding
Age ModelBreeder

Model

Intercept −0.0240.415
−0.305* 0.002Breeding success

(BS)
0.196*Probability of 0.010

breeders skip-
ping (BRK)

0.040*Probability of non- −0.139
breeders skip-
ping (NBRK)

Breeder survival 1.241* 0.637*
(BRS)

−0.153Non-breeder sur- −0.048
vival (NBS)

Juvenile re-appear- −0.221* −0.015*
ance rate (JR)

Pre-breeder re-ap- −0.127* −0.061
pearance rate
for year 1–2
(PBR1)

Pre-breeder re-ap- −0.419 0.064*
pearance rate
for year 2–3
(PBR2)

Annual re-appear- −0.0230.150*
ance rate for
pre-breeders\3
years (PBR3)

Probability of −0.575* 0.023*
Staying (PST)

0.035*Probability of first −0.020*
breeding multi-
plier (PFB)

−0.062*Immigration −0.020*
−0.005*−0.158*BS×BRK
−0.005*BS×NBRK 0.063
−0.033*−0.214*BS×BRS

0.106*BS×JR 0.019*
0.084*BS×PBR1 0.011*

0.0070.087*BS×PBR2

0.037*BS×PBR3 0.314*
−0.007−0.266*BS×NBRS

0.467*BS×PST 0.077*
0.045*BS×PFB 0.009*

0.005*0.033*BS×IMM
BRK×NBRK −0.028 −0.002

−0.086*−0.491*BRK×BRS
−0.041*BRK×JR −0.006*
−0.037*BRK×PBR1 −0.007*

0.0010.000BRK×PBR2

−0.027*BRK×PBR3 −0.082
0.136*0.536*BRK×NBRS

−0.122*BRK×PST −0.031*
−0.009*BRK×PFB −0.004*

−0.001−0.006BRK×IMM
−0.139*NBRK×BRS −0.038*

−0.006*−0.014NBRK×JR
0.003NBRK×PBR1 −0.003
−0.002NBRK×PBR2 −0.004

−0.0070.076NBRK×PBR3

0.246*NBRK×NBRS 0.045*
−0.013*−0.049*NBRK×PST
−0.001*NBRK×PFB −0.004*
−0.002*−0.002NBRK×IMM

−0.157*BRS×JR −0.037*
−0.032*−0.075*BRS×PBR1

−0.064BRS×PBR2 −0.036*
−0.509*BRS×PBR3 −0.063*

0.042*0.330*BRS×NBRS
−0.575*BRS×PST −0.105*

0.009*−0.038*BRS×PFB
−0.014*BRS×IMM −0.045*
0.020*0.028*JR×PBR1

0.020*JR×PBR2 0.045*
0.099*0.186*JR×PBR3

−0.085*JR×NBRS −0.014*
0.245*JR×PST 0.133*

0.015*0.024*JR×PFB
0.014*JR×IMM 0.007*

0.0110.031*PBR1×PBR2

0.065*PBR1×PBR3 0.142*
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−0.013−0.028PBR1×NBRS
PBR1×PST 0.167* 0.090*

0.010*0.016*PBR1×PFB
0.010*PBR1×IMM 0.005*

PBR2×PBR3 0.066*0.118*
0.024−0.060PBR2×NBRS
0.086*PBR2×PST 0.155*
0.009*0.013*PBR2×PFB

0.013*PBR2×IMM 0.004*
−0.063*−0.081PBR3×NBRS

0.675*PBR3×PST 0.268*
PBR3×PFB 0.031* −0.012*

0.029*0.055*PBR3×IMM
−0.033*NBRS×PST −0.297*
0.008*−0.017*NBRS×PFB

−0.019*NBRS×IMM −0.005*
−0.014*0.040*PST×PFB

0.061*PST×IMM 0.034*
0.006*PFB×IMM 0.004*

−0.018*−0.074BS×BS
0.040BRK×BRK 0.003

−0.006*NBRK×NBRK −0.004
0.047*0.242*BRS×BRS

−0.033*JR×JR −0.060*
PBR1×PBR1 −0.028*0.009

−0.019−0.029PBR2×PBR2

−0.039PBR3×PBR3 0.065
0.0330.037NBRS×NBRS

PST×PST −0.062*0.243*
−0.018*−0.012*PFB×PFB

IMM×IMM −0.004*−0.001*
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