Received: 4 October 2019 I Accepted: 26 April 2020

DOI: 10.1111/nrm.12270

@? Natural Resource Modeling WiLEY

Comparing the Ricker and 6-logistic models for
estimating elk population growth

Lisa J. Koetke' | Adam Duarte? | Floyd W. Weckerly"

'Department of Biology, Texas State
University, San Marcos, Texas

2Oregon Cooperative Fish and Wildlife
Research Unit, Department of Fisheries
and Wildlife, Oregon State University,
Corvallis, Oregon

Correspondence

Lisa J. Koetke, Department of Biology,
Texas State University, 601 University
Drive, San Marcos, TX 78666.

Email: lisa.koetke@gmail.com

Present address

Lisa J. Koetke, Department of Natural
Resources and Environmental Studies,
University of Northern British Columbia,

Prince George, British Columbia, Canada.

Abstract

Conflicting evidence exists supporting linear and
nonlinear density-dependent population growth when
species have slow life histories. The Ricker (linear) and
f-logistic (nonlinear) models are commonly used to
analyze survey data for these species, but no evaluation
has examined whether these hypotheses can be differ-
entiated with field data. We conducted a simulation
exploring effects from shape of density dependence and
variation in vital rates on the fit of these models. When
vital rates had moderate to high variation, the models
had similar fit. The 6-logistic model differed from the
Ricker model and was biologically realistic (6> 1)
when variation in vital rates was low and the growth
response was nonlinear. Furthermore, the 6-logistic
model has issues with model convergence when using
vague priors and when variation in vital rates as high.
These results indicate that the Ricker model is appro-
priate for population survey data of species with slow
life histories.

Recommendations for Resource Managers

« The shape of the growth response (i.e., the re-
lationship between abundance and population
growth rate) depends on the shape of the re-
lationships between abundance and vital rates
(survival and pregnancy).
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« The variation in the environmental setting of a
population over time, as well as the species life
history traits, can influence whether linear or
nonlinear models fit time series of population
survey data.

« Random changes over time in the growth rate of a
population can mask the shape of the relationship
between abundance and growth rate.

« When modeling population dynamics of species with
slow life histories, the Ricker model is often more
appropriate than the O-logistic model, especially
when environmental variation over time is high or
when using vague priors when fitting the models.
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1 | INTRODUCTION

Ecological systems are complex and uncertain, which complicates our ability to directly in-
terpret patterns from field data and make predictions. Thus, ecologists often use quantitative
models to approximate system dynamics to understand and predict ecological processes.
Indeed, the use of models is ubiquitous in the field of population ecology. Ecologists have
developed countless models that are tailored to specific systems to better approximate ecological
system dynamics.

Two commonly used approximating models of population growth for species with slow life
histories (i.e., traits including long-lived, late maturation, few offspring, and parental care;
Gaillard et al., 1989; Saether & Bakke, 2000; Salguero-Gomez et al., 2016) are the Ricker and
6-logistic models (Ferguson & Ponciano, 2015; Fowler, 1981; Owen-Smith, 2007). These models
assume that resources are available to all competitors, and that individuals scramble to acquire
resources first (i.e., scramble competition). At small population abundances, both the Ricker
and O-logistic models predict that a population will experience the highest possible rate of
growth (rp.c) under density-independent conditions, similar to exponential growth. As a
population reaches abundances near carrying capacity (K), both models predict that growth will
slow due to density-dependent factors. It is the shape of density-dependent growth which
distinguishes the Ricker from the 6-logistic model.

The Ricker model predicts a linear decrease in the population growth rate (r =In (N“‘))

N,

as abundance increases, otherwise known as linear density dependence (Ricker, 1954). The
simplicity of the Ricker model is an appealing advantage for modeling density-dependent po-
pulation dynamics. Nonetheless, a more complex curvilinear relationship between abundance
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and r may be more realistic (Gilpin & Ayala, 1973). Species with slow life histories have evolved
in environments where competition for resources is keen and, consequently, reduce mortality
rather than increase reproductive output (Gaillard et al., 1989; Seether & Bakke, 2000; Salguero-
Gomez et al.,, 2016). This results in a constant r over a wider range of abundances until
r abruptly decreases when the population is near K, generating a convex relationship between
abundance and r (Fowler, 1981; McCullough, 1979). The 6-logistic model can capture this
functional form (convex; 6 > 1), along with a linear (6 = 1) or concave (6 < 1) relationship
between abundance and r because of the additional shape parameter (6).

Although the 6-logistic is perhaps more intuitive for studying density-dependent population
dynamics (Fowler, 1981), its added complexity may outweigh its practical advantages for several
reasons. First, the additional parameter makes the 6-logistic model less parsimonious than the
Ricker model. Second, this model predicts strongly intensifying density-dependent feedback
when the population’s abundance surpasses K (Fowler, 1981). Third, ry.x and 6 estimates can
be correlated, and ridges and multiple peaks can occur in the likelihood profile of 7, and 6,
which may result in biologically implausible and imprecise estimates of these parameters
(Clark, Brook, Delean, Resit Akcakaya, & Bradshaw, 2010; Delean, Brook, & Bradshaw, 2013;
Polansky, de Valpine, Lloyd-Smith, & Getz, 2009).

In time series of population survey data for species with slow life histories, some studies
indicate a linear growth response is sufficient while other studies support a convex growth
response (Boyce, 1989; Clark et al.,, 2010; Fowler, 1981; McCullough, 1979; Sibly, Barker,
Denham, Hone, & Pagel, 2005; Weckerly, 2017; Wicklund, 2001). These inconsistent findings
might be partially due to a lack of comparison between the two models (i.e., typically only one
model is fit to the population survey data). It is therefore, difficult to assess why one model
might fit a time series of population survey data better than the other (McCullough, 1979). The
shape of the growth response (i.e., linear or nonlinear) and stochasticity in population dynamics
are two plausible reasons for why one model may fit the time series of population survey data
for species with slow life histories better than the other.

We conducted a simulation exercise to explore when and why the Ricker or 6-logistic model
was more likely to fit a time series of population survey data. We used a simulation to ma-
nipulate the shape of density dependence and the amount of variation in the vital rates. We
simulated an elk (Cervus elaphus) population because this species has a slow life history and
data on its life history (i.e., vital rates, temporal variation) are abundant. We compared the
Ricker and 6-logistic models because they are commonly used for modeling the dynamics of
ungulate populations, and because scramble competition is likely a realistic assumption for elk
populations (Weckerly, 1998). The simulation explored how the amount of stochasticity in vital
rates and the shape of density dependence in vital rates influence population growth and thus
the fit of the Ricker and 6-logistic models. We hypothesized that higher amounts of stochasticity
would obscure the shape of the density-dependent growth such that both models would fit the
simulated data similarly.

2 | METHODS
2.1 | Simulation

We explored how combinations of two shapes of density dependence and five levels of stochasticity
in vital rates of simulated populations affected the fit of the Ricker and 6-logistic models.
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Stochasticity in vital rates was measured by temporal variation (i.e., process variance). The main
steps in the simulation are as follows, with further details below; first, we started with an initial total
population abundance, which was divided into age classes. Second, we determined the probabilities
for survival and pregnancy for each age class in the current year. Third, we determined the number
of individuals in each age class in the following year, the population abundance in the following
year, and the population growth rate (r). Fourth, we repeated these steps for a total of 30 years, and
conducted 600 iterations of the simulation. Fifth, we fit the Ricker and 6-logistic models to each
iteration of the simulation and evaluated the fit of the two models.

The populations began in the first year with an abundance drawn from the uniform dis-
tribution Ny ~ Uniform (150, 200) rounded to the nearest individual, where N; was the popu-
lation abundance in the first year. We selected this range of possible initial abundance values to
avoid the high variation in population growth rates at small population sizes due to demo-
graphic stochasticity. The number of individuals in each age class in the first year was
determined from the stable age distribution when the population was experiencing density-
independent growth, which preliminary analyses showed was 65% adults, 3% subadults, and
32% juveniles. A sex ratio of 1:1 was assumed at birth.

The probabilities of survival and pregnancy (i.e., vital rates) of each age class in the current year
were dependent on the population abundance that year relative to K, which was fixed at 1,000
animals. All vital rates decreased as population abundance increased toward K. Each vital rate for
each age class had different ranges. Maximum and minimum values for the range of each vital rate
and each age class (Table 1) were based on published elk population vital rates (Bender, Cook,
Cook, & Hall, 2008; Bender, Davison, Cook, Cook, & Hall, 2006; Coughenour & Singer, 1996;
Eberhardt, Eberhardt, Tiller, & Cadwell, 1996; Murphy, 1963; Raithel, Kauffman, & Pletscher, 2007;
Sargeant & Oehler, 2007). Although a substantial amount of research has estimated probabilities of
survival and pregnancy and the variance around these probabilities across age classes for elk, few
have estimated these for each sex and no clear pattern in survival probabilities between the sexes is
evident (Toigo & Gaillard, 2003). Due to lower confidence in vital rates and variance in vital rates
for each sex, our model was age-structured but not sex-structured. All adults were pooled into one
age class (>3 years), so the maximum and minimal adult vital rates spanned estimates presented in
the literature for adult and senescent adult age classes.

Vital rates were drawn from a beta distribution with the mean vital rates defined as

X, = Xmax + M, (1)

b
1 (Dt)
p

TABLE 1 Range of vital rates used in the simulation

Vital rate Minimum Maximum
Adult survival 0.85 0.95
Subadult survival 0.7 0.95
Juvenile survival 0 0.7

Adult pregnancy 0.7 0.95
Subadult pregnancy 0 0.5

Note: The minimum and maximum are the probability of survival or pregnancy when the population abundance is near K and
near 0, respectively. These ranges were based on published elk population vital rates.
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where X; was the mean probability of survival or pregnancy for a given age class in year ¢, and
Xmax and Xnin were the mean probabilities of survival or pregnancy for a given age class when
the population abundance was near 0 and near K, respectively. The density of the population at
time t was D, = %, p was used to calculate the inflection point (I) of the curve, and b was the
steepness of the curve. We fixed p to 1, and varied b to manipulate the shape of density
dependence. This method is similar to what Robinson, McGowan, and Devers (2017) used for
another species with a slow life history (American black ducks, Anas rubripes), and is especially
useful for manipulating the strength and shape of density dependence in simulated data. We
then used the mean and variance of vital rates and the beta method of moments to calculate
the shape parameters, which we used when sampling from a beta distribution during the
simulations.

We conducted the simulation with relatively linear (b = —1.5) and nonlinear (b = —5) density
dependence for all vital rates (Figure 1). We selected this amount of nonlinearity to reflect esti-
mates of nonlinear growth responses of elk published in the literature (Boyce, 1989). We simulated
these two shapes of density dependence under five levels of temporal variation (see Table 2),
resulting in a total of 10 scenarios. Each vital rate experienced different amounts of temporal
variation for each of the five levels based on the amount of variation expected for the vital rate and
age class (Table 2). The mid level of temporal variation included coefficients of variation equal to
what has been reported in previous studies (Bender et al., 2006; Raithel et al., 2007). The low-mid
and low levels of temporal variation represent 60% and 20% of the mid level of temporal variation,
respectively. The high-mid and high levels of temporal variation represent 150% and about 200% of
the mid level of temporal variation, respectively. These five levels of temporal variation were
selected to encompass the variation across years in coefficients of variation for vital rates as
reported by Bender et al. (2006). The coefficients of variation for juvenile survival and subadult
pregnancy when doubled were too large for the beta distribution with a mean equal to the
maximum vital rate because the distribution is bounded by 0 and 1. So, we used the maximum

max

Survival or pregnancy probability

min

0.00 0.25 ] 0.50 ] 0.75 1.00
Proportion of carrying capacity

FIGURE 1 The shapes of relatively linear (b = —1.5; solid line) and nonlinear (b = —5; dashed line) density-
dependent vital rates used in the simulation of elk population growth, where b was the steepness of the curve
(see Equation (7)). The maximum and minimum values will vary across age classes and between vital rates
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TABLE 2 Coefficients of variation for vital rates used in the simulation under five levels of temporal

variation
Vital rate Low Low-mid Mid High-mid High
Adult survival 0.014 0.050 0.080 0.120 0.160
Subadult survival 0.014 0.050 0.070 0.105 0.140
Juvenile survival 0.110 0.330 0.550 0.600 0.650
Adult pregnancy 0.022 0.066 0.110 0.165 0.220
Subadult pregnancy 0.120 0.370 0.620 0.810 1.000

Note: These levels of variation were based on published elk population vital rate means and standard deviations.

coefficient of variation possible for the distribution as the high level of temporal variation for these
two vital rates (Table 2).

The number of surviving animals in each age class was calculated using a binomial process with
the number of animals in that age class and the probability of survival of that age class. The number
of female adults and subadults was calculated using a binomial process with the number of animals
in that age class and a probability of 0.5 (i.e., assuming a 1:1 sex ratio). The number of pregnant
adults and subadults was calculated using a binomial process with the number of female animals in
that age class and the probability of pregnancy of that age class.

The number of adults in the following year was calculated as the sum of the number of
surviving adults and subadults in the current year. The number of subadults in the following
year was equal to the number of surviving juveniles in the current year. The number of
juveniles in the following year was calculated as the sum of pregnant adults and subadults in
the current year. The population abundance in the following year was calculated as the sum of
the number of adults, subadults, and juveniles in the following year. The population growth rate

Noots
(r) was calculated as r = ln(%

» ) where Ni,,, is the population abundance in the following
year, and Ny, is the population abundance in the current year.

We generated elk population abundance time series for a total of 30 years. Although time
series of elk population abundances from real-world monitoring efforts tend to be shorter than
this, we chose to simulate a longer period to allow the simulated populations would approach K
so that the number of data points would be sufficient to fit the models. We generated 1,000
iterations for each scenario, and randomly selected a subset of 600 iterations to keep, ensuring
that these iterations reached abundances above 800 for more than 5 years. We kept 600
iterations because preliminary analyses showed that this was enough iterations to achieve
agreement in parameter estimates across the iterations of each scenario.

We plotted the population growth rates in each year of each iteration as a function of the
population abundance as a proportion of K to visualize the shape of the growth response under
the 10 scenarios of the shape of density dependence and the level of temporal variation. For each of
the 10 scenarios, we also fitted both the Ricker and 6-logistic models, as described below.

2.2 | Model fitting

We fitted the Ricker and 6-logistic models using Bayesian analysis and Markov Chain Monte
Carlo algorithms with three chains, 500,000 iterations, a burn-in period of 200,000, an
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adaptation period of 200,000, and no thinning. Convergence among chains was determined by
whether the Gelman Rubin statistic (R) was near 1 (Gelman et al., 2004; Kery, 2010). The Ricker
model was fit as the following discrete equation (Cook, 1965):

N, :Nﬂ%¢“ﬂ, @)

where N,,,, was the mean estimated true abundance from year i and N,, was the estimated true
abundance from year i. These are described in further detail below. The 6-logistic model was fit

as the following discrete equation (Gilpin & Ayala, 1973):

y —Ne“*{%n. ©)

€i+1 T €

We fit these hierarchical models using a state-space formulation and incorporated process
variance using a Poisson distribution. We drew the population abundance in the first year from
the Poisson distribution N, ~ Poisson (4;), where N,, was the population abundance in the first
year estimated by the model, and 4; was the count for the first year with uncertainty around the
count included, 4; ~ Uniform (150, 200). We used the estimated abundance in each year (IN,) to
calculate population abundance in the next year (4,,,) for the next 29 years using both the
Ricker and 9-logistic models. We incorporated process variance in each year using a Poisson
distribution such that the estimated abundance in the next year was Nj,,, ~ Poisson(4,,,,).

We first fit the models using vague priors to test the predictive abilities of the models with
simulated data but no prior information. When using vague priors, we drew the prior for ryax
from a uniform distribution ranging from 0 to 2. These represent lower and upper limits of 1.
that are far beyond what is biologically realistic for elk (Eberhardt et al., 1996; McCorquodale,
Eberhardt, & Eberhardt, 1988; Murphy, 1963; Sargeant & Oehler, 2007). We drew the prior for 6
from another uniform distribution ranging from 0.0001 to 10, which also represent lower and
upper limits far beyond what is biologically realistic for elk (Boyce, 1989). We drew the prior for
K from a gamma distribution (i.e., shape = 0.01, rate = 0.01).

We also fit the models using informed priors because they can improve the accuracy and
precision of parameter estimates (Delean et al., 2013). We based our informed priors on
estimates of these same population dynamic parameters for elk population in the literature, because
this is likely what would inform priors when fitting these models to real time series.
We drew the prior for r,,,, from a beta distribution that had a mean of 0.275 and standard deviation
of 0.075. We chose these parameters because previous studies of elk populations estimated 7y,
ranging from roughly 0.20 to 0.30, with more estimates toward the higher end of this range
(Eberhardt et al., 1996; McCorquodale et al., 1988; Murphy, 1963; Sargeant & Oehler, 2007). We
drew the prior for 6 from a gamma distribution with a mean of 3.25 and a standard deviation of
2.25. This prior is positive because when 6 > 0, the population birth and death rates both increase
with population size, with the death rate increasing faster than the birth rate (Ross, 2009), which is
expected. We chose this mean because Boyce (1989) estimated 6 parameters of 3.027 and 3.5 for two
elk populations. The gamma distribution had a large standard deviation because few studies have
estimated the 6 parameter in elk populations. However, even when using informed priors, we used
vague priors for K since there is rarely prior information about a specific population’s K, unlike 7y«
and 6, which tend to be similar across conspecific populations. Thus, we once again drew the prior
for K from a gamma distribution (i.e, shape = 0.01, rate = 0.01).
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We measured the predictive abilities of the two models using root mean square predicted
error (RMSPE). The RMSPE was an intuitive metric as it is an average of the deviation between
estimated and predicted abundances. We directly estimated RMSPE as a derived parameter in
the model to incorporate the uncertainty associated with each model parameter. We began with
the estimated abundance in the first year, then used the parameters estimated by each model
(i.e., rmax, K, and 6) to predict the abundances (N,,) for the rest of the time series based solely on
this initial abundance. We compared these predicted abundances, excluding the first year, to
the abundances estimated by each model as follows:

RMSPE = /M 4)
n-—1

where N, was the estimated abundance from each model for year i, N, was the predicted
abundance of year i, and n was the length of the time series.

We reported the mean and confidence interval of parameters and of the RMSPE for each model
estimated in each simulation. We restricted our inferences to only model runs that indicated
convergence was achieved, but kept track of the number of iterations with convergence issue for
each scenario. We conducted these analyses in the Rjags program in RStudio (R Version 3.5.0,
www.r-project.org, accessed 26 April 2018; JAGS Version 4.0.0, www.sourceforge.net, accessed
24 January 2018). For simulation and model fitting code, see Appendix A.

3 | RESULTS

The simulations generated relatively linear and nonlinear growth responses and the stochastic
variation in growth rates increased as the temporal variation in vital rates increased (Figure 2).
When fitting the models with vague priors, both models, but especially the 6-logistic model, had
issues with model convergence (Table 3). In particular, the 6-logistic model had convergence
issues at all levels of variation and under both shapes of growth response, whereas the Ricker
model only had convergence issues at mid- to high levels of variation when the growth response
was linear. For scenarios in which both models had convergence issues, parameter estimates of
the O-logistic model converged for fewer iterations of the scenarios than the Ricker model.
The 6-logistic model still had slight convergence issues even when fitting the model with
informative priors.

When using informative priors and considering only the iterations that converged, the
Ricker and 6-logistic models had similar predictive abilities, as measured by RMSPE, at all
levels of temporal variation and under both shapes of growth response (Figure 3). However,
when the growth response was linear, the 6-logistic model estimated 6 < 1 at low levels
of temporal variation and 6 = 1 at mid- to high-levels of temporal variation. A concave
growth response (generated when 6 < 1) is unrealistic for species with slow life histories,
and a linear growth response (generated when 6 = 1) is equivalent to the Ricker model.
When the growth response was nonlinear, the 6-logistic model estimated 6 > 1 at low levels
of temporal variation and 6 =1 at mid- to high-levels of temporal variation. Thus, the
0-logistic model was only realistic and different from the Ricker model at low levels of
temporal variation when the growth response was nonlinear. However, it had similar
predictive abilities as the Ricker model.
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FIGURE 2 Simulated elk population growth rates (r) as population abundance increases over 30 years
toward the carrying capacity (K); 300 iterations are shown. Simulations were run with relatively linear and
nonlinear density-dependent vital rates (see Figure 1), and with five levels of temporal variation in vital
rates (see Table 2)

4 | DISCUSSION

There is evidence to support both linear and nonlinear density-dependent growth in a variety of
ungulate populations. Weckerly (2017) showed a linear population growth response in two elk
populations in northern California, and Street, Rodgers, Avgar, and Fryxell (2015) fit a linear
regression between population density and growth rate in moose (Alces alces) in Ontario, Canada.

TABLE 3 Number (and percent) of iterations of the simulation for which parameter estimates of the Ricker
and O-logistic models did not converge

Vague priors Informed priors
Density dependence Temporal variation Ricker O-logistic Ricker ©-logistic
Linear Low 0 (0.0) 12 (2.0) 0 (0.0) 0 (0.0)
Low-mid 0 (0.0) 36 (6.0) 0 (0.0) 0 (0.0)
Mid 1(0.2) 46 (7.7) 0 (0.0) 0 (0.0)
High-mid 10 (1.7) 27 (4.5) 0 (0.0) 0 (0.0)
High 11 (1.8) 25 (4.2) 0 (0.0) 2(0.3)
Nonlinear Low 0 (0.0) 38 (6.3) 0 (0.0) 0 (0.0)
Low-mid 0 (0.0) 12 (2.0) 0 (0.0) 0 (0.0)
Mid 0 (0.0) 2 (0.3) 0 (0.0) 0 (0.0)
High-mid 0 (0.0) 8 (1.3) 0 (0.0) 0 (0.0)
High 0 (0.0) 5 (0.8) 0 (0.0) 1(0.2)

Note: The models were fit using either vague or informed priors to simulated data with either linear or nonlinear density
dependence and a range of levels of temporal variation.
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FIGURE 3 Root mean square predicted error of the Ricker model (circles) and 6-logistic model
(triangles) fit to 10 scenarios. Simulations were run with either informed or vague priors, either linear or
nonlinear density dependence, and with one of five levels of variation (see Table 2) in vital rates. RMSPE,
root mean square predicted error

Owen-Smith (2006) estimated an essentially linear population growth response for a population of
kudu (Tragelaphus strepsiceros) using a wide range of population abundances and an age-structured
model but a nonlinear population growth response in two wildebeest (Connochaetes taurinus)
populations. The nonlinear population growth response in wildebeest was consistent with the
findings of Fryxell, Mosser, Sinclair, and Packer (2007), who fit the 6-logistic model to population
survey data from another wildebeest population. The differences in the shapes of the growth
response between the kudu and wildebeest populations was generated by changes in vital rates; all
vital rates in the kudu population indicated linear density dependence, resulting in a linear growth
response (Owen-Smith, 2006). In contrast, nonlinear density dependence occurring in adult mor-
tality of one wildebeest population and in fecundity in the other resulted in both populations fitting
a nonlinear growth response (Owen-Smith, 2006). Whether linear or nonlinear models fit time
series of population survey data seems to be influenced by more than simply whether the species
displays slow life history; there is also a dimension of the environmental setting that the population
experiences (Wang et al., 2006, 2008).

We conducted a simulation to explore how the Ricker and 6-logistic models fit elk popu-
lation growth data under linear and nonlinear density dependence in vital rates with varying
levels of temporal variation. In both the linear and nonlinear growth response simulations, as
the temporal variation in vital rates increased, the variation in growth rates also increased,
which can mask the shape of the growth response. Increased variation can obscure the impact
of the shape of the growth responses such that the 6-logistic model was equivalent to the Ricker
model at high levels of temporal variation (i.e., 6 = 1). These results indicate that variation in
the environmental setting, as well as life history traits of the species, influence the fit of the two
models. Although the 6 parameter has been shown to be estimated with less bias at high
levels of temporal variation (Barker & Sibly, 2008), our simulation reveals that this does not
increase the predictive abilities of the 6-logistic model past those of the Ricker model.
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Consequently, even when some nonlinearity occurs in the growth response, high temporal
variation in the vital rates, and thus in the growth rate, can mask the shape of the growth response.
This results in both models predicting similar estimates of r,,,y, K, and abundances.

The variability generated in the simulations was well within the range of biological plau-
sibility for elk, and we assumed perfect counting (i.e., we did not include sampling error). Given
the presence of sampling error in almost all time series, our results are a conservative estimate.
We would expect the variability in the growth response to increase as the variation in sampling
efficiency increases.

The 6-logistic model was only realistic and different from the Ricker model (i.e., 6> 1)
under nonlinear density dependence with low levels of temporal variation. Nevertheless, the
6-logistic model had similar predictive abilities as the Ricker model under these conditions.
These results suggest that the additional shape parameter in the 6-logistic model is rarely useful
for improving the model's ability to predict population dynamics, which is a central purpose
of population models.

Furthermore, when using vague priors, the 6-logistic model had convergence issues across
all levels of temporal variation for both linear and nonlinear density dependence. Convergence
issues were more pronounced when fitting the 6-logistic model than the Ricker model. Even
with informed priors, the 6-logistic model did not converge for all iterations of the simulation at
high levels of variation. Given this lack of convergence of the 6-logistic model, the simplicity of
the Ricker model appears to make it a more robust model to fit, especially when temporal
variation is high or when using vague priors.

Our simulation did not impose differences in survival between females and males. Lower
male survival rates are commonly but not always found in size-dimorphic ungulates (Raithel
et al., 2007; Toigo & Gaillard, 2003). Nonetheless, the conclusion from our simulation that more
temporal variation can mask nonlinear population growth is probably sound; the key feature
of the simulations was the shape of density dependence of the abundance and vital rates (i.e.,
linear vs. nonlinear relationships). Lower male survival rates would simply have been an
additional linear or nonlinear relationship with varying amounts of temporal variation. This
should not have changed linear or nonlinear growth responses of simulation populations.

The structure of the two models that we examined are very similar to each other, and are
also similar to other density-dependent models. This is unsurprising as most density-dependent
models are related. For example, the 6-logistic model can be considered a less restrictive Ricker
model. The close relationship between these and other models makes them hard to evaluate,
except through simulations. However, seemingly slight differences in model structures can
generate profoundly divergent ecological outcomes. The results of simulations studies are
directly related to the models used in the simulations, so ecological processes need to be
carefully considered when developing simulation exercises to evaluate models. For this reason,
we examined the effect of linear and nonlinear density dependence, which is the difference
between the Ricker and 6-logistic models.

When temporal variation is high, the shape of density dependence can be masked such that
the 0-logistic model is equivalent to the Ricker model. Under all levels of temporal variation,
both models fit the data similarly and parameter estimates from both models are likely to be in
agreement. Thus, we suggest that the Ricker model is a more useful approximating model due
to its parsimony and the convergence issues of the 6-logistic model. We recommend that when
management decisions are based on estimates from a model of population dynamics, the Ricker
model is likely a better choice, especially when temporal environmental variation is high or
when using vague priors. Despite the intuitive appeal of the 6-logistic model to summarize large
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mammal population growth, the accumulation of evidence continues to show the practical
utility of the parsimonious Ricker model.
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