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Abstract. Estimating parameters for population-dynamics models is a critical com-
ponent in assessing extinction probabilities of populations. For many individual populations,
key parameters will be poorly defined, and meta-analysis would provide a basis for esti-
mating the parameters. Here, we introduce meta-analytical techniques to estimate the max-
imum reproductive rate, carrying capacity, and depensation in coho salmon on the west
coast of North America. We used both nonlinear mixed-effects models and Bayesian tech-
niques to estimate several population-dynamics models, including the Beverton-Holt and
hockey-stick models, for 14 spawner–recruitment time series. The Beverton-Holt and hock-
ey-stick mixed-effects models yielded equivalent fits to the data but gave very different
estimates of a (the maximum rate at which female spawners can produce female smolts at
low population sizes). The mean a for the Beverton-Holt mixed-effect model was 71.5 (1
SE 5 1.2) female smolts per spawning female, whereas the hockey-stick estimate was 53.0
(1 SE 5 1.14). We found little evidence for a general effect of depensation in coho salmon,
unless fewer than one female per kilometer of river returned to spawn.

Key words: Allee effect; coho salmon; conservation; depensation; inverse density dependence;
maximum reproductive rate; meta-analysis; population dynamics.

INTRODUCTION

A key ecological issue—perhaps the fundamental
one in the estimation of extinction probabilities—is the
nature of population dynamics at low population sizes.
For fish, population dynamics are often described using
well-known models, such as the Beverton-Holt (Bev-
erton and Holt 1957) and more recently, the hockey
stick and its generalizations (Barrowman and Myers
2000). These models estimate the maximum reproduc-
tive rate, i.e., the rate at which spawners can produce
replacement spawners at low population sizes without
fishing. When considering extinction dynamics, spec-
ifying the maximum reproductive rate and modeling
depensation allows us to determine the capacity for
growth and the speed with which populations recover
from reduced sizes.

Usually, we lack any information at low population
sizes, so that the estimation of extinction probabilities
is extremely difficult. However, for coho salmon, a rel-
atively large number of data sets are available in which
the production of smolts is estimated at low population
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abundance. Unfortunately, these time series are gen-
erally short and vary in quality.

We contend that, in order to make progress, infor-
mation from many populations must be combined. This
may be viewed as a form of meta-analysis. To do this,
we must abandon the pretense that ecological param-
eters among populations are unrelated, and instead
model them as being drawn from a common distribu-
tion. In statistical terms, rather than treating ecological
parameters as population-specific values to be sepa-
rately estimated, i.e., as fixed effects, we treat them as
coming from a probability distribution with mean and
variance to be estimated, i.e., as random effects. The
resulting models are known as mixed-effects models
or hierarchical models.

Meta-analytic investigations in ecology may have
several different goals: to obtain overall estimates of
ecological parameters, to explore heterogeneity in the
information provided by different populations, and to
provide predictions regarding populations for which no
direct data are available. Additionally, mixed-effects
models for meta-analysis can provide improved pop-
ulation specific estimates.

The chief goal of this work is to develop meta-an-
alytical methods for the estimation of extinction prob-
abilities under various management actions. We have
had very good success using a meta-analytic approach
on a variety of other problems (Myers et al. 1995a,
Myers and Barrowman 1996, Myers 1997), and have
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FIG. 1. The four spawner–recruitment curves considered
in this paper.

completed two recent meta-analytical studies for sock-
eye salmon (Myers et al. 1997a, 1998).

Here, we extend existing approaches to combining
population parameters among populations, and apply
these methods to coho salmon populations. We stan-
dardized all the populations considered so that they are
all in the same units. This allows all the parameters to
be compared among populations. In previous approach-
es, e.g., Liermann and Hilborn (1997), only a subset
of population parameters were treated as comparable
among populations.

Our analysis models the freshwater portion of coho
life history, so that this information can be combined
with independent data on survival at sea to produce
improved management models. For example, in South-
ern British Columbia, coho salmon catches and es-
capements have declined in the last 20 years and there
has been considerable disagreement on the causes of
these declines (Walters 1993, Walters and Ward 1998,
Beamish et al. 1999). However, it is clear that salmon
survival at sea has greatly declined in recent years
(Bradford et al. 2000). Our analysis of their freshwater
survival can produce estimates of the mean and vari-
ation among populations, which can then be combined
with long term data on survival at sea. Furthermore,
we can produce improved population-specific estimates
for individual rivers.

DATA

Our primary source of data is the compilation by
Bradford et al. (1997). We have also obtained several
more unpublished sources of data (Pacific Biological
Station, Nanaimo, British Columbia, Canada, Salmon
Archive, BL/2/5). In all, we have data on 14 popula-
tions of coho salmon. An in-depth analysis of these
and related data is in Bradford et al. (2000).

We will estimate the production of female smolts per
female spawner. Note, however, that our spawner units
are always the number of female spawners per kilo-
meter of stream, and the units for recruits are the num-
ber of female smolts produced per kilometer of stream.
The lengths of streams ranged from ;1 km to 92 km,
with a median of 7 km. Also, we assume that the sex
ratio of smolts is 1:1 (Dittman et al. 1998). This puts
data from all streams in common units, thus allowing
comparisons among streams.

SPAWNER–RECRUITMENT MODELS

We extend the nonlinear mixed model approach used
by Myers et al. (2001) to include a wider range of
spawner–recruitment functions and depensation. Let
Ri,t be recruitment in units of female smolts from cohort
t from population i, and let Si,t be the number of female
spawners that produced those smolts. For coho salmon,
we primarily consider models in which recruitment is
a nondecreasing function of spawner abundance, in
contrast to models that display overcompensation such
as the Ricker model. Coho salmon juveniles are ter-

ritorial (Sandercock 1991), and little density-dependent
mortality appears to occur until territories have filled
the habitat, i.e., the stream (Bradford et al. 1997, 2000,
Barrowman and Myers 2000). In this case, we would
expect survival to remain relatively constant until the
habitat was close to being full, and then survival would
decrease. This would result in recruitment being pro-
portional to spawner abundance at low spawner abun-
dance, and then leveling off at higher spawner abun-
dance. We consider four spawner–recruitment func-
tions (Fig. 1). In each case, the parameters of the func-
tion must be positive.

The Beverton-Holt model,

a Si i,tR 5i,t 1 1 (S /K )i,t i

seems to match the general compensatory population
dynamics of coho salmon. The parameter ai gives the
slope at the origin, and is the maximum reproductive
rate when multiplied by natural survival at sea. The
parameter Ki is the spawner abundance corresponding
to half the asymptotic recruitment (carrying capacity.)
Barrowman and Myers (2000) showed that, for a single
population, the Ricker model often gives more reason-
able extrapolations of the slope at the origin than does
the Beverton-Holt. Of the models considered, only the
Ricker model shows overcompensation, i.e., recruit-
ment declines at high spawner abundances. Barrowman
and Myers (2000) and Bradford et al. (2000) also pro-
posed the hockey-stick model:

R 5 a min(S , S*)i,t i i,t i

where is the spawner abundance at which densityS*i
dependence has an effect. Barrowman and Myers



786 NICHOLAS J. BARROWMAN ET AL. Ecological Applications
Vol. 13, No. 3

(2000) showed that the hockey-stick model typically
gives reasonable extrapolations of the slope at the or-
igin as well as matching the population dynamics of
coho salmon. They also proposed two generalizations
of the hockey stick that allow for a smoother transition
between density-independent mortality and density-de-
pendent mortality: the quadratic hockey stick (not pre-
sented here), and the smoother logistic hockey stick,

21/uiR 5 a u m (1 1 e )i,t i i i

(S 2m )/(u m )i,t i i iS 1 1 ei,t3 2 log . (1)
21/u5 6i[ ]u m 1 1 ei i

where ui is a smoothness parameter and mi is the in-
flection point of spawner abundance (Barrowman and
Myers 2000).

A number of authors have expressed concern about
depensatory dynamics (Courchamp et al. 1999, Ste-
phens and Sutherland 1999). Myers et al. (1995a) in-
vestigated depensation for 128 fish populations using
a modification of the Beverton-Holt model, which we
call the type-1 depensatory Beverton-Holt model:

dia Si i,tR 5i,t di1 1 S /Ki,t i

where di controls the extent of depensation. The pa-
rameter ai has dimensions of recruitment per spawner
in all of the models. Except for the depensation model,
ai gives the slope of the function at Si,t 5 0; it is crucial
to setting the limits of overfishing (Mace 1994, Myers
and Mertz 1998).

A second way to introduce depensation into a spawn-
er–recruitment model is through multiplication by a
term of the form

Si,t .
S 1 di,t i

We call models altered in this way type-2 depensatory
models. The parameter di controls the extent of depen-
sation; the original function is obtained when di 5 0.
The depensation parameter can be thought of as the
number of female spawners per kilometer of stream
needed to reduce the expected number of recruits by
50% relative to a model without depensation. This pa-
rameterization was used to obtain depensatory versions
of the Beverton-Holt and logistic hockey-stick models.

INDIVIDUAL MODEL FITS

We will assume that within a population there is no
autocorrelation in the recruitment residuals among
years during the freshwater life-history stage (Bradford
1999). We also assume that the log-transformed de-
viations from the spawner recruitment curve are normal
(Myers et al. 1999). Individual maximum likelihood
fits of the Beverton-Holt model to these data are shown
in Fig. 2.

The data sets vary tremendously in terms of infor-
mation content due to differences in sample size and

the configuration of spawner observations. The data for
two rivers, Bingham Creek and Qualicum River, sug-
gest that the slope at the origin is arbitrarily large, i.e.,
ai 5 ` or equivalently 1/ai 5 0. Defining pi 5 1/ai, it
can be shown (Barrowman 2000) that for i 5 0 to bep̂
a least-squares estimate of pi, it is necessary that

ni

˜log(R /R )/S $ 0O i,j i ij
j51

where R̃i denotes the geometric mean of the observed
recruitments in population i. Indeed this condition
holds for Bingham Creek and Qualicum River, and in
both cases, when ai is not constrained to be positive,
a numerical optimizer converges to a negative estimate.
We conclude that, for these cases, the likelihood is
maximized by an infinite slope at the origin. However,
this is not credible: there cannot be more female smolts
than the number of eggs produced by a female spawner,
which though large (;3500), is certainly finite.

A formal model selection criterion can be used to
choose the ‘‘best’’ model for the coho spawner-recruit-
ment data. The Akaike Information Criterion (AIC) is
commonly used for this purpose. Since each of the three
models has the same number of parameters (two),
choosing the model with the largest log likelihood is
equivalent to using the AIC for model selection (Table
1).

In only one case (Deer Creek) is the maximized log
likelihood for the Ricker model larger than that for the
Beverton-Holt model. Summing the individual maxi-
mized likelihoods (last line of Table 1) shows that the
Beverton-Holt model provides much better overall fit-
ting of the data than the Ricker model. The comparison
between the Beverton-Holt and the hockey-stick model
is more equivocal. The AIC favors the Beverton-Holt
for seven of the populations and the hockey stick for
the other seven. For several populations, however, the
maximized likelihood for the hockey stick is consid-
erably larger than that for the Beverton-Holt.

MODELS

Mixed-effects Models

Our goal is to examine fits of spawner-recruitment
models simultaneously for all 14 rivers; we thus need
to consider the patterns of deviations of the observa-
tions of recruitment from the mean behavior model.
Previous work has shown that, in the marine environ-
ment, recruitment deviations are correlated at separa-
tions of roughly 500 km (Myers et al. 1995b, 1997b)
compared to ,50 km in the freshwater environment
(Myers et al. 1997b). These results apply for coho salm-
on, for which freshwater survival is almost independent
among years for populations .20 km apart, but marine
survival is correlated at a much greater spatial scale
(Bradford 1999). Thus, in what follows we will assume
that deviations from the spawner–recruitment relation-
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FIG. 2. Coho salmon data with superimposed fitted curves from individual maximum-likelihood fits of the Beverton-Holt
model assuming a lognormal recruitment distribution (solid curves) and empirical Bayes curves from a mixed-model fit
(dashed curves). Abbreviations are: WA, Washington State, OR, Oregon; and BC, British Columbia.

ship are independent among populations for the fresh-
water part of the life history.

Our contention is that focusing on one population at
a time can be misleading. In this section, we shall dem-
onstrate how this can be avoided by incorporating the
estimation of a spawner–recruitment model into a non-

linear mixed-effects model. Myers et al. (1999) used a
similar approach for the Ricker model; however, thanks
to the linearity of the Ricker model on the log scale,
they were able to use linear mixed-effects models. As
noted earlier, the Ricker model exhibits overcompen-
sation. Therefore, for coho salmon, the Beverton-Holt
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TABLE 1. Maximized log likelihoods for each of the coho
salmon populations using the Ricker, Beverton-Holt, or
hockey-stick models.

Population Ricker
Beverton-

Holt
Hockey

stick

Big Beef Creek, WA
Bingham Creek, WA
Black Creek, BC
Carnation Creek, BC
Deer Creek, OR
Deschutes River, WA
Flynn Creek, OR
Hooknose Creek, BC
Hunt’s Creek, BC
Needle Branch Creek, OR
Nile Creek, BC
Qualicum River, BC
S. Fork Skykomish River, WA
Snow Creek, WA

24.6
27.2
25.3

212.4
3.5

24.3
212.1
20.8
28.9
23.4

2.7
28.1

5.4
24.9

24.2
0.3

24.9
28.9

2.5
23.8
29.7

1.0
28.2
22.1

3.6
24.5

7.3
24.5

24.2
0.3

24.4
25.6

7.6
24.7

210.2
1.1

28.5
21.1

3.5
24.5

5.7
23.4

Sum 260.5 236.3 228.6

Note: The final row of the table gives the sum of the in-
dividual maximized log likelihoods for each model, providing
an indication of which model provides the best overall fits.

FIG. 3. Profile log likelihood for a for Hunt’s Creek, Brit-
ish Columbia, showing how the raindrop shape is obtained.
The profile log likelihood (solid curve) has been graphed with
its maximum (indicated by the dotted vertical line) equal to
0. A drop in the log likelihood of ;2 (indicated by the hor-
izontal line) is significant at the 0.05 level. In this case, the
;95% confidence interval for log a ranges from ;2.5 to
infinity. By reflecting the part of the curve above 22 about
the horizontal line, we obtain a symmetric region (shaded in
the figure). The height of the region at a particular value of
log a relative to the maximum height gauges the relative
plausibility of that value.

model seems more appropriate, necessitating the use
of nonlinear mixed-effects models.

We begin by developing a nonlinear mixed-effects
model for the Beverton-Holt, and later generalize to
the other spawner–recruitment models. Suppose we
have M populations and suppose that for population i
we have ni observations. We assume additive normal
observational errors in log recruitment, i.e., for the
Beverton-Holt model,

a Si i,t «i,tR 5 ei,t 1 1 (S /K )i,t i

where «11, . . . , « N(0, s2). Dividing by ai, we
i.i.d.

MnM ˜
obtain

Si,t «i,tR 5 e . (2)i,t 1/a 1 S /(R )i i,t max,i

Note that Rmax,i [ aiKi is the asymptotic level of median
recruitment. We prefer this parameterization because
the asymptotic recruitment is well determined for many
of the coho populations and has a direct biological
interpretation.

Mixed models make additional assumptions by treat-
ing some or all of the parameters in Eq. 2 as random
effects. Different versions of such models and the
methods used for fitting them are discussed in the Ap-
pendix. Briefly, the basic model we use (model II) treats
the logarithms of both ai and Rmax,i as being normally
distributed.

Other models

We fitted models analogous to model II for the Ricker
and logistic hockey-stick model with a smoothness pa-
rameter, u, initially of 10. We also fitted three-param-
eter versions of model II for the type-l and type-2 de-

pensatory Beverton-Holt models and the logistic hock-
ey-stick model. In each of these cases, we assumed that
there was no among-population correlation in popu-
lation parameters.

RAINDROP PLOTS

To display our results we use the recently introduced
raindrop plot (N. Barrowman and R. Myers, unpub-
lished manuscript). The raindrop plot provides a graph-
ical gauge of the relative plausibility of different val-
ues, and is useful when conventional point estimates
of parameters with confidence limits are not adequate.
Conventional estimates are not appropriate when the
likelihood is not approximately normal, as can occur
with small sample sizes or nonlinear models. To un-
derstand how the individual raindrop shapes are ob-
tained, consider Fig. 3, showing the profile log like-
lihood for a for Hunt’s Creek, British Columbia.

A modification of the scheme for producing raindrop
shapes can be used to display meta-analytic summaries
showing confidence regions for the mean, estimated
random-effect distributions, and Bayesian posterior
and predictive distributions. In place of the log like-
lihood, we use the log-probability density. In other
words, we use a raindrop based on the log density over
the highest density region (Hyndman 1996).

RESULTS

We fitted nonlinear mixed models using the Bever-
ton-Holt, logistic hockey-stick, and depensation
spawner–recruitment models. Fitting was performed
using the NLME software in S-PLUS (Statistical Sci-
ences, Seattle, Washington, USA), which implements
the method of Lindstrom and Bates (1990). The Bev-
erton-Holt mixed model, described in detail earlier
(model II), produced very reasonable individual esti-
mates of log a and asymptotic recruitment (Fig. 2).
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FIG. 4. Raindrop plots for the slope at the origin, a, and asymptotic level, Rmax, in the Beverton-Holt model for the 14
coho salmon populations, together with meta-analytic summaries. The light-shaded raindrop shape for each population depicts
a profile-likelihood-based 95% confidence interval for a for that population. The superimposed dot is the maximum-likelihood
estimate obtained by nonlinear regression. Note that for two populations, convergence of the nonlinear least-squares algorithm
was not obtained because of ‘‘ramping’’ behavior in the likelihood surface. In cases where convergence was obtained, an
approximate asymptotic 95% confidence interval (based on nonlinear least squares theory) around the estimate is shown.
The asymptotics are often poor in that the asymptotic confidence interval often does not match the profile-likelihood-based
interval well. The three taller raindrop shapes at the bottom are meta-analytic summaries from the nonlinear mixed model,
and should be interpreted differently from the raindrops for individual populations. The ‘‘mixed model mean (with CI)’’
represents the estimated mean log a from the mixed model with a 95% confidence interval obtained from the asymptotic
standard error of the mean. The two bottom raindrop shapes are shown darker to emphasize that they represent distributions:
in place of the log likelihood, we use the log probability density, with a cutoff corresponding to a probability of 0.95. The
‘‘mixed-model estimated random effects distribution’’ represents the normal distribution with mean given by the estimated
mean log a from the mixed model, and variance given by the estimated variance of log a obtained from the mixed model.
The ‘‘Bayes predictive distribution’’ represents the induced prior from the Bayesian analysis (Efron 1996).

TABLE 2. Comparison of model fits.

Model

Maximized
approxi-
mate log

likelihood

Log a

Mean SE SD

Log Rmax

Mean SE SD

Log depensation parameter

Mean SE SD

Beverton-Holt (BH)
Logistic hockey stick (LHS)
Type-1 depensatory BH
Type-2 depensatory BH
Type-2 depensatory LHS

2116.1
2116.4
2116.1
2115.9
2116.3

4.27
3.97
4.08
4.34
3.99

0.18
0.13
0.22
0.21
0.15

0.43
0.32
0.38
0.40
0.33

6.58
6.35
6.51
6.57
6.35

0.18
0.17
0.18
0.19
0.17

0.64
0.62
0.61
0.63
0.61

0.13
22.01
23.29

0.10
1.52†
3.77†

0.03
1 3 1027

0.003

Notes: SE, standard error of estimated mean; SD, standard deviation of random effect. Note that for the depensation models,
a does not have the interpretation of slope at the origin. The logistic hockey stick (LHS) and its depensatory version both
used a smoothness parameter u 5 10.

† The maximum-likelihood estimates are not normally distributed. Treating depensation as a fixed effect and examining
profile likelihoods reveals an undefined lower boundary and a 95% upper boundary (from a x2 approximation) of 20.38 for
the Beverton-Holt (BH) model and 20.73 for the LHS model.

Raindrop plots for each population of log a and as-
ymptotic recruitment (Fig. 4) show the relative infor-
mation content provided by each data set and their
relation to the estimated means of the respective pa-
rameters. Maximum-likelihood estimates of the vari-
ability among populations (the ‘‘mixed-model esti-

mated random-effects distribution’’) of log a and as-
ymptotic recruitment are also depicted.

The Beverton-Holt mixed model produced estimates
of the mean (among populations) of log a and asymp-
totic recruitment larger than the hockey-stick model
(Table 2). Thus, even though the models fit the data
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FIG. 5. Raindrop plot for the depensation parameter, d, for the type-l depensatory Beverton-Holt model for the 14 coho
salmon populations, together with meta-analytic summaries (see Fig. 4 for details).

equally well, the hockey-stick model suggests that coho
should be managed much more conservatively than
does the Beverton-Holt model. The random-effects dis-
tribution is shifted up for the Beverton-Holt compared
to the hockey-stick model. However, both models pre-
dict roughly the same lower limit for a: 95% of the
populations are estimated to have an a between 30 and
169 for the Beverton-Holt model, while the range for
the hockey stick is between 28 and 68.

We do not give details on the Ricker model for rea-
sons given earlier. Note, however, that the maximized
log likelihood of the Ricker mixed model was very
similar to that of other models fit to the data (Table 2).

DEPENSATION MODELS

In the nonlinear mixed models previously discussed,
there were two random effects, the log slope at the
origin, log a, and the log asymptotic level. For the
depensation models, we also treated log d or log d as
a random effect. Note that for these models, a can no
longer be interpreted as the slope at the origin.

Most data sets contained almost no information on
depensation (Fig. 5), and in no case was the addition
of depensation in the mixed-effect model close to being
statistically significant by a likelihood ratio test. Also,
in all cases, the mean level of depensation estimated
was very small.

The other two models of depensation, the depensa-
tory Beverton-Holt and depensatory hockey stick,
show similar results (Table 2). In each case, they show

that the mean depensation appears to occur only at very
low population densities, i.e., at 0.13 and 0.037 female
spawners per kilometer of river. Even the upper 95%
confidence limit for the mean depensation (derived
from the profile log likelihood) is d 5 0.68 females
per kilometer of river, and d 5 0.48, respectively (Table
2). This implies that, on average, depensation can only
occur at very low population densities. At these pop-
ulation densities, some streams used in the analysis
would have no fish at all, so that depensation would
occur trivially.

BAYESIAN ANALYSIS AND ROBUSTNESS ANALYSIS

For robustness, we repeated the above analyses using
a fully Bayesian analyses. In general, we found the
results similar to the mixed-model results, so we only
give the results for the Beverton-Holt model in detail.
Vague priors were used for the means of log a and log
K (normal with mean 0 and variance 10 000). Approx-
imately uninformative priors for the variance compo-
nents were specified in terms of precision 5 1/variance,
using a gamma distribution with shape parameter 0.001
and scale parameter 1000. Markov chain Monte Carlo
(MCMC) sampling was performed with BUGS soft-
ware (Bayesian inference Using Gibbs Sampling; Gilks
et al. 1994, 1996). For this model, BUGS uses Me-
tropolis-within-Gibbs sampling, which requires bound-
ed ranges for the log ai and log Ki random effects. The
ranges applied were (0.5, 10) for log a; and (230, 30)
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for log Ki. Neither the priors used nor the bounded
ranges applied had a strong influence on the results.

The Bayes predictive distribution was calculated for
the slope at the origin and the asymptote (Fig. 4). In
both cases, the fully Bayes predictive distributions are
wider than the mixed-model estimate of the random-
effects distribution. This is expected for theoretical rea-
sons, i.e., the fully Bayes predictive distribution in-
corporates all of the uncertainty in the parameter es-
timates (Efron 1996). However, the Bayes predictive
distributions are only slightly wider than the mixed-
model estimates, which suggests that the simpler-to-
calculate mixed-model estimates are adequate approx-
imations. Similar results were obtained for other mod-
els.

For robustness, we also considered a variety of mod-
ifications of the mixed-effects models: alternative es-
timates of smoothness for the logistic hockey stick and
correlations among the random effects. In no case did
these modifications significantly improve the fit, or lead
to any important changes in the results.

DISCUSSION

In this paper, we carried out parallel analyses using
nonlinear mixed-effects models and fully Bayes ap-
proaches, extending the nonlinear mixed-model ap-
proach used by Myers et al. (2001) to include a wider
range of spawner–recruitment functions and depensa-
tion. A related model for depensation was developed
by Liermann and Hilborn (1997), however their ap-
proach differed in two important ways. First, they treat-
ed only a subset of population parameters as compa-
rable among populations. Second, rather than a mixed-
model or fully Bayes approach, they used a hybrid
Bayesian approach involving several approximations.
Notably, the nonlinear mixed-effects model approach
we have described is much simpler to implement.

Critical to our analysis is that all model parameters
are in units that can be compared among populations.
The a is in units of female smolts produced per female
spawner, Rmax is in units of female smolts produced per
kilometer of river, and the depensation parameter is
either a dimensionless number (d) or the spawner abun-
dance per kilometer of river, for which the expected
recruitment is one-half what it would be if there were
no depensation (d). This ‘‘unit comparability’’ is in-
dispensable for meta-analytic models. Model fits to in-
dividual rivers can produce nonsensical results, e.g.,
infinite a or carrying capacity (Barrowman and Myers
2000).

This study shows that the choice of model can mark-
edly affect ones interpretation of the data, even though
the goodness of fit of the models are almost identical.
The Beverton-Holt mixed-effects model shows a me-
dian slope of 71.5 female smolts to female spawners,
while the logistic hockey stick shows a median slope
of 53. This difference has important consequences for
the estimation of extinction probabilities, and for the

optimal management of the species. Since it is hard to
imagine how density dependence could keep increasing
at very low densities, the hockey-stick estimate may
be preferred.

The individual and mixed-model fits were dramati-
cally different. For example, in Table 1, the sum of the
maximized likelihoods for the hockey-stick model was
greater than for the Beverton-Holt fits. However, this
was not the case in the overall fit of the mixed-effect
models, which gave virtually identical fits (Table 2).
This difference is important, and the mixed effects re-
sults are probably more biologically and statistically
meaningful because they incorporate realistic con-
straints on the differences among populations.

The estimate of the mean log a depends upon wheth-
er a depensatory model is used (Table 2). In other
words, the estimation of log a is not independent of
the estimation of the depensatory term. This creates a
problem if empirically derived prior distributions for
depensation are applied to models in which the param-
eters were estimated in the absence of a depensatory
term. For example, Liermann and Hilborn (1997) pro-
duced predictive distributions for depensation, which
could theoretically be used as priors in a Bayesian risk
assessment. What is actually needed in this case is a
joint prior for the depensatory parameter and log a,
thus magnifying the complexity of the problem con-
siderably. Although the effect of including a depen-
satory factor on the estimation of a is small in our case,
the estimates of the mean do differ in the depensatory
and nondepensatory models (Table 2). This problem is
more acute with modifications of the Beverton-Holt
than the hockey stick.

CONCLUSIONS

Meta-analytic techniques provide a way to obtain
estimates for populations where little is known. In the
case of the coho salmon, we were able to obtain esti-
mates of a, the rate at which female spawners can
produce female smolts at low population sizes (and thus
critical to predicting extinction) for each stream, as
well as an estimate of the variance of a. This infor-
mation could be incorporated directly into an extinction
model, thus overcoming the difficulties highlighted by
Routledge and Irvine (1999) about imprecise predic-
tions.

We also have provided an improved approach to es-
timating depensation. Our estimates of depensation
provide much-improved quantitative information com-
pared to previous approaches. For example, we have
obtained estimates of the population size where de-
pensation will occur, whereas previous approaches
have provided much less useful information (Myers et
al. 1995a).

Also, we have demonstrated that you cannot estimate
depensation independently from other model parame-
ters. That is, models that include a depensation param-
eter change the meaning of the other parameters, and
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the parameters cannot be considered independent a
priori. This results in a difficulty in practice in applying
Bayesian population dynamic models that include de-
pensation.

Considerable effort has been devoted to the devel-
opment of both analytical and simulation models that
estimate extinction probabilities of natural populations
(Lande 1993, Ludwig 1996, Fagan et al. 1999). On the
whole, these models suffer from a lack of plausible
parameter values, as there is often very little data avail-
able. Instead, parameters are drawn from distributions
without firm empirical bases and the conclusions are
difficult to apply in specific cases (Foley 1994, Johst
and Wissel 1997). This problem is particularly acute
for parameters that describe population dynamics at
low population sizes. Moreover, it is the dynamics at
low sizes that are of greatest import when estimating
extinction risk.

Meta-analytic techniques are crucial for estimating
the among-population variability in population param-
eters, which are needed for conservation and manage-
ment models. With these techniques, we have the ca-
pability of estimating not only the means of ecological
parameters, but their spread as well. The populations
whose parameters are at the extremes, and which may
be more susceptible to extinction, may be the ones we
care about the most.
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APPENDIX

A description of models and methods for combining population dynamics data is available in ESA’s Electronic Data
Archive: Ecological Archives A013-012-A1.


