
351

North American Journal of Fisheries Management 22:351–364, 2002
q Copyright by the American Fisheries Society 2002

Inferring Bayesian Priors with Limited Direct Data:
Applications to Risk Analysis

RANSOM A. MYERS*
Department of Biology, Dalhousie University,

Halifax, Nova Scotia B3H 4J1, Canada

N. J. BARROWMAN

Department of Mathematics and Statistics, Dalhousie University,
Halifax, Nova Scotia B3H 3J5, Canada

RAY HILBORN

School of Aquatic and Fishery Sciences, University of Washington,
Post Office Box 357980, Seattle, Washington 98195, USA

DANIEL G. KEHLER

Department of Mathematics and Statistics, Dalhousie University,
Halifax, Nova Scotia B3H 4J1, Canada

Abstract.—The usefulness of Bayesian analysis depends in great part on specifying appropriate
prior distributions. In this article, we investigate three quantitative techniques for obtaining a prior
distribution for steepness, a critical parameter in fisheries management. These techniques were
developed in the context of a risk assessment of a power plant’s impact on nine species of fish.
All three techniques use mixed-effects models to estimate the parameters of the prior distributions,
but they differ in the choice of the fish populations to include in the analysis. The first two methods
use information from taxonomically similar and ecologically similar populations, respectively, to
generate a prior distribution. The third method combines a mixed-effects model and a quantitative
analysis of life history and environmental data to generate a prior distribution, using data from
all available fish populations. These techniques represent an empirical Bayesian approach, which
we preferred to a hierarchical Bayesian approach because it allowed us to rapidly explore numerous
alternative model formulations.

Bayesian approaches to the analysis of popu-
lation dynamics (and in particular, those for fish-
eries) are becoming a standard, if not the standard,
in some areas (Liermann and Hilborn 1997; Punt
and Hilborn 1997; Hilborn and Liermann 1998;
Meyer and Millar 1999). However, the provenance
of the prior distributions, that is, the distributions
of parameters from a probability model, remains
the most difficult problem in Bayesian analyses.
A variety of approaches exist for parameterizing
prior distributions. The simplest procedure is to
use subjective information (reflecting personal
opinion) to parameterize priors, but this is usually
not rigorous enough to be of practical use for risk
assessment. There are formal methods for select-
ing priors that reflect ignorance (i.e., ‘‘uninfor-
mative’’ priors; Kass and Wasserman 1996), but
such priors provide little information for the de-
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cision maker in a risk assessment. The purpose of
this paper is to demonstrate how informative prior
distributions can be obtained empirically with little
direct data. We will use, as an example, a prior for
‘‘steepness,’’ a critical management parameter
used in risk analysis. Steepness (h) is related to
the maximum reproductive rate of a stock and is
thus a measure of how productive a stock is at low
population size. Productivity at low population
size is important in assessing potential risks since
it defines the level of additional mortality, such as
that caused by fishing or a power plant, a popu-
lation can sustain over the long term. Unfortu-
nately, there are many populations for which such
data are simply not available directly, yet decisions
have to be made and risk assessments carried out.
Here we introduce several methods for approach-
ing this problem.

The Problem in Context: Priors for Steepness for
Nine Fish Species

The techniques presented in this paper were de-
veloped in the context of a risk assessment of the
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impact of a power plant intake (the Salem Nuclear
Power Plant on the Delaware estuary, which uses
once-through cooling for two of its reactors; Anon-
ymous 1999) on nine species of fish: alewife Alosa
pseudoharengus, American shad Alosa sapidissi-
ma, blueback herring Alosa aestivalis, striped bass
Morone saxatilis, white perch M. americana, bay
anchovy Anchoa mitchilli, spot Leiostomus xan-
thurus, weakfish Cynoscion regalis, and Atlantic
croaker Micropogonias undulatus. The risk as-
sessment evaluated the mortality caused by en-
trainment through the power plant’s cooling struc-
ture or impingement on the cooling structure’s in-
take screen. Most of this mortality occurred during
the larval or juvenile stage.

For this assessment, we needed to obtain objec-
tive priors of steepness that would be rigorous
enough for a court of law. We developed three
alternative quantitative approaches for obtaining
estimates of the prior distributions: (1) priors were
based on information from taxonomically similar
populations; (2) priors were based on information
from ecologically similar populations; and (3) pri-
ors were inferred from a quantitative analysis of
life history and environmental data. For the pur-
poses of the risk analysis, we preferred the method
(if valid) that yielded the most conservative esti-
mates of the maximum reproductive rate (and
hence steepness).

The three approaches can be used in either a
fully Bayesian or an empirical Bayesian context
(Carlin and Louis 1996). A fully Bayesian ap-
proach would require the specification of distri-
butions for the parameters of the priors (i.e., hy-
perpriors), which would typically be uninforma-
tive. Here we use an empirical Bayesian approach
because of its relative simplicity for this risk as-
sessment. In the empirical Bayesian context, we
obtain maximum likelihood (ML) estimates of the
‘‘priors,’’ that is, the distribution of parameter val-
ues from mixed-effects models. Following Efron
(1996), we refer to these as MLE priors.

The fully Bayesian approach has the disadvan-
tage that it is often difficult to determine whether
a Markov chain Monte Carlo (MCMC) algorithm
has converged. Moreover, it may be difficult to
choose truly uninformative hyperpriors, and if im-
proper priors (or hyperpriors) are used, the pos-
terior distribution may not be proper and thus may
not be used for inference (Hobert and Casella
1996). In addition, using the MCMC algorithm to
obtain parameter estimates is time consuming,
making it difficult to explore alternative models or
to carry out sensitivity analyses. This problem is

particularly important here because many models
had to be investigated. The principle disadvantage
of the empirical Bayesian approach is that the var-
iances will be underestimated (Efron 1996), pro-
ducing narrower prior distributions than a fully
Bayesian approach.

Empirical Bayesian Estimates of Maximum
Reproductive Rate and Steepness

Although we used the Beverton–Holt model for
our population dynamics, we employed the Ricker
model to estimate the maximum reproductive rate
because it gives more conservative (i.e., lower)
estimates than most other models (Myers et al.
1999). The Ricker model has the form

2bStR9 5 a9S e ,t t (1)

where and St are the abundance or biomass ofR9t
recruits and spawners, respectively, in year t, and
a9 is the slope at the origin (measured, perhaps,
in numbers of recruits per kilogram of spawners)
and measures the maximum reproductive rate.
Density-dependent mortality is assumed to be the
product of b and the spawner biomass. Dividing
by St and taking logarithms gives

R9tlog 5 log a9 2bS , (2)e e tSt

which is a linear model for log-survival.
For the forthcoming calculations, must beR9t

standardized so that data from different species
can be analyzed simultaneously. We did so by
converting the numbers of recruits ( ) into theR9t
abundance of spawners that would be produced
by St spawners if there were no fishing. We call
this quantity Rt, even though it is in units of
spawners. It is calculated by the following re-
lation:

R 5 R9 ·SPR ,t t F50 (3)

where SPRF50 is the spawning abundance resulting
from each recruit (perhaps in kilograms per spawn-
er per recruit) when there is no fishing mortality
(F 5 0; see Appendix 1 for details on calculating
SPRF50). Using the standardized recruits results in
a different a9, denoted a, which represents the
number of spawners produced by a single spawner
over its lifetime at low spawner abundance (slope
at the origin), assuming no density dependence or
fishing mortality.

We considered p populations, subscripted by i,
for each of which we wanted to estimate the pa-
rameters of a Ricker model of the form
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Ri,tlog 5 log a 2 b S 1 e , (4)e e i i i,t i,tSi,t

where Ri,t is recruitment to year-class t in popu-
lation i, Si,t is spawner abundance in year t in pop-
ulation i, ai and bi are the Ricker model parameters
for population i, and ei,t is estimation error (as-
sumed normal). We assumed that logeai was a nor-
mal random variable and defined m 1 ai [ logeai,
where m was the mean of the log-transformed max-
imum annual reproductive rates and ai was the
random effect for population i.

In the empirical Bayesian approach used here,
we obtained maximum likelihood estimates of the
parameters of the distribution of ai, that is, esti-
mates of m and the variance of ai. These served
to define the empirical prior for future analysis.

We considered the log-survival, loge (R/S), of a
year-class from a given population as an element
of a vector y. If there were ni observations for
population i, then the first n1 elements of the vector
y would be the n1 log-survivals for the first pop-
ulation, followed by the n2 log-survivals for the
second population, and so on.

In a standard fixed-effects model, the parameters
are the overall mean, m, and the p regression pa-
rameters, bi. The spawner abundances, Si,t, were
assumed known, and we estimated the density-de-
pendent regression parameter, bi, for each popu-
lation. The standard mixed-effects model notation
for the vector of fixed-effects parameters is b. The
unknown vector b consists of the overall mean,
m, and the p bis. The vector b is related to y by
the known model matrix X, whose elements are 0,
1, and Si,t; the form of this matrix is given in Myers
et al. (1999). In our mixed model, we assumed that
the ais were random effects. For the vector of ran-
dom effects composed of the ais we use the stan-
dard mixed-model notation u. The vector u is re-
lated to y by a known model matrix Z. In standard
mixed-model notation, we have

y 5 Xb 1 Zu 1 e. (5)

Here, e is an unknown random error vector.
The generalization provided by the mixed model

enables one not only to model the mean of y (as
in the standard linear model) but also to model the
variance of y. We assumed that u and e were un-
correlated and that they had multivariate normal
distributions with expectations 0 and variances D
and R, respectively. The variance of y was thus

V 5 ZDZ9 1 R. (6)

One can model the variance of the data, y, by
specifying the structure of D and R. We assumed
that D 5 I (where I is the identity matrix), that2sa

is, that the variability among populations of logeai

was normally distributed with variance . In the2sa

simplest case, one might assume that the error var-
iance is the same for all populations, that is, that
R 5 s2I. However, we can also estimate a separate
estimation error variance, , for each population.2si

It is also a simple matter to include autocorrelation
in the residuals (Myers et al. 1999). If such au-
tocorrelation is included, it increases the estima-
tion error variance and causes the empirical Bayes-
ian estimates of the random effects to be pulled
more toward the mean for the species (i.e., there
is a smaller estimated random-effects variance).
This will have no effect on the mean of the prior
distribution, and since our analysis did not ex-
plicitly consider all sources of variation (e.g., er-
rors in estimating spawner abundance) we pre-
ferred to keep the random-effects variances as
large as possible to reflect this uncertainty.

Having transformed the problem into this form,
estimation was trivial because high-quality soft-
ware exists for this problem (Myers et al. 1999).
The likelihood function for the data vector y ; NN

(Xb, V) is

2121/2(y2Xb)9V (y2Xb)e
L 5 L(b, V z y) 5 , (7)

N/2 1/2(2p) zVz

where N is the number of fixed effects estimated,
that is, N 5 1 1 p. In this form, we can obtain
estimates of the desired parameters to estimate the
empirical prior, that is, the parameters m and sa.

Simulation experiments of the above problem
have shown that the mixed model produces nearly
unbiased estimates of model parameters if the as-
sumptions of the model are met, namely, if the Ricker
model is correct and the errors are independently and
normally distributed (Myers et al. 1999). However,
if the true model is actually Beverton–Holt, then the
mean of a (the slope at the origin of the spawner
recruitment function) is underestimated by about
40%, but the variance remains unbiased (Myers et
al. 1999). The Ricker model will not give conser-
vative estimates for all possible models; for example,
it will sometimes overestimate the maximum repro-
ductive rate compared with the hockey stick model
(Barrowman and Myers 2000). The use of the MLE
prior in the assessments should thus provide reliable
results if the assumptions are met but will provide
conservative estimates if the data actually follow a
Beverton–Holt model.
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The risk analysis models we used are parame-
terized in terms of steepness, denoted by h (first
defined by Mace and Doonan [1988]), because this
is the parameter used in many assessments (Hil-
born and Walters 1992). The steepness parameter
for the Beverton–Holt model is defined as the ratio
of recruitment when spawner abundance or bio-
mass is reduced to 20% of the equilibrium (no
fishing) level to recruitment when there is no fish-
ing. Steepness is related to the maximum lifetime
reproductive rate a by the equation

a
h 5 ,

4 1 a

where 0.2 , h , 1. Note that at the limit of small
population size the Ricker and Beverton–Holt
models coincide, that is, the slope at the origin, a,
is the same. In this context, h can be estimated
from either model; however, it can only be applied
directly to the dynamics of the Beverton–Holt
model. Our estimate of steepness should be viewed
as conservative unless there is depensation (re-
duced survival at low spawner abundance). How-
ever, these priors are designed to be used when the
spawner abundance is not very low, so that de-
pensation is unlikely to occur.

Three Approaches to Inferring Priors

Our goal is to infer an appropriate prior dis-
tribution, sometimes known as a predictive dis-
tribution (Carlin and Louis 1996), of h for use
in a risk assessment model. Here, we describe
three approaches to this problem. For the first
two approaches, we use two different criteria,
taxonomic and ecological similarity, to select
populations to include in the mixed-effects mod-
el analysis that generates the distribution for a
and hence h. In the third approach, which in-
volves adding covariates to the mixed-effects
model, the different populations included in the
analysis are weighted depending upon their val-
ues of life history and environmental variables.
We describe the three approaches in more detail
below.

Taxonomic criterion.—The prior distribution
can be determined using a taxonomic criterion.
That is, data from other populations of the same
species or species that are closely related to the
population of interest can be used to infer the prior.
This is the most common method and the only
fairly objective method we know of that has been
used in fisheries (Punt and Hilborn 1997). This
approach was possible only for species where good

data existed on other populations of the same spe-
cies or populations of closely related species. In
our example, this approach was possible only for
the three Alosa species (alewife, American shad,
and blueback herring). We also had data for one
population of striped bass. Although no prior dis-
tribution can be constructed from a single dataset,
we can compare a point estimate of the maximum
reproductive rate with the means (or modes) of
other prior distributions.

Ecological criteria.—An alternative to using
the taxonomic criterion is to have an indepen-
dent expert select, on ecological grounds, pop-
ulations that are ‘‘similar’’ to the population of
interest. The expert should not have access to
the results of the analysis, that is, knowledge of
estimated maximum reproductive rates. In our
example, James Cowan (University of South Al-
abama, Mobile) was chosen to independently
specify the populations to be used in the analysis
because he had conducted extensive research on
all the species of interest (Cowan and Houde
1990; Cowan et al. 1996). Cowan was provided
with information on the following traits: natural
mortality, longevity, type of reproduction (i.e.,
oviparous versus ovoviviparous), habitat (i.e.,
anadromous, freshwater, or marine), fecundity,
age at maturity, and environmental temperature.
From this set of environmental and life history
data, he selected the fish populations that he felt
would best serve to calculate the variability in
logea for each of the nine new populations of
interest. Again, data from these populations
were used in the mixed-model analysis to cal-
culate a prior distribution for logea.

Covariate analysis.—A third approach is to infer
the priors from an analysis based on empirical re-
gressions involving the same life history and en-
vironmental data used in the second method. In this
approach, life history and taxonomic data were used
to select a subset of characteristics that explained
the variation in the maximum reproductive rate. We
used a three-step strategy for model building that
was suggested by Davidian and Giltinan (1995; see
also Maitre et al. 1991). The first step is to fit a
hierarchical model with no covariates. The second
step is to plot the empirical Bayesian estimates
against potential covariates and to use this graphical
evidence to guide model formulation.

The last step is to create a functional model
incorporating important covariates. In doing so,
we followed the strategy of Davidian and Giltinan
(1995). Let Ci be the value of a particular covariate
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for population i. The form of the model is a mod-
ification of equation (3):

Ri,tlog 5 log a 2 b S 1 dC 1 e , (8)e e i i i,t i i,tSi,t

where the term dCi has been added. The parameter
d represents the relationship (assumed linear) be-
tween the deviation of log-survival and the cov-
ariate under investigation. We used the above for-
mulation because it appeared to give a reasonable
fit to the data and it was easily incorporated into
well-studied models.

In the covariate analysis, we obtained maximum
likelihood estimates for the priors for the pattern
of covariates for the population of interest. That
is, we estimated the mean and variance of logea
as before but added the effect of the estimate of
the covariate, Ci, where is the maximum like-d̂ d̂
lihood estimate of d and Ci is the value of the
covariate for the population of interest.

Populations and Data Used in the Analyses

We began our analyses with data for which
quantitative estimates, in the form of the maximum
reproductive rate, could be obtained from the ex-
tensive database used in Myers et al. (1999).

The following life history information was used
in the analyses:

(1) Natural mortality or reproductive longevity.
We used the same natural mortality estimates that
were used in the assessments (typically the natural
mortality that occurs after reproduction begins) to
estimate the spawner2recruitment data. This pa-
rameter provides information on the mean number
of spawning (reproductive) bouts for an adult that
has reached maturity. For Pacific salmon Oncor-
hynchus spp., the reproductive longevity is one
because the fish die after spawning. If the proba-
bility of survival each year after reproduction be-
gins is P, then the mean number of spawnings will
be 1 1 P 1 P2 1 · · · Pn 5 1/(1 2 P) (this result
is the infinite sum of a geometric series and ignores
the small effect of senescence). We will call this
quantity reproductive longevity.

(2) Oviparous versus ovoviviparous reproduc-
tion.

(3) Habitat (a categorical variable—anadro-
mous, freshwater, or marine).

(4) Fecundity. Fecundity estimates were ob-
tained from literature reviews such as Scott and
Scott (1988) and those compiled in Mertz and My-
ers (1996). We estimated the mean fecundity per
year for reproductive individuals. If several batch-

es of eggs mature throughout the year, we attempt-
ed to estimate the sum over the year.

(5) Age at maturity. We used the estimated age
at which 75% of females reach maturity.

(6) Latitude and environmental temperature. We
estimated the mean temperature of the geographic
center of spawning for each population in the anal-
ysis.

These variables were used to obtain maximum
likelihood estimates of the prior for each of the
nine species in the study.

We attempted to compile all of the spawn-
er2recruitment data in the world for the analysis
(see Myers et al. 1995 and the updates available
on the web site http://fish.dal.ca./welcome.html),
which resulted in data for over 700 fish popula-
tions. However, only 246 of these populations had
sufficiently detailed data to enable us to obtain
reliable estimates of the maximum reproductive
rate. The dataset included 57 species from 21 fam-
ilies and 8 orders. Of the 246 populations, 109
were anadromous, 11 were freshwater, and 126
were marine or estuarine.

Results

Taxonomic Criterion

We estimated empirical priors for the three of
our species in the genus Alosa. As this taxonomic
group corresponded exactly to the ‘‘domain 2
anadromous’’ group discussed in the next section,
we will not discuss it in detail here. It was not
possible to construct a prior from the single stock
assessment for striped bass, as no information ex-
ists about the random-effect variance. However,
we can compare the point estimate to the mean of
the empirical priors generated using the other two
approaches. The estimated mean of h was 0.82,
with the 20th and 80th percentiles estimated to be
0.8 and 0.84, respectively.

Ecological Criteria

Our independent expert, James Cowan, initially
selected only those populations that spawn where
winter temperatures are between 58C and 228C, as
these temperatures correspond to those within the
range of the nine species of interest. Temperatures
were measured at a depth of 50 m for marine spe-
cies, except for those in shallow seas, for which
a depth of 20 m was used. In some cases, direct
temperature data were not available but we could
infer them from the data from surrounding regions.
Cowan’s rationale for this criterion is that the tem-
peratures at which these stocks operate is impor-
tant to some life history characteristics. He also
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FIGURE 1.—Maximum likelihood priors (truncated to have support on [0.2, 1] and then rescaled) for steepness
for the life history domains described by James Cowan of the University of South Alabama, Mobile. The fish in
domain 2 were separated into anadromous and nonanadromous populations. One population in domain 1 (the ayu
from Lake Biwa, Japan) was considered an outlier and removed from the analysis; the estimate of steepness for
this population is indicated.

eliminated species whose life histories were rad-
ically different from the species of interest (e.g.,
Salmonidae). Cowan decided on three ‘‘domains’’
by which to categorize the nine species of interest.
A prior distribution for logea was calculated for
each domain using data from the populations (but
not the population of interest) that fit the criteria
for each domain.

Domain 1.—This category includes fish with an
early age at maturity (,2 years), high natural mor-
tality ($0.3 on a yearly basis), and relatively low
fecundity (,100,000 eggs/year). The bay anchovy
was the only species of interest to fall within the
domain. However, nine other populations from the
database also fell within it. The individual esti-

mates of the maximum reproductive rate for these
populations fell into two clear clusters, namely,
those with an a of around 4 and the population of
ayu Plecoglossus altivelis from Lake Biwa, Japan,
which had an a of 123.5 (SE 5 2.3). The analysis
for the ayu appears to be very reliable and is sup-
ported by fishery-independent survey data (Suzuki
and Kitahara 1996). Even so, in estimating the
MLE prior we have treated this species as an out-
lier. Although this may significantly lower our es-
timation of the steepness, it is consistent with the
precautionary principle. The estimate based on the
remaining eight populations produced a relatively
narrow prior for steepness (Figure 1).

Domain 2.—This life history domain has an old-
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er age at maturity (2–5 years), lower natural mor-
tality rates (0.2–0.5/year), moderate fecundity
(generally between 100,000 and 750,000 eggs/
year), and moderate longevity (5–15 years). Most
of the species of interest fell within this domain
(weakfish, Atlantic croaker, spot, Atlantic shad,
alewife, blueback herring, and white perch). This
domain corresponds to the periodic life history of
Winemiller and Rose (1992). Cowan further sub-
divided domain 2 into anadromous and marine
populations. Seventy-two populations from the da-
tabase fell within this domain, of which eight were
anadromous. The anadromous category consists
entirely of Alosa species. The remaining 64 pop-
ulations were used to construct the priors for the
domain 2 nonanadromous priors.

The priors estimated for the anadromous and
nonanadromous populations were similar, except
that the latter was slightly wider. In particular, the
nonanadromous prior has some probability mass
lying below 0.2 (a steepness of 0.2 is the minimum
needed for a population to survive; however, it is
possible for the model to make estimates below
0.2 unless it is constrained). This small probability
mass was eliminated from the estimates (and the
prior density rescaled) because it represents a pop-
ulation that is not at equilibrium. Furthermore,
none of the individual estimates were this low.

Domain 3.—This life history domain is char-
acterized by an older age at maturity (.4 years),
low natural mortality rate (#0.2), and high fecun-
dity (.500,000 eggs/year). Striped bass was the
only species of interest in domain 3. Nine popu-
lations from the database fell into this domain. The
maximum likelihood estimates for domain 3 pro-
duced a very reasonable prior with the high max-
imum reproductive rate typical of long-lived spe-
cies such as striped bass.

Covariate Analysis

Two approaches can be used to determine which
covariates are of interest, namely, comparing the
deviance of models with and without the covariate
and employing graphical techniques. Although
fully exploring the various model configurations
is beyond the scope of this paper, our preliminary
analyses suggest that both fecundity (on a loga-
rithmic scale) and reproductive longevity are im-
portant covariates. Previous studies suggest that
reproductive longevity is strongly related to the
maximum reproductive rate (Myers et al. 1999).

For the graphical analysis, we made use of the
‘‘lowess’’ smooth for scatterplot data (Cleveland
1979) to detect trends in the data. This is a robust,

local smoothing technique using locally linear fits.
A window that is dependent on the fraction of the
data selected to be analyzed is placed about each
x value; the points that are inside the window are
weighted so those that are close on the x-axis get
the most weight. We used a fraction equal to 2/3,
which produces very smooth plots.

Natural mortality and reproductive longevity.—
As in previous studies (Myers et al. 1999), there
was a positive relationship between reproductive
longevity and the maximum reproductive rate as
measured by steepness (Figure 2). We thus used
this relationship as a base from which to examine
other factors that may affect the maximum repro-
ductive rate and hence steepness.

Egg or larval production.—We next considered
oviparous versus ovoviviparous reproduction. The
only species in the dataset with ovoviviparous re-
production were in the genus Sebastes. These pop-
ulations were clearly very different from the others
and were eliminated from further analysis because
comparisons of fecundity between egg-bearing and
live-bearing species are inappropriate (Figure 2).

Habitat.—We next investigated habitat, that is,
the anadromous, freshwater, or marine life history
of fish (Figure 3). Here we saw that one possible
cause of the positive relationship between repro-
ductive longevity and the maximum reproductive
rate is the short reproductive lifetime of the anad-
romous Pacific salmon species, which die after re-
production. As the marine species did not deviate
very much from the trend (the dashed, robust low-
ess smooth for these species is very close to the
overall trend), the relationship was probably not
an artifact. Indeed, an analysis of deviance after
removing all Pacific salmon populations still
showed a significant positive effect of reproduc-
tive longevity ( 5 10.3, P 5 0.0013).2x1

Note that most of the freshwater populations lie
above the overall smooth, indicating that these
populations have greater maximum reproductive
rates than marine species of the same longevity.
However, given the relatively few freshwater da-
tasets, it is difficult to come to a reliable conclusion
(Figure 3).

Fecundity.—We divided fecundity into the three
categories described by Cowan in his analysis.
There did not appear to be any systematic differ-
ence in steepness across fecundity categories, al-
though the low-fecundity species tend to have a
lower reproductive longevity (Figure 4).

Age at maturity.—We divided age at maturity
into categories similar to those described by Cow-
an (#2 years, 2–5 years, and .5 years; Figure 5).
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FIGURE 2.—Best linear unbiased estimates of steepness versus reproductive longevity for fish species by repro-
ductive strategy (oviparous or ovoviviparous). The standard errors are approximate and were calculated using the
delta method. Plotted points have been slightly staggered horizontally to improve visibility.

FIGURE 3.—Best linear unbiased estimates of steepness versus reproductive longevity for species with oviparous
reproduction by habitat type (anadromous, freshwater, or marine). Lines are lowess fits (see text); see the caption
to Figure 2 for additional details.
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FIGURE 4.—Best linear unbiased estimates of steepness versus reproductive longevity for species with oviparous
reproduction by fecundity category (low [,100,000 eggs/year], medium [100,000–750,000 eggs/year], and high
[.750,000 eggs/year]). There are blanks where fecundity estimates were not available.

FIGURE 5.—Best linear unbiased estimates of steepness versus reproductive longevity for species with oviparous
reproduction by age at maturity (low [,2 years], medium [2–5 years], and high [.5 years]).
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FIGURE 6.—Best linear unbiased estimates of steepness versus reproductive longevity for species with oviparous
reproduction by age at maturity with Pacific salmon species excluded.

At low reproductive longevity (,5 years), there
appeared to be a relationship between steepness
and age at maturity (Figure 5). However, for pop-
ulations with greater reproductive longevity, there
was no relationship. The populations in this group
are well represented by Atlantic cod Gadus mor-
hua, for which weight at maturity varies much less
among populations than age at maturity (Myers et
al. 1997c).

To investigate this question in more detail, we
eliminated the Pacific salmon species (as they have
very different life histories) and reexamined the
data (Figure 6). The plot without the Pacific salm-
on species indicates that the relationship with age
at maturity is not linear, nor is it strong. The spe-
cies with one of the highest steepness values, the
ayu from Lake Biwa in Japan, also has one of the
lowest ages at maturity of any population. We thus
did not include age at maturity as a factor in our
covariate analysis.

Latitude and temperature.—We examined the ef-
fects of latitude and/or environmental temperature
by plotting the steepness for each population ver-
sus latitude. This analysis was carried out sepa-
rately for each species. A strong negative rela-
tionship was found between the maximum repro-
ductive rate and latitude for sockeye salmon On-
corhynchus nerka, a pattern that has been
previously observed (Myers et al. 1997a). A sim-

ilar pattern occurred with Atlantic herring Clupea
harengus, but this may be due to a decreased max-
imum reproductive rate at the edge of the species’
range, a pattern that would be consistent with the
observed greater importance of environmental ef-
fects on recruitment at such locations (Myers
1998). For Atlantic cod the pattern appeared to be
in the opposite direction, with greater a in the
north. This pattern is probably an artifact of the
differences in the temperature2latitude relation-
ships on the eastern and western sides of the At-
lantic. If anything, there was a weak positive re-
lationship between a and temperature for the
among-population comparisons of Atlantic cod
(Myers et al. 1997c).

We concluded that among the populations of a
given species, neither latitude nor temperature had
a consistently strong effect; however, there may
have been a small increase in a with temperature
and it may have reached a maximum at the center
of a species’ range. We thus did not include lati-
tude or temperature in our covariate analysis.

Summary of the empirical analysis of environ-
mental and life history data.—There was a strong
positive relationship between reproductive lon-
gevity and the maximum reproductive rate. The
other factor that appeared to influence the maxi-
mum reproductive rate was the type of reproduc-
tion (oviparous versus ovoviviparous). The only
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FIGURE 7.—Comparison of maximum likelihood priors for steepness derived from the covariate analysis (solid
lines) with those derived from the ecological criteria (dotted lines). Although the prior distributions have been
truncated to have support on [0.2, 1] and then rescaled, this has little effect on their shapes because the mass less
than 0.2 is very small. For striped bass, the point estimate of the mean from the taxonomic analysis is also presented
(dashed line). The modes for the various domains are as follows: 0.483 (domain 1), 0.74 (domain 2, anadromous),
0.747 (domain 2, nonanadromous), and 0.836 (domain 3).

species in the data set with ovoviviparous repro-
duction are in the genus Sebastes. These are clearly
very different from the oviparous species, so much
so that the assessments for them might require a
close examination to determine whether the data

were collected during atypical years or there was
some unusual factor at work.

None of the other factors that we examined ap-
peared to have a strong and consistent relationship
with the maximum reproductive rate, so we did
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not include them in the final covariate estimation
of the priors. As there was some evidence that the
Pacific salmon species were different from other
comparable species, we considered the effect of
eliminating this group in our robustness tests.

Estimation of priors based on covariate analy-
sis.—Following the strategy of Davidian and Gil-
tinan (1995), we built a functional model incor-
porating reproductive longevity as a covariate. Our
analysis used a mixed model of the form of equa-
tion (8), where Ci is the reproductive longevity of
population i and d is the effect of this covariate.

In this model we had to decide on the data to
be used for the regression analysis. We considered
three possibilities: (1) all oviparous species, (2) all
oviparous species except the Pacific salmon spe-
cies, and (3) all oviparous species except the Pa-
cific salmon species and the most influential da-
tasets. The robustness tests were carried out by
eliminating from 1 to 4 populations that had the
greatest effect on the estimation of d. The results
from all three analyses were similar; however, the
width of the priors were greater when we used the
second option. We thus concluded that the most
conservative strategy would be to use the second
analysis in our model for estimating the covariate
priors. The estimate of d that we used was 0.076
(SE 5 0.028).

Comparison and Choice among the Alternative
Methods of Selecting Priors

The three approaches to obtaining MLE priors
yielded similar results in most cases (Figure 7).
For the Alosa species, the populations used to de-
rive the prior using the taxonomic and ecological
criteria happened to be identical. The results for
the covariate analysis were relatively similar as
well, though there was a tendency for the covariate
prior to yield more conservative estimates of
steepness.

There were two cases in which the differences
were relatively large. First, the mode of the MLE
prior using the ecological criteria (with the outlier
eliminated) was considerably less than that from
the covariate analysis for the bay anchovy; the
variance of the covariate prior was also larger. Sec-
ond, although the modes of both striped bass MLE
priors were very similar, the variance for the cov-
ariate prior was larger.

To be consistent with the precautionary prin-
ciple, in the risk analysis we used the priors that
resulted in more conservative estimates of steep-
ness, as there was no objective reason to choose
one prior over another. That is, we used the prior

for domain 1 for bay anchovy and that from the
covariate analysis for alewife, American shad,
blueback herring, weakfish, spot, Atlantic croaker,
and white perch.

Conclusion

Given recent advances in data compilation and
statistical methods, it is possible to obtain reason-
able estimates and infer reasonable priors for the
maximum reproductive rate (and hence steepness,
a critical parameter for the management of fish
populations), even if very few data are available
for a particular species. In this analysis, we dem-
onstrated the use of three different ways to do this.
The three approaches (using a taxonomic criterion,
ecological criteria, and covariate analysis) yielded
fairly similar priors, and adopting a conservative
approach, we selected the one that gave the most
conservative prior for each of the nine species of
fish investigated. Thus, our results should under-
estimate the average steepness. The same analysis
could also have been carried out using fully Bayes-
ian methods or those that standardize the carrying
capacity as well as the maximum reproductive rate
(Myers et al. 2001).
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Appendix: Data Sources and Treatment

The data that we used are estimates from as-
sessments compiled by Myers et al. 1995. The full
database is available from the first author, and a
summary of the data by family, species, and pop-
ulation is available at http://fish.dal.ca./welcome.
html.

For marine populations, population numbers and
fishing mortality were usually estimated using se-
quential population analysis (SPA) of commercial
catch-at-age data. The SPA techniques include vir-
tual population analysis (VPA), cohort analysis,
and related methods that reconstruct population
size from catch-at-age data (see Hilborn and Wal-
ters 1992, chapters 10211, for a description of the
methods used to reconstruct the population his-

tory). Briefly, the commercial catch-at-age data are
combined with estimates from research surveys
and commercial catch rates to estimate the num-
bers at age in the final year and to reconstruct
previous numbers at age under the assumption that
commercial catch at age is known without error
and that natural mortality at age is known and
constant.

For salmonid stocks, spawner abundance is the
estimated number of upstream migrants discounted
for mortality within the river; recruitment com-
bines the catch and the number of upstream mi-
grants.

The SPA techniques were used for all freshwater
species except brook trout Salvelinus fontinalis.
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The brook trout were from introduced populations
in California mountain lakes (DeGisi 1994); their
numbers were estimated using research gill nets
and maximum likelihood depletion estimation.

The SPRF50 was calculated using estimates of
natural mortality, weight at age, and maturity at
age. Maturity and weight at age were usually es-
timated from research surveys carried out for each
population.

A major source of uncertainty in the SPA esti-

mates of recruitment and spawning stock biomass
is that they usually assume that catches are known
without error. This is particularly important when
estimates of discarding and misreporting are not
included in the catch-at-age data used in the SPA.
These errors are clearly important for some of the
Atlantic cod stocks during certain periods (Myers
et al. 1997b) and will affect our estimates of the
number of replacements each spawner can produce
at low population densities (a).


