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How variable is recruitment for exploited marine fishes?
A hierarchical model for testing life history theory

James T. Thorson, Olaf P. Jensen, and Elise F. Zipkin

Abstract: Recruitment often varies substantially in fish populations, and residual variability may have serial autocorrelation due
to environmental effects even after accounting for a stock-recruitment relationship. However, the likely magnitude of variabil-
ity and autocorrelation in recruitment has yet to be formally estimated. We therefore developed a hierarchical model for
recruitment variability and autocorrelation and applied it to data for 154 fish populations. Results were similar when using
either the Ricker or Beverton-Holt stock-recruitment model, and showed that autocorrelated recruitment has a marginal
standard deviation of 0.74 (SD = 0.35) and a mean autocorrelation of 0.43 (SD = 0.28) when predicting for an unobserved
taxonomic order. Estimates differed somewhat among taxonomic orders and stocks, and also supported a hypothesized positive
relationship between age at maturity and autocorrelation in recruitment. Our results can be used as a Bayesian prior for
recruitment variability in models for data-poor stocks and to distinguish recruitment from other process errors in models for
data-rich stocks. Estimates can also be used in the design of future simulation models and management strategy evaluations and
in theoretical research regarding life history variation.

Résumé : Le recrutement varie souvent beaucoup au sein de populations de poissons, la variabilité résiduelle pouvant présenter
une autocorrélation sérielle découlant d’effets ambiants méme aprés la prise en considération de la relation stock-recrutement.
La magnitude probable de la variabilité et de I’autocorrélation du recrutement n’a toutefois pas encore été estimée formelle-
ment. Nous avons donc mis au point un modeéle hiérarchique pour estimer la variabilité et I'autocorrélation du recrutement et
I’avons appliqué a des données pour 154 populations de poissons. Les résultats sont semblables a ceux obtenus avec les modéles
stock-recrutement de Ricker ou de Beverton-Holt et montrent que le recrutement autocorrélé présente un écart-type marginal
de 0,74 (ET = 0,35) et une autocorrélation moyenne de 0,43 (ET = 0,28) pour la prédiction d’un ordre taxonomique non observé.
Les estimations different quelque peu selon 'ordre taxinomique et le stock et appuient également ’hypothése d’une relation
positive entre I’dge a la maturité et I’autocorrélation dans le recrutement. Nos résultats peuvent étre utilisés comme a priori
bayésien pour la variabilité du recrutement dans les modeles de stocks pour lesquels peu de données sont disponibles, et pour
distinguer le recrutement d’autres erreurs de traitement dans les modéles de stocks pour lesquels les données sont abondantes.
Les estimations peuvent également étre utilisées pour concevoir de nouveaux modeles de simulation et I'évaluation de stratégies
de gestion, ainsi qu’en recherche théorique sur les variations du cycle biologique. [Traduit par la Rédaction]

Despite this common assumption that variable recruitment is
the dominant source of stochasticity in fish population dynamics,
there is little theory or analysis of the magnitude of recruitment
variability in general. One exception is the study by Mertz and
Myers (1996), who used a repository of spawning biomass and
recruitment estimates (Myers et al. 1995) to identify a weak posi-
tive relationship between recruitment variability and fecundity
(also see Rickman et al. 2000). Mertz and Myers (1994) also uncovered
weak evidence supporting the hypothesis that a shorter spawning
season is associated with increased recruitment variability via an
increased probability of temporal mismatch between larvae and
preferred foods (Cushing 1990). Finally, Rose et al. (2001) con-

Introduction

Early research in fisheries science showed that cohorts within
a population can have large differences in relative abundance
(Hjort 1926). Subsequent research has shown that cohort strength
can differ even in the absence of changes in spawning biomass
or reproductive output (Morgan et al. 2011), relative cohort size is
generally determined when individuals are young, and cohort
strength arises primarily owing to variable survival rates of larvae
and early juvenile individuals (Cushing 1990). Resulting variability
in recruitment to the exploited population is the primary contrib-
utor to variability in population growth for many commercially
important species (e.g., Pacific hake; Stewart et al. 2012) and is the

most common type of stochasticity included in population dy-
namics and stock assessment models for marine fishes. Marine
population models also frequently assume that density depen-
dence occurs primarily during the larval and early juvenile stages
(e.g., Brooks et al. 2010). This assumption is justified by a series of
classic meta-analyses from the 1990s (Myers and Cadigan 1993;
Myers et al. 1999).

ducted a simple analysis of the Myers et al. (1995) repository to test
life history predictions regarding recruitment. However, none of
these studies attempted to estimate the distribution of likely val-
ues for recruitment variability for different fish taxa. This distri-
bution could be used to guide the design of future simulation
modeling experiments and management strategy evaluations
(Sainsbury et al. 2000), and could be used as a Bayesian prior in
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population dynamic and stock assessment models (Hilborn and
Liermann 1998; Thorson et al. 2014a).

Additionally, concern over the impacts of natural and anthro-
pogenic climate change has resulted in renewed interest in estimat-
ing changes in productivity and (or) recruitment in fish populations
over time. There are wellstudied examples (e.g., Wayte 2013; Szuwalski
and Punt 2013) and meta-analytic results (Vert-pre et al. 2013) show-
ing that mean recruitment or productivity may change drastically
even in the absence of a change in spawning biomass. Changes in
recruitment, and thus productivity, may explain delayed rebuild-
ing for some overexploited fishes (Hutchings 2000; Neubauer et al.
2013). Changes in recruitment are in some cases associated with
measurable environmental characteristics (Schirripa and Colbert
2006), although most biological mechanisms for changes in re-
cruitment involve several environmental factors simultaneously
(Bailey et al. 2005) and hence are harder to predict using simple
models of measured environmental factors. Perhaps for this rea-
son hypothesized relationships between recruitment and the ma-
rine environment have tended to lose predictive power over time
(Myers 1998).

Given the difficulties in identifying relationships between mea-
surable environmental factors and fish recruitment that (i) im-
prove prediction and (ii) are stable over time, analysts may instead
choose to model changes in mean recruitment over time using
nonparametric time series methods. One nonparametric model
for time-varying parameters is autoregression. Autoregressive
models estimate the correlation between residual errors in adja-
cent time periods (p), and autoregressive models reduce to either
a conventional “white-noise” (uncorrelated) error when p =0 or a
random walk when p = 1. Thus, autoregressive models for recruit-
ment provide a generic approach to including recruitment vari-
ability that changes over time over short (uncorrelated) to long
(strongly correlated) time scales. Autoregressive models also avoid
specifying any environmental relationship a priori, hence avoid-
ing the risk of overfitting to transient environmental relation-
ships. Mechanistically, autocorrelation in recruitment can arise
when larval survival is driven by an oceanographic variable that
is itself autocorrelated (e.g., Ekman transport for sablefish (Schirripa
and Colbert 2006) or temperature for Norwegian spring-spawning
herring (Fiksen and Slotte 2002)) or when predation on prerecruits
varies owing to changes in predator densities (Walters and Kitchell
2001); autocorrelation may also capture unmodeled changes in
spawning output due to maternal effects (Brunel 2010). Autocor-
related recruitment models are likely to be useful when interpret-
ing the relative importance of different data streams and model
assumptions (similar to the argument in Deriso et al. (2007) re-
garding other model components), and can also inform short-
term projections of recruitment based on recent recruitment
estimates.

We therefore developed a hierarchical model for variability and
autocorrelation in recruitment and applied it to recruitment and
spawning biomass estimates for 154 populations in an updated
version of the Myers et al. (1995) stock-recruitment repository.
This model treats all species as having parametric variability
(sensu Osenberg et al. 1999) around a mean value for recruitment
variability and autocorrelation that is shared among all stocks
within a given taxonomic order. We include taxonomic order
because some orders (e.g., Salmoniformes) have radically differ-
ent life histories that are likely to result in different variance and
autocorrelation in recruitment. Taxonomic orders are in turn es-
timated as having a mean recruitment variability and autocorre-
lation that varies around a mean value for all marine fish orders.
This hierarchical approach to meta-analysis allows us to also de-
velop general Bayesian priors for recruitment variability for tax-
onomic orders that were not included in our dataset.

Can. J. Fish. Aquat. Sci. Vol. 71, 2014

Methods

Data availability

We used the most recently updated version of the Myers et al.
(1995) repository, which compiled spawning biomass and recruit-
ment estimates for several hundred species worldwide, generally
using sequential population analysis (SPA). SPA is a family of al-
gorithms for reconstructing abundance at age from catch-at-age
and abundance index data, and includes virtual population anal-
ysis and cohort analysis. Critically for our purposes, SPA makes
few assumptions about fishery selectivity other than that catch
at age is known without error. It is more appropriate for meta-
analyses of recruitment variability than analyzing recruitment
estimates from statistical catch-at-age (SCA) models, because it
avoids serial correlations induced whenever a parametric stock-
recruitment or selectivity model is specified a priori. It also avoids
penalizing recruitment estimates towards a prespecified stock—
recruitment relationship as is often done in forward projection
models, such as those compiled in the RAM Legacy Stock Assess-
ment Database (Ricard et al. 2012). While others have found that
results of stock-recruitment meta-analyses are only weakly influ-
enced by inclusion of data from SCA models (Keith and Hutchings
2012), recruitment variability is likely to be more sensitive, and we
reduced the influence of model assumptions by concentrating on
recruitment data from SPA models. In addition, we only analyzed
data for stocks with more than 20 observations of spawning bio-
mass and recruitment and excluded stocks of pink salmon, which
generally have two demographically distinct populations compos-
ing each time series. There were 154 stocks from seven taxonomic
orders that met these criteria.

Recruitment modelling

We estimate parameters for a hierarchical model that explicitly
includes both within-stock variability in relative cohort strength
(experimental variation) and between-stock variability in the pa-
rameters describing the magnitude of autocorrelation and vari-
ability (parametric variation; Osenberg et al. 1999; Thorson et al.
2014a). Standard deviation estimates from a small number of ob-
servations will often result in large imprecision. However, hi-
erarchical models generally improve estimation precision when
sampling units are exchangeable (Gelman and Hill 2007), and thus
we used a hierarchical model for this task. Specifically, we as-
sumed that recruitment follows either the Ricker model (eq. 1) or
the Beverton-Holt model (eq. 2) as a function of spawning biomass

(1) Ry =aSe

. asS.

it

@ Re=178s,

where K-'t is the estimated recruitment arising from spawning
biomass S, , for stock i in year t, o; represents recruits per unit of
spawning biomass as biomass approaches zero, and ; represents
the strength of density dependence per unit spawning biomass
for stock i (see Table 1 for a definition of all mathematical sym-
bols). Recruitment is commonly assumed to have stochastic vari-
ability that follows a log-normal distribution, and hence working
in log space is computationally easier:

where ft is the expected log-recruits per unit of spawning biomass
for the Ricker and Beverton-Holt models, respectively.

We also include a first-order autocorrelation model for resid-
uals:
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Table 1. List of symbols along with their definitions and type.

Symbol Definition Type

R;, Recruitment for stock i in year ¢ Data

Sit Spawning biomass for stock i in year t Data

L, Log-recruits per spawning biomass for stock i in year t Data

S(min)i Minimum observed spawning biomass for stock i Data

S(max)i Maximum observed spawning biomass for stock i Data

a; Life history covariate for stock i Data

0; Taxonomic order

J Number of taxonomic orders Data

g1 Residual error in recruitment (in log space) for stock i in year t Derived

8 Uncorrelated residual error in recruitment (log space) for stock i Derived
in yeart

K‘,t Estimated recruitment for stock i in year t

I:i’t Estimated log-recruits per spawning biomass for stock i in year t Derived

Riminyi Estimated median recruitment at S, for stock i Derived

S(s)yi Shape parameter for expected standard deviation of residual Derived
error for stock i

)i Rate parameter for expected standard deviation of residual Derived
error for stock i

S0y Shape parameter for expected standard deviation of residual Derived
error for order j

Toy Rate parameter for expected standard deviation of residual Derived
error for order j

o Maximum recruits per spawning biomass for stock i Parameter

B: Strength of density dependence per spawning biomass for Parameter
stock i

Rimax)i Median expected recruitment occurring at S,y for stock i Parameter

v, Median expected proportion of Ry, occurring at S,,,;,; for Parameter
stock i

o; Standard deviation residual errors in recruitment (in log space) Parameter
for stock i

;i Autocorrelation in recruitment residuals (in log space) for Parameter
stock i

Hsoj Expected standard deviation of residual error for order j Parameter

Viso) Coefficient of variation of within-order variation in standard Parameter
deviation of residual errors

H(oo) Expected standard deviation of residual error for all orders Parameter

Viso) Coefficient of variation of among-order variation in standard Parameter
deviation of residual errors

Hespy Central value for distribution of autocorrelations within order j Parameter

Tisp) Standard deviation for truncated normal distribution of Parameter
autocorrelations within a given taxonomic orders

H0p) Central value for distribution of autocorrelations for all orders Parameter

Tiop) Standard deviation for truncated normal distribution of Parameter
autocorrelations among taxonomic orders

Ay Effect of life history covariate on expected standard deviation of Parameter
residual errors

A, Effect of life history covariate on expected autocorrelation of Parameter
residual errors

t Year Index

Stock Index
j Taxonomic order Index

Note: Values are classified into the following categories: Data, numerical quantity; Derived, derived quantity; Parameter, a
parameter or hyperparameter (i.e., that requires a Bayesian prior); Index, a bookkeeping index.

(4) € = PEiypq T V1 — pizai,t

where p; is a coefficient representing first-order autocorrelation
for stock i, ¢;, and ¢;, ; are observed residuals around the stock-
recruitment curve (in log space) in years t and t — 1, respectively,
and §;, is a normally distributed random variable representing
uncorrelated errors (innovations) for stock i in year t. We do not
explore higher-order autocorrelation, although a plausible order
for autocorrelation in single-species models could be selected via
model fit or based on the characteristics of environmental time
series in a given region. First-order autocorrelated errors yield the

following estimation equations (Davidson and MacKinnon 2003,
p- 286):

(5) L, = {f‘i,t + Pi(Li,t—1 - f‘i,t—l) +V1- pizai,t fort > 1

fi’t + &, fort =1

where the second equation (for when t =1) is necessary because, at
the beginning of the time series for a given stock, there is no
previous observation to compute the residual p,(L;, ; — I:LH). For this
first observation, stochastic errors have variance equal to the sta-
tionary (marginal) variance of the autocorrelated series (i.e., crf),

< Published by NRC Research Press



Can. J. Fish. Aquat. Sci. Downloaded from www.nrcresearchpress.com by University of Washington on 09/04/14
For personal use only.

976

while other observations have errors with variance equal to the
conditional variance of the autocorrelated series (1 — p?)o?. We
therefore defined variability in recruitment as deviations away
from the stock-recruitment relationship, without attempting to
control for any other processes. Our definition of recruitment
residuals includes processes that may be predictable using other
time series data, e.g., using multispecies data (Minto et al. 2013;
Thorson et al. 2013) or environmental variables (Stewart and
Martell 2013).

Objective 1: hierarchical modeling
The stochastic error §;, for stock i in year t is modeled as a
random variable:

(6) &, ~ Normal(0,o?)

where ¢7 is the variance of stochastic errors in recruitment (in log
space) for stock i. We specify that the standard deviation of re-
cruitment (in log space) is itself a random variable:

(7) o; ~ Gamma(sy, 7))

where s5); and r(5); are the shape and rate parameters, respectively,
for stock i from a gamma distribution. These parameters depend
upon the taxonomic order of stock i:

Zr(o )
Visa)
Tgi = 21

where pg,,); is the mean residual standard deviation (in log space)
for order j and v, is the coefficient of variation of among-stock
variability in residual standard deviations (we assumed that this
coefficient of variation is constant among orders). The mean stan-
dard deviation for each taxonomic order is again given a hierar-
chical prior:

(8)

“(Srrn V(Sa)

Msopj ~ Gammal(s;, roy)

S, = ——
(0)j 2
9) Yoo
o 1
Moy = 2
H00) Y(00)

where p,,, is the mean marginal standard deviation (in log space)
for all taxonomic orders.

Similarly, the autocorrelation coefficient p; for stock i is as-
signed a hyperprior:

J
(10) p; ~ Truncated Normal( 100; = jispp Tespy
=1

]

min. = —0.99, max. = 0.99)

where Truncated Normal is a truncated normal distribution cen-
tered at p,; for the taxonomic order corresponding to species i,
with dispersion 7, (We again assumed that this parameter is
constant for all orders) and truncated to have domain from -0.99
to 0.99. We used the truncated normal distribution, rather than
the commonly used beta distribution, to prevent individual stocks
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with high autocorrelation from having undue leverage regarding
the expected value for autocorrelation. The center of this trun-
cated normal distribution p,,; for order j is itself given a hierar-
chical prior:

(1) sy ~ Truncated Normal(p.(op), T(Zop),
min. = —0.99, max. = 0.99)

where p,,, is the central value for autocorrelation of all taxo-
nomic orders and 7, is the dispersion in autocorrelation among
orders.

Since we fit the preceding model using a Bayesian approach, we
therefore must specify prior distributions for all model parameters.
The coefficient of variation of among-stock vs,,, and among-order
variability v(,,,, as well as the standard deviation of among-stock
Tsp) and among-order variability 7, are given uniform priors
from 0 to 10 (after confirming that sampling never approaches the
lower or upper bounds). Recruitment models require priors on
maximum recruits per spawning biomass «; and density depen-
dence per unit spawning biomass B;. For the Ricker model, we use
an improper, uniform prior on f3; given the constraint that it was
positive, and an improper uniform prior on In(«;). By contrast, we
use a reparameterization of the Beverton-Holt model that improves
mixing of the Markov chain Monte Carlo sampling algorithm (dis-
cussed in the “Model fitting” subsection). This parameterization in-
volves estimating the median recruitment expected at the
maximum observed spawning biomass for species i, R,y Which
was given an improper, uniform prior in log space. This reparam-
eterization also involves estimating a parameter, ¥;, which was
used to calculate the median recruitment expected at the mini-
mum observed spawning biomass:

S .
(min)i
R(max)i + (1
(max)i

(12) R(min)i = S

S(mm )i
S lR( max)i

(max)i

VY, is given a uniform prior from O to 1, and these bounds ensure
that the estimates of R ;i); a0d R,y are consistent with those of
the Beverton-Holt model. o; and B, are then calculated from R
and V; as follows:

(max)i

B = R(min)is(max)i - R(max)is(min)i
(13) ! S(mm)ts(max)t(R(max)i - R(min)i)
_ R(max (1 + Bs(max)l)
o = 3
(max)i

where the formula for B; was calculated using Wolfram Alpha
(http:/[www.wolframalpha.com/).

Posterior distributions for model parameters can then be sum-
marized using standard statistics (i.e., mean and standard devia-
tion). We have also reported predictive distributions for stocks
within a given order or for a taxonomic order that has not been
included in our analysis. The predictive distribution within a
given taxonomic order simulates a single sample from a gamma
distribution (for marginal standard deviations) or truncated nor-
mal distribution (for autocorrelations) for each retained sample
from the posterior distribution (i.e., using eqs. 8 and 10), and then
applies summary statistics to these simulated values. The predic-
tive distribution for an unobserved order additionally samples the
parameter representing the center of the predictive distribution
for that order (i.e., using eqs. 9 and 11), and then simulates the
values for stock within that order (eqs. 8 and 10) for each sample
from the posterior distribution. Random simulations from a trun-
cated normal distribution are generated using the truncnorm
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package (Trautmann et al. 2012) in the R statistical platform
(R Development Core Team 2012).

Objective 2: recruitment variability, autocorrelation, and
age at maturity

We also explore a previously hypothesized relationship between
the magnitude of recruitment variability and species life history.
Specifically, Winemiller and Rose (1992) developed a life history
theory in which “periodic”, “equilibrium”, and “opportunistic”
fish species have different life history strategies for persisting in
marine and freshwater environments, and hence have predict-
able patterns of life history traits. Subsequent developments of
this theory have made the following predictions:

1. Age at maturity can be used to distinguish opportunistic spe-
cies from either periodic or equilibrium species, where oppor-
tunistic species will have low age at maturity while other
species will have higher age at maturity (Winemiller 2005).

2. Periodic species will have higher autocorrelation in recruit-
ment than opportunistic species (Winemiller 2005).

3. Periodic species will have higher variability in recruitment
than equilibrium or opportunistic species (Rose et al. 2001).

To explore these hypotheses, we tested the effect of age at ma-
turity on the expected value for recruitment variability o; and the
autocorrelation in recruitment residuals p;. To estimate the hy-
pothesized effect of age at maturity on the standard deviation of
recruitment variability o;, we replaced eq. 8 with

EI
T = EI

where A, represents the relationship between age at maturity
and the variation of recruitment residuals and q; is the age at
maturity for stock i. These equations represent a linear relation-
ship between In(o;) and In(a;), where A, is the slope and the inter-
cept differs among taxonomic orders. It reduces to the previous
model when A, = 0, and A, > 0 indicates that higher age at
maturity is associated with increased residual variance. We also
replaced eq. 10 with

V
(14) (So)

‘1 I‘L(Sa')] V(SO')

(15 p; ~ Truncated Normal(ps,; + A, T,
min. = —0.99, max. = 0.99)

where A, represents the relationship between age at maturity
and the autocorrelation of recruitment residuals. This again re-
duces to the previous model when A, = 0, and A, > 0 indicates
that higher age at maturity is associated with increased autocor-
relation in recruitment residuals. We hypothesized a positive re-
lationship between age at maturity and both recruitment variability
(A) > 0) and recruitment autocorrelation (A, > 0).

Model fitting

All models were estimated using Markov chain Monte Carlo
sampling, implemented using the STAN version 1.3 software pack-
age (Stan Development Team 2013) as called in R (R Development
Core Team 2013) using the rstan package. This software implements
Hamiltonian MCMC using the “No U-turn” sampler (Hoffman and
Gelman 2014). Each MCMC sample used three sampling chains
with 2500 burn-in samples followed by 2500 monitored samples.

977

We checked for evidence of nonconvergence using trace plots
and ensured that all models had an effective sample size of at
least 100.

Results

Ilustrating model fits

Comparison of results for Beverton-Holt and Ricker models
shows very little difference for variance and autocorrelation esti-
mates. We therefore present and interpret the Beverton-Holt re-
sults in the main text, while presenting the Ricker results in the
Supplementary Materials.!

Model estimates show a large magnitude of autocorrelation
for many individual species (Fig. 1). For example, the lake trout
(Salvelinus namaycush) from Lake Opeongo, Ontario, has an autocor-
relation estimate of 0.95 (SD = 0.03). This autocorrelation is plau-
sible given that log-recruits per spawning biomass is consistently
lower than predicted from the Beverton—-Holt model for the final
20 years of available data. As a consequence, Beverton-Holt model
estimates of recruitment have extremely wide credible inter-
vals (+1 log-recruit per spawner), while these credible intervals
are much smaller for a model that includes autocorrelation. By
contrast, Atlantic menhaden (Brevoortia tyrannus) off the US Atlan-
tic coast has the median estimate of autocorrelation (0.40, SD =
0.14) for all 154 stocks included in our analysis. This stock has several
periods during which recruit estimates are consistently above or
below observations (e.g., from years 15 to 22), but has other periods
when recruitment residuals are well dispersed around the model
estimates. Finally, the chum salmon (Oncorhynchus keta) population of
northern British Columbia has the lowest autocorrelation of any
stock (—0.06, SD = 0.17). In this case, neighboring residuals are slightly
more likely to flip from positive to negative, and vice versa, than
expected by chance. However, there is relatively little differ-
ence between recruitment estimates with and without includ-
ing autocorrelation.

Hierarchical modeling

We next inspected the distribution for the standard deviation of
recruitment (Fig. 2; Table 2). The posterior distribution for the
expected marginal standard deviation of recruitment residuals
across all taxonomic orders is tightly centered around 0.74 (SD =
0.07). However, this posterior distribution does not account for
among-stock variability, and the predictive distribution has the
same mean (0.74) but considerably larger variability (SD = 0.35).
Scorpaeniformes, Clupeiformes, and Perciformes have high resid-
ual standard deviations (>0.77), while Pleuronectiformes and Au-
lopiformes have relatively low residual standard deviation (<0.67).
However, there is significant variability among stocks within a
given order (among-stock, within-order CV = 0.39), indicating that
the majority of variation is explained at the stock level, rather
than by taxonomic order.

Similarly, the parameter representing mean autocorrelation
among taxonomic orders is significantly positive (0.45, SD = 0.05),
and the predictive distribution that contains among-stock vari-
ability has a similar mean but is considerably more dispersed
(0.43, SD = 0.28). Variation among taxonomic orders (0.08) is again
smaller than variation among stocks within a given taxonomic
order (0.28), indicating that order explains a small portion of vari-
ability among stocks. Predictions of autocorrelation for Salmoni-
formes (0.37, SD = 0.27) and Gadiformes (0.40, SD = 0.27) are
generally lower than for Clupeiformes (0.44, SD = 0.27) and Perci-
formes (0.47, SD = 0.26).

1Supplementary data are available with the article through the journal Web site at http://nrcresearchpress.com/doi/suppl/10.1139/cjfas-2013-0645.
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Fig. 1. Examples of autocorrelated (red, I:u + Ly — I:LH)) and nonautocorrelated (blue, fi’r) estimates of log-recruits per spawning biomass
(v axis) for the Beverton-Holt model plotted against spawning biomass (left column) or calendar year (right column), where the black squares
are the data, the red and blue circles show the expected recruitment for autocorrelated and nonautocorrelated estimates, and the red and
blue lines shows the 80% credible interval for the expected recruitment (the lines do not encompass 80% of points because they do not
represent the predictive distribution and hence do not include measurement error). The top row shows results for lake trout (Salvelinus
namaycush) from Lake Opeongo, Ontario, which had the highest autocorrelation of any stock (0.95, SD = 0.03); the middle row shows results
for Atlantic menhaden (Brevoortia tyrannus), which had the median observed autocorrelation (0.40, SD = 0.14); the bottom row shows results for
northern British Columbia chum salmon (Oncorhynchus keta), which had the lowest autocorrelation of any stock (-0.06, SD = 0.17).
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Recruitment variability, autocorrelation, and age at
maturity

The posterior distribution for the coefficient representing the
relationship between age at maturity and the marginal standard
deviation of recruitment residuals shows substantial overlap with
zero (Fig. 3, top row), indicating little support for this hypothe-
sized relationship. However, the posterior distribution for the
relationship between age at maturity and autocorrelation sub-
stantially differs from zero and is positive. We therefore conclude
that there is evidence that higher autocorrelation in recruitment

Year

variability in marine fishes is associated with increased age at
maturity.

Discussion

The current interest regarding changes in fish productivity and
its effect on fisheries management recapitulates the old Thompson-
Burkenroad debates regarding the cause of decline in popula-
tion abundance of Pacific halibut in the 1920s (Hilborn and
Walters 1992; Smith 2007). For example, recruitment in the ana-
dromous alewife population in Fig. 11is so strongly autocorrelated
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Fig. 2. Estimates for the Beverton-Holt model of the posterior mean of the distribution of residual variance (left column) and autocorrelation
(right column) among all orders (top row, i.e., ) and w,,), among stocks within each order (middle row, i.e., w, and w,, where each line
represents one of seven estimated orders), and for each of 154 stocks in the stock-recruitment database (bottom row, i.e., o; and p;).
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that it seems likely to be driven by environmental drivers or some
other form of model misspecification. However, modern popula-
tion models can now incorporate environmental effects in stock-
recruitment relationships (Schirripa et al. 2009; Jensen et al. 2010),
so population ecologists are no longer faced with an either-or
decision between spawning biomass and environmental hypoth-
eses for recruitment. Instead, population ecologists can now en-
tertain both hypotheses in a single model and allow the data to
identify the relative magnitude of both effects, as has recently
been done in the 2013 Pacific halibut stock assessment (I. Stewart,
personal communication). In other cases where an environmental
factor has not been identified and verified to have predictive ability
for future recruitment, analysts may choose to explain autocorre-
lated residuals using an explicit correlation parameter, and hence
propagate this uncertainty during model estimation and forecast-
ing.

The present study uses a single-stage meta-analysis model (sensu
Thorson et al. 2014a) to estimate variability and autocorrelation in
recruitment while simultaneously controlling for the stock-
recruitment relationship using either the Beverton-Holt or Ricker
model. Results can be used as a Bayesian prior on recruitment vari-
ability in population dynamics models that do not otherwise have
information to estimate the magnitude of recruitment variability.
We specifically recommend that researchers match their species to
one of the taxonomic orders listed in Table 2a or use the “unobserved
order” estimates if their order is not listed. We then encourage future
users of this analysis to simulate recruitment deviations as follows:

(16) & = {Ps€t1 + mﬁt fort > 1

o, fort =1
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Table 2. Summary of results (values are means with standard deviation (SD) in parentheses) for the Beverton-Holt
model.

(a) Posterior distribution of parameters governing the central tendency of marginal SD and first-order
autocorrelation.

Central tendency parameters Predictive distribution

No. of
Order Marginal SD Autocorrelation Marginal SD Autocorrelation stocks
Aulopiformes 0.666 (0.144) 0.492 (0.108) 0.670 (0.298) 0.464 (0.264) 1
Clupeiformes 0.771(0.054) 0.456 (0.047) 0.766 (0.305) 0.435 (0.266) 32
Gadiformes 0.747 (0.043) 0.420 (0.044) 0.748 (0.293) 0.404 (0.265) 45
Perciformes 0.778 (0.082) 0.490 (0.074) 0.777 (0.313) 0.466 (0.260) 12
Pleuronectiformes 0.639 (0.076) 0.456 (0.065) 0.636 (0.263) 0.437 (0.265) 16
Salmoniformes 0.710 (0.043) 0.383 (0.050) 0.711(0.282) 0.371(0.276) 41
Scorpaeniformes 0.778 (0.091) 0.457 (0.074) 0.778 (0.318) 0.439 (0.264) 7
Unobserved order 0.737 (0.353) 0.426 (0.275)
Mean for all orders 0.736 (0.071) 0.451(0.052) 154

(b) Posterior distribution for parameters governing the coefficient of variation of marginal SD and the SD of the
truncated normal distribution of autocorrelation.

CV parameter for SD of residuals

0.387 (0.028) 0.278 (0.021)
0.157 (0.129) 0.084 (0.063)

Note: (a) Within-order variation: ps,,; among-order variation: j ;. For first-order autocorrelation: within-order variation: p s,
among-order variation: y o, 0;, marginal standard deviation; p;, autocorrelation for a stock within each order, or a stock in a different
order. We also show the number of stocks for each order, and the sum of stocks across all orders. (b) Within-order variation: v,);
among-order variation: v(,,,. The standard deviation for the truncated normal distribution of autocorrelation: within-order variation:

SD parameter for autocorrelation

Within-order variability
Among-order variability

T(spy among-order variation: 7.

where

w 8~ Normal( 5 5, of)

and where eq. 17 uses bias correction in the mean, whose magni-
tude matches the marginal variance of the autocorrelated recruit-
ment. p, and o, are either randomly generated samples from the
predictive distribution described in Table 2a or the mean of the
predictive distribution for each (i.e., for a Gadiformes fish popu-
lation: (i) simulate o, from a normal distribution with a mean of
0.738 and SD of 0.288 (discarding any negative values); (ii) simulate
p, from a normal distribution with a mean of 0.401 and SD of 0.262
(discarding any values =0.99 or < -0.99)). Users can alternatively
simulate values using the posterior distribution (or its mean) for
the actual model parameters (listed in Tables 2a-2b). We also pres-
ent results for both Ricker and Beverton-Holt stock-recruitment
models to facilitate future comparison. We do not present predic-
tions conditional on a given age at maturity, although researchers
could compute these predictions using the posterior distributions
for parameters presented here. We do not recommend using pri-
ors that are calculated using the age at maturity for any single
species until this association has been corroborated using other
analytic methods.

The recruitment priors developed in this study could be used to
estimate recruitment variability in age-structured, data-poor meth-
ods such as simple stock synthesis (Cope 2013), where information
regarding the recruitment variability is either absent or weak.
Models that incorporate both process and measurement stochastic-
ity will often perform better in reconstructing abundance trends
than models that only include one or the other (Schnute 1991;
Holmes 2001; Punt 2003; Ono et al. 2012), so including recruitment
variability will likely be a step forward for these data-poor models.
Given that recruitment is the primary form of stochasticity in-
cluded in many data-rich assessments, recruitment-variability pri-
ors will help to “bridge the gap” between data-rich and data-poor
assessment methods. Priors can also be combined with mixed-

effect estimation methods for data-rich assessments (Thorson
et al. 2014b), and may in fact be necessary when simultaneously
estimating multiple types of process error (Mdntyniemi et al.
2013). Finally, autocorrelation in recruitment will have important
implications for projecting stock recovery during rebuilding
plans used for fisheries management, and may help to explain the
failure of some species to recover on the expected timeline in
certain cases (Neubauer et al. 2013).

Model assumptions

Our hierarchical model for recruitment variability makes two
important assumptions. First, it treats taxonomic orders, and
stocks within each taxonomic order, as “exchangeable” units
(Gelman et al. 2003) from a shared process representing “recruit-
ment variability” for fish in general. This is functionally equiva-
lent to assuming that we have no prior information to distinguish
a priori between the variance and autocorrelation in recruitment
for each taxon and population. This assumption allows us to spec-
ify that residual variance and autocorrelation are shrunk towards
a shared mean. Shrinkage allows for improved precision for any
estimate (Efron and Morris 1977), but may cause estimates to be
biased towards other stocks that are included in the meta-analysis.
Future research could explore the sensitivity of model estimates
to violations of this assumption and to the sample sizes used in
this analysis.

We also assume that sequential population analysis estimates
of abundance are an accurate proxy for spawning potential. This
assumption is critical, because errors in a variable that is assumed
to be “fixed” (i.e., the independent variable in a regression) will
lead to biased parameter estimates (Draper and Smith 1998). Sim-
ilarly, we do not account for the “time series bias” that arises,
because spawning biomass is related to previous recruitment
rather than being fixed experimentally (Walters 1985; Caputi
1988; Myers and Barrowman 1995). Finally, we note that maxi-
mum likelihood estimates of autoregression coefficients have a
known asymptotic bias (Shaman and Stine 1988), but the bias of
our hierarchical Bayesian estimator remains a topic of future re-
search. In the present case, autocorrelated errors in spawning
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Fig. 3. The relationship for the Beverton-Holt model between age at maturity and either the marginal standard deviation of recruitment (top
row, o;) or autocorrelation in residuals (bottom row, p,). The left column shows each stock with the posterior mean (circles) and 80% credible
interval (vertical lines) for its standard deviation or autocorrelation, with the estimated relationship also shown for each taxonomic order
(black lines). The right column shows the posterior distribution of the estimated coefficient representing the relationship between age at
maturity and either the marginal standard deviation (),) or autocorrelation () ), with the dashed vertical line showing an effect of zero (i.e.,
age at maturity having no effect). The relationship with autocorrelation is curved because we are plotting the mean of the truncated normal
distribution for each value of age at maturity rather than its predicted mode.
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T T T T
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biomass may result in autocorrelated residuals for recruitment.
Previous analysis of spawner-recruitment data have generally
had similar difficulty in dealing with the hypothesis of measure-
ment errors (e.g., Brodziak et al. 2001). One exception, however, is
Myers and Cadigan (1993), who used multiple surveys for spawn-
ing biomass to simultaneously estimate variability in recruitment
and errors in abundance indices. Their study found little evidence
of autocorrelation (and, if anything, a negative sign) using data
primarily from gadids and pleuronectids. By contrast, Rose et al.
(2001) found evidence of autocorrelated recruitment using the
same stock-recruitment repository as the one used here, and
their recommendation that future studies reanalyze the reposi-
tory to generate statistically rigorous estimates of the effect in-
spired the current study.

As always, we hope that these meta-analytic results will be cor-
roborated using alternative scales, data types, and taxa. In partic-
ular, future studies may use stock assessment modelling software
to replicate this analysis using observation-level data at a regional
scale (Thorson et al. 2014c¢). By fitting directly to stock assessment
data — hence avoiding the treatment of biomass estimates as
exogenously fixed and known without error — this approach
could help to resolve the discrepancy between our results and
those of Myers and Cadigan (1993). However, regional-scale anal-
yses of recruitment are likely to be influenced by shared trends in
recruitment for sympatric species (Mueter et al. 2002; Thorson

002 002 = 006 010

Coefficient

et al. 2013), such that these regional meta-analyses will also have
at least one problematic assumption. In the meantime, we see
great utility in using our results as a Bayesian prior in data-rich
and data-poor models, as well as guidance for the design of future
simulation experiments and management strategy evaluations.

Acknowledgements

We continue to be grateful for the dedication and foresight
demonstrated by R. Myers when developing this stock-recruitment
respository and the many scientists whose work is represented
therein. We also thank C. Minto for his hard work in maintaining
the original Myers repository and S. Munch for helpful comments
on an earlier draft. We thank L. Brooks, C. Legault, an anonymous
reviewer, and the associate editor for helpful comments that im-
proved the quality of analysis and writing. O.P.]. was supported by
the New Jersey Sea Grant Consortium (NJSGC) with funds from the
NOAA Office of Sea Grant, US Department of Commerce, under
NOAA grant No. NA100OAR4170075 and the NJSGC. The state-
ments, findings, conclusions, and recommendations are those of
the author(s) and do not necessarily reflect the views of the NJSGC
or the US Department of Commerce, NJSG-14-858.

References
Bailey, KM., Ciannelli, L., Bond, N.A., Belgrano, A., and Stenseth, N.C. 2005.

Recruitment of walleye pollock in a physically and biologically complex

< Published by NRC Research Press



Can. J. Fish. Aquat. Sci. Downloaded from www.nrcresearchpress.com by University of Washington on 09/04/14
For personal use only.

982

ecosystem: a new perspective. Prog. Oceanogr. 67: 24-42. doi:10.1016/j.pocean.
2005.06.001.

Brodziak, J.K.T., Overholtz, W]., and Rago, P.J. 2001. Does spawning stock affect
recruitment of New England groundfish? Can. J. Fish. Aquat. Sci. 58(2): 306—
318. doi:10.1139/f00-243.

Brooks, E.N., Powers, J.E., and Cortés, E. 2010. Analytical reference points for
age-structured models: application to data-poor fisheries. ICES J. Mar. Sci. 67:
413-424.

Brunel, T. 2010. Age-structure-dependent recruitment: a meta-analysis applied
to Northeast Atlantic fish stocks. ICES J. Mar. Sci. 67: 1921-1930. d0i:10.1093/
icesjms/fsq032.

Caputi, N. 1988. Factors affecting the time series bias in stock-recruitment rela-
tionships and the interaction between time series and measurement error
bias. Can. J. Fish. Aquat. Sci. 45(1): 178-184. d0i:10.1139/f88-019.

Cope, J.M. 2013. Implementing a statistical catch-at-age model (Stock Synthesis)
as a tool for deriving overfishing limits in data-limited situations. Fish. Res.
142: 3-14. doi:10.1016/j.fishres.2012.03.006.

Cushing, D.H. 1990. Plankton production and year-class strength in fish popula-
tions: an update of the match/mismatch hypothesis. Adv. Mar. Biol. 26: 249-
293. doi:10.1016/S0065-2881(08)60202-3.

Davidson, R., and MacKinnon, J.G. 2003. Econometric theory and methods. Ox-
ford University Press, New York.

Deriso, R.B., Maunder, M.N., and Skalski, J.R. 2007. Variance estimation in inte-
grated assessment models and its importance for hypothesis testing. Can. J.
Fish. Aquat. Sci. 64(2): 187-197. doi:10.1139/f06-178.

Draper, N.R., and Smith, H. 1998. Applied regression analysis. 3rd ed. Wiley-
Interscience.

Efron, B., and Morris, C.N. 1977. Stein’s paradox in statistics [online]. W.H. Freeman.
Available from https://[www.cs.nyu.edu/~roweis/csc2515-2006/readings/
stein_sciam.pdf [accessed 18 November 2013].

Fiksen, @., and Slotte, A. 2002. Stock environment recruitment models for Nor-
wegian spring spawning herring (Clupea harengus). Can. J. Fish. Aquat. Sci.
59(2): 211-217. doi:10.1139/f02-002.

Gelman, A., and Hill, J. 2007. Data analysis using regression and multilevel/
hierarchical models. Cambridge University Press, Cambridge, UK.

Gelman, A., Carlin, J.B., Stern, H.S., and Rubin, D.B. 2003. Bayesian data analysis.
2nd ed. Chapman & Hall, Boca Raton, Fla.

Hilborn, R., and Liermann, M. 1998. Standing on the shoulders of giants: learn-
ing from experience in fisheries. Rev. Fish Biol. Fish. 8: 273-283. d0i:10.1023/
A:1008877912528.

Hilborn, R., and Walters, C.J. 1992. Quantitative fisheries stock assessment —
choice, dynamics and uncertainty. 1st ed. Springer, Norwell, Mass.

Hjort, J. 1926. Fluctuations in the year classes of important food fishes. ICES ]J.
Mar. Sci. 1: 5-38. doi:10.1093/icesjms/1.1.5.

Hoffman, M.D., and Gelman, A. The no-U-turn sampler: adaptively setting path
lengths in Hamiltonian Monte Carlo. J. Mar. Learn. Res. [In press.]

Holmes, E.E. 2001. Estimating risks in declining populations with poor data.
Proc. Natl. Acad. Sci. 98: 5072-5077. doi:10.1073/pnas.081055898. PMID:
11309483.

Hutchings, J.A. 2000. Collapse and recovery of marine fishes. Nature, 406: 882-
885. doi:10.1038/35022565. PMID:10972288.

Jensen, O.P., Ortega-Garcia, S., Martell, S.J., Ahrens, R.N., Domeier, M.L.,
Walters, C.J., and Kitchell, ].F. 2010. Local management of a “highly migratory
species”: the effects of long-line closures and recreational catch-and-release
for Baja California striped marlin fisheries. Progr. Oceanogr. 86: 176-186.
d0i:10.1016/j.pocean.2010.04.020.

Keith, D.M., and Hutchings, J.A. 2012. Population dynamics of marine fishes at
low abundance. Can. J. Fish. Aquat. Sci. 69(7): 1150-1163. doi:10.1139/f2012-
055.

Mintyniemi, S., Uusitalo, L., Peltonen, H., Haapasaari, P., and Kuikka, S. 2013.
Integrated, age-structured, length-based stock assessment model with uncer-
tain process variances, structural uncertainty, and environmental covari-
ates: case of Central Baltic herring. Can. J. Fish. Aquat. Sci. 70(9): 1317-1326.
doi:10.1139/cjfas-2012-0315.

Mertz, G., and Myers, R.A. 1994. Match/mismatch predictions of spawning dura-
tion versus recruitment variability. Fish. Oceanogr. 3: 236-245. doi:10.1111fj.
1365-2419.1994.tb00101.x.

Mertz, G., and Myers, R.A. 1996. Influence of fecundity on recruitment variability
of marine fish. Can. J. Fish. Aquat. Sci. 53(7): 1618-1625. d0i:10.1139/f96-089.

Minto, C., Mills Flemming, J., Britten, G.L., and Worm, B. 2013. Productivity
dynamics of Atlantic cod. Can. J. Fish. Aquat. Sci. 71(2): 203-216. doi:10.1139/
cjfas-2013-0161.

Morgan, M.J., Perez-Rodriguez, A., Saborido-Rey, F., and Marshall, C.T. 2011. Does
increased information about reproductive potential result in better predic-
tion of recruitment? Can. J. Fish. Aquat. Sci. 68(8): 1361-1368. d0i:10.1139/f2011-
049.

Mueter, F.J., Ware, D.M., and Peterman, R.M. 2002. Spatial correlation patterns
in coastal environmental variables and survival rates of salmon in the north-
east Pacific Ocean. Fish. Oceanogr. 11: 205-218. d0i:10.1046/j.1365-2419.2002.
00192.x.

Myers, R.A. 1998. When do environment-recruitment correlations work? Rev.
Fish Biol. Fish. 8: 285-305. doi:10.1023/A:1008828730759.

Myers, R.A., and Barrowman, N.J. 1995. Time series bias in the estimation of

Can. J. Fish. Aquat. Sci. Vol. 71, 2014

density-dependent mortality in stock-recruitment models. Can. J. Fish.
Aquat. Sci. 52(1): 223-232. doi:10.1139/f95-022.

Myers, R.A., and Cadigan, N.G. 1993. Density-dependent juvenile mortality in
marine demersal fish. Can. J. Fish. Aquat. Sci. 50(8): 1576-1590. d0i:10.1139/
f93-179.

Myers, R.A., Bridson, J., and Barrowman, N.J. 1995. Summary of worldwide
spawner and recruitment data [online]. Fisheries and Oceans Canada, North-
west Atlantic Fisheries Centre. Available from http://publications.gc.ca/site/
eng[420850/publication.html [accessed 18 November 2013].

Myers, R.A., Bowen, K.G., and Barrowman, N.J. 1999. Maximum reproductive rate
of fish at low population sizes. Can. J. Fish. Aquat. Sci. 56(12): 2404-2419.
doi:10.1139/f99-201.

Neubauer, P., Jensen, O.P., Hutchings, J.A., and Baum, J.K. 2013. Resilience and
recovery of overexploited marine populations. Science, 340: 347-349. doi:10.
1126/science.1230441.

Ono, K., Punt, A.E., and Rivot, E. 2012. Model performance analysis for Bayesian
biomass dynamics models using bias, precision and reliability metrics. Fish.
Res. 125-126: 173-183. d0i:10.1016/j.fishres.2012.02.022.

Osenberg, C.W., Sarnelle, O., Cooper, S.D., and Holt, R.D. 1999. Resolving eco-
logical questions through meta-analysis: goals, metrics, and models. Ecology,
80: 1105-1117. doi:10.1890/0012-9658(1999)080[1105:REQTMA]|2.0.CO;2.

Punt, A.E. 2003. Extending production models to include process error in the
population dynamics. Can. J. Fish. Aquat. Sci. 60(): 1217-1228. doi:10.1139/f03-
105, 10.1139/f03-105.

R Development Core Team. 2012. R: a language and environment for statistical
computing [online]. Vienna, Austria. Available from http://[www.R-
project.org|.

R Development Core Team. 2013. R: a language and environment for statistical
computing [online]. R Foundation for Statistical Computing, Vienna, Austria.
Available from http:/fwww.R-project.org|.

Ricard, D., Minto, C., Jensen, O.P., and Baum, J.K. 2012. Examining the knowl-
edge base and status of commercially exploited marine species with the RAM
Legacy Stock Assessment Database. Fish Fish. 13: 380-398. do0i:10.1111/j.1467-
2979.2011.00435.x.

Rickman, SJ., Dulvy, N.K,, Jennings, S., and Reynolds, J.D. 2000. Recruitment
variation related to fecundity in marine fishes. Can. J. Fish. Aquat. Sci. 57(1):
116-124. d0i:10.1139/f99-205.

Rose, K.A., Cowan, J.H., Winemiller, K.O., Myers, R.A., and Hilborn, R. 2001.
Compensatory density dependence in fish populations: importance, contro-
versy, understanding and prognosis. Fish Fish. 2: 293-327. d0i:10.1046/j.1467-
2960.2001.00056.x.

Sainsbury, KJ., Punt, A.E., and Smith, A.D. 2000. Design of operational manage-
ment strategies for achieving fishery ecosystem objectives. ICES J. Mar. Sci.
57: 731-741. d0i:10.1006/jmsc.2000.0737.

Schirripa, M.J., and Colbert, ].J. 2006. Interannual changes in sablefish (Anoplopoma
fimbria) recruitment in relation to oceanographic conditions within the Cal-
ifornia Current System. Fish. Oceanogr. 15: 25-36. d0i:10.1111/j.1365-2419.2005.
00352.x.

Schirripa, M.J., Goodyear, C.P., and Methot, R.M. 2009. Testing different methods
of incorporating climate data into the assessment of US West Coast sablefish.
ICES J. Mar. Sci. 66: 1605-1613. doi:10.1093/icesjms/fsp043.

Schnute, ].T. 1991. The importance of noise in fish population models. Fish. Res.
11: 197-223. d0i:10.1016/0165-7836(91)90002-W.

Shaman, P., and Stine, R.A. 1988. The bias of autoregressive coefficient estima-
tors. J. Am. Stat. Assoc. 83: 842-848. doi:10.2307/2289315.

Smith, T.D. 2007. Scaling fisheries: the science of measuring the effects of fish-
ing, 1855-1955. 1st edition. Cambridge University Press, Cambridge, UK.
Stan Development Team. 2013. Stan: a C++ library for probability and sampling,

Version 1.3 [online|. Available from http://mc-stan.org|.

Stewart, L]., and Martell, S. 2013. Assessment of the Pacific halibut stock at the
end of 2013 [online]. In International Pacific Halibut Commission Eighty-
ninth Annual Meeting. Available from http://www.iphc.int/publications/
bluebooks/IPHC_bluebook_2013.pdf#page=32 [accessed 5 July 2013].

Stewart, L]., Leaman, B., Martell, S., and Webster, R.A. 2012. Assessment of the
Pacific halibut stock at the end of 2012 [online]. In International Pacific Hal-
ibut Commission Eighty-ninth Annual Meeting. Available from http://
www.iphc.int/publications/bluebooks/[PHC_bluebook_2013.pdf#page=32
laccessed 5 July 2013].

Szuwalski, C., and Punt, A.E. 2013. Regime shifts and recruitment dynamics of
snow crab, Chionoecetes opilio, in the eastern Bering Sea. Fish. Oceanogr. 22:
345-354. doi:10.1111/fog.12026.

Thorson, J., Stewart, L]., Taylor, I., and Punt, A.E. 2013. Using a recruitment-
linked multispecies stock assessment model to estimate common trends in
recruitment for US West Coast groundfishes. Mar. Ecol. Progr. Seri. 483:
245-256. doi:10.3354/meps10295.

Thorson, ].T., Cope, J., Kleisner, K., Shelton, A., Samhouri, J., and Ward, E. 2014a.
Giants’ shoulders 15 years later: Lessons, challenges, and guidelines in fish-
eries meta-analysis. Fish Fish. [In press.] doi:10.1111/faf.12061.

Thorson, J.T., Hicks, A.C., and Methot, R. 2014b. Random effect estimation of
time-varying factors in Stock Synthesis. ICES J. Mar Sci. [In press.] doi:10.1093/
icesjms|fst211.

Thorson, J.T., Taylor, I.G., Stewart, I, and Punt, A.E. 2014c. Rigorous meta-

< Published by NRC Research Press


http://dx.doi.org/10.1016/j.pocean.2005.06.001
http://dx.doi.org/10.1016/j.pocean.2005.06.001
http://dx.doi.org/10.1139/f00-243
http://dx.doi.org/10.1093/icesjms/fsq032
http://dx.doi.org/10.1093/icesjms/fsq032
http://dx.doi.org/10.1139/f88-019
http://dx.doi.org/10.1016/j.fishres.2012.03.006
http://dx.doi.org/10.1016/S0065-2881(08)60202-3
http://dx.doi.org/10.1139/f06-178
http://www.cs.nyu.edu/~roweis/csc2515-2006/readings/stein_sciam.pdf
http://www.cs.nyu.edu/~roweis/csc2515-2006/readings/stein_sciam.pdf
http://dx.doi.org/10.1139/f02-002
http://dx.doi.org/10.1023/A%3A1008877912528
http://dx.doi.org/10.1023/A%3A1008877912528
http://dx.doi.org/10.1093/icesjms/1.1.5
http://dx.doi.org/10.1073/pnas.081055898
http://www.ncbi.nlm.nih.gov/pubmed/11309483
http://dx.doi.org/10.1038/35022565
http://www.ncbi.nlm.nih.gov/pubmed/10972288
http://dx.doi.org/10.1016/j.pocean.2010.04.020
http://dx.doi.org/10.1139/f2012-055
http://dx.doi.org/10.1139/f2012-055
http://dx.doi.org/10.1139/cjfas-2012-0315
http://dx.doi.org/10.1111/j.1365-2419.1994.tb00101.x
http://dx.doi.org/10.1111/j.1365-2419.1994.tb00101.x
http://dx.doi.org/10.1139/f96-089
http://dx.doi.org/10.1139/cjfas-2013-0161
http://dx.doi.org/10.1139/cjfas-2013-0161
http://dx.doi.org/10.1139/f2011-049
http://dx.doi.org/10.1139/f2011-049
http://dx.doi.org/10.1046/j.1365-2419.2002.00192.x
http://dx.doi.org/10.1046/j.1365-2419.2002.00192.x
http://dx.doi.org/10.1023/A%3A1008828730759
http://dx.doi.org/10.1139/f95-022
http://dx.doi.org/10.1139/f93-179
http://dx.doi.org/10.1139/f93-179
http://publications.gc.ca/site/eng/420850/publication.html
http://publications.gc.ca/site/eng/420850/publication.html
http://dx.doi.org/10.1139/f99-201
http://dx.doi.org/10.1126/science.1230441
http://dx.doi.org/10.1126/science.1230441
http://dx.doi.org/10.1016/j.fishres.2012.02.022
http://dx.doi.org/10.1890/0012-9658(1999)080%5B1105%3AREQTMA%5D2.0.CO;2
http://dx.doi.org/10.1139/f03-105
http://dx.doi.org/10.1139/f03-105
http://dx.doi.org/10.1139/f03-105
http://www.R-project.org/
http://www.R-project.org/
http://www.R-project.org/
http://dx.doi.org/10.1111/j.1467-2979.2011.00435.x
http://dx.doi.org/10.1111/j.1467-2979.2011.00435.x
http://dx.doi.org/10.1139/f99-205
http://dx.doi.org/10.1046/j.1467-2960.2001.00056.x
http://dx.doi.org/10.1046/j.1467-2960.2001.00056.x
http://dx.doi.org/10.1006/jmsc.2000.0737
http://dx.doi.org/10.1111/j.1365-2419.2005.00352.x
http://dx.doi.org/10.1111/j.1365-2419.2005.00352.x
http://dx.doi.org/10.1093/icesjms/fsp043
http://dx.doi.org/10.1016/0165-7836(91)90002-W
http://dx.doi.org/10.2307/2289315
http://mc-stan.org/
http://www.iphc.int/publications/bluebooks/IPHC_bluebook_2013.pdf%23page=32
http://www.iphc.int/publications/bluebooks/IPHC_bluebook_2013.pdf%23page=32
http://www.iphc.int/publications/bluebooks/IPHC_bluebook_2013.pdf%23page=32
http://www.iphc.int/publications/bluebooks/IPHC_bluebook_2013.pdf%23page=32
http://dx.doi.org/10.1111/fog.12026
http://dx.doi.org/10.3354/meps10295
http://dx.doi.org/10.1111/faf.12061
http://dx.doi.org/10.1093/icesjms/fst211
http://dx.doi.org/10.1093/icesjms/fst211

Can. J. Fish. Aquat. Sci. Downloaded from www.nrcresearchpress.com by University of Washington on 09/04/14
For personal use only.

Thorson et al.

analysis of life history correlations by simultaneously analyzing multiple
population dynamics models. Ecol. Appl. 24: 315-326. doi:10.1890/12-1803.1.

Trautmann, H., Steuer, D., Mersmann, O., and Bornkamp, B. 2012. truncnorm:
Truncated normal distribution [online]. Available from http://CRAN.R-
project.orgfpackage=truncnorm.

Vert-pre, KA., Amoroso, R.O., Jensen, O.P., and Hilborn, R. 2013. Frequency and
intensity of productivity regime shifts in marine fish stocks. Proc. Natl. Acad.
Sci. U.S.A. 110: 1779-1784. d0i:10.1073/pnas.1214879110. PMID:23322735.

Walters, C.J. 1985. Bias in the estimation of functional relationships from time
series data. Can. J. Fish. Aquat. Sci. 42(1): 147-149. doi:10.1139/f85-018.

Walters, C., and Kitchell, J.F. 2001. Cultivation/depensation effects on juvenile

983

survival and recruitment: implications for the theory of fishing. Can. J. Fish.
Aquat. Sci. 58(1): 39-50. doi:10.1139/f00-160.

Wayte, S.E. 2013. Management implications of including a climate-induced re-
cruitment shift in the stock assessment for jackass morwong (Nemadactylus
macropterus) in south-eastern Australia. Fish. Res. 142: 47-55. doi:10.1016j.
fishres.2012.07.009.

Winemiller, K.O. 2005. Life history strategies, population regulation, and impli-
cations for fisheries management. Can. J. Fish. Aquat. Sci. 62(4): 872-885.
d0i:10.1139/f05-040.

Winemiller, K.O., and Rose, K.A. 1992. Patterns of life-history diversification in
North American fishes: implications for population regulation. Can. J. Fish.
Aquat. Sci. 49(10): 2196-2218. d0i:10.1139/f92-242.

< Published by NRC Research Press


http://dx.doi.org/10.1890/12-1803.1
http://CRAN.R-project.org/package=truncnorm
http://CRAN.R-project.org/package=truncnorm
http://dx.doi.org/10.1073/pnas.1214879110
http://www.ncbi.nlm.nih.gov/pubmed/23322735
http://dx.doi.org/10.1139/f85-018
http://dx.doi.org/10.1139/f00-160
http://dx.doi.org/10.1016/j.fishres.2012.07.009
http://dx.doi.org/10.1016/j.fishres.2012.07.009
http://dx.doi.org/10.1139/f05-040
http://dx.doi.org/10.1139/f92-242

	Article
	Introduction
	Methods
	Data availability
	Recruitment modelling
	Objective 1: hierarchical modeling
	Objective 2: recruitment variability, autocorrelation, and age at maturity
	Model fitting

	Results
	Illustrating model fits
	Hierarchical modeling
	Recruitment variability, autocorrelation, and age at maturity

	Discussion
	Model assumptions


	Acknowledgements
	References


<<
	/CompressObjects /Off
	/ParseDSCCommentsForDocInfo true
	/CreateJobTicket false
	/PDFX1aCheck false
	/ColorImageMinResolution 150
	/GrayImageResolution 300
	/DoThumbnails false
	/ColorConversionStrategy /LeaveColorUnchanged
	/GrayImageFilter /DCTEncode
	/EmbedAllFonts true
	/CalRGBProfile (sRGB IEC61966-2.1)
	/MonoImageMinResolutionPolicy /OK
	/AllowPSXObjects true
	/LockDistillerParams true
	/ImageMemory 1048576
	/DownsampleMonoImages true
	/ColorSettingsFile (None)
	/PassThroughJPEGImages true
	/AutoRotatePages /PageByPage
	/Optimize true
	/ParseDSCComments true
	/MonoImageDepth -1
	/AntiAliasGrayImages false
	/JPEG2000ColorImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/GrayImageMinResolutionPolicy /OK
	/ConvertImagesToIndexed true
	/MaxSubsetPct 99
	/Binding /Left
	/PreserveDICMYKValues false
	/GrayImageMinDownsampleDepth 2
	/MonoImageMinResolution 1200
	/sRGBProfile (sRGB IEC61966-2.1)
	/AntiAliasColorImages false
	/GrayImageDepth -1
	/PreserveFlatness true
	/CompressPages true
	/GrayImageMinResolution 150
	/CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
	/PDFXBleedBoxToTrimBoxOffset [
		0.0
		0.0
		0.0
		0.0
	]
	/AutoFilterGrayImages true
	/EncodeColorImages true
	/AlwaysEmbed [
	]
	/EndPage -1
	/DownsampleColorImages true
	/ASCII85EncodePages false
	/PreserveEPSInfo false
	/PDFXTrimBoxToMediaBoxOffset [
		0.0
		0.0
		0.0
		0.0
	]
	/CompatibilityLevel 1.3
	/MonoImageResolution 600
	/NeverEmbed [
		/Arial-Black
		/Arial-BlackItalic
		/Arial-BoldItalicMT
		/Arial-BoldMT
		/Arial-ItalicMT
		/ArialMT
		/ArialNarrow
		/ArialNarrow-Bold
		/ArialNarrow-BoldItalic
		/ArialNarrow-Italic
		/ArialUnicodeMS
		/CenturyGothic
		/CenturyGothic-Bold
		/CenturyGothic-BoldItalic
		/CenturyGothic-Italic
		/CourierNewPS-BoldItalicMT
		/CourierNewPS-BoldMT
		/CourierNewPS-ItalicMT
		/CourierNewPSMT
		/Georgia
		/Georgia-Bold
		/Georgia-BoldItalic
		/Georgia-Italic
		/Impact
		/LucidaConsole
		/Tahoma
		/Tahoma-Bold
		/TimesNewRomanMT-ExtraBold
		/TimesNewRomanPS-BoldItalicMT
		/TimesNewRomanPS-BoldMT
		/TimesNewRomanPS-ItalicMT
		/TimesNewRomanPSMT
		/Trebuchet-BoldItalic
		/TrebuchetMS
		/TrebuchetMS-Bold
		/TrebuchetMS-Italic
		/Verdana
		/Verdana-Bold
		/Verdana-BoldItalic
		/Verdana-Italic
	]
	/CannotEmbedFontPolicy /Warning
	/PreserveOPIComments false
	/AutoPositionEPSFiles true
	/JPEG2000GrayACSImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/PDFXOutputIntentProfile ()
	/EmbedJobOptions true
	/JPEG2000ColorACSImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/MonoImageDownsampleType /Average
	/DetectBlends true
	/EmitDSCWarnings false
	/ColorImageDownsampleType /Average
	/EncodeGrayImages true
	/AutoFilterColorImages true
	/DownsampleGrayImages true
	/GrayImageDict <<
		/HSamples [
			1.0
			1.0
			1.0
			1.0
		]
		/QFactor 0.15
		/VSamples [
			1.0
			1.0
			1.0
			1.0
		]
	>>
	/AntiAliasMonoImages false
	/GrayImageAutoFilterStrategy /JPEG
	/GrayACSImageDict <<
		/HSamples [
			1.0
			1.0
			1.0
			1.0
		]
		/QFactor 0.15
		/VSamples [
			1.0
			1.0
			1.0
			1.0
		]
	>>
	/ColorImageAutoFilterStrategy /JPEG
	/ColorImageMinResolutionPolicy /OK
	/ColorImageResolution 300
	/PDFXRegistryName ()
	/MonoImageFilter /CCITTFaxEncode
	/CalGrayProfile (Gray Gamma 2.2)
	/ColorImageMinDownsampleDepth 1
	/PDFXTrapped /False
	/DetectCurves 0.1
	/ColorImageDepth -1
	/JPEG2000GrayImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/TransferFunctionInfo /Preserve
	/ColorImageFilter /DCTEncode
	/PDFX3Check false
	/ParseICCProfilesInComments true
	/DSCReportingLevel 0
	/ColorACSImageDict <<
		/HSamples [
			1.0
			1.0
			1.0
			1.0
		]
		/QFactor 0.15
		/VSamples [
			1.0
			1.0
			1.0
			1.0
		]
	>>
	/PDFXOutputConditionIdentifier ()
	/PDFXCompliantPDFOnly false
	/AllowTransparency false
	/UsePrologue false
	/PreserveCopyPage true
	/StartPage 1
	/MonoImageDownsampleThreshold 1.0
	/GrayImageDownsampleThreshold 1.0
	/CheckCompliance [
		/None
	]
	/CreateJDFFile false
	/PDFXSetBleedBoxToMediaBox true
	/EmbedOpenType false
	/OPM 0
	/PreserveOverprintSettings false
	/UCRandBGInfo /Remove
	/ColorImageDownsampleThreshold 1.0
	/MonoImageDict <<
		/K -1
	>>
	/GrayImageDownsampleType /Average
	/Description <<
		/ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
		/PTB <>
		/FRA <>
		/KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
		/NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
		/NOR <>
		/DEU <>
		/SVE <>
		/DAN <>
		/ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
		/JPN <>
		/CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
		/SUO <>
		/ESP <>
		/CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
	>>
	/CropMonoImages true
	/DefaultRenderingIntent /RelativeColorimeteric
	/PreserveHalftoneInfo false
	/ColorImageDict <<
		/HSamples [
			1.0
			1.0
			1.0
			1.0
		]
		/QFactor 0.15
		/VSamples [
			1.0
			1.0
			1.0
			1.0
		]
	>>
	/CropGrayImages true
	/PDFXOutputCondition ()
	/SubsetFonts true
	/EncodeMonoImages true
	/CropColorImages true
	/PDFXNoTrimBoxError true
>>
setdistillerparams
<<
	/PageSize [
		612.0
		792.0
	]
	/HWResolution [
		600
		600
	]
>>
setpagedevice


