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In many marine fisheries assessments, population abundance indices from surveys collected by different states and agencies do not always agree
with each other. This phenomenon is often due to the spatial synchrony/asynchrony. Those indices that are asynchronous may result in discrep-
ancies in the assessment of temporal trends. In addition, commonly employed stock assessment models, such as the statistical catch-at-age (SCA)
models, do not account for spatial synchrony/asynchrony associated with spatial autocorrelation, dispersal, and environmental noise. This limits
the value of statistical inference on key parameters associated with population dynamics and management reference points. To address this
problem, a set of geospatial analyses of relative abundance indices is proposed to model the indices from different surveys using spatial hierarchical
Bayesian models. This approach allows better integration of different surveys with spatial synchrony and asynchrony. We used Atlantic weakfish
(Cynoscion regalis) as an example for which there are state-wide surveys and expansive coastal surveys. We further compared the performance
of the proposed spatially structured hierarchical Bayesian SCA models with a commonly used Bayesian SCA model that assumes relative abundance
indices are spatially independent. Three spatial models developed to mimic different potential spatial patterns were compared. The random effect
spatially structured hierarchical Bayesian model was found to be better than the commonly used SCA model and the other two spatial models.
A simulation study was conducted to evaluate the uncertainty resulting from model selection and the robustness of the recommended model.
The spatially structured hierarchical Bayesian model was shown to be able to integrate different survey indices with /without spatial synchrony.
Itis suggested as a useful tool when there are surveys with different spatial characteristics that need to be combined in a fisheries stock assessment.

Keywords: Atlantic weakfish, spatial hierarchical Bayesian model, spatial synchrony/asynchrony, statistical catch-at-age.

Introduction selectivity, gear saturation, and other factors (Pope and Garrod,
Many marine fisheries assessments require the modeller to combine ~ 1975; MacCall, 1976; Rose and Leggett, 1991). Spatial heterogeneity

survey population abundance indices from different states and
agencies. A potentially important problem is that the indices do
not always agree with each other and the use of different indices
may lead to different decisions (NEFSC, 2008; NDPSWG, 2009).
The discrepancy among different survey indices can be attributed
to the spatial and temporal aggregation of fish distributions, non-
random search behaviour of fishers, fishing power changes, gear

refers to the uneven distribution of observations of interest, such asa
trait, event, fish abundance, density, or relationship across a region
(Anselin, 2010). Even for well-designed surveys, the indices of abun-
dance can suggest different trends at different locations because of
temporal changes in the densities of the population in differentloca-
tions, shown as spatial asynchronous patterns (Buonaccorsi et al.,
2001; Liebhold et al., 2004). Spatial heterogeneity among locations
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may not change over time but if it does change it would show as
spatial asynchrony. Reasons for spatial synchrony/asynchrony
include extrinsic environmental stochasticity (Moran effect;
Moran, 1953), non-linear density-dependency, and dispersal and
species interactions (Heino et al, 1997; Hudson and Cattadori,
1999; Buonaccorsi et al., 2001; Cheal et al., 2007; Vasseur, 2007;
Haynes et al., 2009; Massie et al., 2015).

Atlantic weakfish (Cynoscion regalis) is used as an example stock
in our study. Itis very representative of the species along the western
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coast of the Atlantic Ocean because the surveys available for Atlantic
weakfish are also available for most other species distributed in this
area. Each state along the North Atlantic has its own localized
surveys, and there are also two expansive coastal surveys for this
species (Supplementary Table S1; Figure 1). The discrepancy
among different survey indices is considerable (NEFSC, 2009). A
preliminary analysis based on cross correlation among relative
abundance indices that are not standardized, but were reported by
each state and agency (NEFSC, 2009), indicated that most of the
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Figure 1. Map of western Atlantic with states that handle Atlantic weakfish surveys indicated. This figure is available in black and white in printand

in colour at ICES Journal of Marine Science online.
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correlations were low and many show no relationship or even have
negative relationships (Supplementary Table S2a).

Standardization of the catch rate from the surveys or from the
fisheries has been found to potentially eliminate the influence of a
variety of factors such as the spatial and temporal aggregation of
fish distribution, nonrandom search behaviour of fishers, gear sat-
uration, water temperature, and other possible environmental
factors that may influence the distribution and density of the fish
(O’Brien and Mayo, 1988; Lo et al., 1992; Maunder and Punt,
2004; Yu et al., 2011). However, standardization itself cannot guar-
antee that the true overall population size is well represented by each
of the localized surveys because of strong changes in fish distribu-
tions, habitat types, non-linear response to local population
density and dispersal, etc. These similarities and discrepancies
among population indices over time are described as spatial syn-
chrony and asynchrony (Vasseur, 2007; Pandit and Kolasa, 2012).
Our preliminary analysis based on the standardized relative abun-
dance indices suggested that standardization of weakfish indices
did not remove survey index discrepancy (Winter et al., 2009;
Supplementary Table S2b).

Spatial autocorrelation, the dependence among observations
over geographic space, has been used to model observed spatial
heterogeneity or spatial synchrony/asynchrony (Heino et al,
1997; Schabenberger and Gotway, 2005; Vasseur, 2007). Spatial
autocorrelation often exists among ecological variables and
may cause significant errors in data analyses and population dynam-
ics modelling if neglected (Legendre, 1993; Heino et al, 1997;
Lawson et al, 2003; Vasseur, 2007). Commonly employed stock
assessment models, such as statistical catch-at-age (SCA) models,
do not account for spatial synchrony/asynchrony among these
fishery-independent/dependent surveys when relative abundance
indices are used to calibrate population size. This limits the statistic-
al inference for resulting key parameters of population dynamics
and management reference points.

Our objectives are to account for spatial synchrony/asynchrony
caused by spatial autocorrelation, dispersal, and environmental
noises and to evaluate the appropriateness of using spatial hier-
archical models with SCA models. We modelled relative abundance
indices from different surveys, as spatially autocorrelated, through
spatial hierarchical Bayesian models. These models of relative abun-
dance indices were then integrated with a statistical catch-at-age
model to allow better integration of different surveys. To test the ef-
ficiency of the proposed spatial hierarchical Bayesian SCA models in
modelling spatial synchrony/asynchrony among survey indices and
the uncertainty from model selection, a simulation study was con-
ducted based on the example weakfish stock (Schnute, 1987; Jiao
et al., 2009a, b; Toni and Stumpf, 2010). Bayesian estimators were
used to estimate parameters, and performance of the models was
compared by their goodness-of-fit and the retrospective error evalu-
ation of the models (Calder et al., 2003; Jiao et al., 2009a, b, 2010,
2012). The hierarchical spatially structured Bayesian models devel-
oped here, and the framework for modelling population dynamics
using age-structured models with different relative abundance
indices are applicable to many other species when there are many
surveys with different spatial structures and when their relative
abundance indices suggest different population trends.

Data and methods

The Atlantic weakfish population was selected as an example and its
most recent stock assessment information was used. Data used were
from the Atlantic States Marine Fisheries Commission Weakfish
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Technical Committee (NEFSC, 2009). Detailed information on
the catch-at-age matrix and relative abundance surveys are available
from the same report. Following the recommendation from the
weakfish technical committee, catch data from 1982 to 2007 were
used (Supplementary Figure S1). There were 15 relative abundance
indices available for this fishery (Supplementary Figure S2). Among
them, six provided age-structured relative abundance indices
(Supplementary Figure S2a), and eight of them provided age 1
relative abundance that were used in the assessment to calibrate re-
cruitment dynamics (Supplementary Figure S2b and Table S1).
Detailed description on the relative abundance indices is given in
Supplementary data, Table S1.

A series of stochastic age-structured models was constructed
to represent the dynamics of the weakfish stock with different
assumptions about spatial heterogeneity over time. The models
consist of three submodels including (i) an age-structured process
model that describes the dynamics of the population, (ii) an obser-
vation model that describes the relationship between estimated
catch and observed catch in the fishery, and (iii) a series of
observation models that describe the relationship between stock
abundance and abundance indices observed in the fishery or
fisheries-independent surveys. For the observation models of rela-
tive abundance indices, model 1 (M1) is commonly used, which
uses a proportional relationship between abundance indices and
stock abundance with a lognormal error distribution; model 2
(M2) is based on a random effect model; model 3 (M3) uses a con-
ditional autoregressive model with correlations among neighbour-
ing surveys accounted for; and model 4 (M4) uses a spatially
autocorrelated model with correlation modelled as a function of dis-
tance between surveys. The four models are described below.

A common statistical catch-at-age model
A commonly used statistical catch-at-age separable model (SCA M1)
based on the data structure of weakfish can be written as follows:

Ln(Ngt1,41) = Ln(N, e~ ForM)
F o
Ln(Cyy) = Ln[ﬁm,y(l — e fuy M)] +&c
F.,, =ES,
Ln(Ijay) = Ln(q;,aNay) + €51
Ng—1y =R, and InR)= In(R) + &g

In(Ny>1,y=1982) = In(Ny>1 y=1982) + &N

M = known constant,

@

where a is age, y is year, N is population abundance and Ln(N, )
means log-transformed N, ,, C is observed catch and Ln(C,,) is
assumed to follow a normal distribution with error &c, F is fishing
mortality and M is natural mortality, R is recruitment and we
assumed that Ln(R,) followed a normal distribution with mean
Ln(R) and error &g, S is the selectivity, which is treated as age-specific
(S,) and does not change over time, j is the jth type of fishery depend-
ent or independent cpue data. Ln(N,>,,—19s2) is the population size
of age a inyear 1982, and we assume that it follows a normal distribu-
tion with mean Ln(}, a>1,y=1982) and error . The errors associated
with Ln(C,,), Ln(R,), and Ln(N,>,—19s2) are assumed to have
normal distributions with mean 0 and variance 02, 0%, and o7, sep-
arately. The error associated with abundance index j, &;,, is
assumed to have mean 0 and variance 0'12 Here because the indices

¥20z Aenuer g uo Jesn Ateiqi [eud) YWON AqQ 91 28G¥2/ST . L/ LIS L/e191Me/SWIS801/Wo0 dno-olwepeoe//:sdiy woil papeojumoqd


http://icesjms.oxfordjournals.org/lookup/suppl/doi:10.1093/icesjms/fsw036/-/DC1
http://icesjms.oxfordjournals.org/lookup/suppl/doi:10.1093/icesjms/fsw036/-/DC1
http://icesjms.oxfordjournals.org/lookup/suppl/doi:10.1093/icesjms/fsw036/-/DC1
http://icesjms.oxfordjournals.org/lookup/suppl/doi:10.1093/icesjms/fsw036/-/DC1
http://icesjms.oxfordjournals.org/lookup/suppl/doi:10.1093/icesjms/fsw036/-/DC1
http://icesjms.oxfordjournals.org/lookup/suppl/doi:10.1093/icesjms/fsw036/-/DC1
http://icesjms.oxfordjournals.org/lookup/suppl/doi:10.1093/icesjms/fsw036/-/DC1

1728

were dealt with in different ways and their variance assumptions
are different in different models, we used numbers to represent
their variances from models 1 to 4. In this model, M is assumed
to be known and fixed at 0.25 and is constant among age groups
and years (ASMFC, 2006; NEFSC, 2009). We used a constant vector
to model selectivity instead of a logistic curve because the catch-at-age
matrix is composed of catches from different fisheries, including
trawl, gillnet, poundnet, and recreational fisheries, so the selectivity
can be less regular. The initial numbers of population-at-age
are estimated, and a uniform prior is used, i.e. N a>1,y=1982 ™~
U(1, 100) x Cg =195, With the Bayesian estimation process. The ex-
ploitation rate in 1982 was assessed to be >1 from a previous stock
assessment, so using the observed C, ,—19s; as the lower bound of
Noa>1,-1982, and using 100 x Cg,y—19; as the upper bound of
Ng>1,-198: is biologically reasonable and not restrictive as a prior.
The variable R, has been found to be highly variable and spawning
stock size often only explains a limited amount of recruitment vari-
ation. So, we assume recruitment in year y,R,, as a parameter to esti-
mate rather than model using a regulated curve such as the Cushing
and Beverton—Holt model (Ricker, 1975; Quinn and Deriso, 1999).
Recruitment is assumed to have a two-level hierarchically structured
prior (Table 1). If we use C.oport,y to represent the total catch over
time from the cohort of year y, then for a vague informative prior,
we used In(R,) ~ U{min[In(C} y1982:2007)], max[In(100Ccohort )1}
for the minimum observed catch of age 1 fish, 1982—2007, we used
min[In(Cy y—1982:2007)], and for the maximum observed 100 x
Ceohort,y from 1982 to 2007, we used max([In(100Ccohort,,)]. Given
the levels of fishing mortality and natural mortality for Atlantic
weakfish, using minimum observed catch as the lower bound of
the mean of recruitment, and max[In(100Cconorty)] as the upper
bound of the mean of recruitment is biologically reasonable and
not restrictive. Recruitment was assumed to follow a lognormal dis-
tribution (see Equation 1) and stock recruitment dynamics were ana-
lysed outside of the statistical catch-at-age models. This will also avoid
the influence of recruitment modelling choices on the hierarchical
models of the relative abundance indices. The prior for F,, is assumed
to be uniform between 0.001 and 2, that of S, is uniform between 0
and 1, that of g; .- to be between min(I; ,—; /upper bound of R)
and max(I;,— 1/lower bound of R), and that of g ,~; to be between
min(Ij,a>1,y/100Ca>1,y) and maX(Ij,a>l,y/Ca>l,y)-

Hierarchical spatial Bayesian statistical catch-at-age
models that fit the relative abundance indices as spatially
autocorrelated (M2 - M4)

The second model is similar to model M1 except that the popula-
tions being sampled by the various surveys, N; , ,, are assumed to
be different for different survey locations, i.e. are treated as
random effects, and were modelled hierarchically (SCA_RE, M2),

Ln(Ij,a,y) = Ln(q;‘,aNj.a,y) + Ejay,2

Njay ~ Log-N(Ln(N,,), of,quyz),

)

where Log-N means lognormal distribution; variance o7 N is the
variance of log-transformed Ng ;5 €42 ~ Normal(0, o2 f ,); and
the subscript 2 is used to separate the term from the one in M1.
We used Normal(0, 02) to represent the normal distribution and
to avoid confusion with population size N. By modelling N; .,
using a distribution (with median N, ), the possible heterogeneity
of the population density in each survey location, &;,,n ~
MVN(0, Oja,N,Z)’ is modelled. The subscript 2 in oi,a,N,Z again is

Y. Jiao et al.

used to separate the term from the one in M1 and MVN means
multivariate normal distribution. This model is also called a
nested random effect model and it has been applied successfully in
many studies (Banerjee et al., 2003; Lawson et al., 2003; Waller
and Gotway, 2004); however, the correlation among surveys is
rather “all or nothing” as responses on either side of a survey bound-
aryare assumed to be uncorrelated. The random effect model allows
the temporal variation of the spatial heterogeneity shown as spatial
synchrony/asynchrony to be modelled. The inverse Wishart distri-
butions are used as the conjugate prior for the covariance matrix of
the multivariate normal distributions and were used here. Priors
used in this model are listed in Table 1.

There have been studies that suggest fish distributions and abun-
dance are spatially autocorrelated because of autocorrelated envir-
onmental factors or dispersal (Simard et al., 1992; Cressie, 1993;
Petitgas, 1993, 2001; Addis et al., 2009). Modelling spatial autocor-
relation has been used to adjust for autocorrelation when standard-
izing catch rate (Nishida and Chen, 2004). Our third model under
consideration is a conditional autoregressive (CAR) model. The
CAR provides a method to model the spatial autocorrelation of dif-
ferent surveys by introducing a set of spatially correlated multivari-
ate normal random effects in the model to account for spatial
correlation (SCA_CAR M3), i.e.

Ln(Ijq,) =

€jaya ~ NEja, 054/n)

gj.4 = E

kEneighbor(j)

Ln(qj.uNa,y) + Sj.aA,y,S + 8]’,&)/,4

3

Wj kEk/ 1.

In this model, the €; 5, 3 are treated as independent and identically
distributed among different surveys, £ 4,3 ~ Normal(0, 0'?,3), and
€j a,y,4 are viewed as correlated, with the size of the correlation de-
pending on the locations of the surveys and their neighbours. The
variable g is the error term of the kth neighbour of survey j.
Subscripts 3and4in ¢, ;3 and & 4,4 are used to represent the dif-
ferences in index uncertainty in this model and to separate them
from similar terms in M1 and M2. The variable #; is the number
of neighbours for survey j. Here, the sum of €; ,, 4 is always zero;
only correlations among neighbouring surveys were counted and
neighbours were weighted equally. Priors used in this model are
listed in Table 1.

The fourth model that we considered is close to M3, but we
modelled the covariance of the correlated surveys according to
the distances among them, i.e. both neighbouring surveys and
non-neighbouring surveys were considered to be correlated
(SCA_Distance M4),

Ln(jay) = Ln(qjaNay) + €j.ay.5 + €jay.6 @
€jay6 ~ MVN(0, V),
where &, 5 ~ Normal(0, o2 5) and V is the variance—covariance
matrix of the normally dlstrlbuted but spatially correlated ;,4,.6.
Subscripts 5 and 6 in £;,,5 and &j,, ¢ are used to represent the
differences of uncertainty of indices in this model to separate
them from similar terms in M1 to M3. If g and h represent two
survey locations, then the respective errors should be &, and &j.
The covariance Cov(eg, €},) between &, and &, is a function of the
distance dg between g and h, and of the range H (ie. the
maximum distance over which any significant autocorrelation
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Table 1. Priors used in the models (catches are in 10° fish in the models).

Models

Scenarios Parameters and their priors

M1
A commonly used SCA model; the abundance indices are independent
and proportional to population abundance

M2
A spatial SCA model with abundance indices modelled as random effect

M3
A spatial SCA model with correlations among neighbouring surveys
modelled as conditional autoregressive process

M4

A spatial SCA model with abundance indices assumed to be spatially
autocorrelated and correlation modelled as a function of distance
between surveys

S1 o7 ~ U(0.001, 10); o7 ~ U(0.001, T);
0f ~ U(0.001, 10); Ng=1,y=198 ~ U(1, 100) X Coy—1082;
a% ~ U(0.001, 10); F, ~ U(0.001, 2); S, ~ U(0, 1);
Ln(ﬁy) ~ U( min(Ln(C1,y:1982:2007))v .
max(Ln(100Ccohor,y)))
Ln(qj,a=1) ~ U(Ln[min(/} 4— /upper bound of R)], .
Ln[max(l} 4—1/lower bound of 1_2)])‘
Ln(qj,a>1) ~ U(Ln[min(l} 4>1,/100C>1,,)],

Ln[max(lj.4>1,y/Ca>1,)])
S2 Same as M151 but 02 ~ U(0.001, 1);
a; ~ U(0.001, 0.5); a3, ~ U(0.001, 5);
Ln(R,) ~ U(0, 200); Ln(g;,4) ~ U(—8, 4)

S1 Same as in M1S1, but also 0'}’2 ~ U(0.001, 1);
€j.a,.n for aged indices j ~MVN(u,, V>),
n, =1[0,0,0,0,0,0];1/V, = dwish(R, k); k = 9;
R = lgxe With main diagonal values = 0.1;
and other values = 0.005;
€jayN for non-aged indices j ~ MVN(us, V3),
u; =[0,0,0,0,0,0,0,0];1/V; = dwish(R', k');
K=14;R = Jsxs with main diagonal values = 0.1;
and other values = 0.005

S2 Same as in M2S1, but o7, ~ U(0.001, 0.5)
R = [ Jexe With main diagonal values = 0.05;
and other values = 0.007;
R’ = Jgxs With main diagonal values = 0.05;
and other values = 0.001

S1 Same as in M1, but also 0'?3 ~ U(0.001, 1);
a; 4, ~ U(0.001, 1); &, ~ U(0.001, 10);

S2 Same as in M1, but also 0'?,3 ~ U(0.001, 0.5);
oﬁA ~ U(0.001, 0.5); &, ~ U(0.001, 5);

S1 Same as in M1, but also 0?.5 ~ U(0.001, 1);
ofﬁ ~ U(0.001, 1); 1/H ~ U(0.2, 2);

S2 Same as in M1, but also a7 ¢ ~ U(0.001, 0.5);
aﬁ‘ﬁ ~ U(0.001, 0.5); 1/H ~ U(0.2, 2)

S3 Same as in M1, but also 0'?_5 ~ U(0.001, 1);

a7 ¢ ~ U(0.001, 1); 1/H ~ U(0.25, 2);

See text for the justification of the priors.

occurs), as specified by the longitude and latitude of the samples, i.e.
Cov(eg, &) = os’f (dgn, H). The variable 0%> is the base covariance
when the distance is 0 and the covariance model used is an exponen-
tial model, f (dgy, H) = exp(—dg/H). Here, instead of using the
longitude and latitude to determine the distance between surveys,
we used the number of states between g and h as the distance. For
example, MD and DE are neighbours in Figure 1, and the distance
between surveys in these 2 states is defined to be 1; MD and NY
are not neighbours since DE and NJ are between them, hence the dis-
tance between surveys in MD and NY is 3. Priors used in this model
are listed in Table 1.

Both M3 and M4 assume that spatial autocorrelation may cause
spatial heterogeneity, but their modelled heterogeneity does not
vary over time. M2 allows the modelled spatial heterogeneity to
vary over time, i.e. allows for spatial asynchrony (Buonaccorsi
et al., 2001; Banerjee et al., 2003).

Bayesian approach and priors
We used a Bayesian approach to fit the spatial hierarchical models to
data collected from different sources (Banerjee ef al., 2003; Calder

et al., 2003). Because models M2 to M4 model I hierarchically, the
posterior density distribution for parameters needs to consider
hyperpriors related to I. A Bayesian model (M1) defines the poster-
ior density for parameters (p(6 =R, Nu>1,1982, Fy, Sa, qj.as 05,
0¢, Or, on|C, I)) using Bayes’ theorem as

p(0IC, D)

oc L(IIN, g, gj))L(CIN, F, S, o) m(0), ©)

where LI|N, g, oj) equals [ [ [ ][] 8(j.a,y|Nay, 4j,a, 0), whichisthe

y a j
likelihood function of I (all the available relative abundance indices).
The variable L(C|N, F, S, ;) equals [[[](Cyy|N,y, Fy, Sa, 00),

which is the likelihood function (_)f C;y_ar:d 7(6), the prior of the
parameters, equals [][][[ m(R)m(Na>1,1982) (F))m(Sa) (q.0)

y

m(o) (o) m(oR) M(ON).
In models M2 to M4, assigning priors for hyperparameters is also
needed to calculate the joint posterior. For example when M2 is
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used, the joint posterior is

p(0 =R, Ny>1,1982, Fy Sas 4jiar 02, Oc, O, 0N, 0n,2|C, ]) ©)
oc L(IIN, q, 0j)L(CIN, F, S, o) m(6),

where L(IIN, g, gj) is the likelihood function of I (all the

available relative abundance indices) and is calculated as

LUIN, q,09) =T]]1 ]_.[g(Ij,,,_y|quu$y, Qja» 0j2). The variable

L(C|N,F, S, o) yis Zhej likelihood function of C and is calculated
as L(CIN,F,S,o0,) = l_[ l_[ h(ca,leu,y’ Fya Sas 0, and 7(6)
is [TTTTT (R m(Na>1)1082) m(EF)) m(Sa) (g .0) () 2) m(0) m(0R)

(o) T(Oy.2).

In the equations above, g(Ij 4, ...) is the probability density
function for I, , with parameters Ny, 4.4, 05 01 Ny, ja» 025
h(Cayl...) is the probability density function of C,, given para-
meters N, Fy, S, 0¢; f (NayjINay, 0ayn,2) is the probability
density function of N, , ; with parameters N, ,, 04, n,2. The same
algorithm can be used to develop the joint posterior for M3—-M4.

Priors need to be specified for all the parameters in a Bayesian
analysis. Usually two types of prior distributions are used in a
Bayesian analysis: non-informative and informative (Berger, 1985;
Gelman et al, 2004; Gelman, 2006). The choice of a non-
informative or informative prior for a parameter was determined
by the reliability and details of prior knowledge. Priors that are
vaguely informative were explained in the model section above.
All the priors for the variances for recruitment, catch, and abun-
dance indices are non-informative, and wide uniform distributions
were used (Table 1).

A critical issue in using Markov Chain Monte Carlo (MCMC)
methods is the convergence diagnostic for the posterior distribution
(Cowles and Carlin, 1996). Here, we monitored the trace for key
parameters, and also used the Gelman and Rubin statistic
(Gelman and Rubin, 1992; Spiegelhalter et al., 2004). Three chains
were used. The three chains converged after 20,000 iterations with
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a thinning interval of 5 based on the convergence criteria. The
initial iterations were discarded. The posterior distributions of
the key parameters were obtained through a kernel smoothing ap-
proach (Bowman and Azzalini, 1997).

Simulation study

After the study based on the example fishery was complete, a simu-
lation study was conducted to test the performance of the proposed
models and evaluate the model selection uncertainty when infer-
ence was based on a model selection criterion (here Deviance
Information Criterion, DIC, see below). Model selection uncer-
tainty increases when the “true” model cannot be found based
on the model selection criteria, a phenomenon that has been
found to be very common in dealing with ecological and fisheries
data (Draper, 1995; Burnham and Anderson, 2002; Jiao et al.,
2008). Such a simulation study helps us to understand how
robust the recommended model is, how high the model selection
uncertainty is, given the example fishery, and allows evaluation
of the performance of the recommended model even when the
true model cannot be found based on the model selection criteria
(Draper, 1995; Jiao et al., 2008). The following simulation algo-
rithm was used to: (i) estimate recruitment, fishing mortality,
and all the other parameters from the models (M1—M4) using
data of the example fishery and treat these estimates as the “true”
population dynamics parameters; (ii) generate population abun-
dance indices data and catch-at-age data from a Monte Carlo
simulation based on estimated “true” recruitment, fishing mortal-
ity, selectivity and uncertainty levels equivalent to the uncertain-
ties estimated from the original “true” population; (iii) analyse
the generated dataset using the four models; and (iv) evaluate
the uncertainty arising from model selection and the performance
of the “best” model selected by the model goodness of fit (DIC
here) based on the relative estimation error (REE) and absolute
relative estimation error (AREE, see Table 2 for the simulation
design). Steps (2) through (4) above were repeated 100 times to

Table 2. Relative estimation bias (REE) of fishing mortality (F), selectivity (S) and recruitment (R), and the probability of being the best model

of 100 simulation runs.

True model Probability
used in the Model used of beingthe  Meanof Meanof Mean of Mean of Mean of Mean of

Scenarios  simulation for estimation  best model REEof F REEofS  REEofIn(R) AREEofF  AREEofS  AREE of In(R)

S1 M1 M1 0 —3.79 2.70 1.21 18.26 11.46 537
M2 100 —3.97 2.28 133 17.65 11.67 5.27
M3 0 —2.76 5.06 1.93 18.54 11.46 5.98
M4 0 —4.26 227 1.20 17.48 11.57 5.15
Best Model —3.97 2.28 133 17.65 11.67 5.27

S2 M2 M1 0 —5.10 0.72 3.47 15.36 8.60 11.02
M2 100 —3.89 0.54 2.64 14.23 8.66 7.1
M3 0 —5.21 2.71 4.12 16.93 8.72 13.68
M4 0 —434 —0.51 3.13 14.25 8.93 9.27
Best Model —3.89 0.54 2,64 14.23 8.66 7.11

S3 M3 M1 0 —3.52 4.50 —0.18 25.35 13.64 6.16
M2 100 —253 0.87 —0.35 19.85 11.56 5.46
M3 0 —4.46 5.62 —0.06 17.99 11.32 497
M4 0 —3.46 2.51 —0.55 22.62 13.66 5.80
Best Model —253 0.87 —0.35 19.85 11.56 5.46

S4 M4 M1 40 —4.15 3.36 1.57 17.54 10.22 5.55
M2 60 —3.80 2.84 1.70 17.26 10.16 5.43
M3 0 —3.14 5.58 2.02 17.26 10.85 6.74
M4 0 —4.22 259 1.49 16.90 10.44 519
Best Model —3.89 3.02 1.63 17.36 10.20 5.42
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yield 100 sets of estimated population growth rates and population
densities from each model.

The REE and AREE statistics which have been widely used in fish-
eries, are used here to compare the bias accuracy and precision in the
corresponding parameter estimates when different models are used
(Schnute, 1987; Jiao ef al., 2009a, b). The variable REE(E;) for esti-
mated fishing mortality rate in year y, F,, was calculated as follows:

. 1P, -F
REE(F) ==Y 22— 2 x 100
(F) n; 7,
F,,—F @
N 1 Rp—
AREE(F)) = —Zu x 100,
ne F,

where 7 indicates the ith simulation run and 7 is the number of the
years. The variable F is the true fishing mortality rate in year y, and
F, i is the estimated fishing mortality in year y in the ith simulation.
An estimation procedure with small REE suggests that it performs
well and tends to have smaller bias in estimating F. A small AREE
suggests that the approach performs better and tends to have
better precision in estimating F. The same approach was used to es-
timate REE and AREE for recruitment and selectivity.

Model selection uncertainty was evaluated through a probability
of choosing the “true” model as the best model, based on the lowest
DIC value. For example, when the M1 model was used as the true
model, in each of these 100 runs, the simulation algorithm would
pick the best model based on the DIC values (smallest DIC means
the best model); the best model would be recorded in each of the
simulation runs. After the 100 runs, the proportion of times each
model was chosen as the best model was calculated based on the
DICs of each model in the 100 runs. For example, if the M1 model
was chosen as the best model in 20 of 100 runs, then the probability
15 20%. In this simulation, the results of the REEs and AREEs, and the
probability of being selected as the best model, from the first 50 runs
and the second 50 runs were similar. This indicated that the simula-
tion results were stable for REE and AREE, and for model selection
uncertainty estimation. We then decided to use 100 runs consider-
ing the long time for computation (Schnute, 1987; Jiao et al., 2008,
2009a, b).

Model goodness of fit

The goodness-of-fit statistics for the hierarchical spatially structured
Bayesian statistical catch-at-age (SBSCA) models were compared
with the classical, nonspatial SCA model based on the estimates of
the DIC:

DIC = 2D — DorD + pp

D(x, 6) = —2log Likelihood(x|6) (8)

Pp = D — D,
where D is the deviance, a measurement of how well each model fits
the observed data, pp is the effective number of parameters in a
Bayesian model, D is the posterior mean of the deviance, and Dis
the deviance of the posterior mean. Here, x includes C, , I; 5, and
0 includes R, Ng>i 1982, Fy, Sa, 4ja» O}, Oc, Or, oy in the SCA
model and also includes hyperparameters used in the distribution
of the indices in the other three models, such as parameters in the
Wishart (dwish, in Table 1) distribution, and H in the exponential
autocorrelation function. The DIC is a hierarchical modelling gen-
eralization of AIC (Akaike information criterion) and BIC (Bayesian
information criterion). The lower the DIC value, the better the
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model. It is particularly useful in hierarchical Bayesian model selec-
tion problems (Spiegelhalter et al., 2002 2004; Jiao et al., 2008,
2009a, b, 2010).

Retrospective analysis

Retrospective error has been one of the important issues in fisheries
stock assessments (Mohn, 1999; NEESC, 2008). An extra 3-year
retrospective analysis was done for each of the models. The retro-
spective pattern was treated as one of the two criteria to compare
models. Here, 1 year retrospective error was measured as follows:

El — (erdata to year t _Nfldata to year t+1) )
=
(Ndata to year t+l) ’

where Ni|daa to year ¢ 18 the estimated population abundance in year ¢
when data up to year t was used in the model (Jiao et al, 2012). The
second criteriais based on Mohn (1999), and it is calculated as below
for the 3-year retrospective analysis:

2007 | —N,|
)i2) 1 data to year ¢ tldata to year 2007

(10)

1=2007—5 N, |data to year t

Sensitivity analysis

In this analysis, non-informative priors were primarily used. Our
preliminary analysis found that using an informative prior for para-
meters tended to decrease the computing time and the Markov
Chains converged much faster. This characteristic of an MCMC is
very important for models that are as complicated as the ones devel-
oped here. We then developed a sensitivity analysis using inform-
ative priors for the variance terms, °. The informative prior for
0® was based on the modelling analysis from M1 to M4, i.e. two
times the variance of model M;, | M;» Was used as the prior of the
second scenario of each model. The use of priors from previous ana-
lyses has been suggested as valuable in Bayesian analysis (Gelman
et al., 2004). This can be a useful way to elicit informative priors.
Here we widened the before two times the variance of model M;,
07 |u,» for the prior of ¢ in model M; to make sure that the prior
was not too restrictive. For the spatial models we added extra scen-
arios to test the appropriateness of the priors for the variance—co-
variance matrix of the spatially correlated residuals. Details of the
priors in the sensitivity analysis are presented in Table 1.

Results
Our MCMC convergence diagnostic based on the Gelman and
Rubin statistic and the trace plots showed that convergence of the
MCMC algorithm for all models are guaranteed. The Gelman and
Rubin statistic for all parameters, including all variance terms,
ranged from 0.99 to 1.01, indicating convergence of the Markov
chains. We also visually observed the trace plots of the major para-
meters, which showed good mixing of the three chains, also indica-
tive of convergence of the MCMC chains (figures not shown). For
the simulation runs, only the Gelman and Rubin statistic was used
as the tool to diagnose convergence of the MCMC, and runs with
Gelman and Rubin statistic beyond the range 0of 0.99—1.01 were dis-
carded. Extra simulation runs were added in such cases (only
observed in 2 of the 100 runs for M4).

Extending the commonly used SCA model (SCA, M1) to a hier-
archical spatial random effect model (SCA_RE, M2) increased the
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Table 3. DIC and retrospective error estimates when different

models are used.

Models Scenarios DIC E2004 EZOOS E2006 E2
M1 S1 2437.6 0.24 0.01 0.34 0.57
S2 0.23 —0.07 0.15 0.33
M2 S1 2140.2 0.12 —0.03 0.34 0.66
S2 0.06 —0.01 0.26 0.43
M3 S1 2764.5 0.16 —0.01 0.34 0.53
S2 0.22 0.02 0.36 0.62
M4 S1 2467.6 0.31 0.03 0.44 0.81
S2 0.28 0.06 0.38 0.73
S3 0.35 0.05 0.42 0.83

Eyear is the retrospective error for the given year (see text for explanation), and

E2 is the retrospective error used in Mohn (1999).

Y. Jiao et al.

model goodness-of-fit dramatically. The difference between
DICs from these two models was 297.4 (Table 3). However,
the SCA_CAR model (M3) decreased model goodness-of-fit
(Table 3). The spatial hierarchical SCA_Distance model, that
assume that covariance among surveys is a function of their distance
(M4), also resulted in a relatively higher DIC than when M 1 was used
but not as high as when M3 was used. The differences between the
DIC values indicated that modelling spatial synchrony/asynchrony
through hierarchical spatial models is valuable (M2 has the lowest
DIC value). Because the fit for M3 and M4 was much worse than
M1, spatial autocorrelation among neighbouring areas as modelled
in M3 or by M4 (using the distance between locations) seems
not evident. Comparison among DICs suggested that M2 was
the most appropriate model and that the weakfish population
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Figure 2. Estimated posterior population abundance. Continuous line represents mean estimates, and dotted lines represent 95% credible

intervals.
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Figure 3. Estimated posterior fishing mortality. Continuous line represents mean estimates, and dotted lines represent 95% credible intervals.

distribution is highly heterogeneous as reflected in the random
effect in different surveys and has spatial asynchrony over time.

The estimated population trends from the four models were
not the same, with results from M1, M3, and M4 being much
closer (Figure 2). M2 resulted in lower population size after the
mid-1990s than M1, M3 and M4. Fishing mortality estimation fol-
lowed similar patterns when different models were used (Figure 3).
Here although all the models were calibrated using the same relative
abundance indices, expected trends in population size can be differ-
entbecause of the different functions of the abundance indices equa-
tions used in the spatial hierarchical models.

The spatial synchrony/asynchrony was modelled as a random
effect in the surveys in M2. The estimated &;,,,, values were
plotted to show the spatial heterogeneity and its variation in M2.
Bubble plots (Figure 4) were used to represent the spatial variation
among surveys with positive &;,,,, plotted in red and negative
values of them plotted in blue. Positive values indicate that the

corresponding survey locations tend to have higher population
densities than average over time, while negative values indicate
that the corresponding locations tend to have lower population
densities than average over time. This pattern is associated with syn-
chrony among some surveys/locations and asynchrony with other
surveys/locations. The NMFS survey and SEAFALL tended to
have a higher than average population densities for ages 2—5 after
2003 although the proportions of ages 2—5 fish are low in both
surveys (Figure 4A). DEDFG, NJDEP, and MREFSS surveys tended
to have lower than average population densities after 2003.
DWDFG and NJDEP tended to have to higher than average popula-
tion densities from mid-1990s to 2003.

Spatial synchrony/asynchrony of YOY was clearly reflected in the
results of M2. The random effects from the YOY surveys indicated
that the density of the population was probably changing in different
survey locations over time (Figure 4B). The DEDFW, NCDMEF,
VIMS survey, and RI surveys tended to have higher than average
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Figure 4. Spatial heterogeneity reflected from different surveys shown as differences from the mean population size M2. Positive values were
plotted in red, while negative values were plotted in blue. See text or the explanation of the bubble plot. (a) Spatial-temporal variation of the fish
groups shown from 6 age surveys. See Supplementary Table S1 for the explanation of the surveys. See text for the explanation of the bubble plot. (b)
Spatial-temporal variation of the age 1 fish groups shown from 8 YOY surveys. See Supplementary Table S1 for the explanation of the surveys.

YOY populations before 1990, but had lower than average YOY
population after 1995. The change in the YOY population density
was in contrast to the trend for MDDNR1, MDDNR?2, and CT
surveys, that showed lower than average YOY populations before
1990 but higher than average populations after 1995. The period
of 1990—-1995 seemed to be the time where the change happened.

The estimated posterior distributions of N, and F,,,s, from M1
and M3 were similar but different for M2 and M4 (Figure 5). M2
resulted in smaller F,, and larger N, whereas M4 resulted in
larger F,,, and smaller N,

Model selection uncertainties from the simulation study were
high. With the example stock, probabilities of determining the
true model were, respectively, 0, 100, 0, and 40% for the M1-M4
models (Table 2). However, the simulation study also showed that
the “true” model tended to give the estimate with lower to lowest

REE and AREE values, which means that the parameter estimates
are better, but not always the best (Table 2). The REE and AREE
values calculated from the “best model” selected based on DIC,
were low and very close to the REE and AREE calculated when the
true models were used (Table 2). This implies that the DIC works
well in selecting models among these SCAs (Jiao et al., 2009a, b).

Discussion

Spatial synchrony/asynchrony often exists among species of interest
because of autocorrelated ecological variables, species dispersal,
species interaction, and collared noises of the environment, and
may cause serious errors in data analyses if neglected (Legendre,
1993; Heino et al, 1997; Vasseur, 2007; Pandit et al, 2013).
Studies that incorporate spatial processes into fishery data analysis
were limited to surveys on either abundance or relative abundance,
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Figure 5. The estimated maximum sustainable population abundance Nmsy and maximum sustainable fishing mortality Fmsy. Markers x are the

median of the posterior distributions.

i.e. the studies either estimate the abundance based on the survey
data directly, or use the catch rate standardization to develop relative
abundance based on the surveys (Petitgas, 1993, 2001; Nishida and
Chen, 2004; Addis et al., 2009). In an age-structured model, the
spatial synchrony/asynchrony can be reflected in surveys from dif-
ferent states and regions. The method to integrate different surveys
from different locations into a stock assessment model as we
propose here islargely needed and has not been developed previous-
ly. Our study suggests that our proposed spatial hierarchical
Bayesian statistical catch-at-age models can be a very useful and
novel method to incorporate spatial synchrony and asynchrony
over time into a fisheries stock assessment.

Three hypotheses about the possible spatial dynamics of the popu-
lation distribution/density were modelled and tested through model
comparison. The largely reduced DIC values using the spatial hier-
archical model (M2 here) suggested that incorporating spatial vari-
ation of the population abundance is worthwhile. It also suggested
that spatial asynchrony of Atlantic weakfish is obvious and hence
needs to be taken into account by the model. However, the partial cor-
relation structures tested in M3 and M4 did not improve model fit.
The increased DIC values using M3 and M4 suggested that spatial het-
erogeneity of Atlantic weakfish is probably less continuous (M4) and
less influenced by the neighbouring regions (M3). This could be
derived from the fact that the differences in abundance among loca-
tion are completely random (M2) or because the real spatial structure
is different from those tested in M3 and M4. Other functions, such as
spherical and Gaussian models, may be considered in the future
(Rossi et al., 1992; Heino et al., 1997).

The spatial hierarchical model that fit the weakfish data the best
(M2) suggested that the spatial synchrony and asynchrony among
surveys over time was changing around the mid-1990s and early
2000s. After entering the 2000s Atlantic weakfish tended to have a
density that was higher during this period than before in the

southern area and in the offshore area. According to the time-series
surveys on catch of weakfish from private boats by recreational
anglers, both the ocean catches and inland catches increased in
the South-Atlantic in recent years, but decreased in recent years in
the Mid-Atlantic area. The ocean catches in the 1980s in the
Mid-Atlantic area are not less than those from inland in the
Mid-Atlantic area but are much lower in the South-Atlantic area
(Figure 6). These catch observations are consistent with our model-
ling results on spatial asynchrony.

Results from both prior scenarios when the same models were
used were similar, which indicated that the informative priors for
variances are appropriate for future stock assessment. The stability
of the results might be a result of the hierarchically structured var-
iances (Gelman et al., 2004). Hierarchical models have been found
to provide robust estimates of the parameters in models in a
variety of areas, such as pharmaceutical, ecological, and fisheries
(Gelman et al., 2004; Jiao et al., 2009a, b, 2011).

In our simulation study, we found that the estimated posterior
means of the parameters were close to the “true” values in most of
the runs. We also found that the DIC recommended models resulted
in parameter estimates with lower estimation uncertainty that tend
to be close to the estimates when the “true” models were used.
Schnute (1987) and Jiao et al. (2008, 2009a, b) found that the
model selection uncertainty can be rather high, and the models
recommended by the information based criteria have low probabil-
ity of being the “true” model. This discrepancy suggested that the
model selection uncertainty is probably less when the ADIC is
higher and ADIC/DIC is larger.

Our study investigated possible spatial hypotheses based on the
example fishery and provides potential models that could be used to
account for spatial synchrony and asynchrony. We recommend that
the preferred model be considered as an operational model for
future stock assessment of the example fishery. Other hypotheses on
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Figure 6. A time-series survey of private boat (only) catch of weakfish by recreational anglers for the Midand South-Atlantic, with a comparison of
Inland (for example, Inland VA = the Chesapeake, its tributaries, Potomac tributaries, and seaside bays and inlets) vs. all ocean combined (state

ocean + federal ocean).

weakfish stock assessment, such as changes in natural mortality, may
need to be considered also when an operational model is considered.

This study provided not only useful spatially dynamic age-
structured models but also a framework for fisheries scientists to
explore possible ways to incorporate spatial dynamics into fisheries
stock assessment models. Fish population dynamic patterns also
may affect the performance of different models. Our study reflected
characteristics of the example weakfish fishery dynamics across the
North Atlantic under harvest, and hence the results are primarily ap-
plicable to the weakfish fishery. Results of our research are not
intended to supersede results of the 2009 stock assessment for weak-
fish (NEFSC, 2009). Weakfish was used as a case study to demon-
strate the applicability of these models to a wide range of species.
Although the conclusion of an optimum model of spatial asyn-
chrony may not be globally true for all southeastern US and Gulf
of Mexico fisheries, the model-selection procedure, and the
general conclusions on modelling Bayesian SCA with inconsistent
or asynchronous relative abundance indices among surveys in dif-
ferent spatial area, have global utility.

Supplementary data

Supplementary material is available at the ICESJMS online version
of the manuscript.
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