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S1 The MCMC Sampling Algorithm for the Proposed

Spatial-Temporal Model

Gibbs sampling on the latent spatial random fields Z

The conditional distribution of Zt,i in year t depends on the observed counts yt,i and all the

other Z(t,i) = {Zt,ℓ, ℓ ̸= i}. Assume independence between Zt and Zs, t, s = 1, . . . , T , t ̸= s. If

yt,i > 0, Et,i = 1 and Zt,i > 0 with probability 1. The full conditional distribution of Zt,i is a

truncated Gaussian given by

p(Zt,i|Z(t,i), yt,i > 0,β,α, ξt(t = 1, . . . , T ), ρ, ϕ, ϕ1)

∝ (2π)−1/2 exp{−(Zt,i − µ∗
t,i)

2/2}I(Zt,i > 0),

where µ∗
t,i = x′

iβ + ϕ
∑

l̸=i wil(Zt,l − x′
lβ). When yt,i = 0, the full conditional distribution of

Zt,i is

p(Zt,i|·) ∝ (2π)−1/2 exp{−(Zt,i − µ∗
t,i)

2/2}

× {I(Zt,i ≤ 0) + I(Zt,i > 0) exp[− exp{ηt,i}]}It,i , (S1.1)

where the indicator function It,i = 1 if grid i is surveyed in year t and 0 otherwise.

When It,i = 1, the technique to sample from the full conditional distribution in (S1.1) is

described in Fei and Rathbun (2006). Let qt,i = Φ(µ∗
t,i), where Φ(·) is the cumulative standard

normal distribution function. With the probability

qt,i {exp[− exp(ηt,i)]}
qt,i{exp[− exp(ηt,i)]}+ (1− qt,i)

,

we sample from N(µ∗
t,i, 1) truncated to the left at zero, and otherwise we sample from N(µ∗

t,i, 1)

truncated to the right at zero. When It,i = 0, Zt,i is sampled from N(µ∗
t,i, 1) without truncation.
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For the grid with
∑T

t=1 It,i = 0, there is no contribution to the likelihood by this grid, while

the statistical inference can still be drawn for these grids based on their neighborhood.

Gibbs sampling on β

The full conditional distribution of β is of the form

p(β|X,Z, ϕ) ∝ exp[−{
T∑

t=1

(Zt −X′β)′Σ(ϕ)−1(Zt −X′β) + β′g−1

β (X′X)β}/2],

which is a multivariate normal distributionN(µ̃β , Ṽβ) with Ṽβ = {TX′Σ(ϕ)−1X+g−1

β
(X′X)}−1

and µ̃β = Ṽβ(
∑T

t=1 X
′Σ(ϕ)−1Zt).

Metropolis-Hastings sampling on ϕ

The full conditional distribution of ϕ is given by

p(ϕ|·) ∝ |Σ(ϕ)|−T/2 exp
{
− 1

2

T∑
t=1

(Zt −X′β)′Σ−1(ϕ)(Zt −X′β)
}
· π(ϕ).

To facilitate sampling ϕ from the given boundary of the uniform prior, let η = logit{(ϕ −
ϕmin)/(ϕmax − ϕmin)} and let ηm+1 ∼ N(ηm, ϕ

2
η), where ηm is the value of η at the mth it-

eration and ϕ2
η is the tuning constant to achieve the desired acceptance rate. Then ϕm+1 =

{exp(ηm+1)ϕmax+ϕmin}/{1+exp(ηm+1)}. The probability of updating ϕ is decided by the min-

imum of 0 and log{p(ϕm+1|·)(ϕm+1−ϕmin)(ϕmax−ϕm+1)}−log{p(ϕm|·)(ϕm−ϕmin)(ϕmax−ϕm)},
where ϕmin = −0.2517119 and ϕmax = 0.1257267 as described in Section 3.

Metropolis-Hastings or adaptive rejection sampling on α

The full conditional distribution of α takes the form

p(α|·) ∝ exp
[ T∑

t=1

N∑
i=1

{(x̃′
t,iα+Ψt,iξt)yt,i − exp(x̃′

t,iα+Ψt,iξt)}I(Zt,i > 0)

− 0.5×α′Σ−1
α α

]
. (S1.2)

To accelerate convergence, each element of α is sampled separately. A new value for the pth

element in α, α∗
p,m+1, is sampled from N(αp,m, ϕ

2
p), where αp,m is the value of αp at the mth

iteration and ϕ2
p is the tuning parameter which is selected to yield an empirical acceptance rate

around 0.25, as used by Fei and Rathbun (2006). Each element is updated based on the fraction

min [{p(αp,m+1|·)}/{p(αp,m|·)}, 1].

Once spatial correlation in the count part is introduced into the model, the convergence

is very slow using the above Metropolis-Hastings sample. Since the full conditional density in
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(S1.2) is log-concave in each component of α, we use the adaptive rejection sampling algorithm

of Gilks and Wild (1992).

Adaptive rejection sampling on ξt (t = 1, . . . , T )

The posterior densities of ξt, t = 1, . . . , T , are log-concave in each component of ξ. Therefore,

we can use the adaptive rejection sampling algorithm of Gilks and Wild (1992) to sample from

the full conditional density of ξ. The logarithm of the full conditional density h(ξt,j) and its

first derivative h′(ξt,j), t = 1, . . . , T, j = 1, . . . ,M are given as follows:

h(ξt,j) ∝
∑N

i=1 [I(Z1,i > 0){η1,i y1,i − exp(η1,i)}]− (ξ2,j−ρξ1,j)
2

2τ2λj,j
− ξ21,j

2·σ2
ξ
, t = 1∑N

i=1 [I(Zt,i > 0){ηt,i yt,i − exp(ηt,i)}]− (ξt,j−ρξt−1,j)
2+(ξt+1,j−ρξt,j)

2

2τ2λj,j
, 1 < t < T∑N

i=1 [I(ZT,i > 0){ηT,i yT,i − exp(ηT,i)}]− (ξT,j−ρξT−1,j)
2

2τ2λj,j
, t = T

h′(ξt,j) ∝
∑N

i=1 [I(Z1,i > 0)ψi,j{y1,i − exp(η1,i)}] + ρ(ξ2,j−ρξ1,j)

τ2λj,j
− ξ1,j

σ2
ξ
, t = 1∑N

i=1 [I(Zt,i > 0)ψi,j{yt,i − exp(ηt,i)}]− (ξt,j−ρξt−1,j)−ρ(ξt+1,j−ρξt,j)

τ2λj,j
, 1 < t < T∑N

i=1 [I(ZT,i > 0)ψi,j{yT,i − exp(ηT,i)}]− ξT,j−ρξT−1,j

τ2λj,j
, t = T,

where ηt,i = x̃t,iα+Ψ′
iξt and σ2

ξ = 106.

Metropolis-Hastings sampling on ϕ1

We draw ϕ1 using the Metropolis-Hastings algorithm. For the mth-current MCMC iteration,

log(ϕ∗
1) is drawn from N(log(ϕold

1 ), δϕ1). The full conditional density of ϕ1 is given by

π(ϕ1|·) ∝ exp

[
T∑

t=1

N∑
i=1

{(x̃′
t,iα+Ψt,i(ϕ1)ξt)yt,i − exp(x̃′

t,iα+Ψt,i(ϕ1)ξt)}

]
· ϕ−αϕ1

−1

1 exp(−h/ϕ1),

where αϕ1 = 2 and h = maxdistance/[−2 log(0.05)]. The new value is accepted with the prob-

ability given by

min

{
1,

π(ϕ∗
1|·) · ϕ∗

1

π(ϕold
1 |·) · ϕold

1

}
.
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Gibbs sampling on ρ

The full conditional density of ρ is a truncated normal N(µρ, σ
2
ρ)I(−1, 1) with

σ2
ρ =

(
T∑

t=2

ξ′
t−1τ

−2Λ−1ξt−1

)−1

,

µρ = σ2
ρ

T∑
t=2

ξ′
t−1τ

−2Λ−1ξt.

Gibbs sampling on τ 2

The full conditional density of τ2 is an inverse Gamma distribution IG(c∗, d∗) with c∗ = c +
M(T−1)

2
, d∗ = d+

∑T
t=2(ξt − ρξt−1)

′Λ−1(ξt − ρξt−1)/2, c = 2 and d = 1.

S2 The Algorithm for Particle Learning and the Log

Predictive Score

The proposed spatial-temporal model contains a Poisson dynamic linear model (DLM) in (1)

and (2) with the observational and state equations:

log(λt,i) = x̃′
t,iα+Ψ(si)ξt,

ξt = ρξt−1 + vi, vi ∼ NM (0, τ2Λ).

For this DLM, it can be shown that, for t = 2, . . . , T , the prior (propagation) density is

ξt|λt−1 ∼ N(at,Rt), the predictive density is λt,i|λt−1 ∼ N(ft,i,Qt,i), and the posterior (filter-

ing) density is ξt|λt ∼ N(mt, Ct), where λt = (λ1, . . . ,λt)
′, λt = (λ′

t,1, . . . , λ
′
t,N )′ and N(a, b)

denotes the normal distribution with mean a and variance b. The means and variances for

these densities can be obtained using standard Kalman filtering recursions (West and Harrison

(1997)) as follows:

at
M×1

= ρmt−1
M×1

, Rt
M×M

= ρ2Ct−1
M×M

+ τ2 Λ
M×M

,

mt
M×1

= at
M×1

+ At
M×N

et
N×1

, Ct
M×M

= Rt
M×M

− At
M×N

Qt
N×N

A′
t

N×M
,

At,i
M×1

= Rt
M×M

Ψ(si)
M×1

′Q−1
t,i

1×1

, et,i
1×1

= λt,i
1×1

− ft,i
1×1

,

ft,i = x̃′
t,iα+ Ψi

1×M
at

M×1
, Qt,i

1×1

= Ψ(si)
1×M

Rt
M×M

Ψ(si)
′

M×1

.
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The basic particle learning algorithm can be found in Carvalho, Johannes, Lopes, and

Polson (2010) and Lopes and Tsay (2011). Assume that the static parameters (α, ϕ1, ρ, τ
2)

and the binary probabilities of presence (pt,i, t = 1, . . . , T, i = 1, . . . , N) are specified as their

corresponding posterior means from the MCMC simulation. The algorithm for particle learning

and the log predictive score is stated as follows.

• Resample: Sample λ
(j)
t+1,i|λt ∼ N(log(λt+1,i); ft+1,i, Qt+1,i). The indices {ζ(l)}Jl=1 are

resampled with the weights

p(ζ(l) = j) =
N∏
i=1

{P (Yi,t+1 = yi,t+1|λ(j)
t+1,i)}

It+1,i ,

where

P (Yt+1,i = yt+1,i|λ(j)
t+1,i) =(1− pt+1,i) + pt+1,i · Poisson(yt+1,i;λ

(j)
t+1,i) if yt+1,i = 0,

pt+1,i · Poisson(yt+1,i;λ
(j)
t+1,i) if yt+1,i > 0,

pt+1,i is the binary probability of presence at grid i in year t + 1, It+1,i is the survey

indicator variable, It+1,i = 1 if grid i is surveyed in year t + 1 and 0 otherwise, and

Poisson(z; γ) is the density at integer z of a Poisson distribution with mean γ.

• Propagate: The state sufficient statistics are the updates using the deterministic relations

obtained in the standard DLM recursions. A new state parameter is then propagated

from the posterior density p(ξt+1|(mt+1, Ct+1)
ζ(l)).

• The log predictive likelihood: This can be obtained by

log p(Yt+1|Y1:t, static parameter, sufficient state statistics at t)

≈ 1

J

J∑
l=1

N∑
i=1

It+1,i logP
ζ(l)(Yt+1,i = yt+1,i),

where ζ(l) is the resampling indicator and P (Yt+1,i = yt+1,i) is the probability of observing

the data yt+1,i. The survey indicator variable It+1,i equals 1 if the grid i was surveyed in

year t+ 1 and 0 otherwise. P ζ(l)(Yt+1,i = yt+1,i) is defined as(1− pt+1,i) + pt+1,i · Poisson(yt+1,i;λ
ζ(l)
t+1,i) if yt+1,i = 0,

pt+1,i · Poisson(yt+1,i;λ
ζ(l)
t+1,i) if yt+1,i > 0.

S3 Additional Discussion

The negative binomial model offers an alternative two-parameter family that is comparable to

the ZIP model. The Poisson model is in fact a special case of the negative binomial model with

the heterogeneity parameter going to zero (Hilbe (2007)). However, parameter estimation for the

negative binomial model with covariates is not as straightforward as the ZIP model (Agarwal,
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Gelfand, and Citron-Pousty (2002)). Most noticeably, the negative binomial model does not

provide a parameter for the probability of the presence of the species and its interpretation is

not as easy as that of the ZIP model. The computation in the spatial dynamic model is also

not stable (Fernandes, Schmidt, and Migon (2009)). Due to these reasons, we do not consider

a negative binomial model to fit the ecological count data.

Another interesting approach is to relate the knots to biologically meaningful locations,

such as species “hot spots” or “cold spots.” We have tried to select the knots based on the

spawning locations. O’Brien, Gregory, Mayo, and Hunt (2005) describe a general seasonal

movement caused by spawning: the cod move inshore in the autumn to the spawning grounds,

and offshore in the summer into the central part of the area for the Gulf of Maine stock, while

on Georges Bank, the cod form spawning aggregations in the late autumn and early spring and

disperse after spawning by moving to the northeast and southwest. Dynamics of the cod stocks

are reflected in the NEFSC data. The distributions of the cods are more scattered in the spring

survey than those in the fall. O’Brien, Gregory, Mayo, and Hunt (2005) summarized the general

spawning areas for the cods in the Gulf of Maine and Georges Bank areas. For details, see the

references cited in O’Brien, Gregory, Mayo, and Hunt (2005). However, our results showed that

simply putting the knots around the spawning locations did not significantly improve the fit of

the model. Better tools are needed for biologically-related knot locations.

Multiscale spatial-temporal modeling is another approach to modeling the dynamic evolu-

tion of massive ecological data. It achieves scalable and efficient computation by decomposing

large data analysis problems into many smaller components (multiscale) (Ferreira, Holan, and

Bertolde (2011)). The multiscale Poisson spatial dynamic model has been developed by Ferreira

and Fonseca (2013) for tornado data, where the administrative county boundary is used for the

finest levels to construct the multiscale structure. To implement this method for ecological data,

a challenging problem is how to appropriately identify and cluster distinct areas of the ecological

population when the observed data are sparse, such as the Atlantic cod data we studied here.

S4 Figures
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Figure S1: The ocean depth in the Gulf of Maine - Georges Bank region (in the unit of

natural logarithm): (a) left panel: the mean ocean depth; (b) right panel: the standard

deviation of the ocean depth at each grid. The whole study area is divided into 1325

grids.
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Figure S2: The average number of Atlantic cod caught in a tow in the Gulf of Maine -

Georges Bank region during 1970-2008.
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Figure S3: The whole study area is divided into 1325 grids with a black dot indicating the

center of the grid. (a) The average number of fish caught at each grid during 1970-2008.

To ease visualization, it is calculated as logarithm of (1+average number of fish caught

at each grid during 1970-2008). The white grids are those that have never been sampled.

(b) The standard deviation of fish caught at each grid during the year 1970-2008. To

ease visualization, it is calculated as logarithm of (1+ standard deviation of fish caught

at each grid during 1970-2008). The white grids are those that have never been sampled

or had only one tow during 1970-2008.
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Figure S4: Posterior estimates under Model 1 (in the unit of counts): (a) posterior mean

count at each grid; (b) standard deviation of the posterior mean count at each grid; and

(c) residuals.
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Figure S5: Knots selected. Left panel: 16 evenly spaced knots were selected in the study

area. Right panel: 32 evenly spaced knots were selected in the study area.
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Figure S6: The logarithm of the standard deviation of posterior mean count from Model

3, Model 6 (32 knots spatial), and Model 7 (32 knots spatial-temporal) at each grid.
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