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Large-scale natural disturbances, such as hurricanes, have profound effects on pop-

ulations, either directly by causing mortality, or indirectly by altering ecological condi-

tions or the quantity, quality, and spatial distribution of resources. In the last 20 years,

two major disturbances, Hurricane Hugo in 1989 and Hurricane Georges in 1998, struck

the Luquillo Mountains of Puerto Rico, providing an unique opportunity to understand

the long-term effects of recurrent disturbances on the abundance of species. Nenia tri-

dens is one of the most abundant and pervasive terrestrial gastropods in the Luquillo

Mountains. Estimates of yearly abundance of N. tridens from 40 sites on the Luquillo

Forest Dynamics Plot from 1991 to 2007 facilitate the development of a spatiotemporal

model with intervention effects on the mean abundance over time in response to each

hurricane. Intervention effects characteristically decay over time, similar to those in a

time series analysis. Model parameters were estimated in a Bayesian framework. Model

comparison and diagnostics suggest that our intervention model provides a plausible de-

scription of hurricanes effects on the abundances of N. tridens and may be useful for

studying long-term spatiotemporal dynamics from the perspective of disturbance and

succession.
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1. INTRODUCTION

The role of disturbance in affecting the spatial and temporal dynamics of ecosystems
has gained sharpened focus in ecology. Disturbances can be natural or human-induced,
differing in frequency, scale, and intensity, leading to different short-term and long-term
responses. Large-scale natural disturbances, such as hurricanes, have profound effects on
populations, either directly by causing mortality through action of wind or rain, or indi-
rectly, by altering the abiotic environment, habitat structure, resource availability, or den-
sity of predators or competitors (Bloch and Willig 2006). In the last 20 years, two major
hurricanes, Hugo in 1989 and Georges in 1998, both in September, struck the island of
Puerto Rico. Hurricane Hugo, a category 4 storm, was much more intense than Hurricane
Georges, a category 3 storm. Because of the infrequent nature of such large-scale distur-
bances and lack of associated long-term data, few ecological studies have examined the
long-term responses of the biota to multiple hurricanes.

Long-term censuses of terrestrial snails, Nenia tridens, occurred in the Luquillo Forest
Dynamics Plot (LFDP; 18◦20′N, 65◦49′W), a 16-ha grid in the northwest of the Luquillo
Experimental Forest (LEF), in the Luquillo Mountains of northeastern Puerto Rico (see
Willig et al. 1998). The LFDP lies in tabonuco forest, a subtropical wet forest type (Ewel
and Whitmore 1973) found below 600 m of elevation. Precipitation is substantial through-
out the year. Although a modestly drier period typically extends from January to April,
rainfall generally remains higher than 20 cm in all months (Brown et al. 1983).

Within the LFDP (Figure 1), 40 circular plots of 3 m radius were spaced evenly in a
rectilinear grid system such that 60 m separated adjacent points along a row or column. The
elevation of the 40 plots ranged less than 75 m from 345.6 m to 418.2 m (mean = 378.06;
SD = 17.17). From 1991 to 2008, snail surveys were conducted during the summer (wet
season); hurricanes occurred after the data collection in the years when hurricanes struck
(1989 and 1998). This is a long-term study by ecological standards, as most ecological
research projects represent only a brief snapshot in time, spanning 1 to 3 years of study
(Gosz 1999). Each time a plot was sampled, two people surveyed it for a minimum of 15
minutes, during which time they searched all available surfaces (e.g., soil, litter, rock cover,
vegetation) up to a height of approximately 3 m. To minimize alteration of long-term study
plots, substrate was disturbed as little as possible while searching for snails. This method
limits the inference space, potentially ignoring small, litter-dwelling individuals, but this is
not an issue for N. tridens, as it is not generally a litter- or soil-dwelling species.

Resistance and resilience are two important aspects of the long-term responses of
ecosystems to disturbances (Zimmerman et al. 1996). Resistance reflects the ability of
a system to withstand perturbation. Resilience reflects the ability of a system recover from
disturbance. These two components, in essence, address how a system responds to distur-
bances, and knowledge about them is key to designing reclamation and restoration efforts.
In the case of N. tridens, we are interested in the extent to which abundance is reduced by
and subsequently recovers from the hurricanes.

Since the introduction by Box and Tiao (1975), intervention analysis has been a stan-
dard methodology for assessing the effect of an intervention on the mean of a time series in
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Figure 1. Topography (vertical axis is elevation in meters above the sea level) of the Luquillo Forest Dynamics
Plot (LFDP; 18◦20′N, 65◦49′W) in tabonuco forest, Puerto Rico, showing the location of forty 3-m radius plots
(filled circles) in which N. tridens were surveyed each wet season from 1991 to 2008. The 40 plots were arranged
into an 8-by-5 lattice, with 60 m separating centers of adjacent plots in a row or column of the lattice. The
long horizontal axis parallels north and the vertical axis represents elevation above the sea level in meters. For
perspective, the small squares of the lattice represent 5-by-5 m areas.

many fields including ecology (Rasmussen et al. 1993). Nevertheless, intervention analysis
has not been used widely with spatiotemporal data, especially in ecological studies, even
though such data characterize a discipline that seeks to understand the distribution of abun-
dance of species (Scheiner and Willig 2008). Part of the reason might be that spatiotempo-
ral data often span a much shorter length in time than does a typical time series, and large-
scale interventions are rare. A special application concerns the effect of river monitoring
networks on water quality in a spatiotemporal model (Clement and Thas 2007), where
traditional spatiotemporal models are not appropriate because of downstream directional
spatial dependence. We incorporate intervention effects of hurricanes into a traditional spa-
tiotemporal model for abundance of N. tridens. In particular, the count Ys,t at site s and
year t is assumed to be Poisson with mean λs,t , which, after logarithmic transformation,
comprises three parts: overall level, hurricane effects over time, and spatiotemporal noise.
Our statistical inferences are performed in a Bayesian framework.

The contributions of this article are threefold. First, to the best of our knowledge, this is
the first attempt to incorporate multiple intervention effects, similar to those in time series,
into a traditional spatiotemporal model. Second, we propose a simple, easy-to-compute di-
agnostic tool for identifying the influence of particular observations on the overall analysis
based on Markov chain Monte Carlo (MCMC) samples. Third, analytical results and model
diagnostics suggest that the model provides a plausible description of hurricane effects on
the abundance of this keystone snail species.

The rest of the paper is organized as follows. In Section 2, we perform exploratory
analyses to understand the overall behavior of the snail population, which subsequently
motivates a spatiotemporal model. The proposed model and prior selection are discussed
in Section 3. Submodels arising from various constraints on the general model and model
comparison techniques are described in Section 4. Results and model diagnoses are pre-
sented in Section 5. A discussion concludes in Section 6.
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2. EXPLORATORY ANALYSIS

Moran’s I statistic (Moran 1950) is one of the most widely used statistics to quantify
spatial dependence. For abundance of N. tridens, p-values of the Moran’s I computed at
each year t , under the null hypothesis of no spatial dependence, are plotted in Figure 2(a),
along with a threshold line of 0.10. For 6 of 17 years, some before and some after Hurricane
Georges, the hypothesis of no spatial dependence was rejected at level 0.10. Consequently,
spatial dependence should be accommodated in a realistic model.

To learn about temporal changes in overall abundance, a separate model with spatial
dependence was fitted for each year. Let Ys,t be the observed count at site s in year t ,
s = 1, . . . , S, t = 1, . . . , T , where S = 40, T = 17, and t = 1 represents the year of 1991.
The count data are modeled by a Poisson distribution with a log link function as

Ys,t ∼ Poisson(λs,t ),

log(λs,t ) = βt + φs,t ,

φt ∼ ICAR(τφ),

where λs,t is the Poisson mean, βt is the mean at year t on the log scale, φt =
(φ1,t , . . . , φS,t )

� is an intrinsic conditional autoregressive process (ICAR) with overall
mean 0 and precision τφ (Besag and Kooperberg 1995). In particular, the ICAR process is
a conditionally specified model,

φs,t ∼ N

( ∑
j∼s φj,t∑S

j=1 I (j ∼ s)
,

τφ∑S
j=1 I (j ∼ s)

)
,

where j ∼ s means that site j is a neighbor of site s. Note that the overall mean level of an
ICAR process is unidentified, which is seen from an equivalent specification on contrasts

Figure 2. Exploratory results for abundance of N. tridens from 1991 to 2007. The vertical dashed lines show
the years of Hurricane Hugo and Hurricane Georges. (a) P-values of Moran’s I test for no spatial dependence;
the horizontal threshold line is level 0.10. (b) Posterior median of mean abundance of N. tridens from separate
analysis by each year.
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between neighboring sites (e.g., Hodges, Carlin, and Fan 2003):

p(φt |τφ) ∝ τ
(S−1)/2
φ exp

(
−1

2
τφ

∑
i∼j

(φi,t − φj,t )
2
)

.

To make βt identifiable, we add a constraint
∑S

s=1 φ(s) = 0. The neighboring structure
for the ICAR model is of order 1. That is, two sites are considered as neighbors if they
are adjacent either in row or column of the lattice. Neighboring sites (60 meters apart)
are expected to be spatially dependent due to, for example, a large tree fall that provides
resources to snails. On the other hand, sites beyond the neighboring sites may provide little
information in addition to the neighboring sites. Such spatial dependence is accommodated
naturally by the conditional specification of the ICAR model.

A noninformative flat prior was put on each βt , t = 1, . . . ,17. A proper but vague prior
�(0.05,0.0005) was put on the precision parameter τφ , where �(a, b) is a Gamma distri-
bution with shape a and rate b. We considered such a choice for hyperparameters so that
τφ can vary with a wide range (with probability 95% from 0 to 532).

Figure 2(b) shows the posterior median of the overall mean abundance level, exp(βt ),
from separate analyses for each year t . Overall abundance increased steadily after Hurri-
cane Hugo, dropped drastically in immediate response to Hurricane Georges, and gradu-
ally recovered. By the end of the data collection period, abundance returned to pre-Georges
levels.

The exploratory analysis suggests that for N. tridens, a plausible model for hurricane
effects on abundance may be captured by a post-hurricane influence whose severity dimin-
ishes over time. The intervention should be modeled taking into account both spatial and
temporal dependences.

The percentage of zero counts is 20% in the entire data set. Many zeroes (52.5%) occur
in the year immediately following Hurricane Georges. For parsimony, we do not consider
zero-inflated models, which may be worthy of investigation in the future.

3. SPATIOTEMPORAL MODEL WITH INTERVENTION

Intervention analysis is a standard statistical method for assessing the impact of an in-
tervention, planned or unplanned, on a time series of outcome measures. Details about
intervention analysis can be found in most textbooks on time series analysis; see, for in-
stance, Cryer and Chan (2008) for an illustration of the impact of the terrorist attacks of
September 11, 2001, on the number of air passengers. It is assumed that an intervention
affects a time series by changing its mean function or trend. Many intervention models
are available to capture the intervention effect whose onset may be abrupt or gradual, and
whose duration may be permanent or temporary (e.g., McDowall et al. 1980). In our ap-
plication, as the snail abundance is immediately reduced by the hurricanes and recovers in
several years, we expect the intervention to be abrupt and temporary.

Let Ht and Gt be the impact of Hurricane Hugo and Hurricane Georges, respectively,
at year t . Further, let Ph,t and Pg,t be the pulse function defined by Hurricane Hugo and
Hurricane Georges, respectively. That is, Ph,t (Pg,t ) is 1 when t is the year following



INTERVENTION ANALYSIS OF HURRICANE EFFECTS 147

Hurricane Hugo (Georges) and 0 otherwise. In particular for Hurricane Hugo, Ph,t is 1 for
t = 0 (1990) and 0 for all other years t , since the data collection started two years later. We
propose to model Ht and Gt as

Ht = −ωh,1

1 − ωh,2B
Ph,t ,

Gt = −ωg,1

1 − ωg,2B
Pg,t ,

where B is the backshift operator (BXt = Xt−1), and ωi,1 > 0 and ωi,2 ∈ (0,1), i = h,g,
are model parameters. This characterization uses the notation from time series analysis. It
essentially specifies a geometrically decaying hurricane impact. Consider Hurricane Hugo
as an illustration. In the year immediately following it, Hurricane Hugo causes a rapid
decline of size ωh,1, which is interpreted as a measure of resistance to the hurricane; the
smaller ωh,1, the stronger the resistance to Hurricane Hugo. The remaining hurricane ef-
fect, after k years, is ωh,1ω

k−1
h,2 . The decay rate ωh,2 is interpreted as a measure of resilience

to the hurricane. The smaller ωh,2, the faster the recovery of N. tridens after Hurricane
Hugo.

The full model for snail abundance with hurricane interventions, denoted by M1, is now
defined as

Ys,t ∼ Poisson(λs,t ), (3.1)

logλs,t = β + Ht + Gt + αt + φ1,sI (t ≤ 8) + φ2,sI (t > 8), (3.2)

α ∼ CAR(γ, τα), (3.3)

φ1 ∼ ICAR(τφ), (3.4)

φ2 ∼ ICAR(τφ), (3.5)

where β is the overall mean abundance on the log scale when there were no distur-
bances; α = (α1, . . . , αT ) introduces temporal dependence through a proper Gaussian con-
ditional autoregressive (CAR) process with mean zero, autoregression coefficient γ , and
precision τα ; and φ1 = (φ1,1, . . . , φ1,S) and φ2 = (φ2,1, . . . , φ2,S) introduce spatial de-
pendence before and after Hurricane Georges, respectively, specified by two ICAR pro-
cesses with common precision τφ . For identification purpose, we have imposed constraints∑S

s=1 φ1,s = 0 and
∑S

s=1 φ2,s = 0.
Priors for model parameters were selected in a manner that has a simple but clear

interpretation from an ecological point of view. For the instantaneous decline in abun-
dance after Hurricane Georges, ωg,1, we chose �(1.802,1.744), which assigns proba-
bility 95% to the event that the disturbance causes a reduction in abundance level be-
tween 10% and 95%. Hurricane Hugo was an extreme intervention in Puerto Rico with a
much more massive killing effect than that of Hurricane Georges (Lugo and Frangi 2003;
Ostertag, Scatena, and Silver 2003). Based on historic facts and expert opinion, we chose
�(7.719,2.033) for ωh,1. This choice ensures that with 95% probability the instantaneous
effect causes an overall decline in snail abundance to be between 80% and 99.9%. The
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lower end (80%) is set to be the average decline from Hurricane Georges based on the ex-
ploratory analysis, while the upper end (99.9%) comes from an earlier study showing that
Hurricane Hugo killed almost 100% of N. tridens in tabonuco forest near the site where our
data were collected (Bloch and Willig 2006; Willig et al. 2007). Priors for the decay pa-
rameters ωg,2 and ωh,2 were naturally chosen to be noninformatively uniform over (0,1),
which guarantees stationarity of the recovery process. Priors for the precision parameters
τφ and τα were selected based on their implication on the standard deviation. We chose
�(2,2), which places a 99% probability that the standard deviations of φi ’s and αi ’s are
between 0.52 and 4.40; a two-standard-deviation increase (decrease) on logλs,t implies an
increase to 2.82–6581 times (a decrease of 74–99.9% from) the overall level. For β , we
placed a diffuse prior of N(0,100). Finally, for the autoregressive coefficient γ , we placed
a noninformative uniform prior distribution over (−1,1).

4. MODEL COMPARISON

Model M1, defined by Equations (3.1)–(3.5), can be simplified by imposing various
constraints to obtain more parsimonious submodels, all nested in M1. By comparing M1

with simplified models, we evaluate the necessity of the spatiotemporal dependence and the
flexibility of the spatial dependence. The following models are considered in our analysis
in Section 5. In Model M2, we change the structure of temporal dependence introduced
through α in M1 by setting γ = 0 in the Gaussian CAR process, which eliminates temporal
dependence. In Model M3, we completely remove the temporal error αt . Model M4 carries
the temporal dependence as in M1, but instead of having two different spatial structures
before and after Hurricane Georges, φ1 and φ2, a single spatial structure is used (φ1 = φ2).
Finally, in Model M5, we simultaneously combine the constraints in Model M2 and M4,
resulting in a model with no temporal dependence and a single spatial structure. These
submodels are summarized by the constraints they impose on Model M1 (Table 1). Model
M3 is nested in Model M2, whereas Model M5 is nested in both Model M2 and Model M4.

We propose to use the conditional predictive ordinate (CPO) criterion (e.g., Geisser
1993; Gelfand, Dey, and Chang 1992; Dey, Chen, and Chang 1997) to compare submod-
els with the full model M1. Let y be the observed data {Ys,t : s = 1, . . . , S; t = 1, . . . , T }.
Let y−i denote the observed data excluding the ith observation. The CPO statistic associ-
ated with the ith observation is defined as the marginal posterior predictive density of yi ,

Table 1. The four submodels nested in Model M1 are distinguished by the constraints that they impose on
Model M1.

Submodels Constraints

M2 γ = 0
M3 αt = 0, t = 1, . . . , T

M4 φ1 = φ2
M5 γ = 0 and φ1 = φ2
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conditioning on y−i :

CPOi = f (yi |y−i ) =
∫

f (yi |λ)π(λ|y−i )dλ, (4.1)

where λ = (λ1,1, . . . , λS,1, . . . , λ1,T , . . . , λS,T ), f (yi |λ) is the conditional mass function
of yi given λ, and π(λ|y−i ) is the posterior density of λ based on data y−i . The intuition
behind the CPO criterion is to choose a model with higher predictive power measured in
terms of predictive density. The idea is similar to that of a leave-one-out cross-validation in
that the predictive density of each data point is evaluated at a density fitted from all other
data points.

Although a closed form of (4.1) is not available, Dey, Chen, and Chang (1997) showed
that CPOi can be estimated from a Monte Carlo integration approach and is approximated
by a harmonic mean:

̂CPOi = B

(
B∑

j=1

[
1

f (yi |λ(j))

])−1

,

where B denotes the size of a MCMC sample of the posterior distribution π(λ|y), λ(j) is
the parameter vector λ in the j th MCMC sample. This approximation is valid when Ys,t

are assumed to be conditionally independent given λ. Since the approximation is based on
the posterior given all the observations, its calculation is straightforward.

To assess the goodness-of-fit of each model, we use a summary statistic, the logarithm
of the pseudo-marginal likelihood (LPML) defined as

LPML =
n∑

i=1

log ĈPOi .

The model with the largest LPML indicates the best fit of competing models.
The relative goodness-of-fit of two competing models at individual observations can

be graphically compared in a CPO plot (Dey, Chen, and Chang 1997). For two com-
peting models Mj and Mk , let �(i; j, k) = log(CPOi |Mj) − log(CPOi |Mk), the dif-
ference in log CPOi from the two models. Observation i equally supports Mj and
Mk if �(i; j, k) = 0. It supports Mj more than it supports Mk when �(i; j, k) > 0
(�(i; j, k) < 0), and vice versa. When we plot �(i; j, k) against observation number i,
those points above the zero line support model Mj , and those points below the zero line
support model Mk . If there are more points below the zero line and their summed magni-
tude is less than that for the points above the zero line, then model Mk will have a higher
LPML value and is a better model than Mj .

5. ANALYSIS

For each of the 5 models in Sections 3–4, we use a Gibbs sampler to obtain MCMC
samples of the model parameters. We ran the chain for 600,000 MCMC iterations. After a
burn-in period of 100,000 iterations, every 100th iteration was retained, yielding a sample
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Figure 3. CPO model comparisons of each of four submodels with the full model M1. The observations are
ordered in time.

of 5,000 draws from the posterior distribution of the model parameters. The convergence

was verified using Geweke’s criterion (Geweke 1992).

The LPML results (−1890.0 for M1, −1913.7 for M2, −2034.6 for M3, −2107.1 for

M4, and −2110.1 for M5) suggest that M1 is the most preferable model with the highest

LPML value. Comparison of each of the four submodels with M1 can be visualized as

CPO plots (Figure 3). Clearly, M1 is superior to M3, M4, and M5, which supports that

there is overdispersion from the temporal random effect and that Hurricane Georges may

have changed the spatial random effect.

It is not clear if M1 is much better than M2 in Figure 3. By the parsimony principle,

M2 might be preferable. To further assess the difference between M1 and M2, we use the

pseudo Bayes factor (PsBF), first used by Geisser and Eddy (1979) and developed further
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Table 2. Modified Kass & Raftery’s scale of evidence for pseudo Bayes factor comparing M1 against M2.

2 log(PsBF1,2) Evidence against M2

(−1,1] not worth more than to mention
(1,5] positive
(5,9] strong
(9,∞) very strong

Table 3. Posterior mean and 95% HPD credible intervals of the parameters in Model M1.

Parameter Mean 95% HPD credible interval

β 2.03 (1.06,3.71)
ωg,1 1.56 (0.36,2.64)
ωg,2 0.72 (0.30,1.00)
ωh,1 2.87 (1.23,5.23)
ωh,2 0.54 (0.07,1.00)
γ 0.60 (−0.08,1.00)
τα 3.90 (0.75, 7.56)
τφ 0.42 (0.42,0.82)

in Dey, Chen, and Chang (1997) as

PsBF1,2 =
∏n

i=1 CPOi |M1∏n
i=1 CPOi |M2

.

For Bayes factor, Kass and Raftery (1995) presented a table on how to assess model M1

against model M2. For PsBF, we used the asymptotic distribution described by Gelfand and
Dey (1994) to correct it and obtained a modified version (Table 2). For this application, we
have 2 log(PsBF1,2) = 45.2 which, from Table 2, provides very strong evidence that M1 is
preferable over M2. That is, allowing temporal dependence gives better fit even though the
autocorrelation is weak.

Having concluded that M1 is the best model, we summarize in Table 3 the posterior
means and 95% Highest Posterior Density (HPD) credible intervals of the parameters
in M1. By exponentiating β , we have, on the original scale, a posterior median of overall
mean abundance per site 7.6. Parameter ωg,1 represents the magnitude of the instantaneous
shock initiated by Hurricane Georges, estimated to be an 80.1% reduction. The decay rate
ωg,2 is estimated to be 0.715, which implies that, on the log scale, it takes 10 years for
the decline in abundance to become 5% of the initial decline. For Hurricane Hugo, the
estimated instantaneous reduction ωh,1 is approximately 94.3%. The decay rate ωh,2 is es-
timated to be 0.544. It takes only 6 years for the decline in abundance, on the log scale, to
become 5% of the initial decline.

The estimated temporal dependence γ is 0.599 and its 95% HPD credible interval cov-
ers zero. Nevertheless, the posterior probability of γ < 0 is 6.8%. This indicates that tem-
poral dependence is marginally important. The inverse of precision parameters τα and
τφ describes the variance of the temporal and spatial noise, respectively. Spatial noise
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Figure 4. (a) Estimated Hurricane Hugo’s effect on snail abundance over 17 years. (b) Estimated Hurricane
Georges’s effect on snail abundance since its occurrence in 1998.

is clearly greater than temporal noise, as evident from the precision parameter estimates
(0.424 versus 3.901)

Posterior means of the intervention effects of Hurricane Hugo and Hurricane Georges
over years are plotted in Figure 4. The effect of Hurricane Hugo is in its second year
when data collection started, which is only slightly less than the initial effect of Hurricane
Georges. It had vanished before Hurricane Georges struck the forest. Hurricane Georges’s
effect decays moderately, and by the end of the observation period (2007), is quite small.
These results make sense ecologically. The abundance of N. tridens is more resistant to
Hurricane Georges than to Hurricane Hugo; the initial impact of Hurricane Hugo was about
twice that of Hurricane Georges. Nevertheless, N. tridens is more resilient to Hurricane
Hugo than to Hurricane Georges.

From an ecological perspective, the model seems to capture the essence of the demo-
graphic responses of N. tridens to the two hurricanes. The large-scale decline in abundance
shown in Figure 2(b) matches the shapes of the intervention effects shown in Figure 4. The
larger initial impact of Hurricane Hugo than of Hurricane Georges is expected from our
prior elicitation, but is not completely driven by the prior distributions. Greater resilience
from Hurricane Hugo than from Hurricane Georges might be associated with the differ-
ent historical contexts of the hurricanes. Hurricane Hugo was the first major hurricane to
make landfall in north-eastern Puerto Rico in over 30 years, whereas Hurricane Georges
arrived only 9 years after Hurricane Hugo. Resilience after Hurricane Hugo may have
been greater than that after Hurricane Georges for two intercorrelated reasons. First, winds
from Hurricane Hugo deposited massive quantities of debris on the forest floor, includ-
ing leaves of sierra palms (Prestoea montana). Such debris represents both substrate and
food for N. tridens, thereby enhancing individual growth rates, reproductive output, and
subsequent survivorship of individuals that were alive after the hurricane’s initial impact.
Moreover, greater reductions in intra-specific and inter-specific competition after Hurri-
cane Hugo—most snail species suffered massive declines in abundances (Bloch and Willig
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Figure 5. Control charts of log CPO for detecting influential observations. Observations are ordered in time.
Solid circles are observations from the year following Hurricane Georges (1999). The horizontal lines are the
sample mean and 3 sample standard deviations above and below the sample mean.

2006)—compared to after Hurricane Georges would minimize density-dependent controls

on population growth. In short, the demographic context after Hurricane Hugo would di-

rectly support greater rates of increase (i.e., birth rates minus death rates) and relaxed

competition-related dampening of those rates by increasing the disparity between carrying

capacity and abundance. Responses to disturbances on an even longer term, such as several

decades, remains to be understood.

The CPO criterion can also be used to detect influential points in the data set. We pro-

pose a graphical approach similar to a control chart. Based on log CPOi , i = 1, . . . , n, we

compute their sample mean μ̂ and sample standard deviation σ̂ . As in a control chart, any

observation i such that | log CPOi − μ̂| > 3σ̂ will be considered as a possible outlier. Fig-

ure 5 shows log CPOi against observation number i, along with a mean line μ̂ and upper

and lower 3 standard deviations bounds above and below μ̂. There are 16 possible outliers,

representing 2.5% of the data set. Observations following Hurricane Georges contributed

6 possible outliers, which represents 37.5% of the influential points.

Our analyses used quite informative priors elicited from expert opinion and historical

observation. The most informative priors are on the initial shocks of the two hurricanes,

ωh,1 and ωg,1. Figure 6 shows the prior density and posterior kernel density of the two

parameters. Distributions of both parameters evolved noticeably from prior to posterior,

learning considerably from the data. The informative prior on ωh,1 is necessary to ensure

that Hurricane Hugo has a more profound effect than Hurricane Georges. The posterior dis-

tribution of both parameters are not completely driven by the prior distribution. To study

the sensitivity of priors, we modeled with two other priors on ωg,1, placing a 95% proba-

bility that Hurricane Georges causes an initial reduction between 5% and 99% or between

20% and 90%. Our results are reasonably robust.



154 M. O. PRATES ET AL.

Figure 6. Prior and posterior distributions of initial shock parameters of Hurricane Hugo (2 curves on the right)
and Hurricane Georges (2 curves on the left).

6. DISCUSSION

The long-term effects of natural disasters on population, community, and ecosystem
properties are not well understood because of a paucity of long-term data collected in simi-
lar fashions and at comparable spatial scales. When available, such data are spatiotemporal,
demanding quantitative models in which both spatial dependence and temporal dependence
are accounted for appropriately. We incorporated intervention analysis from time series set-
tings into a spatiotemporal model to assess the long-term impacts of multiple hurricanes on
abundance of a terrestrial snail species. A geometrically declining intervention effect on the
mean abundance level on the log scale was assumed for each hurricane. Bayesian inference
and model comparison suggest that the model provides a plausible description of annual
variation in snail abundance in the aftermath of recurrent disturbance from hurricanes.

The intervention effects of hurricanes on N. tridens are modeled by geometrically de-
caying shocks. It is well documented that terrestrial gastropods respond to disturbance in a
species-specific manner (Willing et al. 1998, 2007; Bloch and Willig 2006); consequently,
hurricane effects on other species may need to be modeled by other intervention patterns
(Box and Tiao 1975). One simple modification of the geometric decaying impact is to add
an extra initial decline that only affects the year following a hurricane. For the current data,
however, such initial decline for Hurricane Hugo would still be unidentifiable because the
data collection started two years after Hurricane Hugo struck.

Prior elicitation from expert opinion and historical observation plays an important role
in the analysis. The span of 17 years is still short given that we are dealing with two hurri-
canes. Further, the data collection started two years after Hurricane Hugo stuck. Although
both produced considerable damage to the tabonuco forest, the two hurricanes differed
in intensity, extent, and severity. Hurricane Hugo, a category 4 storm with maximum sus-
tained winds of 166 km/h (Scatena and Larsen 1991), produced larger canopy openings and
deposited more debris than did Hurricane Georges, a category 3 storm (Lugo and Frangi
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2003; Ostertag, Scatena, and Silver 2003). If such information were ignored and the same
prior were placed on the initial declines caused by the two hurricanes, the analysis would
lead to a conclusion that Hurricane Georges had a more profound impact than did Hurri-
cane Hugo.

For the purpose of modeling, we assumed that abundance of N. tridens had returned to
its normal stationary level before the arrival of Hurricane Georges. Without this assump-
tion, the overall natural, stationary abundance level would be unidentifiable. This assump-
tion seems to be reasonably supported by the data as the empirical abundance level did
decrease in some of the years, as opposed to always increasing, before Hurricane Georges
struck. It can be validated further when more data become available in the future.

ACKNOWLEDGEMENTS

This research was partially supported by a Multidisciplinary Environmental Research Award to J. Yan from
the Center for Environmental Sciences and Engineering, University of Connecticut. In addition, this research
was facilitated by grant numbers BSR-8811902, DEB-9411973, DEB-0080538, and DEB-0218039 from the
National Science Foundation to the Institute of Tropical Ecosystem Studies, University of Puerto Rico, and the
International Institute of Tropical Forestry as part of the Long-Term Ecological Research Program in the Luquillo
Experimental Forest. Additional support was provided by the USDA Forest Service, the University of Puerto Rico,
the Department of Biological Sciences at Texas Tech University, and the Center for Environmental Sciences and
Engineering at the University of Connecticut. The staff of El Verde Field Station provided valuable logistical
support in Puerto Rico. Finally, we thank the mid-sized army of students and colleagues who have assisted with
collection of field data over the years.

[Accepted April 2010. Published Online June 2010.]

REFERENCES

Besag, J., and Kooperberg, C. (1995), “On Conditional and Intrinsic Autoregressions,” Biometrika, 82, 733–746.

Bloch, C. P., and Willig, M. R. (2006), “Context-Dependence of Long-Term Responses of Terrestrial Gastropod
Populations to Large-Scale Disturbance,” Journal of Tropical Ecology, 22, 111–122.

Box, G. E. P., and Tiao, G. C. (1975), “Intervention Analysis with Applications to Economic and Environmental
Problems,” Journal of the American Statistical Association, 70, 70–79.

Brown, S., Lug, A. E., Silander, S., and Liegel, L. (1983), “Research History and Opportunities in the Luquillo
Experimental Forest,” General Technical Report SO-44, United States Department of Agriculture, Forest
Service, Southern Forest Experiment Station, New Orleans, Louisiana, USA.

Clement, L., and Thas, O. (2007), “Estimating and Modeling Spatio-Temporal Correlation Structures for River
Monitoring Networks,” Journal of Agricultural, Biological, and Environmental Statistics, 12, 161–176.

Cryer, J. D., and Chan, K.-S. (2008), Time Series Analysis with Applications in R (2nd ed.), Berlin: Springer.

Dey, D. K., Chen, M. H., and Chang, H. (1997), “Bayesian Approach for Nonlinear Random Effects Models,”
Biometrics, 53, 1239–1252.

Ewel, J. J., and Whitmore, J. L. (1973), “The Ecological Life Zones of Puerto Rico and the United States Virgin
Islands,” Forest Service Research Papers ITF-18.

Geisser, S. (1993), Predictive Inference: An Introduction, London: Chapman & Hall.

Geisser, S., and Eddy, W. F. (1979), “A Predictive Approach to Model Selection (Corr: V75 P765),” Journal of

the American Statistical Association, 74, 153–160.

Gelfand, A. E., and Dey, D. K. (1994), “Bayesian Model Choice: Asymptotics and Exact Calculations,” Journal

of the Royal Statistical Society, Series B: Methodological, 56, 501–514.



156 M. O. PRATES ET AL.

Gelfand, A. E., Dey, D. K., and Chang, H. (1992), “Model Determination Using Predictive Distributions, with
Implementation Via Sampling-based Methods (Disc: P160-167),” in Bayesian Statistics 4. Proceedings of the

Fourth Valencia International Meeting, eds. J. M. Bernardo, J. O. Berger, A. P. Dawid, and A. F. M. Smith,
Oxford: Clarendon Press/Oxford University Press, pp. 147–159.

Geweke, J. (1992), “Evaluating the Accuracy of Sampling-based Approaches to the Calculation of Posterior Mo-
ments (Disc: P189-193),” in Bayesian Statistics 4. Proceedings of the Fourth Valencia International Meeting,
eds. J. M. Bernardo, J. O. Berger, A. P. Dawid, and A. F. M. Smith, Oxford: Clarendon Press/Oxford Univer-
sity Press, pp. 169–188.

Gosz, J. R. (1999), “Ecology Challenged? Who? Why? Where Is This Headed?,” Ecosystems, 2, 475–481.

Hodges, J. S., Carlin, B. P., and Fan, Q. (2003), “On the precision of the conditional autoregressive prior in spatial
models,” Biometrics, 59, 317–322.

Kass, E. R., and Raftery, E. A. (1995), “Bayes Factor,” Journal of the American Statistical Association, 90,
773–795.

Lugo, A. E., and Frangi, J. L. (2003), “Changes in Necromass and Nutrients on the Forest Floor of a Palm
Floodplain Forest in the Luquillo Mountains of Puerto Rico,” Caribbean Journal of Science, 39, 265–272.

McDowall, D., McCleary, R., Meidinger, E. E., and Hay, R. A. J. (1980), Interrupted Time Series Analysis,
Thousand Oaks: Sage.

Moran, P. A. P. (1950), “Notes on Continuous Stochastic Phenomena,” Biometrika, 37, 17–33.

Ostertag, R., Scatena, F. N., and Silver, W. L. (2003), “Forest Floor Decomposition Following Hurricane Litter
Inputs in Several Puerto Rican Forests,” Ecosystems, 6, 261–273.

Rasmussen, P. W., Heisey, D. M., Nordheim, E. V., and Frost, T. M. (1993), “Time-Series Intervention Anal-
ysis: Unreplicated Large-Scale Experiments,” in Design and Analysis of Ecological Experiments, eds.
S. M. Scheiner, and J. Gurevitch, London: Chapman & Hall, pp. 138–158.

Scatena, F. N., and Larsen, M. C. (1991), “Physical Aspects of Hurricane Hugo in Puerto Rico,” Biotropica, 23,
317–323.

Scheiner, S. M., and Willig, M. R. (2008), “A General Theory of Ecology,” Theoretical Ecology, 1, 21–28.

Willig, M. R., Secrest, M. F., Cox, S. B., Camilo, G. R., Cary, J. F., Alvarez, J., and Gannon, M. R. (1998),
“Long-term Monitoring of Snails in the Luquillo Experimental Forest of Puerto Rico: Heterogeneity, Scale,
Disturbance, and Recovery,” pp. 293–322.

Willig, M. R., Bloch, C. P., Brokaw, N., Higgins, C., Thompson, J., and Zimmermann, C. R. (2007), “Cross-Scale
Responses of Biodiversity to Hurricane and Anthropogenic Disturbance in a Tropical Forest,” Ecosystems,
10, 824–838.

Zimmerman, J. K., Willig, M. R., Walker, L. R., and Silver, W. L. (1996), “Introduction: Disturbance and
Caribbean Ecosystems,” Biotropica, 28, 414–423.


	Intervention Analysis of Hurricane Effects on Snail Abundance in a Tropical Forest Using Long-Term Spatiotemporal Data
	Abstract
	Introduction
	Exploratory Analysis
	Spatiotemporal Model with Intervention
	Model Comparison
	Analysis
	Discussion
	Acknowledgements
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <FEFF004a006f0062006f007000740069006f006e007300200066006f00720020004100630072006f006200610074002000440069007300740069006c006c0065007200200037000d00500072006f006400750063006500730020005000440046002000660069006c0065007300200077006800690063006800200061007200650020007500730065006400200066006f00720020006f006e006c0069006e0065002e000d0028006300290020003200300031003000200053007000720069006e006700650072002d005600650072006c0061006700200047006d006200480020>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


