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5.1 INTRODUCTION

Consensus has emerged about the generally detrimental effects of habitat
loss and habitat fragmentation on the viability of metapopulations (Hanski,
1999). Habitat loss and fragmentation both affect the balance between extinc-
tion of local populations and recolonization of empty patches: patch occupancy
decreases and the metapopulation is more prone to extinction. Simple statistical
models for patch occupancy have been used to ascertain the existence of these
detrimental effects in real metapopulations (Van Dorp and Opdam, 1987;
Merriam, 1988), but their predictive power to show the magnitude of these
effects is very limited, as they do not incorporate the mechanisms underlying
metapopulation dynamics (local extinction and colonization). The Levins
(1969, 1970) model, the prototype metapopulation model that is based on
these mechanisms, is biologically too unrealistic, whereas size-structured and
individual-based metapopulation models are mostly too complex to be para-
meterized with available data. These data almost never consist of accurate
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estimates of population sizes. At best, they comprise observations of patches in
a patch network being occupied or empty for a single year (snapshot data;
Hanski, 1994) or for several, not always consecutive, years (which give infor-
mation of the population turnover).

There is, however, one class of metapopulation models that can both
capture sufficient biological detail and be relatively easily parameterized with
these data: the stochastic patch occupancy models (SPOMs, see Chapter 4).
Given the current occupancy states of all patches in a patch network, SPOMs
predict for each patch the probability that it will be occupied at any time in
the future. These probabilities depend on the probabilities of local extinction
and colonization, which, in turn, may be constant (resulting in a stochastic
Levins model) or depend in a variety of ways on the quantities that are con-
sidered relevant, such as patch quality and connectivity (or spatial cohesion;
Opdam et al., 2003). Perhaps the simplest such quantities are the area of the
patch and the distance between patches, but other quantities are sometimes
preferable because area and interpatch distance are not always the best pre-
dictor variables (Thomas et al., 2001b). This chapter uses as an example a
model for a tree frog (Hyla arborea) metapopulation with area and interpatch
distance as well two other predictor variables (Vos et al., 2000). For another
example, see Hanski et al. (1996).

Application of a SPOM to a real metapopulation consists of four parts. First,
patch occupancy data must be collected. Second, the SPOM must be formulated.
Here questions such as “what processes do I want to describe and what vari-
ables do I need and what processes and variables can I dispense with?” must be
answered. Third, given the mathematical representation of the SPOM that
results from the second step, the model must be parameterized using the dataset
at hand and/or independent information about these parameters. Fourth, pre-
dictions can be made with the model by considering different scenarios. The reli-
ability of these predictions must be assessed through uncertainty analysis.

This chapter assumes the dataset and the SPOM to be given and concen-
trates on the third part by reviewing the various methods that have been
developed to parameterize SPOMs using snapshot and/or turnover data. It
then focuses on some of the problems still remaining, and their consequences
for the fourth part, making model predictions for real metapopulations; these
problems are illustrated with the afore-mentioned tree frog example. We
show that the model predictions are useful to determine the best conservation
strategies for the real metapopulation. For this we compare the distribution
pattern in 2002 with the distribution pattern predicted from the model cali-
brated with data from 1981-1983 and 1986. The chapter ends with a dis*
cussion of the four parts in the application of SPOMs and an overview of the
insights gained by the application of SPOMs as reported in the literature.

STOCHASTIC PATCH OCCUPANCY MODELS

Stochastic patch occupancy models have been formulated in discrete time
(Day and Possingham, 1995; Hanski, 1994) and continuous time (Verboom
et al.,, 1991; Frank and Wissel, 1998; Etienne, 2002; Etienne and
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Nagelkerke, 2002; Chapter 4). Because census data are usually separated by
1 or several years, it seems natural to use a discrete-time model with a time
step of 1 year; in this way difficulties with extinction and colonization prob-
abilities not being constant during the year can be avoided. Consider now a
patch network of N patches. If a patch i contains a population, this popu-
lation can go extinct in one time step with probability E;, and if the patch
is empty, it can be colonized with probability C; (E; and C; are denoted by
Ext; and Col; in Chapter 4, but we adhere to the symbols introduced here
for better comparison with the literature cited). Let us denote the state of
patch i at time ¢ by X,(z), which is a binary variable: we have for an occu-
pied patch X;(¢) = 1 and for an empty patch X;(¢) = 0 (X; is denoted by O;
in Chapter 4). The total state of the metapopulation at time ¢, X(t), can then
be described by a vector containing N ones and zeros. The colonization
probability of patch i at time ¢ + 1 usually depends on the state X(¢)
because this state determines the number of dispersers being sent out that
may end up in patch i, but not on earlier states such as X(¢ — 1). The extinc-
tion probability is usually considered to be independent of X(t), but when
there is a rescue effect (Brown and Kodric-Brown, 1977) — populations on
the brink of extinction are rescued from extinction by immigrants — the
extinction probability depends on the colonization probability and thereby
on X(t).

The dynamics of the SPOM can thus be described by a single formula, valid
for each patch i, that specifies the probability of the state of patch i at time
t + 1 conditional on the state of the metapopulation at time ¢:

(1-E ifX{t)=1landXj(t+1)=1

_ _JE if X{#) = 1and Xi(t + 1) = 0
PIXilt + DXOI =11 _ ¢, i) = 0and Xt + 1) =0 O
Ci if X(#) = 0 and X(t + 1) = 1

in which E; and C; are shorthand for Ej(t) and Cg#), the extinction and
colonization probabilities for the transition from time ¢ to time ¢ + 1. These
may depend on species and landscape characteristics that can be treated either
as observed variables or known or unknown parameters in the model.

Because SPOMs possess the Markov property that the probability distri-
bution for the state at time # + 1 is completely determined by the state at
time ¢, Markovian theory can be invoked to state various characteristics of
the metapopulation. One such characteristic is that the metapopulation, left
undisturbed and conditional on the metapopulation not having gone extinct
untimely, will settle in a pseudoequilibrium in which the probability that it
is in a certain state (e.g., all patches occupied) no longer changes in time. This
pseudoequilibrium is also called the quasistationary state (see further Darroch
and Seneta, 1965; Gyllenberg and Silvestrov, 1994; Gosselin, 1998;
Ovaskainen, 2001; Chapter 4). This is a property used frequently in param-
eterization methods, as discussed later. We will first give a few examples of
SPOMs.
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Hanski’s Incidence Function Model

In probably the best-known SPOM, described by Hanski (1994) and better
known as the incidence function model (IFM), the extinction probability is set
proportional to the inverse of patch area:

e
E; = min(l, ——-—)
1 A;:'

where e and x are parameters (e is sometimes written as A§ where A, is the
minimum possible patch area in which a viable population can exist, x is
denoted by {., in Chapter 4) and the colonization probability is a saturating
function of connectivity measure S:

2
G-
§? + 52

where y is a parameter and S; is given by a sum of contributions from all
occupied patches weighted by their distance to patch i:

S{t) = 2 ;'a&iXi(t)Ai exp( —(xd,‘,‘)

where o is a parameter that can be interpreted as the inverse of the mean
dispersal distance of the species under consideration. This is Hanski’s’(1994)
model without the rescue effect. Incorporating the rescue effect means
multiplying the extinction probability by 1 — C;. In later work, Hanski and
co-workers added the area of the destination patch A; to the connectivity and
parameters that determine the strength of the contribution of the patches of
origin and destination (e.g., Wahlberg et al., 1996; Hanski, 1998a,b; Moilanen
and Hanski, 1998; Chapter 4). See Moilanen and Nieminen (2002) for a
discussion of different measures of connectivity. Formulas for the extinction
and colonization probabilities have some mechanistic basis as pointed out by
Hanski (1998a,b). .

The model is called IFM because Hanski (1994) derived an incidence
function from the extinction and colonization probabilities. For this, he first
defined the incidence J; of patch i as the probability that it is occupied. He then
assumed that the metapopulation is in the quasistationary state, which he
interpreted as J; being independent of time. This leads to

C.
Ji=J{l1—-E)+ (1 - H)Ci=];i= C +' E;

For example, for the IFM with rescue effect [but without the cutoff at 1 of E;
in Eq. (5.2)], the incidence function becomes

.

)
+ 3’2
A7S;
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The Extended IFM for Tree Frog Data
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Vos et al. (2000) extended the IFM to model a tree frog metapopulation in
a pond network in southwest The Netherlands, for which occupancy data
have been collected in 1981-1983 and 1986 (see Box 5.1). In their model, the
form of the function for colonization probability is relaxed by replacing the
exponent of 2 by parameter z (as already suggested by Hanski, 1994) and
by allowing the contribution of patch area in the connectivity measure to
be determined by parameter b (Wahlberg et al., 1996; b is denoted by {.x, in

BOX 5.1 The Tree Frog Metapopulation in Zealand Flanders,
The Netherlands

The tree frog metapopulation exists in an agricultural landscape In southwest The
Metherlands (Fig. BS.1). The suitabile habitat forms approximately 1.5% of the total
landscape cover and is separated by Intensively used agricultural fields that are unsuit-
able for the species. (Semijnatural vegetation can be found on dikes, in coastal sand
dunes, and in meadows with cattle-drinking ponds, the aguatic habitat used by the tree
frog. The terrestrial habitat of the tree frog consists of shrubs, bushes, and vegetation of
high herbs. The tree frog distribution has declined sharply in The Netherands since the
19505 as a result of intensification of agriculture. Most (semi)natural elements such as
cattie-drinking ponds and hedgerows have been cleared,

Zealand Flanders
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Fig. B5.1 The position of the tree frog study area. Reprinted with permission from Vs et al.
{2000},
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From 1981 until 1986 the distribution pattern of the tree frog in Zealand Flanders
was monitored. Statistical analysis showed that the occupation probability of a pond
increased with the number of other ponds and the area of high herbs and bushes in
the surrounding (Vos and Stumpel, 1996). Analysis of turnover data from 1981 to
1983 showed that local extinctions were related to spatial features of the landscape:
extinction probability decreases with pond size (Vos et al., 2000). Pond size encom-
passes both pond area and suitable terrestrial habitat within a radius of 250 m around
the pond. Also, colonization events were correlated to connectivity as well as habitat
quality factors. Comparing dispersal distances with distances between ponds shows
that the habitat network is still connected by dispersing individuals (Fig. B5.2).
Analysis of dispersal events showed that occupied ponds were preferred over empty

- dispersal between ponds

# land habitat

Fig. B5.2 Overview of dispersal events registered by capture-recapture techniques in Zealand
Flanders during the period 1981-1989. Reprinted with permission from Vos et al. (2000).
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ponds, although many empty ponds were present at close ranges. This implies the
importance of conspecific attraction and a rescue effect in this metapopulation pond
system.

In the next step toward spatially explicit connectivity measures the permeability of
the landscape matrix is incorporated. Results of a radio telemetry study (Vos, 1999),
show that moving tree frogs have a high preference for hedgerows, that they avoid
arable land, and that pasture takes an intermediate position. Incorporating these char-
acteristics in the connectivity measure of the extended IFM model will improve the
model further,

The results seem to justify the application of the metapopulation concept for guide
lines for optimal spatial habitat configuration for this species. The protection policy plan
for the tree frog In The Netherlands is actually based on metapopulation concepts, Apart
from the necessary improvements of habitat quality, the size and connectivity of the
habitat networks of the tree frog are being improved (Crombaghs and Lenders, 2001).
Results for a tree frog metapopulation in Twente, a region in the east of The
Nethedands, already show that the species reacts positively to these restoration meas-
ures (Braad, 2000).

Chapter 4). Furthermore, three variables were introduced: B;;, Hy;, and H, ;.
Bj; describes the quality of the matrix habitat between patches i and j, and
its value was set for all combinations of i and j (e.g., B; = O for a total barrier,
=1 for no barrier, and B; = 0.5 for a semibarrier). Hy; is the water
conductivity, and H,; is the percentage cover of the water vegetation; both
were measured for each pond. Two additional parameters, g, and g, deter-
mine the effect of Hy; and H,, respectively. The extinction and colonization

probabilities are now given by

eH a
Ei=(1- Ci)min(l, T})
1

and

z
Gy it

y
A
i H¢21’21

with

Si(t) = ; Xi(t)A?Bjj exp(—ady)
]¥F )

(Note that y in this model is not the same as y in Hanski’s IFM.) We mention
this model, not only as an example of a SPOM with other variables than patch
area and interpatch distance, but also because it is used as an illustration of

some of the problems in parameter estimation.

(5.8)
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METHODS TO ESTIMATE PARAMETERS OF STOCHASTIC
PATCH OCCUPANCY MODELS

Because SPOMs contain few parameters, it is attractive to attempt to esti-
mate them using metapopulation data, that is, data on the occupancy of some
or all of the patches in a network for 1 or several years. Several methods have
been developed for this purpose. They use only data on transitions between
occupancies (extinctions, nonextinctions, colonizations, noncolonizations), data
from a snapshot of a single year (which typically shows spatial clusters of
occupied patches as the result of the history of extinctions and colonizations
in the patch network), or both. This section reviews these methods. Table 5.1
summarizes their main features and shortcomings.

Hanski (1994): Regression of Snapshot Data

In his classic paper, Hanski (1994) not only introduced the IFM, but also
showed how it can be parameterized in a simple way using snapshot data of
patch occupancies, elaborating ideas presented by Peltonen and Hanski (1991)
and Hanski (1992). He proposed nonlinear regression to obtain point estimates
of the parameters, with standard errors, by maximizing the logarithmically
transformed likelihood, i.e., the loglikelihood,

S [XilnJ; + (1 — XIn(1 = J))] (5.10)

1

Note from Eq. (5.6) that in the IFM without rescue effect, e and y form a
single composite parameter so that they cannot be estimated separately from
snapshot data. Independent information on the minimum sustainable patch
size Ag can help to estimate e and thus separate e and y.

Ter Braak et al. (1998) pointed out that Eq. (5.6) — the IFM with rescue
effect and with all patches larger than Ay — can be linearized by the logit-
transformation of J; giving

log(lei]’_) = Bo + Bilog(4;) + B2 log(S)) (5.11)

with By = —log(ey?), B1 = x, and B, = 2. Therefore, available data being
binary values, point estimates for the parameters (with approximate standard
errors) can be obtained easily by using logistic regression (McCullagh and
Nelder, 1989) of the occupancies X; on log(A;) with offset 2log(S;) — at least
when the values of a and b in the definition of S; are given. (An offset is a
predictor with a regression coefficient of 1.) Although this is mathematically
equivalent to Hanski’s nonlinear regression, it is computationally much more
efficient. It is historically interesting that Eber and Brandl (1994) already
performed such logistic regression of patch occupancies without knowing
the link to the incidence function model (which had not been published yet);
they just used a statistical model. The extended IFM can be fitted to snapshot
data using a logistic regression of occupancies X; on log(A;), log(S;), log(Hy,)
and log(H,,;). We can estimate o and b by logistic regression by calculating
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the regression over a grid of values of a and b and by locating where the log
likelihood [Eq. (5.10)] is maximum.

There are five caveats in the method (Ter Braak et al., 1998; Ter Braak and
Etienne, 2003). First, the condition of nonextinction of the metapopulation
(required for quasistationarity) is omitted in Eq. (5.5). This is perhaps a valid
approximation for large networks that are unlikely to go extinct quickly, but
because metapopulation models are often used to explore scenarios intended
to conserve threatened metapopulations, this need not always be the case.
Second, it is assumed in Eq. (5.5) that the extinction and colonization prob-
abilities of patch i are constant in time. This is not true, for they both depend
on the evolving states of the other patches. Third, the connectivity S is
calculated using the patch occupancies of the same year and not using the
patch occupancies of the previous year as it should according to the model
[Eq. (5.4)]; the reason is of course that these are unknown for snapshot data.
Fourth, in the log likelihood [Eq. (5.10)], patch occupancies are assumed to be
statistically independent. However, this assumption is not met because the
patch occupancies are regressed on the connectivity S that is calculated from
the same data. Therefore, Eq. (5.10) is at best a pseudo-log likelihood.
Fifth, in the derivation of the incidence function Eq. (5.6), the cutoff at 1 of E;
in Eq. (5.2) is neglected. This is warranted only if all areas are larger than A,,.

Missing data (occupancies are unknown for some patches) cannot be dealt
with properly in this method. They are basically ignored. It is apparent from
Eq. (5.4) that this may affect the connectivity. By ignoring patches of which no
data are available, one effectively assumes them to be empty because they
do not contribute to connectivity. If the patches were actually occupied, the
colonization probability will be underestimated.

Verboom et al. (1991), Sjogren-Gulve and Ray (1996),
and Eber and Brandl (1996): Regression of Turnover Data

While Hanski (1994) only considered snapshot data, Verboom et al.
(1991), Sjogren-Gulve and Ray (1996), and, less commonly cited, Eber and
Brandl (1996) looked only at turnover data [actually, Verboom et al. (1991)
also looked at the frequency that a patch is found occupied, see later]. They
realized that E; and C; in Eq. (5.1) are conditional probabilities that can be fit-
ted to data by logistic regression (McCullagh and Nelder, 1989). To parame-
terize E;, they created a dataset with all possible pairs [X(¢), X,(t + 1)] with,
X,(t) = 1 and then applied logistic regression with X;(¢ + 1) as the response
variable. Similarly, C; was parameterized by applying another logistic regres-
sion to all possible pairs [X(¢), X;(z + 1)] with X,(z) = 0 and with X(t + 1) as
the response variable. They thus assumed that the probabilities of extinction
and colonization behave logistically:

1
E. PN I b S - A
Ci !

o 1.+ exp(—u.;)
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where #, and u, are linear functions of the variables of importance, such as
patch area and connectivity, the logarithm of which are treated as explanatory
variables in logistic regressions. The parameters in %, and #, are fitted from the
“extinction dataset” and the “colonization dataset,” respectively, giving point
estimates and standard errors. They found that extinction is significantly
related to patch area (and not connectivity) and colonization to connectivity
{(and not to area).

Sjogren-Gulve and Ray (1996) used point estimates in subsequent computer
simulations of the discrete-time SPOM to predict the long-term trend in
occupancy, whereas 5 years earlier Verboom et al. (1991) had missed that
opportunity, partly because they adhered to their continuous-time SPOM.

Note that extinction probabilities do not have the logistic form in the IFM
[Eq. (5.2)] and they are even linked to the colonization probabilities in the
(extended) IFM with a rescue effect [see Eq. (5.7)]. We must therefore resort
to nonlinear regression (Vos et al., 2000) where the log likelihood to be
maximized is

Z [Xi(2)(1—X;(t+1)) InE; + Xi(¢)X{t+1)In(1 — E;)] (5.13)

+ 2[(1 — X{t)Xi(t + 1) InC; + (1 = Xi(2))(1 — Xi(t+1)) In(1 — C;)]

Ter Braak et al. (1998) showed that this is equivalent to maximizing the
extinction and colonization parts of the log likelihood separately, provided E;
and C; have different, independent parameters, so giving a formal justification
of the approach by Verboom et al. (1991) and Sjégren-Gulve and Ray (1996).

Although this method is theoretically sound (there are no technical difficulties
as with snapshot data), using only turnover data has some shortcomings. First,
it requires data collection in at least 2, but preferably several consecutive years.
Second, while snapshot data are the result of many extinctions and coloniza-
tions in the history of the metapopulation and are therefore considered to con-
tain a lot of information, turnover data provide little information if turnover
is slow so that data show only a few extinctions and colonizations [most infor-
mation would be provided if the number of extinctions (cq. colonizations) and
the number of nonextinctions (cq. noncolonizations) were equal]. Third, miss-
ing data are again ignored, resulting in the same bias as for snapshot data.

Ter Braak et al. (1998) and Vos et al. (2000): Combining
the Previous Approaches

To make full use of data, both the historical turnover information contained
in the first year of a dataset and the turnover information in the following
years should be extracted. Interestingly, Verboom et al. (1991) not only applied
logistic regression to turnover events as discussed earlier, but also applied
logistic regression to the frequency that a patch is found occupied during the
years of survey. For a dataset of only 1 year, the latter is formally equivalent
to the snapshot data analysis of Hanski (1994). For data of several years, the
method also takes turnover events into account, but extinction and coloniza-
tion are not separated (a 111000 sequence is considered equal to 101010).
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Verboom et al. (1991) must have realized that there is more information in
a dataset than only turnover. Eber and Brandl (1994, 1996) certainly realized
this, but they did not combine the two approaches.

It was Ter Braak etal. (1998) who mentioned a pragmatic method to
combine the two previous approaches. For this, the likelihood of the dataset
is partitioned in three parts: the “incidence dataset” from the first year of
a dataset, the “extinction dataset,” and the “colonization dataset” from the
following years. The likelihood to be maximized (see also later) is the sum
of Eq. (5.10) and Eq. (5.13), so Hanski’s incidence function model [Eq. (5.6)]
is used for the first year. This combined approach, first applied in Vos et al.
(2000), suffers of course from the same problems as its constituents: it uses
a pseudo-likelihood for the first year data, it yields only point estimates of
the mean and standard error of the parameters, and cannot handle missing
data properly.

Moilanen (1999): Monte Carlo Simulation

Moilanen (1999) provided the first solution to problems involving the
pseudo-likelihood and missing data in a new approach based on maximum
likelihood estimation using Monte Carlo simulations. Because of the Markov
property of the SPOM, the probability of a dataset X of T years, given values
for the parameters ©, can be written as

P[X|0]=P[X(1)]P[X(2)X(1)]... X+ 1)X(1)]... IX(T)X(T-1  (5.14)
with, for each year t of this sequence,

P[X(¢+1)X(2)]=TT P[Xuz+1)X(2)] (5.15)

because the states are independent conditional on the state of the system in the
previous year. Note the separation between spatial information, contained in
P[X(1)], and the turnover information, contained in the remaining conditional
probabilities, as noted by Ter Braak et al. (1998). Equation (5.14) is the true
likelihood that needs to be maximized.

Instead of using Eq. (5.6), Moilanen (1999) approximated P[X(1)] by Monte
Carlo simulation. From an arbitrary state, the IFM is simulated until the quasi-
stationary equilibrium is considered to be reached and then for another L time
steps to obtain simulated states X, (» = 1...L). The approximation is then

P[X(1)]= uglp[X( 1)[X.] (5.16)

=

for some large number L. This Monte Carlo approximation derives from the
equation (Ter Braak and Etienne, 2003)

PIX(1)] = é:lply"]P[X(I)IY’“] (5.17)
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where the summation is over all possible states Y. The probabilities P[Y}] drop
out of Eq. (5.17) because the simulation series X, is self-weighing, that is, each
X, is generated by the simulation with probability proportional to P[X,]. The
reason for the Monte Carlo simulation [Eq. (5.16)] is that K is usually huge so
that the summation in Eq. (5.17) cannot be carried out in practice.

Missing years in data can be handled by simulation as well. If, for example,
data for year 2 are missing, we require in the likelihood [Eq. (5.14)] the term

P[X(3)IX(1)] = kglP[Xk(z)IX(1)]P[X(3)|Xk(2)]

where the summation is over all possible states X,(2). To approximate
Eq. (5.18), the state in year 2 is simulated M times (M being large) from the state
in year 1. The Monte Carlo approximation is then [analogously to Eq. (5.16)]

PIXGIX(1)] ~ 7 2 PX(3IP2)]

Although Moilanen (1999) does not mention it explicitly, the same procedure
can be applied if, instead of a complete year, only a few occupancies are miss-
ing in a single year. Evidently, only the missing data are simulated.

Being a maximum likelihood method, Moilanen’s (1999) approach only
produces point estimates, although estimates of confidence limits can be com-
puted (but require a lot of computing time).

O’Hara et al. (2002): Bayesian MCMC on Turnover Data

To obtain a full joint probability distribution of the model parameters instead
of mere point estimates, the maximum likelihood method must be abandoned.
O’Hara et al. (2002) were the first to adopt a Bayesian approach to parameter
estimation. The central idea in Bayesian theory (e.g., Gelman et al., 1995) is that
our knowledge of the value of a parameter can be represented by a probability
distribution and that data containing new information about this parameter can
be used to adjust this probability distribution. The probability distributions
before and after data have been used to update our knowledge are called prior
and posterior probability distributions. Bayes’ formula describes how the prob-
ability distribution of model parameter ® is adjusted using data X:

P[X|®]P[®
PO = T

The posterior probability distribution P[@IX] can often be approximated
through Markov chain Monte Carlo (MCMC) simulation with the
Metropolis—Hastings algarithm. The Metropolis—Hastings algorithm consists of
the following steps. First, arbitrary values of the model parameters are chosen.
New values of the model parameters are then drawn from a probability distri-
bution called the jumping distribution J,. The form of this jumping distribution
is arbitrary, but a smart choice will facilitate calculations and convergence of the
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simulation to the posterior distribution. These new values, denoted collectively
by ®*, are now accepted with probability

P[O®*X]].[0*~110%] )
’P[O4~1X]],[0©*@1]

r= min<1 (5.21)
where %1 represent the previous values of the model parameters. This pro-
cedure of drawing new values and accepting or rejecting them is iterated many
times (# denotes the iteration number) and creates a Markov chain; acceptance
of new parameter values in iteration # only depends on the values accepted in
iteration # — 1. The set of values ® generated in this way constitutes (a sam-
ple from) the posterior distribution P[®I1X]. The first half of the iterations is
often discarded because the simulation needs some time (called the burn-in
period) to converge to the stationary distribution of the Markov chain (which
has nothing to do with the Markov property of the SPOM).

When Eq. (5.20) is inserted into Eq. (5.21), the probabilities P[X] cancel
and only the prior probability distribution P[@®] and the probability of data
conditional on the model parameters P[XI®] remain. Note that P[X|0] is the
likelihood. The prior can be chosen based on prior knowledge of the model
parameters, and the likelihood P[XI®] is given by the SPOM itself, that is,
Eq. (5.14) with Eqgs. (5.15) and (5.1). O’Hara et al. (2002) used only turnover
data in which case the state in the first year is considered to be given so that
P[X(1)] drops out of Eq. (5.14). For the jumping distribution they used a nor-
mal distribution with mean ©* and covariance matrix 3 (to be chosen arbi-
trarily, but a smart choice speeds up convergence).

As in Moilanen’s (1999) approach, the problem of missing data can be tack-
led by simulating them, but in a different way. In the Bayesian context, missing
data are in fact treated as parameters; the MCMC thus also yields posterior
probability distributions for these missing data. The Metropolis—-Hastings algor-
ithm allows alternate sampling of (sets of) parameters, that is, they do not need
to be drawn from a single joint jumping distribution simultaneously. It is most
convenient to sample the set of model parameters and the set of missing data
in turn. O’Hara et al. (2002) chose to sample missing data for each patch in
each year separately (see Box 5.2 on Gibbs sampling).

As O’Hara et al. (2002) only considered turnover data, they could not use
all information in a dataset. This problem was solved by Ter Braak and
Etienne (2003).

Ter Braak and Etienne (2003): Bayesian MCMC on the Full Dataset

While O’Hara et al. (2002) were working on their Bayesian analysis of
turnover data, Ter Braak and Etienne (2003) were also developing a Bayesian
method. This method turned out to generalize the approach by O’Hara et al.
{2002) on two main points.

First, Ter Braak and Etienne (2003) were able to also exploit the informa-
tion in the first year. Their idea was to extend data with L missing preyears,
with L a large number, and to choose arbitrary fixed states for the year L.
The likelihood of extended data, given the chosen states in year —L, is simply
a product of L + T — 1 transition probabilities [compare Eq. (5.14) with the




. STOCHASTIC PATCH OCCUPANCY MODELS

119

BOX 5.2 Simulating Missing Patch Data One at a Time by
Gibbs Sampling

When some patch states are unknown {i.e., with missing data), the expression for the
likelihood [Eq. (5.14)] cannot be calculated, even if PIX(1)] were known, because some
transition probabilities of Eq. (5.1) are then unknown. The trick is to fill in missing data
{rom the correct conditional distribution. O'Hara et al. (2002) achieved this by simulat-
ing each missing patch state in turn, starting from initial guessed states and initial model
parameters. After each missing state is simulated once (or mare than once), new mode|
parameters are proposed [and accepted with the acceptance probability of Eq. (5.21)).
With the then current model parameters, each missing state is simulated again. Next,
new model parameters are proposed and so on until convergence (i.e., when the dis-
tribution of the model parameters and simulated states does not change any mare).

To simulate a single missing patch, we need the probability p, that patch i at time
Is occupied, given all other patch states, denoted by X_. This prabability can be calcu-
lated by

pi= PLX(D) = 11X ] = m

1+ F
with f| the odds ratio (McCullagh and Nelder, 1989)

PLX(t) = VX-]  PX(D=1, X ]
XD = 0X_]  PIX(O=0, X'

= 2)

The second equality in Eq. (2) follows from the rule for conditional probability, P{A|8] =
A{A.8)/P{B], and by noting that P[X ] drops out. By applying Egs. (5.14) and (5.15) to
the numerator and denominator of Eq. (2) and observing that all terms cancel except
those involving years £ — 1, tand ¢ + 1 we obtain

PLXty = TX(E — DIFX(E + X0 = 1, X-(1)]
PLXI(0) = OUX(e ~ DIAX(r + X0 = 0, X, (O]
In this method, a 1 is filled in for the unknown state with probability p, and a 0 with

probability 1 — g, Simulating the missing values in this way is known as Gibbs sampling
because we sample from the exact conditional distribution. The acceptance probability

= 3)

then equals 1. Equation (3) is not cheap to calculate, as the second term in both the

numerator and the denominator of f involves the multiplication of N + 1 transition
probabilities, as is evident from Eq. (5.15). If many patch states are missing for a partic-
ular year, it Is computationally more efficient to simulate them jointly using the

Metropolis-Hastings algorithm of Box 5.3.

If & state is missing In the last year, the corresponding term can simply be removed
from the likelihood because the other states do not depend on it. Equivalently, the miss-
ing state is simulated as the other missing states but with p, as defined by Eq. (1).

O'Hara et al. (2002, personal communication) used Metropolis-Hastings to each
missing patch in turn with proposals derived from Eq. (5.1), i.e., without conditioning
on X(f + 1). This is less efficient than Gibbs sampling because Eq. (3) needs to be
calculated for the acceplance probability.
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first term dropped]. There are very many missing values in the extended data,
but apart from that, there is nothing to prevent a standard Bayesian analysis
with MCMC simulation. The validity of choosing arbitrary fixed states for
year —L is guaranteed by the Markov property of a SPOM that the probabil-
ity of the system being in a certain state does not depend on the state of the
system in the infinite past. In formula,

PIX(1)] = lim P[X(1)}P[X(~L)] (5.22)

for any state X(—L). Thus, it is wise to take L large. As Eq. (5.17), Eq. (5.22)
requires the assumption of quasistationarity.

Second, instead of sampling missing data for each patch in each year separ-
ately, Ter Braak and Etienne (2003) chose to sample missing data for all patches
in a single year simultaneously, thus only alternating between years (see Box 5.3).

This turned out to be much faster than the method of O’Hara et al. (2002).

BOX 5.3 Simulating Missing Patch Data by the
Metropolis-Hastings Algorithm

In the Metropolis—Hasting algorithm of Ter Braak and Etienne {2003), missing patch
data for a particular year t are simulated jointly by proposing values for the missing
states (proposals) and accepling the proposals with an acceptance probability r [Eq.
(3.21) with & and X interchanged]. Years are updated in turm.

If the metapopulation is believed to have low turnover probabilities (low £ and C), it
Is easy to generate sensible proposals for all missings in year &, given the current states
in the year before and afler, If the states of a patch in the years before and after the miss-
ing value are the same, propose this state with high prabability, say 0.99; if the states
differ, choase *1" with probability ' This rule is applied to all missing patches in year
I, ylelding an N vector of proposed states denoted by X*(t) to distinguish it from the cur-
rent state. OF course, nonmissing data are not simulated, so that for these patches the
proposed state and the current state are identical. The so-generated proposal X*{(r) is
accepted with acceptance probability r and X(1) is retained if the proposal is not
accepted. To calculate the acceptance probability r, we need the ratio of the proposal
distributions and the ratio of the likelihoods of X*(f) and X(f) [compare Eq. (5.21)]

Because proposed patch states are generated independently, the proposal distribu-
tion J, is the binomial probability

N i
X (@X(01 = [T PO - pyi-Xi®) )

with p; the probability in the proposal scheme that a 1 is filled in, i.e., p;is 0.99, 0.01,
or 0.5, The proposal distribution [ [X(0X*(1)] is obtained as in Eq. (1) with X(t} and X*(t)
interchanged. The ratio of the probability (likelihood) of X*(f) over that of X(t), given the
states of all patch states in other years, is

_AXOX_ AX X AXOXE = DIAXE 1))

COPIXOX-d  PX(OX-d PIX(OIX(t — DIPIX(E + TX(D]
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and depends anly on the states in the neighboring years t — 1 and ¢ + 1 (see Box 5.2)
| In Eq. (2) X_; denotes the states of all patches in all years except year . The acceptance
ratio ris

; Ll X(OIX*(1)]

(3}
X (X))

In the proposal scheme of Ter Braak and Etienne (2003), the (p) are not as simple as

below Eg. (1). Instead, p; is calculated as in Eq. (1) of Box 5.2 but with the odds-ratio f

simplified to

; ,_ PIXT(O = 1XC— 1JPEX(CE + DXTCD = 1,X- (0]

PIXI(0) = 0X(t — DIPIX(t+ TIXT(D) = O.X (0] 1
which involves four instead of 2(N + 1) transition F1rr_'nl}(r!j||litrf_'~, and 15 thus iNExXpensive
1o calculate. The proposal X*(1) Is not generated with the corréct conditional distribu-
tian, but thal does not matter because the theoretical validity of the method hinges on
the correct acceptance probability r, which is calculated via Eqs. (1)}-(3). Note that Eg
(1) depends on X(I) because p depends on X(8) via [ in Eq. (4).

It is instructive to see which proposals are generated when E and C, would be con-
stant over time (l.e., when the connectivity of a patch remains the same over time). I
Xt —1y=10 and X(t + 1) =0, then f = CE/(1 = C)*, which will be a small value if E
andfor C, is small so that p, is also close to 0 so that with only a small probability a 1 is
proposed in year {. Similar considerations show that if X(t — 1) =1and X{t = 1) = 1,.p
is close to 1 so that with a large probability a 1 is proposed in year £, if X(f — 1) % X(t 4
13 =0, then = (1 = EN{1 — C) so that if €, and £, are equal or both small, p, is approx-
imately one-hall. The proposal mechanism is thus very similar to the one begun in this
Box, It has the advantage of yielding good proposals for more variable metapopulations
and does not require a tuning parameter such as the value 0.99 in our initial scheme.

Software to implement the full Bayesian analysis is available in the archives of Ecology
hittp:/www.esapubs.org/archive/ecol (E084/005

5.4 REMAINING PROBLEMS FOR PREDICTIONS: A CASE STUDY

The method of Ter Braak and Etienne (2003) uses the spatial information
of the first year of a dataset, reflecting the history of the metapopulation, as
well as the turnover information in the following years, it can handle missing
data, and it provides a joint probability distribution of the model parameters.
Because missing data are treated as parameters that need to be estimated, a
probability distribution of the occupancy at the missing data points is also
provided. This is very convenient if one wants to make predictions, as shown
later. Furthermore, the Bayesian approach allows for many extensions of the
method, such as misclassifications of occupancies in the dataset (Moilanen,
2002) and temporal stochasticity (regional stochasticity in the terminology of
Hanski, 1991). We refer to the discussion for their possible consequences (see
also Ter Braak and Etienne, 2003). However, in addition to technical difficul-
ties of the MCMC approach [When has the MCMC converged? How many
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preyears (L) should be added? Is there perhaps an even more efficient algor-
ithm than the one presented by Ter Braak and Etienne (2003)?], there are (at
least) three fundamental difficulties that need to be considered before cali-
brated SPOM:s can be used for prediction.

First, Ter Braak et al. (2003) invoked the assumption of quasistationarity
to be able to use occupancy datasets to their fullest extent. The question is
whether this assumption is warranted and what impact it has. Second, even
if the model parameters are precisely known, predictions of occupancy,
turnover, or the time to extinction will be uncertain due to the inherent sto-
chasticity of the model (termed extinction—colonization stochasticity in
Hanski, 1991). If the contribution of the inherent stochasticity to the total
uncertainty in model predictions is large, data collection for more than a few
years may be rather fruitless. Third, in making predictions it is possible to
take into account any planned changes in network structure (habitat creation,
barrier removal). Indeed, comparing the outcome of several scenarios is often
the main purpose (e.g., Wahlberg et al. 2002a). However, unpredictable
changes in the landscape (habitat turnover, unknown management plans) may
make reliable predictions rather difficult. These problems are discussed in
order using the tree frog SPOM mentioned earlier on the tree frog dataset and
on a simulated dataset for the same network with the same pattern of miss-
ing values as the real dataset.

The Quasistationarity Assumption ,

Assuming quasistationarity allowed Hanski (1994) to estimate model
parameters from a single year of occupancy data only, and it allowed Ter Braak
et al. (1998) and Ter Braak and Etienne (2003) to extract information in a
dataset about the history of the metapopulation, as reflected by the first year of
a dataset. However, how do we know that the metapopulation is in the quasi-
stationary state or not? To answer this question, we need to know more about
the history of the metapopulation (Moilanen, 2000), or we can attempt to find
the answer using the dataset itself. Assuming that information about the past
history is usually unavailable, it seems worthwhile to explore the dataset for
information about the presence or absence of quasistationarity. If we can find
such information, we also avoid the objection that assuming quasistationarity
makes predictions worthless because it is a self-fulfilling prophecy.

We start by comparing parameter estimates as well as predictions for the
complete dataset assuming quasistationarity (which is denoted by QS6), the
first year only dataset assuming quasistationarity (QS1), and the turnover
dataset (TO). Figures 5.1 and 5.2 show cumulative posterior distributions for
the tree frog SPOM and dataset. Figure 5.1 shows that posterior distributions
of the model parameters for QS1 are wider than those for QS6 and TO, which
are quite alike (but note the differences for x and g,). This does not necessar-
ily mean that the predictions must also be different because the model param-
eters may be highly correlated. Indeed, Fig. 5.2A shows that the variance in
distributions of the occupancy after 100 years is similar for QS1 and TO, indi-
cating that there is nearly as much information about the occupancy in QS1
as in TO. Combining them in QS6 gives a slightly narrower distribution (i.e.,
steeper cumulative distribution), as shown in Fig. 5.2A.
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Fig. 5.1 Cumulative posterior distributions of model parameters estimated from the tree frog

dataset using Q56 (thick curve), Q51 (thin curve), and TO (dotted curve). Results are based on

500,000 iterations after a bum-in of 500,000 jterations (056, TO) or 2,500,000 iterations (Q51,

slower convergence). The number of preyears was L = 25, ’
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(5.23)
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5.5 DISCUSSION
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