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Abstract. Spatially referenced mark-recapture data are becoming increasingly available, 
but the analysis of such data has remained difficult for a variety of reasons. One of the 

fundamental problems is that it is difficult to disentangle inherent movement behavior from 

sampling artifacts. For example, in a typical study design, short distances are sampled more 

frequently than long distances. Here we present a modeling-based alternative that combines a 

diffusion-based process model with an observation model to infer the inherent movement 

behavior of the species from the data. The movement model is based on classifying the 

landscape into a number of habitat types, and assuming habitat-specific diffusion and 

mortality parameters, and habitat selection at edges between the habitat types. As the problem 
is computationally highly intensive, we provide software that implements adaptive Bayesian 

methods for effective sampling of the posterior distribution. We illustrate the modeling 
framework by analyzing individual mark-recapture data on the Glanville fritillary butterfly 

{Melitaea cinxia), and by comparing our results with earlier ones derived from the same data 

using a purely statistical approach. We use simulated data to perform an analysis of statistical 

power, examining how accuracy in parameter estimates depends on the amount of data and on 

the study design. Obtaining precise estimates for movement rates and habitat preferences turns 

out to be especially challenging, as these parameters can be highly correlated in the posterior 

density. We show that the parameter estimates can be considerably improved by alternative 

study designs, such as releasing some of the individuals into the unsuitable matrix, or spending 

part of the recapture effort in the matrix. 

Key words: Bayesian estimation; diffusion; dispersal; edge-mediated behavior; Glanville fritillary 
butterfly; heterogeneous landscape; individual mark-recapture; Melitaea cinxia; random walk. 

Introduction 

Mark-recapture methods are central in many areas of 

ecological research, ranging from the estimation of 

population size to the estimation of individual-level 

parameters such as survival, fecundity, and movements. 

There is a versatile and well-developed body of 

statistical theory for the analysis of nonspatial mark 

recapture data (Lebreton et al. 1992, Schwarz and Seber 

1999). These methods have been implemented in user 

friendly software such as the program MARK (White 
and Burnham 1999), which is widely used as a standard 

tool for the estimation of demographic parameters from 

mark-recapture data. 

Due to the increasing interest in spatial phenomena, 
considerable effort has been spent in acquiring data on 

movements of individuals (see, e.g., Turchin 1998, 

Clobert et al. 2001, Hanski and Gaggiotti 2004). 
Questions addressed by such data range from pest 
control and epidemiology to ecology and evolutionary 

biology of threatened species. For example, Bancroft and 
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Smith (2005) used mark-recapture to quantify the 

dispersal behavior of an invasive beetle species to provide 
a basis for eradication strategies. Maciel-De-Freitas 

(2006) conducted mark-recapture experiments to assess 

movements of yellow fever mosquitoes in forests vs. 

human-modified environments. Schtickzelle et al. (2006) 
conducted mark-recapture studies on the butterfly 
Proclossiana eunomia in contrasting landscapes to 

examine evolutionary responses to habitat loss and 

fragmentation. One possibility to analyze these kinds of 

spatially referenced mark-recapture data is to use 

multisite models, which generalize the standard nonspa 
tial mark-recapture models by assuming that the 

individuals move between a finite set of sites (Lebreton 
and Pradel 2002). Such models have been used exten 

sively for birds (Kendall and Nichols 2004, Breton et al. 

2006), but also, e.g., for butterflies (Casula 2006) and fish 

(Chen and Xiao 2006). 
Multisite models involve the estimation of movement 

probabilities between all pairs of sites, and are hence 

best suited for situations with a limited number of well 

defined sites. However, this requirement is rarely met, 

especially in studies of insect dispersal, where the 

number of suitable habitat patches can be very large 
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(e.g., Hanski 1999), or variation in landscape structure 

may be of more or less continuous nature (e.g., 

Varkonyi et al. 2003). While data not suitable for 

multisite models have been analyzed using a variety of 

approaches, methods that would allow the estimation of 

movement parameters in an effective and unbiased 

manner appear to be still lacking. One commonly used 

alternative is to apply a purely statistical approach. For 

example, Mennechez et al. (2003) used constrained 

linear models to compare dispersal distances of a species 
of butterfly in two structurally dissimilar landscapes. A 

drawback in that approach is that it lacks the resolution 

to examine the causal factors behind the observed 

patterns. Indeed, observed movement distances may be 

different due to dissimilar sampling in the two land 

scapes, due to dissimilar structure of the two landscapes, 
or due to inherently dissimilar behavior of the butterflies 

inhabiting the two landscapes. The biological interpre 
tation would be fundamentally different in these three 

cases, as they correspond to a sampling artifact, an 

ecological effect, and an evolutionary response to 

landscape structure, respectively. Furthermore, the size 

of the area included for the mark-recapture study can 

have a large effect especially on parameters relating to 

long-distance dispersal. Schneider (2003) compared five 

mark-recapture studies conducted on the same species 
of butterfly, and found quite strikingly that the 
estimated mean movement distance depended linearly 
on the size of the study area. A variety of methods have 

been proposed for correcting for these types of artifact. 

For example, Albanese et al. (2003) noted that in a 

typical study design short distances are sampled more 

frequently than long distances, and suggested that the 

resulting bias in movement estimates could be reduced 

by carefully constructed study designs. Yamamura et al. 

(2003) noted that, in studies where individuals need to be 

trapped for recapture, high trapping intensity in short 

distances can lower the amount of long-distance 

dispersal. The authors suggested that such a bias can 

be corrected for by arranging the traps in a regular 
lattice structure, and by making assumptions about 

random movement and constant settlement rate. 

Due to the rapid development of computational 
methods such as Markov chain Monte Carlo (MCMC), 
likelihood-based estimation methods have become 

increasingly popular in a wide range of ecological 
research (Hobbs and Hilborn 2006). An approach that 
combines a process model with an observation model 

seems especially natural in the case of spatial mark 

recapture data, as it allows one to account for an 

arbitrary study design, and should make it possible to 

derive unbiased dispersal estimates without additional 

correction factors. However, process-based modeling 

approaches are still scarce in spatial mark-recapture 
literature. An exception is given by Fujiwara et al. 

(2006), who built a maximum likelihood estimation 
scheme based on a stochastic model describing the 

movements and survival of individuals. In their model, 

movement was modeled through a dispersal kernel with 

a scale parameter to be estimated. Fujiwara et al. (2006) 

applied the model to data on brown trout living in 

streams, and thus assumed a one-dimensional dispersal 

kernel, but the same approach would extend to two 

dimensional domains as well. Another related approach 
is the virtual migration (VM) model, which uses a 

dispersal kernel to model movements between a set of 

habitat patches surrounded by so called matrix, i.e., 
unsuitable habitat (Hanski et al. 2000). 

As dispersal kernels are typically radially symmetric 
and have no dependence on landscape structure, they 
are best suited for homogeneous environments or for 

species with passive propagule dispersal (Turchin 1998). 

However, it has been frequently observed that, especially 
in the case of actively moving animals, variation in 

landscape quality can have a large influence on 

movement patterns (e.g., Ricketts 2001, Levey et al. 

2005). Schooley and Wiens (2004) studied the move 
ments of cactus bug using a combination of mark 

recapture methods and direct analysis of movement 

paths, and concluded that in a variable environment it is 

not possible to treat dispersal distances of a species as 

fixed traits independent of landscape structure. 

As an attempt to model insect dispersal in heteroge 
neous landscapes, Ovaskainen (2004) developed a 

diffusion-based movement model that accounts for 

spatially varying movement and mortality rates, and 

for habitat selection at edges between habitat types. In 

this paper, our aim is to extend the maximum likelihood 

method of Ovaskainen (2004) to a full Bayesian 
approach, including the usage of posterior predictive 
distributions to assess the model fit. As the computa 
tional problem is very complex, we have developed 
flexible software (see Supplement) that can be used for 

parameter estimation, analysis of the resulting move 

ment models, and generation of simulated data. We first 

briefly summarize the model, and describe an adaptive 
MCMC method that allows for computationally effec 

tive Bayesian parameter estimation. We then test the 

performance of the estimation scheme against simulated 

data, including a power analysis illustrating how 

accuracy in parameter estimates depends on the amount 

of data and the study design. Finally, we apply the 

estimation scheme to a real mark-recapture data set 

collected on the Glanville fritillary butterfly {Melitaea 
cinxia; Kuussaari et al. 1996). In this example, we 

illustrate how results derived by the present method 

compare with results derived earlier using a purely 
statistical approach. 

Material and Methods 

Fhe model 

We consider mark-recapture data collected from a 

landscape that is classified into a number of habitat 

types, which are a priori assumed to differ from each 

other in terms of the species behavior. The landscape is 

presented technically as a set of polygons, which form a 
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landscape layer that is used to define the process model. 

The observation model is defined by describing the 

spatiotemporal effort used to search for recaptures. We 

assume that a discrete set of sites is used for recapture, 
so that the search effort can be described through a 

matrix indexing which sites were searched at a given 
instance. 

We assume that the movements of the individuals can 

be modeled by diffusion with habitat-specific movement 

and mortality rates, supplemented by habitat selection 

at edges between the habitat types (Ovaskainen and 

Cornell 2003, Ovaskainen 2004). Given that an individ 
ual is initially at time t0 in a location y e M2, we denote 

the conditional probability density of the individual's 
location x at time t by v(x, t; y, t0). The probability 

density v evolves as 

drv(x, t) = a(x)Av(x, i) 
- 

c(x)v(x, t) (1) 

where dt is the partial derivative with respect to time, A is 

the Laplacian given by second spatial derivatives, and 

the coefficients a(x) (diffusion) and c(x) (mortality) may 
depend on the habitat type at location x. We assume for 

simplicity isotropic diffusion, and no deterministic drift 

(no term with first spatial derivative), but our methods 

are not restricted to these simplifications. Habitat 

selection is modeled by a discontinuity in the probability 
density across the edges between the habitat types, so 

that v(x, t; y, t0) 
= 

k(x)v(x, t; y, t0), where k describes the 

preference for a given habitat type, and v is continuous 

across the edges. We utilize the method of Ovaskainen 

(2004) to calculate the likelihood of mark-recapture 
data for a given parameter set. Briefly, if a marked 

individual has been released to a location y at time t0, 
the initial condition is given by a delta distribution 
concentrated at y. The probability that the individual is 
at time t > t0 in a region X is 

Px(t)= /v(x,f;y,f0)dx. (2) 
Jx 

Performing the integration over all space gives the 

probability that the individual is somewhere, i.e., that it 

has not died before time t. An approximation for Px can 

be calculated using the finite-element method, which 

translates the partial differential equation into a large 
but sparse matrix equation (Ovaskainen 2004). Also 

searching for but not finding an individual modifies the 

probability density. Assuming that a site X is searched 

for without finding the individual, the probability 
density decreases in site X and increases outside the site 

X. The updating rules are based on a simple probability 

calculation, and they depend on the capture probability 

p, i.e., the probability of observing an individual while a 

site is searched, given that the individual actually was at 

the site (Ovaskainen 2004). 
The main aim of this paper is to extend the maximum 

likelihood estimation scheme of (Ovaskainen 2004) to a 
more flexible Bayesian framework. To do so, we assign a 

log-normal prior for all parameters that are restricted to 

be positive {k, a, c), and a logit-normal prior for the 

capture probability/? e (0, 1). We utilize a Markov chain 

Monte Carlo (MCMC) method, in which the posterior 
distribution is sampled using a simulation approach. To 

illustrate the size of the computational problem, assume 

that there are data for 10 time steps (e.g., days) and for 

1000 individuals. If there are 10 parameters to be 

estimated, and if the MCMC is run for 10 000 iterations, 
the underlying matrix equation needs to be solved 109 

times. To improve computational efficiency, we have 

replaced the iterative solver of Ovaskainen (2004) by a 
direct solver that utilizes the sparse Cholesky decompo 

sition, and implemented adaptive methods as described 

below. 

Adaptive MCMC 

We apply Bayesian parameter estimation through the 

Metropolitan-Hastings MCMC algorithm, in which the 

parameters are updated either one by one, or in blocks 

(Gelman et al. 2004). We use log-normal (for k, a, c) or 

logit-normal (for p) proposal distributions, or corre 

sponding multinormal distributions if parameters are 

updated in blocks. In order to obtain a sufficient mixing 
in the MCMC, a good choice of the proposal 
distribution is a necessity. We have implemented two 

methods that adjust the proposal in an adaptive manner. 

The first method (to be called ACCEPT, from 

acceptance ratio) is based on adjusting the variance of 

the proposal distribution so that the acceptance ratio 

attains a prescribed value a*. In the case of multinormal 

target and proposal distributions, the optimal accep 
tance ratio is about oe* = 0.44 if a single parameter is 

updated, and it decreases to about a* = 0.23 if many 

parameters are updated in a block (Gelman et al. 2004). 
As the proposal distribution is modified after each 
iteration round, it is advantageous to base the adjust 

ment on a recent acceptance ratio rather than the overall 

acceptance ratio since the first iteration round. We 

define the recent acceptance ratio after iteration round n 

as QLn = 
zn/wn, where zn = S"=1 o?rn~' and wn = S"=1 rn~l, r 

< 1 is a damping ratio, and ot is an indicator variable 

with o? = 1 if the proposal was accepted at iteration 

round / and o? = 0 otherwise. If the acceptance ratio is 

too high, the variance of the proposal distribution 

should be increased, whereas for an acceptance ratio 

that is too low, the variance should be decreased. This is 

done by multiplying the variance of the proposal 
distribution after each iteration round n by qa,,~a\ 
where the parameter q > 1 describes how greedy the 

algorithm is. A large value of q leads to quick 

adaptation, but can also lead to oscillatory behavior, 
whereas a small value of q corresponds to a slower but 

more stable strategy. We used as defaults the parameter 
values r = 0.9 and q 

? 2. Note that zn and wn satisfy the 

recursions zn = rzn^x + on, wn = rwn_\ + 1, and they may 
hence be updated with very limited computational cost. 

While the ACCEPT method can be used to adjust the 
acceptance ratio close to an optimal one, it has the 
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drawback that it does not account for the covariance 

structure of the posterior distribution. To improve the 

mixing, highly correlated parameters should be updated 

in a block using a joint proposal that mimics the 

correlation structure of the posterior density. Haario et 

al. (2001) developed an adaptive method (called AM), in 
which the covariance matrix of the multinormal 

proposal distribution is set (after iteration round n) to 

C? 
= 

sdCov(Xu... ,X?) + esdld (3) 

where d is the number of parameters in the block, X? 

refers to the values of the d parameters at iteration 

round i, \d is the identity matrix, and s > 0 is a small 

constant that ensures that the covariance matrix remains 

nonsingular. The parameter sd is a scaling factor for 

which an optimal value (assuming multinormal distri 

butions) is approximately sd = 2.42/d (Gelman et al. 

2004). 
While the AM method is superior to the ACCEPT 

method in the sense that it is able to account for the 

covariance structure of the posterior density, it is likely 
to initially mix poorly if the first proposal distribution is 
not very carefully selected. Haario et al. (2006) overcame 

this problem by developing a mixed method called 

DRAM, which combines delayed rejection (DR) with 
the adaptive method (AM). While the usage of the AM 

method ensures finding an asymptotically efficient 

proposal, the DR method can considerably shorten the 

burn-in period. We utilize a very similar idea by 

combining the ACCEPT algorithm with the AM 

algorithm as follows. First, we run the MCMC using 
the single-component ACCEPT algorithm for a short 

period such as 1000 iterations. While this period is likely 
to be too short for exploring the full posterior density, it 

provides information about the covariance structure, 

and this information can be utilized to construct a better 

proposal distribution. Based on this initial sample, we 

group the variables that are highly correlated with each 

other (e.g., correlation coefficient at least 0.85), and 

calculate the covariance matrices for each group based 

on Eq. 3. We then fix the proposal distribution for each 

block to the multinormal distribution defined by the 
covariance matrix, and run the MCMC again to obtain 

a sample from the posterior density. As this procedure 
resulted typically in a very good mixing in the final stage, 
a relatively short MCMC (e.g., 10 000 iterations) seemed 

usually sufficient. 

In general, adaptive adjustment of the proposal 
distribution may make the MCMC fail to converge to 

the correct target distribution (Gelman et al. 2004). 

Haario et al. (2001) showed that, under certain 

conditions, the AM method converges to the correct 

target distribution even if the adaptation is continued 

throughout the computation. The strategy we have 

chosen is conservative in the sense that we adapt the 

proposal only during a burn in period, and fix it for the 

final sampling of the posterior density. 

3155.0 3156.0 

Distance from prime meridian (km) 

Fig. 1. Map of Hus? island (part of the Aland Islands in 
southwest Finland). The landscape consists of 65 patches 
(black) and the unsuitable matrix (white). The duplicates of the 
habitat patches (black outlines with no fill) consist of matrix, 
and they are used as hypothetical mark-recapture sites when 

generating simulated data (see Materials and methods: Simu 
lated data, designs D2 and D3). The patch indicated by the 
arrow had an exceptionally high density of nectar plants and is 
treated separately in the analysis of real data. 

Simulated data 

We used simulated data to conduct an analysis of 

statistical power, i.e., to examine how much and what 

kind of data are needed to achieve a given accuracy in 

the estimates of the model parameters. We generated 
data assuming the landscape shown in Fig. 1, from 

which the real data for the Glanville fritillary were 

collected. We generated the simulated data using the 

parameter values &J 
= 

1, ?m = 0.01, ?? 
= <zm = 105 m2/d, c? 

= 
ci, = 0.1 d_1, and/?* 

= 
0.5, where the subscripts refer to 

the habitat patches (h) and the matrix (m), and the star 

(*) indicates that these are the underlying "true" 

parameter values. We thus assumed that the density of 

individuals is a hundred times larger in the habitat 

patches than in the matrix, and that mortality rates and 

diffusion coefficients do not differ between the patches 
and the matrix. The mortality rate c = 0.1 d_1 

corresponds to the mean lifetime of 10 days, and the 

diffusion coefficient would lead to an expected lifetime 

displacement of r = {n/2)^a/c 
= 1571 m in a 

homogeneous environment (Turchin 1998). These pa 
rameter values can be considered to be representative for 

many butterflies such as the Glanville fritillary. As the 

landscape is an isolated island, it is natural to assume 

reflecting boundary conditions. 

We assumed that a number of marked individuals 

were released to the study area during the first day of a 

20-day study period, and considered three possibilities 
for the study design. The basic design (Dl) corresponds 
to the most common type of spatial mark-recapture 

study, in which marked individuals are initially released 

into the habitat patches, and searching for recaptures 
takes place solely in the habitat patches. We let the 
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release location rotate systematically over the 65 habitat 

patches, and assumed that all habitat patches were 

searched once per day, starting on day 2. In design D2, 

part of the searching was conducted in the matrix. To 

keep the searching effort identical to that of design Dl, 

we duplicated the shape of each patch and placed the 

copy inside the matrix (Fig. 1). We assumed that on day 
1 the patches 1, 3, 5, ... were searched, whereas for 

patches 2, 4, 6, ... the duplicate was searched. For day 2 

we switched the patches for which the duplicate was 

searched, and continued the rotation so that each day 

half of the search effort took place in the matrix and half 

in the habitat patches. In design D3, all searching was 

conducted in the habitat patches, but we assumed that 

half of the individuals were released into the matrix. To 

do so, we assumed again that the release location rotated 

systematically over the 65 patches, but that in every 

second case the individual was released into the 

duplicate located in the matrix (Fig. 1) instead of the 
actual habitat patch. For each of the three study designs, 
we generated 10 replicates of four data sets, which 

consisted of 1, 10, 100, and 1000 individuals. 

We considered two types of models when estimating 

the parameters back from simulated data. First, in 

model M1, we assumed a priori that ah = am and ch = cm, 

whereas in model M2 we relaxed this assumption by 

estimating the diffusion and mortality parameters 

separately for the matrix and for the patches. To 

examine the sensitivity of the posteriors to the prior 

distributions, we did not assume a prior centered around 

the true value, but assumed a prior for which the 

medians (0.025, 0.975 quantiles) were km 
= 0.l (0.01, 1), 

ah = am = 104 (103, 105), ch = cm = 0.2 (0.1, 0.4), and p 
= 

0.3 (0.1, 0.62). We calculated the posterior distributions 

using a combination of the ACCEPT and AM methods 

(1000 iterations for the adjustment of the proposal and 
10 000 iterations to sample the posterior), and compared 

the results against the known true values. 

The Glanville fritillary case study 

Kuussaari et al. (1996) conducted an experimental 
introduction of the Glanville fritillary butterfly into the 
isolated island of Hus? (Fig. 1) in the Aland archipelago 
in southwest Finland in 1992 (see Plate 1). The island 

was classified into 64 habitat patches based on the 

presence of the host plant Plantago lanceolata L. 

(subscript h), and the surrounding matrix (subscript 

m). The butterflies were collected as caterpillars from 

different parts of the main Aland Island, reared in 

outdoor cages, and moved into a house after pupation to 

synchronize the emergence. A total of 822 (427 males 

and 455 females) newly eclosed butterflies were marked 

individually and released into 16 habitat patches. Each 

of the 64 habitat patches was visited daily starting from 

day 2. On the sixth day, the researchers noticed that the 

butterflies were attracted to a patch with plenty of nectar 

plants but no host plants (shown by arrow in Fig. 1; 

subscript h*), and from that day on this patch was also 

included in the survey. The mark-recapture study was 

continued for 14 days, and the data consist of 341 

recaptures for males and 247 recaptures for females. 

We estimated habitat preferences separately for the 

habitat patches (/ch), for the patch with nectar plants 

(?h*), and for the matrix {km). As only the relative values 

of the habitat preferences matter, we normalized the 

habitat preference for the habitat patches as kh 
= 1. 

Diffusion {ah and am) and mortality (ch and cm) were 

estimated separately for the patches (assuming no 

difference between habitat patches and the patch with 

nectar plants) and for the matrix. As the capture effort 

was kept constant per unit area (1 min/100 m2), we 

assumed that the capture probability p was equal for all 

patches. We assumed the relatively uninformative priors 
for which the medians (and 0.025 and 0.975 quantiles) 
were km 

= 0.01 (10~4, l),kh* 
= \ (0.01, 100), ah = am= 105 

(103, 107), ch = cm = 0.\ (0.01, 1), andp 
= 0.5 (0.1, 0.9). 

To examine possible differences between males and 

females, we modeled the data for the two sexes 

separately. As the butterflies avoid flying on top of 

water, we assumed reflecting boundary conditions 

around the island. 

Software 

We implemented the estimation schemes in two pieces 
of software, called Mapper and Disperse, both available 

in the Supplement. Mapper is a GIS-based interface for 

the triangulation of the layers representing the landscape 
and the set of mark-recapture sites. Triangulation is a 

prerequisite for finite element based methods imple 
mented in Disperse. In addition to the adaptive MCMC 

methods (both AM and ACCEPT) for parameter 
estimation, Disperse can be used to generate simulated 

data and posterior predictive data. Disperse can also be 

used to calculate a variety of biologically relevant 

variables ranging from hitting probabilities to occupan 

cy times (see Ovaskainen and Cornell 2003). Mapper can 

be used to visualize mark-recapture data and spatial 
variables such as the time evolution of the probability 

density v. 

Results 

We first assess the performance of the estimation 

schemes based on simulated data, and then move on to 

the Glanville fritillary case study. 

Performance of the estimation schemes 

We estimated the posterior distributions for all 

simulated data sets using the combination of ACCEPT 

and AM methods described in Materials and methods. 

This resulted in very good mixing of the MCMC after 
the burn-in period (Fig. 2), in spite of the high (negative) 
correlation between the parameters km and am (Fig. 3e). 

During the burn-in (iteration rounds 1-1000), in which 

each parameter was updated in turn, the parameters km 

and am mixed very poorly. To keep the acceptance ratio 
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5000 10 000 

Iteration round 

15 000 5000 10 000 

Iteration round 

15 000 

Fig. 2. Mixing of the Markov Chain Monte Carlo (MCMC) method based on adaptation of the proposal distribution using a 

combination of the ACCEPT and adaptive (AM) methods. The first 1000 iteration rounds were run with ACCEPT, all parameters 
being updated individually. The remaining 15 000 steps (after the dashed vertical line) were based on grouping the parameters km 

(habitat preference for the matrix) and am (diffusion rate in the matrix), and fixing the proposal distributions based on the sample 
generated by iteration rounds 101-1000 using Eq. 3. The four panels illustrate the MCMC for the parameters (a) km, (b) a, (c) 
mortality (c), and (d) capture probability (p). Data were generated using design Dl for 1000 individuals; parameters were back 
estimated assuming model Ml. The initial proposal distribution (before adaptation) was set to the prior distribution. Horizontal 
lines depict the true parameter values. 

sufficiently high, ACCEPT greatly decreased the vari 
ance in the proposal distributions for these two 

parameters. This resulted in very small jumps between 

the iteration rounds, and hence ACCEPT failed to 

explore rapidly the full parameter space. However, the 

sample collected by ACCEPT led to a good approxi 
mation of the covariance structure of the joint posterior 
distribution. After the covariance structure was account 

ed for by grouping the parameters km and am (iterations 

1001-11000), mixing of the chain was dramatically 

improved (Fig. 2a, b). In contrast, the other model 

parameters were not highly correlated in the posterior 

density, and they mixed well also when updated 

individually (Fig. 2c, d). 
The marginal posterior densities for both models Ml 

and M2 are compared with the prior densities and with 

the true values in Fig. 3 for single replicates of data 

consisting of 1, 10, 100, and 1000 individuals construct 

ed by design Dl. As expected, when the data consist of a 

single individual the posteriors are very similar to the 

priors, but with an increasing amount of data the 

posteriors center around the true values with increasing 
confidence. For model M2, diffusion {a) can be 

estimated reliably only for the matrix, as the patches 
are so small that it is not possible to infer within patch 

movement rates from this kind of data. On the other 

hand, mortality (c) can be estimated reliably only for the 

patches, as the individuals spend only a small fraction of 

their time in the matrix. While the data contain very 

limited resolution to estimate the parameters ah and cm, 

we note that their inclusion in the model did not affect 

the estimates for the other parameters greatly. As the 

amount of data increases, the parameters km and am 

become highly negatively correlated with each other 

(Fig. 3e). Thus, while there is not enough resolution in 

the data for accurate estimation of these two parameters 

separately, there is much more information about their 

joint distribution. In other words, it is hard to 

disentangle whether the individuals go seldom to the 

matrix and move there fast, or if they go frequently to 

the matrix and move there slowly. Indeed, both options 
could result in the same number of observed movements 

between the habitat patches. 
We constructed designs D2 and D3 to examine 

whether it is possible to better disentangle the param 
eters km and am by performing part of the searching in 

the matrix (D2), or by releasing some of the individuals 

into the matrix (D3). Design D2 is expected to provide 
direct information about the parameter km, whereas 

design D3 is expected to provide direct information 

about the parameter am. Searching in the matrix 

resulted in only a few recaptures, and hence the total 

number of recaptures was smallest in design D2. The 

mean number of recaptures per individual within the 

patches (?SE over the 10 replicates with 1000 individ 

uals) was 3.65 (?0.03), 1.84 (?0.02), and 3.58 (?0.03) in 

designs Dl, D2, and D3, respectively. In design D2, 
0.016 (?0.001) recaptures per individual were in 
addition obtained in the matrix. We note that while in 

design D3 some of the individuals may have been lost in 
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the matrix before they reached any of the habitat 

patches, in the relatively dense network of patches (Fig. 

1) there was no great reduction in the total number of 

recaptures. 

Somewhat surprisingly, the possibility to obtain direct 

information about the density of individuals in the 

matrix compensated well for the lower recapture rate, 

and design D2 performed best in the estimation of the 
most difficult parameters km and am (Fig. 4a, b). With 

respect to these parameters, also the design D3 slightly 

outperformed the basic design Dl for a sample size of 

100 individuals (Fig. 4a, b). With respect to estimation 

of mortality and capture probability, the three designs 

performed in a very similar manner (Fig. 4c, d). 

The Glanville fritillary case study 

Fig. 5 shows the marginal posterior distributions of 

the model parameters based on the real mark-recapture 

data on the Glanville fritillary butterfly. The median 

value of parameter km suggests that the density of 

individuals was about 1000 times larger in the patches 
than in the matrix, the results being almost identical for 

the two sexes. Males clearly preferred the exceptional 

patch with a high density of nectar plants [P(kh* > 1) > 
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0.99], whereas for females the posterior probability was 

somewhat smaller [P(kh* > 1) 
= 

0.88]. As with simulated 

data, diffusion could be estimated reliably only for the 

matrix and mortality only for the habitat patches. There 

was no difference between the two sexes in terms of their 

diffusion rate, but mortality was much higher for 

females (median estimate c? 
= 0.44 d_1) than for males 

(median estimate cfj1 
= 0.32 d_1), the difference being 

well established in the posterior, P(c? > cj4) > 0.99. 

Capture probability was somewhat greater for males 

(median estimate 0.32) than for females (median 

estimate 0.30), P(pM > pF) 
= 0.89. As was the case with 

simulated data, the posteriors are much more concen 

trated than the priors for mortality and capture 

probability, whereas habitat preferences and diffusion 

rates were more difficult to estimate. 

The fit of the model is examined in Fig. 6, which 

compares the data against predictive posterior distribu 

tions. We note that as we use the same data for 

parameter estimation and for model validation, our 

check of model fit is not about the generality of the 
estimated parameter values, but about the validity of the 

structural model assumptions. For example, the upper 

panels show that the model prediction is consistent with 

the data for the distribution of days from release to last 

recapture. This suggests that the assumption of constant 

mortality rate is in line with these data. The middle 

panels show a slight bias in the distribution of observed 
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Plate 1. (Left) A Glanville fritillary butterfly used in a mark-recapture experiment. (Right) A Glanville fritillary butterfly 
habitat patch on Hus? Island, southwest Finland. Photo credits: Pave V?is?nen. 

movement distances, the model underestimating the 

frequency of individuals that stayed in the same patch 

(included in distance class 0-100 m), and the frequency 
of very long movements. The lower panels illustrate that 

while the model assumes that the individuals started the 

dispersal phase right after the release, both females and 

males tended to stay in the release patch for a while 

before they started moving. The bias may be partly 

explained by the fact that the individuals were released 

in the evening, and thus the time until the first search for 

recaptures did not include a full day. However, the bias 

remains even if the data are shifted conservatively by 
one full day (open circles in Fig. 6e, f). 

Discussion 

The diffusion model provides a simple but reasonably 
realistic spatial reference model, which can be used to 

extract information from mark-recapture data in two 

ways. First, the posterior distribution provides direct 

information about the underlying parameters such as 

movement and mortality rates. Second, the agreement or 

disagreement between the real data and the posterior 

predictive distribution can be used to examine how the 

observed movement behavior deviates from the null 

hypothesis of random walk. As the modeling approach 
described here separates the movement process from the 

observation process, it makes it possible to disentangle 
the inherent movement behavior of the species from 

possible sampling artifact, leading to more robust and 

refined inferences compared to what could be obtained 

by straightforward statistical approaches. We next 

illustrate these points by comparing the original results 

of Kuussaari et al. (1996) on the Glanville fritillary to 
the results obtained here. 

To start with, Kuussaari et al. (1996) noted that a 

larger fraction of males than females was recaptured. 
This could be explained by the capture probability being 
higher for males, the males living longer, or the males 

spending less time in the unsearched matrix. Based on 

the differences in the posterior densities for the two 

sexes, we conclude that the major factor was likely to be 

the longer lifetime of males (Fig. 5c). Additionally, the 
males appeared to have a somewhat higher capture 

probability (Fig. 5d). 
Kuussaari et al. (1996) concluded that the two sexes 

behaved differently with respect to the timing of 

emigration. They defined the emigration rate as the 

fraction of individuals (out of all captured individuals) 
that were found outside their natal patch. Drawing a 

figure similar to our Fig. 6e, f, they found that 

emigration rate increased as a function of time since 

release similarly for the two sexes for the first four days. 

However, the two sexes differed in that, while almost all 

females did emigrate from the natal patch within a week 

from the release, a fraction of the males seemed to 

remain in their natal patch. Our analyses illustrate 

additionally that the emigration rate did not remain 

constant, but increased for both sexes with age. This is 

revealed by Fig. 6e, f, which show that a model assuming 
an age-independent movement rate overestimates the 

amount of between-patch movements during the first 

five days. Starting the between-patch movements only 
after five days makes biological sense, as it gives the 

individuals time to reproduce in their natal patch before 

taking the risk of entering the matrix to search for the 

other patches. Bergman and Landin (2002) observed a 

similar behavior in the butterfly Lopinga achine, where 

females typically moved only after laying two-thirds of 

their eggs in the natal site. 
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Kuussaari et al. (1996) reported that males seemed to 

move somewhat shorter distances (mean 311 m) than 

females (403 m), though their result was not statistically 

significant {P 
= 

0.093). We found that the posterior 
distributions for the diffusion parameter am were almost 

identical for the two sexes (Fig. 5b), the one for the 

females suggesting only slightly greater values. Thus our 

analyses would suggest that males and females do not 

differ greatly in their inherent movement behavior. 

However, a small difference showing shorter movement 

distances for males than for females is seen also in the 

posterior predictive distributions. In the case of males, 
the median distance between two captures (and its 95% 

highest posterior density interval [HPDI] based on the 
1000 samples from the predictive posterior distribution) 

was 161 m (134, 187), whereas the corresponding figure 
for females was 187 m (152, 201). In addition to the 

slightly greater diffusion rate for the females, this is 

explained by the fact that males had a somewhat greater 

capture probability. As they were captured more 

frequently, the distances between consecutive captures 
were likely to remain smaller. 

The mortality rates estimated here suggest an average 
lifetime of only a few days. This is in contrast to many 
other studies on the Glanville fritillary, which have 

reported mean lifetimes up to almost two weeks (e.g., 
Hanski et al. 2006). The high mortality rate is likely to 
be explained by the exceptionally hot weather during the 

mark-recapture study (Kuussaari et al. 1996), which 

made the butterflies very active, and may have led to 

dehydration due to poor availability of nectar. We note 

that the model assumption of age-independent death 

rate was in agreement with the data, as there is no bias in 

Fig. 6a, b. This may be partly explained by the fact that 

most individuals had much shorter lives than would be 

their maximal life span, and hence possible effects of 

senescence were not realized in these data. 

We found that the model prediction deviated from the 
real data in terms of the distribution of observed 

movement distances, as the real data contain a higher 

frequency of very short and very long movement 

distances than predicted by the model (Fig. 6c, d). The 

likely explanation for the leptokurtic shape of the 

distribution of movement distances is a combination of 

several factors. First, variation among individuals is 

likely to play a major role, as Glanville fritillaries show 

great variation in terms of their flight ability, largely 
based on differences in their metabolic performance 

(Hanski et al. 2004, 2006). Second, Van Dyck and 

Baguette (2005) asked whether between-patch move 

ments result from "routine movements" due to acciden 

tal drifting out from the habitat patches, or whether they 
are "special movements" based on an active decision to 

leave. In the diffusion based model considered here, 

emigration rate is based on edge-mediated behavior, 

which can be viewed to result either from routine 

movements or from special movements. However, the 

age-dependence in the emigration rate (Fig. 6e, f) 

suggests that between-patch movements may arise partly 
as special movements, or that between-patch movements 

may be part of routine movement behavior for older 

individuals. Even if individuals were identical, age 

dependent mobility could result in a leptokurtic 
distribution of movement distances due to random 

variation in the individual's lifetime. Third, we assumed 

here a relatively simple description of the landscape, 

considering the unsuitable matrix as a single homoge 
neous habitat type. In reality the matrix is heteroge 

neous, and may contain linear elements such as road 

sides which can act as dispersal corridors leading to 

occasional long-distance movements. 

We used simulated data to ask what kind of a study 

design would be optimal in terms of providing most 

accurate parameter estimates for a given effort in the 

field. As was illustrated both for simulated and real data, 
estimation of the nonspatial parameters (mortality and 

capture probability) was much easier than estimation of 

the spatial parameters (movement rates and habitat 

preferences). The strong negative correlation between 

the parameters am and km provided a technical 

challenge, as we needed to develop adaptive methods 

to adjust the proposal distribution before a good mixing 
was obtained in the MCMC. The correlation led also to 

a difficulty in the interpretation of the posterior 

densities, as the marginal distributions of the parameters 

am and km remained relatively uninformative. This is not 

very surprising, as the basic mark-recapture design (Dl) 
does not contain any direct information about the 

relative density of the individuals in the matrix. We 

tested with simulated data whether it would be possible 
to better separate between these parameters by either 

performing part of the searching in the matrix (D2) or 

by releasing some of the individuals into the matrix 

(D3). Our initial expectation was that design D3 would 
be superior, as it gives direct information about 

movement rate in the matrix without compromising 

greatly the number of recaptures. Somewhat surprising 

ly, design D2 turned out to give the most unbiased 

estimates, although the total number of recaptures was 

only half of that of designs Dl and D3. That D3 did not 

perform much better than Dl is likely to be explained by 
the fact that with the assumed parameter values a 

majority of the individuals did move between the 

patches in both designs. If only a small fraction of the 

individuals would emigrate from their natal patch, 

design D3 would be expected to lead to a much larger 
number of observed movements and hence outperform 

design Dl. 

The idea of measuring movement rates by releasing 
individuals into the matrix has been used in a number of 

mark-recapture studies. For example, Harrison (1989) 
noted that the Bay checkerspot butterfly tends to leave its 

habitat so infrequently that it is impractical to measure 

spontaneous interpatch movements, and released indi 

viduals into matrix at varying distances (0-5.6 km) from 

a target habitat patch. Jonsen et al. (2001) released 
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individuals of a flea beetle into two matrix types 100-200 
m from a target patch to study whether movement rates 

were different between the matrix types, and Hein et al. 

(2005) released grasshoppers into the matrix to study 
whether individuals were able to detect their preferred 
habitat from a distance. In contrast, direct searching of 

the matrix has not been often done for the obvious 

reason that it results only in a very limited number of 

recaptures, and hence does not seem cost effective. 

However, as illustrated by the good performance of 

design D2, also quantifying how rarely individuals are 

found in the matrix is valuable data. While such data 

provide direct resolution to estimate the density of 

individuals in the matrix, they also indirectly facilitate 
the estimation of other parameters such as the movement 

rates. Our results hence suggest that using a fraction of 

the search effort in the matrix may actually be cost 

effective. An alternative is to use other types of data (e.g., 
transect counts) to obtain an estimate (or upper bound) 
for the density of the individuals in the matrix, which 
information can be included in the prior distribution. 

In this paper, we have extended the maximum 

likelihood (ML) method of Ovaskainen (2004) to a full 

Bayesian approach. In the Appendix, we compare the 

numerical results obtained by these methods in the case 

of the false heath fritillary butterfly data considered in 
Ovaskainen (2004). While the two methods can be 
considered very similar in the sense that they are both 

based on the same likelihood expression, they have some 

important differences. First, the Bayesian approach 
allows one to also incorporate prior information on 

the model parameters that are to be estimated. Second, 

the Bayesian credibility intervals and the confidence 

intervals derived in the case of ML estimation (based on 

bootstrapping in Ovaskainen [2004]) have completely 
different meanings in statistical inference. The Bayesian 

credibility intervals provide a direct probabilistic eval 

uation of the "true" values of the model parameters 

given the observed data, whereas the confidence limits 

obtained by bootstrapping refer to sample variability in 

repeated sampling under similar circumstances. Third, 
an advantage of the Bayesian inferential methods used 

here is that they allow one to directly consider joint 
distributions of all model parameters of interest, thereby 

marginalizing, in each case, over the "nuisance param 
eters" that are left out. 

The main assumption behind the diffusion model is 
that of a Markov process, i.e., that an individual's future 

behavior does not depend on its past behavior. While 

this assumption may be violated for species with good 

learning capabilities, for many species of insects in 

particular it provides a natural null model against which 

more sophisticated behaviors can be tested. Other 

structural model assumptions that we have made include 

those of exchangeable individuals, constant environ 

mental conditions, and no spatial or temporal variation 

in capture rate. Accounting for various sources of 

variation has become an integral part of the analysis of 

nonspatial mark-recapture data (Lebreton et al. 1992, 
Schwarz and Seber 1999). A challenge for the future is to 

develop hierarchical Bayesian approaches including 
both random effects and covariates in the context of 

spatially referenced mark-recapture data. 
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