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Summary

1. We develop a Bayesian method for analysing mark–recapture data in continuous habitat using
a model in which individuals movement paths are Brownian motions, life spans are exponentially

distributed and capture events occur at given instants in time if individuals are within a certain
attractive distance of the traps.

2. The joint posterior distribution of the dispersal rate, longevity, trap attraction distances and a
number of latent variables representing the unobserved movement paths and time of death of all
individuals is computed usingGibbs sampling.

3. An estimate of absolute local population density is obtained simply by dividing the Poisson
counts of individuals captured at given points in time by the estimated total attraction area of all

traps. Our approach for estimating population density in continuous habitat avoids the need to
define an arbitrary effective trapping area that characterized previous mark–recapture methods in

continuous habitat.
4. We applied our method to estimate spatial demography parameters in nine species of neo-

tropical butterflies. Path analysis of interspecific variation in demographic parameters and
mean wing length revealed a simple network of strong causation. Larger wing length increases
dispersal rate, which in turn increases trap attraction distance. However, higher dispersal rate

also decreases longevity, thus explaining the surprising observation of a negative correlation
between wing length and longevity.

Key-words: Brownian motion, dispersal, effective trapping area, mark–recapture, survival,

tropical butterflies

Introduction

Mark–recapture data have several uses in the estimation of

demographic parameters. One application has been in the

estimation of dispersal (Hanski et al. 2000) including the

standard deviation of the dispersal displacement and the

shape of the dispersal kernel (Tufto et al. 2005; Brøseth et al.

2006; Skjelseth et al. 2007; Hovestadt et al. 2011). Because

recaptures at traps occur at a limited number of locations (a

form of censoring), statistical analysis of mark–recapture

data typically assumes a parametric form of the distribution

of dispersal distance. Estimates of the standard deviation of

the dispersal displacement can then be made by maximum

likelihood, essentially through a form of extrapolation. These

methods ignore individuals that disappear after being

marked and only use the information from individuals that

are recaptured by modelling the conditional probabilities of

recapture at the trap locations given a previous capture. Such

statistical methods for estimating the distribution of dispersal

distance can also estimate the relative attractiveness of differ-

ent traps but not survival probabilities or expected longevity.

A second and until now mostly separate use of mark–

recapture data have been in the estimation of population size.

The simplest approach to this problem is based on first mark-

ing a given number of individuals in a population, saym, out

of the total number of individuals N. Given the number X of*Correspondence author. E-mail: jarlet@math.ntnu.no
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marked individuals in a recapture sample of size n, an esti-

mate of the unknown total population sizeN is then obtained

by equating X/n to its expected value of m/N and solving for

N, which yields the estimator N̂ ¼ mn=X. For more elabo-

rate sampling schemes involving a sequence of recapture

samples, survival probabilities between subsequent recapture

samples can be estimated jointly with parameters represent-

ing the probability of recapturing an individual present in the

study area using the Cormack–Jolly–Seber models (see e.g.

Seber 1982; Pollock et al. 1990; Lebreton et al. 1992;

Bennetts et al. 2010). Within this framework, dispersal

behaviour has been modelled by applying ‘multi-state

models,’ which allows animals to move between states with

transition probabilities where a ‘state’ (or ‘strata’) can be

defined as multiple discrete geographic locations for instance

in a meta-population context (Brownie et al. 1993; Schwarz

et al. 1993; Lebreton et al. 2003; Harrison et al. 2006). These

approaches, however, as pointed out by Efford et al. (2004)

and Borchers & Efford (2008), at best, make inefficient use of

the spatial information contained in most data sets and

ignore the fact that population size N is typically ill-defined

as the number of individuals present in an arbitrary ‘effective

trapping area’ of unknown size. Unless the population being

studied is well mixed within a well-defined geographically

isolated study area, the arbitrary ad-hoc nature of the

effective trapping areamakes it difficult to translate estimates

of population size based on such methodology into an

estimate of absolute population density.

Two notable recent studies have attempted to unify the

two approaches above by jointly estimating both population

density and dispersal characteristics of the study species.

Borchers & Efford (2008) model home range centres as a

Poisson point process and then compute the likelihood of the

observed data by integrating the joint likelihood over the

distribution of unobserved locations. This allows the

estimation of population density rather than population size

without arbitrarily defining an effective trapping area. Efford

et al. (2004) proposed a similar method based on inverse

prediction (Brown 1982) rather thanmaximum likelihood.

Here, we develop an alternative approach assuming that

individuals have no home range or site fidelity but instead

disperse according to a Brownian motion in a continuous

spatially homogeneous habitat. We make the simplifying

assumption that the death rate is constant, so that the life

span of different individuals becomes exponentially distrib-

uted. For simplicity, we also assume that capture events

occur only at given instants in time if an individual is within a

certain attractive distance of a trap. As noted by Ovaskainen

(2004), the probability of recapturing an individual in a given

trap decreases if an individual is not observed at given inter-

mediate sampling points. One way to compute the probabil-

ity of complete mark–recapture histories that takes this into

account involves numerically solving a partial differential

equation (Ovaskainen 2004) describing how the probability

density of each individuals position evolves through time for

each mark–recapture history. While habitat heterogeneity

can be built into this framework, it also makes maximum

likelihood estimation (Ovaskainen 2004) or Bayesian infer-

ence (Ovaskainen et al. 2008) highly computationally inten-

sive. Here, we adopt a somewhat different Bayesian

approach where the joint posterior distribution of three

parameters: the death rate (or expected longevity), the dis-

persal rate and the trap attraction distance, and, in addition,

a number of latent variables representing the unobserved

movement paths and time of death of all individuals are com-

puted usingGibbs sampling.

Having obtained an estimate of the attraction distance of

each trap, we note that an estimate of a fourth parameter,

local per unit area population density, can be obtained simply

by dividing the total Poisson count of individuals captured at

a given point in time by the total attraction area of all traps.

Our method thus provides an alternative to previous

approaches for estimating population density by eliminating

the need to arbitrarily define an effective trapping area, which

we instead explicitly model and estimate.

We illustrate the method by applying it to mark–recapture

data on nine species of neotropical butterflies sampled

monthly over 10 years to estimate their dispersal rates, lon-

gevities and trap attraction distances. Path analysis (Wright

1968, ch. 13–14) of variation among species in their demo-

graphic parameters and average wing lengths leads to novel

conclusions concerning constraints on life history evolution

in invertebrates, which previously have been poorly under-

stood.

The data

FRUIT-FEEDING NYMPHALIDS AND STUDY SITE

Adult butterflies in the family Nymphalidae that feed on the

juices of rotting fruit as their major food resource comprise a

feeding guild commonly referred to as fruit-feeding nympha-

lids (DeVries 1987, 1988). In forest habitats, butterflies of this

feeding guild are easily sampled in time and space using traps

baited with rotting fruits (DeVries et al. 1997, 1999; DeVries

& Walla 2001; Molleman et al. 2006). Members of this guild

can account for 40–50% of the nymphalid species richness in

tropical forests (DeVries et al. 1997, and unpublished). Based

on Wahlberg et al.’s (2009) butterfly phylogeny, this feeding

guild includes members of the subfamilies Charaxinae,

Satyrinae and some genera within the Nymphalinae and

Biblidinae (DeVries 1987; DeVries et al. 2010, and P. J.

DeVries unpublished).

The present study focused on nine common species of neo-

tropical fruit-feeding nymphalids representing three subfami-

lies and six tribes: Historis acheronta, H. odius, Colobura

dirce (Nymphalinae, Coeini), Nessaea hewitsoni (Biblidinae,

Epicaliini), Panacea prola,P. divalis (Biblidinae, Ageroniini),

Morpho achilles,M. menelaus (Satyrinae, Morphini) and Bia

actorion (Satyrinae, Brassolini). We note that two extremely

similar sibling species of Colobura were recently recognized

(Willmott et al. 2001). As our study started 6 years prior

to their formal recognition, both are treated here under

C. dirce.
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This research was conducted from August 1994 to July

2004 at the La Selva Lodge, Sucumbios Province, eastern

Ecuador, in the upper Amazon Basin 75 km E.S.E. of Coca.

The study area consisted of c. 2 km2 of undisturbed forest

bounded by the Rio Napo, and the oxbow lakes Garza

Cocha and Mandi Cocha (0"29¢50Æ3¢¢S; 76"22¢28Æ9¢¢W) near

the settlement ofAnyañgu (DeVries&Walla 2001).The study

site is situated within c. 30 000 ha of intact floodplain forest.

Sampling plots, sites and sampling protocol are the same

as established in a previous study (see DeVries &Walla 2001,

and references therein), the basics of which are summarized

here, also see Fig. 4. Five sampling plots were established

within the forest at La Selva Lodge containing five replicate

sampling sites. Each replicate site was fitted with one under-

story trap and one canopy trap for a total of ten traps in each

plot, five canopy and five understory. All trap sites were at

least 100 m from an aquatic boundary.

Traps were baited with bananas obtained locally, mashed

and fermented for 48 h in a large container prior to use each

month. Sampling was conducted for five consecutive days

during the first 10 days of each month. This corresponds to

secondary (daily) and primary (monthly) samples in Pol-

lock’s classical robust design model (DeVries et al. 1997;

Kendall 1999). Each month, traps were baited on the day

prior to the first day of sampling and new bait was added on

the third day of sampling. On sampling days, individuals of

the nine focal species were removed from the traps, identified

andmarked with a unique number if not previously captured,

and released, and individual identification and trap number

were recorded. From this data, we reconstructed the recap-

ture history of marked individuals including observed dis-

persal distances.

We used forewing length as a proxy for body size because

it is correlated with body mass in butterflies (Dudley 1990;

DeVries et al. 2010). The distance from the base of the

forewing costa to the forewing apex was measured with dial

calipers to the nearest 0Æ1 mm to estimate forewing length on

individual butterflies, and mean wing length was estimated

for each species.

A recent review by Dingle & Drake (2007) suggests that

the commonly used terms migration and dispersal embrace

several overlapping concepts. Here, we distinguish random

dispersal from directional migration. By dispersal, we mean

any kind of random walk, which may be discrete or continu-

ous, seasonal or aseasonal, or autocorrelated (Turchin 1998;

Ovaskainen et al. 2008). By migration, we mean a directed

movement, generally at the population level, which in many

species is seasonal and long distance (Williams 1958; Newton

2007).

Among neotropical butterflies, directional migrations

include spectacular seasonal migrations like theNorth Amer-

ican monarch butterfly (Malcolm & Zalucki 1993), the subtle

migrations up and down elevational gradients in response to

rainfall by many species in the tribe Ithomiini (DeVries 1987;

DeVries & Stiles 1990) and sporadic irruptive migrations by

various species of Pieridae and Nymphalidae (Johnson

1969). Observed from a clear vista, such migrations may be

evident when the participating species are at high densities

and moving on a distinct compass bearing. Within small

study areas like our tropical forest site, however, it is often

difficult to discriminate migrations from large spatial waves

of expanding population density involving only random indi-

vidual movements. Nevertheless, the movement trajectories

of individuals showed no evidence of directionality in any of

the nine species, thus justifying the use of a Brownian motion

model.

NAIVE METHODS

Naive methods of estimating the rate of dispersal in space

directly from observed dispersal distances proved to be insuf-

ficient. Assuming naively that observed distances moved are

uncensored observations of Brownian motion, the expected

value of the squared dispersal distance Dz2 ¼ Dx2 + Dy2 in
time Dt is then 2r 2Dt where r2 is the diffusion coefficient.

Hence, an unbiased estimate of r 2 from a single observed dis-

tance is ~r 2 ¼ Dz2=ð2DtÞ. Noting that Dz2/(r 2Dt) has a chi-

square distribution with two degrees of freedom it follows

that Varð~r 2Þ ¼ r 4 is independent of Dt. An efficient overall

estimate is therefore r̂ 2 ¼ ~r 2. An alternative, less efficient,

estimator can be obtained from the regression through the

origin ofDz2 againstDt.
The assumption of Brownian motion implies that the root

mean square distance moved from an initial point is r
ffiffiffiffiffiffiffiffi
2Dt
p

.

In contrast, Fig. 1 shows that the observed distance moved

because first capture tended to increase during the first 5 days

but then stabilized over longer times because of limited size

of the study area. Probability of recapture also diminishes

during an individual’s life as it disperses off the study area,

thus reducing observed longevity, especially for species with

a high dispersal rate. To account for this censoring of demo-

graphic data on open populations in continuous habitat,

analysis of dispersal and survival should be carried out in an

explicit spatial context, as in ourmodel.

Model

Let t ¼ (t1,t2,…,tn) denote the points in time i ¼ 1,2,…,n, at

which traps are open, and let z ¼ (z1,z2,…,zm), zj ¼ (xj,yj), be

the spatial coordinates of trap j ¼ 1,2,…,m. The individual

mark–recapture histories consist of sequences of two forms

of observations. First, observations k 2 S0 corresponds to

cases where individuals are released for a final (and in many

cases first) time, at time ak from trap bk and never recaptured

again. The total number of such observations s0 are thus

equal to the number of unique individuals in the sample. Sec-

ond, observations k 2 S1 correspond to cases where indi-

viduals are released at time ak from trap bk and recaptured

later at time ck in trap dk (observed distances versus time for

these individuals are plotted in Fig. 1). An individual recap-

tured many times leads to many such recapture observations.

Let s1 denotes the total number of recapture observations.

We assume that the time an individual survives after being

released is exponentially distributed with parameter k. In
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addition, we assume that the movement path of each individ-

ual is a Brownian motion in two dimensions with infinitesi-

mal mean equal to zero and infinitesimal variance r2. In the

following, we shall work with the reciprocal of this variance,

the precision parameter s ¼ 1/r2.
Finally, dropping indices i and k for the moment, we

assume the probability that an individual is captured in trap j

(the event Cj) conditional on being alive at location Z at a

given time point is

PðCjjZÞ ¼ IðZ 2 AjÞ eqn 1

where I is an indicator function taking the value 1 when

Z 2 Aj and 0 otherwise, andAj, the attraction area of trap j,

is the set of points within a distance v of the trap location zj
and which are not closer to any other trap. Thus, conditional

on the positionZ of an individual at time ti and the attraction

distance parameter v, an individual is trapped according to a

fully deterministic process.

Letting C0 denote the event that an individual is not cap-

tured, it follows that this event has conditional probability

PðC0jZÞ ¼ 1 $
Xm

j¼1
IðZ 2 AjÞ; eqn 2

again given that the individual is alive at position Z at a cer-

tain time point.

For simplicity, we do notmake any attempt tomodel verti-

cal movements and thus ignore information on whether each

individual is trapped in an understory or canopy trap. This is

justified because many of the species moved either predomi-

nantly within the understory or canopy (unpublished

results).

PARAMETER ESTIMATION

Adopting a Bayesian approach, our degree of belief in differ-

ent parameter values prior to accounting for the information

contained in the data is represented by prior distributions on

the trap attraction distance v, the mortality rate k and the

inverse dispersal rate s. The joint multivariate distribution of

these parameters, the data and a number of latent variables

introduced below can then be written as a product of condi-

tional distributions between these quantities. This is best

summarized by a directed acyclic graph (DAG) as in Fig. 2.

In general, any quantity in the graph, conditional on the val-

ues of its parental nodes, is a priori independent of all other

quantities (Spiegelhalter et al. 1996, p. 26). We seek the mul-

tivariate distribution of all these quantities conditional on the

observed data (represented by square nodes in the DAG).

This posterior distribution (a multivariate distribution for

the circular nodes in the DAG) is proportional to the joint

prior distribution of all quantities up to a constant. Samples

from this posterior distribution can be obtained using a

Markov Chain Monte Carlo method known as Gibbs

sampling. This method is based on repeatedly updating
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Fig. 1.Observed dispersal distances |zbk ) zdk| plotted against square root of time because release, tck ) tak, for each species (small points). Lines
depict the root mean squared dispersal distance predicted by the fitted Bayesianmodel (solid line), the naive method of estimating r (dotted line)
and regression through the origin (dashed-dotted line). Diamonds represent root mean squared distances for each observed dispersal time.
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different single nodes or blocks of nodes using their condi-

tional distribution given the current state of neighbouring

nodes. Keeping data nodes fixed, the resulting Markov

Chain will then have the desired posterior distribution as its

stationary distribution (see e.g. Gilks et al. 1996).

The details of the DAG representing our model are as fol-

lows. Given that we have little prior knowledge about plausi-

ble values of v, k and s, we adopt non-informative prior

distributions for these quantities. Scale invariance (Berger

1985, p. 85) implies that these (improper) priors must have

the form

fðvÞ / 1

v
; fðkÞ / 1

k
; fðsÞ / 1

s
: eqn 3

Formally, we needed to impose a lower bound on the

mortality rate k (or equivalently, an upper bound on longevity
1/k) to avoid the posterior becoming improper, see Appen-

dix S4 for details.

The structure of the parts of the DAG corresponding to

observed recapture events (upper part) and observations of

individuals never seen again (lower part) is somewhat differ-

ent. In both cases, for each observation k 2 S (S ¼
S0 [ S1), we need to introduce a possibly variable number of

latent variables ZðkÞak ;Z
ðkÞ
akþ1; . . . ;ZðkÞck representing the

unknown positions at time points ak + 1,…,ck. The position

at the time of release ZðkÞak (the position zbk of trap bk) is

known. The Brownian motion assumption implies that the

prior distribution of each of these nodes conditional on the

previous node and s is

fðZðkÞi jZ
ðkÞ
i$ 1; sÞ / se$

sjZðkÞ
i
$ ZðkÞ

i$ 1 j
2

2ðti$ ti$ 1Þ : eqn 4

This is sometimes referred to as a state evolution equa-

tion or process model (Patterson et al. 2008). These latent

positions are not constrained by any arbitrarily defined

finite size study area. We are thus modelling a fully open

population.

For observations corresponding to cases where individuals

are never recaptured again (k 2 S0), let Tk (an additional

latent variable) be the time up to which the individual sur-

vived. Let ck in these cases denote the last time point before

Tk. The observed event of no recapture is then equivalent to

the events that it was outside all traps up to this final variable

time point (the events C
ðkÞ
0;i for i ¼ ak + 1,…,ck). The condi-

tional probabilities of these events are again given by

PðCðkÞ0;i jZ
ðkÞ
i ; vÞ ¼ 1 $

Xm

j¼1
IðZðkÞi 2 AjÞ; eqn 5

and the conditional distribution of the latent survival time Tk

is

fðTkjkÞ / ke$ kðTk$ tak Þ: eqn 6

The event that an individual is recaptured is equivalent to

the event that this individual was outside all traps (the events

CðkÞ0;i )at time points i ¼ ak + 1,…,ck ) 1, that it was inside

the attraction area of trap dk at time point ck (the event

CðkÞdk ;ck
), and that it was alive at the time at which it was recap-

tured (the event Tk > tck). The probabilities of these events

represented by the square boxes in the upper part of the

DAG conditional on their parental nodes are

PðCðkÞ0;i jZ
ðkÞ
i ; vÞ ¼ 1 $

Xm

j¼1
IðZðkÞi 2 AjÞ; eqn 7

PðCðkÞdk ;ck
jZðkÞck

; vÞ ¼ IðZðkÞck
2 AdkÞ; eqn 8

and

PðTk > tckÞ ¼ e$ kðtck $ tak Þ: eqn 9

Fig. 2. Directed acyclic graph (DAG) of the model. Square nodes represent observed quantities (data) and circular nodes unknown quantities
(latent variables and model parameters). Each node in the graph is a priori conditionally independent of all other nodes other than its parental
nodes (indicated by the arrows). Large squares represent structures of the DAG repeated over the indicated sets. Variables and conditional dis-
tributions are specified in the main text.
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Equations 4–9 repeated over all individuals k 2 S0 and

k 2 S1 specify the full prior distribution of all quantities.

For details of the update scheme of the Gibbs sampling

method, see Appendix A.

In practice, samples from the posterior distribution of any

function of the basic parameters k, v and s such as r ¼ s)1/2,

life expectancy 1/k and the total attraction areaA (a function

of v, see the section on estimation of population density) can

be obtained by evaluating those functions each time an itera-

tion of theMarkov chain is saved.

Results

For all species, we ran the Markov chain for 106 iterations to

ensure that we had a sufficient number of observations from

the posterior (Appendix S1). The soundness of the method

and the correctness of the implemented code were verified by

fitting the model to simulated data with known parameter

values (Appendix S3).

Parameter estimates (posterior means, standard errors and

credible intervals) are displayed in Table 1, also see Appen-

dix S2. The estimates overall have a low uncertainty, except

for the two smallest data sets (B. hypochlora and M. mene-

laus) for which the 95% credible intervals of the life expec-

tancy 1/k (days) are rather wide.
The posterior correlations between v, k and r were in gen-

eral small or moderate with a correlation of about 0Æ5
between v and r , and near 0 between k and r .

The posterior distribution of the movement path of single

individuals is also of some interest. Samples from the poster-

ior distribution of the position of an individual ofB. hypochl-

ora over the course of four days are illustrated in Fig. 3.

Comparison with estimates obtained using the naive

approach is illustrated by the dashed and dotted lines in

Fig. 1, which show the root mean squared dispersal distances

based on the fitted Bayesian model and the naive method,

respectively.

ESTIMATING ABSOLUTE LOCAL POPULATION DENSITY

Previousmethods for estimating population size usingmark–

recapture data have been based on the assumption that the

local population is closed and that there is complete mixing

(random sampling) of marked and unmarked individuals in

the population.

Using the presentmodel, an estimate of absolute local pop-

ulation density is obtained in a somewhat different way.

Although trapping of individuals interferes with the move-

ment paths of individuals for the limited amount of time dur-

ing which they are trapped, it is reasonable to assume that the

positions of all marked and unmarked individuals at a given

point in time are a spatial Poisson process with intensity N,

the expected number of individuals per unit area. The num-

ber of individuals Xi trapped at a given time ti, that is, the

individuals inside the total attraction region of all traps (see

Fig. 4) is then Poisson distributed with parameter AN where

Table 1. Posterior means ± standard errors and 95% credible intervals of the attraction distance v, longevity 1/k and the dispersal rate r

Species v (m) 1/k (days) r (m day)1/2) s0 s1 w (mm)

Bia hypochlora 54Æ2 ± 12Æ6 (35Æ5, 84Æ2) 6Æ10 ± 4Æ61 (1Æ53, 17Æ41) 139Æ5 ± 26Æ9 (97Æ4, 202Æ6) 102 17 44Æ4 ± 0Æ3
B. actorion 19Æ87 ± 1Æ38 (17Æ29, 22Æ70) 42Æ9 ± 7Æ8 (30Æ2, 60Æ7) 72Æ5 ± 4Æ8 (63Æ9, 82Æ8) 693 97 28Æ1 ± 0Æ1
Colobura dirce 47Æ0 ± 2Æ3 (42Æ5, 51Æ6) 30Æ33 ± 3Æ74 (23Æ85, 38Æ36) 152Æ9 ± 7Æ6 (138Æ7, 168Æ7) 894 202 35Æ8 ± 0Æ5
Historis acheronta 32Æ58 ± 1Æ62 (29Æ49, 35Æ91) 7Æ41 ± 1Æ18 (5Æ32, 9Æ90) 126Æ2 ± 6Æ1 (115Æ0, 138Æ6) 2132 194 42 ± 0Æ7
H. odius 38Æ78 ± 2Æ12 (34Æ73, 43Æ01) 29Æ88 ± 4Æ22 (22Æ74, 38Æ98) 128Æ0 ± 6Æ9 (115Æ4, 142Æ4) 747 151 55Æ4 ± 0Æ7
Morpho achilles 60Æ4 ± 2Æ5 (55Æ6, 65Æ4) 14Æ32 ± 1Æ79 (11Æ19, 18Æ19) 240Æ1 ± 10Æ1 (221Æ4, 260Æ9) 1402 301 66Æ8 ± 0Æ5
M. menelaus 42Æ0 ± 5Æ2 (32Æ5, 53Æ0) 17Æ4 ± 7Æ4 (7Æ8, 35Æ7) 212Æ4 ± 28Æ6 (166Æ1, 277Æ0) 215 30 74Æ8 ± 0Æ8
Nessaea hewitsoni 29Æ94 ± 0Æ75 (28Æ44, 31Æ41) 63Æ1 ± 4Æ1 (55Æ7, 71Æ8) 67Æ10 ± 1Æ38 (64.Æ41, 69Æ81) 1972 709 36Æ9 ± 0Æ2
Panacea prola 45Æ12 ± 1Æ58 (42Æ02, 48Æ23) 22Æ61 ± 1Æ97 (19Æ05, 26Æ70) 146Æ5 ± 4Æ9 (137Æ2, 156Æ4) 1891 380 41Æ3 ± 0Æ5

Based on time-series analysis of theMarkov chainMonte Carlo runs, the estimates of the posterior means are accurate to the last digit. The sam-
ple sizes s0 and s1 are the numbers of unique individuals and recaptures, respectively. Also, listed aremeanwinglengthsw and corresponding
standard errors.
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A denotes the area of the total trap attraction region. An

unbiased estimate of N from this information is therefore

simply N̂ ¼ Xi=A.

In practice, when there is overlap between some of

the traps, the total attraction area A can be computed

numerically as the proportion of points occurring within

a distance v of any trap on a fine-scaled grid overlaying

the traps.

As a form of descriptive data analysis, we estimated popu-

lation density as function of time using a generalized additive

model (GAM) (Hastie & Tibshirani 1990; Hastie 2010) with

the Poisson counts X1,X2,…,Xn as the response, a log link

function and a nonparametric smoothing spline term with

degrees of freedom chosen manually for the effect of time

(Fig. 5).

A more thorough analysis, perhaps based on state-space

modelling of the underlying spatio-temporal dynamics in

population density, is beyond the scope of this paper.

PATH ANALYSIS OF VARIAT ION AMONG SPECIES

Interspecific covariation between the estimated demographic

parameters and mean wing length (Table 1) is illustrated in

Fig. 6, with their sampling error. Among the nine species,

meanwing length is strongly correlatedwithdispersal rate and
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Fig. 4.Map of the study area. Circles show the estimated trap attrac-
tion areas forMorpho achilles, the species with largest attraction dis-
tance, v ¼ 60Æ4 m (Table 1).

B. hypochlora

B. actorion

C. dirce

H. acheronta

H. odius

M. achilles

M. menelaus

N. hewitsoni

0
10

25
0

15
0

35
0

0
40

10
0

0
60

0
0

40
10

0
0

40
10

0
0

20
50

0
10

0
25

0
0

15
0

35
0

1996 1998 2000 2002 2004

P. prola

Date

P
op

ul
at

io
n 

de
ns

ity
 N

 (
km

−2
)

Fig. 5. Population density as a function of
time (solid curves) for each species estimated
using the GAM described in the text. Points
represent estimates ofN at each time.

762 J. Tufto et al.

! 2012 TheAuthors. Journal ofAnimal Ecology! 2012British Ecological Society, Journal of Animal Ecology, 81, 756–769



trap attraction distance, but negatively correlated with life

span. As emphasized above, the estimation errors of dispersal

rate and life span are practically independent. In contrast, dis-

persal rate and trap attraction distance are highly correlated,

asare their estimationerrors.Tocorrect for thecorrelatedesti-

mation errors, the corresponding correlation coefficients

between theparameters inFig. 6were estimatedusingamulti-

variate maximum likelihood approach (Appendix B). This

approach also allows a more detailed analysis of alternative

pathmodels representing possible causal relationships among

the parameters. Based on its AIC score and likelihood ratio

tests against alternative models obtained by removing and

addingpaths, thebest pathmodelwas selected tobe

eqn 10

Below, we report P values for likelihood ratio tests both

based on the asymptotic chi-square distribution of twice the

change in log likelihood D (denoted P) and based on para-

metric bootstrapping (denoted P¢) as neither method is exact.

All P values reported are for two-sided alternative hypothe-

ses. In particular, winglength w has a significant effect on dis-

persal rate r (r ¼ 0Æ81 ± 0Æ12, D ¼ 8Æ45, df ¼ 1, P ¼
0Æ0036, P¢ ¼ 0Æ015) and dispersal rate r has a significant

effect on trap attraction distances v (r ¼ 0Æ88 ± 0Æ08, D ¼
12Æ12, df ¼ 1, P ¼ 0Æ00049, P¢ ¼ 0Æ004). Dispersal rate r has

a significant negative impact on longevity 1/k, but only if rely-
ing on asymptotic theory or a one-sided parametric boot-

strap test (r ¼ )0Æ66 ± 0Æ20, D ¼ 4Æ34, df ¼ 1, P ¼ 0.Æ037,
P¢ ¼ 0Æ079). Including the non-significant path from wing-

length w to longevity 1/k in the model (r ¼ 0Æ17 ± 0Æ56,
D ¼ 0Æ09, df ¼ 1, P ¼ 0Æ75), the estimate of the effect of dis-

persal rate r on longevity 1/k remained negative but turned

non-significant (r ¼ )0Æ80 ± 0Æ49, D ¼ 2Æ07, df ¼ 1, P ¼
0Æ15). Tests of the selected path model against other exten-

sions were not significant including a goodness-of-fit test

against the complete model with 6 paths (D ¼ 3Æ03, df ¼ 3,

P ¼ 0Æ39).

Discussion

Four fundamental parameters for spatial demography, the

mortality rate k, the Brownian motion dispersal rate r2, the
attraction distance v of each trap and the local population

density N are statistically identifiable parameters that can be

estimated using the present model. If we momentarily ignore

the complications of the dependency between the observed

events of individual mark–recapture histories (Fig. 2) and

censoring of data owing to finite sampling area, it is clear that

r should influence the degree to which the variance of the

observed dispersal displacements of recaptured individuals

increase over time, whereas k influences the rate at which the

frequency of recaptures decline over time. With censoring, a
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high mortality rate and a high dispersal rate would both lead

to a small number of recaptures, potentially confounding the

parameter estimates. In other words, the failure of naive

methods to distinguish individual mortality from dispersal

off the study area implies that previous estimates of dispersal

distance and longevity suffered from a spurious negative cor-

relation between estimates of these parameters. Our method,

which fully accounts for the complications of censoring and

the dependencies between events in individual mark–recap-

ture histories, clearly shows that separate estimates of both k
and r with small posterior correlation can be obtained.While

not directly relevant within a Bayesian framework, it is also

reassuring that the posterior means provide estimates with

small bias in the frequentist sense as confirmed by simulating

data from amodel with known parameter values.

Most previous methods for estimating dispersal (e.g. Han-

ski et al. 2000; Tufto et al. 2005) utilize the information con-

tained in the recaptured individuals only (but see Ovaskainen

2004). We have used data on all individuals, including those

that are not recaptured.While these individuals providemuch

less precise information about r , including them makes the

trap attraction distance v identifiable through the observed

fraction of recaptured individuals, which in turn makes the

estimation of local population density straightforward. Esti-

mating the trap attraction distance v explicitly also seems nec-

essary for accurate estimation of themortality rate k.
Fig. 1 illustrates that the dispersal rate r estimated using

our model accounting for censoring of the data generally

exceeds that estimated by the naive approach ignoring cen-

soring. A major effect of censoring is to set an upper bound-

ary on the largest observable dispersal distances. It also

implies that dispersal distances of zero are somewhat over-

represented in the data. Our estimates of dispersal are of the

same order of magnitude as those obtained by other methods

for different species of butterflies (Hanski et al. 2000;

Ovaskainen 2004; Hovestadt et al. 2011) but not generally

comparable owing to large differences in phylogeny and

ecology between temperate and tropical species.

Simplifying assumptions of the model that could be

relaxed include that all traps have the same attraction dis-

tance v, and that all individuals are equally attracted to the

traps. An alternative model would be to let v vary among

traps according to a distribution such as the lognormal. Simi-

larly, v could vary among individuals, which would create

individual variation in capture probabilities (Burnham &

Overton 1978). Another possibility would be to introduce

individual variation in r2 within species or seasonality in the

rate of dispersal. This would lead to a more leptokurtic dis-

persal distribution at the population level, which potentially

would change estimates of the per generation dispersal stan-

dard deviation. It can be noted, however, that the per genera-

tion dispersal kernel implied by our model already is quite

leptokurtic, see Appendix S5. We therefore do not expect

any of these extensions of the model to produce much change

in the estimates of the main parameters, r2, k andN.

We modelled the trap attraction process using a simple

deterministic model (1). This simplification also has a some-

what undesirable property when trap attraction areas overlap

considerably. In the extreme limiting case of two traps at vir-

tually the same location in space, the attraction areas of the

two traps will, according to the model, become two adjacent

half disks with a total attraction area equal to a single iso-

lated trap. This is clearly somewhat unrealistic because dou-

bling the intensity of attraction stimulus should lead to some

increase in attraction distance of the two traps together

(Kingdom & Prins 2009). It is thus possible that our model

slightly overestimates the attraction area of single isolated

traps and underestimates the attraction area of overlapping

traps. In principle, the bias of estimates of r , k and popula-

tion density N could be assessed by fitting the present simple

model to simulated data using a more realistic model of the

trap attraction process. However, provided that average

overlap of trap attraction areas is small or moderate, we

would not expect the bias in estimates of the main parameters

to be large. In particular, the bias in the total attraction area

A, being governed primarily by the overall recapture rate,

should be small.

A major limitation of the current approach is the assump-

tion of a homogeneous landscape. Many landscapes, how-

ever, are highly heterogeneous, sometimes to the extent that

it appears natural to model the population as if it is subdi-

vided into discrete subunits. Fundamentally, however, all

populations occupy spatially continuous habitats. A highly

flexible but also computationally intensive alternative

approach reflecting this is given in Ovaskainen (2004) and

Ovaskainen et al. (2008). Here, habitat heterogeneity is

modelled by letting the diffusion coefficient r 2 vary between

different discrete habitat types. In addition, habitat selection

is modelled by assuming that individuals in the vicinity of

boundaries between two habitat types bias their movement

towards the preferred type creating a discontinuity in the

probability density of their position across the boundary

(Ovaskainen & Cornell 2003). This is then dealt with using a

non-standard variation of the finite element method when

numerically solving the corresponding partial differential

equation for the probability density of each individuals

spatial position (Ovaskainen 2004). Incorporating similar

ideas within our framework presents difficulties (see

Appendix A).

Unlike Borchers & Efford (2008), to make the model trac-

table, we have assumed that the movements of individuals

are not restricted to home ranges. Börger et al. (2008) call for

a mechanistic alternative to traditional methods of home

range analysis (e.g. Worton 1989; Aebischer et al. 1993). In

this respect, the approach of Ovaskainen is also promising in

that it should be easy to extend to model restricted home

ranges in heterogeneous landscapes, perhaps by introducing

drift increasing linearly with distance from a home range cen-

tre as in the Ornstein–Uhlenbeck model proposed by Dunn

& Gipson (1977). This could be further extended to include

movement types such as ‘migration,’ ‘mixed migratory’ and

‘dispersal’ as in Bunnefeld et al. (2011).

Still, no simple model can realistically describe all the com-

plexities of individual movement behaviour of animals in
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space. The majority of butterfly species fly on clear days, par-

ticularly when the sun is shining, which is likely due to ther-

mal restraints imposed on their physiology. Among

neotropical butterflies, diurnal activities such as feeding,

mate seeking, oviposition, and flight times vary depending on

the species or group. For example, most species of Riodini-

nae (Lycaenidae) have short and discrete windows of activity

(see DeVries 1997) and species-rich communities of Hesperii-

dae show temporal partitioning of flight times among sub-

families, genera and species (DeVries et al. 2008). In many

species of Nymphalidae, female oviposition behaviour gener-

ally occurs between 11:00 and 13:00 hours (DeVries 1987),

whereas in the nymphalid tribe Brassolini, both sexes are typ-

ically active only during dawn and/or dusk (DeVries 1987;

Freitas et al. 1997; Srygley & Penz 1999). During diurnal

periods of inactivity, or during heavy rains, or when sleeping

at night, butterflies generally perch under leaves, branches or

on vertical stems and tree trunks. Perching sites range from

near the forest floor to the canopy, and perching height and

substrate appear to depend on particular species (DeVries,

personal observation).

Although environmental factors like seasonal rainfall

and storms influence when they feed, a few broad generali-

ties can be made on feeding activities of fruit-feeding nym-

phalids. Based on our observations over 10 years of

trapping, many species of Charaxinae, Nymphalinae and

Biblidinae feed during mid-morning and early afternoon,

the tribe Morphini from mid-morning until mid-day, other

tribes of Satyrinae during morning then again in late after-

noon, and the tribe Brassolini feeds nearly exclusively at

dawn and dusk. As a general rule, when individual fruit-

feeding nymphalid butterflies have fed to satiation, they

stop feeding, fly away from the food resource and are not

attracted to other food until sometime later. A Brownian

motion model of individual movement with continuous

attraction to baited traps (e.g., Helland 1983) may therefore

be no more realistic than our model with trapping events

occurring at particular times when individuals are within a

trap attraction area.

Interspecific variation in demographic parameters and

mean wing length shows some interesting and unexpected

patterns of correlation that can be interpreted using path

analysis. In the fruit-feeding nymphalid butterflies we stud-

ied, larger species tend to have higher dispersal rate. This is

not unexpected, although exceptions are known among spe-

cies not included in our study (see below). The close connec-

tion of trap attraction distance with dispersal rate (Fig. 6 and

path diagram) could be an evolutionary adaptation allowing

access to more food and energy by species with higher mobil-

ity, or simply an automatic outcome of speedier movement

allowing better sensing of spatial gradients of food odorants

emanating from traps. More surprising is the negative corre-

lation among species between wing length and longevity

(Fig. 6), mediated by the strong negative impact of dispersal

rate on longevity revealed in the path diagram.

Studies including widely divergent taxa, spanning over an

order of magnitude in body weight, have shown that maxi-

mum longevity increases with body size (Calder 1984). For

instance, larger mammals usually live longer than smaller

ones (Sibly et al. 1997; Speakman 2005; de Magalhães et al.

2007; Austad 2010). Likewise, it is generally thought that lar-

ger insects are longer lived than smaller ones (Taylor et al.

1998), and this is the consensus among buttery biologists,

although apparently never addressed directly. However, lon-

gevity records in such studies often were based on captive

and/or domesticated animals, so their generalizations there-

fore may not hold for exclusively wild animals. Conclusions

based on widely divergent taxa also may not apply when

comparing closely related species, or for genetic and pheno-

typic variation within species. When comparing closely

related species (Promislow & Harvey 1990) or variation

within a species, the relationship between longevity and body

size often disappears or reverses (Dobson & Murie 1987;

Khazaeli et al. 2005; Galis et al. 2007; Larsson 2008).

A large nymphalid species closely related to Morpho, the

owl butterfly Caligo illioneus, has males that are relatively

sedentary. This exception to the positive association we

observed between wing length and dispersal rate is caused by

the lekking behaviour of males in this species. Interestingly,

this species confirms our result in the path diagram that dis-

persal rate, rather than body size, is the primary determinant

of longevity in butterflies, as field observations indicate that

males ofC. illioneus have a relatively long life span exceeding

three months (Srygley & Penz 1999).

The strong negative impact of dispersal rate on longevity

could be caused by two factors. First, species with low dis-

persal rates (e.g. B. actorion, N. hewitsoni) may be less

exposed to vertebrate predators during their diurnal activity

periods than species with high dispersal rate (e.g. M. achil-

les). Large, reflective blueMorpho butterflies likely offer visu-

ally hunting insectivorous birds easy targets, and indeed, we

have observed Morpho butterflies readily eaten by various

Tyranidae, Bucconiudae, Galbulidae, and some Falconidae

and Accipitridae (P. J. DeVries, T. R. Walla, personal obser-

vation; Morehouse & Rutowski 2010). Species like B. actori-

onmay reduce their exposure to predators by being active at

dawn and dusk, and flying very little. The density and diver-

sity of butterfly predators may differ between vertical strata

within the forest (e.g., Van Bael et al. 2003). The densities of

our focal butterflies differ between these strata.H. acheronta,

H. odius and P. prola are more abundant in the canopy,

whereasB. hypochlora,B. actorion,M. achilles,M. menelaus

andN. hewitsoni are more abundant in the understory.

Second, high dispersal rate may require high metabolic

rate, which may negatively impact longevity. This does not

appear to be the case among vertebrates, after controlling for

body size (deMagalhães et al. 2007; Austad 2010). However,

genetic studies of two butterfly species indicate a positive

intraspecific genetic correlation between dispersal rate and

metabolic rate, mediated by allelic variation in the key

enzyme PGI affecting energy metabolism (Watt et al. 2003;

Haag et al. 2005). Little accurate information exists on inter-

specific variation in these parameters among butterfly species

(Stevens et al. 2010).
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Our findings on patterns of interspecific correlation among

mean wing size and demographic parameters, based on data

from nine species, have limited statistical accuracy. Even

using statistical methods for obtaining accurate (unbiased)

estimates of demographic parameters in spatial demography,

we are able to discern with confidence only the strongest

interspecific relationships. The simple path diagram (10) pro-

vides a basic example of Arnold’s (1983) paradigmatic path

model in which morphology determines performance, which

in turn determines fitness. Future studies involving more spe-

cies may have the statistical power to detect additional paths

of causation from wing size and trap attraction distance

directly to longevity. It would also be interesting to include

interspecific data on metabolic rate, and other morphologi-

cal, physiological and behavioural characters and fecundity.
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Appendix A

IMPLEMENTATION OF THE GIBBS SAMPLER

The different nodes of the graph can be divided into six

blocks that can be updated separately.

1 First, consider observations k 2 S0 corresponding to

the event of no recapture at the end of each individuals

mark–recapture history. The distribution of the block of

nodes consisting of Tk, Z
ðkÞ
akþ1; . . . ;ZðkÞakþ1 conditional on

neighbouring nodes can be simulated as follows. First,

simulate Tk|k from its exponential density. Then, simulate

each ZðkÞi jZ
ðkÞ
i$ 1 from a bivariate normal with variance

s)1(ti ) ti)1) up to i ¼ ck determined by the current pro-

posal for Tk. If any of the positions Z
ðkÞ
i falls within a dis-

tance equal to the current value of v the sample is rejected.

As long as the attractive distance v is small compared to

typical distance moved between consecutive time points,

this will lead to a reasonably small rejection rate.

2 For observed recaptures k 2 S1 a somewhat different

approach is needed. We first update the block consisting

of the positions Z
ðkÞ
i at i ¼ ak + 1,…,ck)1 conditional

on neighbouring nodes, again, by rejection sampling.

Conditional on the position at the time of recapture ZðkÞck

and the point of release ZðkÞak , the intermediate positions

become a Brownian bridge (Karlin & Taylor 1981). This

bridge can be simulated iteratively; the positions at each

subsequent time point i¼ak + 1,…,ck)1 are bivariate

normal with mean vector ZðkÞi$ 1 þ ðZ
ðkÞ
ck $ ZðkÞi$ 1Þ

ðti $ ti$ 1Þ=ðtck $ ti$ 1Þ and variances s)1(ti ) ti)1)(tck ) ti)/

(tck ) ti)1). Again, the whole block update is rejected if

any position falls within the attraction area of the traps.

3 The final node ZðkÞck is updated separately by sampling

from a bivariate normal with mean ZðkÞck$ 1 and the appro-

priate variance, accepting the sample if Zck 2 Adk, that is,

if it is within a distance v of zdk and not closer to any other

trap. In practice, to reduce the rejection rate, we simulate

the proposal on a square enclosingAdk and a modification
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of the inverse transform method for the X and Y compo-

nent.

4 The conditional distribution of s conditional on the cur-

rent values of all neighbouring nodes, the movement

paths of all individuals (denoted asZ), becomes

fðsjZÞ / fðsÞfðZjsÞ

/ 1

s
0
Y

k2S

Yck

i¼akþ1
se$

sjZðkÞ
i
$ ZðkÞ

i$ 1 j
2

2ðti$ ti$ 1 Þ
eqn A:1

After some rearrangement, we see that s conditional onZ

is gamma distributed with shape parameter

X

k2S
ck $ ak; eqn A:2

and rate parameter

1

2

X

k2S

Xck

i¼akþ1

jZðkÞi $ ZðkÞi$ 1j
2

ti $ ti$ 1
: eqn A:3

5 From the DAG, we see that the neighbours of k are the

latent variables Tk for k 2 S0 and the observations

Tk>tck for k 2 S1. The conditional distribution of k given
these neighbours is

fðkjTÞ / fðkÞ
Y

k2S0

fðTkjkÞ
Y

k2S1

PðTk > tck jkÞ

¼ 1

k

Y

k2S0

ke$ kðTk$ tak Þ
Y

k2S1

e$ kðtck $ tak Þ;
eqn A:4

that is, a gamma distribution with shape parameter s0, the

number of individuals that are not recaptured and rate

parameter

X

k2S0

Tk þ
X

k2S1

tck $
X

k2S
tak : eqn A:5

6 Finally, given the movement path Z andMark–recapture

histories of all individuals (using C as shorthand notation

for this), the conditional distribution of v becomes

fðvjC;ZÞ ¼ fðvÞPðCjZ; vÞ

¼ 1

v

Y

k2S0

Yck

i¼akþ1
1 $

Xm

j¼1
IðZðkÞi 2 AjÞ

 !

&
Y

k2S1

IðZðkÞck
2 AdkÞ

&
Yck$ 1

i¼akþ1
1 $

Xm

j¼1
IðZðkÞi 2 AjÞ

 !
;

eqn A:6

essentially a density proportional to 1/v (and uniform on

the log scale) on a short interval of possible values deter-

mined by the minimum trap distance vmin of the current

positions outside the trap attraction areas and the maxi-

mum trap distance vmax of the current positions inside the

trap attraction areas.

We are not aware of how to modify steps 1, 2 and 4 if the

model is modified to include variation in s between different

habitat types.

Appendix B

PATH ANALYSIS WITH CORRELATED MEASUREMENT

ERROR

The parameter estimates in Fig. 6 involve two levels of

sampling. First, the underlying four parameters, w (wing-

length), r (dispersal rate), 1/k (longevity) and v (each species

trap attraction distance), can be regarded as samples from a

multivariate distribution representing variation among a lar-

ger community of about 150 species or, alternatively, as the

distribution generated by the particular evolutionary process

that has produced the species in our study. Our objective is to

test alternative path models representing possible causal rela-

tionships between these parameters.

Second, the parameters are estimated with some error.

While we have adopted a Bayesian approach here, the poster-

ior means can be regarded as ordinary point estimators in the

frequentist sense, that is, functions of the data and hence sto-

chastic variables with some sampling distribution. We

assume that this sampling distribution is multivariate normal

with covariance matrix equal to the covariance matrix of the

posterior distribution. For wing length, the corresponding

error variance was estimated independently from a subsam-

ple of individuals using standardmethods.

The second form of correlated estimation error makes

standard methods of path analysis (multiple regressions)

biased as well as somewhat inefficient. To correct for this, we

use a likelihood-based approach as follows. Let h ¼
(h1,h2,…,h4) represent the vector of log parameter values of a

randomly selected species. A given path model can then be

written

h ¼ Rhþu; eqn B:1

where R is an upper triangular matrix of path coefficients rij
and uare a four-dimensional vector with independent nor-

mally distributed elements with variances m ¼ (m1,m2,…,m4)
(Stuart et al. 2009, section 28.18). It follows that the covari-

ance matrix of h is

C ¼ ðI $ RÞ$ 1diagðm1; . . . ; mnÞðI $ RTÞ$ 1: eqn B:2

Given the known covariance matricesC1,C2,…,C9 of the esti-

mation errors in species i ¼ 1,2,…,9, and assuming that h is

multivariate normal with mean vector l and covariance

matrix C, the observed estimated parameter vector ĥiof each
species becomes multivariate normal with mean vector l and

covariance matrix C + Ci (Stuart & Ord 1994). The likeli-

hood function for these observations,
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Lðl; m;RÞ ¼
Y9

i¼1

1

ð2p jCþ CijÞ4=2

& exp $ 1

2
ðĥi $ lÞTðCþ CiÞ$ 1ðĥi $ lÞ

" #
;

eqn B:3

can be maximized numerically with respect to l, m and the

path coefficients rij that are nonzero under a given model. In

practice, the numerical maximization can be performed with

respect to m and the nonzero path coefficients rij only because

the optimal value of l given these other variables is

ð
P

WiÞ$ 1
P

Wiĥi where Wi ¼ (C + Ci)
)1 and C are given

by eqn B.2. Approximate standard errors of the path coeffi-

cient between standardized variables, rij
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Cjj=Cii

p
, can be

computed from the inverse of the observed Fisher informa-

tionmatrix using the deltamethod.

Tests between alternative pathmodelsH0 andH1, the first

nested within the other, say model eqn 10 and an alternative

model obtained by adding a path from w to 1/k, can be based

on twice the differenceD between the log likelihood underH1

and H0, which is asymptotically chi-square distributed with

degrees of freedom equal to the difference in number of

parameters. Additionally, the distribution ofD under the null

hypothesis H0 and corresponding P values can be estimated

using parametric bootstrapping, by simulating the distribu-

tion of ĥ1; ĥ2; . . . ; ĥ9 given the maximum likelihood estimates

underH0.

The correlation coefficients in Fig. 6 were estimated by

fitting a complete path model with six paths in which case C

and the corresponding correlations are unconstrained (Stuart

et al. 2009, section 28.18).

An alternative Bayesian form of comparative analysis is

proposed by Tufto et al. (2000).
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Supporting information - Estimating Brownian motion dispersal
rate, longevity and population density from spatially explicit

mark-recapture data on tropical butterflies
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S1 Convergence of the Gibbs sampler
In general, the convergence of the Markov Chain was
quite slow. The slow convergence is not surprising when
considering the strong interdependency between t and
the large number of displacements Z

(k)
i

� Z
(k)
i�1 appear-

ing in equations (A.2) and (A.3). The trap attraction dis-
tance v appears to mix even slower, again as a result of
the interdependency with the latent positions Z

(k)
i

. For
the long-lived species (small l) the number of such la-
tent variables becomes much larger making convergence
particularly slow (Fig. S1).
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Figure S1: Trace plots of the first 1 ·105 iterations of the
Gibbs sampler for the N. hewitsoni data set and corre-
sponding estimates of the autocorrelation function esti-
mated from the whole chain not including the burn-in.

To ensure that the chain had converged and that we
obtained a sufficient number of samples from the pos-
terior distribution, we therefore ran the chain for 1 ·106

iterations for each data set with a burn-in of 50000 it-
erations, keeping every 200th iteration. In general, the
computer time needed was between 15 minutes to a few
hours for each data set on a 2.6 GHz Intel processor.

S2 Posterior distributions
The posterior distributions of the parameters were some-
what skewed, in particular for species with small sample
size. This might suggest that the posterior means and
standard deviations inadequately summarize the poste-

rior distribution and that perhaps the median or geomet-
ric mean would be more appropriate. This, however, de-
pends on context in which the estimates are to be used
and, in general, there is no way to summarize the poste-
rior other than reporting the entire multivariate posterior
itself. The actual samples from the Markov chain runs
including samples of the total attraction area A are there-
fore available as supplementary material as the R data
file chains.Rdata containing a list of the the nine
chains, each chain being objects of class mcmc used by
the coda R-package (Plummer et al., 2010).

As shown in Fig S2, the distribution of log trans-
formed parameters were much less skewed and appear
to be close to multivariate normal. Note that posterior
means of log transformed parameters were treated as
point estimates in the frequentist path analysis in Ap-
pendix B.

S3 Simulating data from the model
To check the soundness of the model and the correct-
ness of the implemented computer code, we simulated
data from the model as follows. To generate a new indi-
vidual mark-recapture history, we first choose a random
trap and timepoint and set the initial position to the cen-
ter of the randomly chosen trap. Given l, an exponen-
tially distributed lifespan was simulated and the latent
positions up to the final time point were simulated iter-
atively based on the assumption of Brownian motion. If
these latent position fell inside the attraction area of any
of the traps, an observation k 2 S1 was generated, the
latent position was reset to the center of the current trap,
and the iterative process was continued, either generat-
ing another recapture observation k 2 S1 or an observa-
tion k 2 S0.

Using this method, we simulated 200 data sets, each
consisting of 500 observations, from a model with 25
traps spaced one length unit apart on a 5⇥ 5 grid. Ten
time points, each one time unit apart, was used. We
then simulated data using a dispersal rate of s = 1, a
mortality rate l = 0.5, and an attraction distance v =
0.3. The distribution of the posterior median is shown
in Fig. S3 suggests that the posterior median of each
parameter is median unbiased, that is, the median of the
frequentist distribution of the posterior median appears
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Figure S2: Samples from joint marginals and kernel
density estimates of the univariate marginal posterior
distributions of parameters transformed to log-scale for
B. hypochlora and N. hewitsoni.
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Figure S3: Distribution of the posterior median for 200
simulated data sets from the model given in the text. The
crosses are the true values.

identical to the true parameter values.
In simple one-parameter models, the scale-priors (as

used here) are sometimes known to be matching prior
(Kass & Wasserman, 1996; Berger & Bayarri, 2004),
that is, credible intervals based on this prior will have
the correct frequentist coverage under repeated sam-
pling for given values of the model parameters. This is
sometimes used as a justification for a particular choice
of prior (see Kass & Wasserman, 1996, p. 1353). Sup-
pose that ua(x) is a one-sided (1�a) credible interval
based for a parameter q given data x, that is, P(q 
ua(x)|x) = 1�a. If ua(x) has the correct frequentist
coverage, then P(ua(x) < q0) = a under repeated sam-
pling for a given parameter value q0. If this holds for
all a, the posterior probability that q is smaller than the
true parameter value q0 will have a uniform distribu-
tion under repeated sampling given q0. This seems to
be the case for our model as shown by the histograms of
this sampling distribution of this posterior probability
for each of the three main model parameters (Fig. S4).

S4 Choice of priors
Employing the algorithm for updating v, l and t in Ap-
pendix A, informative priors on these parameter can be
easily implemented by letting these parameters follow
gamma distributions with the desired prior means and
variances. Some prior knowledge about plausible pa-
rameter values was available in this study, for example,
from direct visual observations of the different species,
we knew that distances moved per day were unlikely
to be less than a few meters or more than 100 kilome-
ters. Eliciting such information in quantitative terms is
somewhat problematic, however. It is also well known
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Figure S4: The distribution of the posterior probability
that each parameter is smaller than the true parameter
value under repeated sampling from the same model as
in Fig. S3.

that the choice between vague versus non-informative
prior distributions has a negligible impact on the pos-
terior unless the data is very sparse. Non-informative
priors are in themselves also simpler. Finally, axioms
that allow improper priors can be given by a relaxed ver-
sion of Kolmogorov’s formulation of probability theory
(Taraldsen & Lindqvist, 2010). On these grounds, we
prefer non-informative priors.

It is also well known, however, that improper non-
informative priors sometimes lead to an improper pos-
terior distribution. For our model we were able to iden-
tify that this does occur as a result of our choice of prior
distribution of l. This essentially happens because the
probability of the observed data goes to a positive, al-
beit small, relative value as the mortality rate l goes to
zero (or equivalently, as longevity goes to infinity). In
this limiting case, all individuals are alive at the final
time point tn of the study. Thus, for sufficiently large
longevity, the probability of the data depends only on s
and v and not on 1/l.

Noting that a non-informative scale prior on l leads
to uniform prior on log(l) and log longevity, the result
of this appear to be a posterior distribution (of say, log
longevity, v and s) with a single strongly pronounced
mode at the most probable parameter values and a long
low relative probability density ridge extending into in-
finity parallel to the log longevity axis.

Establishing this is somewhat tricky as Gibbs sampler
is extremely unlikely to find its way into the ridge, be-
cause the relative probability density along it happen to
be very small. However, sampling from within a given
interval along the ridge (see Fig. S5) can be achieved
by temporarily setting the prior distribution of l to zero

outside the desired interval. This changes (A.4) to a
truncated gamma distribution. Combining several runs
of the Markov chain with l restricted to different such
intervals, an estimate of the relative marginal poste-
rior density of log(1/l) can be obtained by alignment
of kernel density estimates computed from each run as
in Fig. S5. To deal with the bounded domains of log
longevity the reflection technique proposed by Silver-
man (1986, p. 30) was used.

The estimated shape of this marginal density (Fig. S5)
strongly suggest that the posterior indeed is improper.
Note, however, that the relative posterior density along
the ridge is about 14 orders of magnitude smaller than in
the mode of the posterior. The Markov chain is therefore
extremely unlikely to enter this part of the parameter
space and it makes no difference in practice whether the
improper scale prior (3) or a prior with an upper bound
on the longevity 1/l, say 1000 days, is used.

For other parameters it is clear that the probability of
the data goes to zero as l goes to infinity, as s goes to
respectively zero and infinity, and as v goes to respec-
tively zero and infinity. These are only necessary and
not sufficient conditions for the posterior distribution to
be proper. But consider the information contained in the
observed displacements of individuals to new traps over
the course of one time step. Disregarding the uncer-
tainty of the spatial location at the time of recapture in
our model, it is well known that information of this kind
on its own would lead to a proper posterior for s2 (an
inverse gamma distribution) if an improper scale prior
is used. A similar argument can be made for v and for
large l. It seems unlikely that the remaining informa-
tion in the data contained in other forms of observations
should then make the posterior improper. The behavior
of the Markov chain also supports this.

S5 Per generation dispersal kernel

The per generation dispersal kernel is the joint proba-
bility density of displacements in x and y-directions of
the place of birth of a random offspring relative to the
place of birth of either its parents. The probability that
a given individual is sampled as a parent of a given off-
spring (the event S) increases with lifespan T such that
P(S|T = t) = at. Thus, conditional on S, the distribution
of T becomes, using Bayes theorem,

fT |S(t) µ fT (t)P(S|T = t)

= le
�lt

at

=
l2

G(2)
te

�lt ,

(1)

that is, a gamma distribution with shape parameter 2. If
we assume that both sexes reproduce continuously dur-
ing their adult life stage, then, conditional on a lifes-
pan T = t, each reproductive event occurs at a timepoint
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Figure S5: Samples from joint marginals (upper two plots) of the posterior distribution for log longevity versus v

and s, respectively, obtained by restricting l to given intervals (dotted vertical lines) in different runs of the Markov
chain. The apparent discontinuity in the density of sample points is an artifact resulting from the simulation method
used. The lower plot shows an estimate of the relative marginal posterior density of log longevity on log-scale. A
simulated data set of the same size and with similar parameter values to that of B. hypochlora but with n = 30 time
points was used.
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U |T = t ⇠ unif(0, t) with density

fU |T=t,S(u) =

(
1
t

for 0  u < t,
0 for u � t

(2)

Using the law of total probability, each reproductive
event thus occurs at a time point U with density

fU |S(u) =
Z

fU |T=t,S(u) fT=t|S(t)dt

=
Z •

u

l2

G(2)
te

�lt
1
t

dt

= le
�lu.

(3)

The assumption of Brownian motion implies that the
displacement at this time point is binormal with vari-
ance s2

U . Using the law of total probability, the per
generation dispersal kernel becomes equal to the gamma
binormal model in Tufto et al. (2005) with shape param-
eter a = 1. This is a somewhat more leptokurtic den-
sity than the exponential bivariate kernel used by e.g.
Wright (1968) and Hanski et al. (2000) equivalent to the
gamma binormal model with a = 3/2.
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