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Summary
1. Two-level data, in which level-1 units or individuals are nested within level-2 units or clusters, are very common in natural populations. However, very few multilevel analyses are conducted for data with imperfect detection of individuals. Multilevel analyses are important to quantify the variability at each level of the data.
2. In this study, we present two-level analyses for estimating demographic parameters from data with imperfect
detection of individuals and with a source of individual variability that is nested within a source of cluster variability.
3. This method allows separating and quantifying the phenotypic plasticity or facultative behavioural responses
from the evolutionary responses. We illustrate our approach using data from studies of a long-lived perennially
monogamous seabird, the Cory’s shearwater (Calonectris diomedea) and a patchy population of collared ﬂycatchers (Ficedula albicollis).
4. We demonstrate the existence of dependence in recapture probability between paired individuals in the Cory’s
shearwater. In addition, we show that family structure has no inﬂuence on parent–oﬀspring resemblance in collared ﬂycatchers dispersal.
5. The new method is implemented in program E-SURGE which is freely available from the internet.

Key-words: capture–recapture, dispersal, heterogeneity, within-group variance, mixed models,
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Introduction
Demographic parameters are key population dynamics components to address important questions in ecology, management and evolution. For example, estimation of survival and
dispersal often involves a capture–recapture (CR) protocol in
which individuals are captured, marked, and released in their
environment. CR models allow inferring demographic processes in spite of the practical impossibility to detect all individuals in a natural population at each sampling session.
However, most CR studies rely on the assumption of independence between individuals, hence ignoring the natural associations among individual fates. For example, each individual
may belong to a cluster of individuals (i.e. a subset of individuals that remains the same across time) such as a family, a set of
young born the same year with the same mother or a set of
individuals occupying the same geographical location. In these
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situations, two individuals belonging to the same cluster may
have more similar parameter values than two individuals from
diﬀerent clusters.
If individual characteristics such as phenotype, cluster characteristics or habitat quality are measured in the ﬁeld, it is relatively easy to incorporate these sources of variation in CR
models, using covariates. However, there are many situations
in which the information at the individual or the cluster level
cannot be measured, for example when individuals are not captured physically. Importantly, ignoring heterogeneity arising
from individuals or clusters of individuals may induce biases in
parameter estimates (Barry et al. 2003). This leads to the detection of an eﬀect more often than it should (i.e. an inﬂated type I
error rate) (Lin 1997). From a biological perspective, ignoring
this heterogeneity may lead to ﬂawed inference in conservation
biology (Cubaynes et al. 2010) and evolutionary ecology (Cam
et al. 2002; Peron et al. 2010). These data sets can be statistically modelled using a multilevel analysis, taking into account
sources of variation in the cluster-level process that generates
the dependence.
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Capture-recapture analyses including clusters of individuals
Recent studies have focused on accounting for the variation
in demographic parameters at the level of either the individual
(Royle 2008; Gimenez & Choquet 2010) or the cluster of individuals (Choquet & Gimenez 2012). However, studies accounting for both levels simultaneously are lacking. Nevertheless,
modelling for dependence between individuals within clusters
is crucial to quantify inter- and intra-individual variation in
demographic parameters (Doran et al. 2007; van de Pol &
Wright 2009) and thus to address relevant questions in evolutionary ecology (Doligez et al. 2012) and behavioural ecology
(Cohas et al. 2007). Of particular importance is the assessment
of the proportion of phenotypic variation that can be attributed to between-subject variation, versus the proportion due to
measurement error and phenotype ﬂexibility. This so-called
intra-class coeﬃcient (ICC) has many applications (Nakagawa
& Schielzeth 2010). For example, ICC has been used to quantify the resemblance in time series of demographic parameters
between populations (Grosbois et al. 2009) or species (LahozMonfort et al. 2009).
The simplest and most common form of data structure is
two-level data, in which ‘level-1 units’ are nested within ‘level-2
units’. Some typical examples of this scheme include measurements nested within subjects (in the case of longitudinal data)
and individuals nested within families. In both cases, relationships between level-1 and level-2 units frequently exist and are
worthy of research, for example those existing between pairs
(Schmutz et al. 1995; Schwarz 2002) or those arising from
within-family resemblance (i.e. between parents and oﬀspring
or between siblings) in dispersal (Massot & Clobert 2000;
Doligez et al. 2012).
In medicine, social and agricultural sciences data arise from
an exhaustive monitoring of individuals. Currently there exist
several models and tools that use random eﬀects to account for
dependence, at both the level of the individual and the cluster.
All of which are well spread among practitioners (Diez-Roux
2000; Gelman & Hill 2006). Mixed models accommodating
two levels or more of hierarchical data are available in popular
statistical programs such as SAS with its procedure NLMIXED,
or R with its packages LME4 and NLME (Pinheiro & Bates
2000; Bates & Sarkar 2007). However, this category of models
has not yet been fully developed in population biology. Data
here often originate from a nonexhaustive monitoring of individuals, resulting in complex likelihoods that are very time consuming to calculate. Recently Choquet & Gimenez (2012)
considered the full dependence of individuals belonging to the
same cluster in CR studies. However, this preliminary work
did not consider two-level analyses and therefore was unable
to compute the ICC.
Here, we generalize this work by allowing ﬂexibility in the
dependence between individuals of a cluster. We develop random-eﬀects models to accommodate data hierarchy with two
levels: subjects nested within clusters. Our new approach is illustrated using two case studies. First, we consider the dependence
of fates (survival and recapture) between members of pairs in a
long-lived perennially monogamous seabird, the Cory’s shearwater (Calonectris diomedea). Secondly, we investigate the
inﬂuence of family structure on parent–oﬀspring resemblance
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in dispersal in a patchy population of collared ﬂycatchers (Ficedula albicollis). These models are implemented in the software
application E-SURGE (Choquet, Rouan & Pradel 2009) within a
frequentist approach using numerical integration.

Probabilistic framework for modelling
capture–recapture
Assume we have K capture occasions and N individuals. Let
the encounter history for individual i of cluster j be hij = (oij1,
…, oijk), where oijk denotes whether individual i of cluster j is
observed in state m (oijk = m) or not (oijk = 0) at time k. We
consider three sets of parameters usually used in multistate CR
models (see Lebreton et al. (2009) for a review) which include:
●Survival probabilities st,m: The probability for an individual
to survive being in state m at time t from occasion t to occasion
t + 1.
●Transition probabilities wt,mn: The probability for an animal
being in state m at time t to be in state n at time t + 1 conditional on being alive at time t.
●Recapture probabilities pt,n: The probability for an animal to
be recaptured at occasion t in state n.
This model, in which survival, transition and recapture
probabilities are state- and time-dependent, corresponds to the
Arnason–Schwarz model [AS, Arnason (1973); Schwarz,
Schweigert & Arnason (1993)] and is denoted Sf.t Ψf.to.t Pto.t
where ‘f’ and ‘to’ are notation for, respectively, state of departure and state of arrival and ‘t’ denotes dependence upon time
[see Choquet (2008) for further details on notation]. When
there is only one state, then there is no transition and the AS
model reduces to the so-called Cormack-Jolly-Seber [CJS,
Lebreton et al. (1992)] model denoted StPt.

Modelling dependence in a cluster of individuals
Individuals of distinct clusters are assumed independent
whereas individuals of the same cluster are not. We consider a
parameter h(ij) (for survival, transition or recapture probability) for the i-th individual of cluster j. For the sake of simplicity,
we remove the index for time. We assume also that the size of
clusters is constant and equal to NI. The model for the
response (on the logistic scale) of the i-th individual to the j-th
cluster is as follows:
logitðhðijÞÞ ¼

L
X
bl Xlij þ bij Z

eqn 1

l¼0

where each vector bj = (b1j, …, bNIj)′ is a vector of independent
and identically distributed (i.i.d.) random eﬀects following a
multivariate normal distribution N(0,Σ), where Σ is the variance–covariance matrix associated with the design matrix Ζ,
and bl is a ﬁxed eﬀect associated with the design matrix Xlij. The
ﬁxed eﬀects in X may take diﬀerent values for individuals and
clusters. That is, one may make use of variables that describe
the individual (‘level-1 variables’) or the cluster (‘level-2 variables’) or both. For illustration, we consider three biological situations in which parameter h is successively survival probability
(s), transition probability (w) and recapture probability (p).
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Example 1 – Modelling survival probability in the CJS
model: We consider pairs (level 2) in which males and females
are individuals of the level 1. To quantify between-pair variation in survival, we consider the following model:
logitðsðijÞÞ ¼ b0 þ bj

eqn 2

where b0 is the mean survival on the logit scale and the bj’s are
i.i.d. distributed as a univariate normal distribution N(0,r2)
where r2 is the variance within the pairs.
Example 2 – Modelling recapture probability in the CJS
model: As in example 1, we consider pairs. To quantify the variability of the recapture between pairs and the proportion of
total variation explained by between-pair variation, we consider the following model:
logitðpðijÞÞ ¼ b0 þ bij

eqn 3

where bj = (b1j, b2j)′ is i.i.d. as a bivariate normal N(0,Σ) with
 2

r
qr2
R¼
and b0 is the intercept. Parameter q is the
2
2
qr
r
correlation between two individuals. Here, r2 is the total variance and when positive qr2 is the within-group variance. In
that particular case where q is positive, q is the ICC and has a
direct biological interpretation (see above).
Example 3 – Modelling transition (conditional on being
alive) probability in the AS model: We consider families (level
2) in which all members are exchangeable (i.e. all individuals
behave the same concerning the transition). We consider the
transition probabilities between two states, ‘ND: non dispersers’ and ‘D: dispersers’. We evaluate the between-family
variability in transition between states 2 and 1 using model:

reduces to a random eﬀect where individuals are fully dependent (Choquet & Gimenez 2012). For a variance–covariance
matrix
 2

r
qr2
R¼
;
2
2
qr
r
q captures the relative importance of the between-cluster
variance ðr2b Þand the within-cluster variance ðr2w Þ. For a positive correlation, q is the ICC and there is a direct relationship
r2w
between q; r2b and r2w , which is q ¼ r2 þr
2
w
b
Several structures for matrices Γ and P are possible
(Table 1), the choice of which depends on the problem under
consideration (Wolﬁnger 1996). Sub-table 1A shows two possible structures for standard deviations, either constant
(HOM) or level dependent (HET). Sub-table 1B shows two
possible structures for correlation between individuals nested
within a cluster. The ﬁrst one (CS) considers a constant correlation, whereas the second one (UN) considers the full parameterization of correlation. The order of the variance–covariance
matrix is the size of the cluster, which can be large. The order
of Σ can be reduced when the correlation q is assumed to be
positive and when both variances and correlations are constant. When the size of the cluster is large, it is convenient from
a computational perspective (see above) to consider instead the
addition of two random eﬀects, one for the individual (level 1)
and the other for the cluster (level 2), which leads to the following variance–covariance matrix:
 2

rb þ r2w
r2w
R¼
:
r2w
r2b þ r2w

logitðwD!ND ðijÞÞ ¼ b2 þ bj

Parameter estimation

where bj’s are i.i.d. following a univariate normal distribution
N(0,r2) and b2 is the intercept for the transition from state D
to ND.
To describe a mixed model in E-SURGE, we use a general syntax of the form ‘phrase1 + phrase2’ where phrase1 is any
phrase for ﬁxed eﬀects and phrase2 (in italics) is any phrase for
random eﬀects. The phrase ‘i+pairs’ models Eqn 2, where i is
the intercept. The phrase ‘i+sex/pairs’ models Eqn 3, where a/b
means a nested in b. In that case, the standard deviation (r) is
assumed constant.

Assuming that individuals are independent conditional on the
random eﬀects, the likelihood for ﬁxed eﬀects for the entire set
of encounter histories is obtained as the product of the probability P(hij|b,b) for the history hij of individual i in cluster j. The
marginal likelihood is obtained by integrating the product of
the probability P(hij|b,b) with respect to the distribution of the
random eﬀects. For i.i.d. random eﬀects on clusters, calculating the marginal likelihood can be made much more eﬃcient
from a computational perspective by reducing the dimension
of the integral to the order n of Σ applied to the cluster. This
integral is one-dimensional in examples 1 and 3 and bi-dimensional in example 2. The marginal likelihood of the CR mixed
model becomes:

Structure of the variance–covariance matrix
The set of covariance matrices that we can consider can be conveniently described by ﬁrst decomposing
R ¼ CPC

eqn 4

with Γ the diagonal matrix of the standard deviations and P
the matrix of correlations. For a matrix of dimension 2 9 2


1 q
associated with a cluster of size two, P ¼
. For q = 0
q 1
and constant standard deviations, example 2 reduces to an
individual random eﬀect where all individuals are independent
(Gimenez & Choquet 2010). For q = 1, this random eﬀect

J Z Y
Y
j¼1

Rn

Pðhij jb; b; xÞfðxjRÞdx

eqn 5

i2Ij

where J is the number of clusters and Ij is the set of individuals
of cluster j, f(x|Σ) is the density function of a N(0,Σ) with Σ of
order n, which is lower or equal to the size of the cluster and
may be constant between clusters or not. For an individual or
a group random eﬀect, n is equal to 1.
The marginal likelihood involves integrals that cannot be
evaluated analytically due to the complexity of the CR model
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Table 1. Main used diagonal variance matrices Σ (Part A) and symmetric correlation matrices Γ (Part B and C, upper part only). Structures of Part
A and B are implemented in E-SURGE. Part A shows two possible structures for standard deviations, either constant (HOM) or level dependent
(HET). Part B shows two possible structures for correlation between individuals nested within a cluster. Structure CS considers a constant correlation, whereas structure UN considers the full parameterization of correlation. Structures described in Part C are used for spatial and time correlation.
TOEP may be used for spatial analysis. A distance structure can be taken into account by applying an exponent to the correlation. The exponent
may depend on the number of lags between two observations (second row) or it may be real for a distance (third row: dij is the distance between site i
and site j)
Part A: Standard deviation matrices
2
HOM:

6
6
4

r

0
r

3
0
07
7
05
r

0
0
r

HET:
2
r1 0
6
r2
6
4

0
0
r3

3
0
07
7
05
r4

Part B: Correlation matrices used for individual nested inside a cluster
2
3
2
3
1 q q q
1 0 0 0
6
6
1 q q7
1 0 07
7
6
7
CS: 6
4
4
1 q5
1 05
1
1
Part C: Speciﬁc correlation matrices related to time series or spatial structure
2
3
1 q1 0 0
6
1 q1 0 7
7
TOEP(2): 6
4
1 q1 5
1
2
6
6
4
2
TOEP:

1 q1
6
1
6
4
2
6
6
4

1 q1
1

q2
q1
1

3
q3
q2 7
7
q1 5
1

q1 q2
q2
1

1

q q2
1 q
1

2

1 q1
6
1
6
4

q22
q1
1

2
UN:

6
6
4

1

2
6
6
4

1

q12
1

qd12
1
1

q13
q23
1

0
qd23
1
1

3
q14
q24 7
7
q34 5
1

3
0
0 7
7
qd34 5
1

1

3
q3
q2 7
7
q5
1

2

3
q33
q22 7
7
q1 5
1

2

6
6
4

6
6
4

1

qd12
1

qd13
qd23
1

3
qd14
qd24 7
7
qd34 5
1

1

qd12
1
1

qd13
2
qd23
1
1

3
qd14
3
7
qd24
2 7
5
qd34
1
1

3
q1 q2 q3
q2 q3 7
7
q3 5
1

likelihood. We use the Gauss-Hermite quadrature [GHQ, Liu
& Pierce (1994)] which is known to work well for a large class
of problems, at least for low-dimensional integrals and a
Gaussian distribution for the random eﬀects. We obtain maximum likelihood estimates (MLEs) of the model parameters by
maximizing the marginal likelihood using a quasi-Newton
algorithm. Approximate standard errors (SEs) are obtained
from the inverse of the Hessian calculated from a standard
ﬁnite-diﬀerence scheme. We used a GHQ of order 8 up to order
15 (Gimenez & Choquet 2010; Choquet & Gimenez 2012).

Testing hypotheses about variance–covariance
components
As argued before, testing for dependence is crucial for biologists. However, in equation (2), there is an issue to safely carry
out a likelihood ratio test (LRT) for testing whether the
variance diﬀers from 0 or the cluster correlation diﬀers from 1

(to test whether there is an individual eﬀect) or the cluster correlation diﬀers from -1. This issue arises due to the boundary
conditions required to apply the LRT. In a standard approach,
the LRT statistic follows a chi-square distribution with one
degree of freedom. The test can then be performed if the cluster
correlation is equal to 1, but at the risk of rejecting the null
hypothesis too often. Fortunately, because a correlation is constrained within the interval (-1, 1), testing whether a correlation
diﬀers from 1 is essentially asking whether this correlation is
signiﬁcantly lower than 1. This can be accomplished by testing
the observed chi-square against a chi-square distribution
that is an equal mix of a chi-square distribution with one
degree of freedom and another one with zero degree of freedom [e.g. Self & Liang (1987)]. In practice, this means that one
needs to perform a one-sided test, in other words to half the
P-value obtained by using the standard chi-square distribution
with one degree of freedom. Note that a similar reasoning
holds when testing whether variance components diﬀer from
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zero in equation (2). We refer to Self & Liang (1987) for more
complex situations.

Applications
We illustrated the above method by addressing two questions
about the inﬂuence of behaviour on recapture probability
(illustration 1) and the estimation of the heritability of a trait
via transition probability (illustration 2) using capture–
recapture data. In the two examples, we performed model
selection in two steps. First, we carried out ‘standard’ model
selection to determine which ﬁxed eﬀects should be kept using
the Akaike Information Criterion, corrected for small sample
size (AICc) and if any, presence of overdispersion (QAICc).
Then we performed an LRT test for the random eﬀect(s) on
the best ﬁxed-eﬀect model at the 5% signiﬁcance level. The
biological relevance and context of the models is partly detailed
in Appendices S1 and S2 as a complement for illustrations 1
and 2 respectively (see Supporting Information).
ILLUSTRATION 1

We investigated the dependence of fates (local survival and
recapture probabilities) between members of pairs in a longlived perennially monogamous seabird (Calonectris diomedea),
using a pair random eﬀect. The data used here were collected
between 2001 and 2008 on a medium-size breeding colony of
Cory’s shearwater (ca. 200 pairs) on the small island of Pantaleu (25 ha, 26 m a.s.l.) in the Balearic Archipelago (39º34′ N,
2º21′ E, Spain). Breeding adults were captured on their nests
while incubating and marked with individually numbered
rings. Individual sex was assigned from morphometric measurements. We considered the observations (captures/recaptures) of individuals from their ﬁrst capture together with their
mate, and each pair received a diﬀerent code. Data on individuals pairing with widowed or divorced individuals from the initial pairs were discarded and a total of 140 pairs were therefore
considered. Consequently, the data set includes two levels, the
individual level (characterized by sex within a pair) and the pair
level. Goodness-of-ﬁt tests (GOF) for the CJS model (Pollock,
Hines & Nichols 1985) were carried out using program U-CARE
(Choquet et al. 2009). No overdispersion was detected and the
CJS model was retained as the general model under which we
explored the ﬁxed-eﬀect structure. Models in which survival,
recapture or both were constant (denoted i) or time-dependent
(denoted t) were tested, and models including the random
eﬀects (pair and sex nested within pair or not) were secondly
tested against these ﬁxed-eﬀects models (Table 2).
Including an individual (model 6, Table 2, sex.pair) or a pair
random eﬀect (models 5 and 7, Table 2, pair and sex/pair) on
local survival only slightly improved the deviance of the model
compared with the constant survival model. For survival, the
assumption H0: r = 0 could not be rejected (P-value = 015).
Therefore, the results suggested that the survival probabilities
of individuals associated in pairs are independent in this species.
Including an individual (model 3, Table 2, t+sex.pair) or a
pair random eﬀect (models 1 and 2, Table 2, t+pair and t+sex/

Table 2. Model selection for the Cory shearwater’s data. Fixed eﬀects
considered: I, constant parameter and t, time eﬀect. Random eﬀects (in
italics): pair and sex; sex represents the level 1 of clustering, whereas
pair represents the level 2. Sex/pair means sex nested in pair; sex.pair is
equivalent to an individual eﬀect. # Id. Par. is the number of identiﬁable parameters of the model
Model

Survival

Recapture

# Id. Par.

Deviance

AICc

1
2
3
4
5
6
7
8
9
10

i
i
i
i
i+pair
i+sex.pair
i+sex/pair
t
i
t

t+pair
t+sex/pair
t+sex.pair
t
t
t
t
t
i
i

9
10
9
8
9
9
10
13
2
8

123539
123539
125275
125855
125745
125791
125735
125160
128771
127938

125359
125564
127095
127471
127565
127611
127760
127801
129172
129554

pair) on recapture, markedly decreased the AICc value of the
model compared with the model with time dependence alone
on recapture. For recapture, the assumption H0: r = 0 was
rejected (P-value <001) and the estimate of r (SD) was 1708
(0381). The assumption H0: q = 1 could not be rejected
(P-value = 1). Therefore, the estimate of r suggested a high
heterogeneity between pairs in recapture probability. In this
species, skipping reproduction is a common phenomenon
(Sanz-Aguilar et al. 2011). Because only breeding birds were
captured, sabbatical breeding periods taken by pairs may
create the observed between-pair heterogeneity in recapture
probability.
The estimate of survival probability did not diﬀer substantially between the model taking into account a pair eﬀect on
recapture probability and the model not accounting for the
pair eﬀect (Table 3, s = 082 vs. s = 081 respectively). On the
contrary, the estimates of recapture probability for each year
obtained when taking into account a pair eﬀect (model 1,
Table 3, t+pair) were higher than those obtained without the
pair eﬀect (model 2, Table 3, t+sex/pair). In Appendix S3, we
give details for implementing these models in E-SURGE.
Table 3. Comparisons of the estimates for parameters of the two-level
model (i.e. including a pair random eﬀect, model 2 of Table 2) and the
standard model without random eﬀect (model 4 of Table 2) ﬁtted to
the Cory shearwater data. MLE stands for maximum likelihood estimate, SE for standard error. r is the standard deviation of the pair random eﬀect

parameter

without random
eﬀect MLE (SE)

with random
eﬀect MLE (SE)

P2
P3
P4
P5
P6
P7
P8
s
r(pair)

0597 (0156)
0754 (0043)
0790 (0040)
0910 (0026)
0862 (0034)
0972 (0019)
0844 (0052)
0814 (0014)
NA

0749 (0168)
0767 (0060)
0839 (0049)
095 (0021)
0922 (0031)
0985 (0011)
0893 (0046)
0822 (0014)
1708 (0381)
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ILLUSTRATION 2

We assessed the inﬂuence of family structure on the level of
parent–oﬀspring resemblance in dispersal propensity in a patchy population of collared ﬂycatchers (Ficedula albicollis),
using a family random eﬀect. The collared ﬂycatcher is a
small hole-nesting migratory passerine bird that readily
accepts to breed in artiﬁcial nest boxes, providing an easy
access to breeding data (Gustafsson 1989; Doligez, Gustafsson & P€art 2009). The data used here were collected on a
patchy population of collared ﬂycatchers on the Swedish
island of Gotland (Gustafsson 1989; Doligez et al. 2004;
Doligez, Gustafsson & P€art 2009). In this population,
dispersal can easily be deﬁned by a change of patch between
years. Dispersal status of each individual is therefore determined by comparing the patches of capture between years,
ignoring years when the individual was not captured
(see Doligez et al. 2004; Doligez, Gustafsson & P€art 2009
and Appendix S2 for discussions about the validity of this
deﬁnition). We considered here only females, whose capture
histories were built using three observations: 0, not encountered, 1, non-dispersing females (i.e. females caught in the
same patch on two successive capture occasions) and 2, dispersing females (i.e. females caught in two diﬀerent patches
on two successive occasions). The ﬁrst observation (i.e. at
age 0) was here the dispersal status of the mother; subsequent events were deﬁned by the capture and dispersal status
of the female herself, see Doligez et al. (2012) and Appendix
S2 for more details on the data and CR models. We considered a multistate model with two states, ‘ND: non-dispersers’
and ‘D: dispersers’, which had the same structure as the AS
model. Transition probabilities to state ND and D measure
philopatry and dispersal probabilities, respectively, and we
explore the inﬂuence on these probabilities of the departing
state, i.e. the mother’s dispersal status (ﬁrst transition) or the
female’s previous dispersal status (subsequent transitions).
Families have heterogeneous size (i.e. here number of
recruited sisters), from 1 to 4 with 519, 84, 12 and 2 families
respectively. Multistate GOF tests for the AS model (Pradel,
Wintrebert & Gimenez 2003) were conducted using program
U-CARE. A strong overdispersion was detected and was attributed to an age eﬀect on survival (Table 4). We therefore considered either two age classes (1 to 2 years old vs. older,
denoted a2) or a full age eﬀect (8 age classes, denoted a8) on
survival. In addition to previous dispersal state (denoted f),
we included the eﬀect of age (two classes, ﬁrst year vs. older)
Table 4. Results of the diﬀerent components of goodness-of-ﬁt tests
for the general multistate model on the ﬂycatcher data. df: number of
degrees of freedom
Test

v2

df

P-value

WBWA
3G.SR
3G.SM
M.ITEC
M.LTEC

40819
607435
364156
35585
29530

37
45
144
24
19

0306
<0001
<0001
0060
0058
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on transition probabilities to estimate separately mother–
daughter resemblance (i.e. ﬁrst-year transition) and further
individual consistency (i.e. transitions in older ages) in dispersal propensity (Doligez et al. 2012). A model with a full
age eﬀect (8 age classes) on transitions did not perform better
(see Table 5). We added the random cluster eﬀect (here family eﬀect) on the ﬁrst-age transition probability (denoted a
(1)/family) only, to focus on the impact of data sibling structure on parent–oﬀspring resemblance level. The data set
includes only one cluster level, the family and members of a
given brood (sisters) are considered fully dependent. We did
not account for a long-term (i.e. after 1 year) family eﬀect
here because individual experience is likely to have a major
inﬂuence on breeding dispersal decisions (Doligez et al. 1999,
2002). Finally, we included the eﬀects of time (denoted t)
and state (denoted to) on recapture probability (a constant
capture was also tested, denoted i). Therefore, the starting
AS model was denoted Sa8.f wa2.f.to Pto.t with an overdispersion factor of 132.
Female survival decreased with age (Table 6), conﬁrming
previous results obtained without accounting for individual
detection probability and suggesting actuarial senescence in
this population (Sendecka 2007). Survival at age 2 was also
higher for dispersing compared with non-dispersing females.
Furthermore, dispersing females were less likely to be detected
than non-dispersing females (Table 6); whether this lower
recapture rate results from higher breeding failure, lower mating probability and/or higher temporary emigration probability in dispersers compared with nondispersers requires further
investigation (Doligez & P€
art 2008).
Both the eﬀects of mother dispersal status and family on
ﬁrst-year transition (i.e. natal dispersal) probability were
retained in the model selected with the above structure for
survival and recapture probabilities (models 1 and 2,
Table 5, a2.f+a(1)/family and a2.f). The null hypothesis
r = 0 could not be rejected, (P-value = 007) using a LRT
test corrected for overdispersion by dividing the diﬀerence of
deviance by the estimated coeﬃcient of overdispersion
[(599782-599496)/132] (Madsen & Thyregod 2010). Including the family eﬀect did not aﬀect the survival estimates
(Table 6), but markedly increased natal dispersal probabilities (i.e. transition probability to the dispersing state between
age 0 and 1): from 074 to 077 and from 079 to 083 for
daughters of non-dispersing and dispersing mothers respectively (Table 6). The parent–oﬀspring resemblance in
dispersal propensity was observed in both models (including
or not a family eﬀect): in both cases, daughters of dispersing
mothers were more likely to disperse than daughters of
non-dispersing mothers, i.e. the transition probability to the
dispersing state was higher from the dispersing than the nondispersing state. However, the diﬀerence was slightly more
pronounced in the model accounting for the family eﬀect
(Table 6, ΨND?D < ΨD?D = 1 - ΨD?ND: model without
family eﬀect: 074 and 079; model with family eﬀect: 077
and 083 respectively). After the ﬁrst year, dispersing females
were more likely to disperse again than non-dispersing
females (035 vs. 020, respectively, Table 6), as previously
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Table 5. Model selection for the ﬂycatchers data. Fixed eﬀects: a2, two age classes; a8, eight age classes; f, dispersal state eﬀect. a(1,3_8)+a(2).f thus
stands for eight age classes with an eﬀect of state on age class 2 only; to, dispersal status eﬀect; t, time eﬀect. Random eﬀect (in italics): family. a(1)/
family means that the random eﬀect applies only to the ﬁrst age class. # Id. Par. is the number of identiﬁable parameters of the model
Model

Survival

Transition

Recapture

#Id. Par.

Deviance

QAICc

1
2
3
4
5
6
7
8
9
10
11
12

a(1,3_8)+a(2).f
a(1,3_8)+a(2).f
a(1,3_8)+a(2).f
a(1,3_8)+a(2).f
a8
a8
a8
a8
a2
a8
a8.t
a

a2.f+a(1)/family
a2.f
a2.f
a2.f
a2.f+a(1)/family
a2.f
a8.f
a2.f
a2.f
a2.f.t
a2.f
f

to
to
to+t
to.t
i
i
i
t
i
i
i
i

16
15
38
61
14
13
23
36
7
103
118
25

599496
599782
596733
595268
607976
608603
606148
605889
615135
598290
595477
623425

457391
457404
459821
463549
463409
463681
463859
466342
467417
474975
476205
477357

Table 6. Comparisons of the estimates for parameters of the one-level
model (i.e. including a family random eﬀect, model 1 of Table 5) and
the standard model without random eﬀect (model 2 of Table 5) ﬁtted
to the collared ﬂycatcher data. Note that survival at age 1 does not
appear in the table because it was ﬁxed to 1. s,i and p,i mean survival
and recapture for state i. State ND = nondisperser, state D = disperser. MLE stands for maximum likelihood estimate, SE for standard
error. r is the standard deviation of the family random eﬀect

parameter

without random
eﬀect MLE (SE)

with random
eﬀect MLE (SE)

s,ND age 2
s,D age 2
s age 3
s age 4
s age 5
s age 6
s age 7
s age 8
wD?ND age 1
wD?ND age>1
wND?D age 1
wND?D age>1
p,ND
p,D
r(family)

0496 (0048)
0777 (0030)
0571 (0032)
0506 (0042)
0441 (0056)
0454 (0086)
0251 (0028)
0163 (0172)
0215 (0028)
0335 (0023)
0738 (0024)
0200 (0036)
0973 (0025)
0581 (0022)
NA

04973 (0044)
0778 (0030)
0571 (0032)
0506 (0042)
0441 (0057)
0454 (0086)
0251 (0115)
0163 (0166)
0173 (0042)
0335 (0023)
0777 (0040)
0199 (0036)
0972 (0025)
0582 (0022)
1012 (04732)

standard GHQ, but did not, however, resort to the Laplace
method (Liu & Pierce 1994) or to the adaptive GHQ (Choquet
& Gimenez 2012). This is because these methods are only
eﬃcient when either the number of capture occasions or the
size of the cluster is large.
BIOLOGICAL EXTENSIONS

found in this population (P€art & Gustafsson 1989; Doligez
et al. 1999, 2012; Doligez, Gustafsson & P€art 2009).

In the Cory’s shearwater analysis, we used a two-level clustering analysis to estimate the ICC for pairs. Further extensions
of the model include considering the pair structure when assessing divorce rate, and the inﬂuence of the cause of divorce on
the variability of divorce rate. To do this, pairs should be monitored in the ﬁeld to record the origin of divorce over time. In
the Collared ﬂycatcher analysis, we used a one-level analysis to
estimate the intra-family variability on ﬁrst-year transition
(i.e. level of parent-oﬀspring resemblance in dispersal behaviour) probability. The full distinction between genetic and
environmental eﬀects in the determinism of natal dispersal,
while accounting for individual detection probability, however,
requires the incorporation of full pedigree information into CR
models (Papa€ıx et al. 2010). Further extensions of the model
include considering both males and females, by using a sex random-eﬀect nested within families. This would allow testing for
sex diﬀerences on the variance component of
parent–oﬀspring resemblance in dispersal behaviour.

Discussion

LIMITATIONS

MODELLING DEPENDENCE AMONG INDIVIDUALS WITHIN
EACH CLUSTER

We developed a frequentist approach for CR mixed models
using two levels of data, the level of individuals belonging to a
cluster (level 1) and the level of clusters (level 2). This two-level
approach allows considering diﬀerent types of random eﬀects
with two levels. A cluster eﬀect can also be considered where
individuals within a cluster are treated as fully dependent
(q = 1), fully independent (q = 0) or in between (1  q  1)
or (0  q  1). Note that in our implementation we used a

Our method allows modelling data structures with independent clusters only. Several biological situations will, however,
not meet this assumption. When estimating the heritability
level of a given trait, accounting for the full multigenerational
pedigree of the population allows more reﬁned analyses. In this
case, Vazquez et al. (2010) used the Laplace method, whereas
Papa€ıx et al. (2010) used a Bayesian approach with MCMC
to combine the pedigree and CR data. Other cases of nonindependence of clusters include times series and spatial dependence with neighbours, for which sub-table 1C shows speciﬁc
correlation matrices. For example, cases of temporal or spatial
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Capture-recapture analyses including clusters of individuals
autocorrelation (Johnson & Hoeting 2003; Saracco et al.
2010), where each unit is linked to its neighbours in time and/
or space, may be taken into account with TOEP(2). Alternative
algorithms to the GHQ should in this case be considered, as in
Zhu, Gu & Peterson (2007). Furthermore, we did not consider
here repeated measurements within subjects because the computation of the marginal likelihood would have been intractable. Finally, ﬁeld data in natural populations will very often be
structured with more than two levels, e.g. due to spatio-temporal aspects of data. For example, measurements can be nested
within individuals nested within clusters, but also individuals
can be nested within cluster 1 (e.g. family) nested within cluster
2 (e.g. location/year). Thus, further developments of taking
clusters into account are needed to address these situations.

Conclusion
This work provides a solid foundation for quantifying interand intra-individual variation and will help to broadcast the
use of two-level models applied to CR data. Nevertheless, signiﬁcant issues of multilevel models applied to CR were not
addressed here. Therefore, our contribution should stimulate
similar eﬀorts for developing eﬃcient algorithms for further
frequentist analyses.
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