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Summary. For many long-lived animal species, individuals do not breed every year, and are often not accessible during
non-breeding periods. Individuals exhibit site fidelity if they return to the same breeding colony or spawning ground when
they breed. If capture and recapture is only possible at the breeding site, temporary emigration models are used to allow
for only a subset of the animals being present in any given year. Most temporary emigration models require the use of the
robust sampling design, and their focus is usually on probabilities of annual survival and of transition between breeding and
non-breeding states. We use lake sturgeon (Acipenser fulvescens) data from a closed population where only a simple (one
sample per year) sampling scheme is possible, and we also wish to estimate abundance as well as sex-specific survival and
breeding return time probabilities. By adding return time parameters to the Schwarz-Arnason version of the Jolly–Seber
model, we have developed a new likelihood-based model which yields plausible estimates of abundance, survival, transition
and return time parameters. An important new finding from investigation of the model is the overestimation of abundance if
a Jolly–Seber model is used when Markovian temporary emigration is present.

Key words: Abundance; Breeding return times; Capture–recapture analysis; Lake sturgeon; Temporary emigration;
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1. Introduction
For many long-lived animal species the individuals do not
breed every year, but when breeding they exhibit site fidelity,
returning to the same breeding colony or spawning ground.
If capture and recapture are only possible at the breeding
site, temporary emigration (TE) models are used to allow
for only a subset of the animals being present in any given
year. If no information is available from other sites where
the animals might be residing while not breeding, TE mod-
els are also known as multistate or multi-event models with
unobservable states. Many models with TE have been devel-
oped (Arnason, 1973; Brownie et al., 1993; Kendall and Bjork-
land, 2001; Lebreton and Pradel, 2002; Kendall and Nichols,
2002; Fujiwara and Caswell, 2002; Kendall, 2004; Schaub
et al., 2004; Pradel, 2005; Bailey, Kendall and Church, 2009;
Converse et al., 2009; Hunter and Caswell, 2009; Kendall,
2009; Bailey, Converse and Kendall, 2010). Most TE models
require the use of Pollock’s robust sampling design (Pollock,
1982) in which several secondary samples are taken during
each primary sample (e.g., each year), or another specialized
study design such as the robust gateway design (Bailey et al.,
2004; Church et al., 2007; de Lisle and Grayson, 2011), or the
less-invasive robust design (Converse et al., 2009). The focus
of existing TE studies is usually on (annual) probabilities of
survival and of transition between sites or between breeding
and non-breeding states.

We have an 11-year capture–recapture data set from an iso-
lated population of freshwater lake sturgeon (Acipenser ful-

vescens) with salient features (i) spawning (breeding) occurs
annually in the sole tributary river, (ii) only one sample per
year is possible, at spawning time in the river, (iii) individ-
ual fish do not spawn every year, and (iv) non-spawning fish
stay in the lake at spawning time, where they are unobserv-
able. Our objectives are to estimate the changing abundance
(population size) over the years and the probability distribu-
tion for breeding return times (number of years until next
breeding).

Some studies have addressed the problem of restriction to
the simple sampling scheme with only one sample per year.
Clobert et al. (1994) developed a model for age at first breed-
ing for birds marked as fledglings but then unobservable until
breeding. Kendall and Nichols (2002) listed general methods
for dealing with restriction to the simple design, namely
(i) reducing the order of Markovian transition probabilities
between states, (ii) imposing a degree of determinism on
transition probabilities, (iii) removing state specificity of sur-
vival probabilities, and (iv) imposing temporal constancy of
parameters. Fujiwara and Caswell (2002) investigated redun-
dancy of parameters for TE models with the simple sampling
scheme, and quantified the overestimation of survival esti-
mates if TE is present but unmodeled. Hunter and Caswell
(2009) further developed the identification of redundant
parameters using automatic differentiation to assess model
rank. The principles in Kendall and Nichols (2002) have been
used by Rivalan et al. (2005) to estimate breeding return rates
and reproductive effort in leatherback sea turtles, and by
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Barbraud and Weimerskirch (2012) to estimate survival and
breeding success in the Wandering Albatross. However, these
simple-design models have been based on the Cormack–
Jolly–Seber (CJS) model (Cormack, 1964; Jolly, 1965; Seber,
1965; Lebreton et al., 1992), conditioning on first capture
and estimating survival but not population size.

The major innovation in this paper is to estimate abun-
dance and recruitment as well as survival and return times.
Ecologists generally want estimates of population abundance
or density, but models providing them are less tractable than
those above. Schwarz and Arnason (1996) produced a fully
likelihood-based version of the Jolly–Seber (JS) model (Jolly,
1965; Seber, 1965), which estimates abundance, recruitment
and survival. We extend the Jolly–Seber Schwarz–Arnason
(JSSA) model with parameters for transitions between breed-
ing and non-breeding states. By making some plausible as-
sumptions of the types (i)–(iv) above (Kendall and Nichols,
2002), we have been able to produce a suite of feasible,
likelihood-based models which enable us to perform model
selection, to estimate abundance, recruitment, survival and
return time parameters, and to test hypotheses of importance
in modeling the dynamics of the population.

Section 2 gives the model assumptions, formulations and
methods of analysis. The real data example is in Section 3,
and Section 4 contains simulations to evaluate and validate
the chosen models. The discussion is in Section 5, and Web
Appendix A gives details of a potential source of bias in early
abundance estimates.

2. The Models

2.1. Definitions, Assumptions and Parameters

We use the words “breeding” and “animal” throughout,
rather than “spawning” and “fish,” as our methods may well
be applicable to animals other than fish, for example tur-
tles (Nichols et al., 1994; Rivalan et al., 2005), birds (Clobert
et al., 1994; Barbraud and Weimerskirch, 2012) and bats
(Frick, Reynolds and Kunz, 2010).

Let return time be the number of years until next breed-
ing, given the animal has bred this year, and let current
population size be the total population at the time of each
sample (whether breeding or not this year). Recruitment
to the current population occurs at first breeding during the
study, at which time the new recruits are first available for
capture.

There are n distinct animals seen over K capture occa-
sions (samples, years). The data form an n × K capture ma-
trix X, with xij = 1 if animal i is caught in sample (year) j

(j = 1, 2, . . . , K), otherwise xij = 0. The samples are equally
spaced, in our case annually so that Sample 1 is Year 1. We
start with the Jolly–Seber based Schwarz–Arnason (JSSA)
model, and make most of their assumptions—that captures
are independent, capture sessions are instantaneous, and
marks are correctly identified and are not lost. However, the
assumption that all emigration is permanent is relaxed in or-
der to allow for TE. Any loss by permanent emigration is
classed as death, and any entry by immigration is classed as
recruitment to the breeding population. Our models perform
best if there is no immigration (see the discussion, Section 5).

The parameters follow:

JSSA parameters: (with our modifications shown
in boldface)
N = superpopulation size, the number of animals available

for capture (i.e., breeding) at least once during the
study

βj−1 = proportion of N first breeding in the study

(FBIS) at j, (
∑K

j=1
βj−1 = 1)

φj = Pr(survive to j + 1 | alive at j)
pj = Pr(caught at j | alive and breeding at j)
Nj = current population size at sample j (whether breed-

ing or not at j)
Bj−1 = Nβj−1, number FBIS at j

New parameters:
M = maximum number of non-breeding years before either

death or returning to breed, assuming M < K − 1 for
feasible model fitting

τr = Pr(first return to breed in year j + r | breeding at j),

for r = 1, . . . , M + 1, (
∑M+1

r=1
τr = 1)

Rj = number of retirees at sample j, j = 1, . . . , M, with
Rj = 0 if j > M

The retirees are adult individuals still alive in the lake over
early samples, but they do not breed again during the study,
and hence are not included in the superpopulation N. At most
they survive until sample M.

Our basic model uses parameters {N, βj, pj, φj, M, τr},
but the alternative abundance and recruitment parameters Nj

and Bj can replace the N and β parameters via the recursive
relationship

Nj = φj−1Nj−1 + Bj−1 + Rj for j = 2, . . . K with N1 = B0 +R1.

(1)

Setting the maximum M allows the specification of a se-
quence of non-breeding states, giving a first-order Markov
chain. For example if M = 3 there are five states, B for breed-
ing, N1, N2 and N3 for the first, second and third year non-
breeding, and D for dead (Figure 1).

Breeding return times are assumed to depend only on years
since last breeding, and not on calendar time (τr independent
of j), and survival is assumed to be independent of breeding
state, although it may vary temporally. We have thus em-
ployed methods (i) and (iii) proposed by Kendall and Nichols
(2002) for enabling survival and transition probabilities to be
estimated (Section 1).

2.2. Likelihoods

The multinomial likelihood for the parameters (� = {N, β,

φ, p, M, τ}) given the observed data is

L (� | X) ∝ N!

(N − n)!
×

(
n∏

i=1

Li

)
× νN−n (2)

where Li is the likelihood for the ith individual’s capture his-
tory and ν is the probability an animal in the superpopulation
is unseen.
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Figure 1. Branching diagram from breeding B to next breeding or death D, with a maximum of 3 years between successive
breeding years. Conditional annual transitional probabilities are shown on the branches. In this diagram φ is constant over
time, but it could be modified to φy, φy+1, etc.

We distinguish three types of segment in the observed cap-
ture histories:

S, starting segments, up to and including the first cap-
ture; A, alive adult segments, following a capture and up to
and including the next capture; E, ending segments, after the
last capture. These segments have respective probabilities γj,
Pr(first captured at j | animal is in N); αjk, Pr(next seen at
k | seen at j), and; χj, Pr(not seen again | seen at j).

For example, a capture history 0 0 1 0 1 1 0 0 1

0 0 has segments SAAAE as outlined and likelihood
Li = γ3α35α56α69χ9. The following equations for γj, αjk and
χj are more complicated than their counterparts in the
M-array of the CJS model and in the JSSA model, as they
must take account of non-breeding states.

An animal first seen at j may have first bred in the study
at any time up to j, indexed by b = 1, 2, . . . , j. If b < j, it was
breeding but not seen at b. If b < j − 1, there are intermediate
times between b and j when it was either not breeding, or
breeding but not caught. The probability of an animal in the
superpopulation first being seen at j = 4, say, is found by
summing over b = 1, 2, 3, 4:

γ4 = β0(1 − p1)φ1φ2φ3{τ1(1 − p2)τ1(1 − p3)τ1 + τ1(1 − p2)τ2

+ τ2(1 − p3)τ1 + τ3}p4 + β1(1 − p2)φ2φ3{τ1(1 − p3)τ1

+ τ2}p4 + β2(1 − p3)φ3p4 + β3p4 (3)

where the terms in { } sum over all possible intermediate com-
binations of breeding (B) and not breeding (N), for example,
BB,BN,NB,NN in the β0 term.

Note that the probability of not being seen for an animal
in the superpopulation N is

ν = 1 −
K∑

j=1

γj. (4)

The probability for an A segment, αjk = Pr(next seen at k

| seen at j), is given by (for example)

α36 = φ3φ4φ5{τ1(1 − p4)τ1(1 − p5)τ1 + τ1(1 − p4)τ2

+ τ2(1 − p5)τ1 + τ3}p6 (5)

with probability paths in { } similar to those in Equation (3).
The probability for an E segment, χj = Pr(not seen again

| seen at j), is

χj = 1 −
K∑

k=j+1

αjk for j < K, (6)

with χK defined to be 1.
To calculate the log likelihood 	 = log L, we collate the S,

A and E segments from the capture history matrix, giving the
minimal sufficient statistics as the counts

gj , no. S segments with first capture at j (
∑K

j=1
gj = n);

ajk, no. A segments with capture at j and next capture at k,

and; cj, no. E segments with last capture at j (
∑K

j=1
cj = n).
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Then from Equation (2) the multinomial log likelihood is

	 = log N! − log(N − n)! −
K∑

j=1

log gi! −
K−1∑
j=1

K∑
k=j+1

log ajk!

−
K∑

j=1

log cj! +
K∑

j=1

gj log γj +
K−1∑
j=1

K∑
k=j+1

ajk log αjk

+
K∑

j=1

cj log χj + (N − n) log ν, (7)

using Equations (3)–(6) for γj, ν, αjk and χj.

2.3. Model Options

The model specified above is the global model. A range of can-
didate models may be constructed by varying the assumptions
about the basic parameters as follows.

(1) The value of M may be set at different values over 1 to
K − 2. If (say) M = 3 the model is labeled τ(M3).

(2) The parameters φ and/or p may be made constant over
time (labeled φ(c), p(c)) rather than varying from sample
to sample (labeled φ(t), p(t) as in Section 2.1).

(3) The entry proportions β (for FBIS) will include accu-
mulated older animals at samples 1, . . . , M + 1, but from
sample M + 2 onwards only new breeders will be entering
the superpopulation. To check if recruitment is constant
over time, a useful model would have fluctuating βs up
to sample M + 1 followed by constant β (labelled e.g.,
β(t4c) if M = 3), or else constant β up to M + 1 followed
by a lower constant (labelled β(c4c) if M = 3). (Note that
the corresponding JSSA models are special cases of the
return time models, in which breeding occurs every year,
M = 0. Hence for JSSA only β0 is likely to be larger than
later β’s, model β(c1c), as all the accumulated older an-
imals are present and enter the superpopulation at the
first sample.)

A model with β, φ and p all varying over time, and with
M = 3 maximum successive non-breeding years, may be la-
beled {β(t), φ(t), p(t), τ(M3)}; this is a return-time model ex-
tension to the JSSA model {β(t), φ(t), p(t)}. If β is time-
varying for the first three samples and constant there-
after, and φ is constant over time, the model is labeled
{β(t3c), φ(c), p(t), τ(M3)}.

A question of biological importance is whether all animals
are returning at times selected from the same return time
distribution, or whether there is individual heterogeneity
of return time, with some animals on a faster return time
distribution than others. This scenario is biologically relevant
because the ability to acquire sufficient resources to allocate
to future reproduction often varies among individuals (Van
Noordwijk and de Jong, 1986) or over the lifetime on one in-
dividual (e.g., larger or older females breeding more often).
Similarly the amount of resources allocated to reproduction
may differ between females and males. This possible hetero-
geneity may also be of statistical importance, as fitting a ho-
mogeneous model to heterogeneous data may bias abundance

estimates in a manner similar to the underestimation of abun-
dance in JSSA in the presence of unmodeled individual hetero-
geneity of capture. We address this by using a finite mixture
(cf. Pledger, Pollock, and Norris, 2010) to extend the models
above by assuming the animals are in C classes, with each
class having its own probability distribution of return times.
There is now an M + 1 by C matrix of return time proba-
bilities, (τrc). Membership of the classes is unknown, but a
priori any individual has probability πc of belonging in class
c (c = 1, . . . , C,

∑
πc = 1). (After fitting the model, for each

observed individual it is possible to calculate its a posteriori
probabilities of belonging in each class, thus distinguishing
fast and slow breeders. In future work, this will provide use-
ful extra information for biologists investigating reproductive
success.)

A model with individual heterogeneity of return times has
two K × C matrices (γjc) and (χjc) and a K × K × C array
(αjkc). Their values are derived class by class using equations
similar to 3, 5, and 6. The likelihood in Equation 2 has

Li =
C∑

c=1

πcLic and ν = 1 −
C∑

c=1

πc

K∑
j=1

γjc,

where Lic uses the appropriate γ, α and χ parameters for
capture history i and class c.

A model with β constant after three samples, φ constant,
p time-varying, a maximum of three successive non-breeding
years, and heterogeneity with two classes is labeled (say)
{β(t3c), φ(c), p(t), τ(M3H2)}.

The alternative parameterization in Section 2.1 re-
places the N and β parameters with N1, N2, . . . , NK, the
current population size at the time of each sample. This Nj

sequence includes all adult animals, whether or not they are
actually breeding that year. Note that Equations (2)–(7) do
not include the retirees, which are present in the lake at the
early stages but not counted in the superpopulation as they
do not breed again during the study. If Equation (1) is used

omitting Rj, the first M values of N̂j will be underestimates
of the true value of the current (lake plus river) population.
From sample M + 1 onwards the retirees have gone and that
particular source of bias in N̂j is removed. Failure to allow
for retirees, because it underestimates the first few Nj val-
ues, may give rise to an apparent but spurious increase of
estimated population size. An approximate method of esti-
mating the number of retirees and correcting that bias is in
Web Appendix A.

If different groups (e.g., sexes) are known, these models may
be extended to include a group effect in population size, and
survival, capture and return time probabilities. The vectors
of Nj, φj, pj, and τr are extended to matrices Njg, φjg, pjg,
and τrg for groups g = 1, . . . , G. The likelihood becomes the
product of the likelihoods over the different groups.

2.4. Analysis

Model fitting by maximum likelihood estimation (MLE)
yields parameter estimates and their asymptotic standard
errors. Model selection may be effected using an information
criterion such as AIC (Akaike, 1973), AICc (Burnham
and Anderson, 2002) or BIC (Bayes’ information criterion,
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Schwarz, 1978). Also, if one model is a submodel of another,
the two models may be compared using a likelihood ratio test
(LRT). If mixture models are used to allow for individual
heterogeneity of return time, a comparison involving different
numbers of classes has some parameters at the boundary of
the parameters space. The LRT becomes non-standard but
the tests are still possible (Self and Liang, 1987; Pledger,
2000).

We used “optim” in R (Version 2.12.1, R Development
Core Team, 2010) to maximize the likelihood in Equation (7).
For each possible M value, M was fixed in advance, and
the input parameters were the transformed basic parame-
ters, log N and the logits of parameters βj, φj, pj and τr

(subject to
∑

βj = 1 and
∑

τr = 1). Equations (3) to (6)
were used within the likelihood evaluation. Approximate
asymmetric 95% confidence intervals were obtained by
back-transforming from the endpoints of symmetric Wald
intervals (±z × S.E.) on the log or logit scale (with using
standard errors from the hessian matrix). The R code,
sample data and instructions for use are provided in Web
Suuplementary Materials and on the first author’s website:
http://www.victoria.ac.nz/smsor/about/staff/shirley-

pledger in the personal home page link.

3. Example

The lake sturgeon (Acipenser fulvescens) population in Black
Lake, Michigan, USA has been the subject of ongoing study
since 1997 (Baker and Borgeson, 1999; Smith and Baker, 2005;
Forsythe et al., 2012). The population is closed to immigra-
tion by dams. Because of the lack of breeding habitats in
the system, adults only breed in one tributary (Black River)
which is shallow enough to allow access to all breeding adults
annually. Lake sturgeon spend most of their life in Black Lake
(∼3,000 ha) but adults ascend the Black River to congregate
and breed in spring (April–June). A detailed description of
Black Lake and Black River can be found in Baker and Borge-
son (1999) and Smith and Baker (2005).

Since 2001 breeding lake sturgeon have been sampled an-
nually in the Black River. Breeding fish were captured using
long-handled dip nets by personnel wading the river begin-
ning at the upstream-most end of the breeding habitat and
continuing to the downstream end of the breeding habitat;
approximately 1.5 km of river. The breeding habitat was sur-
veyed at least once daily and often several times each day dur-
ing the breeding season. Lake sturgeon were easy to observe
and capture in the breeding habitat and a capture attempt
was made each time a lake sturgeon was observed. All cap-
tured lake sturgeon were tagged with a uniquely numbered
passive integrated transponder (PIT) tag when initially cap-
tured and PIT tag numbers were recorded for all recaptured
animals over the course of the study. Each breeding season
was treated as a single sampling event because individual fish
spend only a few days in the breeding habitat in any year.
This resulted in eleven sampling occasions (years).

Data were collected from 356 unique females and 539
unique males. Because lake sturgeon spawn intermittently
with an average interspawning interval of 2.3 years for males
and 3.7 years for females (Forsythe et al. 2012), the total num-
ber of captures recorded for males was 1,370 and for females
was 508 over the 11 year study period.

In this study for females we set τ1 = 0, as no females were
recorded breeding in successive years, and so no information
was available to estimate τ1. Assuming τ1 = 0 for females is
biologically reasonable, as lake sturgeon females are known to
spawn intermittently at intervals of 2–5 years (Forsythe et al.,
2012).

3.1. Model Selection Results

Since combined models with grouping by sex showed big dif-
ferences except in survival probability, we present here two
separate analyses. If we wish to avoid overfitting BIC may
be used, as this criterion tends to select simpler models than
AIC when the data sets are large. This reduces the num-
ber of statistically-detected effects which are difficult to in-
terpret biologically. For each sex, we fitted a global model
{β(t), φ(t), p(t), τ(M)} with M at its maximum of K − 2 = 9.
Then M was reduced in steps to zero, and a reference model
was selected using BIC (M = 3 for females and M = 2 for
males). (If M = 0 the model reduces to the JSSA model
{β(t), φ(t), p(t)}, with animals breeding every year.) Starting
from the reference model, candidate models were constructed
by making β, φ and/or p constant, and trying individual het-
erogeneity of return times. The eight best BIC-selected mod-
els for each sex are shown in Table 1, followed by the reference
model and the JSSA model for comparison. For males, AICc
gave the same model selection as BIC, while for females AICc
failed to distinguish clearly among the best few models but
gave similar model selection to BIC.

For females the BIC-selected model was {β(c3c), φ(c),
p(c), τ(M3)}. There was little evidence for more than three
successive non-breeding years, for time-dependent entry, sur-
vival or capture probabilities, or for individual heterogeneity
of return times. With at most M = 3 successive years with-
out breeding, during the first four samples both older breeders
first breeding during the study and new recruits were entering
the superpopulation. After this only new breeders (recruits)
were entering, and this was constant over time. Model β(c3c)
was actually chosen in preference to β(c4c), probably because
very few adult females spent the first 3 years not breeding.

For males there was little evidence for more than two
successive non-breeding years (M = 2), and variable capture
probability over time was detected. Over the first 3 years both
older breeders and new recruits were entering the superpop-
ulation, but from year 4 onwards there was constant recruit-
ment to the breeding population. There was strong evidence
of individual heterogeneity of return times, with the popula-
tion including a mix of slow and fast breeders. This suggests
that in the data matrix, the A segments were not randomly al-
located over the individuals, but some fish specialized in short
A segments, while others had longer ones. The finite mixture
approach provides for each male the post-hoc probabilities of
being in the fast- or slow-breeding group.

For both sexes the JSSA model and its variants with con-
stant β, φ, and/or p were fitted, to ascertain if the data could
have arisen from populations which breed every year (M = 0).
For females, all the JSSA models had BIC at least 107 higher
than all the return-time models, and for males all JSSA mod-
els had BIC at least 45 higher than return-time models. We
also noticed that the JSSA models were giving higher N esti-
mates than the return-time models, which raised the question
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Table 1
The best eight models for females and males, sorted by BIC, followed by the reference model {β(t), φ(t), p(t), τ(M)} (M = 3
for females, M = 2 for males) and the JSSA model (M = 0) for comparison. BIC has a stronger penalty against too many

parameters. Model selection is more clearcut for males, because of the larger data set

Sex β φ p τ Max. 	 No. par. Rel. AICc Rel. BIC

Females c3c c c M3 −1734.1 6 2.8 0.0
t3c c c M3 −1733.3 8 6.2 7.1
t4c c c M3 −1731.4 9 5.0 7.7
c3c c t M3 −1721.2 15 1.8 13.4
t c c M3 −1721.5 15 2.4 14.0
t c c M3H2 −1715.3 18 0.0 14.7
t c c M4 −1721.5 16 5.7 18.4

c4c c t M3 −1724.5 15 8.4 20.0
t t t M3 (ref.) −1717.2 32 67.9 79.2
t t t M0 (JSSA) −1814.1 30 250.1 264.3

Males c2c c t M2H2 −5592.8 18 0.0 0.0
c1c c t M2H2 −5605.2 18 24.8 24.8
c2c c t M2 −5659.0 15 125.4 116.5
c2c c c M2 −5684.3 6 155.7 119.0
t2c c c M2 −5683.1 7 155.6 122.1
c1c c t M2 −5662.9 15 133.0 124.1
t3c c c M2 −5682.8 8 157.0 126.7
c1c c c M2 −5688.9 6 165.0 128.3
t t t M2 (ref.) −5651.9 32 154.9 192.9
t t t M0 (JSSA) −5706.6 30 258.5 291.5

of bias in the abundance estimates with each type of model.
This was investigated by simulation (Section 4).

3.2. Parameter Estimates

Estimates of the parameters from the selected model are
shown in Table 2.

Fitting the models for a single population with two groups
(sexes) showed that females and males had the same high
annual survival probabilities, while males had higher and
more variable capture probabilities. The return times were
markedly different between the sexes, with 91% of males re-
turning to breed within 1 or 2 years, compared with only 12%
of females.

From the alternative parameterization, the estimated cur-
rent population size Nj for j = 1, . . . , 11 is shown in Figure 2.
An increasing abundance is apparent.

For each sex, using the parameter estimates obtained from
the chosen model and the methods in the Web Appendix A,

the number of retirees was estimated and included in the es-
timates Nj of current breeding population size. There were
fewer than ten retirees for each sex, as the high survival rates
ensured most animals in the breeding population at the start
of the study would survive to breed again, rather than die.
This adjustment is only possible with a moderately stable
population and no immigration (see Web Appendix A).

The rapid increase in lake sturgeon abundance over the
period of study (Figure 2, confirmed in Section 4.4) was
unexpected given the low rate of natural recruitment which
is characteristic of the species biology. However, from 1982
to 88 11,512 lake sturgeon were stocked in Black Lake. A
gillnet survey conducted in 1997 documented that immature
stocked fish represented about 50% of the population (Baker
and Borgeson, 1999). Stocked fish are presently reaching
sexual maturity and recruiting into the spawning population
at a rate much higher than natural recruitment observed for
the species (Bruch, 1999). Therefore, the rapid increase in

Table 2
Parameter estimates and 95% confidence intervals using the best model for each sex. Confidence intervals are narrower for
males, because of more data. Capture probability was constant for females, while for males p̂j ranged from 0.374 to 0.724

over the 11 samples

Parameter Females Males

Superpopulation N 508 (465,555) 610 (588,634)
Survival φ 0.980 (0.874,0.997) 0.977 (0.962,0.987)
Capture probability p 0.399 (0.317,0.487) Mean(p̂j) = 0.553
Return time probabilities τ1 — 0.9999 0.1377

τ2 0.119 0.0001 0.6348
τ3 0.568 0.0000 0.2275
τ4 0.312 (16%) (84%)
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Figure 2. Abundance estimates (N̂j) and 95% confidence bands for female and male lake sturgeon over years 2001–2011.
The confidence intervals are asymmetric as they were back-transformed from symmetric intervals on the log scale. The first
two estimates for males and the first three for females are underestimates, as they do not include the retirees. However, the
number of retirees is very small for both sexes.

abundance is largely attributed to the population’s stocking
history.

3.3. Sensitivity of Abundance Estimates to Model
Selection

We checked the superpopulation abundance estimates to find
if they are sensitive to the exact choice of model. The point es-
timates and 95% confidence intervals for N, from both return-
time models and JSSA models, are plotted in Figure 3.

For both sexes, the point estimates and 95% confidence in-
tervals for N were similar over the different return-time mod-

els, indicating that as far as abundance estimation is con-
cerned, the exact choice of return-time model was not im-
portant. The males’ data set showed that although there was
strong individual heterogeneity in the return times, the abun-
dance estimates were similar to those for the homogeneous
model. However, an important finding was that abundance
estimates were highly sensitive to return-time versus JSSA
models, with N̂ being distinctly lower if return times were
modeled. This had a flow-on effect on all the Nj estimates;
the same pattern of overestimation by JSSA occurs through-
out the current population estimates, giving estimated profiles
through time which are systematically above the true profiles.
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Figure 3. Superpopulation N point estimates and 95% confidence intervals for (a) females and (b) males using return-time
and JSSA models. Models with lowest BIC are best, and all the return-time models were preferred to all the JSSA models.
For males, individual heterogeneity of return times is selected, while for females the heterogeneous models were embedded
among the homogeneous ones. For both sexes, the JSSA models give higher N estimates.
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3.4. Goodness of Fit

We evaluated the goodness of fit of the selected models using
a Pearson’s χ2 test on the counts ajk and cj. (Inclusion of
the first-capture counts was not possible as N is unknown.)
Expected values were calculated using estimated parameters
from the fitted model, with a loss of one degree of freedom
for each estimated parameter. Minimal pooling of adjacent
cells was done to bring all expected values up to at least
five. For females a good fit was found (χ2 = 11.048, 15 df,
p = 0.7492). Males showed a poorer fit (χ2 = 54.304, 37 df,
p = 0.0330). With larger counts in the males’ data set, there
was substantially less pooling, giving the lower p value; we
note that large data sets generally lead to rejection with
these goodness-of-fit tests.

4. Simulation

4.1. Procedures

We ran simulations in order to evaluate (i) the model selection
procedure, (ii) the estimation of abundance of the superpop-
ulation N, and (iii) the estimation of return times.

For each sex we generated two sets of data matrices over
K = 11 years, 100 populations with homogeneous return times
and 100 with individual heterogeneity. All parameter settings
approximated the estimates from the sturgeon data. Con-
stant φ and p were used; females had N = 500, M = 3 and
τ1 = 0, while males had N = 600 and M = 2. Females had
model β(c3c) with β0 to β2 = 0.15 and β3 to β10 = 0.55/8,
and males had β(c2c) with β0 and β1 = 0.2 and β2 to β10 =
0.6/9. The females’ τ inputs (from the sturgeon analysis) were
(0.000, 0.119, 0.568, 0.313) for the homogeneous case. Since
the females did not exhibit heterogeneity of return times, we
made an arbitrary choice of heterogeneous return time param-
eters for data generation: we chose (0.000, 0.200, 0.568, 0.232)
for fast return times and (0.000, 0.038, 0.568, 0.394) for slow
returns, and during simulation each female was assigned
fast or slow return with probability 0.5 each. These re-
turn times average out to match the homogeneous case. For
males, the heterogeneous return times came from the sturgeon
analysis, with 16% fast returns, τ = (0.9998, 0.0001, 0.0001)
and 84% slow, τ = (0.1377, 0.6348, 0.2275). Homogeneous re-
turn times were generated using the weighted average, τ =
(0.275636, 0.533248, 0.191116).

Analyses used models with the chosen input value of M

and with φ and p constant, so that any wrong model selection
or biased estimates could be attributed to wrong modeling of
τ. Three analysis models were fitted for each generated data
set, one with homogeneous τ, one with heterogeneous τ, and
one ignoring return times (the JSSA model with constant φ

and p).

4.2. Model Selection Results

Model selection by AICc gave the following results, with sim-
ilar results from using BIC.

For females, 100 data sets generated with homogeneous re-
turn times had the correct model selected every time. Data
generated with heterogeneous return times had the homoge-
neous model selected 95 times, the heterogeneous model once,
and the JSSA model four times. Failure to detect the hetero-
geneity was presumably caused by setting the amount of het-

erogeneity too low; this amount was an arbitrary choice since
we had no actual heterogeneity from the true data to guide us.

For males, data sets generated from homogeneous return
times had the correct model selected 95 times and JSSA five
times. Generation from heterogeneous return times led to cor-
rect model selection 95 times and JSSA selection five times.
The correct choice between homogeneous and heterogeneous
return times was driven by the high level of heterogeneity
found in the sturgeon data, which was used in the data genera-
tion. Since males have shorter return times than females, they
are nearer to satisfying the JSSA model assumptions, which
is reflected in the higher numbers where JSSA was chosen.

4.3. Parameter Estimation Results

Table 3 shows the input and estimated values of parameters
under the different scenaria. Results from the JSSA model
{β(t), φ(c), p(c)} are shown, but the other seven JSSA mod-
els with β(c1c), φ(t) and/or p(t) gave closely similar output.
The percentage relative bias is 100 × (θ̂ − θ)/θ for each in-
put parameter θ, where θ̂ is the mean estimate over 100 sim-
ulated populations. For the heterogeneous analysis models,
the tau estimates quoted are the averages over the groups,
τ̂r = ∑2

g=1
π̂gτ̂rg.

Bias in N̂ and the other parameters was very small when
data were analyzed by the correct model (Table 3). For the
males, analysis of heterogeneous τ data by the homogeneous
τ model gave poor estimates of the return times averaged over
the heterogeneity groups. However, in Section 4.2 it was seen
that the homogeneous model was never chosen in the face
of such extreme heterogeneity. There was no corresponding
“wrong model” bias when a heterogeneous model was used
on homogeneous data. The JSSA model overestimated N and
underestimated p when applied to return-time data, to the
extent that for both sexes and both types of data generation,
all 100 N̂ values were above the input value. The percentage
relative bias was higher for females, who have longer return
times than males. Shorter return times give a better approx-
imation to the JSSA model assumptions, which presumably
renders the bias in N̂ less severe. In Section 4.2, JSSA was
sometimes chosen in preference to return time models, sug-
gesting that a useful strategy could be to use return time
models anyway, regardless of the AIC or BIC criteria, if the
two models give substantially different estimates of N.

The JSSA model’s overestimation of abundance is of
particular concern. If there is unmodeled Markovian non-
breeding, and return-time models are not included in the
candidate set, fitting the JSSA-type models alone will
overestimate abundance.

4.4. Current Population Trends

Since both female and male sturgeon analyses showed increas-
ing current population size estimates (Figure 2), we investi-
gated the possibility that some biases in Nj estimates might
induce a trend when none occurred. We simulated 100 popu-
lations from the estimated parameters for each group, female
and male, and found that the expected values of N̂j matched
the inputs. This confirmed that the increases in the popula-
tions were real, and not artefacts of the model fitting process.
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Table 3
Estimated parameters from simulations, where “hom” and “het” represent models with homogeneous and heterogeneous
return times respectively. Mean, standard deviation and percent relative bias of estimates are taken over 100 simulated
populations. Heterogeneous models show each τr averaged over the groups (with the estimated relative weightings). For

females, τ1 = 0

Hom. generating model Het. generating model
Input Analysis

Sex parameter model Mean SD Bias Mean SD Bias

Female N = 500 Hom 496.7 26.9 −0.7 500.6 23.7 0.1
Het 497.4 27.2 −0.5 501.8 24.3 0.4
JSSA 651.0 67.8 30.2 707.1 75.5 41.4

φ = 0.980 Hom 0.992 0.012 1.2 0.990 0.015 1.0
Het 0.991 0.012 1.1 0.990 0.015 1.0
JSSA 1.000 0.000 2.0 1.000 0.000 2.0

p = 0.399 Hom 0.418 0.041 4.8 0.417 0.042 4.5
Het 0.418 0.041 4.8 0.415 0.042 4.0
JSSA 0.110 0.003 −72.4 0.106 0.003 −73.4

τ2 = 0.119 Hom 0.122 0.021 2.5 0.122 0.023 2.5
Het 0.120 0.021 0.8 0.118 0.024 0.8

τ3 = 0.568 Hom 0.562 0.039 −1.1 0.564 0.040 −0.7
Het 0.561 0.040 −1.2 0.566 0.042 −0.4

τ4 = 0.313 Hom 0.316 0.035 1.0 0.314 0.038 0.3
Het 0.318 0.036 1.6 0.316 0.041 1.0

Male N = 600 Hom 600.5 10.6 0.1 595.7 9.9 0.7
Het 600.7 10.9 0.1 598.7 9.6 0.2
JSSA 634.9 12.2 5.8 643.0 11.3 7.2

φ = 0.977 Hom 0.998 0.002 2.1 0.996 0.003 1.9
Het 0.999 0.001 2.3 0.998 0.002 2.1
JSSA 1.000 0.000 2.4 1.000 0.000 2.4

p = 0.553 Hom 0.556 0.023 0.5 0.549 0.030 −0.7
Het 0.544 0.023 −1.6 0.560 0.020 1.3
JSSA 0.281 0.001 −49.2 0.292 0.001 −28.9

τ1 = 0.276 Hom 0.275 0.022 −0.4 0.373 0.042 35.1
Het 0.276 0.023 0.0 0.277 0.025 0.4

τ2 = 0.533 Hom 0.532 0.024 −0.2 0.529 0.028 −0.8
Het 0.533 0.024 0.0 0.535 0.023 0.4

τ3 = 0.191 Hom 0.193 0.029 1.0 0.097 0.042 −49.2
Het 0.197 0.031 3.1 0.189 0.023 −1.0

5. Discussion
We have proposed TE models which extend the JSSA models
to allow for Markovian return times. This type of TE is de-
tectable purely from the capture matrix, although there will
often be biological knowledge to suggest such a mechanism
is occurring. Our models may be used for studies where the
robust design cannot be implemented, or for historical data
sets where only the simple JS design was chosen.

In our example, without using any biological information
about the species, we have a clear message that the return-
time models are better. The group with the longer return
times (females) had the strongest evidence for selecting a
return-time model rather than a JSSA model.

We found that using a JSSA model in the presence of long-
term Markovian TE gave overestimation of the population
size. This bias is more marked with females, with their longer
return times. Overestimation of abundance could have serious
consequences when setting management policy for endangered
populations or harvesting quotas for exploited populations.

In retrospect, it is understandable that the JSSA models
overestimate abundance in the presence of breeding absences.
On each occasion j, pj is underestimated, as JSSA assumes
all animals are present when in fact some are absent and un-
available for capture. An average capture probability for those
present and absent is estimated. Underestimation of pj leads
to overestimation of Nj. A feature of these return-time cap-
ture matrices is that interior 1’s (between the first and last
capture of each animal) are not randomly spaced—for exam-
ple, with the sturgeon females, there are never two captures in
adjacent years (Forsythe et al., 2012). A randomization test
could be constructed to test for the presence of this pattern.

We made the biologically plausible assumption that there
is a maximum M to the number of years of non-breeding be-
fore either dying or returning to breed. As long as M < K − 1
we may compare models for varying M, using AIC or BIC
to decide the value of M. However for precise parameter es-
timates the duration of the study should preferably be sub-
stantially longer than the maximum return time. If there is no
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immigration (as in the isolated population of our example),
the current population estimates fall into two categories, the
early samples (1 to M + 1) in which substantial numbers are
entering the superpopulation (as they reach their first breed-
ing during the study, FBIS), followed by later samples with
new entrants restricted to new breeders. An assumption of
approximate stability of the population allows us to estimate
numbers of retirees, giving adjustments to the negative bias
in Nj over the first M samples. If there is immigration, or the
population is unstable, no such adjustments are available.

Our models have the potential to include individual het-
erogeneity of survival as well as return time. Finding two
groups, one with high survival and slow return time, and the
other with low survival but faster return time, could indicate
a payoff in total reproductive output over a lifetime, with two
competing strategies. However, for long-lived animals, a long-
term data set would be needed, covering at least the typical
lifetime.

Another potential development would be to combine these
models with the age-structured models of Pledger et al.
(2009), to determine if the expected return time changes as
the animal ages.

6. Supplementary Materials

Web Appendix A referenced in Sections 1, 2.3, 2.4 and 3.2 is
available with this paper at the Biometrics Website on Wiley
Online Library.

Also available is a zip file JSreturn.zip containing R code,
examples and instructions for fitting these JSreturn models.
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