Methods in Ecology and Evolution 2013, 4, 846–853

doi: 10.1111/2041-210X.12059

Apparent survival estimation from continuous mark–
recapture/resighting data
 M. Ponciano2 and Kai Lorenzen1
Andrew B. Barbour1*, Jose
1

School of Forest Resources and Conservation, Program of Fisheries and Aquatic Sciences, University of Florida, 7922 NW
71st Street, Gainesville, FL, 32653, USA; and 2Department of Biology, University of Florida, Gainesville, FL 32611, USA

Summary
1. The recent expansion of continuous-resighting telemetry methods (e.g. acoustic receivers, PIT tag antennae)
has created a class of ecological data not well suited for traditional mark–recapture statistics. Estimating survival
when continuous recapture data is available ensues a practical problem, because classical capture–recapture
models were derived under a discrete sampling scheme that assumes sampling events are instantaneous with
respect to the interval between events.
2. To investigate the use of continuous data in survival analysis, we conducted a model structure adequacy simulation that tested the Cormack–Jolly–Seber (CJS) and Barker joint data survival estimation models, which
mainly diﬀer through the Barker’s inclusion of secondary period information. We simulated a population in
which survival and detection occurred as a near continuous (daily) process and collapsed detection information
into monthly sampling bins for survival estimation.
3. While both models performed well when survival was time-independent, the CJS was substantially biased for
low survival values and time-dependent conditions. Additionally, unlike the CJS, the Barker model consistently
performed well over multiple sample sizes (number of marked individuals). However, the high number of parameters in the Barker model led to convergence diﬃculties, resulting in a need for an alternative optimization
method (simulated annealing).
4. We recommend the use of the Barker model when using continuous data for survival analysis, because it outperformed the CJS over a biologically reasonable range of potential parameter values. However, the practical difﬁculty of implementing the Barker model combined with its shortcomings during two simulations leaves room
for the speciﬁcation of novel statistical methods tailored speciﬁcally for continuous mark–resighting data.
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Introduction
Reliable biological inferences about the processes driving
survival of individuals in a population depend on the proper
formulation of stochastic process models that are confronted
with capture–recapture/resighting data. Such models translate fundamental biological questions into testable hypotheses that further our understanding of the system of interest
(Cohen 2004; Gimenez et al. 2007). When such models
are inappropriately formulated, bias caused by structural
errors can lead to unreliable statistical inferences (Pradel &
Sanz-Aguilar 2012).
For capture–recapture/resighting data, formulation of an
appropriate stochastic process model requires consideration
of the structure of the data collected (e.g. discrete vs. continuous sampling events), the type of data collected (e.g.
recapture, resighting or dead recovery) and the biological
characteristics of the study system (e.g. open vs. closed
populations). For example, multiple models have been
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developed to estimate survival from open populations when
using discrete-resighting data (Hightower, Jackson &
Pollock 2001; McClintock & White 2009; Johnson et al.
2010) or discrete-recapture data (Lebreton et al. 1992). The
recent expansion of continuous-resighting telemetry methods
(e.g. acoustic receivers, PIT tag antennae; Heupel & Simpfendorfer 2002; Barbour & Adams 2012) has created a class
of ecological data not well suited for standard statistical
methods when fates are unknown (Kie et al. 2010). Without
an investigation of proper model formulation, the information contained in this data will not be fully harnessed, and
statistical inferences may be weak or misleading (Strong
et al. 1999).
Several previous survival studies using continuousresighting data collapsed continuous resightings into discretetime intervals and applied existing discrete-time models. For
example, Heupel & Simpfendorfer (2002) applied Hightower,
Jackson & Pollock (2001)’s discrete-time model to continuousresighting data by collapsing resightings into weekly sampling
bins. Similarly, Adams et al. (2006) collapsed continuousresighting data into weekly intervals and estimated apparent
survival with the discrete Cormack–Jolly–Seber (CJS) model.
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During a multiyear study, Cameron et al. (1999) collapsed
4 months (November through February) of continuous resightings into a single encounter occasion labelled as January 1st
each year and then estimated annual survival with a discrete
multistate model. Hewitt et al. (2010) took a similar approach,
but used a discrete CJS model.
The use of continuous data in discrete-time models violates
the assumption that sampling occasions are instantaneous with
respect to the interval between periods (e.g. a cohort is marked
in a single day, a prolonged period of time elapses [e.g. a
month], then a subsequent capture–recapture event occurs
over a single day; Pollock et al. 1990). Some studies have recognized and accounted for this issue (Barbour, Boucek &
Adams 2012a; Bowerman & Budy 2012; Ruiz-Gutierrez et al.
2012; Mintzer et al. 2013), but it is unknown how violating this
assumption biases survival probabilities in studies that have
not. Here, we explore this issue by simulating a population of
marked individuals that are resighted on a relatively continuous (daily) basis and collapsing these ‘continuous’ resightings
into discrete-time bins. We then estimate the known survival
values with two survival estimation models to determine
whether a model currently exists that is appropriate for
estimating survival from continuous resightings.

Materials and methods
MODEL STRUCTURE ADEQUACY

We used a model structure adequacy (MSA) approach (Taper, Staples
& Shepard 2008) to test whether two survival estimation models could
be used for unbiased estimation of survival from continuous-resighting
data. MSA selects models based on their ability to answer speciﬁc scientiﬁc questions given the current understanding of the relevant aspects
of the real world. Under the MSA approach, a mechanistic simulation
model is created to represent the underlying process of interest, and
candidate models are used to estimate/predict the relevant metric from
simulated data. This allows investigation of two types of error in the
tested models: structural (errors of approximation) and estimation
(uncertainty in parameter estimates; Taper, Staples & Shepard 2008).
In addition to these error types, the MSA approach itself is subject to a
third type of error. Formulation error occurs due to diﬀerences
between the mechanistic simulation model and the true underlying
processes.
Accordingly, we formulated a mechanistic simulation model of a
marked population in which individual survival and detection occurred
as a near continuous (daily) process. We then generated data sets from
the simulation model using a range of parameter values that fully
encompassed biologically plausible conditions. For each of the scenarios, we tested the ability of two estimation models (CJS and Barker
joint data) to recover the basic properties of the survival parameter. We
iterated this process for each parameter set 100 times. We evaluated
structural error by calculating relative bias and per cent coverage of
survival estimates from each estimation model after simulating populations from multiple known parameter values. We assessed estimation
error in a second simulation by varying the number of marked individuals in the simulated population. Finally, to evaluate the robustness of
the model inferences to unavoidable formulation errors, we added an
additional biological process, a severe disturbance event, in a third
simulation.

SURVIVAL ESTIMATION MODELS

We employed two survival estimation models, the CJS (Lebreton et al.
1992) and the Barker joint data (Barker 1997, 1999). The CJS model
assumes sampling periods that are instantaneous compared to the
interval between sampling events (Pollock et al. 1990). In comparison,
the Barker model is composed of both instantaneous primary periods
(i and i + x) and continuous secondary periods (i, i + x), with secondary periods being the interval (x) between primary periods (Fig. 1).
During primary periods, individuals are captured and recaptured in an
identical fashion to the CJS approach. However, secondary periods
occur between marking periods and allow marked individuals to be
resighted alive or dead on a continuous basis.
The CJS model estimates two parameters: (1) survival, estimated as
either apparent survival (Φ; survival confounded by emigration) when
emigration occurs and true survival (s) when emigration does not occur
and (2) recapture probability (p). The Barker model estimates seven
parameters due to the additional information from continuous secondary periods (Table 1). The Barker model estimates true survival (s)
when secondary periods are conducted over the entire range of a
marked population or when emigration does not occur, and Φ otherwise. Our simulation models did not include emigration; therefore, all
survival estimates will hereafter be referred to as s.

SIMULATION 1: STRUCTURAL ERROR

To simulate the use of continuous data for discrete survival estimation,
we simulated a population that survived/died and was detected/not
detected on a daily basis and collapsed these daily detections into
monthly sampling bins. We assumed a system closed to emigration in
which all individuals were marked during the ﬁrst day with no tagging
mortality. Therefore, static parameters (those held constant over all
iterations) included the number of marked individuals (n = 1000) and
the number of days for the simulation (d = 180). The variable parameters (those we altered between iterations) of the simulation model were
limited to true monthly survival (sm) and true monthly recapture probability (pm). To fully encompass the biologically plausible range of
parameter values, we created simulation models using 50 known sm (a

Fig. 1. Schematic diagram of primary and secondary sampling periods
for the Cormack–Jolly–Seber and Barker joint data models. Primary
sampling periods are denoted by i, i + 1, etc. and end in all simulations
at month m = 6. The Barker model includes secondary sampling
information, which consists of the open interval between primary periods. Here, we used even intervals of length x = 1; however, uneven
intervals, and intervals not equal to 1, could be used.
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Table 1. Barker joint data model parameter deﬁnitions in program MARK
Parameter

Deﬁnition

si
pi
ri
Ri
R0i
Fi
F0i

The probability that an animal alive at i is alive at i + 1
The probability that an animal at risk of recapture at i is recaptured at i
The probability that an animal dies in i, i + 1 is found dead
The probability an animal that survives from i to i + 1 is resighted (alive) sometime between i and i + 1
The probability an animal that dies in i, i + 1 without being found dead is resighted alive in i, i + 1 before it died
The probability that an animal at risk of recapture at i is at risk of recapture at i + 1
The probability that an animal not at risk of recapture at i is at risk of recapture at i + 1 (this deﬁnition diﬀers from Barker (1997) in
order to force probability driven internal constraints; White & Burnham 1999)

sequence from 05 to 10) and 50 known pm (a sequence from 002 to
10) values. This resulted in 2500 variable parameter combinations.
We constructed the mechanistic simulation model (Appendix S1) in
the program R (R Development Core Team 2011). For each individual,
we conducted a Bernoulli trial (a binomial ‘coin ﬂip’) each day to determine whether the individual survived or died with a daily survival probability (sd) of eqn 1:
:
sd ¼ sð1=30Þ
m

eqn 1

Each day an individual survived, a second Bernoulli trial was conducted to determine whether the individual was detected. To convert
monthly recapture probability to daily recapture probability (pd), we
calculated the daily probability of not being recaptured and subtracted
this value from one, eqn 2:
pd ¼ 1  ð1  pm Þð1=30Þ :

eqn 2

The recapture probability needs to be computed this way since there
are many possible combinations for an individual to be detected at least
once in a given month, but there is only one possible way to not be
recaptured. Subtracting the probability of nondetection from one
accounted for all possible recapture combinations.
After running the mechanistic simulation model (Appendix S1) for a
given variable parameter set, we collapsed daily detections into
monthly bins (m = 6), in which individuals were either detected or not,
to create capture histories for each individual. For the CJS, these
monthly bins represented primary periods, but were used as the secondary periods in the Barker. For the Barker model, we set the capture history values in all primary periods, with the exception of the tagging
event, to zero. We created capture histories for the CJS by two methods. In the ﬁrst method, which mirrored Adams et al. (2006), we collapsed daily detections into 6 monthly bins as described above,
meaning the tagging event was included in the ﬁrst month of detections.
We left all time intervals as the default length of one. In the second
method, we set the marking event as an independent primary event,
thereby creating a seventh bin (six intervals) in the capture history.
When using the second method, we adjusted for uneven time intervals
within the RMARK package (Laake & Rexstad 2008) for R. Using the
midpoint of each resighting month as our reference point, we set the
ﬁrst interval (between marking and the ﬁrst resighting month) to equal
a length of 05 months. Thus, each subsequent time interval occurred
between the midpoints of the resighting months and was of length 10.
Since shorter-term survival estimates may be of interest in certain
studies, we ran a separate simulation using 10-day bins, instead of 30day bins. We created capture histories for the CJS by the second
method, treating the marking event separately from resighting information.
We estimated survival with the CJS and Barker models using
program MARK (White & Burnham 1999) accessed by the RMARK

package (Laake & Rexstad 2008). For the Barker model, we ﬁxed
F at ‘1’ and F’ at ‘0’ as no emigration occurred, and we ﬁxed p
and r to ‘0’ since no recapture occurred during primary periods,
and we did not simulate dead recoveries (parameter deﬁnitions in
Table 1). The simulations did not include time variability in survival or recapture probability; therefore, we used time-independent
estimates for s, R and R’ in the Barker, and s and p in the CJS
estimation model.
We ran the mechanistic simulation model 100 times for each of the
2500 variable parameter combinations, resulting in 250 000 total iterations. For each iteration, we computed the relative departure of the estimated survival from the true survival as, eqn 3:
Relative departure ¼ ð^
sm  sm Þ  s1
m :

eqn 3

The relative bias was then estimated as the average over all iterations of
these relative departures for a given variable parameter combination.
Additionally, we quantiﬁed per cent coverage by counting the number
of successful iterations per variable parameter set in which the true
value for sm was included in an estimation model’s 95% conﬁdence
interval of s^m . For the full simulation run (all 250 000 iterations), we
ﬁrst used the default Newton–Raphson optimization method in program MARK, and then reran the full simulation with an alternative
optimization method (simulated annealing) for the Barker model since
this model failed to converge in multiple instances.

SIMULATION 2: ESTIMATION ERROR

We repeated simulation one with two alterations to the mechanistic
simulation model. First, we ﬁxed the variable parameters (sm and pm)
to a value of 09, as these values approximated initial estimates from
a known study system (Barbour, Boucek & Adams 2012a; Barbour
et al. 2012b). Second, we made the number of marked individuals
(n) a variable parameter, with values ranging from n = 50 to
n = 1000 by increments of 50. We then reran the simulation as previously described and iterated the simulation 1000 times for each n
value while using simulated annealing for optimization with the
Barker and the second method of capture history creation for the
CJS. We determined per cent coverage and estimated relative bias of
survival at each n value for each estimation model in identical fashion to simulation one. Besides computing the relative bias as the
average, relative departure from the true survival probability, we
kept track of the 25 and 975 percentiles of the distribution of these
relative departures.
To address coverage issues with the CJS, we conducted a parallel
simulation that used parametric bootstrapping to create conﬁdence
intervals. For n = 200 and 500, we repeated the prior simulation for the
CJS for 500 iterations, but used the results of each iteration to run 1000
bootstrapped simulations. We used the 25 and 975 percentiles of
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SIMULATION 3: FORMULATION ERROR

To determine the ability of the estimation models to account for additional biological complexity in the form of a disturbance event, we
altered the mechanistic simulation model to include a month of low survival. First, we ﬁxed sm to 090 and pm to 090 and maintained
n = 1000. Then, for the third month of the simulation (days 61–90), we
lowered sm to 030 to represent a severe disturbance event.
We created two model structures to account for the disturbance
event, and we used them to estimate survival using the CJS and Barker
models. The ﬁrst model structure allowed for full time dependence with
respect to survival, sm(t). Our second model structure, sm(d), represented the truth-generating process, the mechanistic simulation model.
In this model, sm for the disturbance month was estimated separately
from the other, time-independent sm periods. For all estimation models,
the other parameters were calculated in identical fashion to simulation
one.
We iterated this simulation 1000 times and used simulated annealing for optimization with the Barker and the second method of capture history creation for the CJS. We selected the most parsimonious
model structure for each estimation model after each iteration by
identifying the model with the minimum Akaike’s Information Criterion (AIC; Akaike 1973) score. Generally, models with DAIC values < 2 have substantial support, and models with DAIC > 10 have
no support (Burnham & Anderson 2004). We then summarized and
plotted the simulated distribution of the ML survival estimates.
Finally, we determined the per cent coverage as the number of
successful iterations during which the 95% conﬁdence interval of ^sm
for the given iteration included the true value of sm.

Results
The Barker model estimated survival from continuousresighting data with minimal structural error, while the CJS
model only performed well under time-independent conditions
with high survival. Unlike the CJS, the Barker model performed well across multiple sample sizes of marked individuals
(n). Additionally, the Barker model reliably estimated survival
when we added biological complexity to the mechanistic simulation model. However, the Barker model’s optimization failed
to converge for some combinations of parameter values using
Newton–Raphson’s method, necessitating the use of simulated
annealing. We summarize the simulation results in a series of
contour plots (Figs 2–4) in which we plotted the relative bias
(subﬁgures ‘a’ and ‘b’) and per cent coverage (subﬁgures ‘c’
and ‘d’) at each of the 2500 parameter combination for a given
simulation run.
SIMULATION 1: STRUCTURAL ERROR

When constructing capture histories under method one, the
CJS model moderately underestimated sm (Fig. 2a) and rarely
demonstrated an acceptable level of coverage (Fig. 2c). Creating capture histories under method two, which separated
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Fig. 2. Estimated relative bias (a, b) and per cent coverage (c, d) of
monthly survival estimates for the Cormack–Jolly–Seber (CJS) estimation model when using 30-day sampling bins. Capture histories were
created by two separate approaches, as detailed in the methods. Plots
include: (a) method one relative bias, (b) method two relative bias, (c)
method one per cent coverage and (d) method two per cent coverage.
For visual clarity, relative bias values less than 50% were plotted
as 50%: this is apparent in the lower right-hand corner of (b).

marking from resighting information, resulted in relatively
unbiased estimates (Fig. 2b) with proper coverage except when
survival was low and especially when combined with high
recapture probability (Fig. 2d). Moving from monthly to 10day bins while using method two of capture history creation
did not substantially aﬀect results for the CJS (Fig. 3a,c).
In comparison, the Barker model estimated sm with a consistent, minor positive bias, (Fig. 4a), but failed to converge multiple times when using Newton–Raphson optimization
(Figs 4c and 5). This was likely due to the high number of
estimated parameters leading to local minima during numerical optimization. However, 100% of model runs converged
when using simulated annealing and coverage estimates
consistently ranged 90–98% (Fig. 4b,d). When using 10 day
instead of monthly bins, the performance of the Barker
model was reduced at low recapture probabilities, with coverage approaching 0% and relative bias exceeding 100%
(Fig. 3b,d).
SIMULATION 2: ESTIMATION ERROR

When altering the number of marked individuals (n), the
Barker model reliability covered the true value of sm in c. 95%
of the iterations for every n tested (Fig. 6). Relative bias for the
Barker model was near 00%, with variability in the departure
from the truth decreasing with increasing n. The CJS model
covered the true value of sm in 95% of the iterations when n
was low (n = 50, 100), but as n increased to 1000, coverage fell
below 86% (Fig. 6). This occurred because conﬁdence intervals became narrower as n increased, while relative bias was
maintained at 0005% (Fig. 6). Thus, the probability of covering sm with the CJS decreased with increasing n. When using
parametric bootstrapping to address the CJS’ poor coverage,
coverage decreased from 924% to 884% at n = 200 and from
888% to 814% at n = 500.

© 2013 The Authors. Methods in Ecology and Evolution © 2013 British Ecological Society, Methods in Ecology and Evolution, 4, 846–853

(a)

(b)

1·0
0·9
0·8
0·7
0·6
0·5

1·0
0·9
0·8
0·7
0·6
0·5
0·2

0·6

1·0

(d)

1·0
0·9
0·8
0·7
0·6
0·5

1·0
0·9
0·8
0·7
0·6
0·5
0·2

0·6

1·0

0·00
–0·05
0·6

1·0

–0·10

% Coverage

0·2

0·6

1·0

1·0
0·8
0·6
0·4
0·2
0·0

Monthly survival

(b)

0·2

0·6

1·0

(c)
1·0
0·9
0·8
0·7
0·6
0·5

1·0
0·9
0·8
0·7
0·6
0·5

Relative bias

0·2

0·6

0·6

1·0

0·04
0·02
0·00
–0·02
–0·04
–0·06
–0·08
–0·10

% Coverage

(d)

0·2

1·0

1·0

1·0
0·9
0·8
0·7
0·6
0·5

0·8
0·6
0·4
0·2
0·2

0·6

1·0

0·9

0·30
0·25

0·8

0·20
0·7

0·15
0·10

0·6

0·05
0·00

0·5
0·2

0·4

0·6

0·8

1·0

Monthly recapture probability

Fig. 3. Estimated relative bias (a, b) and per cent coverage (c, d) for
survival estimates from the Cormack–Jolly–Seber (CJS) (a, c) and Barker joint data (b, d) estimation models when using 10-day bins. CJS
capture histories were created under method 2, and Barker optimization Barker was conducted by simulated annealing. Plots include: (a)
CJS relative bias, (b) Barker relative bias, (c) CJS per cent coverage and
(d) Barker per cent coverage. For visual clarity, relative bias values less
than 100% were plotted as 100%: this is apparent in the lower
left-hand corner of (b).
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Fig. 4. Estimated relative bias (a, b) and per cent coverage (c, d) for
monthly survival estimates from the Barker joint data estimation
model when using 30-day bins. Optimization was conducted by two
separate methods: Newton–Raphson (NR) (a, c) and simulated annealing (SA) (b, d). Plots include: (a) NR relative bias, (b) SA relative bias,
(c) NR per cent coverage and (d) SA per cent coverage.

SIMULATION 3: FORMULATION ERROR

When a 30-day disturbance was incorporated into the simulation model, AIC supported diﬀerent model structures for the
CJS and Barker estimation models (Table 2). For the CJS,
AIC selected the fully time-dependent model for survival
[sm(t)], every iteration with no support given to the truth-generating model, sm(d) (Table 2). For the Barker estimation model,
the structural model representing the truth-generating process,
time-independent estimates for all periods except for the disturbance month, sm(d), was the minimum AIC model in 899%
of the 1000 iterations. However, the time-dependent model
received considerable AIC support (Table 2).

Fig. 5. Percentage of 100 iterations at each known parameter combination that failed to converge when using the Newton–Raphson optimization method with the Barker estimation model and 30-day
sampling bins.

For the truth-generating and time-dependent model structures, we compared the estimated relative bias in survival
obtained by the CJS and the Barker model. When the structural model was the sm(d) model, the CJS model covered the
true value of sm for the disturbance in 01% of the iterations
with an estimated relative bias of 333%. Coverage for nondisturbance sm was 00%, with a relative bias of 63%. In comparison, the Barker model covered the true value of sm during
the disturbance in 938% of the iterations, with a relative bias
of 25%. Coverage for nondisturbance sm was 837%, with a
relative bias of 10%. When we compared results from the
sm(t) model, the Barker outperformed the CJS model (Fig. 7).
The CJS model provided relatively unbiased estimates for all
months except two and three, attributing a substantial proportion of the sm decline in month three to month two (Fig. 7).
For the disturbance month, the CJS estimation model covered
the true value of sm in 0% of the iterations with a mean relative
bias of 442%. The Barker model covered the true value of sm
during the disturbance in 764% of the iterations with a mean
relative bias of 56%.

Discussion
We presented the ﬁrst assessment of the statistical properties of
survival estimators when continuous-time data are available
yet a discrete-time sampling model is used for estimation.
Using a model structural adequacy approach (Taper, Staples
& Shepard 2008), we demonstrated that substantial bias exists
when continuous capture–recapture information is discretized
for survival estimation. The extent of the bias depends upon
the estimation model used, with the Barker joint data model
outperforming the CJS.
The ﬁrst method of capture history creation for the CJS
introduced substantial bias because we coded all individuals as
alive in month one despite there being 29 days to succumb to
mortality. Using the second method of capture history creation, the CJS failed to reliably estimate survival in most simulations and resulted in bias at low s with bias worsening at high
p. The complexities of how the survival and detection processes
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Fig. 6. Per cent coverage and relative bias for the Barker and Cormack–Jolly–Seber (CJS) under various numbers of marked individuals (n). CJS
capture histories were created under method two, and optimization for the Barker was conducted by simulated annealing. Relative bias calculated as
the average, relative departure from the true survival probability over 1000 iterations per n and was plotted with the 25–975 percentiles of the distribution of these relative departures. On the x-axis, n was reduced by 10 for the CJS and increased by 10 for the Barker model for visual clarity.

Table 2. Akaike’s Information Criterion (AIC) table results from
simulation three, which included a 1-month disturbance event

(a)
sm(t)
sm(d)
(b)
sm(d)
sm(t)

k

Mean AICc

Mean ΔAICc

%AICc selected

7
3

46201
48120

00
1919

100
00

4
8

46181
46222

00
41

899
101

Monthly survival (sm) estimates were either time-dependent sm(t) or
time independent except for the disturbance period sm(d). The number
of estimated parameters (k), the mean AIC score over 1000 simulated
iterations and the per cent of iterations giving AIC support to a model
are given. The simulation ran for the: (a) Cormack–Jolly–Seber and (b)
Barker joint data models.

operate jointly make it diﬃcult to unequivocally ascertain why
bias increases at low s. One possibility is that the sample information at such values is low enough to generate parameter
identiﬁably problems associated with problematic joint proﬁle
likelihoods (Ponciano et al. 2012). Finding an approximation
of the bias in a very simple case for which the likelihood function allows an analytical treatment of the problem may shed
light on this issue.
Despite an expectation that increasing sample size (n) would
improve CJS model performance, increasing n resulted in an
unchanged bias and decreasing coverage due to overly narrow
conﬁdence intervals. Thus, we created parametric bootstrap
conﬁdence intervals since they have better coverage properties
when the ML estimate is unbiased (Efron & Tibshirani 1993).
However, our implementation of parametric conﬁdence intervals exacerbated the coverage problem. The constant bias in
parameter estimates across sample sizes suggests that a parametric bootstrap constant bias correction (constant across
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Fig. 7. Time-dependent estimates of monthly survival, sm(t), for the
Cormack–Jolly–Seber (CJS) and Barker estimation models plotted
against the true value for sm. CJS capture histories were created under
method two, and optimization for the Barker was conducted by simulated annealing. Mean survival estimates plotted with the 25–975 percentiles of the distribution of maximum likelihood estimates from the
1000 iterations.

diﬀerent values of the true parameters) of the estimate may
improve coverage properties and thus warrants a detailed
simulation study exploring this issue.
During the disturbance event simulation, we used an arbitrary method of capture history creation for the CJS, in which
we had the ability to perfectly bracket the disturbance event
within a single sampling period. Even with this prescient
knowledge, the CJS returned biased estimates, making it unlikely to perform well under ﬁeld conditions where such knowledge does not exist. The CJS’s poor coverage and diﬃcultly in
dealing with biological complexity seem to make this model a
poor choice for use with continuous data in real-life applications that require time-dependent estimates. However, while
estimates were biased in the time-dependent simulation, the
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CJS successfully approximated the overall survival during the
simulation. Thus, if a study is designed to measure overall
survival the CJS may be an appropriate choice.
The success of the Barker joint data model is not surprising,
since the model was formulated for a situation in which continuous resightings occurred between discrete sampling intervals
(Barker 1997). Although the Barker model performed well, it
did not reach 95% coverage of the true survival value in all
simulations. Additionally, the practicalities of implementing
the Barker model with continuous data were not without diﬃculties. In our simulation, we did not conduct discrete sampling
events, which allowed us to compute the likelihood by ﬁxing
the values of four parameters. In real situations, however, all
seven parameters in the model may need to be estimated. Since
the parameters may vary by time, group, or be associated with
covariates, the Barker model requires substantial experience to
properly formulate an a priori model set. If the likelihood surfaces were problematic with only three parameters, we would
expect nontrivial maximization problems when the full model
is implemented, particularly when the number of unknown
parameters is large relative to the data set at hand. The practical diﬃculty of implementing the Barker model combined with
its shortcomings during two simulations leaves room for the
speciﬁcation of novel statistical methods tailored speciﬁcally
for continuous mark–resighting data. A starting point to
achieve such a goal could be working with continuous-time
survival stochastic process models whose transition probability
matrix correspond exactly to the transition matrix of a family
of discrete-time stochastic processes (Allen 2010).
Our simulation represents the ﬁrst step towards understanding how to best use continuous data in survival estimation. With the exception of the disturbance event, we only
simulated time-independent survival and detection probability while explicitly ignoring emigration, which is not likely to
be reﬂective of biological reality. Although the Barker model
is designed to account for random emigration (Barker 1997)
and has been shown to eﬀectively handle such movement
(Horton & Letcher 2008), the model’s robustness to emigration when the parameters designed to deal with emigration
(F and F′) are ﬁxed is unknown. While our study ignored
the issue, we are currently using empirical data from our
ﬁeld research site to determine realistic rates of emigration,
which will be used to extend this work (A. B. Barbour,
unpublished data).
Although we focused solely on the use of continuous data in
the estimation of discrete survival, this problem may have parallels in other contexts. For instance, data may be grouped
along space instead of the time axis, despite the acknowledged
importance of spatial heterogeneity (Van Kirk & Lewis 1997;
Neubert & Caswell 2000). It is unknown, for example, if the
discretization of modern, large-scale GIS (Geographic Information Systems) data of spatial abundance distributions may
lead to biased abundance estimators (Kleiber & Hampton
1994; Sibert et al. 1999; Adam & Sibert 2002). The mathematical intricacies of ﬁnding the correct time-scale representation
for modelling, estimation and testing of the biological process
of interest in each case are not trivial. In the context of mark–

recapture models, it is necessary to investigate when the underlying discrete-time Markovian structure in the Barker model
can be approximated with a continuous-time Markov process
(e.g. see Karlin & Taylor 1981, chap. 15, section 2.F).
Reliable understanding and prediction of complex ecological data hinges on the formulation of proper statistical models
to quantify biological processes while accounting for the sampling scheme used. However, the ecological literature is ﬁlled
with examples where oﬀ-the-shelf statistical models have proven to be an insuﬃcient tool to generate understanding of the
biological processes of interest simply because they are not tailored to the application at hand and as such, are unable to harness the information in the data eﬀectively (e.g. Strong et al.
1999). Here, we focused on informing theoreticians and practitioners alike about the inferential problems associated with
temporal grouping practices in survival estimation. This work
should be taken as a positive ﬁrst step towards seeking a
model-centred solution to such diﬃculties.

Acknowledgements
We thank J. Nichols, J. Hines and M. Conner for comments helpful in the design
of the simulation and M. Allen, A. Adams, D. Behringer, David Koons and one
anonymous reviewer for their valuable insights. ABB was supported by a
National Science Foundation Graduate Research Fellowship under Grant No.
DGE-0802270. K.L. acknowledges funding from the Florida Fish and Wildlife
Conservation Commission, Project No. 11409.

References
Adam, M.S. & Sibert, J.R. (2002) Population dynamics and movements of skipjack tuna (Katsuwonus pelamis) in the Maldivian ﬁshery: analysis of tagging
data from an advection-diﬀusion-reaction model. Aquatic Living Resources,
15, 13–23.
Adams, A.J., Wolfe, R.K., Pine, W.E. & Thornton, B.L. (2006) Eﬃcacy of PIT
tags and an autonomous antenna system to study the juvenile life stage of an
estuarine-dependent ﬁsh. Estuaries and Coasts, 29, 311–317.
Akaike, H. (1973) Information theory as an extension of the maximum likelihood
principle. Second International Symposium on Information Theory (eds B.N.
Petrov & F. Csaki), pp. 267–281. Akademiai Kiado, Budapest.
Allen, L.J.S. (2010) An Introduction to Stochastic Processes with Application to
Biology, 2nd edn. Chapman and Hall, Upper Saddle River, New Jersey.
Barbour, A.B. & Adams, A.J. (2012) Biologging to examine multiple life stages of
an estuarine-dependent ﬁsh. Marine Ecology Progress Series, 457, 241–250.
Barbour, A.B., Boucek, R.E. & Adams, A.J. (2012a) Eﬀect of pulsed gastric
lavage on apparent survival of a juvenile ﬁsh in a natural system. Journal of
Experimental Marine Biology and Ecology, 422–423, 107–113.
Barbour, A.B., Adams, A.J., Yess, T., Behringer, D.C. & Wolfe, R.K. (2012b)
Comparison and cost-beneﬁt analysis of PIT tag antennae resighting and
seine-net recapture techniques for survival analysis of an estuarine-dependent
ﬁsh. Fisheries Research, 121–122, 153–160.
Barker, R.J. (1997) Joint modeling of live-recapture, tag-resight, and tag-recovery
data. Biometrics, 53, 666–677.
Barker, R.J. (1999) Joint analysis of mark–recapture, resighting and recovery
data with age-dependence and marking-eﬀect. Bird Study, 46, 82–91.
Bowerman, T. & Budy, P. (2012) Incorporating movement patterns to improve
survival estimates for juvenile bull trout. North American Journal of Fisheries
Management, 32, 1123–1136.
Burnham, K.P. & Anderson, D.R. (2004) Multimodel inference: understanding
AIC and BIC in model selection. Sociological Methods & Research, 33, 261–
304.
Cameron, C., Barker, R., Fletcher, D., Slooten, E. & Dawson, S. (1999) Modelling survival of Hector’s dolphins around Banks Peninsula, New Zealand.
Journal of Agricultural, Biological, and Environmental Statistics, 4, 126–135.
Cohen, J.E. (2004) Mathematics is biology’s next microscope, only better; biology
is mathematics’ next physics, only better. PLoS Biology, 2, e439.
Efron, B. & Tibshirani, R. (1993) An Introduction to the Bootstrap. Chapman and
Hall, New York, NY, USA.

© 2013 The Authors. Methods in Ecology and Evolution © 2013 British Ecological Society, Methods in Ecology and Evolution, 4, 846–853

Survival estimation from continuous data 853
Gimenez, O., Rossi, V., Choquet, R., Dehais, C., Doris, B., Varella, H., Vila, J.P.
& Pradel, R. (2007) State-space modelling of data on marked individuals. Ecological Modelling, 206, 431–438.
Heupel, M.R. & Simpfendorfer, C.A. (2002) Estimation of mortality of juvenile
blacktip sharks, Carcharhinus limbatus, within a nursery area using telemetry
data. Canadian Journal of Fisheries and Aquatic Sciences, 59, 624–632.
Hewitt, D.A., Janney, E.C., Hayes, B.S. & Shively, R.S. (2010) Improving inferences from ﬁsheries capture–recapture studies through remote detections of
PIT tags. Fisheries, 35, 217–231.
Hightower, J.E., Jackson, J.R. & Pollock, K.H. (2001) Use of telemetry methods
to estimate natural and ﬁshing mortality of striped bass in Lake Gaston, North
Carolina. Transactions of the American Fisheries Society, 130, 557–567.
Horton, G.E. & Letcher, B.H. (2008) Movement patterns and study area boundaries: inﬂuences on survival estimation in capture–mark–recapture studies.
Oikos, 117, 1131–1142.
Johnson, H.E., Mills, S.L., Wehausen, J.D. & Stephenson, T.R. (2010) Combining ground count, telemetry, and mark-resight data to infer population
dynamics in an endangered species. Journal of Applied Ecology, 47, 1083–1093.
Karlin, S. & Taylor, H.M. (1981) A Second Course in Stochastic Processes. Academic Press, San Diego, California, USA.
Kie, J.G., Matthiopoulos, J., Fieberg, J., Powell, R.A., Cagnacci, F., Mitchell,
M.S., Gaillard, J.M. & Moorcroft, P.R. (2010) The home-range concept: are
traditional estimators still relevant with modern telemetry technology? Philosophical Transactions of the Royal Society. B, Biological Sciences, 365, 2221–
2231.
Kleiber, P. & Hampton, J. (1994) Modeling eﬀects of FADs and islands on movement of skipjack tuna (Katsuwonus pelamis): estimating parameters from tagging data. Canadian Journal of Fisheries and Aquatic Sciences, 51, 2642–2653.
Laake, J. & Rexstad, E. (2008) RMark – an alternative to building linear models
in MARK. Program MARK: A Gentle Introduction (eds E. Cooch & G.
White), pp. C1–C115. http://www.phidot.org/software/mark/docs/book/.
Lebreton, J.D., Burnham, K.P., Clobert, J. & Anderson, D.R. (1992) Modeling
survival and testing biological hypotheses using marked animals: a uniﬁed
approach with case studies. Ecology, 62, 67–118.
McClintock, B.T. & White, G.C. (2009) A less ﬁeld-intensive robust design for estimating demographic parameters with mark-resight data. Ecology, 90, 313–320.
Mintzer, J.V., Martin, A.R., da Silva, V.M.F., Barbour, A.B., Lorenzen, K. &
Frazer, T.K. (2013) Eﬀect of illegal harvest on apparent survival of Amazon
River dolphins (Inia geoﬀrensis). Biological Conservation, 158, 280–286.
Neubert, M.G. & Caswell, H. (2000) Demography and dispersal: calculation and
sensitivity analysis of invasion speed for structures populations. Ecology, 81,
1613–1628.

Pollock, K.H., Nichols, J.D., Brownie, C. & Hines, J. (1990) Statistical inference
for capture–recapture experiments. Wildlife Monographs, 107, 3–97.
Ponciano, J.M., Burleigh, J.G., Braun, E.L. & Taper, M.L. (2012) Assessing
parameter identiﬁability in phylogenetic models using data cloning. Systematic
Biology, 61, 955–972.
Pradel, R. & Sanz-Aguilar, A. (2012) Modeling trap-awareness and related phenomena in capture–recapture studies. PLoS ONE, 7, e32666.
R Development Core Team (2011) R: A Language and Environment for Statistical
Computing. R Foundation for Statistical Computing, Vienna. http://www.
R-project.org
Ruiz-Gutierrez, V., Doherty, P.F. Jr, Santana, E.C., Martınez, S.C., Schondube,
J., Munguıa, H.V. & I~
nigo-Elias, E. (2012) Survival of resident neotropical
birds: considerations for sampling analysis based on 20 years of bird-banding
eﬀorts in Mexico. The Auk, 129, 500–509.
Sibert, J.R., Hampton, J., Fournier, D.A. & Bills, P.J. (1999) An advectiondiﬀusion-reaction model for the estimation of ﬁsh movement parameters from
tagging data, with application to skipjack tuna (Katsuwonus pelamis).
Canadian Journal of Fisheries and Aquatic Sciences, 56, 925–938.
Strong, D.R., Whipple, A.V., Child, A.L. & Dennis, B. (1999) Model selection
for a subterranean trophic cascade: root-feeding caterpillars and entomopathogenic nematodes. Ecology, 80, 2750–2761.
Taper, M.L., Staples, D.F. & Shepard, B.B. (2008) Model structure adequacy
analysis: selecting models on the basis of their ability to answer scientiﬁc questions. Synthese, 163, 357–370.
Van Kirk, R.W. & Lewis, M.A. (1997) Integrodiﬀerence models for persistence in
fragmented habitats. Bulletin of Mathematical Biology, 59, 107–137.
White, G.C. & Burnham, K.P. (1999) Program MARK: survival estimation from
populations of marked animals. Bird Study, 46, 120–138.
Received 25 January 2013; accepted 3 April 2013
Handling Editor: Robert B. O’Hara

Supporting Information
Additional Supporting Information may be found in the online version
of this article.
Appendix S1. Mechanistic simulation model function as run in
program ‘R’.

© 2013 The Authors. Methods in Ecology and Evolution © 2013 British Ecological Society, Methods in Ecology and Evolution, 4, 846–853

