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1.0 EXECUTIVE SUMMARY

The following report represents research on the Cape Sable seaside sparrow (Ammodramus
maritimus mirabilis) conducted under a grant from the Critical Ecosystems Science Initiative
(CESI) of Everglades National Park (“Recovering small populations of the Cape Sable seaside
sparrow”). Original funding for this research came from a grant from the United States Fish and
Wildlife Service (USFWS; “Detailed study of Cape Sable seaside sparrow nest success and
causes of nest failure”), with continuing funding from CESI serving to expand our efforts into
new areas and augment the questions we could address. Thus the temporal and spatial scope of
this report spans five years, and allows us to substantially add to our knowledge of the dynamics
of sparrow subpopulations.
In recent years we have shifted our efforts away from field data collection across the
entire range of the sparrow and instead have invested heavily in a synthesis of existing
information. We have been moving toward this goal with recently published articles on Cape
Sable seaside sparrow nesting (La Puma et al. 2007; Baiser et al. 2008; Boulton et al. 2011a),
survival (Boulton et al. 2009b), site occupancy (Cassey et al. 2007) and dispersal (Van Houtan et
al. 2010). Most of the sections in this report represent our continued effort to achieve synthesis.
With the exception of Section 2.0, all sections are draft manuscripts that are either currently
under review or in revision at peer-reviewed journals. We expect that various aspects of the
latter sections will change as they proceed through the peer-review process. Please refer to the
final published versions when they become available.
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Section 2.0 – 2011 Season Overview
During 2011 our field research focused on intensive nest monitoring in small sparrow
Subpopulations A and D. These two areas are subject to current management changes, or
proposed changes, and thus near real-time information on where sparrows were nesting and the
status of individuals in these areas was needed to help direct water management if necessary.
The extreme drought conditions prevalent in South Florida prevented detrimental water
management actions during the 2011 breeding season. We also continued our long-term markrecapture study by banding individuals in Subpopulations A and D, and resighting previously
banded individuals in these subpopulations and in Subpopulation B. Overall, the 2011 sparrow
breeding season was an average year in regards to nest success and return rates of banded
individuals. However, one area of concern was the highly skewed adult sex ratio towards males
we observed in both Subpopulations A and D. Highly skewed adult sex ratios increase a species‟
risk of extinction. This process was observed during the extinction of a closely-related species,
the dusky seaside sparrow (Ammodramus maritimus nigrescens), when ultimately all of the
remaining sparrows in the wild were males (Delany et al. 1981). Thus it is critical that the
skewed sex ratio in small sparrow subpopulations be monitored closely to assess the rangewide
status of the Cape Sable seaside sparrow in the future.

Section 3.0 –Survival Analysis
This manuscript is under review at Ecology. While we have already published on Cape Sable
seaside sparrow survival (Boulton et al. 2009b), previous survival analyses have not taken into
consideration the effect of permanent emigration of marked individuals from the study area on
estimated survival rates. Survival estimates generated from live capture-mark-recapture studies
4

may be negatively biased due to such permanent emigration. In the absence of a robust
analytical solution, researchers typically sidestep this problem by simply reporting estimates
using the term “apparent survival”. Here, we present a hierarchical Bayesian multistate model
designed to estimate true survival by accounting for predicted rates of permanent emigration
with the intent of refining previous survival estimates for the Cape Sable seaside sparrow
(particularly for juvenile sparrows). Synthesizing information already available, we used
previously published dispersal kernels (Van Houtan et al. 2010) to generate spatial projections of
dispersal probability around each capture location. From these projections, we estimated
emigration probability for each marked individual, and used the resulting values to generate biasadjusted survival estimates from individual capture histories. When tested using simulated
datasets featuring variable detection probabilities, survival rates and dispersal patterns, the model
consistently eliminated negative biases shown by apparent survival estimates from standard
models. When applied to a case study concerning juvenile survival in the endangered Cape
Sable seaside sparrow, bias-adjusted survival estimates increased more than twofold above
apparent survival estimates. The mean juvenile survival estimate based on the emigration model
was 0.34, which was within the broad range of 0.09 – 0.47 published previously (Boulton et al.
2009b). Our approach is applicable to any capture-mark-recapture study design, and should be
particularly valuable for organisms with dispersive juvenile life stages.

Section 4.0 – Allee Effects
This section is a manuscript under revision at Conservation Letters. One persistent question
from our latest research was whether nesting attempts within small sparrow subpopulations were
more likely to fail than those attempts within large subpopulations. Furthermore, if there was a
5

difference, was this due to differences in water flow characteristics or simply to the limited
number of sparrows breeding in these small subpopulations (i.e., due to Allee effects). Despite
having significant implications for extinction likelihood, Allee effects can be difficult to detect in
field settings, often due to sample size limitations inherent in small population studies. We
evaluated two analytical approaches aimed at detecting Allee effects through comparison of a
commonly analyzed demographic parameter (nest survival) between geographically isolated
subpopulations of varying size. We compared analytical performance using simulated data on
nest survival, and applied both methods to a field-based case study of nest survival in the Cape
Sable seaside sparrow. In simulated datasets, AIC-based model selection was effective in
identifying differences in nest survival between large and small subpopulations (71% of
simulated datasets), even when datasets were unbalanced. An alternative approach, the
prediction bootstrap, was less powerful in detecting subpopulation differences in simulated nest
survival data (49% of cases), but also had a near-threefold lower likelihood of generating Type I
errors false positives). When applied to the Cape Sable seaside sparrow dataset, neither
approach indicated significant differences in nest survival between small (<20 pairs) and large
(>300 pairs) subpopulations after controlling for covariate effects. Model selection indicated
that nest survival declined over the course of the breeding season, particularly after the onset of
regional flooding. Prediction bootstrap methods allowed us to evaluate statistical power in
detecting Allee effects in the Cape Sable seaside sparrow, indicating that we would have been
able to detect differences of at least 23% below, and 49% above, large subpopulation nest
survival rates with 95% certainty. These findings indicate that despite severe sample size
limitation, it is possible to evaluate the likelihood of Allee effects on demographic parameters
with an acceptable degree of statistical precision.
6

Section 5.0 – Conspecific Attraction
This section is a manuscript under revision at The Condor. The USFWS asked us to evaluate the
effectiveness of song playback units in influencing the breeding settlement decisions of Cape
Sable seaside sparrows. Our first challenge was building a playback system that would
withstand the harsh environment of the Everglades. Our second challenge was devising a
protocol to test the response of sparrows to the playback. This manuscript details our test of the
playback system on the distribution of breeding sparrows within Subpopulation C. Our analyses
included the creation of a qualitative sound map that formed a basis for measuring the species‟
response to artificial song playback. Our results suggested that territory establishment by Cape
Sable seaside sparrows was influenced by artificial conspecific cues provided by our playback
system, providing rare evidence of a resident passerine using such cues in the habitat selection
process. Our findings have important conservation implications for the species in light of
ongoing large-scale habitat restoration efforts in the Everglades ecosystem.
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2.0 2011 SEASON OVERVIEW

2.1

Overview

During 2011 there was a continuing need to monitor basic information on sparrows breeding in
Subpopulations A and D. These two areas are subject to current management changes, or
proposed changes, and thus near real-time information on where sparrows were nesting and the
status of individuals in these areas was needed to help direct water management if necessary.
We summarize the information provided by our field research in this section, by subpopulation,
below. The extreme drought conditions prevalent in South Florida prevented detrimental water
management actions during the 2011 breeding season. In fact, our study areas remained much
drier than usual well into the breeding season (especially in Subpopulation D). Unfortunately,
breeding did not occur in Subpopulation D this year due to an absence of female sparrows.
Sparrows that nested in Subpopulation A had a relatively average year; however, there was also a
strongly male-biased sex ratio in this subpopulation in 2011 thus overall productivity for this
subpopulation was low. Understanding the effects of this male-biased sex ratio on small sparrow
subpopulations is critical in assessing the rangewide status of the Cape Sable seaside sparrow.
Much of our efforts in recent years have shifted from field data collection towards
synthesizing information already collected. The remainder of our report provides drafts of
articles currently under peer review related to this synthesis. Our efforts at synthesis feed back
into the need for continued field research in some areas: for example we still need additional
information on the survival and dispersal of juvenile sparrows. Thus, during 2011 we surveyed
9

Subpopulations A, B and D for previously banded sparrows with a focus on trying to resight
returning juveniles. The data collected during 2011 will continue to strengthen our long-term
database on sparrow demography and provide information for further synthesis. We documented
no between-subpopulation dispersal events in 2011; however, we did document the return of
juvenile sparrows to their natal sites in Subpopulations A and B. Return rates for both adult and
juvenile sparrows were within the ranges expected based on our previous research. Future
research in this area is still needed to better understand juvenile survival and dispersal.

2.2

Subpopulation A

This subpopulation continues to hold relatively few sparrows. At one time considered part of the
„core‟ habitat for the sparrow (along with Subpopulation B), Subpopulation A experienced a very
noticeable, and consequently controversial, decline between 1992 and 1995 (Curnutt et al. 1998).
Persistent unnatural flooding during consecutive breeding seasons caused this subpopulation to
decline substantially in occupancy and numbers, leading to legal actions requiring a change in
water management so that less water was delivered into Subpopulation A during the peak of the
sparrow‟s breeding season (Pimm et al. 2002). While these management efforts appear to have
resulted in relatively stable sparrow occupancy since 1996, this subpopulation shows little sign
of recovering to pre-1990 occupancy levels (Cassey et al. 2007). In 2011, we continued the
intensive nest searching and monitoring in Subpopulation A which we began in 2009.
Additionally, we continued banding adult and juvenile sparrows which has been ongoing since
1994 (originally through the work of Dr. Stuart Pimm). Our efforts to monitor nests, band
sparrows and resight previously banded sparrows were concentrated in the area near our field
camp, West Camp (within 4 km).
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During 2011 we documented 16 territorial male sparrows (Fig. 1), but only six breeding
females. Territory mapping began on 5-April 2011 and ended on 19-July 2011 (territory maps in
Fig. 1 reflect an average of 7.2 GPS points per individual tracked). Sparrows continued to
remain mostly out of the area in our study plot that burned in 2008 despite the apparent recovery
of vegetation in this area; only one male sparrow established a territory within the burned area.
The remaining sparrows were located in the Lower and Upper Meadows, approximately 1.5 km
and 3.5 km, respectively, from West Camp. It is possible that sparrows have not moved into the
recovered habitat near West Camp due to strong philopatry in the Lower and Upper Meadows, or
due to the influence of conspecific attraction in those areas.
We documented nesting by only seven of the 16 territorial male sparrows observed
during 2011 (one female nested with two different males after her first mate presumably died).
Thus, nine male sparrows (56%) were unmated during 2011. This is a trend reported previously
in small sparrow subpopulations (Boulton et al. 2011b). However, the proportion of unmated
males observed in 2011 is alarming since it increased substantially from the estimate of 24%
reported in 2010 (Lockwood et al. 2010).
We located 17 nests in Subpopulation A in 2011, nine were early-season nests (i.e.
initiated before June 1st) and eight were late-season nests. The first nest was located on 6-April
2011, and the latest nest on 7-July 2011. Twelve of the 17 nests hatched (71%), but only five
fledged young (29%). We report apparent nest success rates here rather than daily survival
probabilities (e.g. using Program MARK) due to the small sample size of nests in Subpopulation
A in 2011. Four of the five nests that fledged young were early-season nests, which are known
to have higher success rates (Baiser et al. 2008). The mean clutch size for all nests was 3.6
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(consistent with 2010; mean = 3.5), and the mean number of young fledged per successful nest
was 2.75 (down from 2010; mean = 3.34).
During 2011 we newly banded two adults (males) and 11 juvenile sparrows in
Subpopulation A. Most adults in Subpopulation A were previously banded; we resighted 13
males (one unconfirmed) and three females during 2011. The return rates for males and females
were similar, 72% and 75%, respectively. By the end of the 2011 field season, 15 of the 16 male
sparrows in Subpopulation A were color-banded, and three of the six females. In 2011, we
resighted one of the five juvenile sparrows banded in 2010 (20% resight rate). The return rates
for adult and juvenile sparrows are in line with expectations based on previous survival analyses
(Boulton et al. 2009b). We documented no between-subpopulation dispersal events in 2011.
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FIGURE 1. Location of Cape Sable seaside sparrow territories in Subpopulation A during the
2011 breeding season. Black circles correspond to Everglades National Park helicopter survey
sites. Sixteen male sparrows were observed singing on apparent territories during 2011.
Territories are color-coded by unique color-band combinations for each male sparrow. Several
males shifted territories during the breeding season. Red circles correspond to locations of nests
monitored during 2011; nests are labeled by the unique color-band for each male sparrow
associated with the nest. Dotted line represents boundary of fire that burned in area near West
Camp in 2008.
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2.3

Subpopulation B

This subpopulation currently holds the largest number of sparrows. Subpopulation B is
considered part of the core habitat for the sparrow (along with Subpopulation E). In recent years
unnatural flooding and incendiary fires have had a lower impact on this large subpopulation than
on other subpopulations, contributing towards making this subpopulation a stronghold for the
Cape Sable seaside sparrow (Curnutt et al. 1998). During 2011, we had not planned to monitor
sparrows in Subpopulation B. However, as our workload in Subpopulations A and D wound
down we were able to opportunistically visit Subpopulation B to resight banded sparrows. This
allowed us to continue to collect mark-recapture data in this core sparrow subpopulation, where
sparrows have been banded continuously since 1994 (originally through the work of Dr. Stuart
Pimm). Our efforts in 2011 focused on attempting to resight sparrows banded as juveniles
during 2010 in order to continue to collect long-term data on juvenile survival and dispersal,
which is still an important area of research needed for the Cape Sable seaside sparrow. We
concentrated our resight efforts on the Far East and Ingraham North plots (which are adjacent to
one another), which is the area where we banded juvenile sparrows in 2010.
During 2011 we resighted 24 sparrows in Subpopulation B (19 males and five females).
The biased sex ratio observed in our data is likely not an indication of a biological phenomenon
in this subpopulation; rather, it is likely a function of the limited amount of effort spent in
Subpopulation B during 2011 combined with the lower detection probability of females. We
began resighting efforts in Subpopulation B on 23-June 2011 and ended on 13-July 2011. The
return rate for male sparrows was 63% (n = 30 banded males in Subpopulation B in 2010). The
return rate for female sparrows was 46% (n = 11 banded females in Subpopulation B in 2010).
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These return rate for males was in line with expectations based on previous survival analyses
(Boulton et al. 2009b). The low return rate for females was again likely a function of our
reduced effort in Subpopulation B in 2011 rather than an indication of lower female survival.
During 2011 we resighted five returning juvenile sparrows that were banded in Subpopulation B
in 2010. This results in a return rate for juvenile sparrows of 14% (n = 36 juvenile sparrows
banded in Subpopulation B in 2010), which is in line with expectations (Boulton et al. 2009b).
We did not observe any between-subpopulation dispersal events during 2011. We did not
actively search for nests in Subpopulation B during 2011; however, we did locate several nests
during our band resight surveys (which were not monitored).

2.4

Subpopulation D

This subpopulation continues to hold very few sparrows. Subpopulation D experienced a
continual decline since its 1981 estimate of 400 sparrows. Habitat in this area appears to have
suffered from high water levels since 2000. Consequently, sawgrass dominates the area with
only small drier patches of muhly grass acting as island refuges for breeding sparrows. The C111 canal basin essentially encloses this area, which results in altered hydrologic conditions and
causes extended hydroperiods during wet periods. Restoration models predict the first phase of
the C-111 spreader canal (currently taking place) will create a mound of ground water in
Subpopulation D critical sparrow habitat, further increasing hydroperiods and water depths in the
areas currently occupied by sparrows.
Subpopulation D continues to be an ephemeral sparrow population with breeding
occurring sporadically between years. During 2011 we documented six territorial male sparrows
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(Fig. 2), but only one female sparrow. Territory mapping began on 15-April 2011 and ended on
25-June 2011 (territory maps in Fig. 2 reflect an average of 15.5 GPS points per individual
tracked). We were able to conduct nest searching and territory mapping over a longer duration
than in most years due to the drought conditions in the Everglades which enabled us to walk into
areas that would ordinarily be inundated with water late in the sparrow breeding season. Our
study plot was located primarily east of Aerojet Road, outside of the boundary of Everglades
National Park. However, we also conducted ground surveys west of Aerojet Road after
helicopter surveys located a sparrow in this area. We found one male sparrow in this area and
subsequently banded it (BKBL-ORAL) in 2011. This male remained unmated and was later
found wandering around in the area east of Aerojet Road where the other five males had
territories.
We did not locate any nests in Subpopulation D despite a prolonged period of extensive
searching in our study plot. Only one female sparrow was observed (with male DPWK-ORAL,
see Fig. 2), and she was only seen on a single occasion. Thus, it appears that all six male
sparrows in this subpopulation were unmated during 2011. This biased sex ratio has been
observed in Subpopulation D regularly over recent years; during 2010 we documented seven
male sparrows and only two females (Lockwood et al. 2010). We did not resight any sparrows
color-banded in previous years in Subpopulation D during 2011. We banded all six of the male
sparrows observed in Subpopulation D in 2011.
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FIGURE 2. Location of Cape Sable seaside sparrow territories in Subpopulation D during the
2011 breeding season. Black circles correspond to Everglades National Park helicopter survey
sites. Six male sparrows were observed singing on apparent territories during 2011. Territories
are color-coded by unique color-band combinations for each male sparrow. Two of the males
(BKBL-ORAL and BLOR-ORAL) wandered widely across the subpopulation over the course of
the breeding season. Only one female was observed, on a single day, during the 2011 breeding
season (with male DPWK-ORAL).
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ABSTRACT:
Survival estimates generated from live capture-mark-recapture studies may be negatively biased
due to the permanent emigration of marked individuals from the study area. In the absence of a
robust analytical solution, researchers typically sidestep this problem by simply reporting
estimates using the term “apparent survival”. Here, we present a hierarchical Bayesian multistate
model designed to estimate true survival by accounting for predicted rates of permanent
emigration. Initially, we use dispersal kernels to generate spatial projections of dispersal
probability around each capture location. From these projections, we estimate emigration
probability for each marked individual, and use the resulting values to generate bias-adjusted
survival estimates from individual capture histories. When tested using simulated datasets
featuring variable detection probabilities, survival rates and dispersal patterns, the model
consistently eliminated negative biases shown by apparent survival estimates from standard
models. When applied to a case study concerning juvenile survival in the endangered Cape Sable
seaside sparrow, bias-adjusted survival estimates increased more than twofold above apparent
survival estimates. Our approach is applicable to any capture-mark-recapture study design, and
should be particularly valuable for organisms with dispersive juvenile life stages.
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INTRODUCTION
Accurate estimates of survival are essential in almost all branches of ecology. Researchers
typically estimate survival rates using capture-mark-recapture sampling protocols (CMR),
applying analytical techniques derived from the Cormack-Jolly-Seber (CJS) modelling
framework (Cormack 1964; Jolly 1965; Seber 1965). Over many years, CMR methodology has
been refined to resolve various confounding issues including variation in detection probability
and temporary emigration (Pollock et al. 1990; Lebreton et al. 1992). However, one confounding
factor remains something of an „elephant in the living room‟ for survival analysis from liverecapture CMR data: permanent emigration from the study area (Marshall et al. 2004;
Zimmerman et al. 2007; Cooper et al. 2008; Horton & Letcher 2008). Whilst temporary
emigration can be accounted for using the „robust approach‟ to data sampling and analysis
(Pollock et al. 1990), there is no way of differentiating permanent emigration from mortality
under live-recapture CMR sampling (Marshall et al. 2004). In lieu of a working solution to this
problem, researchers have tended to step around the issue by using the term „apparent survival‟,
offering a simple acknowledgment of the uncertainty associated with their estimates (Lebreton et
al. 1992).
If the geographical limits of a finite study area correspond perfectly with those of the
population of interest (e.g. an island population), the conflation of mortality and permanent
emigration may be sensible; permanent emigrants genuinely represent functional losses to the
focal population. If the study area is nested within a wider population of interest, however,
emigrants surviving outside the study area may continue to contribute to population processes. In
these circumstances, mortality and emigration have diametrically opposite implications for
20

population dynamics. Evidently, lumping these opposing components within the same parameter
will give a misleading impression of true survival within the target population. If these
„apparent‟ survival estimates are used to make further inferences about population dynamics (e.g.
in population viability analysis), resultant conclusions may be flawed and misleading.
This issue draws together two allied but disparate avenues of inquiry associated with CMR
sampling: survival estimation and dispersal modelling. Despite their close inter-relation, the
analytical methods used within these two fields have evolved largely in isolation; researchers
interested in survival have focused largely on developing the CJS framework (Lebreton et al.
1992), whilst those studying dispersal have focused on applying kernel-based distributional
models (Kot et al. 1996; Fujiwara et al. 2006). Few attempts have been made to combine these
fields in order to draw inferences about survival and permanent emigration (but see Baker et al.
1995; Cooper et al. 2008). Here, we present a Bayesian approach in which information on
survival and dispersal is combined in order to account for permanent emigration probability
within finite-plot CMR data. We test the model using simulated datasets representative of typical
finite-plot studies, and present a case study concerning juvenile survival in the endangered Cape
Sable seaside sparrow (Ammodramus maritimus mirabilis).
METHODS
Using dispersal kernels to estimate emigration probability
In finite-plot CMR studies, recaptures provide information on dispersive movements up to a
theoretical limit corresponding with the maximum distance between two points in the sampled
area (Baker et al. 1995). By fitting a distributional model (kernel) to these data, it is possible to
21

generate spatially-explicit predictions of dispersal probability around a given capture location
(Kot et al. 1996; Van Houtan et al. 2010). Our approach is to apply these predictions as
supplementary information in the process of estimating survival from capture histories.
To illustrate, we consider a scenario in which CMR sampling occurs in a single finite study
plot within the range of a dispersive species. For simplicity, we assume that dispersal occurs in
discrete periods between sampling events, and that emigration from the study plot is always
permanent (e.g. in the case of species with high natal dispersal). In this scenario, the probability
of recapture P(x) at time t of an individual marked within the plot at time t-1 is composed of the
survival probability S, the detection probability p (for an individual within the plot) and the
probability that a surviving individual will remain in the plot at time t, which we term the
residence probability r, thus:
( )

Eqn. 1

We cannot estimate r directly from CMR data as it is completely confounded with mortality.
Hence, in a classical CJS model the probability of recapture collapses to the product of p and the
apparent survival rate

(Lebreton et al. 1992). However, if we assume dispersal is random in

direction (and survival probability is similar inside and outside the plot), we can use a dispersal
kernel to estimate r by projecting a probability density surface (PDS) around the capture
location. The kernel is generated by estimating the parameters of a distribution function (e.g.
Gaussain, Cauchy, log-normal etc.) that best fits the distribution of observed dispersal events
(Kot et al. 1996; Fujiwara et al. 2002). We estimate r as the weighted proportion of the PDS
falling within the study plot (e.g. Figure 1a), whilst the probability of emigration is simply 1 - r.
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The validity of this approach hinges on how well the dispersal kernel predicts the true
distribution of dispersal events in space. In heterogeneous environments, dispersal probability is
likely to vary in relation to habitat quality, patchiness, and barriers to movement (Schneider
2003; Schooley and Wiens 2004). If this heterogeneity is adequately represented within the study
plot, a plot-specific kernel may be valid across the wider landscape (e.g. Fig. 1b). However, if
environmental conditions outside the study plot differ widely from those within, settlement
patterns outside the plot may be difficult to predict using models derived from within-plot data
(e.g. Fig. 1c). The modelling approach described in the next section assumes that meaningful
kernel-based predictions of spatial dispersal probability can be generated for the system in
question.
The emigration model
Our model follows Calvert et al. (2009) in adopting a hierarchical structure, allowing us to model
heterogeneity across discrete random variables (e.g. sites, years) as random effects. We describe
parameter notation for hierarchical structuring around years (index y), although the model can
easily be generalised to other structures. In this parameterisation, we assume that dispersal
occurs between sampling periods, and that emigration is always permanent. The model can be
readily extended to account for temporary emigration (provided that data can be partitioned into
secondary sampling periods) by including an additional level of parameter indexing, estimating
detection probabilities in a manner analogous to the robust approach (see Appendix 1; Pollock et
al. 1990; Calvert et al. 2009).
Following initial capture, marking and release, individuals (i) belong either to one of K
observable states representing living individuals within the study area, or an unobservable state
23

K+1 representing individuals that are dead or have permanently emigrated. All model parameters
and variables are defined in Table 1. The model is separated into two elements: 1) a standard
CJS-based hierarchical model that concerns individual capture histories; and 2) a hidden Markov
process that concerns residence probabilities estimated through dispersal kernel analysis. The
CJS-based model adopts a state-space parameterisation (Gimenez et al. 2007), separating the
likelihood of observed individual capture histories (xi,y) into process and observation
components. The process component estimates apparent survival and transitions between true
underlying states (zi,y), whilst the observation component estimates detection probabilities for
individuals in observable states. The likelihood for the CJS-based model takes the following
general form:

* |

+

*

|

+

∑

∑

{

|

}

{

|

}

Eqn. 2
where a = zi,y-1 and b = zi,y. Note that the model conditions on time at first capture for each
individual. The process component of the CJS-based model is defined by a categorical
distribution with probabilities given thus:

(

|

)
{
Eqn. 3
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where the top row represents probabilities associated transitions between the K observable states
(e.g. study areas), whilst the second row represents the probability of transition to the
unobservable state (mortality plus permanent emigration). The remaining rows ensure that
individuals in the unobservable state remain there permanently. The observation component is a
Bernoulli process determined by the probability of detection of an individual (indicated by the
vector wi,y), conditional on its true state zi,y. Probabilities are defined thus:
(

|

)

{

Eqn. 4

where the top row represents detection probabilities for each observable state and the bottom row
dictates that detection is impossible for individuals in the unobservable state (apparent
mortality). The hidden Markov process is updated alongside the CJS-based model, decomposing
apparent mortality (i.e. transitions to state K+1) into true mortality and permanent emigration.
The process is based on the notion that the true survival probability Sy for a marked sample of
individuals in a finite study area is related to the apparent survival rate

and the residence

probability ry thus:

Eqn. 5

Using a vector of kernel-derived estimates of r for each individual and capture occasion, we rearrange Eqn. 5 to estimate true survival S* as a function of r and the apparent survival estimate
taken from the CJS-based model. The likelihood forms a normal distribution with
probabilities given as follows:
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Eqn. 6

The function is conditional on the observed state of the individual xi,y, reflecting the limitation
that residence probability can only be estimated when the state and location of the individual are
known with certainty.
Parameter values at each hierarchical level (e.g. years) are assumed to form a random
sample drawn from a „hyperprior‟ distribution (Carlin and Louis 1996). In order to ensure that
parameter values are bounded between 0 and 1, we specify hyperprior distributions on the logit
scale. Following Calvert et al. (2009), we use diffuse conjugate normal distributions for
parameter means and gamma distributions for parameter variances (coded as precision τ, rather
than variance 1/ τ in WinBUGS). For observable state transition probabilities Ψ, parameter
values must sum to unity for each observable state. As such, in a model with K possible state
transitions, hyperpriors are specified for K-1 transitions, with the Kth transition being defined as
one minus the sum of all other transitions. As our focus is on unbiased parameter estimation, we
do not directly address the issues of model goodness of fit or model selection directly in this
study, although both are discussed in Appendix 1.
Testing model performance with simulated data
We used a stochastic simulation process to generate realistic datasets with six years of markrecapture sampling in a single study plot (full details in Appendix 2). We incorporated two age
classes (juvenile and adult), and restricted dispersal to juveniles such that all dispersive
movements occurred in the first year of life. Dispersal was simulated as a one-dimensional
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process where individuals were assigned random capture locations relative to the plot boundary,
moving out to a distance sampled from a lognormal distribution with fixed or time-varying
parameters. We generated 25 datasets for each of eight scenarios combining variation in
recapture probability, true juvenile survival rate and dispersal distribution (see Appendix 2 for
details). Sample sizes were fixed at N=100 juveniles captured and released per year.
To analyse each dataset we generated a vector of individual-specific residence probabilities
ri,y from spatial projections of a lognormal dispersal kernel CDF with parameters corresponding
with the mean underlying dispersal distribution (μ = 5, σ = 2). The resulting ri,y values and
sampled capture histories were then used to fit the emigration model in WinBUGS version 1.4
(Gimenez et al. 2009) using the code given in Appendix 3. We used the Gelman-Rubin
diagnostic (Gelman & Rubin 1992) to assess convergence based on three chains for each
scenario, setting a precautionary burn-in run of 10,000 iterations and estimating parameters
based on 50,000 subsequent iterations.
We also examined model performance when residence probability was estimated using a
dispersal kernel derived from right-censored data, as expected in typical finite plot studies where
long-distance movements are detected infrequently. We compared three scenarios of varying
study plot size, capturing the shortest 25%, 50% and 75% of dispersal events respectively. We
generated 25 datasets for each scenario and estimated kernel parameters for each dataset
(including only within-plot recaptures) using the fitdistr function in R version 2.9.2
(http://www.r-project.org). We used ri,y values generated from each kernel to fit the emigration
model. We then repeated each simulation allowing some recaptures to occur within a narrow
range of distances corresponding to the 90% and 95% limits of the true kernel CDF. This
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scenario was therefore akin to a study design with two plots located within the dispersal range of
a target species, allowing the detection of a small proportion of long-distance dispersal events
(i.e. those occurring between disparate plots).
Field-based case study: Cape Sable seaside sparrow
Between 1998 and 2007, intensive CMR monitoring was conducted in eight finite plots (5.5km2
in total) across the sparrow‟s range in southern Florida (Van Houtan et al. 2010). Robustapproach apparent survival estimates for these data were presented by Boulton et al. (2009); we
revisit their dataset to evaluate the potential effect of permanent emigration on juvenile survival
estimates. We estimated residence probabilities using a published juvenile dispersal kernel
generated from the same dataset (Van Houtan et al. 2010). We mapped habitat suitability using
occupancy data from annual breeding season point counts conducted at 1km intervals throughout
the known range (Van Houtan et al. 2010) and generated kernel projections representing two
dispersal hypotheses: 1) dispersal probability independent of habitat suitability and 2) dispersal
constrained to suitable habitat (see Appendix 4). We used both sets of residence probability
estimates to fit the Bayesian emigration model with age-specific survival parameters (juvenile or
adult, K=2), using the uninformative priors and convergence diagnostics described for simulated
datasets.
RESULTS
Survival estimates from the emigration model closely approximated true values across all
simulated scenarios, whilst the equivalent standard CJS model consistently produced negatively
biased estimates (Figure 2a & b). Year-specific estimates showed little evidence of parameter
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„shrinkage‟ towards the hierarchical mean (Calvert et al. 2009; Appendix 5), suggesting that
inter-annual variation was captured effectively by the emigration model given the sample sizes
we simulated (n=100 individuals marked per year). The model was robust to temporal variation
in emigration probability, with little change in mean squared error rates relative to time-constant
dispersal scenarios (Appendix 6). Negative bias increased significantly when kernels derived
from right-censored data were used to estimate residence probability, particularly when only
short distance dispersal events were captured within the study plot (Fig. 2c). However, bias was
reduced for all plot sizes when recaptures were allowed to occur within a small proportion of the
true kernel tail (i.e. long distance events), analogous to a multi-plot study design (Fig. 2d).
For the sparrow dataset, spatial kernel projection yielded individual residence probability
estimates ranging from 0.276 to 0.725 (mean 0.528 ± 0.081 s.d.) under an assumption that
dispersal probability was independent of habitat suitability. When dispersal probability was
constrained to suitable habitats, estimates ranged from 0.264 to 0.690 (mean 0.518 ± 0.080 s.d.),
indicating that these assumptions had negligible impact on the estimation of emigration
probability. The hierarchical mean juvenile survival estimate from the emigration model
assuming habitat independence (0.339 ± 0.078 s.d.) was more than double that of the standard
CJS model (0.151 ± 0.055 s.d.), and showed a significantly wider 95% credible interval (0.191 –
0.585 for the emigration model, 0.094 – 0.240 for CJS), reflecting increased uncertainty once
permanent emigration was taken into account. Results changed little when the model was fitted
using kernel projections with habitat-dependent dispersal, producing a slightly higher mean
juvenile survival rate of 0.342 (± 0.082 s.d.). Annual survival estimates and 95% credible
intervals are given in Appendix 7.
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DISCUSSION
Since the inception of analytical methods for survival estimation from live-recapture data,
researchers have been forced to accept permanent emigration as an unavoidable confounding
issue (Marshall et al. 2004; Zimmerman et al. 2007; Cooper et al. 2008). However, by combining
information on survival and dispersal within a Bayesian framework, we were able to generate
unbiased estimates of survival despite high rates of permanent emigration. Our model performed
consistently across simulated scenarios of varying detection probability, survival rate and
dispersal probability. Fundamentally, the model is similar to other hierarchical applications of
the CJS family (Gimenez et al. 2007; Calvert et al. 2009), and is relatively simple to implement.
It generates standard apparent survival estimates (from the CJS-based model component)
alongside true survival estimates accounting for emigration probability, so no information is lost
relative to traditional survival models. Rather, valuable information is gained on the likely
impact of permanent emigration on survival estimates within a given study system.
In real-world CMR studies, we anticipate that application of our model may be hindered by
inadequate sampling of the true dispersal distribution (Schneider 2003; Cooper et al. 2008). Our
simulations suggested that the inclusion of even small numbers of long-distance dispersal events
can dramatically improve kernel fit, reducing bias in subsequent survival estimates. This result
was unsurprising given that the distribution we used to simulate dispersal (lognormal) exhibits an
inverse power law tail, and therefore shows self-similarity across spatial scales, allowing
adequate modelling from restricted samples (Halley and Inchausti 2002). Inverse power law
distributions are thought to occur frequently amongst dispersive organisms (Brown et al. 2002),
and have been detected in numerous birds (Van Houtan et al. 2007) and butterflies (Fric and
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Konvicka 2007). Study designs involving multiple plots are likely to be highly beneficial in these
cases, as the detection of even small numbers of long-distance movements between plots should
facilitate accurate kernel fitting (Halley and Inchausti 2002; Cooper et al. 2008). Nevertheless,
extreme care should be taken when selecting models used to represent dispersal; gross errors
such as the selection of an inappropriate model family for the dispersal kernel might lead to
highly misleading estimates of emigration probability. In cases where there is considerable
uncertainty in selecting the best model to represent dispersal, increased spatial sampling effort
may be the most sensible approach to generating robust survival estimates.
Whilst the problem of sampling the full distribution of dispersal distances can be addressed
through appropriate study design and analysis, environmental heterogeneity presents a greater
challenge to robust estimation of survival and dispersal (Ovaskainen et al. 2008). As dispersal is
an emergent phenomenon reflecting interactions between an organism and its environment, a
kernel generated from CMR data may only be truly meaningful within the conditions occurring
in the sampled area (Schneider 2003). Owing to the lack of data beyond plot boundaries,
predictions of emigration probability must ultimately rely on uninformed assumptions about
dispersal behaviour with respect to environmental variation. We account for this uncertainty by
constructing models representing different plausible hypotheses about off-plot dispersal. In the
sparrow analysis, we compared scenarios where dispersal was assumed to be dependent or
independent of habitat variation. In fact, survival and emigration estimates for the sparrow varied
little between these divergent scenarios, reflecting the low relative impact of long-distance
dispersal events (i.e. those reaching unsuitable habitats) on the overall probability of emigration
for any given individual. Rather, emigration probability was largely dependent on the frequency
of short-distance movements to areas of suitable habitat just outside the study plot bounds.
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In the absence of data on permanent emigration, we have no means of testing hypotheses
relating to emigration rates. As such, probability density surfaces generated under our approach
are more akin to best-guesses than data-based inferences. Whilst relatively crude, we believe our
approach is still favourable over the standard alternative, which is to ignore permanent
emigration altogether. Demographic inferences that are made using on CJS-based apparent
survival estimates (e.g. estimates of population growth rate or viability) require a „leap of faith‟
that the results are not confounded by permanent emigration. We encourage researchers to make
maximum use of the information at hand within their capture histories in order to minimise this
potential bias. Our model can be applied to any CMR study design, and should generate a more
realistic understanding of survival in study systems where permanent emigration is likely to
occur.
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Table 1. Descriptions of model parameters and data structures used in the Bayesian multistate
model incorporating information on emigration probability
Parameter or

Definition

data structure

Probability that an individual in state a at time t survives to time t+1
Probability that an individual in state a at time t survives to time t+1 and
does not permanently emigrate from the study area
Probability that an individual in state a at time t will be in state b at time
t+1 given that it survives to t+1
Probability that an individual in state a at time t will be detected at time t
Observed state of individual i at time t
True state of individual i at time t
Binary indicator of whether individual i was observed at time t
Estimated probability that individual i observed at time t will remain
within the study area at time t+1, given that it survives to t+1
Time of first capture for individual i
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K

Total number of observable states
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Figure 1. Hypothetical examples of probability density surfaces describing dispersal probability
around a single capture location within a study plot (delimited by broken red line), generated
from a lognormal distribution. Surfaces reflect environments of varying heterogeneity: a)
homogeneous environment in which dispersal probability is independent of environmental
conditions; b) heterogeneous environment comprising suitable and unsuitable habitats (zero
dispersal probability in the latter), where heterogeneity is adequately sampled within the study
plot; c) heterogeneous environment where the plot is poorly representative of heterogeneity
within the wider landscape, such that a dispersal kernel modelled from plot-specific data may be
a poor predictor of movements outside the plot.
Figure 2. Performance of the Bayesian emigration model against simulated capture history
datasets. Upper panels show correlations between true survival rates and model estimates
(posterior means and 95% credible intervals) for a dispersive age class, showing a) estimates
from the standard Cormack-Jolly-Seber survival model (filled circles) and b) estimates from the
emigration model (open squares). Solid lines indicate perfect correlation. Lower panels show
biases calculated from emigration model survival estimates (posterior median – true value) when
ill-fitting dispersal kernels were used to estimate residence probability. Kernels were modelled
for each simulated dataset using recaptures from plots with a maximum dimension equating to
the 25th, 50th and 75th percentiles of the cumulative distribution function (CDF) of the true
dispersal distribution. In c), sampling occurred only within the study plot; in d), recaptures were
allowed within a small proportion of the tail of the true dispersal distribution (between the 90th
and 95th percentiles), analogous to a second study plot. All datasets shown were simulated with
low recapture probability (p=0.5) and fixed dispersal distributions.
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Appendix 1
Extending the model to incorporate temporary emigration
We anticipate that the emigration model will be of greatest use in studies of species exhibiting
natal dispersal and breeding philopatry, such that the probability of return for an individual
dispersing outside the study area will be low. In many circumstances, however, both permanent
and temporary emigration might be expected to occur, for example in species exhibiting delayed
maturation whereby a proportion of natal dispersers will return the study area following one or
more years of dispersive movement across the wider environment. It is possible to account for
temporary emigration within the Cormack-Jolly-Seber (CJS) based component of our model if
data are partitioned into secondary sampling periods (i.e. shorter time periods within sampling
seasons), under an assumption that the population is closed to movement within each secondary
sampling period (Pollock et al. 1990).
The simplest way of accommodating Pollock‟s „robust approach‟ is to consider temporary
emigration as a transition to an additional unobservable state (K + 2). Return transitions from this
state to observable states (i.e. individuals surviving within the study area) are permitted between
primary sampling periods (e.g. years), allowing the estimation of a movement parameter
representing the probability of return to the study area following temporary emigration,
conditional on survival. Detection probabilities are estimated within secondary sampling periods
when the population is assumed to be closed, controlling for the proportion of individuals that
are temporarily unavailable for recapture. As with any multistate model, care should be taken to
ensure parameter identifiability with each increase in model complexity; we refer readers to
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Baliey et al. (2010) for a detailed assessment of approaches to identifying parameter redundancy
in complex multistate models.
After controlling for temporary emigration within the CJS-based model component,
estimation of bias-adjusted parameters within the hidden Markov model component proceeds as
normal. It is assumed that the dispersal kernel used to estimate residence probability r reflects the
true distribution of settlement events in space, and therefore is not influenced by more wideranging dispersive movements that occur prior to ultimate settlement. Residence probability
estimates reflect the likelihood that an individual will settle within the study area during a given
time period (typically the life stage during which dispersal occurs), and are therefore assumed to
be uninfluenced by short-term exploratory movements made prior to settlement.
Goodness of fit and model selection
We do not address the issues of model goodness of fit or model selection in this study, as our
focus is on unbiased parameter estimation, rather than testing hypotheses about the sources of
heterogeneity in survival. Hypothesis tests about sources of heterogeneity within capture history
data (e.g. age, gender, environmental variables) can be incorporated via comparison of
competing models in which survival, movement or detection parameters within the CJS-based
model component are regressed against covariates, or estimated across differing levels of
hierarchical structuring corresponding with factors of interest. Various methods are available to
compare the fit of multistate models under a Bayesian framework, each of which are applicable
to different parameterisations of the CJS-based component of our model; we refer readers to e.g.
King & Brooks (2002), Spiegelhalter et al. (2002) and Gimenez et al. (2009). It should be noted
that neither goodness of fit nor model selection procedures are valid for the bias-adjusted
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emigration model, as the „data‟ used in estimating the bias-adjusted survival parameters (ri,y
derived from spatial kernel analysis) are model-derived estimates and do not provide any
information on true emigration rates. In this respect, it is important to recognise that the hidden
Markov process represents a method for adjusting parameter estimates to account for expected
bias, and cannot be used to directly test hypotheses about emigration probability.
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Appendix 2
Details of the data simulation process and data quality scenarios
We simulated capture histories via a two-step process in which capture history data were
sampled from underlying „true‟ life histories, generated from a stochastic survival process. Each
simulation covered six years of mark-recapture sampling from a single fixed study plot within
the continuous range of a target species. We incorporated two age classes (juvenile and adult),
and restricted dispersal to juveniles such that all movements occurred in the first year of life. As
a result, individuals that emigrated from a study plot did so permanently. As survival of the
dispersing age-class was the parameter of primary interest, all individuals were initially marked
as juveniles. We simulated annual survival as a binomial process, allowing juvenile survival
probability to vary between years by drawing probabilities from bounded uniform distributions
(high survival S ~ U(0.4,0.6), low survival S ~ U(0.2,0.4)). For adult survival, the probability
parameter of the binomial distribution was held constant in all simulations (S=0.8). Juvenile
dispersal distances were drawn from a lognormal distribution with known location and standard
deviation parameters. In order to reduce computational burden when running large numbers of
simulations, we simulated dispersal as a one-dimensional process. Each sampled juvenile was
randomly assigned an initial capture location relative to the plot boundary, with values drawn
from a bounded uniform distribution (in the range 0 ≥ capture location ≤ plot boundary).
Contingent on survival, dispersal occurred to a distance sampled from the lognormal distribution.
Individuals with capture locations close to the plot boundary were therefore more likely to
emigrate than those captured further away. Recaptures were modelled as a binomial process with
fixed probability for each plot (contingent on the individual being alive and present within the
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plot; high recapture p=0.8, low recapture p=0.5). Recapture probability was zero for surviving
individuals that dispersed outside plots.
We examined eight scenarios representing each combination of the three variables of interest
(high and low recapture, survival and dispersal variation), generating 25 datasets in each case. In
simulations with low dispersal variation, juvenile dispersal distances were drawn from a
lognormal distribution with fixed parameters (μ = 5, σ = 2). To simulate high variation in
dispersal, we allowed the location parameter to vary by drawing values from a bounded uniform
distribution (μ ~ U(4,6), σ = 2). In low-variation simulations, the proportion of surviving
individuals emigrating from the study area in a given year ranged from 0.45 to 0.60 (mean 0.54),
with an equivalent range of 0.27 to 0.71 (mean 0.51) in high-variation simulations. Sample sizes
were fixed at N=100 juveniles captured and released per year.
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Appendix 3
Example WinBUGS code for the emigration model

The example outlined below is for a model built to estimate true survival in a dispersive juvenile
age class, where individuals are initially marked as juveniles within in a single study plot.
Consequently, two observable states are identifiable (juvenile and adult, K=2) along with the
unobservable state combining mortality with permanent emigration. The model is hierarchically
structured around years. Data requirements are as follows: K= number of observable states; Y =
number of survey years; nind = number of individuals marked; firsti is a vector giving the year in
which individual i was initially banded; zi,y is a vector of true states (e.g.
zi=(1,2,NA,NA,1,1,2,2,NA,NA)); wi,y is a binary indicator vector showing whether individual i
was observed in year y; ri,y a vector of residence probability estimates derived from spatial
projection of the dispersal kernel;. The model also requires initial values to be supplied for all
parameters that are to be estimated, in order to provide the MCMC iterations with a starting
point.

# Multistate survival and emigration model with K=2 observable states
# State 1= juvenile (up to 1yo), state 2 = adult, unobservable state K+1 = death / permanent emigration.
model
{
# Define hyper-priors for p, phi and S (estimated true survival for dispersive state)
mu.p[1] ~ dnorm(0,0.001) I(-5,5)
tau.p[1] ~ dgamma(0.01,0.01) I(0.0001,1000)
mu.p[2] ~ dnorm(0,0.001) I(-5,5)
tau.p[2] ~ dgamma(0.01,0.01) I(0.0001,1000)

# Detection probabilities for observable states 1&2

mu.phi[1] ~ dnorm(0,0.001) I(-5,5)
tau.phi[1] ~ dgamma(0.01,0.01) I(0.0001,1000)
mu.phi[2] ~ dnorm(0,0.001) I(-5,5)
tau.phi[2] ~ dgamma(0.01,0.01) I(0.0001,1000)

# Apparent survival for observable states 1&2

mu.S ~ dnorm(0,0.001) I(-5,5) # True survival for dispersive juvenile state 1 (for hidden Markov process)
tau.S ~ dgamma(0.01,0.01) I(0.0001,1000)
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# Priors on p, phi & S in each year / state
for(y in 2:Y) {
# Detection parameters
p[y,1] <- 1# Cannot estimate detection of juveniles
p[y,3] <- 0# Cannot detect individuals in unobservable state
logit(p[y,2]) <- etap[y,2]
# Detection probability for adults defined on logit scale
etap[y,2] ~ dnorm(mu.p,tau.p)

# Apparent survival parameters
for(k in 1:K) {
logit(phi[y,k]) <- etaphi[y,k]
#Apparent survival parameters on logit scale
etaphi[y,k] ~ dnorm(mu.phi[k],tau.phi[k])
}

#True survival parameter for dispersive state (juvs)

logit(S[y,1]) <- etaS[y,1]
etaS[y,1] ~ dnorm(mu.S,tau.S)

#Apparent survival probabilities for CJS-based model:
q[y,3, 3] <- 1
# Once in unobservable state, remains there permanently
q[y,3, 2] <- 0
q[y,3, 1] <- 0
q[y,2, 3] <- 1-phi[y,2]
q[y,2, 2] <- phi[y,2]
q[y,2, 1] <- 0
q[y,1, 3] <- 1-phi[y,1]
q[y,1, 2] <- phi[y,1]
q[y,1, 1] <- 0
# Emigration probability for hidden Markov process (dispersive state only)
emiglik[y] <- cut(phi[y,1]) / S[y,1]
# Cut function is used to prevent feedback of information to CJS-based model
}
# defining likelihoods and relationships between data and process
for (i in 1:nind){

for (n in (first[i]+1):Y) {
# Observable process model model (CJS-based)
z[i,n] ~dcat(q[n,z[i,n-1],1:K])
# Observation model
w[i,n] ~ dbern(p[n,z[i,n]])
} # close n loop
# Emigration model concerning residence probability estimates r[i,y] for juveniles
r[i,first[i]] ~ dnorm(emiglik[first[i]+1],tau.emig[1])

} # close i loop

# Arrange output parameters to monitor
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output[1] <- exp(mu.p) / (1+exp(mu.p)) # detection
output[2] <- exp(mu.phi[1]) / (1+exp(mu.phi[1])) # mean juv app surv
output[3] <- exp(mu.phi[2]) / (1+exp(mu.phi[2])) # mean ad surv
output[4] <- exp(mu.S) / (1+exp(mu.S)) # mean true juv survival
for( l in 5:9){
output[l] <- phi[l-5,1] # annual apparent survival for juveniles
}
for(o in 10:14){
output[o] <- S[o-10,1] # annual true survival for juveniles
}

} # end of model
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Appendix 4
Maps of sparrow spatial kernel projections
a)

b)

Figure A1. Dispersal kernel projections for a juvenile Cape Sable seaside sparrow captured
within a study plot in South Florida, created using ESRI® ArcMapTM 10.0 (ESRI, Inc. 2010).
Two kernel projections were used: a) dispersal is assumed to be independent of habitat
suitability; b) dispersal probability is constrained suitable habitat (bounded by solid lines)
assuming zero settlement in unsuitable habitat. Hatched rectangles represent study plots. Annuli
for dispersal kernel projections are depicted with colour-ramp based on spatially explicit kernel
values, with red colours indicating high dispersal probability values and blue colours indicating
low dispersal probability values. Residence probability ri is estimated by summing the kernel
density surface falling within study plot bounds.
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Figure A1. Posterior medians and 95% credible intervals for juvenile survival parameter
estimates (annual values, HM = hierarchical mean) from simulated data, showing apparent
survival estimates from a standard Cormack-Jolly-Seber survival model (filled circles) and the
emigration model (open squares). True parameter values are shown with crosses. The examples
shown are for datasets with high detection probability (p=0.8) and varying true survival rate S
and lognormal dispersal distributions: a) high survival(0.4> S < 0.6), fixed dispersal; b) high
survival(0.4> S < 0.6), varying dispersal; c) low survival(0.2> S < 0.4), fixed dispersal; d) low
survival(0.2> S < 0.4), varying dispersal; N=100 juveniles per year in each case.
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Appendix 6
Table A1. Mean squared errors (± s.d.) for hierarchical mean and annual juvenile survival
estimates from a standard Cormack-Jolly-Seber survival model (apparent survival ϕ) and the
emigration model (estimated survival S*) applied to 25 datasets in each of eight scenarios
involving variation in detection probability (high p=0.5,low p=0.8), survival (high: 0.4> S <
0.6); low: 0.2> S < 0.4) and variation in the distribution of dispersal distances (fixed or varying
lognormal location parameter). Errors are calculated as parameter posterior medians minus the
true value. Also shown are the proportions of datasets in each scenario where the true value was
included within the 95% Bayesian credible interval.
Hierarchical mean
Scenario and parameter estimated

Annual estimates

Mean squared
error

True value
included in
95% CI

Mean squared
error

True value
included in
95% CI

Apparent survival (ϕ)

0.012 ± 0.007

0.320 ± 0.478

0.011 ± 0.008

0.450 ± 0.510

Emigration-corrected survival (S*)

0.002 ± 0.003

0.960 ± 0.200

0.001 ± 0.001

1.000 ± 0.000

0.024 ± 0.011

0.040 ± 0.208

0.023 ± 0.023

0.400 ± 0.503

0.002 ± 0.003

1.000 ± 0.000

0.005 ± 0.006

0.850 ± 0.366

Apparent survival (ϕ)

0.013 ± 0.007

0.330 ± 0.258

0.012 ± 0.008

0.420 ± 0.400

Emigration-corrected survival (S*)

0.001 ± 0.002

0.980 ± 0.020

0.001 ± 0.001

1.000 ± 0.000

Apparent survival (ϕ)

0.017 ± 0.009

0.040 ± 0.208

0.023 ± 0.023

0.390 ± 0.308

Emigration-corrected survival (S*)

0.001 ± 0.001

1.000 ± 0.000

0.003 ± 0.003

0.960 ± 0.220

0.008 ± 0.004

0.520 ± 0.510

0.010 ± 0.010

0.700 ± 0.470

0.001 ± 0.002

1.000 ± 0.000

0.003 ± 0.003

1.000 ± 0.000

Apparent survival (ϕ)

0.038 ± 0.013

0.041 ± 0.200

0.037 ± 0.013

0.000 ± 0.000

Emigration-corrected survival (S*)

0.004 ± 0.004

1.000 ± 0.000

0.001 ± 0.002

1.000 ± 0.000

Low dispersal variation:
S=0.2-0.4, p=0.5

S=0.4-0.6, p=0.5
Apparent survival (ϕ)
*

Emigration-corrected survival (S )
S=0.2-0.4, p=0.8

S=0.4-0.6, p=0.8

High dispersal variation:
S=0.2-0.4, p=0.5
Apparent survival (ϕ)
*

Emigration-corrected survival (S )
S=0.4-0.6, p=0.5

S=0.2-0.4, p=0.8
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Apparent survival (ϕ)

0.009 ± 0.006

0.500 ± 0.490

0.012 ± 0.012

0.620 ± 0.388

0.001 ± 0.001

1.000 ± 0.000

0.003 ± 0.003

1.000 ± 0.000

Apparent survival (ϕ)

0.041 ± 0.018

0.045 ± 0.268

0.038 ± 0.028

0.300 ± 0.420

Emigration-corrected survival (S*)

0.002 ± 0.003

1.000 ± 0.000

0.001 ± 0.002

1.000 ± 0.000

*

Emigration-corrected survival (S )
S=0.4-0.6, p=0.8
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Appendix 7
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Figure A2. Posterior medians and 95% credible intervals for Cape Sable Seaside Sparrow
juvenile survival estimates (annual values and hierarchical mean, HM), showing apparent
survival estimates from a standard Cormack-Jolly-Seber survival model (filled circles) and the
emigration model (open squares).
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ABSTRACT:
The detection of Allee effects is critical in assessing extinction risk, but is extremely difficult
when sampling small, low-density populations. Failure to detect true Allee effects could lead to
over-optimistic assessments of threat status, as well as the development of inappropriate species
recovery plans. We outline a broadly-applicable framework for evaluating Allee effect likelihood
in analyses of sparse demographic data. Our approach explicitly acknowledges the uncertainties
associated with detecting subtle Allee effects amongst the suite of factors that can influence
demographic variability. Information provided by our approach will assist in empowering
conservation decision-makers in their efforts to balance extinction risks against the political and
economic costs associated with management action. We present a case study involving
demographic analyses of the endangered Cape Sable seaside sparrow, highlighting the value of
information on Allee effects for the development of restoration measures within species recovery
plans.
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INTRODUCTION
Factors that cause declines in individual fitness with decreasing population density, termed Allee
effects, are important determinants of extinction risk (Allee et al. 1949; Stevens & Sutherland
1999; Courchamp et al. 1999). Various lines of evidence hint at their ubiquity in nature (Leung et
al. 2004; Lockwood et al. 2005), and they played a deciding role in the rapid extinctions of
formerly-abundant species such as the passenger pigeon Ectopistes migratorius and Carolina
parakeet Conuropsis carolinensis (Butcher 1992). Allee effects may have been influential in
many other extinctions, but they are difficult to detect and are seldom documented even amongst
extant species (Courchamp et al. 2008; Kramer et al. 2009). The uncertainty surrounding Allee
effects inhibits conservation prioritization, as it clouds our ability to accurately assess the
immediacy of threats. In order to improve extinction forecasting and conservation prioritization,
there is an urgent need for more widespread acknowledgement of the potential for rapid Allee
effect-driven extinctions, and more concerted efforts amongst conservation biologists to assess
Allee effects in threatened taxa. We address the latter issue, presenting a general framework for
Allee effect assessment in the conditions of data paucity typically associated with threatened
taxa.
The principal reason Allee effects are seldom demonstrated directly in conservation is a
practical one: the difficulty of gathering data from small or low density populations (Courchamp
et al. 2008). Sample size limitation is often seen as an insurmountable barrier, leaving
conservationists with little choice but to make uninformed assumptions about extinction risk
(Foin et al. 1998; Bakker & Doak 2009). For example, the IUCN criteria for assessing species‟
conservation status does not directly consider Allee effects (unless incorporated within a bespoke
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population viability analysis), but adopt blanket rules of thumb relating to population and range
sizes, and rates of decline (IUCN 2001). This approach is sensible in the absence of detailed
information on Allee effects, but it inevitably runs the risk of underestimating extinction risk in
some taxa (Sanderson 2006; Mace et al. 2008).
The simplest approach to detecting Allee effects is to examine patterns of fitness across
gradients of population density (Courchamp et al. 2008). Although unlikely to provide
conclusive evidence of demographic Allee effects (i.e. those that cause negative population
growth rate), this correlative approach can provide warning signs indicative of heightened
extinction vulnerability. Importantly, the correlative approach is relatively low-cost and easy to
implement, unlike experimental approaches that may be impractical or unethical when dealing
with imperiled taxa. We focus on comparisons between spatially-isolated subpopulations of
varying size, as fragmented populations are commonplace in nature and represent „natural
experiments‟ that can be readily exploited to examine density effects. We provide a set of
analytical tools that can maximize the information extracted from small samples, and use
simulations to illustrate the challenges associated with detecting Allee effects. Finally, we
present a case study involving possible Allee effects in the endangered Cape Sable seaside
sparrow (Ammodramus maritimus mirabilis), highlighting the importance of information on
these effects in adjudicating between available management options.
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MATERIALS AND METHODS
Testing for Allee effects
Detecting a relationship between population density and fitness is challenging in any
circumstance (Freckleton et al. 2006), but is particularly difficult when data collection is
impaired at very low densities. Data sampled across a population density gradient will often
display „availability bias‟, as there are inevitably more individuals to sample at the high-density
end of the spectrum. With such unbalanced data, the signal of an Allee effect can easily be
drowned out by „noise‟ associated with sampling error, environmental stochasticity or other
influential factors that drive variation in the parameter in question (Dinsmore et al. 2002). Most
statistical procedures isolate the dominant relationships within any given dataset (Shaw &
Mitchell-Olds 1993; Burnham & Anderson 2002), and consequently perform poorly in resolving
patterns associated with such unbalanced samples.
We present a two-tier approach to test for Allee effects within datasets of the kind, focusing
on comparisons between subpopulations of varying size. As a first step, we assess the strength
of evidence for a subpopulation-level effect on the parameter in question using informationtheoretic model selection (Burnham & Anderson 2002). This can be readily accomplished for a
wide range of demographic parameters using the software package Program MARK (White &
Burnham 1999). In order to detect patterns consistent with Allee effects, it is essential that the
effects of „nuisance‟ parameters (i.e. influential factors that are not of immediate interest in
analysis) are effectively controlled by modeling variation in the response variable as a function
of covariates (e.g. habitat quality, seasonal variability). The influence of subpopulation size on
the response variable can then be tested by assessing the magnitude of change in Akaike‟s
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Information Criterion (AIC) upon addition of a subpopulation term to the model (differences
exceeding -2 are typically taken to indicate strong support for a given model; Burnham &
Anderson 2002).
As model selection methods can be sensitive to sample size and data imbalance across
covariate levels (Burnham & Anderson 2002), we use a second tier of analysis to account for the
influence of sample size on effect detection. We use a bootstrap prediction interval method
(Stine 1985) to compare observed effect sizes (i.e. differences in a demographic parameter
between subpopulations of varying size) against a null distribution generated from resamples of
data drawn exclusively from large subpopulation data. This approach has the advantage of
providing a clear assessment of the statistical power within a given dataset, as well as the
likelihood of inferential error. Initially, we partition the dataset into separate samples from large
and small subpopulations. Using MARK, we build a predictive model using only data sampled
from the large subpopulation, again incorporating covariate effects to control for nuisance
parameters. We use this model to generate predicted values for the small subpopulation sample,
based on equivalent covariate data. We interpret differences between predicted and observed
values as a proxy for the magnitude of difference between subpopulations after controlling for
nuisance parameter effects. We calculate errors between predictions Pr(ϕ) and observed values
ϕobs thus:
Error = (Pr(ϕ) - ϕobs) / Pr(ϕ)
These errors are assessed against a null distribution of plausible values (i.e. those expected in the
absence of a true difference between subpopulations) generated by re-applying the same
predictive model to 1,000 equivalent bootstrap resamples (without replacement) of large
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subpopulation data (Bunke & Droge 1984; Stine 1985). This produces a 95% null prediction
interval for a given sample size; prediction errors falling outside this interval are taken to
indicate statistically meaningful differences between subpopulations (at an α=0.05 level) after
controlling for covariate effects. This procedure can also be interpreted as a power analysis,
indicating the magnitude of difference between subpopulations that could be statistically
supported (for a given α level and sample size) as being beyond the range of unexplained
heterogeneity within the larger subpopulation.
Simulating the challenges associated with Allee effect detection
In order to illustrate the sampling issues typically arising in field studies of threatened taxa, we
developed a simulation algorithm to generate realistic datasets incorporating data imbalance,
nuisance parameter effects and sampling error. We use these datasets to demonstrate the utility
and limitations of the analytical methods presented above. We use nest survival as a
representative parameter, although the same principals and methods apply to any demographic
variable. Our simulations take the form of subpopulations of varying size, in which nest survival
is influenced by an Allee effect and two „nuisance‟ parameters: seasonal variation (doubling the
probability of nest failure in the second half of the breeding season) and variation associated with
nest placement (25% lower failure probability for nests in a “high survival” group throughout the
season). Sampling error is incorporated by extracting „observed‟ nest encounter histories from
„true‟ nest survival histories in a manner analogous to standard field protocols. Full details of the
simulation algorithm are given in Supporting Information, Figure S1.
We examine a range of sample size and dataset imbalance scenarios (100 datasets in each
scenario) by combining sets of nest histories from large and small subpopulations of varying size
60

(large = 200 or 400 nests; small = 10 to 50 nests in increments of 10). To simulate an Allee
effect, nest failure probability is increased by 30% in small subpopulations, resulting in realised
survival rates ranging from 0.09 to 0.63 (mean 0.35) in the small subpopulation and 0.49 to 0.63
(mean 0.55) in the large subpopulation. To demonstrate the risk of Type I error (i.e. detecting a
spurious effect) under each scenario, we also simulate datasets with no underlying Allee effect
on nest survival likelihood, where data heterogeneity arises purely from sampling error and
„nuisance‟ parameters. In these datasets, realised nest survival rates ranged from 0.29 to 0.82
(mean 0.55) in small subpopulation samples, and from 0.49 to 0.63 (mean 0.55) in large
subpopulation samples.
Case study: management of the Cape Sable seaside sparrow
We also illustrate our approach using demographic data gathered on the Cape Sable seaside
sparrow (hereafter „sparrow‟), an endangered passerine occurring in six spatially isolated
subpopulations within freshwater marl prairies in southern Florida (Fig. 1; Lockwood et al.
2003). Small sparrow subpopulations, particularly subpopulation A (Fig. 1), have shown limited
recovery following significant declines in the 1990s, despite the imposition of direct
management actions (Walters et al. 2000, Cassey et al. 2007, SEI 2007). Possible reasons for the
failure of sparrow populations to recover post-management include: (1) management actions
were insufficient to ameliorate all threats, (2) other unmanaged environmental factors have
prevented population recovery, or (3) the biology of the species itself dictates slow or no
population increases despite the alleviation of threats, i.e. via Allee effects (SEI 2007). We seek
to provide valuable information on the likelihood that breeding productivity in small sparrow
populations is subject to an Allee effect, altering the weight of evidence for (or against) the latter
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factor as the responsible agent for the failure to recover. We hypothesize that decreased
population density might influence nest survival by inhibiting nest defense (Soutullo et al. 2006)
or decreasing parental investment (Møller & Legendre 2001). We analyze nest survival data
collected between 2002 and 2009 in a 1x2 km intensive-survey plot within the large and
relatively stable subpopulation E, together with plots covering two small subpopulations: A (6
km2, 2009-2010) and C (9 km2, 2006-2009). Territory mapping indicated that densities were an
order of magnitude lower in the small subpopulations (1-4 males km-2 year-1) than in the large
subpopulation E (13-26 males km-2 year-1; Supporting Information Table S2). Nests were found
via exhaustive searches and monitored at 2–4 day intervals until fledging or failure.
Sparrow nest survival is known to be influenced by hydrologic variability, declining with
the onset of the wet season in early June (Lockwood et al., 2001; Pimm & Bass, 2002; Baiser et
al. 2008). In order to control for this „nuisance‟ effect, we used model selection to evaluate the
influence of six hydrological variables (Table 1) drawn from the Everglades Depth Estimation
Network database (Liu et al. 2009). Using MARK, we selected the best model from a candidate
set including all combinations of these hydrological variables, together with a categorical term
indicating membership to large (E) or small (A and C) subpopulations (“subpopulation”). We
then applied the bootstrap prediction method using the best model fitted to data from the large
subpopulation (E) exclusively, calculating proportionate errors between model-predicted nest
survival rates and actual maximum likelihood (ML) nest survival estimates for each small
subpopulation dataset (A and C).
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RESULTS
Across our simulated datasets, there was wide variation in the magnitude of difference in nest
survival rates between small and large subpopulation samples (Fig. 2a & b), despite the
simulated Allee effect being constant (30% increased failure rate). This variation arose due to
process stochasticity, nuisance parameter effects and sampling error, all of which are to be
expected in any field-sampled dataset. Allee effect detection was strongly dependent on the
magnitude of overall difference between subpopulations; the failure to detect true Allee effects
occurred when the realized difference between small and large subpopulation samples was
negligible (Fig. 2a). Congruently, the erroneous detection of Allee effects in datasets where no
true effect existed (i.e. Type I error) arose when random processes gave rise to large differences
between subpopulation samples (Fig. 3d).
Overall, the probability of failing to detect an Allee effect when present (Type II error)
consistently exceeded that of spuriously detecting an effect when absent (Type I error) across all
sample size scenarios (Fig. 3). Unsurprisingly, power to detect true Allee effects increased
linearly with sample size in the small subpopulation (Fig. 3a & c). Even for the smallest samples
considered (n=10 in the small subpopulation), Allee effects were correctly detected in 51% of
datasets by model selection. At the largest sample size considered (n=50), the detection rate rose
to 93%. Inferences made using prediction bootstrapping were more conservative, detecting true
Allee effects in 86% of datasets at n=50 and 33% of datasets at n=10 (Fig. 3). Similarly, the rate
of false positive error (i.e. the detection of Allee effects in datasets where none were present)
declined significantly when prediction bootstrapping was applied (Fig. 3b & d). Increasing
sample size in the small subpopulation had little impact on the rate of false positives (Fig. 3b &
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d), although the likelihood of spuriously inferring a strong effect (i.e. ΔAICc <-2) was greatly
increased when sample sizes were small, as indicated by the widening spread of ΔAICc values
for smaller samples (Fig. 3b). Doubling the sample size in the large subpopulation dataset
(n=400 nests) had little effect on error rates, and did not change the relative performance of
either model selection or bootstrap prediction techniques in detecting Allee effects (Supporting
Information, Fig. S2).
In the sparrow case study, model selection suggested no effect of subpopulation size, and
hence no evidence for a component Allee effect (Table 2). We found well-supported effects of
seasonal water table height, timing of nest activity relative to onset of flooding, and the seasonal
duration of flooding on nest survival (Table 3). The best model generated from large
subpopulation data (AICw = 0.13) showed strong predictive power for the large subpopulation E
(from which the model was built), and marginally less accurate predictions for the small
subpopulations (Fig. 4). The only sample falling outside the 95% null interval derived through
bootstrap prediction was from subpopulation C in 2007 (n=15), when the ML survival estimate
was notably higher than the model prediction (Fig. 5). In contrast, in subpopulation A (n=24) the
pooled ML estimate was 43.9% lower than the model prediction, suggesting a lower than
expected rate of nest survival in that subpopulation. When we pooled all data from both small
subpopulations (n=72), the survival estimate was very close to the model prediction (-2.2%
difference). Bootstrapping indicated that statistical power was severely limited for samples
consisting of 10 or fewer nests, with significance (at α =0.05) only being possible for differences
of at least 68% below or 146% above predicted levels at that sample size. In order to infer
subpopulation-level effects with 95% certainty from our maximum pooled sample from small
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subpopulations (n=72), differences of 23% below or 49% above predicted levels would have
been required.
DISCUSSION
The difficulty of analyzing demographic variability within low-density populations presents a
major barrier for the study of Allee effects in threatened species (Doak et al. 2005; Courchamp et
al. 2008; Kramer et al. 2009). The perceived gravity of this barrier has likely deterred researchers
from even attempting to address the issue in many cases. Our findings indicate that with
appropriate analysis, limited samples can indeed provide useful information on Allee effect
likelihood. This information can be invaluable in assessing extinction vulnerability for individual
taxa, as well as in informing the planning of conservation interventions (Courchamp et al. 2008).
Our simulations highlight the complementary value of model selection and bootstrap prediction
in balancing the risk of Type I and Type II errors in these analyses, with bootstrapping providing
a direct measure of the uncertainty associated with data limitation. Our framework can be
applied to any demographic parameter that is expected to vary in relation to population density,
including individual survival rates, dispersal distances, physical growth rates, fecundity or
population growth rate itself. Our methods are easy to implement within freely available
software packages (example Excel spreadsheets showing the application of prediction bootstrap
technique are available on request from the authors).
In endangered species research, failure to detect true Allee effects will have far more
serious implications than the detection of spurious effects. Our simulations showed that despite
data sparseness, model selection offers a powerful means of detecting patterns consistent with
Allee effects. As a second tier of analysis, bootstrapping provides a null distribution against
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which observed patterns can be evaluated, a dimension lacking in the standard model selection
framework (Dinsmore et al. 2002). By generating a null bootstrap interval, we can directly
appraise the degree of unexplained heterogeneity expected for a sample of a given size, and
hence infer the level of statistical power available for detecting an effect. Failure to conduct such
power assessments will increase the likelihood of erroneous inference, potentially resulting in
overly optimistic estimates of the species‟ recovery potential if genuine Allee effects are
overlooked. Our combined framework allows researchers to balance the risk of either form of
inferential error, maximizing the level of information gleaned from small samples and
minimizing the likelihood of overlooking or spuriously inferring an Allee effect.
Allee effects can take many forms, and may operate in a stochastic or non-linear manner
with respect to population density (Stevens & Sutherland 1999; Møller & Legendre 2001).
Consequently, inferences drawn from limited samples should always be treated with caution.
Under our correlative framework, effect detection is heavily dependent on the extent to which
other influential factors (such as habitat quality) can be controlled statistically (Lebreton et al.
1992; Rotella et al. 2007). If other influential factors are poorly accounted for in models, the
presence of unexplained data heterogeneity will substantially inhibit power to detect true Allee
effects, or alternatively increase the likelihood of detecting a spurious effect. Nevertheless, we
argue that even imperfect information on Allee effect likelihood is better than no information at
all. The implications of Allee effects for population persistence are sufficiently potent that any
evidence, correlative or otherwise, should be prioritised in the planning and implementation of
conservation actions.
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In the sparrow case study, we hypothesised that diminished nest productivity at low
densities might be inhibiting population growth. In reality, we found contrasting patterns of nest
survival across the smallest subpopulations (A and C) after controlling for habitat effects, and no
clear evidence of an Allee effect on this parameter. Even allowing for uncertainties, information
of this kind is of significant value in the development of species-orientated conservation
strategies, providing insights into the likely efficacy of different interventions (Foin et al. 1998;
Boersma et al. 2001; Bakker & Doak 2009). In the absence of an Allee effect, habitat creation or
restoration might be sufficient to bring about population recovery, whilst strong Allee effects
might render such actions ineffective. If population growth rate is impeded at low density, more
direct interventions such as translocation or nest protection might be required in order to
facilitate rapid growth (Courchamp et al. 2008; Shirley & Lamberti 2009). For the sparrow, the
apparent absence of an Allee effect on nest survival implies that habitat-based interventions (e.g.
sympathetic water flow management) should be beneficial for breeding productivity in small
subpopulations. Nevertheless, we cannot discount the possibility of Allee effects acting on other
demographic parameters (e.g. survival or emigration). Whilst further analyses are clearly needed,
this example highlights the direct value of information on Allee effect likelihood in informing
conservation strategy. Our results show that small sample sizes should not necessarily deter
efforts to acquire such critical information.
Whilst biodiversity conservation increasingly targets community or landscape-level
actions (Brooks et al. 2006), species-orientated approaches remain widely-used in endangered
species recovery (Bakker & Doak 2009). These actions rely heavily on detailed knowledge of the
biology of the species in question. For endangered taxa, information on demographic variability
at low population density remains a major data gap (Kramer et al. 2009). Currently, many
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attempts to estimate minimum viable population sizes in threatened species must rely on untested
assumptions about demographic variability and Allee effects (Sanderson 2006). We suggest that
researchers make maximum use of the data available, acknowledging uncertainties associated
with sample size and data heterogeneity, in order to develop precautionary assessments of
species vulnerability on a case by case basis.
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FIGURE CAPTIONS
Figure 1 Map showing approximate extent of Cape Sable seaside sparrow subpopulations (A-F)
in South Florida, USA, based on detections from range-wide helicopter surveys conducted since
2005.
Figure 2 Example outputs from model selection and bootstrap prediction techniques aimed at
detecting component Allee effects on nest survival rate (S), manifested as differences between
large (n=200) and small (n=20) subpopulations, using simulated data. Scatterplots show
proportionate errors from model predictions of nest survival (Prsmall) generated using a model
built from large subpopulation data, relative to the true magnitude of difference in nest survival
rates between the subpopulation samples. Histograms show the null distribution of prediction
errors when the same model was applied to 1000 bootstrap resamples of large subpopulation
data. Upper panels (a) show 100 simulations with a component Allee effect (underlying nest
failure probability 30% higher in the small subpopulation); lower panels (b) show 100
simulations without a true Allee effect (failure likelihood similar between subpopulations). Black
circles show cases where both techniques detected meaningful differences between
subpopulations; grey circles show cases where meaningful differences were only detected by
model selection; open circles show cases where neither method detected meaningful differences.
Figure 3 Effects of sample size on inferential error rates from model selection (a & b) and
bootstrap prediction (c & d) techniques aimed at detecting Allee effects from simulated data.
Left-hand panels (a & c) show results for simulated datasets with a genuine component Allee
effect (nest failure probability 30% higher in the small subpopulation), whilst right-hand panels
(b & d) show results for datasets without any Allee effect (failure probability similar between
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subpopulations). Model selection results are presented as the change in AICc (ΔAICc) upon
addition of a subpopulation term to the model; negative values indicate a meaningful effect.
Bootstrap prediction results are presented as proportionate errors from predictions of nest
survival (Prsmall) using a model built from large subpopulation data, with effects assessed against
a 95% null interval generated from 1000 bootstrap resamples of large subpopulation data.
Symbol colour highlights datasets where a meaningful effect was inferred (black) or not (grey) in
each case. Values in parentheses are rates of inferential error (type II in a and c; type I in b and d)
across100 datasets in each sample size category (large subpopulation sample=200 nests in each
case).
Figure 4 Comparisons between observed Cape Sable seaside sparrow nest survival rates (black
squares joined by solid lines) and predicted values from a model built exclusively using data
from the large subpopulation (crosses joined by broken lines). Upper panel shows observations
and predictions for the large subpopulation E, middle panel shows small subpopulation C and
lower panel shows small subpopulation A. Fine broken lines show 95% bootstrap prediction
intervals generated by applying the model to resamples of large subpopulation data (1,000
resamples of equivalent size for each datapoint).
Figure 5 Proportionate differences between observed nest survival rates (maximum-likelihood
estimates) for Cape Sable seaside sparrow small subpopulations and predictions generated using
a model built from large subpopulation data, together with bootstrap null prediction intervals.
Black circles show data for individual years in subpopulation C, open squares show individual
years in subpopulation A, grey circle shows pooled data from all years in subpopulation C, grey
square shows pooled data from all years in subpopulation A, black diamond shows pooled data
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from all years and both small subpopulations. Bold and fine dotted lines show 95% and 99% null
prediction intervals, respectively, derived by applying the model to 1,000 bootstrap resamples of
large subpopulation data for a range of sample sizes.
SUPPORTING INFORMATION
Table S1 Estimates of territory density (within study plots) in three Cape Sable seaside sparrow
subpopulations (A, C and E), derived from intensive surveys.
Figure S1 Schematic diagram showing the structure of a stochastic simulation model used to
generate nest encounter history datasets typical of those observed in field studies.
Figure S2 Relative performance of model selection (a & b) and bootstrap prediction (c & d)
methods in detecting differences in nest survival between small and large subpopulations from
simulated data, where sample size in large subpopulation is increased to 400 nests.
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Table 1 Hydrologic variables used to model Cape Sable seaside sparrow nest survival.
Variable name:

Scale of measurement

Description:

(spatial*, temporal†):
depth

Nest, nest monitoring

Maximum water depth above ground

period
water cover

Region, nest monitoring

Proportion of region with standing water

period
Region, nest monitoring

Number of days with standing water

period

during nest period

Region, nest monitoring

Nest found before/after the onset of

period

flooding (>90% standing water cover)

watertable

Region, season

Mean depth of regional water table

season flood

Regional, season

Proportion of days with >50% standing

water days

flood

water cover
*

Nest – 0.5km2 grid surrounding nest site; regional scale = 4km2 grid surrounding nest site.

†

Nest monitoring period = period from date found to assumed date of fledging or failure; season

= maximum period of breeding activity, 31st March to 10th August.
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Table 2 Results of model selection for nest survival models including data from two small
subpopulations (A and C) and one large subpopulation (E), showing the ten best-performing
models in explaining variability in daily survival rate.

K
*

Model
1. season + flood + water days + watertable

5

AICc

∆AIC

AIC

Devianc

c

w

e

1142.

0.17
0.000

2. season + flood + water days + watertable + water

6

1132.0

0

2

1142.

0.12
0.626

cover
3. season + flood + water days + watertable + depth

7
6

1130.6
6

1143.

0.07
1.665

7
4. season + flood + water days + watertable + subpop

6

1131.7
5

1143.

0.06
1.855

5. season + flood + water days + watertable + season

6

1131.9

9

8

1144.

0.06
1.964

flood
6. season + flood + watertable + water cover

0
5

1132.0
4

1144.

0.05
2.170

2
7. season + flood + water days + watertable + water

7

1134.2
8

1144.

0.04
2.506

cover + subpop

6

1130.5
9
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8. season + flood + water days + watertable + water

7

1144.

0.04
2.595

cover + season flood
9. season + flood + water days + watertable + water

7

1130.6

6

7

1144.

0.04
2.606

cover + depth
10. season + flood + water days + watertable + depth

7
7

1130.6
7

1145.

0.03
3.472

+ season flood
*

5

1131.5
0

Number of model parameters
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Table 3 Variable selection probabilities and parameter estimates (with standard errors and 95%
CI) for each predictor variable included in model selection analyses for Cape Sable seaside
sparrow nest survival data from two small subpopulations (A and C) and one large subpopulation
(E). Parameter estimates are averaged across all models in the candidate set (Burnham &
Anderson 2002).
Selection
Variable name
Intercept

*

probability* Estimate

Lower

Upper

s.e.

CI

CI

-

4.592

0.342

4.025

5.367

season

1.000

-0.023

0.004

-0.032

-0.017

depth

0.290

0.010

0.047

-0.075

0.109

water cover

0.492

0.192

0.546

-0.670

1.469

water days

0.823

0.049

0.030

-0.012

0.105

flood

0.992

-0.882

0.365

-1.702

-0.274

watertable

0.981

-0.016

0.007

-0.029

-0.002

season flood

0.314

-0.039

0.748

-1.803

1.129

subpopulation

0.278

0.008

0.189

-0.323

0.418

Selection probabilities are summed AICw from all models including that variable (Whittingham

et al. 2005).
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Supporting Information Figure S1:

‘Real’ nest survival process:

Subpopulation
(small or
large)

Nest initiation
(day 1-65)

Nest attribute
(“high” or “low” survival)

Observation process:
Number and spacing of
observation events

Observation event
coincides with nest
activity?

Number of potential
failure events x

Yes
Spacing of potential failure
events
Potential failure event
coincides with nest
activity?

No

No

Discovery probability
= 0.5

Nest
discarded

Discovered?
No

Yes

Failure probability p =
0.30 (date ≤45, attribute “high”)
0.38 (date ≤45, attribute “low”)
0.60 (date >45, attribute “high”)
0.75 (date >45, attribute “low”)

Yes

Record date nest
found

Nest still active
in +3 days?

Fail?
Yes

Yes

Fledge

Fail

No

No
Record date nest observed
empty, last date observed
active and fledge/fail.

Figure S1. Schematic diagram showing the structure of a stochastic simulation model used to
generate nest encounter history datasets typical of those observed in field studies. Dashed boxes
indicate fixed parameters, while solid boxes indicate stochastic parameters. Bold boxes indicate
data recorded in final output datasets. The simulation took the form of „subpopulations‟ of n nest
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sites, each containing a nest initiated on a random date within a fixed breeding season (90 days),
with a 25 day nest cycle (initiation to fledging). The survival process was simulated by allocating
a number of potential failure events (x) to each nest site, spaced randomly over the 90-day
season. When a potential failure event coincided with the nest being active (i.e. up to 25 days
after initiation), failure occurred with probability p. We simulated an Allee effect by varying x
between small and large subpopulations, and incorporated additional „nuisance‟ heterogeneity by
varying p over the course of the season (i.e. nest timing) and in relation to a binary survival
attribute assigned randomly to each nest (either „high survival‟ or „low survival‟, analogous to
variation in nest location). In the first half of the season (days 0-45), the failure probability p on
each failure event was 0.3 for nests with „high survival‟ and 0.38 for those with „low survival‟,
changing to 0.6 and 0.75 respectively in the latter half of the season. We simulated the sampling
process by allocating a fixed number of equally-spaced observation events to each nest through
the season, with a 50% discovery probability whenever an observation event coincided with nest
activity. Nests that remained undiscovered throughout the cycle were not included in output
datasets. Monitoring of discovered nests followed a three-day observation interval such that nest
fate dates were imperfectly known, as is typical of most field studies. Simulations were
programmed in Microsoft Excel / Visual Basic using the PopTools V3.0 plugin
(http://www.cse.csiro.au/poptools/).
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Supporting Information Figure S2
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Figure S2. Relative performance of model selection (a & b) and bootstrap prediction (c & d)
methods in detecting differences in nest survival between small and large subpopulations from
simulated data, where sample size in large subpopulation is increased to 400 nests. Left-hand
panels (a & c) show simulations with a component Allee effect (underlying nest failure
probability 30% higher in the small subpopulation), whilst right-hand panels (b & d) show
simulations without a true Allee effect (failure likelihood similar between subpopulations).
Model selection results are presented as the change in AICc (ΔAICc) upon addition of a
subpopulation term to the model; negative values indicate a meaningful effect. Bootstrap
prediction results are presented as proportionate errors from predictions of nest survival (Prsmall)
made by a model built from large subpopulation data, with effects assessed against a 95% null
interval generated from 1000 bootstrap resamples of large subpopulation data. Symbol colour
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highlights datasets where a meaningful effect was inferred (black) or not (grey) in each case.
Values in parentheses are rates of inferential error (type II in a and c; type I in b and d) across100
datasets in each sample size category (large subpopulation sample =400 nests in each case).
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ABSTRACT:
Social information in the form of songs, calls, or other overt behaviors may assist birds in
assessing the quality of potential breeding habitat by providing direct public information about
site quality or by providing indirect cues (e.g., the presence of conspecifics) that may be used to
infer site quality. Artificial song playback has been used to demonstrate the influence of
conspecific cues on the settlement decisions of migratory passerines, however, there is currently
a lack of information regarding resident species. We tested the influence of conspecific
attraction and the effectiveness of artificial song playback on an endangered resident grassland
species, the Cape Sable Seaside Sparrow (Ammodramus maritimus mirabilis). We implemented
a song playback system designed specifically to broadcast artificial song over large areas of
suitable breeding habitat in the Florida Everglades in an attempt to influence the settlement
decisions of male sparrows during territory establishment. Our analyses included the creation of
a qualitative sound map that formed a basis for measuring the species‟ response to artificial song
playback. Our results suggested that territory establishment by Cape Sable Seaside Sparrows
was influenced by artificial conspecific cues provided by our playback system, providing the first
evidence of a resident passerine using such cues in the habitat selection process. Our findings
have important conservation implications for the species in light of ongoing large-scale habitat
restoration efforts in the Everglades ecosystem.
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INTRODUCTION
The selection of suitable breeding habitat is a critical choice for birds since it directly affects
reproduction and survival and thus influences population dynamics. Social information in the
form of songs, calls, or other overt behaviors may assist birds in assessing the quality of potential
breeding habitat by providing direct public information about site quality or by providing
indirect cues (e.g., the presence of conspecifics) that may be used to infer site quality (Stamps
1988; Danchin et al. 2004). In the context of bird conservation, failure to recognize the
importance of social cues in habitat selection can lead to large inefficiencies in the use of scarce
political and monetary resources. Managers may restore or protect highly suitable habitat for a
threatened species, however, the benefits of this action in terms of population increases may
never materialize if the target species does not settle in these areas due to lack of social cues
(Ahlering and Faaborg 2006). One proven solution to this issue is to erect playback audio
systems within unused but suitable habitat, and broadcast calls and songs of the target species.
These artificial song playback systems then provide the necessary social cues to attract
individuals to settle and breed in the restored or protected habitat (Ahlering et al. 2010). Here
we test the effectiveness of artificial song playback systems, and thus the role of social cues in
making settlement decisions, in the Cape Sable Seaside Sparrow (Ammodramus maritimus
mirabilis). This highly threatened species is endemic to the sub-tropical Everglades ecosystem,
and is a year-round resident. Such species have not been the subject of previous research on
social attraction in general, or in relation to conservation management.
While artificial song playback has been widely tested across avian species there are few
examples of its use for endangered species management (Podolsky and Kress 1992; Jeffries and
Brunton 2001; Ward and Schlossberg 2004). Understanding the way species use social
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information in habitat selection decisions is critically important for the conservation of
endangered species. A primary conservation goal is to increase population size, and creating or
improving habitat for breeding often accomplishes this. However, it may not be as simple as „if
you build it they will come‟ if the use of social cues strongly influences the habitat selection
process (Ahlering and Faaborg 2006). Early experimenters used artificial song playback and
decoys to successfully attract colonial waterbirds to unoccupied islands (Kress 1983; Kotliar and
Burger 1984). More recently, researchers have successfully used artificial song playback as a
way to encourage settlement of migratory passerines including Black-capped Vireo (Vireo
atricapilla), Baird‟s Sparrow (Ammodramus bairdii), American Redstart (Setophaga ruticilla)
and Black-throated Blue Warbler (Dendroica caerulescens) into protected or restored habitat
(Ward and Schlossberg 2004; Ahlering et al. 2006; Hahn and Silverman 2006, 2007).
Of course not all threatened birds are good candidates for the use of artificial song
playbacks to influence breeding habitat selection. The use of such units may be most beneficial
for species that have fast life histories, tend to naturally occur at low densities, and have
fragmented ranges. Philopatry tends to slow population response to habitat as it tends to „pin‟
the distribution of breeding individuals to only previously occupied sites (Hahn and Silverman
2006, 2007). Colonization of suitable but unused habitat in these species relies on the settlement
decisions of the few individuals that disperse each year. In terms of conservation, it may be
possible to reduce such colonization inertia by directing territory selection of the few dispersing
individuals toward habitat that is actively managed for the species (Hahn and Silverman 2007).
Similar benefits may be realized when managing species with fast life histories, such as many
migratory passerines. These species are likely to benefit from social cue use when annually
selecting breeding habitat since these species have fewer lifetime opportunities to reproduce.
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Actively directing such species to managed habitat using artificial song playback should have the
effect of maximizing their limited opportunities for reproductive output. Finally, species that
tend to exist at naturally low densities may reduce the potential for Allee effects by clustering
their breeding territories. One biological mechanism for achieving clustered breeding
distributions is for species to use social cues to decide territory placement. The use of artificial
conspecific cues to encourage clustering of breeding distributions in a habitat patch will thus
reduce extinction probability.
Grassland bird species, as a group, tend to show many of these traits, and accordingly,
several grassland species including Baird‟s Sparrow, Savannah Sparrow (Passerculus
sandwichensis) and Bobolink (Dolichonyx oryzivorus) have been shown to use social cues to
select breeding territories (Ahlering et al. 2006; Nocera et al. 2006, 2009). Since grassland birds
in North America have seen precipitous declines over the last decades (Brennan and Kuvlesky
2005), this group is also a prime target for using artificial song playback as a conservation tool.
In this study, we examine the influence of artificial song playback on the settlement decisions of
an endangered grassland bird, the Cape Sable Seaside Sparrow. While there is much
experimental evidence that passerines respond well to the artificial playback of song as a cue to
select breeding habitat, research on social attraction so far has been conducted on migratory
species leaving a gap in information about resident species (Ahlering et al. 2010). This makes the
Cape Sable Seaside Sparrow an interesting case study since the species is resident year-round in
breeding areas. The sparrow also meets several criteria determining whether a species may
respond to artificial song playback (Ahlering et al. 2010): (1) aggregated territories, (2) active
dispersal, (3) short life span, (4) short breeding season, (5) sequential breeding, (6) and a

93

potential tendency for extra-pair copulations (Lockwood et al. 1997; Pimm et al. 2002; Boulton
et al. 2009b; Van Houtan et al. 2010).
The small overall size of the population, restricted range, and limited number of
subpopulations puts the Cape Sable Seaside Sparrow at great risk of extinction from stochastic
events such as wildfires (Pimm et al. 1988). The species has experienced recent population
declines due in large part to degradation of the Everglades ecosystem (Pimm et al. 2002; Cassey
et al. 2007). However, the sparrow may benefit from unprecedented large-scale habitat
restoration efforts currently underway. The Comprehensive Everglades Restoration Plan
(CERP) was established in 2000 with a primary goal of restoring natural water flow to the
Everglades. CERP projects totaled an estimated $9.5 billion by October 2007 (CERP 2010), and
approximately 235 000 acres of land had been acquired by June 2010 as part of the restoration
project (SFWMD 2010).
If Cape Sable Seaside Sparrows respond to artificial song playback, the colonization
process into newly restored habitats in the Everglades may be sped up. These early settlers into
restored habitat should initiate establishment of philopatric resident individuals that will later
serve as natural attractants to maintain a new, or expanded, subpopulation (Ahlering and Faaborg
2006). Increasing the number of Cape Sable Seaside Sparrow subpopulations, and increasing the
number of individual sparrows occupying existing subpopulations, would greatly increase the
probability of long-term persistence in the species by spreading out stochastic extinction risks
across space.
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METHODS
STUDY AREA
The Cape Sable Seaside Sparrow is presently distributed among two large (B and E) and four
small subpopulations (A, C, D and F; Fig. 1). Our study site was located in sparrow
subpopulation C (25°43΄N, 80°61΄W) in the eastern portion of Everglades National Park (Fig. 1).
We had previously conducted an intensive demographic study of breeding sparrows in this
subpopulation since 2006 (Virzi et al. 2009), which provided us with detailed knowledge about
the distribution of sparrows prior to our artificial song playback experiment.

PLAYBACK SYSTEM DESIGN
We designed a playback system to broadcast sparrow song over large areas (> 1 km radius) of
sparrow habitat in short hydro-period marl prairie. The playback units consisted of an Apple
iPod Nano connected to a JBL marine amplifier (model MA-6002) wired with a programmable
timer to turn the units on and off daily. All electronic components were housed in a waterproof
Pelican Case (model 1520) modified for the electronics and necessary wiring. Each unit
broadcast song using two 16-inch speakers (Dayton RPH16) powered by 75-watt speaker drivers
(Dayton D1075T) mounted to tripods approximately 2 m above the ground, which was high
enough to mimic the height at which sparrows perch to sing but low enough to be unobtrusive in
the environment. The playback units were powered with 12-volt marine batteries (Battery
Werker WKDC12-33J) charged with solar power generated by a single BP solar panel (model
SX320M) mounted on the tripod next to the speakers. The design allowed song to be broadcast
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daily throughout the field season without the need for regular visitations, which was necessary
due to difficulties in accessing remote areas in the Everglades where sparrows breed.
The playback units were deployed on 02 February 2009 with timers initially set to
broadcast sparrow song beginning at sunrise for a period of three hours, which is the
approximate time of peak singing by sparrows. The start time was adjusted earlier as the
breeding season progressed to account for the change in sunrise. We used a medley of sparrow
song recorded from several individuals breeding within Everglades National Park in previous
years as our song broadcast from the playback units. The units were turned off on 13 April 2009
at the time when we first observed nesting behavior by sparrows in the subpopulation to reduce
the risk of the song playback interfering with breeding activity.

STATISTICAL ANALYSES
SOUND FIELD
Prior experiments testing the response of birds to artificial song playback systems either never
defined the reach of the sound through available habitat, or made simplifying assumptions about
where song could be reasonably heard (e.g., within a certain radius around the playback unit).
However, sound does not diffuse through air in a regular pattern but instead follows established
and predictable physical laws. We modeled the sound field generated by our playback units
using these laws, and tested for sound quality in the field.
Sound waves carry across space in a conical shape following the inverse square law
where the decibel level (L) decreases as distance (r) from the source increases based on the
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formula L2 = L1 ( 1 / r2), while at the same time expanding wider with distance at a scale
dependent on the shape of the speakers (Celik and Guremen 2008). We used data on sound
quality collected in the field to seed a sound model based on these equations in order to generate
a qualitative map of sound generated from our playback units across our study area. We walked
line transects at 45 degree angles away from each playback unit stopping every 50 m to record
the level of sound being broadcast by the speakers. Observers recorded the sound level placing it
in one of four categories: (1) song heard faintly – sounds natural, (2) song heard well – sounds
natural, (3) song loud – sounds unnatural, and (4) song very loud – sound quality degraded by
distortion. These data were entered into a geographic information system (GIS, ESRI® ArcMap
version 10.0) and were used to interpolate a sound field where artificial song could be heard
around each playback unit using the kriging function in ArcMap. The mapped area of the sound
field was categorized based on the sound values indicated above providing a map of sound
„quality‟. Mapped areas with sound values below three were considered to have the most natural
sounding artificial sparrow song from our playback units. Thus, these areas were where we
expected to observe the strongest response by settling male sparrows to our song playback units.
From these maps, we estimate that 35% of our study area was regularly inundated with artificial
sparrow song, while the remaining 65% was not. We thus expected that if artificial song is used
by sparrows to decide where to place their breeding territories, sparrows will be more likely to
place their territories within this sound field. We expect there to be no pattern of territory
placement relative to the sound field if sparrows effectively ignore the artificial song playback
units, and for territories to be preferentially placed outside the sound field if they are responding
negatively to the presence of artificial song.
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VEGETATION SURVEYS
A central assumption in our analysis is that all habitat within our study area was suitable for
sparrow breeding, and thus plays no appreciable role in determining territory placement. To test
this assumption we analyzed vegetation data collected at 100 m intervals along line transects at
eight sampling sites within the boundary of our study site (Sah et al. 2009). Vegetation
composition (percent cover) was estimated in 10 subplots spaced at 6 m intervals along each
transect. The vegetation data was collected at sites on a three-year rotation; therefore, data used
in our analyses were from multiple years (2006 – 2009).
Following La Puma et al. (2007), we analyzed species composition with the multivariate
software Primer-E® to examine the similarity of sampling sites across our entire study area. We
calculated the full Bray-Curtis species similarity matrix for all samples and then used this matrix
as the basis for analyzing compositional similarity using non-metric multidimensional scaling
(NMDS) (Clark and Warwick 1994). Relative similarities of sampling sites across our study
area were compared using analysis of similarity (ANOSIM), which is similar to a standard
univariate analysis of variance. ANOSIM calculates a test statistic (R) that is used to compare
compositional similarity, where values range between +1 and -1, taking the value of +1 when
samples at one site are more similar to each other than samples at other sites and -1 in the
opposite situation. In the event of any observed dissimilarity between plots, we used the PrimerE® SIMPER routine to disaggregate the Bray-Curtis similarity matrix and computed the average
dissimilarity between all pairs of inter-group samples in order to identify which species were
driving the dissimilarity (Clark and Warwick 1994). This allowed us to assess whether vegetative
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dissimilarities were likely to influence habitat suitability for sparrows within the study area,
based on previous analyses of sparrow breeding habitat requirements (Lockwood et al. 2003).

MEASURING SPARROW RESPONSE
We surveyed the entire study area on multiple occasions each week from 24 March to 29 July
2009 in an attempt to locate all sparrows occupying territories. Territory occupancy was
determined based on the observation of individual males singing on multiple occasions,
observation of aggression towards neighbors, and/or pairing with females. Most male sparrows
in the study area were color-marked making the accurate identification of individuals possible.
During surveys the location of all sparrows and nests encountered were recorded with a handheld
global positioning system (GPS) device that allowed us to map territory boundaries for later GIS
analysis.
We imported the GPS data collected during our sparrow surveys into ArcMap and used
these point data to generate territory polygons for all male sparrows observed in our study area
with the minimum convex polygon tool in Hawth‟s Analysis Tools for GIS version 3.27 (Beyer
2004). We then located the central position of each polygon, and considered this to represent the
center of each male sparrow‟s territory. Next, we buffered each observed territory point by 80 m
in ArcMap to create a hypothetical 2-hectare territory for each male sparrow, which is the
approximate size of actual sparrow territories (Pimm et al. 2002). We observed 14 male
sparrows holding territories in our study area in 2009 (see Results).
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In order to evaluate the influence of song playback on territory distribution in our study area,
we compared the locations of „real‟ sparrow territories to a set of simulated territory
distributions that we created based on competing hypotheses (described below; Fig. 2). The first
step in the simulation process was to create vector files to constrain the placement of random
territory centroids within spatial bounds expected based on each competing hypothesis (greyshaded areas in Fig. 2). Once these vector files were created, we used ArcMap to generate
randomized territory distributions under each competing hypothesis. In each simulation we
generated 14 random points, matching the number of „real‟ sparrow territories found in our study
area, to create a set of expected territory locations that we could overlay onto observed territory
locations. We simulated territories by buffering the random points by 80 m to create 2-hectare
sparrow territories, similar to the process described above for observed data. For each
hypothesis we ran 1000 simulations generating 14 points per simulation in order to obtain a
frequency distribution of resultant territory locations.
Settlement decisions of male sparrows may be influenced by factors including habitat
quality, philopatry, conspecific attraction, or a combination of these factors. Therefore, we
developed six competing hypotheses to explain the settlement decisions made by male sparrows
shown in Figure 2. For the first hypothesis (Hypothesis ARandom) we assumed that male sparrows
settled randomly across the study area without regards to habitat characteristics or conspecific
cues (natural or artificial). Thus, Hypothesis ARandom had no constraints and random points were
generated across the entire study area. The remaining five hypotheses included various
constraints on the distribution of sparrow territories as described below.
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Hypothesis BClustered assumed that sparrows clustered during settlement, possibly due to the
influence of natural conspecific cues. However, this hypothesis assumed that there was no effect
of artificially generated song cues created by our playback system. Thus, when we generated
random points for this hypothesis we allowed the first point in each simulation to occur
anywhere in the study area, but forced clustering of all remaining points based on randomly
selected nearest neighbor distances (NND) within the range observed in sparrow subpopulation
C in 2006 (the year of maximum observed density in the plot; NNDMinimum = 160 m; NNDMaximum
= 1400 m).
For Hypothesis CHabitat we assumed that sparrows based settlement decisions on habitat
quality alone. Given the degree of uncertainty inherent in using analyses of vegetation data to
infer habitat quality, we based our assessment of habitat quality on the prior distribution of
sparrow territories with the study area rather than on habitat measures. For this hypothesis we
therefore constrained random points to the area where sparrows were observed breeding in the
years 2006-2008, making the assumption that the presence of breeding sparrows in previous
years indicates consistent habitat quality in this area. This constraint takes into consideration
how micro-site habitat characteristics not measured in our vegetation analysis might have
influenced settlement decisions.
Since adult Cape Sable Seaside Sparrows are known to exhibit strong breeding site fidelity
between years (Pimm et al. 2002), we developed a hypothesis that takes into consideration
philopatry. Thus, Hypothesis DPhilopatry assumed that settlement decisions were influenced most
strongly by philopatry of sparrows to areas where they nested in the previous year. Therefore,
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we constrained the selection of random points to the area where sparrows were observed
breeding in 2008, forcing a high level of philopatry to previous breeding sites.
The final two hypotheses take into consideration the effect on settlement decisions of the
sound field generated by our artificial song playback units. For Hypothesis EPlayback we assumed
that settlement decisions by male sparrows were influenced most strongly by the artificial song
cues we provided. For this hypothesis we constrained the selection of random points to areas
within the sound field generated by our playback units (see Results, Fig. 3 below). We further
allowed points to be generated only in the areas where artificial song broadcast from our
playback units was expected to sound most natural. Thus, we did not allow points to be
generated in areas in close proximity to the playback units, where we thought sound was too loud
to mimic natural cues based on our sound modeling.
Finally, for Hypothesis FPlayback/Philopatry we assumed that settlement decisions were influenced
to some degree by both the presence of artificial conspecific song and adult philopatry. Thus, for
this hypothesis we combined the constraints placed on the generation of random points from the
previous two hypotheses taking into consideration the potential effect of both adult philopatry
and artificial song cues.
We analyzed differences in the location of simulated and real sparrow territories using a oneway ANOVA (Program R version 2.11.1). The response variable in our ANOVA was the mean
number of overlapping territories (Ω Overlap) detected when overlaying simulated territory
locations to observed territory locations. We used Ω Overlap as our response variable since we
considered any overlap an indication that we could not differentiate between the location of the
simulated and observed (real) territories. We also ran our ANOVA comparing Ω Overlap at larger
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territory sizes (3-, 4-, and 5-hectares) to account for uncertainty in the size of sparrow territories
since previous research had shown that sparrow territories may be larger in small subpopulations
(Boulton et al. 2009a). We compared Hypothesis ARandom to all other competing hypotheses, all
of which were set as factors in the ANOVA, to determine if there were significant differences
from a random distribution. We used the Tukey honest significant difference method (Tukey
HSD) to examine multiple comparisons in order to evaluate the significance of competing
hypotheses. Values reported in the Results section are means ± SE (or SD as indicated) and
significant P-values were based on α = 0.05.

RESULTS
VEGETATION COMPOSITION
The ANOSIM comparing vegetation composition across our study plot indicated that there was
some difference in species composition (R = 0.258, P = 0.001). The SIMPER results indicated
that the relative abundances of two species, Muhlenbergia capillaries and Cladium jamaicense,
were driving the between-plot dissimilarity. Comparing the within-plot similarity for all samples
revealed that these were the most abundant species in all plots; however, their rank order differed
between plots (Table 1). Thus, the vegetation community across our entire study area may be
classified as Muhlenbergia-Cladium, which is known to be suitable breeding habitat for the Cape
Sable Seaside Sparrow (Lockwood et al. 2003).
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SPARROW RESPONSE
We observed 14 territory settlement events (n = 13 individuals; one male sparrow changed its
territory location after a failed nesting attempt) during our surveys. Two males were colormarked in previous years on their breeding territories within our study plot. We captured and
marked 10 of the remaining 11 male sparrows bringing the total 2009 marked population of
males to 12. Since most of the male sparrows breeding in subpopulation C in 2008 were colormarked individuals (9 out of 10), the unmarked individuals found during our study were likely
individuals that either recruited into the population as first year juveniles or dispersed into our
study area in 2009.
Ten of the male sparrows that settled in our study plot in 2009 established territories
within the sound field generated by our playback systems (Fig. 3). All were in areas of the sound
field where sound values were below three, which is where we expected artificial song broadcast
from our playback units to sound most natural. Further, no sparrows established territories in
areas where sound values were greater than three (one male‟s territory bordered this area). One
of the three male sparrows that settled in the area outside the sound field had been previously
marked as an adult, and settled in close proximity to its territory from the previous year (distance
= 128 m). A second male that established its territory outside the sound field had been
previously marked as a nestling, and settled relatively close to its site of birth (distance = 984 m).
The frequency distributions of territory overlap between simulated and observed (real)
territories were normally distributed for all competing hypotheses (Fig. 4). We only report the
results based on simulated territory sizes of 2-hectares since the results were identical when we
increased the size of territories to 3-, 4- and 5-hectares (except that Ω Overlap increased under all
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hypotheses). Our simulations resulted in little overlap between simulated and real territories for
the first four hypotheses (Hypothesis ARandom, Hypothesis BClustered, Hypothesis CHabitat, and
Hypothesis DPhilopatry). Simulations that considered the effect of artificial song playback on
territory location (Hypothesis EPlayback and Hypothesis FPlayback/Philopatry) showed more overlap
between simulated and real territories. The Ω Overlap was highest for Hypothesis EPlayback (mean =
3.5, ± 0.05) indicating that this hypothesis may explain the observed distribution of sparrow
territories best (Fig. 5). Hypothesis FPlayback/Philopatry also had a substantially higher number of
simulated territories overlapping real ones than any of the first four competing hypotheses (mean
= 2.8, ± 0.05). Our ANOVA indicated that all hypotheses were significantly different from
random (Hypothesis A Random, F5,5994 = 237.6, P < 0.001). Tukey HSD pairwise comparisons of
ANOVA results from the six competing hypotheses showed non-significant differences for
Hypothesis BClustered, Hypothesis CHabitat, and Hypothesis DPhilopatry, which thus formed one group
indistinguishable from each other (Table 2). Hypothesis EPlayback and Hypothesis FPlayback/Philopatry
were not significantly different from each other, but were significantly different from all other
hypotheses. This result suggests that both artificial song playback and philopatry explained the
distribution of sparrow territories to some degree.

DISCUSSION
Our results suggest that Cape Sable Seaside Sparrows use social cues produced by conspecific
individuals as one criterion for selecting breeding habitat. Ours is the first study to our
knowledge to show that resident avian species use social cues from conspecifics to make
settlement decisions similar to migratory species. Sparrows responded to artificial song
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playback broadcast over a large area of suitable breeding habitat, with the strongest response in
areas where sound quality was predicted to be closest to the sound of natural song based on
sound modeling. Our findings have important conservation implications for the species in light
of the ongoing large-scale habitat restoration in the Florida Everglades.
Knowing that Cape Sable Seaside Sparrows use social cues to some degree to select
breeding habitat suggests that strategies aimed at increasing the number of subpopulations and
promoting settlement of sparrows in newly restored habitats in the Everglades could profitably
utilize song playback systems to manipulate settlement decisions. While our playback study
shows that settlement decisions can be influenced on a local scale, the true benefit of this
management tool would be its efficacy in influencing the settlement decisions of individuals that
disperse long distances. Long-distance dispersal events between sparrow subpopulations do
occur, and although rare, such events are likely to influence population dynamics (Nathan et al.
2003; Van Houtan et al. 2010). Once restored habitat becomes suitable for breeding it may be
possible to encourage faster recruitment and settlement of long-distance dispersers into restored
areas by strategically placing several playback systems there. The location of playback systems
should take into consideration the properties of the artificial cues being broadcast to ensure that
the best-quality sound is broadcast into target areas, rather than trying to attract sparrows directly
to the playback systems themselves. The systems we designed can be used to create appropriate
cues over a large area (250 ha) and are relatively inexpensive to build and implement making
them a viable conservation tool for this species.
Care should be taken to avoid creating ecological traps in any attempts to redistribute
Cape Sable Seaside Sparrows across the Everglades landscape, given that careless placement
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could encourage settlement of species into poor quality habitats (Betts et al. 2008). We did not
test whether sparrows that nested within the sound field generated by the artificial playback units
had higher, or lower, nesting success than individuals that nested outside the field because of low
sample sizes. This aspect of the use of artificial song playback in conservation of Cape Sable
Seaside Sparrows, or any other endangered species, is a critical question to be answered. At a
minimum, managers should use the most accurate habitat models available to assess the quality
of restored habitat for sparrows before encouraging recruitment into these areas. Additionally,
effects on the avian community as a whole should be taken into consideration since broadcasting
conspecific song of one species may cause other species to abandon suitable sites (Betts et al.
2008; Ahlering et al. 2010; Betts et al. 2010).
While our results indicate that the Cape Sable Seaside Sparrow uses early-season song as
a cue for habitat selection during the current year, it is possible late-season song might also be
used as a cue for selecting territories in the following year, particularly amongst failed breeders
and/or the year‟s fledglings (Doligez et al. 2002; Danchin et al. 2004). Older, more experienced
individuals tend to use previous experience to select high-quality breeding sites while younger,
more inexperienced birds settle near older birds (Nocera et al. 2009). It is these inexperienced
settlers that are most likely to collect information on habitat quality by observing settlement
decisions of others (Serrano et al. 2004; Nocera et al. 2006; Nocera and Forbes 2010). Since the
sparrow is a resident species with strong site fidelity and sequential breeding, dispersers are
likely using early-season song as an important cue for selecting habitat each year. However, we
have observed adult and juvenile sparrows searching areas near our playback units after breeding
(M. Davis personal observation) indicating that sparrows may indeed be using late-season song
as a social cue. Future conspecific attraction experiments for this species should measure
107

sparrow response to both early- and late-season song playback in order to more efficiently target
attempts to manipulate sparrows to settle in new areas.
Finally, we address an important aspect of playback studies that has received little
attention in the literature: the effect of sound quality and amplitude on a species‟ response to
social cues in making settlement decisions (Ahlering et al. 2010). If song amplitude is too low it
could provide stimulation too weak to affect a response. If song amplitude is too high, the
intense stimulation or sound distortion could disrupt or deter settlement. Deciding how to
measure a species‟ response in playback studies is a difficult task, especially for rare species with
small population sizes; therefore, understanding how sound quality affects the response can
vastly improve such studies. In our study, sparrows did not establish territories in areas in close
proximity to speakers where high amplitude resulted in sound degradation, highlighting the
importance of taking into consideration the properties of artificial cues when implementing song
playback studies. By modeling sound quality across our study area, our study provides a more
realistic measure of the response to song playback than studies that assume species will approach
playback units directly.
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FIGURE LEGENDS
FIGURE 1. Map showing boundary of Everglades National Park in South Florida and
approximate extent of Cape Sable Seaside Sparrow habitat (cross-hatched areas) with
subpopulations labeled (A – F). Inset (lower right): Conspecific playback experiment study plot
in sparrow subpopulation C showing location of sparrow territories observed over previous three
years (2006-2008).

FIGURE 2. Competing hypotheses explaining Cape Sable Seaside Sparrow territory distribution
across subpopulation C study plot in 2009 relative to location of song playback units (black
triangles). Each panel of the figure shows one example simulation of 14 random points (black
circles) generated under each hypothesis (A – F) buffered to create 2-hectare sparrow territories
(grey circles). For each hypothesis, the placement of random points was constrained to areas in
grey as follows: Hypothesis ARandom – no constraints, points allowed to occur anywhere in study
area; Hypothesis BClustered – points could occur anywhere in study area, however, clustering of
points was forced at level observed in natural sparrow population; Hypothesis CHabitat – points
constrained to area where breeding occurred between 2006 and 2008; Hypothesis DPhilopatry –
points constrained to area where breeding occurred during 2008 only; Hypothesis EPlayback –
points constrained to area where artificial song playback could be heard at natural-sounding
levels based on sound model; and Hypothesis FPlayback/Philopatry – points allowed to occur in both
2008 breeding area and song playback area.

115

FIGURE 3. Distribution of Cape Sable Seaside Sparrow territories observed in subpopulation C
study plot in 2009 (grey circles – 2 hectare territory boundaries) relative to location of playback
units (black triangles), sound field (shaded area), and location of 2008 breeding population (solid
line – unshaded area). Sound field shows relative decibel levels of playback units across space;
lighter grey tones indicate areas where song sounded most natural (sound values < 3) and darker
grey tone surrounding playback units indicates area where high decibel levels degraded sound
quality (sound values > 3).

FIGURE 4. Frequency distributions of overlap levels between observed Cape Sable Seaside
Sparrow territory locations in subpopulation C in 2009 (n = 14) and simulated territory locations
(n = 1000) under six competing hypotheses: Hypothesis ARandom, Hypothesis BClustered,
Hypothesis CHabitat, Hypothesis DPhilopatry, Hypothesis EPlayback, and Hypothesis FPlayback/Philopatry.
Results in this figure were based on 2-hectare territory sizes.

FIGURE 5. Mean number of overlapping Cape Sable Seaside Sparrow territories (+/- SE)
between observed and simulated data under six competing hypotheses: Hypothesis ARandom,
Hypothesis BClustered, Hypothesis CHabitat, Hypothesis DPhilopatry, Hypothesis FPlayback, and
Hypothesis FPlayback/Philopatry. Results in this figure were based on 2-hectare territory sizes.
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TABLES
TABLE 1. Average similarity (Sim, SD) of vegetation
cover (Cover) within vegetation plots broken down into
contributions (%Con) from each species. Includes only
species whose cumulate contribution accounts for 90%
of similarity.
Species/Plot

Cover

Sim SD

%Con

10.8 34.6 1.8

74.4

6.6 10.4 0.7

22.5

Cladium jamaicense

6.7 23.2 1.0

71.7

Paspalum monostachyum

1.5

3.7 0.5

11.4

Rhynchospora tracyi

0.9

2.6 0.4

8.0

20.8 36.5 1.4

93.8

9.4 18.2 1.4

46.7

C-01-03
Cladium jamaicense
Muhlenbergia capillaris

C-02-02

C-02-03
Muhlenbergia capillaris

C-02-04
Cladium jamaicense
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Muhlenbergia capillaris

6.8

8.7 0.7

22.3

Centella asiatica

3.2

5.7 0.8

14.6

Panicum tenerum

1.9

4.4 0.9

11.3

18.6 43.9 2.3

70.9

9.9 17.7 1.1

28.5

16.5 51.3 4.0

80.5

C-03-03
Muhlenbergia capillaris
Cladium jamaicense

C-03-04
Muhlenbergia capillaris
Cladium jamaicense

2.3

8.3 1.6

13.0

Muhlenbergia capillaris

8.8 39.5 2.2

64.2

Cladium jamaicense

3.2 17.2 3.0

28.0

Cladium jamaicense

4.8 13.9 1.0

40.1

Muhlenbergia capillaris

9.0 12.7 0.7

36.6

Rhynchospora tracyi

1.8

3.1 0.7

8.8

Vernonia blodgettii

0.7

2.1 0.7

6.0

C-03-05

C-04-07
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TABLE 2. Pairwise comparisons of mean number
of overlapping territories between observed data
and simulated data under six competing hypotheses
(A - F) based on Tukey HSD method. All
competing hypotheses are significantly different
from Hypothesis ARandom. Hypothesis EPlayback and
Hypothesis FPlayback/Philopatry are significantly
different from all other competing hypotheses.
Hypotheses

Difference

LCI

UCI

P

A-B

0.39

0.21

0.57

0.00

A-C

0.43

0.25

0.61

0.00

A-D

0.21

0.03

0.39

0.01

A-E

1.84

1.66

2.02

0.00

A-F

1.15

0.96

1.33

0.00

B-C

0.04

-0.14

0.22

0.99

B-D

-0.17

-0.35

0.01

0.07

B-E

1.45

1.27

1.63

0.00

B-F

0.76

0.58

0.94

0.00

C-D

-0.21

-0.39

-0.03

0.01

C-E

1.41

1.23

1.59

0.00

C-F

0.72

0.54

0.90

0.00

D-E

1.62

1.44

1.80

0.00

D-F

0.93

0.75

1.11

0.00

E-F

-0.69

-0.87

-0.51

0.00
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