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Understanding causes of nest loss is critical for the management of endangered bird popu-
lations. Available methods for estimating nest loss probabilities to competing sources do
not allow for random effects and covariation among sources, and there are few data simu-
lation methods or goodness-of-fit (GOF) tests for such models. We developed a Bayesian
multinomial extension of the widely used logistic exposure (LE) nest survival model
which can incorporate multiple random effects and fixed-effect covariates for each nest
loss category. We investigated the performance of this model and the accompanying GOF
test by analysing simulated nest fate datasets with and without age-biased discovery proba-
bility, and by comparing the estimates with those of traditional fixed-effects estimators.
We then exemplify the use of the multinomial LE model and GOF test by analysing Pip-
ing Plover Charadrius melodus nest fate data (n = 443) to explore the effects of wire cages
(exclosures) constructed around nests, which are used to protect nests from predation but
can lead to increased nest abandonment rates. Mean parameter estimates of the random-
effects multinomial LE model were all within 1 sd of the true values used to simulate the
datasets. Age-biased discovery probability did not result in biased parameter estimates.
Traditional fixed-effects models provided estimates with a high bias of up to 43% with a
mean of 71% smaller standard deviations. The GOF test identified models that were a
poor fit to the simulated data. For the Piping Plover dataset, the fixed-effects model was
less well-supported than the random-effects model and underestimated the risk of exclo-
sure use by 16%. The random-effects model estimated a range of 1–6% probability of aban-
donment for nests not protected by exclosures across sites and 5–41% probability of
abandonment for nests with exclosures, suggesting that the magnitude of exclosure-related
abandonment is site-specific. Our results demonstrate that unmodelled heterogeneity can
result in biased estimates potentially leading to incorrect management recommendations.
The Bayesian multinomial LE model offers a flexible method of incorporating random
effects into an analysis of nest failure and is robust to age-biased nest discovery probability.
This model can be generalized to other staggered-entry, time-to-hazard situations.

Keywords: competing risks, exclosures, goodness-of-fit test, nest abandonment, nest predation,
nest survival, Piping Plover.

Quantifying avian nest success is a common objec-
tive of many field studies with such wide-ranging
themes as the evolution of life history patterns

(Martin 1995), source-sink dynamics (Lloyd et al.
2005), effects of land use on avian communities
(Twedt et al. 2010) and management of harvested
or endangered species (Stephens et al. 2005,
Cohen et al. 2009, Guerena et al. 2016). Nest suc-
cess, i.e. the probability that a given nest attempt
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produces at least one hatchling (precocial species)
or fledgling (altricial species), is a critical compo-
nent of productivity (Hoekman et al. 2002), and is
more easily observed and measured than fledging,
recruitment or annual survival rates; it is also gen-
erally easier to increase nest survival probability
through management actions than it is to increase
other vital rates (e.g. van der Burg & Tyre 2011,
Wilson et al. 2012). Thus understanding environ-
mental and management effects on nest success
and on different causes of nest failure are particu-
larly relevant to the conservation of threatened
and endangered bird species.

Most nest survival models recognize two nest
fates, survival and failure, the latter of which may
include failure from multiple causes, such as pre-
dation, abandonment, parasitism and weather
(Ricklefs 1969). Few models have been developed
to estimate separately the rates of failure due to
different causes, although understanding the fac-
tors that lead to different types of nest failure can
be of management interest. For example, aban-
donment at Piping Plover Charadrius melodus
nests with wire exclosures (Melvin et al. 1992)
has been shown to be indicative of adult mortality
due to predators targeting incubating adults as
they leave exclosures (Murphy et al. 2003, Barber
et al. 2010, Roche et al. 2010) and thus has differ-
ent demographic consequences than other nest
failure types and may offset the benefits of
increased hatching rates at exclosed nests (Calvert
& Taylor 2011). In such a context, modelling nest
survival alone as a function of exclosure use is not
sufficient to predict population-level conse-
quences; more generally, if a covariate has oppos-
ing effects on different types of nest failure, then
its importance can only be revealed through a
multi-fate study (Etterson et al. 2007a). To date,
the best available method for modelling multiple
sources of nest failure is the Etterson et al.
(2007b) multinomial extension of their original
Markov chain nest survival model (Etterson &
Bennett 2005). This model has the capacity to
include nest- and time-varying covariates and esti-
mates of nest fate classification error, and can be
analysed using maximum-likelihood methods with
the software package MCESTIMATE (Etterson
2013). The primary drawbacks of the model are:
(1) the classification error parameters are not
estimable without establishing evidence-based esti-
mates from field studies using known-fate nests
(Etterson & Stanley 2008); (2) large numbers of

parameters can result in unstable maximum-likeli-
hood estimates in survival models (Cao & He
2005); and (3) the model does not currently allow
for inclusion of random effects. The use of a Baye-
sian approach offers a solution to the second and
third points.

Random effects modelling is generally appropri-
ate when covariate levels represent a random draw
from a larger population, where the goal is to
extend inference beyond the levels (e.g. sites) used
in the study (K�ery & Schaub 2012), and is a con-
venient means of accounting for unknown sources
of heterogeneity that can bias survival estimates
(Natarajan & McCulloch 1999, Stephens et al.
2005). Few nest survival models analysed in a fre-
quentist framework are capable of incorporating
random effects, largely due to computational limi-
tations (Rotella et al. 2004). PROGRAM MARK can
incorporate simple random effects models into sur-
vival analyses (Cooch & White 2017). The Ste-
phens et al. (2005) model can incorporate a single
site-level random effect but not multiple random
effects or finer heterogeneity sources such as nest
or pair identity. Additionally, Heisey et al. (2007)
caution against the use of random effects in left-
truncated datasets such as are typical for nest sur-
vival studies, due to the potential for age-biased
discovery probability and the possibility that entire
‘clusters’ will be lost before discovery, resulting in
nest survival estimates with a high bias. However,
little attention has been devoted to examining this
problem. With ever-increasing computer process-
ing speed and the introduction of user-friendly
programs such as WINBUGS (Lunn et al. 2000)
and JAGS (Plummer 2013), Bayesian methods have
now become more accessible and more widely
used in ecology, providing a flexible means of
incorporating random effects into nest survival
analysis and assessing the performance of such
models with simulated data.

Testing the fit of nest survival models presents
several difficulties, and such tests are not available
in most software packages and instead must be
custom-built (Dinsmore et al. 2002, Rotella et al.
2004, Shaffer & Thompson 2007). Shaffer and
Thompson (2007) discussed the inappropriateness
of Chi-square tests given the small sample sizes
among ages typical of most nest survival studies
and present an ad hoc graphical method for assess-
ing the fit of age-specific nest survival models.
Sturdivant et al. (2007) described a kernel-
smoothed residual statistic for testing the
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goodness-of-fit for nest survival models with ran-
dom effects. Schmidt et al. (2010) used a deviance
statistic calculated from the cumulative survival
curve in a Bayesian analysis of a model for nest
and chick survival. Of these, only Sturdivant et al.
(2007) used data simulation to assess the ability of
the fit test to correctly reject inappropriate models.
For a multinomial analysis of nest fate, the soft-
ware MCESTIMATE provides several different types
of goodness-of-fit tests (Etterson 2013), including
a multinomial extension of the Hosmer–Leme-
show test (Hosmer et al. 2013).

In this paper we develop a multinomial exten-
sion of the logistic exposure nest survival model
(Shaffer 2004), analysed in a Bayesian framework
for the purpose of incorporating multiple random
effects. Our objectives are to: (1) describe the
model; (2) use simulation to demonstrate the abil-
ity of the model to provide unbiased estimates of
fixed effects and hyperparameters governing the
random effects; (3) assess how the random-effects
model performs in cases of age-biased discovery
probability; (4) demonstrate that omitting site-
level random effects can lead to biased parameter
estimates and underestimated parameter variances;
(5) describe and evaluate the performance of a
goodness-of-fit test for this model; and (6) use the
model to analyse an example dataset from a study
of Piping Plovers from the US Atlantic Coast. Our
method provides a flexible and generalizable
framework for analysis of factors affecting nest fate
that can be expanded to include other types of
ragged-entry multinomial survival or cumulative
hazard data.

METHODS

Field data collection

Biologists overseeing 46 management units (‘sites’)
in eight states (Maine, New Hampshire, Mas-
sachusetts, Rhode Island, New York, New Jersey,
Virginia and North Carolina) collected Piping Plo-
ver nest fate data on 443 nests in 2015 using a
standardized protocol. Site managers erected wire
cages (exclosures) at 175 nests among all sites,
typically within 5 days of clutch completion. Par-
ticipants checked Piping Plover nests at intervals
typically ranging between 1 and 5 days and
recorded the date the exclosure was erected (ex-
closed), visually estimated the per cent vegetation
cover within 2 m of the nest, and categorized the

surrounding beach zone as overwash, dune or
berm. Vegetation cover did not change throughout
the active period of most nests, but for the few
that experienced vegetation growth, vegetation
cover for each interval was calculated as the aver-
age of the cover recorded during the first and sec-
ond visits. At each visit, observers classified the
nest as active, hatched, abandoned, predated,
flooded or other/unknown, based on a common
set of criteria for assigning nest fate. Abandonment
was determined by the presence of eggs combined
with a lack of fresh Plover tracks, lack of parental
presence during at least two consecutive nest
checks, and was at some sites verified by tipping
the eggs on end; if the eggs were still tipped after
1 day this indicated lack of parental attendance.
Observers determined the ages of nests whenever
possible based on the number of eggs present in a
clutch if the nest was found during the laying
phase (where day 0 = day first egg was laid), by
back-dating successful nests assuming hatch
occurred on day 34 (Cairns 1982) or via egg-float-
ing (Liebezeit et al. 2007).

Model description

For illustration we discuss a model in which there
are three sources of nest loss. Our case study
involves a precocial species (Piping Plover) but this
model can be used without modification for altri-
cial species. This model has the form:

yij�multinomial PsðtjÞij;PdðtjÞij;PoðtjÞij;PaðtjÞij
h i

;1
� �

ð1Þ

where yij are the observed fates of nest i at nest-
specific interval j, where each interval is t days
long, and observed nest fates are survival (s), pre-
dation (d), flooding (o) or abandonment (a). The
yij follow a multinomial distribution with one trial
per nest check interval, where the PFij are the
probabilities of the nest being at fate F (F = {s,d,o,
a}) by the end of a check interval j, given the
interval length t. Nest fate is assumed to be classi-
fied correctly. Nests of unknown fate can be
accommodated in the model by assigning NA (not
applicable) to the terminal yij for such nests; this
will inflate the variance of the parameter estimates
to reflect the uncertainty. Nests are assumed to
survive or fail due to cause l (l = {d,o,a}) indepen-
dently of one another.
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The effects of covariates on nest loss probability
during interval j are modelled as linear predictors
of the form:

glij ¼ blcXij þ clr ; clr �Nlðl; RÞ ð2Þ

where blc is a matrix of regression coefficients for
each covariate c associated with nest loss type l,
and Xij is the design matrix with nest- and inter-
val-specific covariate values. The clr represent ran-
dom effects of site r for loss type l, which are
assumed to follow a multivariate normal distribu-
tion with a mean vector (l) of zeroes and vari-
ance-covariance matrix Σ. Daily nest fate
probabilities for nest i in interval j (pFij) follow the
standard multinomial logit function with survival
probability as the reference category:

psij ¼ 1
1þP

eglij
ð3Þ

and daily nest loss probabilities for each loss cate-
gory l:

plij ¼
eglij

1þP
eglij

ð4Þ

For intervals of length t, survival probability is
Psij ¼ ðpsijÞt and nest loss probabilities are the sum
of the daily probabilities of surviving and then suc-
cumbing to loss l on any particular day during
interval t (Heisey & Fuller 1985):

Plij ¼
plij

1� psij
� ð1� ðpsijÞtÞ ð5Þ

For example, for a nest check interval of 3 days,
if the daily survival probability is 0.8 and daily
predation probability is 0.1, then the probability
of predation during the 3-day interval is the sum
of the probabilities of being predated on day
1 + the probability of surviving day 1 and being
predated on day 2 + the probability of surviving to
days 1 and 2 and being predated on day 3, which
is 0.1 + 0.8 9 0.1 + 0.8 9 0.8 9 0.1 = (0.1/(1 �
0.8)) 9 (1 � 0.83) = 0.244. In this formulation,
daily nest fate probabilities are assumed to be
equal for each day during nest check interval j,
unless daily time-varying covariates are incorpo-
rated. Although we do not provide an example in
this article, this model can be reformulated to a
multinomial version of the logistic exposure model
described in Schmidt et al. (2010) to explicitly

incorporate covariates for each day within a nest
check interval.

In all analyses using this model, we used Mar-
kov chain Monte Carlo (MCMC) simulation as
implemented in JAGS 3.4.0 (Plummer 2013), taken
from program R 3.3.1 (R Core Team 2016) via the
package jagsUI (Kellner 2015). We ran three
chains with a thinning rate of one and assessed
chain convergence by visually inspecting the trace
plots and using the Gelman–Rubin diagnostic (R̂;
Gelman et al. 2004) and considered convergence
to be achieved at R̂ < 1.05 for all parameters. We
chose non-informative wide priors for all parame-
ters: for variance hyperparameters, we used a uni-
form distribution of 0–50, and for all intercepts
and fixed-effect covariates we used a normal distri-
bution with mean zero and precision 0.001.

Data simulation to assess model
performance

To examine the ability of this model to provide
unbiased parameter estimates, we conducted two
exercises using repeated simulation of nest survival
datasets (Simulations A and B) followed by analy-
sis of those datasets using our model. In both exer-
cises, we repeated 1000 simulations of nest fate
datasets of n = 1000 nests scattered among 40
sites. Simulated nests began entering the study
beginning at day 1 of the season, with initiation
dates randomly drawn from a binomial distribution
of size 120 with mean set to 32 days after the start
of the season. Nests were discovered and subse-
quently observed with a daily discovery probability
of 97% regardless of age, multiplied by a daily nest
check probability of 50%. In all cases, some pro-
portion of nests that were initiated were never dis-
covered, such that the ending sample size for each
simulation averaged n = 855 nests. In Simulation
A, we simulated data using one set of intercept
values and random effect hyperparameters, with
zero covariance among random effects, and analy-
sed each dataset using an intercept-only model
with site-level random effects. Each MCMC chain
was set to 10 000 iterations with a burn-in of
5000. For Simulation B, we removed the random
effects and added two fixed-effect covariates each
to the predation and abandonment linear predic-
tors (simulation code in Appendix S1). Exclosure
was a binomial covariate varying by nest and time
that decreased predation and increased abandon-
ment probability, vegetation was a nest-level
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binomial covariate that reduced predation, and
nest initiation date was a discrete normal nest-level
covariate that decreased abandonment probability.
For each simulation, 50% of nests were randomly
selected to receive exclosures, which were then
randomly assigned to receive the exclosure at an
age of between 4 and 8 days, roughly reflecting
variation in real management practices and logistics.
Sixteen per cent of nests were randomly assigned
large values for vegetative cover. We analysed
each of the 1000 simulated datasets (analysis
code in Appendix S2) with a fixed-effects model
with all covariates that were used to simulate the
data, with chain lengths of 5000 and a burn-in of
2000.

Random effects in the presence of
age-biased discovery

To test the effect of age-biased nest discovery on
the performance of random-effects models, we
conducted a third simulation (Simulation C) using
1000 simulations of n = 1000 nests each. We sim-
ulated nest fate data with a random site effect on
predation probability and no covariates, and we set
nest discovery probability for a hypothetical altri-
cial species to 30% for nests aged 0–10 days, 50%
for 11–20 days and 90% for 20–34 days because
nests are more easily discovered in the incubation
than in the building stage (Smith et al. 2009), and
for altricial birds, discovery probability is greatest
during the nestling stage due to frequent parental
trips to the nest (Russell et al. 2009). We esti-
mated the predation intercept and variance hyper-
parameter for each dataset using chain lengths of
6000 and a burn-in of 3000, and compared these
parameter estimates with the true values and to
the parameters estimated from the first simulation
exercise.

Effects of using the ‘wrong’ model for
inference

We used a fourth simulation exercise (Simulation
D) to demonstrate the effects of estimating param-
eters using a fixed-effects model when the true
model underlying the data contains site-level ran-
dom effects. We simulated 100 datasets of
n = 400 nests each using random site effects for
each fate, and with fixed exclosure effects on pre-
dation and abandonment probabilities. Each data-
set was analysed with both the ‘correct’ model

(i.e. all random site effects and fixed covariates)
and the ‘wrong’ model (fixed effects only). To
assess the performance of each model, we esti-
mated the mean bias between the estimated and
true parameter values and compared the magni-
tude of parameter standard deviations between
models.

Piping Plover data analysis

To analyse the Piping Plover nest fate data, we
constructed a model with uncorrelated random site
effects for all nest failure categories, exclosure as a
covariate for predation and abandonment probabil-
ity, vegetation cover (0%, 1–20%, > 20%) as a
covariate for predation, and nest initiation date
and beach zone (berm, dune, overwash) as covari-
ates for abandonment. We scaled all continuous
covariates to have a mean of zero and a standard
deviation of one and conducted Bayesian model
selection using the indicator variable approach
(Kuo & Mallick 1998, Link & Barker 2006), where
each regression parameter k is multiplied by an
indicator variable wk that follows a Bernoulli distri-
bution with a prior probability of 0.5. Using this
approach, during each MCMC sample the indica-
tor variables were given a value of one if the
covariate occurred in the model and zero other-
wise. We used the estimated wk to calculate the
Bayes’ factor (BF) for each covariate, where the
BF represents the odds ratio of inclusion (Smith
et al. 2011). Following the recommendations of
Link and Barker (2006, p. 2632) and the example
of Converse et al. (2013), to maintain constant
total model variance regardless of the number of
parameters entering the model, we scaled the prior
variances for each of the fixed-effect covariates by
dividing the prior variance by the number of
covariates entering the model at each iteration,
with a gamma-distributed prior with parameters
3.29 and 7.8 assigned to the total model variance
(R and BUGS code in Appendix S3). We ran
three parallel chains with 70 000 iterations with a
burn-in of 40 000.

Goodness-of-fit assessment

To assess the goodness-of-fit (GOF) of our model,
we used a modification of the GOF method
described in Schmidt et al. (2010), extended to a
multinomial framework and accounting for nests
entering the study at different ages rather than
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extrapolating the fate history backwards to initia-
tion. During each MCMC iteration we simulated
replicate fate observations for each nest under the
observed nest check intervals and covariates in the
model, with each nest set to hatch if it reached
age 34 (R and BUGS code in Appendix S4). We
computed separate fit statistics for each fate by
comparing the observed fate history and expected
cumulative fate probabilities (sensu Schmidt et al.
2010, p. 382). For each fate we used the fit
statistic:

DF ¼
X
ij

ðFij � /FijÞ2
/Fijð1� /FijÞ

ð6Þ

where /Fij are the probabilities of nest i surviving
to nest check interval j � 1 and being in fate F at
the end of interval j. Fij takes values of zero or one
for each fate, with one indicating the nest was
observed in fate F. Equation 6 is a modification of
the fit statistic for multinomial regression given in
Hosmer et al. (2013, p. 284); where they use
expected observations in their fit statistic, we use
cumulative probability curves in the denominator
of Equation 6 because nests cannot return to any
other fate after failure or hatch. We compared the
DF calculated using the observed data with those
calculated using the replicate data to calculate the
Bayesian P-value (Bp) separately for each fit statis-
tic, which represents the frequency that the
observed statistics are greater than the replicated
statistics. Values close to 0.5 indicate good fit,
while values approaching zero or one indicate lack
of fit (Gelman et al. 1996). To perform the GOF
test on the real dataset, we used the subset of the
data with known fates and known ages.

We investigated the performance of this GOF
test by first using it to test the fit of nest fate data
with the same model used to generate the data,
and then by testing the fits of two incorrect mod-
els. We simulated a dataset of 1000 nests from 40
sites using the site variances, exclosure effects, nest
initiation effect and vegetation effect parameters
estimated from the real dataset. We tested the
GOF of a model with all parameters used to gen-
erate the data (correct model), an intercept-only
model and a model with fixed effects only (incor-
rect models). If this GOF test is an appropriate
means of detecting lack of fit, then we expect the
Bp values for the correct model to be close to 0.5
and the Bp values for the incorrect models to be
close to zero or one.

We estimated the fit of the top Piping Plover
model by incorporating the GOF test into a model
including the random effects and all covariates with
a BF > 1. To compare inferences and fit of models
lacking random effects, we also analysed the Piping
Plover data using a fixed-effects model including
the same slope covariates, and an intercept-only
model. We compared the parameter estimates,
standard deviations and fit assessments of these
models with those of the random-effects model.

RESULTS

Model performance

Both the random-effects (Simulation A) and the
fixed-effects (Simulation B) models successfully
estimated the variance hyperparameters and fixed
covariates, with mean estimated values all within
5% of the true values used to simulate the datasets
(Fig. 1).

Random effects in the presence of age-
biased discovery

For the random-effects model analysis of data sim-
ulated with age-biased nest discovery probability
(Simulation C), estimated values were within 5%
of the true values and broadly overlapped the esti-
mates from data simulated with constant discovery
probability (Fig. 2).

Effects of using the ‘wrong’ model for
inference

For data generated using site random effects and
analysed using multiple models (Simulation D),
average bias for all parameters estimated using the
correct random-effects model was 1.5%, with bias
< 5% for all parameters except for exclosure effect
on abandonment (bias = �15%; Fig. 3). For esti-
mates using the fixed-effects-only model, bias aver-
aged 13% and was < 5% only for the predation
intercept and slope; bias was 10% for the flooding
intercept, 12% for the abandonment intercept and
�43% for exclosure effect on abandonment
(Fig. 3). Standard deviation estimates of the
parameters averaged 71% smaller using the fixed
effects model than the random effects model,
ranging from 2% smaller for the predation inter-
cept and slope to 64% lower for the flooding inter-
cept (Fig. 4).
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Piping Plover nest fate analysis

The effects of exclosure use and nest initiation
date on nest fate were well supported (wk ≥ 0.95)
by the model selection procedure, whereas vegeta-
tion cover and beach zone received low support,
and with the 95% credible interval for beach zone
overlapping zero (Table 1). Exclosure use reduced
predation probability and increased abandonment
probability (Fig. 5), and abandonment probability
was negatively correlated with nest initiation date

(Table 1, Fig. S1). Nests with > 20% vegetation
cover had lower predation probability than nests
with little or no vegetation (Fig. S2). The esti-
mated among-site variances for flooding and aban-
donment probabilities were greater than that for
predation probability (Table 1).

Goodness-of-fit assessment

For data simulated using covariates and site ran-
dom effects, the GOF test of the true model

Figure 1. Posterior estimates from two sets (A and B) of nest fate simulations, each set containing 1000 simulated datasets
(n = 1000 nests each) and the true values (dark vertical lines) used to generate the datasets. Hyperparameters are from the random-
effects models in Simulation A, and the remaining parameters are from the fixed-effects models in Simulation B. Intercepts and
slopes are from the linear predictors of three nest failure categories: predation (Pred), abandonment (Aban) and flooding (Flood).
Exclosure is the effect of nest exclosure use on predation and abandonment probabilities, vegetation is the effect of nest vegetation
cover on nest predation and nest initiation is the effect of nest initiation date on abandonment probability.

Figure 2. Intercept and site variance hyperparameter values for daily probability of predation, estimated from two sets of 1000 nest
fate datasets (n = 1000 nests each) simulated using no detection bias (Simulation A) or with positive age-biased nest discovery prob-
abilities (Simulation C), and the true values (dark vertical lines) used to generate the datasets.
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indicated a good fit (Bpsurvival = 0.71, Bpabandonment =
0.40, Bppredation = 0.81, Bpflooding = 0.28). The
GOF test of the intercept-only model identified a
lack of fit for all fates except flooding (which did
not include fixed effect covariates in the simulation;
Bpsurvival = 0.99, Bpabandonment = 0.06, Bppredation =
1.00, Bpflooding = 0.46). The GOF test of the
fixed-effects-only model suggested a lack of fit
for survival and predation probabilities (Bpsur-
vival = 0.93, Bpabandonment = 0.31, Bppredation = 0.94,
Bpflooding = 0.48).

The GOF test indicated good fit of the Piping
Plover model with site random effects and the top
five covariate effects, whereas it indicated poor fit
of the fixed-effects and intercept-only models, as
evidenced by at least one Bp value > 0.95
(Table 2). Parameter estimates of the fixed-effects
and intercept-only models were of lesser magni-
tude for most covariates, such that despite the
decreased variance around the estimates, the 95%

Bayesian credible interval for exclosure effect on
abandonment overlapped zero in the fixed-effects
model (Table 2).

DISCUSSION

This extension of the multinomial logistic expo-
sure model makes it possible to estimate probabili-
ties of different types of nest failures and serves as
an unbiased estimator of failure probabilities, ran-
dom effects variance and covariate effects even in
the presence of age-biased detection probability, as
evidenced by the simulation exercises. This model
offers a flexible means of incorporating multiple
and potentially correlated random effects, which
can be important for providing unbiased estimates
of fixed effects or can be of biological interest in
their own right. For example, Link et al. (2002)
used a model with correlated individual random
effects in a model of annual survival and breeding

Figure 3. Posterior parameter estimates for daily probability of predation (Pred), abandonment (Aban) and flooding (Flood) from 100
nest fate datasets (n = 400 nests) simulated with site random effects, each analysed using a mixed-effects and fixed-effects model
(Simulation D). Intercepts for each fate are shown as well as the regression coefficient for nest protection via exclosure use (Exclo-
sure) on abandonment and predation probabilities. The true values used to generate the datasets are shown as dark vertical lines.

Figure 4. Posterior estimates of parameter standard deviations for daily probability of predation (Pred), abandonment (Aban) and
flooding (Flood) from mixed-effects and fixed-effects models used to analyse 100 nest fate datasets (n = 400 nests) simulated with
site random effects (Simulation D). Intercepts for each fate are shown as well as the slope effect of nest protection via exclosure use
(Exclosure) on abandonment and predation probabilities.
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probabilities of Black-legged Kittiwakes Rissa tri-
dactyla to elucidate the life-history trade-offs
between reproductive effort and longevity. Most
often, random effects are included in models as a
means of addressing potential sources of lack of
independence. In our case, nests clustered by site

might be more likely to experience similar fates
due to complex environmental factors, not all of
which can be measured or incorporated into the
model as fixed effects.

We demonstrated that if the underlying data
contain un-modelled heterogeneity in the form of
site random effects, traditional fixed-effects models
can underestimate fixed-effects parameters and
parameter variances, potentially affecting infer-
ences. In our simulation example, the fixed-effects
model underestimated the tendency of exclosure
use to increase nest abandonment probability
(indicative of adult mortality) and overestimated
the probability of abandonment at unprotected
nests. In a management context these discrepan-
cies could result in overly liberal use of nest exclo-
sures by underestimating their negative impacts on
breeding adults. Parameter bias was negligible, on
the other hand, for the predation intercept and
exclosure effect, probably reflecting the fact that
predation was the most common source of nest
failure, thus providing enough data from all sites
to estimate the overall mean parameters for preda-
tion adequately. Other studies have demonstrated
biases in survival estimates (Natarajan & McCul-
loch 1999) and estimates of covariate effects (Ste-
phens et al. 2005) in the results of fixed-effects
analyses compared with mixed-effects models.

There has been concern that including random
effects in left-truncated data could result in overes-
timating survival probability because the most
‘frail’ clusters might fail before discovery (Heisey
et al. 2007). However, our simulations using con-
stant daily nest discovery probability and age-
biased discovery probability resulted in nearly
identical, and unbiased, estimates of mean and site
variance in predation probability. We suggest, as
do Schmidt et al. (2010), that using site-level ran-
dom effects may be less likely to result in missing
entire frailty clusters compared with finer-level
random effects such as individuals. Theoretically,
sites not considered for inclusion in this study
could represent such extremes of frailty, where if
nests are started they fail so quickly that birds are
never detected and the sites are assumed unoccu-
pied. If this is suspected, then care must be taken
to limit inference to those sites that had non-zero
probability of inclusion in the study.

An important assumption of this model is that
causes of nest failure are correctly classified. This is
unlikely to be met strictly for the majority of stud-
ies, although estimates will still be unbiased if

Table 1. Standardized parameter estimates, 95% Bayesian
credible intervals (BCI), inclusion probabilities (weight) and
Bayes’ factors (BF) for variables hypothesized to affect daily
probabilities of flooding, abandonment and predation of Piping
Plover Charadrius melodus nests (n = 443) at 46 sites along
the US Atlantic Coast in 2015.

Parameter Mean

Lower
95%
BCI

Upper
95%
BCI Weight BF

Intercepts
Abandonment �7.23 �8.67 �6.32
Predation �5.15 �5.64 �4.74
Flooding �6.47 �7.75 �5.65

Among-site variances
Abandonment 1.40 0.47 2.6
Predation 0.62 0.24 1.12
Flooding 1.39 0.73 2.52

Fixed effects on predation
Exclosure �0.97 �1.36 �0.61 1.00 Inf
0–20%
vegetation

�0.004 �0.24 0.22 0.64 1.78

> 20%
vegetation

�0.40 �0.72 �0.11 0.64 1.78

Fixed effects on abandonment
Exclosure 0.78 0.22 1.43 0.95 19
Nest initiation
date

�0.99 �1.63 �0.44 0.99 99

Overwash �0.20 �0.94 0.44 0.45 0.82
Dune 0.38 �0.06 0.83 0.45 0.82

Figure 5. Estimated 34-day interval probability of predation
(Pred), abandonment (Aban) or hatch for Piping Plover (Char-
adrius melodus) nests with and without predator exclosures at
46 sites along the US Atlantic Coast in 2015. Boxes represent
25–75% interquartile ranges (IQR), lines represent medians,
and whiskers represent data range excluding outliers (> 1.5
times IQR).
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pairwise rates of misclassification are equivalent
(Etterson et al. 2007b). However, it may often be
true that some fates are more likely to be misclassi-
fied, or are more likely to be mistaken for one par-
ticular alternative fate than for others. Dealing with
uncertain fate has been a pervasive problem for nest
survival estimation in general (Manolis et al. 2000,
Stanley 2004) and is an especially important issue
for a competing risks analysis such as this. Etterson
and Stanley (2008) described an extension of their
Markov-chain model to incorporate various combi-
nations of certain-fate nests (from videography) and
other unequivocal fate evidence in their competing
risks nest model. It would be possible to extend our
model to incorporate rates of classification error in a
manner similar to that described by Etterson et al.
(2007b), with misclassification rates estimated by
comparing true fate determined through video with
independent, field-based assessments of the same
nests. However, such efforts will be beyond the
scope of many studies and we thus recommend that
use of our model be restricted to studies where each
fate can be classified using a well-defined set of evi-
dence criteria (i.e. fate not typically assigned by

process of elimination), and in which check inter-
vals are short enough to reduce decay of fate evi-
dence or occurrence of secondary fates (e.g.
subsequent flooding or scavenging of an abandoned
nest). Furthermore, at nests lacking strong evidence,
nest fate can be left undetermined but retained in
the dataset rather than making a best guess; this will
inflate the variance of the estimates and lead to
more conservative conclusions rather than to biased
estimates resulting from misclassification.

The GOF test described in this paper is similar
to that developed by Schmidt et al. (2010) but
extended to multiple fates, and we provide the
first demonstration of its ability to detect model
inadequacies. In the simulation exercise, the GOF
test provided strong evidence to reject the inter-
cept-only model and moderate evidence to reject
the fixed-effects-only model when used to analyse
data generated using a mixed-effects model. There
are no firm criteria available when using Bp values
for assessing the fit of a model; rather, the Bp
value is a probability statement about the differ-
ence between the realized and expected discrep-
ancy measures (Gelman et al. 1996). We suggest

Table 2. Comparison of parameter estimates and fit statistics of three multinomial nest fate models used to analyse known-fate and
known-age Piping Plover Charadrius melodus nest fate data (n = 391) collected at 46 sites along the US Atlantic Coast in 2015.

Parameter

Mixed effects with
covariates

Fixed effects with
covariates Intercepts only

Mean sd Mean sd Mean sd

Intercepts
Predation �4.26 0.26 �4.16 0.18 �4.66 0.12
Abandonment �7.38 0.81 �6.79 0.44 �5.95 0.22
Flooding �6.77 0.65 �5.53 0.18 �5.53 0.18

Among-site variances
Abandonment 1.13 0.70 – – – –
Predation 0.60 0.21 – – – –
Flooding 1.44 0.55 – – – –

Fixed effects on predation
Exclosure �2.01 0.42* �1.98 0.39* – –
0–20% vegetation 0.10 0.24 0.10 0.25 – –
> 20% vegetation �0.95 0.48* �0.91 0.47* – –

Fixed effects on abandonment
Exclosure 1.56 0.67* 1.32 0.50 – –
Nest initiation date �0.17 0.24 �0.22 0.23 – –

Model fit statisticsa

Bp survival 0.61 0.49 0.95 0.23 1.00 0.01
Bp abandonment 0.56 0.50 0.49 0.50 0.28 0.45
Bp predation 0.63 0.48 0.62 0.48 0.91 0.28
Bp flooding 0.85 0.36 0.98 0.16 0.97 0.17
Model deviance 1263.61 14.09 1341.52 4.05 1390.66 2.48

aBayesian P-value (Bp) estimated separately for cumulative survival, abandonment, predation and flooding probability curves. *95%
Bayesian credible interval does not overlap zero.
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that repeated simulation and analysis of datasets
could be used to provide custom benchmark Bp
values to serve as acceptance criteria. Although we
did not undertake such a full exploration, Bp val-
ues for the correct model of the simulated data
ranged from 0.28 to 0.81, and for the incorrect
models Bp values were > 0.99 or < 0.07 when
both random and fixed effects were missing, and
> 0.92 for some fates when only random effects
were missing. Thus, values > 0.99 or < 0.01 may
be taken to suggest gross model inadequacies (as
recommended by Gelman et al. 2004), whereas
values approaching 0.05 or 0.95 may be indicative
of smaller inadequacies such as overdispersion.

Piping Plover nest fate

The GOF and model selection results indicated a
strong effect of exclosure use on Piping Plover nest
fate. Exclosure use resulted in increased abandon-
ment and reduced predation rates, with a net
effect of greater daily survival rates at exclosed
nests. Exclosure use has been well documented to
increase daily survival rates for Piping Plovers at
many sites (e.g. Melvin et al. 1992, Barber et al.
2010, Doherty & Heath 2011), with recent inves-
tigations also documenting an increase in apparent
abandonment attributed to exclosure use (Maslo &
Lockwood 2009, Barber et al. 2010). Estimated
site variance in the abandonment intercept param-
eter was 1.40, which translates to a range (�2 sd)
of 1–6% overall probability of abandonment per
nest attempt for unexclosed nests and 5–41% for
exclosed nests among sites. This suggests that,
although there is an overall pattern of increased
abandonment with exclosure use, the severity of
the problem is site-specific, and testing the fit of a
random-slopes model in the future may be war-
ranted. Possible sources of site-specific variation
include exclosure dimensions and materials (Vaske
et al. 1994, Murphy et al. 2003), availability of
perches for raptors (Murphy et al. 2003) and the
presence of predators that have learned to target
exclosures (Niehaus et al. 2004).

Estimates of nest loss to different causes can pro-
vide more detailed management guidelines than
examining survival alone and can reveal opposing
risks associated with a single covariate, as is the case
with exclosure use at Piping Plover nests. Manage-
ment recommendations should be based on demo-
graphic consequences (Calvert & Taylor 2011,
Cohen et al. 2016); thus, with adult mortality

associated with nest abandonment but not nest pre-
dation, estimating only daily nest survival probability
with exclosure use could not be used to predict pop-
ulation-level effects of exclosure use. Rather, with
this model we demonstrated that exclosures
decreased predation probability but increased aban-
donment probability, and that abandonment proba-
bility with exclosure use varied among sites. The
decision to use exclosures will rest on the site-speci-
fic trade-off between predation and abandonment
risk, corresponding to the trade-off between decreas-
ing adult survival and increasing hatching success.

This Bayesian multinomial logistic survival
model provides a robust and flexible means of esti-
mating competing probabilities of nest failure that
can be generalized to other types of ragged-entry
multistate or time-to-event scenarios. Multiple ran-
dom effects can be incorporated to account for
clustering of fate probabilities among nests within
a site. Modelling covariate effects on multiple fates
will generally require greater sample sizes than sin-
gle-fate nest survival models or multi-fate mod-
elling without covariates, but with adequate data
this model can readily incorporate ecological and
management correlates.
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SUPPORTING INFORMATION

Additional Supporting Information may be found
in the online version of this article:

Appendix S1. R code for simulating multi-fate
nest data with fixed-effects covariates.

Appendix S2. BUGS code of multinomial nest
survival model, used to analyse data simulated in
Appendix S1.

Appendix S3. R code for analysis of real dataset
with Bayesian indicator variable model selection.

Appendix S4. R code for goodness-of-fit tests
used for the real dataset.

Figure S1. Interval probability of abandonment
or hatch as a function of nest initiation date for
Piping Plover Charadrius melodus nests at 46 sites
along the US Atlantic Coast in 2015.

Figure S2. Probability of nest predation as a
function of vegetation cover for Piping Plovers
Charadrius melodus at 46 sites along the US Atlan-
tic Coast in 2015.
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