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Abstract. The distribution of a species over space is of central interest in ecology, but
species occurrence does not provide all of the information needed to characterize either the
well-being of a population or the suitability of occupied habitat. Recent methodological
development has focused on drawing inferences about species occurrence in the face of
imperfect detection. Here we extend those methods by characterizing occupied locations by
some additional state variable (e.g., as producing young or not). Our modeling approach deals
with both detection probabilities <1 and uncertainty in state classification. We then use the
approach with occupancy and reproductive rate data from California Spotted Owls (Strix
occidentalis occidentalis) collected in the central Sierra Nevada during the breeding season of
2004 to illustrate the utility of the modeling approach. Estimates of owl reproductive rate were
larger than naive estimates, indicating the importance of appropriately accounting for
uncertainty in detection and state classification.
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INTRODUCTION

The proportion of sites or area occupied by a species is
an important topic relevant to a variety of ecological and
evolutionary questions involving such topics as species
range dynamics, metapopulation dynamics, species—
habitat relationships, and interspecific relationships.
Because of its importance, recent efforts have focused
on development of methods for estimating and modeling
occupancy and associated dynamics (see MacKenzie et
al. 2006 for summary). These methods are based on
multiple visits to sites, where species detection and
nondetection are noted, and the proportion of sites that
is occupied by the species is estimated in the face of
imperfect detection. Here, we extend these methods to a
large class of questions that seek to classify sites by
different categories of occupancy. For example, one of
the most common uses of this method will be to classify
occupied sites by whether young animals are produced at
the sites. This distinction is relevant to ideas about source
and sink sites (Pulliam 1988), and, more generally, about
contributions of local sites to metapopulation dynamics
(Runge et al. 2006). In addition, this method has
relevance to evolutionary questions, because it can help
elucidate site quality through its focus on fitness
components such as reproduction (Fretwell 1972, Frank-
lin et al. 2000). The concept of categories of occupancy is
very general and can include animal behaviors at sites
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(e.g., sites used for resting vs. foraging), sites with and
without diseased or parasitized animals, and so on.

The concepts underlying our modeling are general and
readily extend to variable numbers and types of states.
However, we illustrate the approach with a specific
problem involving estimation of reproductive rate of
California Spotted Owls (Strix occidentalis occidentalis)
in the face of state classification uncertainty and variable
sampling protocols. Because potential owl territories are
inhabited by a single breeding pair, the problem of
estimating the proportion of sites at which young are
produced can be translated into the problem of estimat-
ing the proportion of pairs that produce young. Franklin
et al. (2004) concluded that this problem was sufficiently
substantial to preclude detailed meta-analysis of Spotted
Owl reproductive rates in a recent synthetic treatment of
demographic data from five large study sites. Subsequent
analyses of these data by Seamans (2005) highlighted the
dependence of reproductive rate estimates for this species
on area-specific sampling protocols and led to the
recommendation that investigators (1) better standardize
protocols and (2) develop an estimation approach that
can estimate reproductive rate in the face of variable
numbers and kinds of visits to owl territories. Here, we
first develop a general three-state model for use with
detection—nondetection data that include state classifica-
tion of sites with detections. We then apply the model to
reproductive rate data for the California Spotted Owl.

GENERAL SAMPLING SITUATION

We will deal with situations in which multiple visits
are made to each of a set of sites or locations over a
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fairly short time frame within a season. The true states
of the sites are unoccupied (state = 0), occupied with no
production of young (state = 1), and occupied with
successful reproduction (state =2). At each visit to a site,
the result of the site visit is classified as either no
detection of the species (denote as 0), detection of the
species in state 2, with no uncertainty associated with
state assignment (denote as 2), or detection of the species
with uncertain reproductive state assignment (denote as
1). It is assumed that certain kinds of observations (e.g.,
detections of young in nest or fledged young in trees
within the territory) lead to unambiguous classification
of the site as belonging to state 2. In contrast, failure to
make such observations (1) does not necessarily indicate
the absence of successful reproduction, but admits the
possibility that the site is in state 1 (species present but
no production of young) or state 2. To summarize,
observations at site visits can be scored as 0 (non-
detection; possible true states are 0, 1, 2), 1 (detection
with no evidence of production of young; possible true
states are 1, 2), or 2 (detection with evidence of
successful reproduction; true state is 2).

Some number, S, of sites is visited K times during a
season yielding detection history data, a vector of
observation data (0, 1, or 2) for each visited site. For
example, detection history /#; = 01021 for site i indicates
nondetection at sampling periods (visits) 1 and 3,
detection with no evidence of young at periods 2 and
5, and detection with evidence of successful reproduc-
tion at period 4. We assume that the sites are closed to
changes in occupancy during the season (each site is
either occupied or not). Evidence of production of
young is not necessarily assumed to be potentially
available at each sample period (i.e., it may not be
possible to observe young early in the breeding season),
although such evidence must be available for at least two
periods.

Basic MoDEL

We model the process that gives rise to the detection
history data using the following parameters:

\IJ} = probability that site i is occupied regardless of
reproductive state, Pr (true state =1 or 2);

\1/1-2 = probability that young occurred, given that the
site is occupied, Pr (true state = 2| true state = 1 or 2);

pl = probability that occupancy is detected for site i,
period 7, given that true state = 1, Pr (detection | true
state = 1);

p2 = probability that occupancy is detected for site i,
period 7, given that true state = 2, Pr (detection | true
state = 2);

d;; = probability that evidence of successful reproduc-
tion is found, given detection of occupancy at site i,
period ¢, with successful reproduction, Pr (classified state
2| detection, true state = 2).

Using these parameters, the unconditional probability
that a site is occupied by successful breeders is given by
the product: \|/l.l>k2 = \|/i1 \|/?. Note that if state assignment
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is not characterized by uncertainty, then we simply set J;,
=1 and proceed with the subsequent modeling.
Consider the modeling of detection history /; = 1021

Pr(h; = 1021)

= VUi (1= 8n)(1 = pR)padiapi (1 — 8).

The site was known to be occupied and it was known
that successful reproduction occurred (observed at
period 3). The probability associated with this event is
\l/il\l/% The species was detected at the site at period 1
(probability p%), but no evidence of successful repro-
duction was detected at that time (probability 1 — J;)).
The species was not detected at period 2 (1 — p3). At
period 3, the species was detected (p%) and evidence of
successful reproduction found (8;5). Finally, at period 4,
the species was detected (p%), but no evidence of
successful reproduction was found (1 — 8;). This is the
simplest form of detection history, because it includes a
2, so there is no uncertainty about true occupancy status
or reproductive state.
Next, consider modeling detection history /; = 0101

Pr(h; = 0101)
= [(1 =) (1 = pi)ph(1 — ph)ph

+ U7 (1= pi PR (L = 8)(1 = pi)pi(1 — 8u)].

The site was known to be occupied (\IJ}), but evidence of
successful reproduction was never observed, so uncer-
tainty exists about the true reproductive state. Because
of this uncertainty, the detection history model must
account for the fact that the true reproductive state
could have been either 1 (first additive term within
brackets) or 2 (second additive term). If the pair at the
site was in true reproductive state 1 (1 — l]/f), then
occupancy was detected at periods 2 (p),) and 4 (p},), but
not at periods 1 (1 — p}) or 3 (1 — p}). There are no &,
parameters in this first term, because the true reproduc-
tive state in this part of the expression is 1 and, by
assumption, is not prone to misclassification. However,
if the true reproductive state was 2 (\|Ji2), then detection
at periods 2 and 4 is accompanied by misclassification
P51 = 8,2), p4(1 — 3;5)]. Nondetection at periods 1 and
3 is modeled using the appropriate detection parameters
(1= pj), (1= pH)l.

Finally, consider the detection history with the
greatest degree of uncertainty, /; = 0000:

Pr(h; = 0000)

4
=(1 \|I)+\|f 1_\|’2H1_p1r

=1
4
U T -p)-
=1

The first of the additive terms corresponds to the
possibility that the site was unoccupied (1 — \I/}). The
second of the additive terms corresponds to the
possibility that the site was occupied but that successful
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reproduction did not occur at the site [\IJ}(I — \I/,.z)]. The
true reproductive state was thus 1 for the second term,
and the species went undetected in all four sampling
periods [l'[;‘=1 (1 — pbh]. The third additive term
corresponds to the final possibility that the site was
occupied and that successful reproduction occurred
(Y1?), and that the species went undetected during all
four periods [IT%, (1 — p2)].

Missing observations (e.g., all sites are not visited the
same number of times) can be dealt with by omitting any
modeling of that portion of the detection history. For
example, consider the history 4; = 102., indicating that
site i was not visited at the final period of a four-period
study. The model corresponding to this detection history
is

Prob(h; = 102.) = Vi W7pj; (1 — 81) (1 — pi)pisdis-

This probability can be contrasted with that provided
above for similar history /#; = 1021, in which the
observation at the final sampling period is modeled.

The likelihood function for all of the detection
histories in a data set (the detection histories at all S
sites) will be proportional to the product of the site-
specific probabilities:

s
LY W2, pt, p?, 8/h) ~ HPr(h,-)
i=1

where bold type denotes vectors or matrices. A
simulation study indicated that resulting estimators
show little bias (Appendix A). Simulation results also
demonstrated that precision of \112, but not \TJ‘, is
strongly influenced by the misclassification parameter,
with larger & associated with more precise estimates
(Appendix A). As is the case for standard occupancy
models, likelihoods with parameters corresponding to
individual sites contain too many parameters and do not
permit estimation without extra information. If individ-
ual site covariates associated with model parameters are
available, then estimation of site-specific parameters is
typically possible. Site-specific covariates may influence
either occupancy or detection or classification parame-
ters. Indeed, interesting biological questions are often
addressed by modeling the different occupancy states as
functions of site-specific covariates, for example asking
what site characteristics are associated with occupancy
and successful reproduction. Covariates specific to
sampling periods may be used to model detection and
classification parameters as well. Covariate modeling
can use the linear-logistic relationship as in standard
occupancy modeling (e.g., MacKenzie et al. 2002, 2006).

CALIFORNIA SPOTTED OWL REPRODUCTION: DATA

We apply the above model to data from daytime visits
to California Spotted Owl territories during April
through mid-August of 2004 at the Eldorado study area
in the central Sierra Nevada, California, USA. Infor-
mation about Spotted Owl population dynamics and
sampling protocols at this study area can be found in

MULTIPLE-STATE OCCUPANCY ESTIMATION

Seamans et al. (2001) and Franklin et al. (2004). Visits to
territories include efforts to locate adult owls. Once
located, an owl is offered a live mouse and then visually
followed after the mouse is taken. Definitive evidence of
reproductive activity is provided when owls take mice to
the nest or to young, and young are observed. Non-
reproducing owls usually eat or cache mice, but such
behavior at a single visit may not be indicative of a
failure to reproduce. Investigators thus develop classi-
fication criteria to conclude whether an owl reproduces
successfully or not. Seamans (2005) evaluated criteria
used by different research groups at different California
Spotted Owl study areas and concluded that variation
among groups precluded reasonable comparative anal-
yses of reproductive data. Indeed, that result was a
primary motivation of the current work, to provide a
means of estimating the proportion of sites at which
successful reproduction occurred in the face of uncertain
state assignment.

We applied the above modeling approach to 54 owl
territories believed to be occupied during the breeding
season of 2004. Thus, \JJI was believed to be 1, or nearly
so, for the 54 sites, and {? was the parameter of primary
interest. The assessment involved a maximum of five
visits to each site (one visit per month, April through
mid-August), with an unequal number of visits (one to
five) among the different sites. At each visit, the
investigator recorded one of three possible values for
owl detection: 0 = no detection of an owl, 1 = detection
of an adult owl but no detection of young, and 2 =
detection of at least 1 young owl. Thus, as in the
development above, a 2 indicated occupancy and
reproduction, a 1 indicated an occupied territory with
uncertainty about reproductive status, and a 0 indicated
uncertainty about occupancy and reproductive status.

Detection histories are shown in Appendix B. Owls
were detected at 47 of the 54 sites yielding a naive
occupancy probability of ! ~ 0.87. Young (successful
reproduction) were detected at least once at 19 of the 47
sites known to be occupied, yielding a naive reproduc-
tive estimate of \T/ 2 ~ 0.40. The naive estimate for overall
probability of successful reproduction for a site was
Y2 =2 =035,

CALIFORNIA SPOTTED OWL REPRODUCTION:
MODELS AND ESTIMATION

We considered a set of 12 a priori models to describe
the processes that gave rise to the detection history data.
We did not explore the use of covariate data with this
analysis, so we drop the site-specific subscript i and
model parameters as common to the set of 54 sites. We
modeled detection parameters as a single parameter for
all sample periods and both true occupancy states (pj, =
p), as time-independent but state-dependent (pf, = p*, s =
1, 2), as time-dependent but independent of state (pj, =
pnt=1,...,95),and as dependent on both time and state

t=pi,s=1,2;t=1,...,5). Classification parameters
were modeled as constant over all time periods (3, = 9),
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TaBLE 1. Model selection statistics for 12 multi-state occu-
pancy models fit to California Spotted Owl reproductive
success data from 54 owl territories, 2004 breeding season, in
the central Sierra Nevada, California, USA.

Model No. parameters AQAIC, Weight, w;
YL p 8 5 0.00 0.50
Vo, U, p 8 9 1.09 0.29
UoUe pt 8, 6 2.47 0.14
U2 8, 8 4.84 0.04
UL p S, 12 7.50 0.01
Uy pth g, 9 7.65 0.01

LA p 8, 14 15.68 <0.01

t
U2 pll g, 17 25.35 <0.01
ULyt p, 3 4 25.69 <0.01
U2 p 8 8 26.33 <0.01
Lyt o 5 28.11 <0.01
U pr, 8 13 39.86 <0.01

as one parameter for periods 1-2 and another parameter
for periods 3-5 (3;, = 86;_», 83_s; denoted as &, for model
designation), and as five time-specific parameters (5; =
§,). The rationale underlying the 3, model concerned the
time-dependence of reproduction, and the likelihood
that successful reproduction would be impossible or very
difficult to detect in the early portion of the breeding
season, but much more readily detected later. The two
occupancy parameters (!, ?) were always modeled as
distinct. For high-ranking models we used a different
parameterization to directly estimate the product \'*? =
2. This product parameter is the probability that
successful reproduction occurs at a randomly selected
site (within the set of 54 sites) or, alternatively, the
expected proportion of territorial owls that successfully
reproduced. Models were fit and maximum likelihood
estimates obtained using program SURVIV (White
1983).

Pearson goodness-of-fit statistics could not be com-
puted for the most general models (the cell pooling
algorithm left fewer cells than estimated parameters), so
we used a deviance-based goodness-of-fit statistic to
compute quasilikelihood-adjusted small-sample
Akaike’s Information Criterion, QAIC, (see Burnham
and Anderson 2002), where number of sites was used as
the effective sample size. The model with the smallest
QAIC, value was selected as providing the best
description of the data. Model weights, w;, were also
computed based on the QAIC, values and reflect the
relative weights of evidence in favor of the respective
models being the most appropriate model among the
members of the model set (see Burnham and Anderson
2002). For the parameter of primary interest, y'*?, we
computed a model-averaged estimate using models with
w; > 0.01. The associated variance estimate incorporated
model uncertainty and was computed as recommended
by Buckland et al. (1997).

CALIFORNIA SPOTTED OWL REPRODUCTION: RESULTS

The deviance-based estimate of the variance inflation
factor used in quasilikelihood adjustments was ¢ =1.74,
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providing evidence of lack of fit of the most general
model (Y', V2, p;, 8,). The lack of fit was not severe, yet
it warranted use of ¢ in model selection and variance
estimation. Model selection statistics indicated that
model (', \?, p, &) provided the best description of
the data, with models (', V2, p,, 8,) and (Y', V2, p*, &)
also receiving substantial support (Table 1). Detection
probability under the top model was estimated at about
0.74 (Table 2), very high but also substantially <I1.
Under the third model (\Ill, \IIZ, p’, 8,), detection
probability was estimated to be slightly higher for sites
at which successful reproduction had occurred than for
non-reproducing sites. Under all three of the top models,
classification probability was estimated as 0 for sample
periods 1 and 2 and then 0.87 for the final three periods
of the breeding season, a result generally consistent with
expectation (Table 2).

The probability that a site was occupied, ', was
estimated to be 0.98 for the top models, whereas no owls
were ever detected at seven of the 54 sites, yielding the
naive occupancy estimate ' ~ 0.87. Examination of
detection history data shows that five sites at which no
detections were made were visited only once, one site
was visited twice and the other three times. Indeed, the
ability to incorporate relatively under-sampled sites into
the analysis in a reasonable manner is one of the
strengths of the approach presented here. The proba-
bility that successful reproduction occurred at an
occupied site was estimated at about 0.45, again
somewhat larger than the naive estimate of proportion
of occupied sites at which reproduction was detected \le
~ 0.40. Parameter estimates for \111*2 under the three top
models were nearly identical: {/'*> = 0.44, SE(/'*?) =
0.052, '*? = 0.44, SE(J'*?) = 0.051, and '*> = 0.43,
SE(J'*?) = 0.052 (Table 2). The model-averaged
estimate of this product parameter is \Tfl*z = 0.44,
S/I:Z(\le*z) = 0.069, with the larger standard error
reflecting model uncertainty. These estimates are larger
than the naive estimate of the proportion of sites at
which successful reproduction was detected, @1*2 =0.35.
Our approach thus yields a somewhat different assess-
ment of reproductive success than provided by the raw
count data.

DiscussioNn

Our approach to occupancy modeling and estimation
with multiple occupancy states should be useful in cases
where investigators not only can assess occupancy, but
also can collect additional information about the status
of an occupied site. Information about production of
young at a site is certainly not limited to Spotted Owl
sampling, and can be obtained for many species of birds
(finding nests with eggs or young), amphibians (e.g.,
locating egg masses, dip netting tadpoles), mammals
(e.g., observing tracks of young animals, photographing
young animals in camera traps), and other taxa.
Inference about not only occupancy, but also site
productivity, should be useful for a variety of purposes.
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TaBLE 2. Parameter estimates under top three multi-state occupancy models fit to California Spotted Owl reproductive success
data from 54 owl territories, 2004 breeding season in the central Sierra Nevada, California, USA.

Model (', V7, p, 32)

Model (Y', V2, p,. 85)

Model (y', V?, p, 82)

Parameter Estimate SE Estimate SE Estimate SE
! 0.98 0.038 0.98 0.032 0.98 0.038
e 0.45 0.076 0.45 0.079 0.44 0.082
P2 0.44 0.052 0.44 0.051 0.43 0.052
pl 0.74 0.036 0.58 0.081 0.73 0.053
P 0.74 0.036 0.82 0.067 0.73 0.053
P 0.74 0.036 0.92 0.043 0.73 0.053
I 0.74 0.036 0.70 0.077 0.73 0.053
Pl 0.74 0.036 0.62 0.111 0.73 0.053
P 0.74 0.036 0.58 0.081 0.76 0.058
P2 0.74 0.036 0.82 0.067 0.76 0.058
P’ 0.74 0.036 0.92 0.043 0.76 0.058
P2 0.74 0.036 0.70 0.077 0.76 0.058
P2 0.74 0.036 0.62 0.111 0.76 0.058
810 0.00 T 0.00 + 0.00 T
85 0.87 0.072 0.87 0.072 0.87 0.073

+ Parameter estimated at boundary of parameter space. Standard error cannot be estimated.

Estimation and subsequent mapping of occupancy state
can be used for large-scale, albeit crude, assessments of
viability of occupied sites and can be useful in land use
and acquisition decisions (e.g., Stith and Kumar 2002).
The modeling of occupancy as a function of habitat
covariates can now be extended to investigate habitat
variables associated with successful reproduction. Our
parameterization of this problem expresses the overall
probability that an area produces young as a product of
two components, occupancy and reproduction given
occupancy (\T/l*2 = \V}\IJ?), leading to considerations
about the possibility of covariates and management
being relevant to one or both components.

These models are somewhat related to those devel-
oped by Royle (2004) and Royle and Link (2005) for a
very different purpose. Their focus was on categorical
index data in surveys of calling anurans, with an aim to
inference about different categories of abundance. Their
models differ in several ways from the approach we
present here, but the use of extra information to
categorize occupied sites into different states is concep-
tually similar. The multiple species models of Mac-
Kenzie et al. (2004) can also be viewed as multi-state
models, although again the nature of the states
themselves and the approach to dealing with classifica-
tion uncertainty differ from the approach presented
here. Our inclusion of classification parameters to deal
with the uncertainty of state assignment is related to the
use of similar parameters in capture-recapture studies to
deal with uncertainties associated with an animal’s
reproductive state (Kendall et al. 2003), sex (Fujiwara
and Caswell 2002, Nichols et al. 2004), and even species
(Runge et al. 2007).

Our example analysis merits discussion on both
general and specific levels. The primary point of general
interest is the relevance of dealing with detection
probability and misclassification for proper inference.
Detection probabilities for occupied owl territories were
relatively high (averaging about 0.74), but still suffi-
ciently small that nondetection at an occupied site was
not a rare event. Correct classification probabilities at
sites where young were produced were 0 for sampling
occasions early in the season, as expected, and about
0.87 later in the season. These two sources of
uncertainty, imperfect detection and classification, led
to naive estimates of the proportion of sites with
productive pairs of 0.35, whereas our approach yielded
estimates of about 0.44. If detection and/or correct
classification probabilities had been smaller, as would be
more typical of many ecological studies, the difference
between naive and model-based estimates would have
been even larger. Incorporation of this uncertainty into
estimation and modeling is not simply a statistical fine
point, but is needed for reasonable inference.

With respect to Spotted Owls, meta-analyses of
Spotted Owl survival rates have used estimation
approaches that deal explicitly with detection probabil-
ities <1 (Franklin et al. 1996, 2004, Anthony et al.
2006). Misclassification and nondetection have been
recognized and discussed by analysts of Spotted Owl
reproductive rate data. However, approaches that deal
with these uncertainties have been based on standard-
ization of field protocols rather than on direct modeling
of the sampling processes involved. The result is that
differences in protocol lead to difficulties in comparing
reproductive rate data (Franklin et al. 2004, Seamans

%
>
0
d
0
>
—
A
m
T
9
@




0
|_
o
(@)
o
(|
o
|
<
O
|_
)
|_
<
n

JAMES D. NICHOLS ET AL.

2005). We recommend that approaches such as that
developed here be strongly considered for use in Spotted
Owl future analyses.

We are currently extending this sort of modeling to

multiple seasons using a robust design approach
(Pollock 1982) similar to that of MacKenzie et al.
(2003). Such models will include not only probabilities
of colonization and local extinction but also state
transition probabilities for occupied sites. For example,
we can envision situations in which occupancy itself
might remain relatively constant over time, yet the
proportion of sites producing young could decrease over
time. In such a situation, inferences about occupancy
state would be especially useful from conservation or
ecological perspectives. Indeed, probabilities of transi-
tion from productive to nonproductive states (e.g., as
resulting from the influence of environmental change on
site quality) might prove to be more important than
local extinction probabilities.
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