Assessing the Fit of Site-Occupancy Models

Darryl I. MACKENZIE and Larissa L. BAILEY

Few species are likely to be so evident that they will always be detected at a site when
present. Recently a model has been developed that enables estimation of the proportion of
area occupied, when the target species is not detected with certainty, Here we apply this
maxleling approach to data collected on terrestrial salamanders in the Plethodon glutinosus
complex in the Great Smoky Mountains National Park, USA, and wish to address the ques-
tiom “how accurately does the fined model represent the data™” The goodness-of-fit of the
model needs to be assessed in order to make accurate inferences. This article presents a
method where a simple Pearson chi-square statistic is caleulated and a parametric bootstrap
procedure is used to determine whether the observed statistic is unusually large. We found
evidence that the most global model considered provides a poor fit to the data, hence es-
timated an overdispersion factor 1o adjust model selection procedures and inflate standard
errors, Two hypothetical datasets with known assumption violations are also analyzed, il lus-
trating that the method may be used o guide researchers to making appropriate inferences,
The results of a simulation study are presented o provide a broader view of the methods
propertics,
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1. INTRODUCTION

The probability a site is occupied by a target species may be of interest in many ecolog-
ical settings. In a wildlife monitoring context, site occupancy may be used as a coarse surro-
gate for actual abundance as the methods required to collect simple presence/absence-type
data are less costly in terms of time and effort than methods used for abundance estimation
(MacKenzie et al. 2002), especially when multiple species are to be monitored. For exam-
ple. the U.5. Geological Survey’s Amphibian Research and Monitoring Initiative { ARMI:
http://armi.usgs.gov) use the “proportion of area occupied” by a species as their preferred
metric for mid-level monitoring efforts, reserving the use of mark-recapture techniques for
key index sites. Meta-population studies are also interested in site- (or patch-) occupancy
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probabilities as they may be used as a state variable in various metapopulation models (e.g.,
Levins 19649, 1970: Lande 1987, 198%; Hanski 1992, 1994, 1997). “Incidence functions™
{e.g.. see Diamond 1975; Hanski 1992) are used to express occupancy as a function of
site characteristics, such as patch size, which under certain strong assumptions have been
used to estimate population dynamic parameters such as colonization and local-extinction
probabilities (Hanski 1992, 1994, 1997; Moilanen 1999). A third setting is habitat model-
ing, where the intent is to relate species presence/absence to characteristics of the sampling
locations. Similarly, contrasts between characteristics of occupied/used sites and unoccu-
pied/unused sites can be made using logistic regression, for example, and are sometimes
referred to as “resource sclection probability functions” (Manly ¢t al. 2002). The species
distribution may then be inferred from available habitat information (e.g.. Boyce and Me-
Donald 1999), However, few species are likely to be so conspicuous that they will always
be detected when present at a site. Failing to account for imperfect detectability will lead o
underestimates of the true occupancy probability, with the degree of bias in a naive estimate
being dependent upon the probability the species is detected at least once. Furthermore, for
many species detection probabilities are likely to vary with local environmental conditions,
thus a comparison of naive occupancy probabilities at two (or more) points in lime or space
is valid only if detection probabilities are exactly equal or explicitly accounted for.

Recently, MacKenzie et al. (2002) developed a model that estimates the probability
a site is occupicd by a species, despite imperfect detection when the species is present.
Their model offers a more flexible framework than previous efforts (Geissler and Fuller
1987; Azuma, Baldwin, and Noon 1990; Bayley and Peterson 2001), enabling relation-
ships between occupancy/detection probabilities and potential model covariates, such as
site characteristics and environmental conditions, to be investigated directly, Missing ob-
servations (occasions when a site was not surveyed) can also be accommodated by their
model. A requirement, however, is that data be collected from a number of sites which are
surveyed multiple times to detect the target species. Some investigators may view this as an
impediment to their approach, but it is impossible to obtain an unbiased estimate of site oc-
cupancy when sites are only visited once without auxiliary information about detectability
[e.g.. from a previous or independent study, as in Bayley and Peterson (2001), or by making
potentially restrictive assumptions].

Bailey, Simons, and Pollock (2004) use the modeling approach developed by
MacKenzie et al. (2002) to estimate occupancy and detection probabilities for a suite of ter-
restrial salamanders in Great Smoky Mountains National Park (GSMNFP), USA, The effects
of both habitat (e.g., disturbance, vegetation) and seasonal covariates were explored: how-
ever, inferences are somewhat tenuous because no method was available to assess model
fit. Here we reexamine data collected in GSMNP on the terrestrial salamander complex
Plethodon glutinosus (includes the species Plethodon glutinosus and Plethadon oconluftee)
with the intent of addressing the question “how accurately does the fitied model represent
the data?”

In 1999, count data were collected for these species at 88 sites in the Mt LeConte USGS
Quadrangle of the GSMNP (Hyde and Simons 2001; Bailey et al. 2004). Sites were located
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Table 1. Detection (1) and Mondetection (0) Data for Members of the Plathodon glutinosus Complex
in Great Smcky Mountains National Park at Five of the Sites, Along with Measured Covari-
ates (disturbance prior to Park formation, 0; elevation > 841m, E; predominantly deciduous
vegetation, V; and stream < 50m, 5).

Datected in survey Covarnates
Site 1 2 3 4 5 oD E VvV & )
1 1 0 1 0 0O 1 1 1 1
2 0 1 0 0 0 1 1 1 0
3 o 0 0 0o 0 1 0 1 1
4 1 1 1T 0 1 1 g ¢ 1
5 o 0 1 1 0 1 o o0 0

adjacent to trails and spaced approximately 250 m apart, beginning at a random distance
{=250m) from each trail head. At each site salamanders were detected using both a natural
cover transect (50m = 3m) and a coverboard transect (consisting of 3 coverboard stations
spaced at 1 0m intervals; see Hyde and Simons (2001) for site and sampling details. Each site
was visited on four or five occasions between mid-April and late-June, For this analysis, we
combined detection/nondetection data from both transecis 1o investigate the effects of four
site-specific characteristics on oceupancy and detection probabilities. Dummy variables
were used to indicate whether (1) a site had been disturbed by a settlement or logging prior
to the Parks formation in 1934 (previously undisturbed = 0; D); (2) had an elevation of
greater than 84 1m (<841m = 0: £): (3) was predominately deciduous vegetation (mixed
pine = 0;V); and (4) proximity to a stream (<50m = 1, otherwise 0; 5). For the most
global model considered here, both occupancy and detection probabilities were a function
of these four covariates (with no interactions between factors), plus detection probability
was also allowed to vary with survey occasion. A portion of the dataset is presented in Table
I, and the full dataset may be obtained by contacting the first author.

All modeling exercises should demonstrate that a fitted model adequately describes the
observed data, that is, a model should to be assessed for lack-of-fit (McCullagh and Nelder
1989, p. 8 Lebreton, Burnham, Clobert, and Anderson 1992). Only by examining the
adequacies of the model fit can researchers demonstrate that the model(s) being considered
for the data are realistic, and capture the important features of the system under study.
Substantial lack-of-fit in a model(s) may lead to inaccurate inferences, either in terms of
bias (point estimates may be oo large or too small) or in terms of precision (reported
standard errors are too large/smally, Clearly, in order to place some degree of faith in the
inferences resulting from an analysis of real data, it is critical that the model fit be assessed.

An increasingly popular approach for analyzing ecological data is to fit a suite or
candidate set of models to the data, and use a model selection technigue such as Akaike's
information criterion { AlC}), or similar measures, for choosing the “best™ modelis). Given the
rising popularity of using such technigues in the analysis of ecological data, it is important
to realize that they assume that the candidate set contains at least one model that fits the
data adequately {Burnham and Anderson 1998, p. 73), and are not a substitute for assessing
model fit, The selection of a “best” model(s) does not guarantee the selection of a “good”
model.
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Motivated by the practical terrestrial salamander system in GSMNF, we develop a
method to assess the fit of the MacKenzie et al, (2002) model o observed data. Importantly,
the method is flexible enough to incorporate potential model covariates that may vary across
sites. The overdispersion parameter ¢ can also be estimated so that in situations where even
the most global model is found to be a poor fit of the data, the quasi-likelihood version of
AIC (QAIC) may be used for model selection (Bumham and Anderson 1998, p. 53) and
parameter standard errors may be inflated (McCullagh and Nelder 1989, p. 125).

We begin by briefly reviewing the site-occupancy model proposed by MacKenzie et al.
(2002), then present our method that can be used to assess the fit of the model to observed
data, These techniques are then used to attempt accurate modeling of occupancy patterns for
the terrestrial salamander data., To further demonstrate the utility of our approach to other
biological situations, we assess two hy pothetical datasets with known assumption violations.
Simulation results are presented 1o illustrate how the test performs more generally under
the violation of cerain model assumptions.

2. METHODS

2.1 Smre-Occupancy MopEeL

MacKkenzie et al. (2002} envisage a sampling scheme where N sites are each surveyed
T times to establish the presence/absence of the species, Sites are closed to changes in the
occupancy state for the duration of the surveying: no new sites become occupied nor are any
vacated. On each sampling occasion, the investigators used appropriate methods to detect
the species, and there is a chance that the species may go undetected even when present. The
resulting sequence of detections/nondetections for site ¢ can be summarized as a detection
history (X, ), and probabilistic arguments may be used to describe the observed stochastic
process.

For example, consider the portion of the detection data for species of the Plethodeon
glutinosus complex at five of the sites in GEMNP presented in Table 1. The first site has
the history “10100” denoting that the complex was detected at the site during the first and
third surveys and not detected otherwise. The probability of observing this outcome may
be described as

PI"{X.| = 101Ky = ¢-'|jl'i||_|{| = ]'.il|_3:|_]'}|“{{| — ﬁl_.l.]{] - '_IJ|I:1:|, (2.1)

where i is the probability site 1 is occupied by the complex, and py ; is probability of
detecting the complex, given presence, in the jth survey of site 1. The history at the third
site “O0000™ would therefore denote that the complex was never detected during the five
surveys, which may arise for one of two possible reasons. Either the complex was present
but went undetected, or the complex was genuinely absent from the site. The probability of
















































