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ABSTRACT. Expert knowledge-based species-habitat relationships are used extensively to guide conservation planning,
particularly when data are scarce. Purported relationships describe the initial state of knowledge, but are rarely tested. We
assessed support in the data for suitability rankings of vegetation types based on expert knowledge for three terrestrial avian
species in the South Atlantic Coastal Plain of the United States. Experts used published studies, natural history, survey data,
and field experience to rank vegetation types as optimal, suitable, and marginal. We used single-season occupancy models,
coupled with land cover and Breeding Bird Survey data, to examine the hypothesis that patterns of occupancy conformed to
species-habitat suitability rankings purported by experts. Purported habitat suitability was validated for two of three species.
As predicted for the Eastern Wood-Pewee (Contopus virens) and Brown-headed Nuthatch (Sitta pusilla), occupancy was
strongly influenced by vegetation types classified as “optimal habitat” by the species suitability rankings for nuthatches and
wood-pewees. Contrary to predictions, Red-headed Woodpecker (Melanerpes erythrocephalus) models that included
vegetation types as covariates received similar support by the data as models without vegetation types. For all three species,
occupancy was also related to sampling latitude. Our results suggest that covariates representing other habitat requirements
might be necessary to model occurrence of generalist species like the woodpecker. The modeling approach described herein
provides a means to test expert knowledge-based species-habitat relationships, and hence, help guide conservation planning.

RESUME. Les relations espéces-habitat établies a partir des connaissances d experts sont largement utilisées pour orienter la
planification de la conservation, surtout lorsque les données sont rares. Ces relations présumées représentent les rudiments de
la connaissance, mais sont rarement testées. L’ adéquation du classement de milieux établi par des experts a été évaluée pour
trois espéces de passereaux delaPlaine cotiéredel’ Atlantique Sud, aux Etats-Unis. Lesexpertsont utilisé des données publiées
(recherches, histoire naturelle, relevés) et leur expérience sur le terrain afin de classer les milieux selon trois catégories, soit
optimauix, adéguats ou marginaux. Nous avons appliqué des modéles de présence, fondés sur une seule saison, a des données
d’ occupation du sol et derelevésd’ oiseaux nicheursafind’ examiner I’ hypothése voulant quelesprofilsde présence concordent
avec le classement de laqualité des milieux présumé par les experts. La qualité présumée des milieux a été validée pour deux
des trois espéces. Comme prédit pour le Pioui de |’ Est (Contopus virens) et la Sittelle atéte brune (Stta pusilla), la présence
del’ espece s est révélée fortement liée aux milieux classés comme « optimaux » pour les sittelles et les piouis. Contrairement
aux prédictionspour le Pic atéterouge (Melaner peserythrocephal us), lesmodél esqui incluaient lesmilieux comme covariables
étaient équivalents aux modéles qui ne les incluaient pas. Chez les trois especes, la présence était aussi corrélée alalatitude
de I’ échantillonnage. Nos résultats semblent indiquer qu'il serait peut-étre nécessaire d’inclure des covariables relatives a
d’autres besoins en matiere d' habitat afin de modéliser la présence d’ espéces généralistes comme le pic. L’ approche de
modélisation décrite dans cette étude permet de tester lesrel ations espéces-habitat établies d’ aprés|es connaissances d’ experts
et, par conséquent, contribue a orienter la planification de la conservation.
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INTRODUCTION

Expert knowledge-based species-habitat relationships are
used extensively in conservation planning, partly because
datafor most speciesare usually scarce, or limited resources
prevent collecting data in time to meet conservation
challenges(Drew and Perera2011, Drew and Collazo 2012).
Expertsdraw fromtheir observations, readings, discussions,
and other means, and offer opinions or specific knowledge
about ecological patterns and processes (Pereraet al. 2012).
The purported species-habitat relationships from these
expertsareviewed asworking hypothesesthat serveaspriors
describing theinitial state of knowledge, but arerarely tested
empirically (Clevenger et al. 2002, Johnson and Gillingham
2004, Low-Choy et al. 2009, Schlossberg and King 2009,
Johnson et al. 2012). Tests are of interest because planners
and decisionmakersdraw fromthisinitial stateof knowledge
to draft conservation plans and predict a species response
to conservation actions (e.g., Clevenger et al. 2002, Zabel et
al. 2003, Low-Choy et al. 2009, Allen et a. 2011).

Hamel (1992) categorized vegetation types in southeastern
United States according to their suitability for terrestrial
avian species. Suitability was ranked as optimal, suitable,
and margina based on avian abundance and occurrence.
Suitability rankingswerebased on published studies, natural
history, survey data, expert opinion, and field experiences
(Hamel et al. 1982, Hamel 1992). As such, Hamel’ s expert
opinion was founded on synoptic knowledge (Perera et al.
2012). Hamel's (1992) ranked vegetation types serve as
guidelines for habitat conservation planning in the South
Atlantic Coastal Plain of the United States. This region
provides nesting, transient, and wintering habitat for over
300 bird species, but many are exhibiting declining
population trends (Ricketts et a. 1999, Watson and
McWilliams 2005, Watson and Malloy 2006, Vaiela and
Martinetto 2007). Approximately 40% of the region's
natural vegetation communities have been fragmented or
altered by humanuse, andit isbelieved thislandscapechange
isamajor contributor of population declines (Hunter et al.
2001). Therapidly expanding list of speciesof conservation
priority in this region has placed increasing pressure on
limited conservation resources, and additionally, ontheneed
to inform conservation planning to formulate landscape-
scale conservation strategies (USFWS 2008).

In this work we used occupancy models, coupled with
Breeding Bird Survey (BBS) and land cover data, to test
hypothesized species-habitat relationships based on expert
knowledge. Specifically, weasked, do patternsof occupancy
conformto purported suitability rankingsof vegetationtypes
for avian species advanced by Hamel (1992) for the South
Atlantic Coastal Plain? We illustrated the application of
occupancy models to meet the stated objective using the
Brown-headed Nuthatch (Stta pusilla), Eastern Wood-
Pewee (Contopus virens), and Red-headed Woodpecker
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(Melanerpes erythrocephalus). These species are considered
priority species in the coastal plain, and are sampled by
Breeding Bird Surveys across the region (NCWRC 2005,
Watson and Malloy 2006). Models were built with the
Southeastern Gap Analysis Program (SEGAP) dataset, which
is comprised of 118 land cover classes. The SEGAP dataset
permitted grouping vegetation types into the three habitat
suitability categories, i.e., optimal, suitable, and marginal,
advanced by Hamel (1992).

Occupancy models accounted for imperfect detection of a
species (MacKenzie et a. 2006). Estimates of occupancy
without adjusting for imperfect detection (< 1), often referred
toasnaiveestimates, tend to bebiased |ow becauseindividuals
present at a sampling site can go undetected (MacKenzie et
al. 2002). This problem could affect inferences from species-
habitat model sbecausethestate, occupied or not, of asampling
site could be misrepresented, and by extension, the strength
of or influence of ahabitat covariate (MacKenzie et a. 2002,
MacKenzie 2006). We also incorporated recent advances that
account for spatial dependence among count stopsalong BBS
routesasameansto strengthen inferencesfrom models(Hines
et a. 2010). We discuss the importance of testing expert
knowledge-based species-habitat relationships in the context
of landscape level conservation and suggest opportunities to
strengthen inferences from occupancy models for such tests.

METHODS

Study area

Our study area was the South Atlantic Coastal Plain,
specifically theSouth AtlanticMigratory Bird Initiativeregion
(henceforth SAMBI). This is a physiographic area of high
avian species diversity (Watson and McWilliams 2005). The
regionintersectsportionsof theMiddle Atlantic Coastal Plain,
Southeastern Plains, and the Southern Coastal Plain
ecoregions (Omernik 1987), and spans from southeastern
Virginiaat the watershed boundary of the Chowan and L ower
Jamesriversto northern Florida (latitudes 29° - 37°N; Fig. 1).
The northern portion of the region is dominated by longleaf
pine (Pinus palustris) and loblolly pine (Pinus taeda). The
SAMBI isbounded on itswestern edge at the Fall Linewhere
aluvia and marine sediments meet the exposed continental
bedrock of the Piedmont region (Hupp 2000) and on the
eastern edge by the Atlantic Ocean. The southern SAMBI is
in atransitional zone of northeastern Florida where tropical
mangroves meet coastal plain plant communities; this region
isdominated by pond pine (Pinus serotina) and Atlantic white
cedar (Chamaecyparis thyoides;, Watson and McWilliams
2005). We buffered the SAMBI boundary by 30 km to avoid
edge effects and to encompass the habitats surrounding BBS
routes that straddle the limits of the region. The total area of
the buffered SAMBI is 29,073,338 ha with 2,606,020 ha of
water and elevation ranges from 0 m to 219 m.
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Fig. 1. Location of 120 North American Breeding Bird
Survey routes used in occupancy modeling for three avian
speciesin the South Atlantic Coastal Plain region, United
States, 2001.

Avian species

The Brown-headed Nuthatch (hereafter nuthatch) is an
endemic, resident speciesin the southeastern United States.
The species ranges from eastern Texas to Florida and
northward to the southern tip of Delaware (Withgott and
Smith 1998). Nuthatches are commonly found in
southeastern pine forests, especially open longleaf pine
savannas in the coastal plain (Potter et al. 1980). Increased
fire suppression increases growth of deciduous trees and
shrubs, and in turn fills open understories that may make
forestsunsuitablefor the species(Meyersand Johnson 1978,
Smith and Smith 1994). This passerine excavates nests in
the cavities of snags, dead pine trees, and some deciduous
trees (McNair 1984, Kaufman 1996). The Red-headed
Woodpecker (hereafter woodpecker) is a short-distance
migrant that occurs in eastern United States (Smith et al.
2000). This species uses adiverse range of vegetation types
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including grasslands, shrubs, deciduousand evergreenforests,
andinhabitsevergreenforestsmoreoftenthaninother portions
of its range (Smith et al. 2000). The woodpecker is an
omnivore, but population densities and migration are closely
related to acorn mast abundance (Forbush 1927). The
woodpecker is a primary cavity nester, creating tree cavities
beneficial to multiple vertebrate species (Venables and
Collopy 1989). The Eastern Wood-Pewee (hereafter wood-
pewee) isaneotropical migrant that iscommonly found inthe
interior of foreststhroughout eastern North America(Robbins
et al. 1989). The breeding distribution for this species ranges
from southern Canada to central Texas and northern Florida
(McCarty 1996). Although the species most often inhabits
deciduous forests, it increasingly inhabits evergreen forest
typesin the southern United States (McCarty 1996).

Avian survey data and land cover

We used North American BBS data from 2001 to addressthe
question of interest in thisstudy. BBS data are available from
1966; however, we analyzed avian survey data collected in
2001 to correspond with the only year for which SEGAP data
were available. The Breeding Bird Surveys is a national,
standardized, volunteer-based survey, with over 4000 routes
sampling breeding birds across North America each year
(Flather and Sauer 1996). Each route is ~39.4 km long,
composed of 50 stops spaced ~0.8 km apart. Observers
conduct three-minute point counts at each stop, recording all
birdsseen and heard within a400 mradius. Weincluded routes
in the analyses if: (1) route lengths were within 10% of the
standard 39.4 km length, and (2) routes did not overlap other
active routes. This screening yielded 120 of 130 possible
routes in the SAMBI (Fig. 1). We split each route into four
segments containing eight stops each. We split routes based
on two criteria, with the goal of maximizing both the number
of segments per route and number of stops per segment. First,
distance between adjacent segmentshad to be>4.73km. This
distancefalls between the 90-95% natal dispersal distancefor
the focal species, which meant that there was a 5-10%
probability that anindividual of any of thethree specieswould
dispersefarther (Sutherland et al. 2000, Iglecia2010). Second,
segments had to minimize habitat heterogeneity. On average,
route segments had fewer habitat classes (14.20, SE = 0.37)
than entire BBS routes (16.15, SE = 0.45; Z,= 14.92, P <
0.05). Thesecriteriayielded four route segments per routethat
were each ~6.4 km long, containing eight stops in each, and
separated by ~4.8 km. The gap between segments contai ned
five stops, not used in the analyses. The segmentation of the
routes also required that we drop three more stops from the
analyses; thefirst and last stop and a stop close to the middie
of each route. Wetreated segments separated by = 4.73 km as
independent sampling units.

The SEGAP dataset permitted matching vegetation types
highlighted by Hamel (1992) to vegetation classes in the
thematic land cover data. The 2001 SEGAP hasa 30 m x 30
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m resolution and was derived using the Landsat satellite
image mosaics (leaf on, leaf off, and spring) made available
through the Multi-Resolution Landscape Consortium
(Homer et al. 2007). SEGAP used the National Land Cover
Dataset, which is composed of 29 land cover classes, as a
base layer to develop the more detailed 118 SEGAP land
cover classes. The vegetation typesin the SEGAP map are
based on the Ecological Systems Classification (Comer et
al. 2003). We summarized the percentage represented by
each vegetation type within 400 m radius of each route
segment for use as covariates in models. The average area
covered by the buffered segments was 513 ha (SE = 2 ha),
which was defined by the length of each route segment by
its radius (400 m). We used a 400 m radius, the detection
radius prescribed by the BBS survey protocol, because in
the absence of additional ancillary data, e.g., distance to
detections, it wasnot possi bleto specify anonarbitrary buffer
applicable across the South Atlantic Coastal Plain. All data
were processed in the North American Datum 1983 Albers,
anequal areaprojection. All spatial analyseswereperformed
with ArcMAP 9.2 and Arc Macro Language (ESRI Inc.
1999).

Data analysis

We used single-season, single-species occupancy modelsto
estimate the probability of occupancy and detection
(MacKenzie et a. 2002). Estimates were obtained via
maximum likelihood using the program PRESENCE (Hines
2006). We converted counts per stop to presence (1) or
nonpresence (0) data; species were considered present at a
stopif at least oneindividual was detected. For example, an
encounter history (h: 10100000) indicates that a bird was
detected on the first and third count stop but not in any of
the remaining six stops in the segment. BBS routes are
unique in that the estimation of parametersis derived from
spatial, not temporal replication aong route segments or
primary sampling units (Hines et al. 2010). The sequential
placement and sampling of these stops increases the
possibility that adjacent stops exhibit greater similarity of
habitat than stops further apart. Indeed, we showed that our
primary sampling units, the route segments, had fewer
habitat classes as compared to the entire 50-stop route.
Spatial correlation might also arise as a result of
demographic patterns such as home ranges that encompass
neighboring stops. These factors could lead to an increased
probability of detection, or positive correlation between
detection events. Failure to account for positive correlation
between detection eventsyields estimates of occupancy that
are biased-low. Hines et a. (2010) developed spatia
dependence models to assess the possibility that the
probability of occupancy isinfluenced by the state, occupied
or not, of the previous survey stop or segment, i.e., 1st order
spatial Markov process (Williamset al. 2002). Wetested for
this possibility by contrasting support inthe data, i.e., lower
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AIC, for asingle season, single species model without spatial
dependence (standard occupancy model parameterization)
versus two variants of single season, single species models
with spatia dependence also avalable in program
PRESENCE. Our intent was not to discern the specific cause
of spatial dependence in thiswork, but to account for it if the
data supported the use of one of the spatial dependence model
parameterizations. In such cases, we reported the adjusted
estimates of occupancy.

We used the notation put forth by MacKenzie et al. (2002) and
Hineset a. (2010) to describe the modelsin the candidate set.
Parameters in the models were occupancy () defined as the
probability that a segment is occupied; detection (p) defined
as the probability of detection in a segment given that the
segment is occupied and the species of interest present on the
segment; theta (6) defined as probability that a stop along the
segment is occupied, given the segment is occupied and the
previous stop is not occupied; and thetaprime (8°) defined as
the probability that astop along the segment isoccupied, given
the segment isoccupied and the previousstopisoccupied. The
candidate set of models included two types of model
structures: the standard occupancy models[y(.), p(.)] and the
spatia dependence model (Hineset al. 2010). We constrained
both model structures by all habitat covariates (Doherty et al.
2012). We point out that the spatial dependence model has
two variants, and we constrained with habitat covariates the
variant with the lowest AIC. This determination was made
after comparing variants to each other without covariates and
with latitude (Franklin et a. 2004, Anthony et al. 2006). The
two variants of the spatial dependence model are: (1) the
generalized spatial dependence model structure [Y(.), 6 =6",
p(.)]; and (2) the model structure with spatial dependence for
all stops except the first one [Y(.), 8 # 67, p(.)]. The “dot”
notation signifies constant or time-invariant. The former
model structure (1) assumes that all stops are egually
influenced by the state, occupied or not, of the preceding stop
or surroundings (model notationis 6 = 6°; Hines et a. 2010).
Thealternativemodel structure (2) assumesthat theoccupancy
of thefirst stop isnot influenced by the state of the preceding
surroundings, e.g., habitat, previous segment. Thus, the first
stop and the rest of the stops in the segment are not equally
subject to spatial dependence (model notation 6 # 6°; Hines
et a. 2010). Model structure 1 was of particular interest
becauseit provided abasistoaccount for thepossibleinfluence
of preceding segmentsrel ative to the segment being assessed.
We did not model detection probability within season or asa
function of habitat surrounding individual stops. There were
no criteria or ancillary information to partition the breeding
season, e.g., singing rates, or to ascertain with accuracy the
location of every survey stopto characterizetheir habitat. Only
the first stop of every route is geo-referenced. Our review of
yearly volunteer field notes confirmed that not all stops are
equidistant (0.8 km) from the starting stop; observers make
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adjustments based on landscape and other considerations, e.
0., road blocks or construction. We felt that the estimated
stop location was sufficient to partition routes in segments,
but not to pin-point a stop location accurately.

Weincluded latitude asacovariatein all model s becausethe
SAMBI spansfive states and nine degrees of latitude and it
was possible that occupancy varied as a function of the
location sampled within the species’ range (Brown 1984,
Lawton 1993) or distribution of plant communities across
the region. For example, the Brown-headed Nuthatch is
considered endemic to the southeast (Withgott and Smith
1998), but the SAMBI extends into the species’ northern
range boundary (Latitude 35-37°N). As such it is expected
that occurrence would be higher toward the southern and
possibly closer to the center of the species range as
compared with its northern range. Route-specific latitude-
longitude was not wused because models were
overparameterized. Thus, westratified the SAMBI intothree
regions: southern (LatS=29to 31°N), central (LatC=32to
34°N), and northern (LatN = 35 to 37°N). This categorical
covariate yielded three sections of the SAMBI that were
approximately of equal size (Iglecia 2010), contained
roughly similar numbers of route segments (southern = 168,
central = 204, northern =108), and preserved theoverarching
bioclimatic gradient for meaningful contrasts among its
sections, e.g., northern vs. southern. In the case of
woodpeckers, not all models could be parameterized with
the three latitude covariates because of convergence
problems. Thus, we contrasted three combinations, each
consisting of a single region versus the other two, eg.,
northernvs. central and southern regions, and then using the
combination with highest support to further constrain with
habitat covariates. We ranked models using Akaike's
Information Criterion (AIC) and considered models with
AAIC <2 to have strong support (Burnham and Anderson
2002). Before running models, all continuous covariates
were normalized. The relationship between the probability
of occupancy and covariates at the segment level was
established using a logistic model (logit link) in program
PRESENCE (Hines 2006). We considered an effect, i.e.,
covariate beta coefficient, to be strongly supported if the
95% confidence intervals did not overlap zero. A Goodness
of Fit (GOF) test was only available for the standard
occupancy model (Mackenzie and Bailey 2004). We
reported model GOF resultsfor standard occupancy models
that were among competing models (AAIC <2).

We evaluated the support in the data for the purported
suitability ranks of vegetation types advanced by Hamel
(1992). Hamel ranked southesastern vegetation types in
decreasing order of suitability for terrestrial land birdsusing
three categories: optimal, suitable, and marginal. Suitability
rankings were created based on published studies, available
information on natural history, survey data, expert opinion,
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and field experiences (Hamel et al. 1982, Hamel 1992).
Optimal habitat wasdefined asvegetati on typesthat supported
the highest frequency or abundance of a species. Suitable and
marginal habitats were defined as vegetation types that
supported species in successively lower frequency or
abundance. Accordingly, we expected support in the data for
each species to be greater for optimal habitat, followed by
suitable and margina (i.e, O > S > M; Table 1). To test
hypothesi zed associations, we matched the definitions of each
of the 118 SEGAP land cover classes (www.basic.ncsu.edu/
segap/datazip/region/lc_segap_legend.pdf; Iglecia2010) with
the vegetation types described by Hamel (1992). We pooled
land cover classes to match the species-specific definitions of
vegetation types considered optimal, suitable, and marginal
habitat, and summarized their percentages within the BBS
route-segments. For the Red-headed Woodpecker we created
two models of optimal habitat. One followed Hamel’ s (1992)
grouping of vegetation types considered optimal. The other
(Optimal-revised) included grassand and shrub habitats,
deemed important for thewoodpeckersaccording to Venables
and Collopy (1989), Kale and Maehr (1990) and Thogmartin
and Knutson (2007).

Model assumptions

Careful consideration of model assumptions is important for
interpreting results. Single-season occupancy models assume
that: (1) the system was closed to changesin occupancy during
the sampling period; (2) the species was not falsely detected;
and (3) species detections were independent. The first two
assumptions were likely met given that surveys were
conducted in one morning by qualified bird observers, but
there was always a chance that habitat similarity between
adjacent stops or home ranges centered between stops might
have violated the first assumption (Hines et a. 2010). We
addressed the third assumption by testing for spatia
dependence and reporting the appropriate (adjusted or not)
occupancy estimates. We made this determination by
contrasting models with and without spatial dependence as
described in the data analysis section. We also assumed that
both the grain, i.e, 30 x 30 m pixels, and the thematic
resolution (habitat classes) were reasonable for developing
avian species-habitat models. We believe that the grain
assumption was met because all species have territory sizes
larger than 20 pixels. We assumed that the land cover was an
adequate representation of the available habitat on the ground.

RESULTS

A regional averageestimateof occupancy, i.e., not constrained
by latitude or habitat, for the nuthatch was 0.46 (SE = 0.14),
0.57 (SE = 0.24) for the wood-pewee, and 0.41 (SE = 0.09)
for thewoodpecker. Corresponding detection probabilitiesfor
the nuthatch were 0.38 (SE = 0.20), 0.25 (SE = 0.07) for the
wood-pewee, and 0.06 (SE = 0.01) for thewoodpecker. There
was evidencefor variation in occupancy acrossthe latitudinal
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Table 1. Vegetation types ranked by their suitability for three avian speciesin the South Atlantic Coastal Plain, United States,
based on expert knowledge (Hamel 1992). Candidate model sets were evaluated with single-season occupancy models. The
purported strength between occupancy probability and Hamel’ s habitat suitability categories was: optimal (O) > suitable (S)
>marginal (M). Optimal habitat for the woodpecker was defined as per Hamel (1992) and as Optimal -revised to reflect recent

literature on the species (see text).

Avian Species Vegetation Types
Optimal (O) Suitable (S) Marginal (M)
Brown-headed Nuthatch Sandhills longleaf pine Pine savanna Mixed pine-hardwood

Longleaf pine-Slash pine
Loblolly pine-Shortleaf pine
Longleaf pine-scrub oak
Sandhills longleaf pine
Longleaf-Slash pine
Grassland/Shrub

Red-headed Woopecker

Eastern Wood-pewee Sandhills longleaf pine
Longleaf pine-Slash pine
Loblolly pine-Shortleaf pine
Mixed pine-hardwood
Oak-hickory
Southern mixed mesic hardwoods

Pond pine pocosin

Pine savanna
Pond pine pocosin
Longleaf pine-Scrub oak

Mixed pine-hardwood
Loblolly pine-Shortleaf pine
Bayswamp-pocosin

Oak-gum-cypress Elm-ash-cottonwood
Oak-hickory Live oak maritime
Longleaf pine-scrub oak Pine savanna,
Bayswamp-pocosin Pond pine pocosin
Elm-ash-cottonwood Oak-gum-cypress

Live oak maritime

Brown-headed Nuthatch (Stta pusilla), Red-headed Woopecker (Melaner pes erythrocephalus), Eastern Wood-pewee (Contopus virens), Longleaf pine
(Pinus palustris), Slash pine (Pinus élliottii), Pond pine (Pinus serotina), Loblolly pine (Pinus taeda), Shortleaf pine (Pinus echinata)

gradient encompassed by the South Atlantic Migratory Bird
Initiative region in the coastal plain (Beta 95%CI did not
overlap zero; Table 2). Occupancy was highest for the
nuthatch in the central region of the SAMBI, in the southern
and central region for the woodpecker, and in the northern
region for the wood-pewee (Fig. 2).

Models that included optimal habitat were strongly
supported for the nuthatch and wood-pewee (Tables 3 and
4). These models also featured adjustments for spatial
dependence among survey stops. For both species, optimal
habitat accounted for most of the variation in occupancy
probability. Occupancy was positively and strongly
influenced by optimal habitat (Nuthatch: Beta=0.34 + 0.09,
95%Cls: 0.16 — 0.50; pewee: Beta = 0.33 £ 0.08, 95%Cls:
0.17-0.49; Table2). Inthe case of thewoodpecker, amodel
structure that did not include within-route spatial
dependence received greater support (Table 5). Marginal
habitat was at the top of ranked models but its weight was
low (0.31, Table5). Inthismodel, occupancy was positively
but weakly influenced by margina habitat (Beta = 0.45
+ 0.30; 95%Cls: -0.15 — 1.05). Two other models were
plausible alternatives (AAIC < 2); a model that did not
include habitat covariates and a model that included the
Optimal-revised habitat.

DISCUSSION
The use of expert knowledge for landscape level
conservation is widespread, and in recent years, the

application of expert knowledge for such aims has benefited
from advances on how knowledge is €licited, verified, and
quantified for modeling (Low-Choy et al. 2009, McBride and
Burgman 2012). However, expert-based model sand purported
species-habitat relationships continue to suffer from
inadequate validation (Doswald et al. 2007, Schlossberg and
King 2009, Johnson et al. 2012). Our aim in thiswork wasto
extend and illustrate the landscape scale application of
occupancy models to validate such models. We assessed the
support for expert knowledge-based avian species-habitat
associations in the context of detailed thematic land cover
dataset for the South Atlantic Coastal Plain of the United
States. Models supported two of the three purported species-
habitat suitability associations. Thenuthatch and wood-pewee
were positively and strongly associated with optimal habitat
as proposed by Hamel (1992). V egetation types considered to
be optimal habitat for the woodpecker received low support
from the data (AAIC > 2). Indeed, all of the habitat variables
included in the models had low influence on woodpecker
occupancy, which was contrary to expert opinion. The low
support for the expected woodpecker-optimal habitat
relationship may beasamplingartifact, reflectingthelocations
within the species range visited by observers. Alternatively,
the absence of a strong relationship between woodpecker
occupancy and optimal habitat may indicatethat Hamel (1992)
may have overstated the importance of some vegetation types
for thisspecies. Theval ueof habitat deemed optimal may have
also been overrepresented by drawinginferencesfromsurveys
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Table 2. Beta coefficients and standard errd¥%(SE) for occupancyy) estimates derived from models with highest suppor
(AAIC) in the data using single season occupancy eddethree avian species of conservation pridritthe South Atlantic
Coastal Plain, United States, 2001. Covariates Vatitade: (LatS = 29-31°, LatC = 32-34°N, LatN 5-37°N) and Hamel's
habitat suitability categories, namely, optimal (8)itable (S), and marginal (M).

Brown-headed nuthatch Red-headed woodpecker Eastern wood-pewee
(Stta pusilla) (Melaner pes erythrocephal us) (Contopus virens)

Covariate B SE SE B SE
LatS -0.18 0.26 -1.82 0.29
LatC 0.54 0.22 -0.82 0.22
LatN - - - -

o} 0.33 0.08 0.34 0.09
S - - - -

M - - . - -

T 95% confidence intervals do not overlap zero

Table 3. Model selection results for Brown-headed Nuthafgtig pusilla) occupancy models in the South Atlantic CoastairP|
United States, 2001. Occupangy) (vas modeled as constant (.), as a function téith (LatS = 29-31°, LatC = 32-34° N, LatN
= 35-37° N) and Hamel's habitat suitability catéger namely, optimal (O), suitable (S), and margihg. Detection probability
(p) was modeled as constant (.). Models accountdfatia correlation within segment statiofis{(6™ or 6 # 0°). The term Basic
Model means that occupanay)(was not constrained by a covariate, or constdaimelatitude. S-D means spatial dependence
model structure; Std-O means standard occupancglnstdcture. LatN defaults to the intercept in thedel parameterization.
N = 480 route segments.

=

AAICH w? Deviance
0 0.98¢ 829.5(
8.6€ 0.01: 842.1¢
17.90 0.0001 847.40
18.2( 0.000: 847.7(
18.87 0.000: 850.3
26.4¢ 0 859.9¢
26.58 0 860.08
26.81 0 862.3!
41.97 0 877.47
42.71 0 878.2]
47.46 0 886.96

Model Set Model

Hamel D v (Optimal + LatS + LatC),0+0"), p(.)!
Hamel St-O vy (Optimal + LatS + LatC)p(.)
Hamel S-D vy (Marginal + LatS + LatC),§#0"), p(.)
Hamel ¢-D v (Suitable + LatS + LatC)f#6"), p(.)
Basic &-D v (LatS + LatC),§+0", p(.)

Hamel St-O v (Suitable + LatS + LatCp(.)
Hamel Std-O vy (Marginal + LatS + LatC)p(.)
Basic St-O vy (LatS + LatC)p(.)

Basic St-O v (.),(640", p(.)

Basic St-O v (.),0=6", p(.)

Basic Std-O v (1), p(.)

N DD DO N NN

T Number of parameters

* Difference between the AIC of a given model arglldwest AIC in the set of candidate models.

§ AIC weights indicate the likelihood that a givematel is the best model in the set of competing risogieen the data.
IHamel Model AIC= 843.5i
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Table 4. Model selection results for Eastern Wood-Pewe@mn{opus virens) occupancy models in the South Atlantic CoastairRlUnited States,
2001. Occupancyy) was modeled as constant (.), as a function éitht (LatS = 29-31°, LatC = 32-34° N, LatN = 35237) and Hamel's
habitat suitability categories, namely, optimal (&)itable (S), and marginal (M). Detection proligb{p) was modeled as constant (.). Models
account for spatial correlation within segmentistet @ =6 or 6 # 6°). The term Basic Model means that occupangy(as not constrained by
a covariate, or constrained by latitude. S-D mespsial dependence model structure; Std-O meandasthoccupancy model structure. LatN
defaults to the intercept in the model parametgozaN = 480 route segments.

Model Set Model AAIC* we Deviance

Hamel S-D v (Optimal + LatS + LatC),¢0"), p(.)! 0 1505.96
Hamel Std-O y (Optimal + LatS + LatC)p(.) 2.9 1512.86
Basic S-D v (LatS + LatC),0#6), p(.) 15.76 1523.72
Hamel S-D v (Suitable + LatS + LatC)f#0"), p(.) 17 1522.96
Hamel S-D vy (Marginal + LatS + LatC),§+9", p(.) 17.6 1523.56
Basic Std-O v (LatS + LatC)p(.) 20.44 1532.40
Hamel Std-O v (LatS + LatC + M)p(.) 21.96 1531.92
Hamel St-O v (LatS + LatC + S)p(.) 22.2¢ 1532.2.

Basic S-D v (.),(6£0), p(.) 86.97 0 1598.93
Basic Std-O v (), p() 88.2 1604.16
Basic D v (),(6=0Y, p()) 88.6¢ 1600.6(

AN AN ODNN~NOO 0N

" Number of parameters

* Difference between the AIC of a given model arelltwest AIC in the set of candidate models.

8 AIC weights indicate the likelihood that a givenatel is the best model in the set of competing risogieen the data.
I'Hamel-NLCD Model AIC= 1519.96

Table5. Model selection results for Red-headed WoodpedWetaherpes erythrocephalus) occupancy models in the South Atlantic Coastal
Plain, United States, 2001. Occupangy\Was modeled as constant (.), as a function itk (LatS = 29-31°, LatC = 32-34° N, LatN = 35237
N) and Hamel's habitat suitability categories, nmeptimal (O), suitable (S), and marginal (M).t®Dmal habitat was modeled as defined by
Hamel (1992) and as Optimal-revised to reflectmédterature on the species (see text). Detegirobability ) was modeled as constant (.).
Models account for spatial correlation within segirgations@ =0" or 0 # 6°). The term Basic Model means that occupangyas not
constrained by a covariate, or constrained byuld¢it S-D means spatial dependence model struStd€) means standard occupancy model
structure. LatN defaults to the intercept in mgulelameterizations when modeled with LatS and Lit@he final model parameterization, which
featured one latitude category at a time, LatSlami@ default to the intercept. Model assumptiorrglie standard occupancy model were met
(GOFy2 = 142.70, P = 0.18). N = 480 route segments.

Model Set Model KT AAICH we Deviance

Hamel Std-O y (Marginal + LatN) p(.)! 0 647.24
Basic Std-O v (LatN),p(.) 1.55 650.79
Hamel Std-O v (Optimal + LatN)p(.) 1.96 649.2
Basic Std-O v (LatS + LatC)p(.) 2.44 649.68
Hamel Std-O y (Optimal-Hamel + LatN)p(.) 3.13 650.37
Hamel Std-O v (Suitable + LatN)p(.) 3.3 650.54
Hamel S-D y (Marginal + LatN),0=0", p(.) 3.43 646.67
Hamel S-D vy (Marginal + LatS + LatC)pE6"), p(.) 3.57 644.81
Hamel S-D vy (Optimal + LatS + LatC)§=0"), p(.) 4.59 645.83
Hamel S-D v (Suitable + LatS + LatCY€o"), p(.) 5.33 646.57
Hamel S-D y (Optimal-Hamel + LatS + LatCy£6"), p(.) 5.76 647

Basic Std-O v (LatC),p(.) 5.97 655.21
Basic Std-O v ().p() 9.82 661.06
Basic St-O v (LatS),p(.) 11.8] 661.0¢

Basic S-D v (.),(0=06Y, p(.) 125 659.74
Basic S-D v ()00, p() 13.75 660.99

AAWONWNNN~NOOPDNDDADN®WN

" Number of parameters

* Difference between the AIC of a given model arelltwest AIC in the set of candidate models.

$ AIC weights indicate the likelihood that a givenahel is the best model in the set of competing rtsogieen the data.
I'Hamel Model AIC= 655.24




Fig. 2. Location of route segments with high probabilities
of occupancy (0.7 — 0.9) for the Brown-headed Nuthatch
(Stta pusilla), Eastern Wood-pewee (Contopus virens),
and Red-headed Woodpecker (Melanerpes
erythrocephalus) in the South Atlantic Coastal Plain,
United States, 2001. Occupancy was modeled as a
function of the amount of optimal habitat (marginal for the
woodpecker; Hamel 1992) and latitude. Latitude was a
categorical covariate (LatS = 29-31°, LatC = 32-34°N,
LatN = 35-37°N); 400 m is the width of survey routes.
Models account for probability of species detection and
spatial correlation within segments stations.

Probability of Occupancy (0.7 - 0.9)

Brown-headed nuthatch

+

Red-headed woodpecker

o

without adjusting for detection probability (Mackenzieet al.
2002, Mackenzie 2006).

The lack of strong predictive habitat covariates in our
woodpecker model s was consi stent with previous studies of
other habitat generalistsin that they failed to identify strong
habitat predictors of abundance or occurrence (Dettmers et
al. 2002, Manel et al. 2001, Kadmon et al. 2003, Thogmartin
and Knutson 2007). The woodpecker illustrates the
possibility that for some speciesmodel swith land cover data
and latitude alone might not adequately predict occupancy
(Lawler et al. 2004). The 2001 SEGAP database consisted

Avian Conservation and Ecology 7(2): 5
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of 118 land cover classes as compared to NLCD’s 29 classes
(Wickham et a. 2010). For generalist species like the red-
headed woodpecker, experts may have difficulty attributing
habitat suitability rankings, and further parsingland cover into
finer classes might not improve estimates of species
occurrence. In these cases, other habitat requirements might
be necessary to improve estimates of occurrence. For
woodpeckers, site covariates might include the presence of
masting tree species or sampling covariates such as masting
year.

Occupancy models, as those described here, provide a well-
devel oped ana ytical framework tovalidateexpert knowledge-
based models (McKenzie et a. 2006). The benefit to
conservation planning is heightened because datasets such as
BBS and regional land cover datalike SEGAP can be used to
conduct such tests at landscape levels. We suggest that
validation tests might be improved if the width of buffers
around BBS routes explicitly reflects the functional
relationship between detections and distance from survey
stops (e.g., Somershoe et al. 2006). The need is underscored
by increasing trends in ambient noise along routes that may
make detection with increasing distance from the survey stops
more difficult (Simons et a. 2007, 2009). Finally, available
NLCD datafrom 1992 and 2006 provide base layersto create
land cover datasets like the 2001 SEGAP. The prospect of
creating multiyear land cover datasets rai sesthe possibility of
assessing the robustness or model inference consistency with
respect to expert knowledge-based species-habitat relationships.
Insightsabout underlying processes, e.g., patch extinctionand
colonization rates, that might explain the outcomes of such
assessmentscoul d begained by accounting for landscapescale
features such as patch size, amount of habitat, and distance
among patches using multiseason occupancy frameworks
(Mordecai et al. 2011, Veran et al. 2012).

Responsesto this article can be read online at:
http://www.ace-eco.org/issues/responses.php/551
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