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Abstract: Ruffed grouseBonasa umbellus) populations in North America have declined as
forests have matured and the extent of early semues forest habitat required by the
species has diminished. When wildlife speciesidedecause of habitat loss, determining
where to focus habitat management efforts is diffibecause both the wildlife population
and the required habitat(s) are usually limitedistribution. We adopted a relatively new
ecological modeling method, partitioned Mahalandiswhich allowed us to predict the
distribution of potential ruffed grouse habitat@ss a landscape of management concern
where high quality habitat was uncommon. We ymedence data derived from
radiotelemetry locations, and GIS habitat data fparblicly available sources to create
competing partitioned Mahalanobig Bodels. The competing models identified important
habitat variables and predicted ruffed grouse habistribution at 1 ha and 25 ha scales in
southwestern Rhode Island, USA. The 1- and 25-bdefs produced comparable overall
classification accuracy (83.1 % and 81.4 %, re$pay) but differed substantially in the
area of predicted habitat (4,475.5 ha and 10,1138,8espectively). We selected the more
conservative 1-ha model as the “best” model, apdeaded it to a larger landscape extent.
Once expanded, the model predicted 11,463 ha ¢d5dial land area) of potential ruffed
grouse habitat for a 735-Krtandscape in southwestern Rhode Island. This mode
identified those areas with varying proximitieshie following features as likely to contain
ruffed grouse habitat: early successional forestsy and stream corridors, mixed conifer
forests, conifer forests, shrub wetlands, and dexid forests. Early successional forests
were the most consistent component of habitat bgeffouse, despite the fact that this
habitat type was uncommon in our study area (< L%tal land area). Our model can be

used to identify areas of existing ruffed grouskitaé for management focus.
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Introduction

The ruffed grouseBonasa umbellus; hereafter grouse) is a popular North American
game bird whose population has declined >50% ravige-over the last 40 years (Butcher
& Niven 2007), most notably in the eastern Unit¢at&s (Rusch et al. 2000, Dessecker &
McAuley 2001). Grouse depend on deciduous foiadtse first stages of woody
succession following disturbance (Bump et al. 1R0sch et al. 2000, Dessecker &
McAuley 2001). Current land management practicabémortheastern U.S. minimize or
eliminate several forms of natural disturbancehsagwildfire and American beaver
(Castor canadensis), which were historically important for maintaigiearly successional
habitat (Askins 2000, Lorimer & White 2003). Masitrrent anthropogenic disturbances
(e.g. housing development) do not typically all@msests to regenerate, and thus early
successional habitat is becoming increasinglyiratke region (Brooks 2003). The
generally accepted hypothesis for the observedsgrpopulation decline is a concomitant
decline in the availability of early successioraiests (Dessecker and McAuley 2001).
This hypothesis is supported by the observationrthmerous other species that require
similar early successional habitat also are dewliim the region. (Askins 2000, Litvaitis
2001, Fuller & DeStefano 2003).

To effectively assess conservation options, bistsgequire information on the
distribution of species’ habitat at scales reletamhanagement goals (Scott et al. 2002).
However, when wildlife species decline becauseaiitat loss, determining where to focus
management efforts may be difficult because theispend its habitat may be limited in
distribution. Grouse are known to use multipldyesnccessional age classes (Bump 1947

et al., Gullion 1984b, Rusch et al. 2000), whermehesge class provides different structure
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required for various life history stages (e.g. opaderstories in pole-stage stands for
nesting vs. dense understories in sapling-stagelstar brood rearing; Gullion 1984a,
Rusch et al. 2000). When multiple seral stagesiaa®ailable, other habitats may serve as
surrogates to provide the structural diversity negliby grouse. For example, grouse in
Rhode Island commonly select pitch piRen{us rigida) - scrub oakQuercusilicifolia)
forests, presumably because they provide high wately density which is important
year-round for cover (Endrulat et al. 2005). Imf=ylvania, however, these habitats were
avoided in an area where a greater amount of gaptage forest was available (Scott et al.
1998). Thus, surrogate habitats and their oriemtain the landscape are likely important
determinants of grouse distribution in areas winégh quality early successional habitat is
rare.

Although methods exist to assess grouse habitdityjbased on site-level habitat
surveys (e.g. Cade & Sousa 1985), these are oplicaple at relatively small scales and
for optimum habitat. In contrast, we required mfi@ation on the distribution of potential
grouse habitat for a landscape where high quadibitht was uncommon and multiple
surrogate habitats were available and known toslee by grouse. Multivariate statistical
models that use geographic information systems)(@d& are effective tools to estimate
the probability of habitat occurrence (Guisan & Biermann 2000, Scott et al. 2002,
Beissinger et al. 2006). So called species diginbh models (SDM) vary substantially in
methodology (for reviews, see Guisan and Zimmerg@090, Scott et al. 2002, Guisan and
Thuiller 2005, Beissinger et al. 2006 Elith et @D8), but all rely on the concept of
ecological niche (Guisan & Zimmermann 2000, Guigad Thuiller 2005). An implicit

assumption in all SDMs is that the habitat charaties used to construct the model can
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adequately characterize this environmental nichieing et al. 2005). A second related
assumption is that the species being modeledpsendo-equilibrium with its environment,
an assumption that is necessary to project modsisusing spatially- and temporally-
limited data to larger scales (Guisan and Thulléd5). Many SDMs require information
regarding species presence and absence, but tkem@aay situations where defining true
absences can be difficult, especially when dealiity small populations. Reasons for
failure to detect species presence include inconspis individuals, inadequate survey
effort and/or design, suitable but unoccupied f@p#nd truly unsuitable habitat (Hirzel et
al. 2001, 2002, Rotenberry et al. 2002, Grahm.€2004). These concerns may be
especially relevant for grouse, which can be diffito reliably detect using standard
survey protocol (Zimmerman & Gutiérrez 2007).

Our main objective was to predict the distributadrpotential grouse habitat in a
landscape of management concern in order to infoamagement and support future
research. We adopted a relatively new ecologicaleting technique, partitioned
Mahalanobis B (hereafter partitioned 4 that has been used to predict habitat distrilbutio
for rare wildlife given only data on species prese(Rotenberry et al. 2002, Browning et.
al. 2005, Rotenberry et al. 2006, Watrous et 8620 Partitioned Bis a modification of
the Mahalanobis distance method, which has beeelyvapplied (Clark et al. 1993, Farber
and Kadmon 2003, Tsoar et al. 2007, Alloche e2@08). Partitioned tiffers from the
Mahalanobis method in that it partitions the futhlvalanobis Binto separate components
that represent independent environmental relatipesthe most consistent of which define
the species minimum habitat requirements (Roteglatral 2006). The procedure involves

conducting a principle components analysis (PCAlictvidentifies habitat relationships
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based on the multivariate mean and variance ofemviental variables measured at
locations where the species is present (Brownirad. @005, Rotenberry et al. 2006).
Unlike traditional interpretation of PCA, partitied I¥ focuses on the lowest principle
components, which describe the most consistergnpatin the species’ habitat use.
Environmental variables that load highly on the édstwcomponents are those variables that
consistently occur where the species is found,iaticat sense represent the species’
minimum habitat requirements (Browning et al. 20R6tenberry et al. 2006). Thus,
locations with unknown occupancy that contain theimum habitat requirements are
assumed to have a high probability of providingitatior the species (Rotenberry et al.
2006). Partitioned bshares the assumptions inherent to all distributiodels as
described above, and also assumes that the speti#at can be described in terms of
multivariate means and variance (Browning et al5QRotenberry et al. 2006).
Additionally, partitioned Bassumes that the distribution of minimum habitguements
limit the species’ distribution (Rotenberry et2006). We used partitioned Because it
allowed us to predict grouse habitat distributiosouthwestern Rhode Island using
presence-only data in a situation where reliabteabe data were unavailable.
M ethods

Study Area

Our study was conducted in the Arcadia Managemesd fhereafter Arcadia) and
surrounding private lands in Washington County, dhtsland, USA (4132'N, 71°43'W)
(Fig. 1). Arcadia is managed by the Rhode Islapgddtment of Environmental
Management as a multiple use recreation area. élgetsd this site so we could build on

previous ruffed grouse research in the area (Eatletlal. 2005) that was conducted as part
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of the Appalachian Cooperative Grouse Researcle@rACGRP; Norman et al. 2004).
Additionally, the site is considered an area of agment concern because of recently
observed declines in grouse populations (Fig. 2j(1699,2007). We used raster GIS
data, which is most easily analyzed in square damoas, to define our study area as a
16,900 ha rectangle that fully encompassed aligqmstof Arcadia (Fig. 1). Arcadia
covered 6,604 ha of this area, and the remaindesisted of private lands (10,296 ha).

The dominant forest type in Rhode Island, histdigcavas oak Quercus spp.)-
chestnut Castanea dentata) forest (Butler & Wharton 2002). Like most of sloern New
England, Rhode Island was almost completely cleafddrests for agriculture and fuel
wood by the dawn of the American industrial revant(Butler & Wharton 2002). Around
the turn of the 2B century, chestnut blight eliminated the remainimature chestnuts
(Russell 1987), which changed the dominant forestposition from oak-chestnut to oak-
hickory (Carya spp.) (Butler & Wharton 2002). Forest regeneratioabandoned
agricultural areas resulted in a dramatic incréasarly successional habitat during the
early to mid 28 century (Lorimer 2001, Brooks 2003), but by thel efithe century,
mature second-growth forests covered most of tlieveioped land in the state (Butler &
Wharton 2002) and early successional habitat wessdemmon than pre-settlement levels
(Brooks 2003). Our study area is representativ@athern New England forests in that
when it was last surveyed (1995), the study area-W8 % forested, and 55% of the total
land cover was second-growth deciduous forest (Rlsldnd Geographic Information
Systems [RIGIS] data; http://www.edc.uri.edu/rigi®minated by mature red oaR.(
rubra), white oak Q. bicolor), beech Fagus grandifolia), and hickory.

Input data used to construct partitioned D> models
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161 Ruffed grouse location data. Past applications of partitioned Bave typically

162 relied on presence data derived from point colRtggnberry et al. 2002, Rotenberry et al.
163 2006) or discrete landscape features used by om®@ individuals (Browning et al. 2005,
164 Watrous et al. 2006). Standard roadside surveydwzied during the breeding season
165 when male grouse display and are most conspicumimely fail to detect individuals

166 (Zimmerman & Gutiérrez 2007), and do not accounbfeeding habitat used by females.
167 We therefore used radiotelemetry to define are#ts kmiown grouse presence in the study
168 area.

169 We captured ruffed grouse in Arcadia from 1999-206ihg cloverleaf interception
170 traps (Gullion 1965), and fitted them with necklatg@e radio collars as described in

171 Endrulat et al. (2005). Point locations of raditem@d grouse were collected diurnally by
172 taking at least 3 bearings within a 30-min periahf stations with known UTM

173 coordinates. To ensure independent observati@nsiane than 1 location was collected
174 per day, with an average of 5.6 (+ 5.7) days betvgseial locations. Methods followed
175 those of the ACGRP including removal of locatiorithve 800 m Geometric Mean

176 Distance from telemetry stations prior to final s (see Whitaker 2003 for complete
177 ACGRP telemetry criteria). For our study, we u$2dO0 radiolocations from 28

178 radiocollared grouse (on average 44 + 6 locati@idbpd) that included females and males
179 (n=7 and 21, respectively) and adult and juveage classes (n = 17 and 11, respectively).
180 Telemetry locations included a minimum of 47 poi@tgerage = 100.8 + 36.5; ~4 % of
181 total dataset) per month and a minimum of 206 gdiaverage = 302.5 £ 104.1; ~ 17% of

182 total dataset) per season (i.e., spring, summigrwiater). Trapping and handling protocol
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were approved by the University of Rhode Islanditmigonal Animal Care and Use
Committee (IAUCUC #: AN00-09-009).

Defining grouse presence. In our telemetry dataset, radio relocations lamithe
range estimates for individual birds had a highrde@f overlap. Additionally, sampling
was not uniform throughout the study area, andléresity of marked individuals did not
necessarily reflect actual grouse density. Becpastitioned B predicts potential habitat
based on variation in environmental variables eations where a species is present, we
could not identify habitat use on a per-individbakis because habitat values at any given
location (in our case, delineated by raster GI&xebuld be input into the model multiple
times (once for each grouse that used the locatibn$ over-representing that location’s
importance.

We pooled our radiotelemetry locations among irdligis and seasons to identify
presence locations that were used by 1 or moresgro8ince the radiotelemetry data
included grouse of both genders and age classésharmata were collected evenly across
all seasons (see previous section), we assumeththptesence locations are a
representative sample of all regional habitat typsesd by grouse annually. We created
grids that covered the entire study area, anditied®ach cell as either occupied, or as
having unknown occupancy. We repeated this prdoessdifferent grid resolutions with
1-ha and 25-ha cells. Cells in the 1-ha resolugiath, which represented a site-level scale
(Johnson 1980), were considered occupied if theyaboed at least one radiolocation. We
chose 1 ha for site-level scale because it appr@esimovement rates of non-dispersing
grouse (109 £ 7 m/hr; Fearer 1999). The secomdrgpresented a home range scale

(Johnson 1980) with 25-ha resolution, which apprates the mid-point of published
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grouse home range sizes (varies from 7.3 — 49.ddpending on age and gender;
Whitaker et al 2007). Here we used 50% kernel hcange estimates (Endrulat et al.
2005) to identify cells as occupied or unknown blase whether at least one estimated
home range overlapped a given cell. Based on ttré@sea, at the 1-ha scale we used 468
1-ha grid cells as discrete locations with knowouge presence. At the 25-ha scale, we
used 70 25-ha grid cells as presence locations. tdtal area identified as used by grouse
at the 1- and 25-ha scales was 468 ha and 175@dpsectively.

GlShabitat variables. We identified forest habitat types, forested wedkgrstream
corridors, and elevation from publicly availableS3lata
(RIGIS;http://www.edc.uri.edu/rigis; Table 1). Wenverted categorical coverages into
continuous variables of proximity to (1 ha) andgeert coverage of (25 ha) that reflected
habitat configuration. At the 1-ha scale, habitaiables were a measure of the distance
from the center of a focal grid cell to the certdethe nearest cell of each habitat feature
(Table 1). At the 25-ha scale, we assumed thatsgrgelect an area based on the total
availability of resources within a home range, abitat variables were a measure of
composition within each grid cell (i.e., percenveoof habitat types; Table 1). At this
scale we also assumed that more heterogeneousathabiild be more attractive to grouse,
and thus included indices of habitat type richr{essl number of habitat types), evenness
(relative abundance of habitat types) and divelsitjomposite of richness and evenness;
DeJdong 1975) as variables in the model. Grousa@remigratory (Rusch et al 2000), and
thus any important seasonal habitats must be cmdavithin their annual home range. In
contrast to a standard binary habitat value (habyifee is present vs. absent), these

distance-based and percent coverage variablesegllaw to partially insulate our model
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from potential seasonal bias of location data.uBiyng distance and percent cover based
variables, grouse habitat use could be influengedob only by habitat occupied at the time
of survey, but also by surrounding habitat that maye been occupied during a later
season.

We found no existing GIS data that specificallyntieed regenerating early
successional forest habitat. Although rare in Rhisthnd, early successional forest is an
important component of grouse habitat, so, we eteatGIS coverage of young forest
habitat by interpreting leaf-off 1:5,000 scale thgycolor orthophotographs. Specifically,
we systematically searched 100-ha grid cells faratteristics associated with a recently
disturbed and regenerating forest (i.e. visibleaksan the forest canopy, obvious woody
regeneration, and clearly defined boundaries). ovg considered patches with area > 0.4
ha, the minimum area required to support a breegiangof grouse (Gullion 1984c). We
used known patches of regenerating forest as refergites when interpreting photos, and
visited a randomly selected subset (20%) of digitipatches to ground truth photo
interpretation accuracy. This process identifiBd&a of early successional forest habitat
in the study area and 279.8 ha in the expanded &ndavidual patches of early
successional habitat ranged from 0.4 ha to 13.@vitl,an average size of 1.6 hel (79
SD), and patches larger than 4.0 ha were uncomWercalculated continuous values for
this coverage as described above.

Collinearity between habitat variables has beentitied as a potential cause of
instability in partitioned Bresults (Rotenberry et al. 2002, Browning et 80%). We

therefore created a correlation matrix and elingddt variable from pairs where r >
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[10.70C). We used this criterion to eliminate the wetlamdgable, which was collinear with
the forested wetlands variable at both scalesttantiabitat type diversity and richness
variables, which were collinear with habitat type®eness at the 25 ha scale.
Model assumptions

One assumption inherent to all SDMs is that theiggds in equilibrium with its
environment (Guisan and Zimmerman 2000, GuisanTémidller 2005), that is, that the
species occupies the full range of ecological dioni that can support it. This
assumption can be violated if a species’ distrdouts limited by constraints such as
dispersal or competition (Svenning and Skov 2004s&h and Thuiller 2005,) that prevent
the species from occupying otherwise suitable habiAt a range-wide scale, dispersal
limitations likely exclude grouse from some geodpa@reas that contain suitable habitat
(Gullion 1984a), however, as we were interestgar@dicting habitat distribution at a more
localized scale, we did not expect that dispersalld/limit grouse distributions in our
study. A second critical assumption is that thecggs’ minimum habitat requirements are
included in model construction. This assumptioafien difficult to fully meet because
coarse-scale geospatial data is rarely adequakestribe the underlying biological
processes that drive habitat use (Scott et al.)200&vertheless, geospatial data is useful
to describe pattern, and we selected variablegb@sstructural characteristics common to
certain habitat types and spatial scales that wewsated would drive grouse habitat use.
Partitioned D? model construction

We used SAS code (SAS Institute 2002) provided bteRberry et al. (2006) to

create 2 partitioned fmodels of grouse habitat similarity at 1 ha antha%cales.
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Complete descriptions of the theory and mecharebsnol partitioned Bcan be found
elsewhere (Rotenberry et al 2002, Browning et 852®Rotenberry et al. 2006, Watrous et
al. 2006), but here we provide a brief outlinehs modeling procedure. We performed a
principal components analysis (PCA) for each meaelescribe variance in the presence
data. This partitioned the potential full MahalbisoD? model (Clark et al. 1993) injp
components, whengwas equal to the number of habitat variables ohetli Some subset,
k, of these components is selected to formulat@énttioned B model (our selection
procedure is described below). Unlike traditioinétrpretation of a PCA, only principal
components with low eigenvalues are consideredhfdusion ink. These low components
contain the least variance in the data, and thugsent the most consistent aspects of the
species’ habitat use (Rotenberry et al. 2006).id¥#s that load highly on components
selected fok are assumed to be the characteristics most classhciated with the species’
habitat distribution (minimum habitat requiremerspwning et al. 2005, Rotenberry et al.
2006).

Using eigenvectors and eigenvalues from each df fetected components, and
the same habitat variables measured at locatiaisunknown occupancy (hereafter
unknown locations), we were able to calculate auative distance statistic,?[X), for all
unknown locations. fk) summarizes the cumulative multivariate distanegvben
habitat values at an unknown location, and the no¢aalues for all presence locations.
This provides a measure of the degree of similé&xtyveen the unknown location and the
mean of habitat values at all presence locatiob§k) values are difficult to interpret,
because values can range from 0 (completely sindanfinity (Browning et al. 2005,

Rotenberry et al. 2006). Consequently, we caledlBtvalues by comparing k) to an
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approximatingX® distribution (Browning et al. 2005, Rotenberryakt2006, Watrous et al.
2006), which yielded an indexed output of valuegynag from O to 1 that represented the
probability that habitat present at any unknowratamn contained grouse habitat. We
calculatedP-values from B(k) for all points (both presence and unknown)Garh (1-ha
model) and 500m (25-ha model) intervals within shely area, and converted point data to
a raster GIS coverages with equivalent cell sizzéate a predictive habitat probability
map for each model.
Selection of D?(k) and test of model stability

We tested model stability and placed lower boundswr selection ok using
crossvalidation (Browning et al. 2005). While @walidation is useful for removing
unstable components with O or near-zero eigenvathesselection of the upper bounds on
k is still largely qualitative. To place an upp@ubd onk, we decided to consider only
components with non-zero eigenvalues <1.0, andnkeselected the subset of
components that explained as near, but no more #@84 of the cumulative variance in the
data. Although subjective, these criteria providedvith guidelines that were consistent
between competing models, and improved our aldityirectly compare each.
M odel evaluation and comparison between models

We considered all variables with eigenvector logdin[10.457to be the most
important variables on each partition, as thesmlbas ultimately would have the greatest
influence on model prediction. We used methodslairto Browning et al. (2005) to
identify a habitat threshold, which is necessargeparate potential habitat from non-

habitat, and to identify patch structure and tbtditat area. When selecting a thresliwsld
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value, there is a tradeoff between classificatiocugacy and model specificity; a low
thresholdP-value will correctly classify more points, but idlo so by predicting a larger
area as probable habitat. This in turn will leathtorrectly classified non-habitat, and
increased error of commission. Thus, the optimiuresholdP-value will strike a balance
between accuracy and specificity. To define amagh threshold, we classifidélvalues
into groups of 0.05 from 0.0 to 1.0 (i.e. 0.0, Q.030. .. 1.0.), identified the percentage of
correct classifications for each group, and divitted value by the percentage of the study
area identified as probable grouse habitat. Tiodyced a ratio of accuracy:specificity,
and we assumed that the threshold value with tiwedbratio represents the optimum
habitat threshold for a given model.

Because PCA does not offer a traditional measugoofiness-of-fit or effect size,
we evaluated model performance using jackknifemgsiag (Manly 1998, Browning et al
2005). As our dataset consisted of a large numbpresence locations, removal of only 1
presence location would have little influence ordelmutcome and would tend to
overestimate model accuracy. We used the raw &ttgrdata points and calculated a 90 %
kernel density estimate, pooled across individualsch identified 14 clusters of point
locations that presumably corresponded to 14 diseneas of core grouse habitat. We
withheld clusters one at time with replacement, asgessed model accuracy based on the
average classification within withheld habitat ¢éuss.

We compared models based on reclassification acguwand by comparing
predicted overall accuracy (non-resampled) witleptal habitat area at threshold. To
identify the “best” model, we assessed how acclyrat#ch classified the maximum

number of locations while still identifying a rakaly small area as potential habitat. Thus,
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the “best” model would achieve an optimum balaneviben accuracy and predicted
habitat area. We also visually evaluated map dstfpam each based on our familiarity
with the study area to ensure that outputs wersoresble.
Expansion of model coverage

Once satisfied with the “best” model’s performaatéhe study area scale, we
expanded the model by calculating(E) and its associatetvalues for a much larger area
(hereafter the expanded area). We required amegplaarea that was large enough to be
useful for evaluating grouse habitat distributioa dandscape scale as well as an area of
management interest. At the same time, we wamptedrtimize the degree to which we
exceeded the model’s level of inference in areasrevhabitat conditions differed from the
original study area. The resulting extent covét@8l knf (approximately the southwestern
Y, of the state), included the majority of statetogied Wildlife Management Areas in the
region (Fig. 1), and was approximately 4.5 timegdathan the original study area.

Results

Selection of D?(k) and test of model stability

Models at both scales includpd= 10 principle components. We seledtday
including components with non-zero eigenvalues iad described <20% of the total
variance for each model. This resulted in a sieleaif D?(k) based on principal
components (PCs) 7-10 for both models. In generas-validation results showed that
component eigenvalues were relatively stable anitengtions for each model (Table 2).
In each case, eigenvalues averaged across itesataarked closely with full model

eigenvalues for each component, with small standawiations (Table 2). No iterations
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produced components with eigenvalues of 0 or do$k suggesting overall stability for
both models. Additionally, every iteration resdlia the same selection d&&4.
M odel thresholds and area of predicted habitat

Both models retained similar levels of accuracthegshold, but differed
substantially in the amount of total habitat ar&@ae 1-ha model had the greatest (non-
resampled) classification accuracy (83.1 %), aedtified 27.6 % (4475.5 ha) of the study
area as potential habitat at a threshold of OTlte 25-ha model had similar classification
accuracy (81.4%), and identified 62.5 % (10,13&Bdi the study area as potential habitat
at a threshold value of 0.25. Average resampledracy was above 50%, and averaBed
values were greater than model threshold levelbdtn models. The 25-ha model had an
average reclassification accuracy of 0.57, andagef-value of 0.39, whereas the 1-ha
model had similar values of 0.54 and 0.30, respelsti
Important habitat variables

For each model a number of habitat variables wagstified as important correlates
to grouse habitat use. For the 1-ha mod&lk)Dncluded PCs 7-10, all of which had
eigenvaluex0.48 and explained up to 14% of the overall vagafiable 3). Early
successional proximity loaded highly on PC10, igracorridor and conifer forest
proximity loaded most highly on PC9, shrub wetland mixed conifer forest proximity
loaded highly on PC8, and deciduous forest, cofdfierst and shrub wetland proximity
loaded highly on PC7 (Table 3).

For the 25-ha model,¥k) included PCs 7-10, which all had eigenvalg@s$1,

and explained up to 16% of the overall variancé(@8). Deciduous forest and mixed
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conifer forest percent coverage loaded highly oa®Ghrub wetland and early
successional coverage loaded highly on PC9, anithh&pe richness and deciduous forest
coverage loaded highly on PC8. No variables loaded5 on PC7 (Table 3).
M odel evaluation and final model selection

The 25-ha model produced higher jackknife reclasgibn accuracy than the 1-ha
model, but the latter model performed considerdlelyer than chance. When overall (non-
resampled) accuracy was considered, both moddisrped well (>80%) at threshold,
with the 1-ha model capturing the greatest clas#ibn accuracy. When we compared
habitat probability maps for the 2 models (Fig.tBg 1-ha model depicted a clear patch
structure that was consistent with our knowledggrotise distributions in the study area,
whereas the 25-ha full model produced a confusutgu with no patch structure. Of the
two, the 1-ha model also predicted a smaller laed as probable habitat (126 % less total
land area), and thus was more conservative. Véetsel the 1-ha model as the “best”
model, and expanded its extent.
Distribution of potential ruffed grouse habitat

The 1-ha model of grouse habitat distribution idfest approximately 15.5 %
(11,463 ha) of the expanded area as potegittalse habitat (Fig. 3). The largest single
habitat patch was in Arcadia (1661.8 ha), and tthemolarge patches were identified to the
north and east of this patch. The second largash{920.2 ha) fell partially within the
Tillinghast management area. Other patches ot#iaieinded to be smaller (<400 ha) and
relatively evenly spaced throughout the expanded.a6tate wildlife areas contained 3,201
ha of identified grouse habitat, whereas the remgi,262 ha was located on privately

owned property.
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Discussion
Habitat characteristics associated with grouse presence

It is well documented that grouse require diveesources that are provided by
multiple habitat types and/or structures (Bumplet®47, Gullion 1984a, Rusch et al.
2000, Norman et al. 2004). Multiple surrogate tathiypes played a large role in our
model’s predictions, and areas that were located aléor most of these habitat types were
consistently predicted as grouse habitat. Conlygraeeas that were relatively
homogeneous were typically predicted as non-hafdited important habitat types that
influenced our model’s predictions likely providarious resources that are consistent with
current knowledge of grouse habitat requirements.

Grouse typically select habitat with high woodynstéensity and abundant
herbaceous vegetation (Bump et al. 1947, Rusch, ZD&secker & McAuley 2001,
Haulton et al. 2003, Whitaker et al. 2006) whicé both common in early successional
forests (Dessecker & McAuley 2001). However, indiial patches of early successional
habitat in our study area were typically too sni@lerage = 1.6 ha £ 1.7), and lacked the
seral diversity necessary to support a grouse hrange. As such, we speculate that
grouse utilize several habitat types as surrogaieces of woody stem density and
herbaceous vegetation. Abundant moisture andemi$rin shrub wetlands support dense
shrub tangles and a well-developed herbaceous. l&@ests with mixed coniferous and
deciduous species (e.g. pitch pine - scrub oalsteyeypically have diverse crown height
and structure, and the resulting allow sunlighteiach the forest floor and promotes shrub
growth that provides increased stem density. FRapasorridors also typically have a well-

developed herbaceous layer because of abundamba@isilure and nutrients. We suggest
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431 that grouse in our study consistently used areakse proximity to mixed conifer forests
432 because these areas provide high woody stem dengédsian corridors because they
433 provide a dense herbaceous layer, and shrub wstlzawhuse they provide both of these
434 habitat components.

435 Mast fruits, and especially hard mast, are impartathe ecology of grouse

436 inhabiting oak-hickory forests such as those founi@hode Island. In years with abundant
437 mast crops, grouse home range size decreased Rah@03), and reproductive output
438 increased (Devers et al. 2007). Deciduous forag®hode Island typically contain

439 multiple mast species (e.g. red and white oaks;tjesnd provide the most consistent
440 source of hard mast in the state, which may explédiy grouse locations were consistently
441 located near deciduous stands.

442 Conifer forests in Rhode Island typically contaange stands of mature white pine
443 with an open understory, little woody stem densityd minimal mast production. Such
444  conifer stands can provide excellent concealmaraf@n predators and are typically
445 avoided by grouse (Gullion 1970, Gullion & Alm 1983 onifer forest was an important
446 variable in the 1-ha model, but areas that werdipted as potential habitat did not

447 typically contain this habitat type. Thus, we sgate that the importance of this variable
448 in our model likely reflects consistent grouse danice of mature conifer stands.

449 Patternsin habitat availability and their implications

450 The 1-ha model predicted 4,524 ha (27.9 %) of gtegrouse habitat in the study
451 area, and 11,463 ha (15.5 %) of potential hahitéhé expanded area. Recent surveys
452  suggest that grouse densities in our study areaexaremely low (E. Blomberg,

453 unpublished data), and that populations have detlsubstantially (Tefft 1999, 2007).
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Extensive use of surrogate habitats suggestsabated availability of high-quality early
successional habitat may negatively effect demdygcagptes and limit grouse populations
in the study area. Consistent with this idea, Hladret al. (2005) found that grouse in our
study area occupied considerably larger territdhas reported in previous studies of
grouse home range. Also, Devers (2005) reportdrsurvival and reproduction for
grouse in our study area compared to other study 8i the southern extent of the grouse’s
range. Habitat models based on individuals in mafdpabitat likely include extensive
low-quality habitat, and our model’s relativelydararea of predicted habitat likely reflects
the overall low quality of grouse habitat in Rhdgland. Given recent declines, it is
important to note that habitat identified by ourdabmay not represent truly suitable
habitat, hence our reliance on the term probalidédtathroughout this manuscript.
Whether current conditions in Rhode Island are adexjto maintain viable populations at
low densities remains unclear, although recent deavd population trends for grouse in
the state (Fig. 2)(Tefft 1999, 2007) suggest theynat.

In southwestern Rhode Island, privately controlietts contained approximately
72% of the predicted grouse habitat in the expaaded (Fig. 4). This suggests that
private lands management should be a priority fouge conservation in the state.
However, privately controlled forestland in Rhodkahd typically consists of small
properties (average = 5.2 ha, >80% of private parc£.0 ha; Butler and Wharton 2002)
that may be too small and isolated to provide adexigrouse habitat. Conversely,
maintenance of evenly dispersed patches of hightgg@ouse habitat on state-owned
areas may provide source populations for adjageatsa In either case, management

effectiveness will depend on the factors that iefice population response to habitat
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manipulation at the landscape scale; questionsathat yet remain unanswered. In light of
this uncertainty, future research should focus @n landscape-scale habitat availability,
distribution, and quality influence grouse popwatdynamics. Predictive habitat
distribution models such as ours should prove udefudesigning and implementing this
future work.

Performance and evaluation of partitioned D? models

Our study is the first to evaluate partitionetirbodels based in part on the total
extent of predicted habitat. If we had used omdgsification accuracy to evaluate model
performance, we would have considered the 25-haehaodtrong model even though its
accuracy was achieved only because a much largar(ahich included non-habitat) was
predicted as potential grouse habitat. In contthst1-ha model had similar accuracy, but
did so without predicting an unduly large area ateptial habitat. We suggest that both
classification accuracy and the extent of preditigbitat be used to evaluate habitat
distribution models regardless of analysis metlesggecially when populations are low and
required habitat is likely to be uncommon.

A potential source of bias in this or any SDM iisypings of presence data, such as
age, gender or seasonally used habitats, whichbmagyresults if one group is over-
represented and driving model results. For exanidi@cation data were collected
primarily during one season (such as a summer $eddon), inferences about annual
habitat use could not be made. In our telemettgs#d locations from different ages,
genders and seasonal habitats were evenly repeesesate Methods), and thus we consider

our model results robust with respect to our presefata.
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Calenge et al. (2008), recently suggested thaitipagd ¥ may be sensitive to
inclusion of widely available habitat types, whitiay influence model results by having
universally low variance in the study area. Thasiors propose a modification of
partitioned B to deal with this non-trivial issue by performiag additional partition of
D?(k) that incorporates environmental availabilityaithe model. We did not include this
additional step into our modeling process becauséelv that the environmental variables
in our model had strong biological justificatiomdathus merited inclusion regardless of
availability. Nevertheless, the bulk of our vatesbwere relatively limited in availability in
the study area, and as such were unlikely to Hav@eégative effect on model results
suggested by Calenge et al. (2008). This is supgpdry the fact that early successional
forest had the most limited availability (<0.5 %tofal land cover) of any variable in our
dataset, loaded highly on the lowest PC, and thasstive most consistent variable utilized
by grouse. One notable exception is deciduowestpwhich comprises the bulk of the
study area (~55% of total land cover), but is dlelimked to hard mast production that is
crucial as a winter food source for grouse (Whit&@03, Devers et al. 2007). Although
deciduous forest was identified as an importanttaatbariable, it loaded highly on the last
PC (PC 7) included in our analysis, which indicdteger importance of the deciduous
forest compared to those variables loading highly?€s 8-10.

Implications for management

Partitioned B provided us with an efficient statistical techrégo predict the
distribution of potential grouse habitat in Rhodhd. We suggest our model be used as
an approximate estimate of grouse habitat disiobub focus field surveys and identify

sites with high potential when planning manageméiat: example, the model identified a
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sizeable patch of potential grouse habitat in tlenghast Management Area, which was
recently (2006) acquired through a joint purchag@lie Rhode Island Department of
Environmental Management, The Nature Conservamd/ffze town of West Greenwhich.

If field surveys confirm grouse presence or halptaential, managers can work to create
high-quality early successional habitat to beragfiexisting grouse population on this state-
managed property.

Early successional forest was the most consistnitdt used by grouse in our
study (as evident by the variables high loadinghenlowest principle component;
Rottenberry 2006), and there is clearly a needadate more early successional forest to
enhance grouse populations in the region (Dessé&ckérAuley 2001). Availability of
more early successional habitat in Rhode Islandavidkely decrease grouse reliance on
surrogate habitats, improve survival and reprogeatates, and bolster future population
viability. Management agencies should continutais efforts on increasing the
availability of high-quality early successional itabusing established forest management
techniques (e.g. Gullion 1984b, Jones et al. 20@4taker 2003, Storm et al. 2003), as the
availability of these areas will likely continueltmit grouse populations in Rhode Island,
and throughout the eastern United States.
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Table Legends

Table 1. Mean and standard error for habitat characteristieasured at 2 scales of ruffed
grouse presence in western Rhode Island, USA.

®Variables at 1-ha scale are the distance (met&@9xfrom the center of each cell to the
center of the nearest neighboring cell of eachthatyjpe

® Elevation relative to the average elevation inghugly area.

“Variables at the 25-ha scale are the percent cgearbeach habitat type within each cell.
Table 2. Eigenvalues from resampled (crossvalidation) aidpfrtitioned Mahalanobis D
models of ruffed grouse habitat use in western Rhsldnd, USA.

? Averaged for all crossvalidation iterations

®SD of crossvalidation iterations

Table 3. Eigenvalues, % variance, and cumulative % variaxpdained (A) and
eigenvector loadings (B) from competing partitiodéahalanobis Bmodels of ruffed
grouse habitat use in western Rhode Island, USA.

& Cumulative variance beginning with lowest prineisbmponent

® Variables at 1-ha scale are the distance (met@@Oxfrom the center of each cell to the
center of the nearest neighboring cell of eachthabjipe.

“Variables at the 25-ha scale are the percent cgearbeach habitat type within each cell.
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Figure Legends

Figure 1. Original study area (dashed box) for which we @éat partitioned Mahalanobis
D? model of ruffed grouse habitat based on data flemArcadia Management Area
(Management area contained within dashed box),ene&hode Island, USA, and the
expanded area (dark gray box) where we extrapotatatel predictions beyond the
original study area. The shaded polygons represgiditfe management areas controlled
by the Rhode Island Department of Environmental &fgment.

Figure2. Recently observed trends in ruffed grouse abundascedexed by spring
roadside drumming surveys conducted from 1993-208ift 2007), and fall live trapping
success conducted from 1999-2001 (E. Endrulat, hirghed data) and 2005-2006 (E.
Blomberg, unpublished data) in Rhode Island, USA.

Figure 3. Predicted ruffed grouse habitat probability witthie study arebased on
partitioned Mahalanobis Dmodels of ruffed grouse habitat use at 2 spatiles.
Predictions represent the probability that an iitlial cell is similar to habitat with known
ruffed grouse usage in the Arcadia Management Area.

Figure4. Patches of potential ruffed grouse habitat inseastern Rhode Island, USA,
as predicted by a partitioned Mahalanobfsiiddel. Patches were defined as areas with
probability values greater than model threshold%p. Wildlife management areas
controlled by the Rhode Island Department of Enwinental Management include: 1)
Nicholas Farm, 2) Tillinghast/Wickaboxet, 3) Bigver, 4) Arcadia, 5) Rockville, 6) Black

Farm, 7) Carolina, and 8) Great Swamp.



Table 1.

Presence Locations

Variable Nean ==
Elevation” -21.05 1.25
River Corridor 4.79 0.17
Deciduous forest 1.55 0.09
Conifer forest 5.55 0.16
Mixed deciduous forest
(50-80% decid.) 2.61 0.10
Mixed conifer forest
(50-80% conifer) 2.53 0.10
Shrublands 9.13 0.26
Shrub wetland 4.21 0.10
Forested wetland 2.86 0.09
Early successional forest 4.55 0.19
Average devation” -21.6 3.55
Habitat type evenness 0.38 0.19
Deciduous forest 0.35 0.31
Conifer forest 0.08 0.16
Mixed deciduous
(50-80% decid.) 0.12 0.19
Mixed conifer forest
(50-80% conifer) 0.17 0.23
Shrublands 0.01 0.07
Shrub wetland 0.02 0.05
Forested wetland 0.08 0.13

Early successional forest 0.05 0.12




Table 2.

Principal  Crossvalid.

Full Mode

b .
Component  Ejgenvalue® Eigenvalue Difference

lha 1 2.33 0.09 241 0.08
2 1.93 0.10 1.74 -0.19
3 141 0.07 1.49 0.08
4 121 0.08 118 -0.03
5 094 004 100 0.06
6 083 008 084 0.01
7 049 002 046 -0.03
8 037 002 043 0.06
9 030 002 0.8 -0.02
10 018 001 017 -0.01

25 ha 1 2.55 0.07 2.55 0.00
2 170 0.09 1.69 -0.01
3 1.19 0.03 117 -0.02
4 1.10 0.02 1.10 0.00
5 0.98 0.03 0.98 0.00
6 0.88 0.04 0.90 0.02
7 0.61 0.05 0.61 0.00
8 0.52 0.04 0.53 0.01
9 033 002 033 0.00
10 014 001 014 0.00




Table 3.

Principa Eigenvalue %Var_l ance Cumu_latlvi Variable Principal component
component explained 9% variance

A. B. PC7 PC8 PC9 PCIl0
1 ha 1 2.28 0.23 1.00 Elevation 0.294 -0.424 0.335 -0.410
2 194 0.19 0.77 Riparian Corridor -0.340 -0.183 -0.513 0.176

3 1.40 0.14 0.58 Deciduous forest 0.477 -0.228 0.183 0.303

4 124 0.12 0.44 Conifer forest 0.501 0.090 -0.461 -0.098

5 0.94 0.09 0.32 Mixed deciduous -0.189 0.388 0.315 -0.337

6 0.86 0.09 0.22 Mixed conifer -0.130 0.462 0.278 0.383

7 0.48 0.05 0.14 Shrublands 0.042 0.247 -0.107 -0.419

8 0.37 0.04 0.09 Shrub wetland -0.116 -0.153 0.413 0.001

9 0.31 0.03 0.05 Forested wetland 0.477 0.464 0.049 0.234

10 0.18 0.02 0.02 Early successional -0.063 -0.251 0.170 0.457

25 hat 1 2.55 0.25 1.00 Average elevation -0.350 0.447 -0.045 0.133
2 1.69 0.17 0.75 Habitat Type Evenness  0.319 0.736 0.100 -0.199

3 117 0.12 0.58 Deciduous forest -0.152 0.621 -0.143 0.470

4 1.10 0.11 0.46 Conifer forest 0.221 -0.093 -0.125 0.434

5 0.98 0.10 0.35 Mixed deciduous -0.197 -0.094 0.059 0.443

6 0.90 0.09 0.25 Mixed conifer 0.052 -0.104 0.230 0.517

7 0.61 0.06 0.16 Shrublands -0.320 -0.423 -0.258 0.102

8 0.53 0.05 0.10 Shrub wetland 0.017 0.103 0.078 0.229

9 0.33 0.03 0.04 Forested wetland -0.425 0.077 0.499 -0.050

10 0.14 0.01 0.01 Early successional 0.382 -0.086 -0.550 0.072
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