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Abstract

Organisms may be condrained by the energetic costs incurred while obtaining resources in fragmented land-
scapes. We used a spatialy neutrd model of deer wintering habitat to evaluate the effects of landscape frag-
mentation on the aggregation of deer habitat. The spatially neutral model used Bayesian probabilities to
predict where deer wintering areas occurred. The probabilities were conditional on 12 landscape variables
measured at 22,750 contiguous 0.4 ha locations. The model predicted deer habitat at each location indepen-
dently, thereby enabling a comparison of habitat aggregation in observed, simulated, and random distribu-
tions of deer habitat. The predictions of the neutral model exhibited greater fragmentation than observed
in nature, suggesting that suitable, yet isolated, locations were not visited by deer. The most suitable sites
for deer were clumped in the neutra modd, regardiess of scde. The inclusion of less suitable stes preserved
dgnificant aggregation a fine scaes but not a broad scales. Species operate a different scales within a land-
scape, so ecologists, nature reserve designers and natural resource planners may benefit from models that

focus on the proximity of habitat sites as a function of both spatial scale and habitat quality.

Introduction

A tenet of landscape ecology is that the juxtaposi-
tion of ecosysems or landscape elements regulates
the didribution of organisms, resources and energy
(Risser et al. 1984; Forman and Godron 1986;
Urban et al. 1987). Certain configurations of re-
sources enable mobile organisms to exploit prefer;
ed resources more than average, thus enhancing
their growth, reproductive rate or survival (Senft
1986; Senft et al. 1987). The implicit assumptions
of foraging economics suggest that highly suitable,
yet isolated, locations will not be used by organisms
if the net gain (e.g., caloric) from visiting them is
marginal (see Charnov 1976; Covich 1976). Con-
versaly, locations with less favorable conditions

may be used if they are close to highly suitable loca
tions, thus increasing the aggregation of habitat.
The arrangement of resources affects the clustering
of organisms on the landscape.

The spatia constraints on the distribution of in-
dividuals may be revealed by comparing the ob-
served distribution of organisms with an expected
distribution. We considered two dternative  expect-
ed distributions composed of an equal number of
sites. Here, we assume that a map is composed of
‘pixels differing in the landscape variables present.
A subset of the pixes, caled ‘stes, was chosen to
represent deer habitat. Sites may be clustered to
various degrees depending on the rules used to dis
tinguish sites from other pixels.

The simplest expected distribution is a random
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map, wherein sites have equa probabilities, p, of
occupying the pixels withp <1, and the number of
random sites equal's the number of sites on the ob-
saved map (Gardner et al. 1987). A second, ecolog-
ically more appropriate, expected spatial distribu-
tion minimizes the effects of foraging economics
and historical effects, yet accounts for the environ-
mental variation among pixels. We cal this expect-
ed distribution a ‘spatially neutral model’, SNM,
because it is generated without hypothesizing spa-
tidl factors that regulate the distribution of
resources or organisms (see Caswell 1976). Here,
the spatially neutral model was generated by es
timating the probability that each pixel was used as
habitat, given the landscape variables present in
each pixel (see Equation 1, below). The SNM
differs from a random map because predictions
from the SNM are dependent on the observed en-
vironmenta preferences of the organisms.

Landscape variables that regulate animal habitat
may be spatially autocorrelated (Meentemeyer and
Box 1987). Thus, the aggregation, or proximity, of
gtes on @ SNM could exceed the proximity of sites
on a random map having an equa density of sites;
the spatia dependence of the landscape variables
used in the SNM results in habitat clustering.
Moreover, random maps exhibit non-trivia cluster-
ing of sites (Orbach 1986; Gardner et al. 1987;
Milne 1987), making them worthy of comparison
with SNM’s, the clustering properties of which are
unknown a priori. The role of spatial autocorrela-
tion of landscape variables constraining the distri-
bution of habitat may be assessed by comparing the
observed distribution to both random maps and
SNMs.

Here, we use comparisons between the observed,
the SNM, and random maps to test the following
hypotheses: (1) spatia autocorrelation of landscape
variables produces more clugtering in a SNM  com-
pared to a uniform random spatia distribution
lacking contagion (see Stauffer 1985; Orbach
1986), and (2) a SNM of wildlife habitat exhibits
greater fragmentation of predicted sites than the
observed distribution. Presumably highly suitable,
yet isolated, dtes predicted by the SNM may not be
visited due to unfavorable foraging economics.

Here, ‘habitat’ is the place used by organisms

(Whittaker et al. 1973). In New Brunswick, Cana-
da, deer wintering habitat was defined as areas oc-
cupied by deer herds during consecutive winter
months, as determined by aeria surveys and field
vigts. Wintering habitat was characterized by tram-
pled snow, hoof prints, browsed branches, and ex-
crement obtaining from essentialy constant oc-
cupancy during the winter. ‘Landscape variables
are physical or structural characteristics that may
be predictors of habitat.

Knowledge of the precise location of animal
populations or resources is difficult to obtain but
necessary in many applications (Connelly 1986).
Predicting the occupation and utilization of habitat
by organisms is complicated by severa factors.
First, over an arbitrary time scale a landscape may
be ‘unsaturated by organisms, leaving many highly
suitable locations vacant, and thereby reducing
one's ability to differentiate ‘habitat’ from ‘non-
habitat’. Second, the habitat is often represented by
landscape variables that humans recognize, yet
other species may perceive little difference between
landscape  variables (G.  Merriam, persond  commu-
nication). Third, models using correlations between
anima abundance and landscape variables may
lack explicit spatial information making it difficult
to trandate correationa relationships to maps
(Shugart and Gilbert 1987). Finally, spatid varia
tion in habitat location may be poorly understood
if habitat use is monitored infrequently (Wiens
1981). The success of habitat modeling is affected
by anima density, human perceptions, spatia in-
formation, and temporal variation.

Here, we present a Bayesian probabilistic model
of habitat for white-tailed deer (Odocoileus vir-
ginianus) living in the Kedgwick River area of New
Brunswick, Canada. This model partially circum-
vents the limitations of using anthropocentric land-
scape variables by capitalizing on the power of
many variables to discriminate suitable habitat
from unsuitable locations. The model accounts for
the observed habitat density, thereby reducing the
chance of predicting habitat where it is not. The
resulting maps make predicted habitat locations ex-
plicit, thus facilitating planning and management
(Milne 1987). Finally, comparisons among ob-
served, random, and neutral habitat maps enable



inferences to be made about the effect of landscape
patterning on the clustering of habitat,

Methods
Study area

The study site is an isolated; forested area along a
20 km stretch of the Kedgwick River, between
Kedgwick Forks and Rapids Depot, 90 km north-
esd of Edmundston, New Brunswick, Canada The
~ 5-km width of the study site includes portions of
the Kedgwick watershed. The steep slopes have
prevented al but minor logging. A forest road
paralleling the river to the south, alogging camp at
Rapids Depot, and a seasonal range camp are the
only current signs of human use. The Kedgwick
River is the major hydrologica feature of the study
area.

The summer mean monthly temperature is
14.6°C with mean rainfall of 735 mm. Winter tem-
peratures average —7.5°C, with 378 mm of precipi-
tation. Glacia features include steep, narrow, val-
leys composed of tills and thin, stony tills. Alluvial
sediments and sand and gravel floodplains are
found in the lowlands.

Over 70% of the vegetation of the study area con-
sists of spruce (Picea rubens) and fir (Abies bal-
samea). Conifers include the pines Pinus resinosa,
P. banksiana, and P. strobus and smal amounts of
larch (Larix laricina), hemlock (Tsuga canadensis),
and cedar (Thuja occidentalis). Hardwoods,
present in dense paiches, account for 18% of the to-
tal stem density. Low timber harvesting rates and
low amounts of disturbance have apparently pre-
disposed the vegetation to spruce budworm damage
over 10% of the ste, thereby increasing fuel loads.

Wildlife is abundant, including black bear,
moose, otter, beaverand mink. White-tailed dear,
which are at their northern range limit in the Kedge-
wick basin, and salmon are protected by govern-
mental conservation programs.

The data base and software

Severd  Geogrgphic  Information Systems  (GIS), ac-
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companied by numerous utility prograns were used
for creating the data base, performing analyses,
and presenting results. All digitizing and data base
creation were accomplished using two  vector-based
GIS’s: (1) ARC/INFO, developed by Environmen-
ta Sysems Research Inditute (ESRI) and (2) Odys
sey, developed by the Harvard University Labora
tory for Computer Graphics. A third GIS, the
raster-based Map Analysis Package (MAP) devel-
oped by Dana Tomlin at Yae and Harvard Univer-
sities, was used for preliminary analyses and sam-
pling, athough custom routines were written for
constructing the Bayesian habitat model. Other
programs from the Harvard Computer Graphics
Laboratory included: Reduce, for lessening the
number of component parts of the raster neighbor-
hood; Newold, for changing files from binary to
ASCII; and Imagomundi, for generating shaded
relief maps from a raster data map.

The data base included 25 base overlays. Topo-
graphy was derived from white-line orthophoto-
graphs and digitized a a scade of 1. 10,000. The in-
dividual overlays for deer wintering habitat, gov-
ernment designated areas providing protection,
major and minor forest roads, and primary, secon-
dary, and tertiary hydrological features were input
at 1:20,000. Soils and R.C. Gauthier's glacia
deposit classification map were input at 1:250,000
and 1: 100,000 scale, respectively. The remaining
layers, including immature spruce dengties, mature
spruce, overmature spruce, immature fir, mature
fir, overmature fir, pine, other softwoods (i.e.,
larch, cedar, and hemlock), hardwoods, dead soft-
wood, windthrow-affected areas, budworm-affect-
ed areas, and crown-closure density, were derived
from aerial photographs at 1:30,000 scale.

Dda in the anayses presented here were coded in
~ 041 ha ‘pixels representing 37 landscape varia-
bles. Variables were grouped into ‘map layers such
that related, mutually exclusive thematic landscape
variables occurred on the same map layer: For ex-
ample, the ‘pine’ layer included pixels representing
pine density ranging from 10 to 100% in increments
of 10 percentage points. each percentage class
represented  one landscape varisble. A separate map
layer contained a binary representation of deer win-
tering habitat, i.e., the pixels contained O or | to
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Fig. ], Habitat maps for white tailed deer in the Kedgwick River
area of New Brunswick, Canada (A) known locations of winter-
ing areas. (B), (C), and (D) the mogt likely 6.5, 15, and 30% of
the sites for deer wintering areas, respectively, as predicted using
the Bayesian'habitat model.

rerest nondex hebitat and dexr hebitat, respec-
tively (Fig. 1a).

Pixds were eggegaed into suare ‘odls to oo
duct analyses at several scales. For studies of
habitat proximity, or aggregation, cell sizes includ-
ed 16, 64, 196, 324, and 484 pixds represating go-
proximately 6.5, 25.9, 79.3, 131.1, and 195.9 ha,
respectively. Other cell sizes and configurations
(desibed bdow) wee usd in a mutivaide ad-
ysis of variance and for studying the effects of
neighboring cells on the Bayesian habitat model.

Habitat modeling

Development of the habitat model involved two
degs Frd, we teted the hypothess that the land
scape data were useful for discriminating deer
habitat from non-deer habitat. The second step in-
volved creating a Bayesian model predicting the
prabahility of dexr bang presat or absat gven the
daes of landscgpe vaiadles & esch pixd within the

study region.

A sratified random sample was used to test
whether the landscape variables were useful for
modeling deer habitat. We randomly selected 220
independent sampling cells within the areas known
to be used as wintering areas and within 220 areas
without wintering areas. The frequencies of the 37
landscape variables were determined for each cell
(3 x 3 pixels, ~ 3.6 ha), providing counts ranging
fron 0 to 9. The landscgpe vaidles weae trested as
dependent variables in a one-way classification
multivariate analysis of variance (MANOVA) to
tet for hebitat dffeences bawean wintaing aess
and unused areas.

Computational requirements for the Bayesian
model were reduced by identifying variables that
contributed to the differences between the two
hebitat daes Vaiddes wae chosn if they Sonifi-
catly reduosd the unexplaned vaiance in sgpaae
one-way analyses of variance. Examples described
below include three soil types, various percentages
of canopy closure, and relative density of spruce
(Picea rubens).

The Bayesian model

Congtruction of the Bayesian model required maps
of 12 landscape variables such as forest composi-
tion ad ol types (Teble 1). Each pixd on the land-
Lae wes desibed by a vedor, x, contaning a lig
of the variables present. Then, the probability of
eech ‘dad of wildife popuaions w, & esch pixd
was calculated, conditional on the vector of land-
scape variables present. Here, the states included
‘degr hebita prest ad ‘dex hebita abst’. Ac
cording to Bayes formula.

p(x | w;) P(w;) i

P(w; Ix) = 00

where
p(x) ='§1 p(xlw;) P(w;)
1=

Here, p(x | w) is the state-conditional probability
density functlon for X, p(w;) isthe a priori proba-



Table 7. Landscape variables selected to generate the Bayesian
probabilities for predicting the presence of deer wintering aress.

The percentages of variance explained by univariate models
(R?) indicate the role of individual variablesin discriminating
deer habitat from non-habitat. Mean area covered by each varia
ble within 220 ~ 3.6 ha sampling cells is given, followed by the
standard deviation in parentheses.

Area covered (ha)

Vaiable Deer absent Deer present R2

Soil types:

Thibalt, | m deep loam
Thibalt, 2 m deep loam
McGee, | m deep loam

098 (L54) 228 (L67) 1398
054 (125 002 (024) 795
158 (L74) 059 (130) 927

Canopy closure:

30% 0.36 (0.72) 0.17 (0.47) 2.27
70% 154 (131) 200 (L39) 280
90% 113 (133) 075 (106) 239
Hardwood composition:

20% 056 (098) 021 (049 470
‘Immature’ Picea:

10% 0.39 (0.78) 0.16 (0.44) 319
20% 115 (1.32) 0.81 (116) 1.83
‘Overmature’ Picea:

10% 0.96 (1.28) 1.60 (1.31) 5.73
20% 052 (0.99) 0.26 (0.72 2.23

Miscellaneous softwood:
30% 005 (0.34) 023 (0.63) 3.00

bility of state Wi and P(w; Ix) isthe a posteriori
probebility of each dae gven the st of landscape
vaiddes present (Davis 1986). The prediced dae
of each pixel is independent of the probabilities for
ohg pixds This indgoendence condlitutes the &
tid neutraity of the model.

When equdion (1) is usd as a dsyiminat func
tion each pixel is assigned to a state according to
‘Bayes rnle. Bayes nde asigs a pxd to whidr
ever state has the highest a posteriori probability
gven the vedor of landscgoe vaiddes presat. We
epoed the godid oconsguencss of oha dedson
rules by assigning pixels to the ‘deer habitat
present’ state if the a posteriori probability was
greater than an arbitrary ‘threshold’ value. Thres-
hdd vdues wee chosn auch tha aiffidet pixds
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were designated as ‘deer habitat’ to provide maps
having 6.5, 15, and 30% aeria coverage of sites;
less probable sites were included to increase total
agid oovaage Adid ocovaae was the paoatage
of the total number of pixels occupied by deer
habitat sites. Here, ‘sites’ is used to indicate pixels
containing deer habitat, be they observed, random,
o predided by Equetion (1). The covaages of 65,
15, and 30% bracketed the aerial coverage of ob-
served sites, i.e., 9% aerial coverage (Fig. 1a). The
coverages represented possible changes in habitat
covaege through time o dffeences in mgps oo
structed by habitat managers using different cri-
teria

Additional investigations included (1) studies of
the aggregation, or proximity, of predicted sites at
wvad gdes ad (2 the dfet of indudng ‘nagh
borhood  conditions in cdadaions of the Bayedan
prabehliies Proximity wes assessed @ a vaidy of
geid des (e, uing five odl szes) with the fd-
lowing measure:

Pr(p; = p,) @

which is the probability that the aerial coverage. of
wildlife habitat, p,, at a given spatial scae (i.e., cell
S76) excesds the ‘gabd’ coverage p, on the ettire
map (i.e., p, = 6.5, 15, and 30%). Low values of
the proximity index indicate that sites are concen-
trated in clusters. Proximity was calculated using
cellsizesofs = 6.5,25.9,79.3, 131.1, and 195.9 ha.
Comparisons of the proximity of sites on Bayesian
maps to the proximity on random maps are sensi-

tive to the vaue of P, ad to the extent of the map,

i.e., the number of pixels along each edge of the
map (Stauffer 1985; Gardner et al. 1987). A fre-
quency distribution of Pr(p, = Py) values was
genaaad for 3 |-74 random mges (70 by 325 pixds
each) having aerial coverages of 6.5, 15, or 30%.

Separate distributions were calculated for each of
the five cell sizes. The values of Pr(p, = Dy) from
the three Bayedan mges weae then btrated from
the mean values obtained from the replicated ana
lyses of random maps. The numerical differences
between the proximity probabilities of Bayesian
maps and the mean proximity values of random
maps were used to test whether the proximity ob-

served -on Bayesian maps could have occurred at
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random, ie, the null hypothess was reected when
the observed devigtion from the random mean was
more extreme than 99% of the random observa-
tions, one-tailed test.

Neighborhood effects were also incorporated in
the model to determine whether predictions of the
Bayesian model could be made to resemble the ob-
served contagion of deer habitat sites, assuming
that deer evaluate their habitat on a scale > 0.4 ha.
Neighborhood  effects were measured by  congtruct-
ing a new vector for each pixel. This new vector
measured the frequency of each landscape variable
(listed in Table 1) in the surrounding 8 pixels (~ 3.2
ha). Used in their raw state and in conjunction with
the original 2390 possible site vectors, the number
of unigque combinations of landscape variables at
each pixel would have been impracticably large
(i.e., 2390° = 2.5 x 103 combinations!). Conse-
quently, cluster andyss (ie, Fastclugt, Helwig and
Council 1979) was used to classify the neighbor-
hood vectors into two classes. Each pixel was as-
signed the cluster value of the surrounding neigh-
borhood, and this value was combined with the
origina x vector for recalculation of the Bayesian
model (Equation 1).

Variation in the density of predicted sites (i.e.,
number of stes/cell ared), as a function of the scae
at which measurements were made, was evaluated
a scales ranging from 65 to 1959 ha (see above).
A full-order 3-way classification ANOVA was usd
to test for the effects of (a) scale; (b) total aerial
coverage of deer habitat (i.e., 6.5, 15, and 30%),
and (c) neighborhood vs. non-neighborhood ver-
sions of the Bayesian model.

In summary, the probability that the Bayesian
habitat maps exhibited contagion equa to that ex-
pected at random was calculated at five scales.
Deviations of the predicted habitat from the ob-
served map were considered indicative of the role of
spatial  effects or possbly historical  effects regulat-
ing the disgtribution of organisms. Finaly, the
model was adapted to incorporate ‘ neighborhood’
effects of the surrounding cells.

Results

Deer wintering areas were relatively simple in shape

~
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Fig. 2. Cumulaive distribution of the Bayesian probabilities
that 04 ha sites in the New Brunswick, Canada landscape con-
tain deer wintering areas. Probabilities were based on Equation
(1) without information regarding neighborhood characteristics.
Verticd lines indicate the probability thresholds used to select
groups of stes covering 6.5, 15, and 30% of the landscape.

and compact (Fig. 1a). The multivariate analysis of
variance demonstrated a significant difference in
landscape variables between deer habitat and non-
deer pixels for data measured within 3.6 ha cells
(Wilkes lambda = 0.612, F(56,383) = 4.33, p =
0.0001). Computational constraints in  constructing
the Bayesian model limited our choice of indepen-
dent landscape variables to those that reduced the
unexplained variance by at least 1% (Table 1).
These 12 variables exhibited modest differences be-
tween cels used vs unused by deer. However; the
combined effect, as tested by MANOVA, was high
ly significant, thus justifying use of the data for
building a multivariate Bayesian model of habitat.

The Bayesian models '

Severa versions of the Bayesian distribution were
made for comparison with the observed distribu-
tion (Fig. 1a). First, the most conservative predic-
tions were those made using ‘Bayes’ Rule’, which
predicts that deer will be present at sites where the
probability of deer being present, given the condi-
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Fig. 3. Proximity andysis of random maps and deer wintering
stes predicted from the spatidly neutrd Bayesian model. The
probability that the portion of local coverage of wintering sites
(p,) exceeded the percentage for the entire map (p) is plotted
versus the area of the cell used to make the measurement. (A),
(B), and (C) are for maps having 65, 15, and 30% coverage of
sites, respectively. Solid dots represent values that were calculat-
ed from the Bayesian maps (see Fig. 1). The solid curve connects
means for random maps, vertica lines represent one standard
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tions present, exceeds the probability that deer are
deent. The numbe of predided loctions (n = 706
and 732, with and without neighborhood informa-
tion, rexpectivdy) was srdle then the obsaved (n
= 1961), indicating the conservative nature of the
esimate

To compare the spatialy neutral Bayesian model
with the actual deer habitat, the cumulative proba-
bility distributions for the probabilities of deer be-
ing present were partitioned (Fig. 2) to provide
maps showing the most likely 6.5, 15, and 30% of
the dtes (Fg Ibd). Succesvdy dee mgps oot
taned dl of the dtes of gparsr maps plus addition:
al sites with lower probabilities of deer habitat. As
ooessvdy dene mgps wae examinad (e, highe
Py the predicted sites ‘radiated’ outwards from
centers of distribution. This spreading outwards
from cores of distribution reflected the spatial
autocorrelation of sites that were suitable for deer.

Analysis of variance of the density of predicted
dtes reveded dgnificant effeds of bath the scde of
measurement and the aerial coverage of sites (i.e,
65 15 ad 3P0 on the mgp (acsnesuae root
transformed density; scale effect, F(4,974) = 8.94,
p = 0.0001; coverage effect, F(2,974) = 145.44, p
= 00001). No dgnficat dffeence wes found be
twen the two ndghborhood vesons of the modd,
nor were any interaction effects significant. Both
the xtde of messuramat ad the threshod usad to
make the maps affected the density of predicted
gtes

Anaysis of the proximity of predicted habitat
dtes wsng Eguation (2) indicated an intgadtion be
tween the scale at which proximity was measured
and the threshold used to create the habitat map.
For example, the Bayesian maps with 6.5 and 15% -
aerial coverage had sites aggregated more than ex-
pected on random maps at all or most scales (Fig.
3a, b). In contredt, the hebitat mgp with 30% oover-
age (Fig. 1d) exhibited aggregations that could be
expected at random at the three broadest scales

error of the mean. The decima number beneath some solid
points is the probability that the observed value obtained from
the Bayesian map belonged to the random distribution. Signifi-
cant deviations between the proximity of sites measured on
Bayesan maps vs. random maps are indicated by asterisks, **
= p < .01, *** = p < 0001; one tailed test.
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Fig. 4. The dependence between site proximity and the scae of
measurement. The probability that sites were equaly aggregated
in Bayesian habitat models and random mapsis plotted for
several  scales.

examined (Fig. 3c). Thus, the proximity of sites
vaied with scde and this reponse wes dfedted by
the threshold chosen to create the map.

The intgadtion beween scde ad aenial covaage
of sites was summarized by comparing the proba-
bilities of rejecting the null hypothesis (i.e., proxi-
mity on the Bayesian maps equals that on random
maps). With increases in p,, a correlation emerged
bewean the proximity of teble stes and the scde
at which observations were made (Fig. 4). The
probability of reecting the null hypothesis was
greatest for the least discriminating map (Fig. 3c);
less suitable sites combined with the most suitable
dtes wae dgnificatly aggegded a fine sdes ad
distributed randomly at broad scales.

Discussion

The spatially neutral Bayesian model reveded that
the proximity of predicted habitat sites varied with
both the getid sde & which messurements were
made and with the probability threshold used to
predic degr hebita (Fgs 3 ad 4). We may expstt
the New Brunswick, Canada landscape to appear
dfferently to each edes gven tha edes func
tion at different scales (Brown 1981; Brown and

Maurer 1987) and have different resource require-
mets The rae & which the dopes of the curves in
Fg 4 dage with the addtion of les sitable Stes
to the map may indicate how sensitive a species is
to the spatial patterning of landscape variables or
resources. All the curves would be nearly flat in
landscgpes with  rendom  didributioss  of  resources
With significant clustering of resources, the slopes
woud dage rgidy & magrd hebtat stes wee
added. The spatial autocorrelation of preferred en-
vironments promotes dumping of hebitat stes The
addition of margina sites increased habitat frag-
mentation in the spatialy neutral model.

The sding behavior edhibited in Fg 4 may vay
with species’ habitat preferences. Habitat models
for generalist species showing little habitat specifi-
dty are more likdy to have flater curves then those
for speddigts which shoud be more sstive to the
clustering of resources. It is unknown how the
response to variables observed at different scales
depends on other ecological characteristics related
to population density, such as body mass (see
Brown 1981, Pdeas 1983). Howeve, the sengtivity
of many species to scale could be vauable for
predicting the assemblage of communities within
landscapes differing in resource distribution. Pre-
diction of community assemblages may require
both spedfying the spdid ddribuion of landscgpe
variables and determining species responses to the
vaiddes The dfet of sde will dgpend on a e
des adlity to detet resources and on the distribu-
tion of landscape variables.

Temporal changes in habitat proximity may
reflect variation in resource abundance. Habitat
may expand when resources are abundant every-
where resiting in dexessad aggregetion of  hehitat
at most scales (Fig. 3c). Thus, variation in habitat
dugaing with sde mey be indcdive of the degree
to which constraints are operative (see Milne
19883).

The effect of scale on proximity (Fig. 4) isrele-
vant to the design of landscapes for wildlife man-
agement. Some management schemes prescribe
maximizing habitat diversity within -40 ha areas
(e.g., Evans 1974) contained within much larger
landcgpes If such a pdicy weare caried ot in New
Brunswick, Canada, the proximity of habitat in the



managed landscape would be random at scales
greater than 40 ha (¢f. Fig. 4). Maximizing habitat
diversity at an arbitrary scale could alter the pat-
terning of habitat that typically varies with scale.

Often, ecologists have focused on ‘the appropri-
ae scde for andyss. Such andyses (eg., Kershaw
1960; Greigh-Smith 1964) may examine the vari-
ance measured at several scales, or in ‘blocks of
different sizes. The appropriate scale for compari-
son among blocks is based on the scale that maxi-
mizes the variance among blocks, presumably be-
cause important ecological factors vary at that
scale. Consequently, complex spatial interference
patterns among population patterns occur at the
community level if the population densities of spe-
ciesvary at different scales (Noy-Meir and Ander-
son 1973). Thus, attempts to find ‘the appropriate
scde a the community level are confounded if the
densities of populations, or resources, differ a var-
ious scales.

Alternatively, spatial analysis may focus on the
variation in resource abundance, community com-
position, or habitat proximity at several scales
smultaneously (Burrough 1983; Pdmer 1988, Fig.
4). Viewing ecological patterns at many scales al-
lows the' patterns to be described by parameters,
such as fracta dimensions, that are constant across
a finite range of scales (Mandelbrot 1983; Milne
1988h). An advantage of multi-scale andyss is that
direct comparisons are possible between studies
conducted a various scaes because the results are
independent of the sampling scae (see Milne 1987).
Also, the factors regulating populations may
change through time, suggesting that the appropri-
ate block size may change as well. Long-term
monitoring conducted at only one scale may con-
found the observer's ability to discern changing
contralling factors. In  multi-scale analysis, changes
in the block size at which variance is maximal are
reflected in a changing fractd dimension of the pat-
tern (eg., Burrough 1981). Thus, multi-scde analy-
sis buffers the observer from misinterpreting eco-
logical relationships occurring first a one scde and
then at another.

In developing a habitat model with greater
predictive power, conditional probabilities could be
used to locate habitat sites in a clumped fashion.
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Such an approach would increase the probability of
a site being classified as ‘habitat’ if it were sur-
rounded by stes with high aposteriori probabilities
from Equation (1). Deviations between this model
and the species distribution might reveal more
subtle effects of anisotropism stemming from  topo-
graphy, for example, thereby motivating a further
refinement of the model. Thus, the neutral model
would evolve towards complexity, abeit in a par-
simonious fashion.

Likewise, the deviation of a mode from a smple
expectation (Fig. 4) is indicative of higher-order
Satid  effects in the landscape. Had the New Brun-
swick study area been highly repetitious a the. scde
of ~ 10 ha, we would not have expected the differ-
ences in proximity observed among the various
maps (Fig. 4). Rather, the ‘gyres’ apparent in Fig.
1d represent broad-scale features that imposed the
interaction between scale and threshold found in
the proximity analysis. Departures from expecta-
tion are indicative of non-random landscape
characteristics  (Gardner et al. 1987).

In summary, measurements of landscape com-
plexity are sensitive to the extent of the area meas-
ured and to the overall aeria coverage of the land-
scape feature of interest. The sensitivity of species
to these same parameters may be used to manage
landscapes, and to understand the assembly of spe
cies in regions differing in landscape complexity.
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