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Abstract:  Understanding factors that influence and predict grizzly bear (Ursus arctos) 
distribution and abundance is fundamental to their conservation.  In southeast British 
Columbia, Canada, we applied DNA hair-trap sampling (1) to evaluate relationships of 
grizzly bear detections with landscape variables of habitat and human activity, and (2) to 
model the spatial distribution and abundance of grizzly bears.  During 1996–1998, we 
sampled grizzly bear occurrence across 5,496 km2 at sites distributed according to grid 
cells.  We compared 244 combinations of sampling sites and sessions where grizzly bears 
were detected (determined by nDNA analyses) to 845 site–sessions where they were not.  
We tested for differences in 30 terrain, vegetation, land cover, and human influence 
variables at 3 spatial scales.  Grizzly bears were more often detected in landscapes of 
relatively high elevation, steep slope, rugged terrain, and low human access and linear 
disturbance densities.  These landscapes were also composed of more avalanche chutes, 
alpine tundra, barren surfaces, burned forests, and less young and logged forests.  
Relationships with forest productivity and some overstory species were positive at broader 
scales, while associations with forest overstory and productivity were negative at the finest 
scale.  At the finest scale, the strong negative association with very young, logged forests 
and with increasing values of the Landsat-derived green vegetation index became positive 
when analyzed in a multivariate context.  For multivariate analyses, we considered 2 
variables together with 11 principal components that describe ecological gradients among 
4 variable groupings.  We applied multiple logistic regression and used AIC to rank and 
weight competing subset models.  We derived coefficients for interpretation and prediction 
using multi-model inference.  The resulting function was highly predictive, which we 
confirmed against an independent dataset.  We transformed the output using a multi-
annual population estimate for the sampling area, and we applied the resulting grizzly bear 
density and distribution model across our greater study area as a strategic-level planning 
tool.  We discuss conservation applications and design considerations of this DNA-based 
approach for grizzly bears and other forest dwelling species.  
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The spatial structure of a population has direct bearing on its dynamics, resiliency, 
and thus viability (Kareiva and Wennergren 1995, Ritchie 1997, Wiegand et al. 2002).  
Estimating the density and distribution of populations, monitoring spatiotemporal trends, 
and understanding factors that influence these trends are fundamental to an adaptive 
conservation strategy for any species.  Yet, despite heightened management concerns, 
few examples are available at scales relevant to population conservation for solitary, wide-
ranging species associated with forested environments.  In addressing questions of 
population distribution and abundance over large spatial scales, options for using animal 
tracking systems, such as radiotelemetry, are limited by the ability to apply consistent and 
cost-effective capture effort and to achieve adequate sample sizes over a representative 
range of conditions.  Moreover, researchers may not accept the associated disturbance to 
study animals, especially when less invasive techniques are available.  Harvest or 
sightings data have been used to understand population distribution at very broad scales, 
but are typically subject to quality issues and nonrandom sampling bias at regional 
conservation planning levels (e.g., <30,000 km2).  Noninvasive sampling protocols have 
been developed for some species, but the regional application of these protocols may be 
subject to technological, logistical, and budgetary constraints (Zielinski and Kucera 1995, 
Foresman and Pearson 1998, Sargeant et al. 1998, Moruzzi et al. 2002).   

For bears, recent advancements have been made in noninvasive hair-capture, 
genetic tagging, and population density estimation (Woods et al. 1999, Mowat and 
Strobeck 2000, Boulanger and McLellan 2001, Poole et al. 2001).  These advancements 
have facilitated research to develop and refine spatially explicit extrapolations of 
population density and associated trends.  These methods also provide an avenue to 
further describe and test relationships between bear persistence and spatial factors of 
habitat and human influence. 

Grizzly bear distribution near the southern extent of the species’ range is generally 
patchy and may exhibit a source–sink or metapopulation structure (Doak 1995, Craighead 
and Vyse 1996).  Much of the southern edge of the grizzly bear’s range is in British 
Columbia (McLellan 1998), where, in the absence of empirical knowledge, grizzly bear 
management has employed a qualitative approach to estimating population distribution 
and abundance (Fuhr and Demarchi 1990).  This approach involves extrapolating density 
estimates from a few intensively studied areas using expert assessment of habitat 
potential based on broad vegetation, climate, and physiographic mapping.  The result is 
applied to a management unit (approx 4,000 km2) and then adjusted according to 
professional judgment of habitat loss/alteration, human influence, and mortality history.  
This system is subjective and a more objective approach is needed to assess grizzly bear 
density and distribution. 

Grizzly bear range is characterized by highly variable environmental conditions 
(Miller et al. 1997), and populations may exhibit varied responses to habitat and human 
factors.  In strategic planning, understanding the spatial structure of populations is 
necessary to address conservation issues such as mortality risk, population connectivity, 
and reserve allocation.  Moreover, a mechanism for adaptive feedback is required, 
whereby management strategies can be adjusted to counter trends detected through long-
term monitoring.  We described the application of DNA-based hair-trap sampling methods 
(1) to evaluate relationships between grizzly bear detection and landscape composition of 
habitat and human attributes, and (2) to model population density and distribution using 
multivariate statistical and geographic information system (GIS) techniques.  Coupled with 
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an established and developing detection protocol, we demonstrated an approach that can 
be applied in research and monitoring programs to support conservation of carnivores and 
other species at local and regional levels.   

 

STUDY AREA 

Our study area encompassed 11,218 km2 within the upper Columbia River basin, 
near Golden, British Columbia, Canada (Fig. 1).  The Columbia Mountains in the west and 
Rocky Mountains in the east are high and rugged with glaciers and steep-sided valleys.  
These ranges are separated by the Rocky Mountain Trench, a broad glacial plain.  
Elevations in the study area range from 600 to 3,500 m.  Daily mean temperature in the 
Columbia and Rocky Mountains is approximately 12 °C in July and –10 °C in January.  In 
the Rocky Mountain Trench, daily mean temperature is 17 °C in July and –10 °C in 
January (Environment Canada 2002).  The Columbia Mountains has an annual average of 
1,547 mm of precipitation, while the Rocky Mountains and Rocky Mountain Trench are 
notably drier with 884 and 475 mm of precipitation, respectively (Environment Canada 
2002).   

Climax overstory species at low elevations are Douglas-fir (Pseudotsuga menziesii) 
and white spruce (Picea glauca) on drier sites and western redcedar (Thuja plicata) and 
western hemlock (Tsuga heterophylla) on wetter sites.  At intermediate elevations, 
Englemann spruce (Picea englemannii) and subalpine fir (Abies lasiocarpa), and in 
western areas mountain hemlock (Tsuga mertensiana), form the climax overstory.  Alpine 
tundra, glaciers, and exposed bedrock occur at high elevations.  Seral stands of lodgepole 
pine (Pinus contorta), white pine (Pinus monticola), whitebark pine (Pinus albicaulis), 
western larch (Larix occidentalis), alpine larch (L. lyalli), and trembling aspen (Populus 
tremuloides) are common at high elevations.   

We selected our study area for the variety and distribution of human activities. These 
activities included transportation, settlement, forestry, mining, agriculture, tourism, and 
both motorized and non-motorized public and commercial recreation.  Two major 
highways dissected our study area, including the Trans-Canada Highway, used by 
approximately 11,000 vehicles per day.  Seven towns were present within the study area, 
with resident human populations ranging from 280 to 4,100; the largest town being 
Golden.  Glacier and Yoho national parks comprised 26% of the study area.  The 
remaining provincial land was managed for multiple resources. 

 

METHODS 

Grizzly Bear Detection  

Woods et al. (1999) described our methods of grizzly bear DNA field sampling and 
molecular analyses, and Boulanger et al. (2002) described our field protocols.  During 
June and July, 1996–1998, we distributed DNA hair-trap stations across a 5,496 km2 
sampling area centered within our study area.  We assigned each station to a defined grid 
cell.  Stations were nonrandomly located within the grid cell to maximize the likelihood of 
visitation by grizzly bears (i.e., researcher choice).  During 1996, we distributed stations 
within a square grid of 64 8 × 8-km cells (4,096 km2).  Within respective cells, we collected 
samples and moved stations between each of 4 10-day sessions.  For 1997 and 1998, we  
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Fig. 1. Upper Columbia River basin study area in southeast British Columbia, 1996-1998. 

 

eliminated an area where the 1996 data suggested a low likelihood of grizzly bear 
occurrence.  We sampled more intensively these years according to nonoverlapping, 
irregular shaped grids of 76 (1997) and 94 (1998) 5 x 5 km cells (4,250 km2).  We did not 
move stations during these years, but collected samples at approximately 7- to 10-day 
intervals.  Twelve cells in 1997 and 6 in 1998 were not sampled because >75% of each 
cell was composed of rock, ice, or lakes.   

We confirmed the detection of grizzly bears at DNA hair-trap stations by molecular 
analyses (mtDNA) of hair samples obtained at each site (Woods et al. 1999).  In most 
cases, individual identification was possible through allele distribution at 6 microsatellite 
loci of nDNA.  Although identification of individual grizzly bears from each sample was not 
always possible because alleles could not be resolved for some loci, allele frequencies 
were compared among samples to determine the minimum number of different bears that 
visited each station during each sampling session.  Samples collected at a station during 
different sessions but from the same bear were assumed to represent independent visits.  
Because baits were above the reach of bears and thus provided no reward (Woods et al. 
1999), we assumed that a station visit by a bear did not influence the probability of 
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subsequent visits during different sampling sessions.  Probable family groups were 
identified as individuals detected together during >1 station visit and which shared half of 
their alleles at the loci considered.  Different bears within a family group were not 
considered to be moving independently, and their station visits were treated as a single 
bear for analysis.  We may have recorded both individuals of a mated pair that were not 
traveling independently.  However, because <25% of grizzly bear populations are adult 
females and <0.33 of these would breed each year (Craighead et al. 1974, McLellan 
1989), and assuming courtship and breeding lasts for 1 week during our 40-day sampling 
session, the number of mated pairs recorded was likely low enough that the inclusion of 
both individuals would have a minimal effect on our analysis.  The true number of mated 
pairs detected may be even lower, considering that they sometimes move very little when 
together (Herrero and Hamer 1977).     

 

Habitat and Human Use Variables 

We assembled a GIS database for our study area, from which habitat and human 
use variables were derived as raster layers with a 1-ha pixel size, smaller than the 
minimum mapping unit of our largest-scale (1:20,000) source data (Table 1).  Our 
smallest-scale (1:250,000) source data are associated with a minimum mapping unit 
radius that is 21 times smaller than the mean distance (5.9 km) between adjacent hair-trap 
stations, and are thus appropriate for this analysis.   

We derived several topographic, linear human disturbance, and habitat variables 
from 1:20,000 Terrain Resource Information Management data (TRIM; Surveys and 
Resource Mapping Branch 1992).  Terrain variables included elevation (m; ELEV), slope 
(%; SLOPE), and a terrain curvature index (CURVA) that reflected the maximum rate of 
change of a curve fit through each pixel in the context of its neighbors (profile curvature; 
Pellegrini 1995).  Using known sun azimuths and a digital elevation model, mean daily 
maximum solar insolation (kJ; SOLAR) was calculated for each pixel in the study area 
based on 1-hr increments between 10 June and 20 July (Kumar et al. 1997).  A terrain 
ruggedness index (TERRAIN) was derived by adapting a technique (Beasom et al. 1983) 
for GIS.  This was the density of 150 m elevation contours within the landscape, yielding a 
continuous (0–100) variable that is relative to pixel resolution and landscape radius.     

We derived forest overstory variables from digital forest inventory planning files (FIP; 
Resources Inventory Branch 1995) mapped at 1:20,000 for provincial land and 1:250,000 
for national parks.  Because grizzly bears may respond to stand age in a nonlinear 
manner; we derived 3 successional classes that conform to the age class convention of 
the provincial inventory system:  stands aged 1 to 40 years (AGE_1–2), 41 to 121 years 
(AGE_3–6), and >121 years (AGE_7–9).  Canopy closure (CANOPY) depicted the ocular 
cover of the stand overstory.  Site index (SITE) reflected forest productivity based on 
stand age and height as calculated by species-specific equations (Thrower et al. 1991).  
We expected that the following overstory species composition variables would indicate 
both climatic and site-specific ecological conditions in the study area:  spruce and 
subalpine fir (SPP_S-B), cedar and hemlock (SPP_C-H), lodgepole and white pine 
(SPP_P), Douglas-fir (SPP_FD), whitebark pine (SPP_PA), and deciduous species 
(SPP_DEC).   We applied a riparian habitat model (RIPARIAN) that is a function of (1) 
seepage sites and flood plains characterized by terrain attributes, (2) proximity to 
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hydrographic features obtained from TRIM data, and (3) forest overstory structure and 
composition from FIP data (C. D. Apps, unpublished data).    

We derived several variables from 1:250,000 Baseline Thematic Mapping (BTM) of 
present land cover, which in turn was derived from Landsat Thematic Mapper data 
(Geographic Data BC 2001).  From these data, we extracted variables representing alpine 
tundra (BTM_ALPN), avalanche chutes (BTM_AVAL), old forests (>100 yr; BTM_OLD), 
young forests (<100 yr; BTM_YNG), total area disturbed in the past 20 years due to 
logging (BTM_LOG) and wildfire (BTM_BURN), and “barren” surfaces (BTM_BARE). 

We developed an index of expected human access to the landscape (ACCESS) by 
calculating the time required to access any point along existing road networks from human 
population centers defined on 1:50,000 National Topographic System maps, given typical 
travel speeds on each road type (C. D. Apps, unpublished data).  To account for the 
decreased willingness of people to travel as required time increases, we applied a decay 
exponent of –1.45 that was based on behavior of recreationists in the United States’ 
northern Rocky Mountains (Merrill et al. 1999).  We considered the influence of major 
communities outside our study area by calculating a travel time from each to points on 
roads just inside the GIS coverage for our study area.  We then proceeded as if these 
points were actual communities, but added the additional travel time to reach the study 
area.  We weighted the result for each community by its respective population, determined 
from municipal census records, and then summed across all communities.  Finally, we 
transformed the result to a 0–1 scale, with 1 representing sites that we knew to be 
permanently occupied by humans.  We expected that the level of protection afforded to a 
given landscape would mediate the relationship between grizzly bear occurrence and 
human influence.  We therefore derived a variable (PARK) that indicates the proportion of 
a given landscape within a national park.     

We included both the Green Vegetation Index (GVI) and Wet Vegetation Index (WVI) 
of the Tasseled Cap transformation (Crist and Cicone 1984) derived from Landsat 5 
Thematic Mapper scenes taken during August 1995 and 1996.  The GVI has previously 
been correlated to grizzly bear habitat selection in the United States’ northern Rocky 
Mountains (Mace et al. 1999).   

 

Scale-dependent Design 

Our analysis compared landscapes where grizzly bears were and were not detected, 
and our design corresponded to Johnson’s (1980) second-order resource selection and 
Thomas and Taylor’s (1990) study design 1.  We employed a scale-dependent design to 
determine associations of grizzly bear detection with habitat and human influence factors.  
Each variable was derived at 3 spatial scales by aggregating data using a moving window 
routine (Bian 1997).  Pixels thus reflected each variable’s mean attribute value or 
proportional representation within a surrounding circular landscape.  At level 1, the 
broadest scale of analysis, landscape size was defined by a 11.2 km radius from each 
DNA hair trap.  This yielded a circular landscape of 394 km2, equivalent to the mean 
100% minimum convex polygon home range of a resident male grizzly bear within our 
study area (B. N. McLellan and J. G. Woods, unpublished data).  We assumed that level 1 
corresponds to the broadest scale at which individual grizzly bears may respond to 
landscape conditions in our study area.  At level 3, the finest scale of analysis, we used a 
2.4-km radius to define an 18.1-km2 landscape.  This is the average daily linear 



Apps et al. 

 

7 

movement of grizzly bears in the Flathead Valley of the southern Canadian Rocky 
Mountains (B. N. McLellan, unpublished data), the closest area with this information, and 
likely approximates the scale at which grizzly bears in this region make daily habitat 
choices.  This distance is also beyond the approximately 0.7-km attraction radius of hair-
trap stations (Boulanger et al. 2001).  Because grizzly bears may respond to the 
distribution of some resources differently or more directly at an intermediate scale, we 
used the midpoint between levels 1 and 3, a 6.8-km radius, to define a 145.3-km2 
landscape size at level 2.  For each variable, we aggregated data at each of the 3 scales.  
However, in doing so, inherently unsuitable habitats such as lakes and icefields were not 
considered part of the surrounding landscape.  Attributes associated with each station 
were then extracted to a database for subsequent analyses. 

 

 

Table 1.  Independent variables of landscape composition considered for analysis of grizzly 
bear distribution in the upper Columbia Basin, British Columbia, Canada, 1996–1998.  
 

 Variable Description 
AGE_1–2 Overstory stand age 1–40 yr 
AGE_3–6 Overstory stand age 41–121 yr 
AGE_7–9 Overstory stand age >121 yr 
SPP_S-B Spruce and subalpine fir composition (%) 
SPP_C-H Cedar and hemlock composition (%) 
SPP_P Lodgepole pine and white pine composition (%) 
SPP_FD Douglas-fir composition (%) 
SPP_PA Whitebark pine composition (%) 
SPP_DEC Deciduous species composition (%) 
CANOPY Overstory canopy closure (%) 
SITE Stand site productivity index 
BTM_ALP Nonforested alpine (%) 
BTM_AVAL Avalanche chutes (%) 
BTM_BARE Barren surfaces (%) 
BTM_OLD Old (>100 yr) forest (%) 
BTM_YNG Young (<100 yr) forest (%) 
BTM_BURN Disturbance due to wildfire (%) 
BTM_LOG Disturbance due to logging (%) 
ELEV Elevation (m) 
SLOPE Slope (%) 
SOLAR Mean daily maximum solar insolation (kJ) 
TERRAIN Terrain ruggedness index 
CURVA Terrain curvature index 
GVI Landsat green vegetation index 
WVI Landsat wet vegetation index 
RIPARIAN Modeled riparian habitat (%) 
ACCESS Human access index 
LINEAR Linear disturbance density 
TCH Trans-Canada Highway (%) 
PARK National Parks (%) 
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Analyses and Modeling 

For each variable and scale, we initially used Mann-Whitney U-tests for independent 
samples to examine differences in landscape composition between station–session 
combinations where grizzly bears were and were not detected.  Due to the number of 
variables (30) and levels (3) considered, we applied the Dunn-Šidák adjustment (Sokal 
and Rohlf 1981:242) to ensure that all univariate tests were appropriately conservative 
(resulting α = 0.0006).  Although we were not testing hypotheses in a classical sense, we 
considered the significance of P-values, along with mean differences between detections 
and nondetections, in describing grizzly bear associations with habitat and human 
influence. 

We employed multivariate analyses to derive a probabilistic resource selection 
function (Manly et al. 1993).  Our goal was to describe and predict grizzly bear distribution 
based on meaningful variation among our variables.  To avoid modeling spurious 
associations (Flack and Chang 1987, Rextad et al. 1988), we applied 3 steps to reduce 
our variable set.  First, each variable for which at least a marginal univariate association 
was apparent (P < 0.06) at a given scale was evaluated for independence among scales 
using Spearman rank correlation coefficients.  Variables that were highly correlated (rs > 
0.7) across scales were deleted at those scales where associations with grizzly bear 
detection were weakest.  Second, among scales, we grouped the remaining variables into 
subsets that relate to distinct classes of environmental conditions (e.g., overstory structure 
and composition, nonforest land cover, terrain, vegetation indices, human conditions).  As 
above, we evaluated relationships among variables, first within and then among groups, 
and we eliminated redundant variables if they showed a weaker association with bear 
detection and if our understanding of grizzly bear ecology suggested that the response 
likely was indirect.  Finally, for subsets that still contained multiple variables, we used 
principal components analysis (PCA) to reduce remaining variables to a minimum number 
of orthogonal factors that explain the maximum variation among original variables.  
Factors with eigenvalues >1 were extracted, and we applied a varimax rotation to the 
component matrix to facilitate improved interpretation (McGarigal et al. 2000).  We 
interpreted the principal component structure to describe factors in terms of environmental 
gradients that may be relevant to grizzly bears.  Extracted factors, and variables that were 
not included in PCA (i.e., sole variables in respective subsets after step 2), were then 
entered into multiple logistic regression analyses (Hosmer and Lemeshow 1989).   

We used information-theoretic methods (Burnham and Anderson 2002) with Akaike’s 
Information Criterion (AIC; Akaike 1973) to rank all possible parameter subset models in 
terms of parsimony and prediction.  We further evaluated goodness of fit and predictive 
power using an adjusted coefficient of determination (Nagelkerke 1991), and the area 
under the relative operating characteristic curve (Pearce and Ferrier 2000) or c statistic 
(Norusis 1999), which is the proportion of paired cases between the 2 groups in which a 
higher probability is assigned to cases where the event (i.e., grizzly bear detection) has 
occurred.  To account for model uncertainty, we used Akaike weights to average 

parameter coefficients among all competing models according to the β%  (shrinkage) 
estimator (Burnham and Anderson 2002), such that model contribution was proportional to 
the evidence that each is best fit to the data.  The result of model averaging in this way is 
often greater precision and sometimes reduced bias relative to the single best model, and 
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this approach is therefore appropriate where prediction is the primary objective (Anderson 
et al. 2000, Anderson and Burnham 2002, Burnham and Anderson 2002).    

 

Model Validation 

Within the GIS, we standardized original variables ˆ ˆ([ ] / )x µ σ−  according to values 
at DNA hair-trap stations.  Each principle component was then calculated by summing the 
products of standardized variables and their factor score coefficients (McGarigal et al. 
2000).  We then applied the model-averaged parameter coefficients using the Manly et al. 
(1993: equation 5.1) resource selection probability function, resulting in a grizzly bear 
detection probability surface for our study area.  

We used a radiotelemetry database (collected between 1994 and 2000) of 55 adult 
grizzly bears to derive an independent measure of grizzly bear occurrence within our study 
area.  These bears were captured in foot snares or culvert traps distributed throughout the 
study area using a helicopter or immobilized by darting from the helicopter (Miller et al. 
1997, McLellan and Shackleton 1988).  Radiomarked bears were located from a fixed-
wing aircraft approximately once each week.  From these data, we used 1,689 radio 
locations that were temporally independent by ≥5 days, corresponding to the asymptote of 
net distance between sequential locations of increasing time interval for female bears (B. 
N. McLellan and J. G. Woods, unpublished data).  Because sample sizes were unequal 
among animals (range = 3–96), and because ours was a population-level analysis, radio 
locations were weighted such that they summed to 1 for each bear (i.e., so that each bear 
was given equal weight).  Validation analysis was conducted within an area that 
encompassed lands within 11.2 km of all grizzly bear capture sites (i.e., level-1 landscape 
radius) and a 90% minimum convex polygon of pooled radio locations.  Within this area, 
we assumed that radiomarked bears were representative of the population.  We then 
tabulated the proportion of weighted radio locations falling within 16 equal-interval classes 
of grizzly bear detection probability, and we divided each value by the area of its 
respective detection probability class to account for the difference in area among classes 
(sensu Boyce et al. 2002).  We evaluated the relationship between area-adjusted 
frequency values and the ordinal classification of detection probability using a Spearman 
rank correlation coefficient.   

 

Spatial Inference of Grizzly Bear Density 

Boulanger et al. (2002) estimated grizzly bear population density within each annual 
sampling area.  We took a weighted average of these as a single density estimate among 
all 3 sampling areas.  We applied the weighting factor (annual/multi-annual sampling area) 
because the size of each annual sampling grid differed, though some spatial overlap 
existed.  Assuming a linear relationship, we then transformed the detection probability 
surface to reflect population density (sensu Boyce and McDonald 1999).  For each pixel 
( i ), estimated population density ( ˆ iD ) was calculated as 

1
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where ˆ
SAD  is the population density estimate for the multi-annual sampling area, n  is the 

total number of pixels in that area, and ˆ iP  is each pixel’s detection probability.  That is, for 

each pixel, we multiplied ˆ
SAD  by a factor that is the pixel’s detection probability value 

divided by mean detection probability for the multi-annual sampling area.  The resulting 
model reflected the estimated density and distribution of grizzly bears within the multi-
annual sampling area and as extrapolated to other landscapes within the greater study 
area.   

 

RESULTS 

During 1996 to 1998, we detected 120 grizzly bears that made 244 independent 
visits to 168 DNA hair-trap station–session combinations, while we did not detect grizzly 
bears at 845 DNA hair-trap station–sessions (Table 2).  In comparing DNA hair traps and 
sessions at which grizzly bears were and were not detected, univariate differences were 
relatively consistent across scales but relationships changed notably at the finest scale for 
some variables (Table 3).  Grizzly bears were more often detected in landscapes of 
relatively high elevation, steep slope, and rugged terrain.  These landscapes were of lower 
human accessibility and linear disturbance density, were less often associated with the 
Trans-Canada Highway, and more often occurred within a national park.  At all or some 
scales, grizzly bears were detected more often in landscapes with avalanche chutes, 
alpine, bare rock, and burned forest habitat composition, and relatively few young and 
logged stands.  Specifically, detections were associated with lower proportions of forests 
aged 41–121 years across scales and 1–41 years at the finest scale, and broad 
landscapes with higher proportions of >121-year stands.  At broad scales, detections were 
associated with relatively high forest productivity, and were characterized by greater 
proportions of cedar/hemlock, lodgepole/white pine, whitebark pine, and deciduous 
overstory species.  At the finest scale, grizzly bears were detected more often in 
landscapes of low overstory cover with little forest productivity.  They were associated with 
lower index values of “green” vegetation productivity across scales and lower values of 
“wet” vegetation productivity at the finest scale. 

 
 
Table 2.  Grizzly bear detections among sampling stations and sessions in the upper 
Columbia River basin, British Columbia, Canada, 1996–1998. 
 

   Detections per site–
session combination 

Year  na Totalb ≥1 0 
1996  254 74 46 208 
1997  320 100 69 251 
1998  439 70 53 386 
Total  1,013 244 168 845 

 

a Number of site and session combinations sampled. 
b Known visits by independently traveling bears. 
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After initial variable reduction, principal components analysis extracted 11 factors 
among 4 variable groups.  Within the overstory structure and composition variable subset, 
6 factors collectively explained 85% of variance.  These factors reflected gradients toward 
broad landscapes of high forest productivity with deciduous/whitebark pine composition 
and some association with burns of <20 years (OVERSTORY_1); productive, closed-
canopy, mid-successional (41–120 yr) stands at finer scales (OVERSTORY_2); old (>121 
yr) cedar/hemlock forests (OVERSTORY_3); logged and very young stands (<40 yr) at 
fine scales (OVERSTORY_4); forested landscapes of primarily lodgepole pine at broad 
scales (OVERSTORY_5); and whitebark pine composition at fine scales 
(OVERSTORY_6).  Two factors explained 84% of variance within the nonforest land cover 
variable subset, reflecting gradients of increasing landscape proportions of barren, alpine, 
and avalanche conditions primarily at broader scales (LANDCOVER_1); and alpine 
habitats at the finest scale (LANDCOVER_2).  Two factors explained 75% of variance 
within the terrain subset, reflecting gradients of increasing slope and greater terrain 
ruggedness (TERRAIN_1), and higher elevations and increasing slope curvature at 
broader scales (TERRAIN_2).  A single factor accounted for 63% of variance in the human 
influence subset, primarily accounting for level-2 landscape associations with increasing 
linear disturbance and human access, and the Trans-Canada Highway (HUMAN_1).  All of 
the above factors were combined with the finest-scale (level 3) representation of the GVI 
and national park variables for entry into regression analyses.      

Our top 10 most predictive and parsimonious models all had ∆AIC values <1.89, 
suggesting that any 1 was not clearly best fit (Table 4).  The c statistics indicated that all of 
these models correctly assigned a higher probability to grizzly bear detections in >77% of 
possible comparisons with nondetections.  A composite of all model subsets derived 
through weighted averaging (multi-model inference) indicated that factors varied in their 
predictive effect and power (Table 5).  Of the 8,192 candidate subsets, the top 236 
comprised 95% of the composite model weight.      

Although multi-model inferred coefficients predict the likelihood of grizzly bear 
detection in a specific landscape given the broad habitat and human use conditions that 
we measured, the cutpoint P-value used to define where grizzly bears are expected to 
occur is arbitrary.  Across a range of cutpoint probability levels, the model performed best 
in discriminating at approximately P = 0.5–0.6 (Fig. 2).  Weighted radio location 
densityderived from radiomarked grizzly bears was highly correlated with predicted 
detection probability (rs = 0.88, df = 14, P < 0.001). 

The combination of density estimates for annual sampling areas (Boulanger et al. 
2002) resulted in an estimated density of 2.2 (95% CI: 1.5 to 4.3) grizzly bears/100 km2 
for the multi-annual sampling area.  For this same area, mean detection probability was 
0.295.  Linear transformation from detection probability (p) to estimated population density 
(bears/100 km2; D̂ ) for a given pixel ( i ) was ( )ˆ ˆ2.21 0.295i ipD = .  Transformation of the 

detection probability surface resulted in a spatially inferred population estimate of 257 
(95% CI: 180 to 500) for our 11,218 km2 study area.  Predicted densities varied among 
landscapes; for example, probability cutpoints of P = 0.2, 0.4, and 0.6 corresponded to 
estimated densities of 1.5, 3.0, and 4.5 bears/100 km2, respectively (Fig. 3).  
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Table 3.  Differences between landscapes at 3 spatial scalesa where grizzly bears were and were not detected in the upper Columbia 
River Basin, British Columbia, Canada, 1996–1998.  Variable descriptions are given in Table 1. 
 
  Level 1   Level 2   Level 3  
  Detect Non-detect   Detect Non-detect   Detect Non-detect  
Variable  ×  SE ×  SE Diffb  ×  SE ×  SE Diff  ×  SE ×  SE Diff 
AGE_1–2 20.61 0.44 20.03 0.28 o 21.81 0.60 20.46 0.35 + 5.63 1.14 8.22 0.51 - - - 
AGE_3–6 24.87 0.56 30.82 0.41 - - - 24.16 0.59 31.22 0.48 - - - 5.79 0.67 19.25 0.81 - - - 
AGE_7–9 34.68 0.61 30.60 0.32 +++ 36.08 0.76 31.14 0.42 +++ 24.13 1.29 24.31 0.71 O 
SPP_S-B 32.29 0.33 31.99 0.16 o 33.71 0.40 32.44 0.25 + 21.16 0.89 24.23 0.53 - 
SPP_C-H 19.41 0.39 17.92 0.23 ++ 20.26 0.44 18.41 0.31 +++ 3.48 0.45 7.01 0.43 - - - 
SPP_P 21.61 0.39 19.37 0.19 +++ 22.12 0.43 19.57 0.23 +++ 3.94 0.52 6.56 0.33 - - - 
SPP_FD 18.45 0.23 17.98 0.14 o 19.36 0.32 18.34 0.18 o 1.27 0.22 5.33 0.26 - - - 
SPP_PA 16.46 0.26 13.96 0.15 +++ 17.88 0.34 14.23 0.22 +++ 0.42 0.08 1.05 0.06 - - - 
SPP_DEC 17.07 0.24 15.42 0.14 +++ 18.33 0.32 15.58 0.20 +++ 1.19 0.22 2.52 0.20 - - - 
CANOPY 27.40 0.34 28.27 0.19 - 27.66 0.40 28.65 0.23 - 10.9 0.53 18.23 0.42 - - - 
SITE 20.37 0.22 19.29 0.12 +++ 21.36 0.29 19.64 0.17 +++ 4.24 0.23 7.39 0.19 - - - 
BTM_ALP 41.81 0.56 34.93 0.42 +++ 45 0.72 35.19 0.58 +++ 26.4 1.05 20.16 0.63 +++ 
BTM_AVAL 18.42 0.31 15.03 0.19 +++ 20.05 0.40 15.34 0.26 +++ 22.45 0.75 15.00 0.43 +++ 
BTM_BARE 23.57 0.34 19.13 0.24 +++ 25.24 0.45 19.20 0.31 +++ 7.17 0.56 6.01 0.28 ++ 
BTM_OLD 35.48 0.65 32.60 0.37 + 37.71 0.77 33.26 0.47 ++ 24.69 1.06 24.91 0.64 O 
BTM_YNG 29.42 0.71 31.47 0.42 - 28.45 0.77 31.67 0.50 - - 9.85 0.93 19.25 0.84 - - - 
BTM_BURN 17.95 0.29 15.01 0.18 +++ 19.72 0.38 15.50 0.25 +++ 3.35 0.71 2.66 0.33 O 
BTM_LOG 21.58 0.49 22.25 0.33 o 22.42 0.59 22.74 0.42 o 5.47 1.05 10.29 0.66 - - - 
ELEV 1,837 10.85 1,728 7.93 +++ 1,860 11.49 1,719 10.00 +++ 1,841 16.25 1,676 13 +++ 
SLOPE 48.30 0.37 43.46 0.28 +++ 49.11 0.43 43.54 0.35 +++ 49.05 0.56 43.62 0.43 +++ 
SOLAR 8,315 5.35 8,319 2.79 o 8,320 7.46 8,315 4.15 o 8,307 17.03 8,261 9.15 + 
TERRAIN 20.11 0.15 18.18 0.11 +++ 20.32 0.17 18.21 0.13 +++ 20.48 0.25 18.34 0.19 +++ 
CURVA 11.57 6.35 -5.73 3.99 - -29.21 11.79 -39.73 7.18 o -182.0 11.65 -126.8 6.33 - - 
GVI 15.44 0.33 18.38 0.19 - - - 15.95 0.30 18.91 0.21 - - - 19.19 0.49 20.94 0.26 - - - 
WVI -14.78 0.19 -15.13 0.07 o -15.8 0.15 -15.46 0.07 o -16.71 0.19 -15.90 0.11 - - - 
RIPARIAN 0.03 0.00 0.03 0.00 o 0.03 0.00 0.03 0.00 o 0.04 0.00 0.04 0.00 - 
ACCESS 0.03 0.01 0.12 0.01 - - - 0.01 0.00 0.06 0.00 - - - 0.00 0.00 0.02 0.00 - - - 
LINEAR 2.13 0.16 3.73 0.12 - - - 1.98 0.18 3.67 0.15 - - - 2.10 0.26 3.73 0.18 - - - 
TCH 0.12 0.01 0.22 0.01 - - - 0.09 0.01 0.22 0.01 - - - 0.13 0.05 0.32 0.03 - - 
PARK 39.22 2.34 29.97 1.11 ++ 42.52 2.72 31.34 1.32 ++ 47.48 3.10 32.53 1.55 +++ 

 

a Analysis level: broad (Level 1) to fine (Level 3) spatial scales. 
b Differences (Mann-Whitney U tests) are indicated by +++/- - - (P < 0.0006), ++/-- (P < 0.006), +/- (P < 0.06), or “o” (P ≥ 0.06). 
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Table 4.  Top 10 competing logistic regression models of factors influencing grizzly bear detection in the upper Columbia River 
basin, British Columbia, Canada, 1996–1999.  Maximized log-likelihood (–2LL) values are given, and models are ranked according to 
Akaike Information Criterion (AIC).  Akaike weights ( w ) indicate the contribution of each to the average of all candidate models.  
 

Overstory a  Landcover  Terrain  Human          
1 b 2 3 4 5 6  1 2  1 2  1  GVIc  PARKc  –2LL K d ∆AIC w  
 X X X X   X X       X  X  1,898.55 9 0.00 0.041 
 X X X X   X X     X  X  X  1,896.57 10 0.02 0.041 
 X X X X   X X  X   X  X  X  1,895.35 11 0.80 0.028 

X X X X X   X X     X  X  X  1,895.83 11 1.28 0.022 
 X X X X   X X  X     X  X  1,898.05 10 1.49 0.020 

X X X X X   X X       X  X  1,898.14 10 1.59 0.019 
X X X X X   X X  X   X  X  X  1,894.21 12 1.66 0.018 
X X X  X   X X       X  X  1,900.28 9 1.73 0.017 
X X   X X   X  X X  X  X    1,898.29 10 1.74 0.017 
 X X X X X  X X       X  X  1,898.44 10 1.88 0.016 

 

a Variable subset group. 
b Principal component factor within group. 
c Variables not included in a subset group: green vegetation index (GVI) and national parks (PARKS).  They are represented at finest scale 
(level 3). 
d Number of parameters, including model intercept. 
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Table 5.  Multiple logistic regression results for factors considered in explaining and 
predicting the spatial distribution of grizzly bear detections, upper Columbia River basin, 
British Columbia, Canada, 1996–1998.  Results are based on multi-model inference from all 
possible parameter subsets. 
 

Parameter β SE Exp(β) Effecta 
Overstory_1 0.192 0.064 1.226 + + 
Overstory_2 -0.884 0.140 0.420 - - - - 
Overstory_3 -0.178 0.065 0.844 - - 
Overstory_4 0.136 0.069 1.154 + + 
Overstory_5 0.457 0.061 1.580 + + + + 
Overstory_6 -0.062 0.038 0.943 - 
Land-cover_1 0.408 0.103 1.585 + + + + 
Land-cover_2 0.341 0.123 1.430 + + + 
Terrain_1 0.203 0.087 1.253 + + 
Terrain_2 0.096 0.059 1.111 + 
Human_1 -0.183 0.097 0.842 - 
GVIb 0.385 0.108 1.470 + + + + 
PARKb 0.161 0.068 1.174 + + 
Constant -1.750 0.314 0.180  

 

a Classification of exp(β) (odds-ratio of grizzly bear detection) to interpret the strength and 
direction of predictors: + (>1.0), + + (>1.15), + + + (>1.30), + + + + (>1.45), - (<1.0), - - 
(<0.85), - - - (<0.70), - - - - (<0.55). 
b Variable is represented at the finest scale (Level 3), and is standardized to facilitate 
comparison with principal components. 
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Fig. 2.  Predictive efficiency, across cutpoint probability levels, of a landscape-level grizzly 
bear detection model for the upper Columbia River basin, British Columbia.  The model 
improvement curve indicates the proportion of grizzly bear detections that were correctly 
classified minus that of incorrectly classified non-detection site/session combinations.  This 
defines the model’s optimum cutpoint in discriminating grizzly bear detections from non-
detections.  
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Fig. 3.  Predicted grizzly bear density and distribution in the upper Columbia River basin, British Columbia, derived from sampling 
conducted during 1996–1998.  Density within icefields and lakes, which were not sampled, is assumed to be 0. 
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DISCUSSION 

Grizzly bear range has contracted dramatically over the past 2 centuries such that 
populations in southern British Columbia are presently limited to rugged mountains and 
high plateaus where natural conditions have largely restricted human access and 
settlement (McLellan 1998).  Our results support this contention but provide further insight 
into spatial correlates of grizzly bear density and distribution within our study area.  At the 
scales considered, we found a strong association of grizzly bear detection with terrain 
conditions that would inhibit human access and habitation:  high elevations, steep slopes, 
and complex topography.  Although multivariate results reflected these relationships at 
broad scales, they suggested that elevation is a less relevant predictor of grizzly bear 
distribution at finer scales in our area.     

Human access, as a function of road networks, temporal proximity to human 
settlements, and the population of those settlements, may be an important factor in grizzly 
bear survival and thus distribution.  Human-related variables were negatively associated 
with grizzly bear detection across scales in our study area, which contains a resident 
human population of >7,500 that increases with seasonal tourism.  In comparison, the 
British Columbia portion of the Flathead Valley, 300 km to the southeast, is largely not 
under protected status and has high road access, but has no permanent human 
settlement and access from the nearest population center requires a >2-hr drive on 
unpaved roads.  There, grizzly bears occupied landscapes and seasonally preferred 
habitats throughout the valley floor (McLellan and Hovey 2001a), and although reduced 
use of habitats proximal to roads was detected (McLellan and Shackleton 1988), survival 
rates were high and demographic consequences were minimal (Hovey and McLellan 
1996).  Based on their study in the Swan Valley, Montana, USA, Mace et al. (1996) 
suggested that grizzly bears can persist in areas with roads; however, spatial avoidance 
will increase and survival will decrease as traffic levels, road densities, and human 
settlement increases.  Within Canadian national parks, resident and transient human 
populations can be high where serviced by major highways, especially during summer 
months.  A strong conservation mandate that dictates greater restrictions on human 
behavior to preserve natural conditions may mediate the otherwise negative relationship of 
bear persistence with human access, and this effect is apparent in our multivariate results. 

As expected, grizzly bear distribution relative to terrain and human influence co-
varied with vegetative conditions and land cover.  In mountainous landscapes, importance 
of avalanche chutes and unforested alpine habitats has been demonstrated (Waller and 
Mace 1997; Munro 1999, Ramcharita 2000, McLellan and Hovey 2001a) and may strongly 
influence the occurrence of bears at the scales we considered.  Although a fortuitous 
association with these variables may explain the apparent affinity for landscapes with 
higher proportions of barren surface, Waller and Mace (1997) found positive selection for 
“slabrock,” which contained some preferred bear foods in their study area.  At broad 
scales, grizzly bears were present in landscapes of higher forest productivity with mature-
to-old stands of mixed species composition but with a relatively high proportion of open 
habitats.  Forested habitats may provide for several life requisites such as thermal 
regulation and security (Blanchard 1983, McLellan 1990), and the affinity for older age 
classes may reflect a combination of poor access for timber harvest in grizzly bear 
occupied landscapes and the lower fire-return interval that would occur in a wetter 
microclimate with greater forage productivity.  At the finest scale, a positive association 
with landscapes of higher open habitat composition was especially strong, presumably 
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because of the large influence of herbaceous forage value on daily movements.  Areas 
burned by wildfire are often highly preferred due to high berry production (Hamer and 
Herrero 1987; McLellan and Hovey 2001a) and were positively associated with grizzly 
bear detection at broader scales in our study area.   

Despite the potential of cutblocks to produce fruiting shrubs preferred by bears 
(Zager 1980, Waller 1992), univariate analysis suggested a negative association of grizzly 
bear detection with logged landscapes.  Although this result may at least partially reflect 
the artificially accelerated rate of conifer regeneration of cutblocks in our study area, and 
lower shrub cover than would otherwise be expected, most logged landscapes in our 
study area also tend to be associated with higher human access and influence.  The 
confounding effect of this correlation is supported by our multivariate results that suggest a 
slight positive predictive value of forest disturbance at the finest scale, once variation due 
to human influence presumably is accounted for. 

The negative univariate association we report for the GVI differs markedly from 
those of radiotelemetry-based resource selection modeling in Montana (Mace et al. 1999).  
This discrepancy appears to relate to the spatial concentration of high index values 
associated with wetland complexes of the Columbia Valley, where grizzly bears were 
generally not detected due to habitat and/or human influence.  However, in a multivariate 
context, when at least some of this covariation is accounted for, the GVI does carry 
positive predictive value at a fine scale in our study area.  Results for this variable illustrate 
how apparent habitat selection is influenced by definitions of “availability” (Porter and 
Church 1987, McLean et al. 1998), and thus how relationships derived from the behavior 
of animals within individual or composite home ranges may be poor predictors of 
population distribution.  Moreover, although vegetation indices derived from satellite 
imagery may carry predictive power, they may correlate to an array of habitats that are 
functionally diverse (e.g., avalanche chutes and wetlands) and are thus of limited value in 
management decisions.  Without scale-specific empirical verification, direct inference of 
habitat quality from such indices within a given area should be tempered with caution. 

Multivariate results indicate that a linear combination of landscape variables can 
efficiently discriminate between DNA hair traps where grizzly bears were and were not 
detected.  Validation results support the model’s predictive veracity within our study area 
and suggest that individual or stochastic variation during the sampling period was of little 
consequence.  The model is therefore a useful predictor of grizzly bear population density 
and distribution for strategic-level conservation planning within our study area.  However, 
predictive efficiency may not hold on extrapolation to physiographic, vegetative, and/or 
human conditions outside this area, and such application should be coupled with further 
validation.  

 

MANAGEMENT IMPLICATIONS 

Historically, the ability of grizzly bears to occupy a wide variety of habitats would 
have resulted in an almost continuous spatial occupation of range except for prairies and 
hot desert areas (Mattson and Merrill 2002).  Where grizzly bears persist today, human 
activities are fragmenting continental populations in an increasing number of areas (e.g., 
Proctor et al. 2002), perhaps resulting in metapopulations (Craighead and Vyse 1996).  
Through this process, landscapes occupied by bears become more exposed to incipient 
human development, more susceptible to degradation of effective habitat, and maintaining 
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viable populations will require more intensive management (McLellan 1998).  Our results 
lend further support to the contention that grizzly bear persistence is determined by 3 
general factors:  habitat quality, the number of humans within that habitat, and the 
behavior of those humans (Mattson et al. 1996, McLellan 1998).  Regardless of land 
management status, comprehensive access, recreation, and settlement planning is 
essential within occupied grizzly bear range to maintain an acceptably low human density, 
especially where human behaviors are incompatible with bear survival (Mattson et al. 
1996, Mace and Waller 1997, McLellan at al. 1999).  This planning and implementation is 
necessary within recognized core population areas but is equally important within 
peripheral landscapes that may currently support lower densities of bears but provide 
functional connectivity within or between populations.     

Two spatial modeling concepts that have been applied in strategic planning for 
grizzly bear conservation are (1) core/security areas, where bears can meet their daily 
energetic requirements while at the same time choosing to avoid people (Mattson 1993); 
and (2) linkage zones, where bears can move between core areas and remain resident for 
some period of time (Servheen and Sandstrom 1993, McLellan and Hovey 2001b).  These 
concepts have been integrated within subjective, spatial modeling for conservation 
planning at regional levels (e.g., Servheen and Sandstrom 1993, Apps 1997, Gibeau 
1998, Merrill et al. 1999).  Such decision-support tools can be valuable in identifying and 
prioritizing landscapes for conservation actions that are based on thresholds derived from 
field studies of grizzly bear behavior, mortality risk, and habitat quality and connectivity.  
However, our understanding of broad-scale factors that influence grizzly bear population 
density, connectivity, and persistence is not yet well-enough developed that we can or 
should rely solely on knowledge-based approaches and their transferability among regions 
with varying conditions.  We described an empirical analogue to subjective modeling 
approaches that define probable population core, periphery, and linkage landscapes.  
Output can assist in the objective evaluation of strategies for recovery and/or maintenance 
of healthy and viable grizzly bear populations.  Moreover, we expect that the range of 
spatial scales we considered in model development are appropriate for addressing 
regional conservation planning issues such as motorized-access management.   

With respect to population status, our approach represents a defensible alternative 
to qualitative assessment for regional landscapes (e.g., Fuhr and Demarchi 1990), as it 
facilitates spatial inference from an empirical population estimate.  By estimating the 
spatial structure of the population, a necessary input for habitat-based population viability 
analysis is provided (Boyce et al. 1994, Roloff and Haufler 1997).  Predictions of 
population distribution can also be used to spatially stratify the intensity of future sampling, 
facilitating efficient monitoring of spatiotemporal trends while maximizing statistical power 
and relevancy to a larger region (Gibbs 2000).  If standard methods are established, 
results of several projects spanning a greater diversity of ecological and human conditions 
could be combined in higher-level meta-analyses.  This would enable comparison among 
areas, further our understanding of how specific factors influence grizzly bear density and 
distribution, and facilitate wider extrapolation. 

For spatial modeling of populations, DNA hair-trap sampling holds some important 
design advantages over conventional techniques that require the capture, tagging, and 
monitoring of individual animals.  For most wide-ranging carnivores, data sampled using 
radiotelemetry can be subject to spatiotemporal bias due to unequal sampling intensity 
and duration within and among individuals (White and Garrott 1990).  This can be 
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alleviated by considering the individual animal as the sampling unit.  However, budgetary 
and logistical constraints often prohibit capture efforts that are truly random and 
representative relative to variation in habitat and human conditions within study areas.  
These constraints, and differential predisposition of individuals to capture, may result in 
bias that limits the utility of radiotelemetry datasets in addressing questions of population 
distribution.  Although home-range estimates would be preferable to a few point detections 
per animal, the number of animals sampled with DNA hair trapping can far exceed that of 
a typical radiotelemetry study and population representation can be readily achieved.  
Animal capture may also simply be impractical in highly dispersed populations or where a 
species’ existence is not established.   

Despite the above limitations, radiotelemetry-based methods are obviously 
necessary in addressing many other research questions, including habitat quality and 
connectivity at finer scales of individual movement.  Depending on research objectives, 
DNA hair trapping might be coupled with radiotelemetry sampling to address habitat 
questions at different scales, facilitating more selective, focused, and efficient use of 
radiotelemetry techniques.  Although other detection methods may also be useful for 
broad-scale sampling (e.g., Foresman and Pearson 1998, Moruzzi et al. 2002), many 
variables must be considered, including cost, efficiency, accuracy, the ability of techniques 
to achieve adequate sampling that is systematic and random, and the additional questions 
that can be addressed by knowing individual genotypes (e.g., Proctor et al. 2002). 

In summary, we believe that DNA hair-trap sampling that combines mark–recapture 
population estimation (Woods et al. 1999, Mowat and Strobeck 2000, Boulanger and 
McLellan 2001) with spatial modeling of population distribution may be valuable in the 
conservation of grizzly bears and other secretive, forest-dwelling species.  The approach 
may be especially appropriate where conventional radiotelemetry techniques are not 
possible due to cost, design, logistical, or ethical constraints. 
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