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Abstract Individual-based landscape genetic anal-
yses provide empirically based models of gene flow.
It would be valuable to verify the predictions of these
models using independent data of a different type.
Analyses using different data sources that produce
consistent results provide strong support for the
generality of the findings. Mating and dispersal
movements are the mechanisms through which gene
flow operates in animal populations. The best means
to verify landscape genetic predictions would be to
use movement data to independently predict land-
scape resistance. We used path-level, conditional
logistic regression to predict landscape resistance for
American black bear (Ursus americanus) in a land-
scape in which previous work predicted population
connectivity using individual-based landscape genet-
ics. We found consistent landscape factors influence
genetic differentiation and movement path selection,
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with strong similarities between the predicted land-
scape resistance surfaces. Genetic differentiation in
American black bear is driven by spring movement
(mating and dispersal) in relation to residential
development, roads, elevation and forest cover.
Given the limited periods of the year when gene
flow events primarily occur, models of landscape
connectivity should carefully consider temporal
changes in functional landscape resistance.

Keywords Movement behavior - Path-level
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Black bear - Ursus americanus

Introduction

Landscape genetic research is providing increasingly
sophisticated methods to infer the influences of
landscape structure on population connectivity. Indi-
vidual-based analyses predicting the genetic differ-
ences among all pairs of sampled organisms based on
the cost distances between them as functions of
multiple landscape resistance hypotheses provide a
particularly useful approach (e.g. Coulon et al. 2004;
Cushman et al. 2006). Recent work has refined and
extended these approaches by incorporating multi-
scale modeling and improved model selection
approaches (Shirk et al. 2010; Wasserman et al.
2010). Simulation modeling has shown that individ-
ual based landscape genetic inference of landscape
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resistance to gene flow provides high power to
identify the landscape factors driving genetic differ-
entiation and reject incorrect but correlated alterna-
tive models (Cushman and Landguth 2010b).
Individual-based landscape genetic approaches also
appear relatively robust to variation in the grain and
extent of analysis (Cushman and Landguth 2010b).
Simulation analysis, however, also indicated high
sensitivity to incorrect specification of the landscape
resistance model (Cushman and Landguth 2010a).
Incorrect specification of the landscape variables
included in the resistance model and the thematic
resolution at which they are represented can distort
the apparent relationships between landscape patterns
and gene flow. Given the sensitivity of landscape
genetics to incorrect specification and thematic
content, it would be valuable to compare analyses
using multiple methods and independent data sets.
Two different analyses based on different kinds of
data that produce a consistent result provide strong
support for the findings. Mating and dispersal move-
ment behavior are the mechanisms through which
gene flow operates in animal populations. Using
movement data to independently predict landscape
resistance should provide a valuable means to verify
the robustness of landscape genetic predictions.
There has been little research to date comparing
predictions of landscape connectivity provided by
landscape genetics with predictions from movement
behavior. Recently, Shanahan et al. (2010) sought to
determine whether individual-level movement char-
acteristics are a mechanistic driver of genetic differ-
entiation of closely related bird species across a
complex landscape. Their analysis was based on
evaluating a priori models that predict genetic relat-
edness patterns based on how species with different
life-history traits are expected to respond to habitat
boundaries. Their analysis, however, did not use actual
data on observed movement of individual birds to
verify the predictions of landscape genetic models.
Coulon et al. (2004, 2006) showed that genetic
structure (i.e., individual-based genetic distances)
and actual movement paths are not explained by the
same variables in roe deer. Extending this work,
Coulon et al. (2008) used a conditional logistic
regression approach to predict effects of landscape
features on Roe deer movement paths in a study area
where previous landscape genetic work had shown
correlation between landcover and gene flow. Their
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study is the first to explicitly link behavioral mecha-
nisms to observed genetic substructure. Direct link-
ages between genetic differentiation and organism
behavior are important to understand population
differentiation in spatially complex environments.

In this article we present a direct linkage of the
behavior of individual organisms with observed
genetic structure across a complex landscape. We
predict that as organisms move through spatially
complex landscapes, they respond to multiple eco-
logical attributes, expressing movement paths that
minimize fitness costs. Until recently, it was not
possible to obtain precise records of movement paths
over extended periods of time to associate movement
behavior with landscapes structure. However, this has
changed dramatically with the advent of Global
Positioning System (GPS) telemetry technology (e.g.
Osborn and Parker 2003). GPS telemetry data
provides spatially precise records of the movement
paths of individual animals at a temporal sampling
rate that allows direct assessment of the influences of
landscape features on movement paths. This enables
the development of species-specific landscape resis-
tance models in which the resistance of any location,
or pixel, in a landscape is a function of multiple
landscape features measured at one or several scales.
Fortin et al. (2005) is the first published example of
using GPS data in a step selection function to predict
relationship between landscape features and move-
ment path selection. More recently, Coulon et al.
(2008) used a step selection function to predict
movement of roe deer in relation to landscape
variables.

This study differs from previous work in that it
focuses at the path-level rather than the step level. It
uses a path-level spatial randomization method to
assess the effects of multiple landscape features on
movement path selection (e.g. Cushman et al. 2010a,
b). The path-level randomization approach provides a
robust means to compare the landscape features an
animal encounters in its utilized path with those that
would be encountered in a large sample of available
paths of identical length and topology. By holding
length and topology constant and randomizing loca-
tion in the landscape, the approach avoids pseudore-
plication and autocorrelation of observations, as may
be an issue with analyses evaluating point data or
sequential movement steps (Harris et al. 1990;
Litvaitis et al. 1994; Cushman 2010).
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The objectives of this study were to use path-level
analysis of movement (Cushman et al. 2010a) and
case—control logistic regression (Hegel et al. 2009) to
predict selection of movement paths by American
black bears (Ursus americanus) as a function of
elevation, roads, human development and forest
canopy, and then to evaluate the degree to which
resistance models derived from movement data verify
a resistance model previously identified through
landscape genetics (Cushman et al. 2006). Case-
control logistic regression provides an important
advance over previous approaches based on factorial
analysis of alternative resistance models (e.g. Cush-
man et al. 2010a), as it provides a robust way to
estimate variable coefficients and rank alternative
hypotheses with Akaike’s Information Criteria (AIC;
Burnham and Anderson 2002). We had three specific
hypotheses. First, we hypothesized that black bear
movement behavior in the part of the year in which
breeding and dispersal occur is more strongly related
to genetic differentation than movement behavior
during other parts of the year when dispersal is less
common. Second, we hypothesized that movement
behavior of black bears during the breeding and
dispersal season is a function of the same landscape
factors identified in the landscape genetic analysis.

Third, we hypothesized that the predicted resistance
map produced by the movement modeling during the
breeding and dispersal season is highly correlated
with the resistance map produced from the landscape
genetic analysis, and that the resistance map pro-
duced during other times of the year would have
lower correlation with the landscape genetic resis-
tance model.

Materials and methods
Study area

The study area consists of approximately 1,500 km?
in the Purcell Mountains of north Idaho, USA
(Fig. 1). Landownership consisted on US Forest
Service (Idaho Panhandle National Forest), state,
private timber lands, and private residences. The
topography is mountainous, with steep ridges, narrow
valleys and many cliffs and cirques at the highest
elevations. Elevation ranges from approximately 700
to 2,400 m. The Kootenai River bounds the study
area on the west, separating the Selkirk Mountains on
the west from the Purcell Mountains on the east with
a 5-8 km wide unforested, agricultural valley. The

Fig. 1 Study area where
analyses of gene flow
(Cushman et al. 2006) and
movement patterns of black
bears were evaluated in
northern Idaho, USA, and
southern British Columbia,
Canada. The black ellipse
traces the approximate F;
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area is heavily forested, with Abies lasiocarpa
(subalpine fir) and Picea engelmannii (Engelmann
spruce) codominant above 1,300 m, and a diverse
mixed conifer forest dominating below 1,300 m. For
further description of the vegetation in the study area,
see Lewis (2007). This study area is the portion of the
Cushman et al. (2006) study area that lies to the east
of the Kootenai River.

Previous landscape genetic analysis

Cushman et al. (2006) used non-invasive genetic
sampling, least cost path modeling and causal
modeling with partial Mantel tests to evaluate 110
hypotheses concerning landscape resistance effects
on genetic differentiation on American black bears in
the study area. The goal was to determine the relative
support for isolation by distance and barriers in
comparison to isolation by gradients of landscape
resistance. In addition, there are many possible
alternative models for landscape effects on popula-
tion connectivity of this species. A priori, we
proposed elevation, roads, topographical slope,
land-use and land-cover as factors hypothesized to
affect gene flow in this species. In addition, each of
these factors could influence bear gene flow in a
number of potential ways. Therefore, we constructed
a factorial of multiple levels of each of these factors,
totaling 108 alternative landscape resistance hypoth-
eses (Cushman et al. 2006).

We used the ArcGIS to produce cost distance
matrices that correspond to each of the 110 alterna-
tive models (108 landscape models, isolation by
distance, and isolation by the Kootenai River barrier).
The cost distance matrices corresponding to each
landscape resistance hypotheses were created using
the COSTDISTANCE function (ESRI 2005). This
entailed creating cost matrices reflecting the least-
cost distance from the location at which each bear’s
DNA sample was recorded to every other bear’s
location across each of the 108 resistance surfaces.
We next identified which of the seven models had the
strongest support. All 110 resistance hypotheses were
significantly related to the pattern of genetic differ-
ence among bears. After partialling out the relation-
ship with Euclidean distance, 10 landscape resistance
models were still significant. These models indicate
that gene flow in this population is influenced
predominantly by landscape-resistance gradients with
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no significant independent relationships with the
Kootenai River barrier or geographical distance.

Ranking the 10 significant partial models by the
Monte Carlo permuted P-value provided a means to
determine which hypotheses have the greatest support
and to identify the combination of landscape factors
most related to the genetic structure of this popula-
tion. The 10 significant partial models were all
concentrated in one small area of a four-dimensional
factorial space (roads, elevation, forest cover, slope),
indicating a unimodal peak of support. Within this
small area of concentration, the best-supported mod-
els were associated with minimum resistance to
movement at middle elevations, high resistance of
nonforested habitat to movement, no relationship
with slope, and equivocal support for the different
levels of road resistance. The goal was to determine
the relative support for isolation by putative move-
ment barriers, geographical distance, roads, landcov-
er, and topographical slope, and to identify the
combination of factors that had the most support as
the causal driver of genetic differentiation for black
bears. The results indicated that gene flow of black
bears is facilitated by high forest cover at middle
elevations, with avoidance of non-forest, agriculture
and residential development and equivocal response
to crossing roads. The landscape resistance model
produced by Cushman et al. (2006) was used in this
study for comparison with the landscape resistance
model identified through path-level analysis of bear
movement data.

Black bear telemetry data

Bears were trapped from June to mid-August in
20042006 using Aldrich foot snares (Johnson and
Pelton 1980) and immobilized with a Telazol/Xyla-
zine combination and reversed Xylazine with either
Yohimbine or Tolazoline. Lotek 3300L GPS collars
with cotton spacers were fitted on all bears >35 kg.
Collars were programmed to record a location every
20 min from April (den emergence) to November
(den entrance) and information was stored on the
collar, providing consistent fine scale movement data
with high fix rates and small location errors (Lewis
2007). Each winter (2005-2007), we visited bear
dens to retrieve and replace GPS collars. During
winter den work, black bears were immobilized with
a Ketamine/Xylazine combination. If we could not
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visit a den during winter, the collar’s remote drop-off
mechanism released the collar from the animal the
following summer. These methods were approved by
the University of Idaho Animal Care and Use
Committee (Protocol 2005-27).

For this analysis, we used location data from
2 years, 2005 and 2006, given the few bears
monitored during 2004 and 2007. We divided the
year of bear activity into two periods, early and late
seasons. Early season was defined as the time
between den emergence from hibernation until July
15, and late season was defined from July 16 until
bears return to hibernation. The year was divided
into two parts because of important differences in
food resources, differences in traversibility of the
landscape due to spring snow pack, and behavioral
differences between early and late season. Early
season coincides with the breeding season of black
bears and is the season in which juvenile bears leave
their mothers and disperse. Temporal activity pat-
terns also differed between the early and late seasons
(Lewis 2007).

Several bears were monitored for both years. To
avoid bias, we included each individual only from the
season year (2005 or 2006) in which it had the largest
number recorded GPS locations. We only included
paths that contained at least 250 individual points in a
given season (early or late). This resulted in a total 19
bears included in the early season analysis (five from
2005; 14 from 2006) and 20 bears in the late-season
analysis (seven from 2005; 13 from 2006). In the
early season analysis there were three males and two
females from 2005, and 11 males and three females in
2006. In the late season analysis there were one
female and six males in 2005, and three females and
10 males in 2006.

Path-level analysis

Our movement analysis was based on contrasting the
frequency that the utilized movement path crosses
various landscape features with the frequency at
which these features would be crossed in a large
sample of available movement paths of the same
length and topology. Our analysis tests alternative
hypotheses of landscape resistance against the move-
ment paths selected by individual bears. First, the
movement path utilized by each bear in each season
was created by converting the series of sequential

point locations for each bear in each season into a line
in ARCINFO (ESRI 2005). Second, 199 available
paths with identical topology were created by
randomly shifting and rotating the utilized path.
The available paths were randomly shifted a distance
between 0 and 20 km in latitude and longitude, and
randomly rotated between 0 and 360°.

A priori selection of variables

We a priori proposed four landscape features that we
believed to influence black bear movement and which
would enable an independent test of the resistance
model identified in Cushman et al. (2006). These
landscape features included: (1) canopy closure, (2)
density of houses and other buildings, (3) roads,
including secondary forest roads, paved county roads,
and highways, and (4) elevation.

Scaling of landscape resistance factors

The functional form and scale at which each land-
scape feature was represented in analysis may have
large impacts on the strength of relationships with
black bear movement (Wiens 1989; Cushman et al.
2010b; Cushman and Landguth 2010b). We investi-
gated the relationships between movement path
selection and the four independent variables across
a range of functional forms and spatial scales.
Correctly representing the thematic resolution and
form of the functional relationship between each
landscape feature and genetic structure is essential to
identifying the correct pattern process relationship
(e.g. Cushman and Landguth 2010b; Shirk et al.
2010; Wasserman et al. 2010). Least cost path
modeling can be used to evaluate how resistance of
landscape elements influences animal movement (e.g.
Cushman et al. 2010a).

Resistance due to canopy cover was evaluated
over five different levels that included power func-
tions of 0.2, 0.4, 0.6, 1.5, 2.0 power. Landscape
resistance predicted by these power functions ranges
from strongly convex to strongly concave (Figure
S1). Landscape resistance due to elevation was
modeled as a Gaussian function, on the expectation
that black bears should show a unimodal optimum in
movement ability with respect to elevation (e.g.
Cushman et al. 2006). The form of the Gaussian
function was defined on the basis of the optimum
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elevation and the standard deviation (Figure S2). The
optimum elevation was assigned a minimum resis-
tance of 1 and the maximum resistance of 10. The
three elevation models consisted of Gaussian func-
tions with minimum resistance at 500, 1,000, and
1,500 m, with standard deviation of 500 m. These are
the same three elevation models as evaluated in
Cushman et al. (2006). Three levels of resistance due
to roads were considered and represented as categor-
ical functions (Figure S3). These three road resistance
layers varied the relative resistance of secondary
forest roads, paved secondary county roads, and state
highways (Table 1). All non-road pixels were given a
resistance of 1. We evaluated ten landscape resistance
layers due to density of houses and other buildings
(Figure S4). These were created by placing a
unimodal resistant kernel (e.g. Compton et al. 2007)

of varying width over each building summing the
kernels into a resistance surface. The ten scales
corresponded to kernel widths of 100-1,000 m by
100 m steps. The maximum resistance on these maps
was scaled to 10 with a minimum resistance of 1.

Conditional logistic regression

We utilized logistic regression in a case—control form
as it is ideally suited to the task of mathematically
discriminating ecological differences between uti-
lized and available movement paths. In this analysis
we have a matched case—control design with one
utilized path matched with 199 available paths. In
such circumstances conditional logistic-regression is
an appropriate modeling approach (Manly et al. 2002;
Fortin et al. 2005; Coulon et al. 2008; Hegel et al.

Table 1 Description of the
different forms of each

Variable Description

valhrlabl~e evaluz.ited in the. Roads
univariate-scaling analysis
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R2 510 Resistance 2 forest roads, 5 county roads, 10 highways, 1 elsewhere
R5_15_45 Resistance 5 forest roads, 15 county roads, 45 highways, 1 elsewhere
R5_20_80 Resistance 5 forest roads, 20 county roads, 80 highways, 1 elsewhere
Canopy cover

C0.2 Resistance canopy cover to the 0.2 power

C0.4 Resistance canopy cover to the 0.4 power

C0.6 Resistance canopy cover to the 0.6 power

Cl1.5 Resistance canopy cover to the 1.5 power

C2 Resistance canopy cover to the 2.0 power

Elevation

E500 Resistance inverse Guassian function of elevation, minimum value of 1 at

E1000

E1500

Development
D100
D200
D300
D400
D500
D600
D700
D800
D900
D1000

500 m, increasing to maximum of 10 with 1,000 m standard deviation

Resistance inverse Guassian function of elevation, minimum value of 1 at
1,000 m, increasing to maximum of 10 with 1,000 m standard deviation

Resistance inverse Guassian function of elevation, minimum value of 1 at
1,500 m, increasing to maximum of 10 with 1,000 m standard deviation

Resistance kernel density of human structures with 100 mm kernel radius
Resistance kernel density of human structures with 200 m kernel radius
Resistance kernel density of human structures with 300 m kernel radius
Resistance kernel density of human structures with 400 m kernel radius
Resistance kernel density of human structures with 500 m kernel radius
Resistance kernel density of human structures with 600 m kernel radius
Resistance kernel density of human structures with 700 m kernel radius
Resistance kernel density of human structures with 800 m kernel radius
Resistance kernel density of human structures with 900 m kernel radius
Resistance kernel density of human structures with 1,000 m kernel radius
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2009). Conditional logistic regression models use
data in which a used (presence) location is specifi-
cally matched to a number of unused, or available,
locations to create a group (stratum), and results of
the model are conditional upon each group. These
approaches have been used to deal with situations in
which habitat availability changes during the course
of a study (Arthur et al. 1996), and to deal with
potential temporal autocorrelation arising from data
collected from GPS radio-telemetry data (Johnson
et al. 2004). This approach is particularly useful when
there is a lack of independence in the data, such as in
GPS radio-telemetry data (Fortin et al. 2005; Coulon
et al. 2008). Interpretation of model coefficients is the
same as for ordinary logistic regression, yet may be
viewed as more reliable given that the natural
clustering in the data is accounted for (Hegel et al.
2009). There is no intercept estimated since the
model is conditioned on each stratum.

We conducted the logistic regression in two steps.
First we conducted a univariate scaling analysis (e.g.
Thompson and McGarigal 2002) to identify which of
the several alternative forms of each landscape
variable had the strongest relationship with selected

bear paths. To produce the independent variables for
the logistic regression analysis, we computed the
mean value of all pixels the utilized and available
paths traversed for each predictor variable. We
ranked the various forms of each landscape variable
by the chi-square p-value on the likelihood ratio
produced by a univariate logistic regression model
between utilized and available paths.

In the second step, we proposed a suite of
candidate models constructed from combinations of
the predictor variables, with each predictor variable
represented at the scale identified as the most
supported one in the first step. As we had no a priori
biological reason to exclude any particular variable
combination, we evaluated all 15 combinations of the
four independent variables (Table 2). We ranked
these models by AICc values (AIC corrected for
small sample size; Burnham and Anderson 2002) and
used model averaging across all candidate models
based on AICc weights to produce a final model with
associated parameter estimates (Burnham and Ander-
son 2002). We produced a resistance map from this
model by calculating blvl + b2v2 + --- 4 bnvn,
where bi is the coefficient for variable vi.

Table 2 Description of the 15 candidate models evaluated for both early and late season, AICc values, AAICc, and Akaike model

weights (w)
Model Model description Early season Late season
acronym AICc AAICc w  AICc AAICc w
C Canopy cover to the 0.2 power 226.44 4733 0.00 268.62 5.41 0.02
D Kernel density of human structures, 100 m kernel radius 214.43 3532 0.00 266.71 3.50  0.06
E Inverse Gaussian function of elevation: mean 1,000, 1,000 m SD early 213.65 34.54 0.00 269.40 6.19 0.02
season; mean 1,500, 1,000 m SD late season
R Resistance to crossing roads 22276 43.65 0.00 263.21 0.00  0.35
RE Roads and elevation 194.64 15.53 0.00 264.83 1.61 0.16
DE Human structures and elevation 179.11 0.00 0.43 269.17 5.95 0.02
CE Canopy cover and elevation 213.02 3391 0.00 271.10 7.88  0.01
DR Human structures and roads 216.80 37.69 0.00 265.57 2.35 0.11
CR Canopy cover and roads 225.22 46.11 0.00 265.65 2.43 0.10
CD Canopy cover and human structures 216.78 37.67 0.00 269.09 5.87 0.02
CRE Canopy cover, roads and elevation 197.16 18.05 0.00 267.47 426  0.04
CDR Canopy cover, human structures and roads 219.55 40.44 0.00 268.25 5.04  0.03
CDE Canopy cover, human structures and elevation 181.20 2.09 0.15 271.68 847  0.01
DRE Human structures, roads and elevation 179.85 0.74 0.30 267.20 3.99 0.05
CDRE Canopy cover, human structures, roads and elevation 181.80 2.69 0.11 270.29 7.07 0.01
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Similarity of the results based on behavioral data
with those from landscape genetic analysis

We evaluated the similarity between the resistance
model predicted by the conditional path-level logistic
regression analysis with that produced in the Cush-
man et al. (2006) landscape genetic analysis in three
ways. First, we compared the variables included in
the two models. Second, we compared the signs of
the variable coefficients in the path model with the
direction of the relationship in the landscape genetic
analysis. Third we correlated the resistance surface
produced from landscape genetics with that predicted
by logistic regression.

Results
Univariate scaling

Ranking across power transformations indicated
highest support for landscape resistance as a function
of canopy closure to the 0.2 power in both early and
late seasons (Figure S5). Ranking across resistant
kernel widths resulted in highest support for land-
scape resistance as function of density of human
structures based on a 100 m radius resistant kernel
(Figure S6). The 100 m radius kernel was the most
supported kernel in both seasons. Ranking across
road classifications revealed highest support for
landscape resistance as a function of roads in which
resistance is 5 for crossing forest roads, 20 for
crossing county roads and 80 for crossing highways
(Figure S7). This suggests that forest roads are
relatively more easily crossed than county roads and

highways present very high resistance to movement.
This was the most supported roads resistance model
in both early and late seasons. Ranking the three
elevation models showed highest support for land-
scape resistance in the early season as an inverse
Gaussian function of elevation with minimum value
of 1 at 1,000 m and increasing resistance with a
1,000 m standard deviation (Figure S8). In the late
season there was little difference in support for the
different elevation models, with marginally higher
support for the 1,500 m model.

Multi-variate model

We calculated AICc weights and performed model
averaging to produce final landscape resistance
models for the early and the late season. For the
early season, elevation and human development
exhibited the greatest importance, with 95% confi-
dence intervals of variable coefficients not overlap-
ping 0, and roads and canopy closure being less
important (Tables 2, 3). In comparison to the early
season model, results for the late season indicated
that roads were the most important factor influencing
bear movement, with 95% confidence intervals of
variable coefficients not overlapping 0, and canopy
closure, human development, and elevation explain-
ing bear movement to a lesser degree (Table 3).

Comparison of resistance surfaces

The resistance model produced by landscape genetics
(Cushman et al. 2006) and the resistance model
produced by logistic regression based on early season
bear paths included the same environmental features

Table 3 Final parameter estimates and AIC importance values for canopy closure, development, roads, and elevation during early
and late seasons used in analyses of black bear movement paths in the Purcell Mountains of Idaho, USA

Variable Early season Late season
Parameter AIC importance Parameter AIC importance
Estimate SE Value Estimate SE Value
Canopy closure —0.25 0.45 0.27 —0.05 0.27 0.24
Development —471.07 149.1 1.00 -9.22 21.64 0.30
Roads —-0.97 1.13 0.41 —1.68 0.80 0.85
Elevation —1.58 0.40 1.00 0.04 0.08 0.30

AIC importance value for a variable provides a measure of relative importance among the variables evaluated across models, given

equal representation across all a priori models
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Fig. 2 Resistance maps produced by a early season (spring), b resistance map produced from landscape genetic analyses by
Cushman et al. (2006) and c late season (summer) movement path analysis

with the same qualitative relationship (i.e. sign of
variable coefficients; Table 3). In contrast, the late
season model was dominated by the effect of roads
(Table 3) and had a qualitatively different relation-
ship with elevation than the early season model. The
resistance maps produced from the averaged models
of early and late season movement are shown in
Fig. 2, in comparison with the resistance model
produced by landscape genetics.

There was high spatial correlation between the
early season movement model and the resistance
model derived from landscape genetics (Table 4). The
correlations between the late season model and the
genetics-based model and between the early and late
season models are much lower (Table 4). Using
partial correlation we evaluated if the relationship
between the early season model and genetic-based
resistance models by partialling out the correlation
with the late season model model, and vice versa. The
relationship between the early season and genetic-

Table 4 Simple (upper triangle) and partial (lower triangle)
Spearman correlations between resistance values in three
resistance maps (Fig. 2)

Genetic Early Late
Genetic - 0.410 0.131
Early 0.4018 - 0.5020
Late —0.0980 0.5010 -

Genetic resistance map from Cushman et al. (2006); Early
resistance map early season movement paths of black bears;
Late resistance from late season movement paths of black bears

based resistance models was unaffected by partialling
out the late season model, while the correlation
between the late season and genetic-based resistance
models became negative partialling out the early
season model. This shows strong similarity between
early season movement and landscape genetic resis-
tance models and no support of independent relation-
ship between late season movement and genetics-
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based models after accounting for the early season
model. The resistance map derived from early season
bear movement behavior and that derived from
patterns of genetic differentiation provide similar
understandings of landscape resistance to black bear
movement.

Discussion

Comparison of resistance models produced
by landscape genetics and movement data

Our major goal was to evaluate how well movement
behavior of black bears could explain genetic differ-
entiation as a function of landscape resistance. We
used independently developed landscape resistance
maps from landscape genetics on genetic distance
among pairs of bears distributed across the landscape
(Cushman et al. 2006) and analysis of black bear
movement data. The predictor variables in both
analyses are landscape resistance as functions of
elevation, roads, human development and forest
cover. We included the same suite of predictor
variables to determine if models produced from the
two data sources were comparable in terms of
variable participation and direction of relationship.
We hypothesized that behavior during the breeding
and dispersal season is the mechanism driving genetic
differentiation.

Our results indicated high similarity between the
resistance surface predicted by landscape genetics
and that produced from the early season path-level
analysis. The two models included the same variables
with the same qualitative relationship to movement
resistance and produced highly correlated resistance
maps. In contrast, the late season model was quite
different from that of Cushman et al. (2006). Roads
were the driving factor in late season, with less
support for other variables.

There were some differences between the early
season movement model and the landscape genetics
model. The models differed in terms of the relative
importance of roads and forest cover. The effect of
roads appeared to be larger in the movement model,
while the effect of forest cover was larger in the
landscape genetics model. We hypothesize that the
relatively small effect of forest cover in the move-
ment model is largely due to the differences in the
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spatial extent of the two analyses. The Cushman et al.
(2006) analysis modeled gene flow among 146 bears
distributed between the Selkirk and Purcell Moun-
tains. That analysis included least cost dispersal
distances between many bears separated by the
5-8 km wide Kootenai river valley. In contrast, the
analysis reported here was limited to the spatial
extent of available GPS locations in Purcell Moun-
tains, which included less area of agricultural and
other non-forest types than the Cushman et al. (2006)
study area. Thus, the observation of relatively small
forest effect in the movement model analysis may be
due to the fact that the study area used in the
movement analysis was dominated by continuous
forest: forest cover may not be highly limiting to bear
movement within this geographical scope. This may
not mean that forest cover is less important for
movement path selection than for gene flow. Rather,
the differences in the availability of landscape
features within the two study areas leads to different
degrees to which a landscape variable influences
genetic differentiation and movement path selection.
Other research in the study area demonstrated that on
both fine and broad scales, black bears avoid
agricultural areas, although bears would occasionally
cross these non-forested landscape features (Lewis
2007).

Path-level analysis identifies scale of response
to multiple landscape variables

Our scaling analysis enabled us to identify the
functional scale at which each environmental variable
was most related to the selection of movement paths
by black bears. Across both seasons, the form of the
canopy cover variable most strongly related to bear
movement paths was a function of canopy cover to
the 0.2 power. This created a highly convex response
curve with landscape resistance decreasing rapidly as
canopy cover increases from zero. This suggests a
non-linear relationship in which bear movement is
inhibited by open-land conditions, but that even low
levels of canopy cover provide quality movement
habitat for bears. Human development was highly
related to bear movement paths across all kernel
widths tested. This indicated a strong and consistent
avoidance of human developments including houses
and other structures. In both early and late seasons the
strongest relationship was found at a 100 m kernel
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radius. This result showed avoidance of human
structures at all scales, with increasing avoidance as
proximity increases. This is similar to what Cushman
et al. (2010a) found for elephant avoidance of human
development in southern Africa using a similar path-
level analysis. In both early and late season models,
the road resistance layer with the highest contrast
between highways and forest roads was the most
supported, indicating that paved secondary roads
offer four times as much resistance to crossing as
gravel forest roads, and that highways offer a 16
times higher resistance than forest roads and a four
times higher resistance than secondary roads. Thus,
there was much stronger avoidance of crossing
highways than of forest roads. These results are
consistent with other studies reporting that bears are
more likely to avoid highways than secondary roads
(Brody and Pelton 1989; Beringer et al. 1990). While
bears have been shown to avoid areas near highways
in the Purcell Mountains (Lewis 2007), bears in this
study did cross Highway 95 multiple times and
selected areas with specific habitat features for
highway crossing (Lewis 2007).

Differences between early and late season
movement behavior of black bears in relation
to landscape features

There are several potential explanations for the
differences between early and late season movement
models. First, in spring, deep snow restricts access to
areas above 1,300-1,500 m, which probably restricts
bears to an elevational belt centered at about
1,000 m. This concentration of bears at lower eleva-
tions also forces bears into proximity to the highest
density of human development in the study area.
Thus, human development enters the early season
model because human development is a landscape
feature prominent at the elevational zone bears are
restricted to in the early season.

In the late season model, bears have access to all
elevations after spring snowpack has melted. This
enables them to utilize habitat at all elevations. Also,
the primary summer food resource for bears is thin-
leaf huckleberry (Vaccinium membranosa), which is
concentrated at elevations from approximately 1,300
to 2,000 m. It is likely that bears select movement
paths in summer to maximize availability of forage
and minimize their risk of associated with road

crossing. Bears in the study area selected for habitat
in late summer and fall associated with huckleberry
shrubs (Lewis 2007). Human development was not a
significant predictor of summer movement as there is
little human development in the study area above
1,000 m. Other research evaluating black bear occur-
rence reported that bears avoid human development
during this season, although the relationship in late
summer/fall was weaker than the spring/early sum-
mer season (Lewis 2007).

Implications for landscape connectivity

We believe that the early season resistance model is
the appropriate resistance surface for comparison
with the gene flow model produced by Cushman et al.
(2006). This is because spring is the season when
bears mate and juveniles disperse. Across North
America, there are similarities among black bear
populations regarding the characteristics of dispersal
events by sub-adults. Family break-up of females and
their associated 1.5 year old sub-adults occurs
between May and July (Rogers 1977; Reynolds and
Beecham 1980; Clevenger and Pelton 1990; Schwartz
and Franzmann 1992) and dispersal events are
observed from June to September (Lee and Vaughan
2003. Black bear mating occurs primarily between
May and July (Reynolds and Beecham 1980; Cle-
venger and Pelton 1990). Therefore, the seasonal
movement model that coincides with the timing of
these events is likely to provide the best mechanistic
explanation for gene flow. This has several implica-
tions. First, given seasonal changes in landscape
resistance and the limited periods of the year when
gene flow events primarily occur, models of land-
scape connectivity should carefully consider temporal
changes in landscape resistance. A connectivity
model built over the entire year or for summer only
would reach entirely different conclusions about the
factors limiting bear movement than a spring model.
Also, it is interesting to note that if genetic differ-
entiation is mainly driven by early season movement,
the effects of landscape structure on population
connectivity are likely larger than would be surmised
from the overall relationship between bear movement
and landscape features across the year. For instance,
bear paths are highly constrained by limited access to
high elevation habitat in spring and by avoidance of
human development and roads. This suggests that
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road density and residential development may have a
larger effect on bear population connectivity that
would be surmised from the overall pattern of roads
and development in the landscape. This has important
conservation implications and suggests that even
landscapes with large amounts of undeveloped forest
land could suffer from negative fragmentation effects
if there is extensive human development in low
elevation habitat that bears utilize during breeding
and dispersal.

Comparison with related research

Coulon et al. (2008), using a movement path analysis
similar to that used here, found that roe deer
movements were influenced by all landscape features
they evaluated, but not always in the predicted
direction. Their results suggested that roe deer tend to
avoid buildings, roads, valley bottoms and possibly
the more wooded areas. However, Coulon et al.
(2004, 2006) found that genetic differentiation in the
roe deer population is related to landscape resistance,
such that in a fragmented woodland area roe deer
dispersal is strongly linked to wooded structures and
hence that gene flow within the roe deer population is
influenced by the connectivity of the patches of
woodland across the landscape. This is an example
showing that movement behavior may not always
explain genetic patterns. In contrast, our results were
fully consistent with our hypothesized relationship
between early season movement and genetic differ-
entiation. Our movement model for the early season
was heuristically identical to that produced by the
landscape genetic analysis (Cushman et al. 2000),
including the same variables with the same direction
of relationship. This suggests that for black bear in
the northern Rocky Mountains there is a close linkage
between movement behavior and genetic differenti-
ation driven by mating and dispersal in the early
season landscape.

Scope and direction of future work

Different bear groups (e.g., sex, age class, social
status) may also demonstrate varying patterns of
movement and gene flow, as has been shown for
patterns of habitat selection (Lewis et al. 2007) To
ensure that results were comparable between the
landscape genetic and movement models, bears were
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grouped for analyses. Future work could focus on
how different bear groups respond to landscape
resistance. Also, it would be interesting to repeat
the movement modeling study over a larger extent
that captures the same degree of landscape structure
as the Cushman et al. (2006) study, which included a
much larger extent and a wider range of landscape
conditions. Some of the differences we see in the
relative importance of forest cover versus roads and
human development is likely due to the differences in
the composition and configuration of the two study
areas.
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