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ABSTRACT During the past 2 decades, the grizzly bear (Ursus arctos) population in the Greater Yellowstone Ecosystem (GYE) has
increased in numbers and expanded its range. Early efforts to model grizzly bear mortality were principally focused within the United States
Fish and Wildlife Service Grizzly Bear Recovery Zone, which currently represents only about 61% of known bear distribution in the GYE. A
more recent analysis that explored one spatial covariate that encompassed the entire GYE suggested that grizzly bear survival was highest in
Yellowstone National Park, followed by areas in the grizzly bear Recovery Zone outside the park, and lowest outside the Recovery Zone.
Although management differences within these areas partially explained differences in grizzly bear survival, these simple spatial covariates did
not capture site-specific reasons why bears die at higher rates outside the Recovery Zone. Here, we model annual survival of grizzly bears in the
GYE to 1) identify landscape features (i.e., foods, land management policies, or human disturbances factors) that best describe spatial
heterogeneity among bear mortalities, 2) spatially depict the differences in grizzly bear survival across the GYE, and 3) demonstrate how our
spatially explicit model of survival can be linked with demographic parameters to identify source and sink habitats. We used recent data from
radiomarked bears to estimate survival (1983–2003) using the known-fate data type in Program MARK. Our top models suggested that
survival of independent (age L2 yr) grizzly bears was best explained by the level of human development of the landscape within the home
ranges of bears. Survival improved as secure habitat and elevation increased but declined as road density, number of homes, and site
developments increased. Bears living in areas open to fall ungulate hunting suffered higher rates of mortality than bears living in areas closed to
hunting. Our top model strongly supported previous research that identified roads and developed sites as hazards to grizzly bear survival. We
also demonstrated that rural homes and ungulate hunting negatively affected survival, both new findings. We illustrate how our survival model,
when linked with estimates of reproduction and survival of dependent young, can be used to identify demographically the source and sink
habitats in the GYE. Finally, we discuss how this demographic model constitutes one component of a habitat-based framework for grizzly bear
conservation. Such a framework can spatially depict the areas of risk in otherwise good habitat, providing a focus for resource management in
the GYE.
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The Greater Yellowstone Ecosystem (GYE) grizzly bear
(Ursus arctos), listed as a threatened species in 1975, was
formally delisted by the United States Fish and Wildlife
Service (USFWS) in 2007 (USFWS 2007). The bear was
relisted by court order in November 2009. Today, this
population of grizzly bears lives in close proximity to
humans and is what Scott et al. (2005:384) refer to as a
‘‘conservation-reliant species,’’ that is, a species that is at risk
from threats so persistent that it requires continuous
management to maintain population levels.

Humans are the primary agent of death in grizzly bears.
Indeed, rates of human-caused mortality determine the
trajectories of most grizzly bear populations (Eberhardt et
al. 1994, McLellan et al. 1999, Harris et al. 2006).
Accordingly, understanding bear–human relationships and
modeling the mortality risk in human-dominated landscapes
have received recent attention, leading to development of
increasingly comprehensive, spatially explicit hazard models.
For example, building on early studies that emphasized the
effects of roads on grizzly bear survival (Archibald et al.
1987, McLellan and Shackleton 1988, Mattson and Knight
1991, Mace et al. 1996, Mace and Waller 1997), recent
hazard models also consider differences in land management

policy, proximity to humans and human developments,
terrain features, and vegetation cover, as well as sex, age, and
management history of individual bears (Boyce et al. 2001,
Merrill and Mattson 2003, Johnson et al. 2004, Nielsen et
al. 2004, Haroldson et al. 2006). Moreover, these models
have the potential to provide managers with spatially explicit
assessments of risks, thereby focusing management activities
(Nielsen et al. 2006).

Risk assessments are typically constructed using data from
histories of radiomarked individuals or the locations of dead
bears (Boyce et al. 2001, Merrill and Mattson 2003, Johnson
et al. 2004, Nielsen et al. 2004, Haroldson et al. 2006).
Methods to model survival from marked individuals are well
established, allow for direct comparisons among habitats
where bears survive and where they die, and constitute one
component necessary to parameterize demographic models
(White and Garrott 1990, White and Burnham 1999).
Models using known mortality locations allow for an
alternative approach when telemetry data are unavailable.
These models compare mortality sites to random or
telemetry locations but require assumptions about reporting
rates and the spatial accuracy of the death sites (Merrill and
Mattson 2003, Nielsen et al. 2004).

Despite progress in modeling grizzly bear mortality risk,
important challenges remain. Most notably, in the GYE, a1 E-mail: chuck_schwartz@usgs.gov
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hazard model is needed that addresses the full extent and
current nature of the management situation. Even the most
recent models were limited to Yellowstone National Park
(YNP) and the USFWS Grizzly Bear Recovery Zone, which
together include only about 61% of the known grizzly
distribution in the GYE (Boyce et al. 2001, Johnson et al.
2004, Schwartz et al. 2006b). In addition, these models were
built using data from a time series (1975 to mid-1990s)
spanning the year 1983, a time when management programs
affecting grizzly bear survival changed substantially
(Schwartz et al. 2006c). Thus, although these studies
provided valuable insights into causes of grizzly bear
mortalities, neither provided an ecosystem-wide, compre-
hensive assessment of factors potentially affecting survival
under current management.

Even the most recent model for grizzly bear survival in the
GYE, which used data from a time series (1983–2001)
reflecting current management, only addressed one spatial
covariate that was jurisdictional in nature (Haroldson et al.
2006). Haroldson et al. (2006) did not model human
disturbance or food covariates in a spatial context.

Finally, although previous studies helped explain differ-
ences in grizzly bear mortality in all or part of the GYE,
none provided a comprehensive approach that considered
the full range of effects of jurisdictional management, food
availability, and human disturbance. Here, we evaluated an
array of spatial covariates, selected a priori, as potential
mediators of mortality risk, including those associated with
human disturbance, those that quantify habitat quality
expressed as the spatial distribution of seasonally important
foods, and those depicting differences in jurisdictional
management. We modeled monthly survival 1) to determine
which landscape features (i.e., foods, land management
policies, or human disturbance) best describe the spatial
heterogeneity in grizzly bear survival, 2) to depict differences
in hazards across the GYE, and 3) to demonstrate how our
spatially explicit model of female survival can be linked with
additional demographic parameters to identify source and
sink habitats (Pulliam 1996) within the GYE because it is
well accepted that survival of adult females is the most
important factor driving population trajectory of grizzly
bears (Eberhardt et al. 1994, Hovey and McLellan 1996,
Boyce et al. 2001, Eberhardt 2002, Harris et al. 2006).
Based on the literature, we hypothesized that humans and
their activities would best describe spatial differences in
grizzly bear survival.

STUDY AREA

Grizzly bears occupied approximately 37,000 km2 in the
GYE (Schwartz et al. 2006b). Our study area essentially
coincided with occupied grizzly bear range (Fig. 1) and
included YNP and Grand Teton National Park, portions of
6 adjacent national forests, plus state and private lands in
Montana, Wyoming, and Idaho, USA. The GYE, a high-
elevation plateau with 14 mountain ranges .2,130 m,
contained the headwaters of 3 major continental-scale rivers.
Summers were short with most average annual precipitation
(50.8 cm) falling as snow. Vegetation transitioned from low-

elevation grasslands through conifer forests at mideleva-
tions, reaching alpine tundra around 2,900 m. Detailed
descriptions of the geography, climate, and vegetation
appear in Schwartz et al. (2006c).

METHODS

Our trapping and collaring protocols, telemetry flight
schedules, sampling design, and animal welfare protocol
were previously detailed in Schwartz et al. (2006c). We
complied with current laws of the United States of America
and conducted research in accordance with animal care and
use guidelines, and our study was approved by the United
States Geological Survey (USGS) Institutional Animal Care
and Use Committee. We used the known-fate data type
in Program MARK (,warnercnr.colostate.edu/� gwhite/
mark/mark.htm., accessed 14 Feb 2004; White and
Burnham 1999) to investigate the influence of covariates
on the survival of bears not dependent on their mothers (age

L2 yr), which we refer to as independent bears. We
constructed monthly encounter histories from telemetry
records for individual bears collared from 1983 to 2003
(Haroldson et al. 2006). Consistent with previous survival
analyses, we right-censored data for individuals whose final
fate we classed as unexplained or unresolved (Eberhardt et
al. 1994, Eberhardt 1995, Boyce et al. 2001; see Haroldson

Figure 1. The Greater Yellowstone Ecosystem located in Idaho, Montana,
and Wyoming, USA, where we studied hazards to grizzly bear survival from
1983 to 2003. Displayed are national forest lands (dark gray), national park
lands (light gray), current distribution of grizzly bears (heavy black line),
and the Grizzly Bear Recovery Zone (dashed line).
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et al. 2006). We used an information-theoretic approach
and selected the best-approximating models using Akaike’s
Information Criterion adjusted for small sample size (AICc;
Burnham and Anderson 1998, 2002).

Haroldson et al. (2006) found differences in survival
associated with sex, season, and method of sampling but not
with age class (i.e., subadult, ad) for independent bears. We
started with a base model that contained 3 parameters:
intercept, sex (F 5 1, M 5 0), and sample category (study
sample 5 0, conflict sample 5 1). We considered bears in
the study sample to be a representative sample for making
inferences about the GYE population, whereas the conflict
sample was a biased subset of problem bears. We used both
samples in model building but only discuss results pertaining
to the study sample. For details of how we coded individual
bears to a sample, see Schwartz et al. (2006c). Because
Haroldson et al. (2006) also showed seasonal differences in
survival, we included 3 seasons (2 parameters: winter and
spring–summer; autumn was the reference) in our base
model. Following Doherty et al. (2006), we built models
using this base model with season and added one additional
spatial covariate. We also used AICc values to contrast
similar covariates and identified the best covariate among
them. For example, we knew a priori that road density was
an important predictor of grizzly bear survival. We had 4
measures of road density, and although all were selected
based on previous research, we wanted to avoid the iterative
process of model building (build all possible combinations)
discussed by Burnham and Anderson (2002). We, therefore,
built simple models and chose the one measure of road
density from the model with the lowest AICc score as the
best measure for explaining survival among those covariates.
Finally, we combined individual covariates from models
with AICc values that were less than that for the base model
with season into more complex models to identify the most
parsimonious model based on AICc scores. To determine
whether our models improved upon those of Haroldson et
al. (2006, table 14), we reconstructed their top models using
our data and contrasted theirs with ours using AICc.

In the original top model of Haroldson et al. (2006),
season reflected an important effect. Haroldson et al. (2006)
defined 3 temporal seasons: denning (1 Nov–31 Mar),
spring–summer (1 Apr–31 Jul), and autumn (1 Aug–31
Oct) and treated autumn as the reference. We also built
models with these seasons and additional human distur-
bance covariates. Additionally, we built models with
seasonally derived human disturbance covariates that we
calculated for 2 seasons: spring–summer (Apr–Jul) and
autumn (Aug–Oct). For these covariates, we set winter
months to zero in the design matrix and excluded the
temporal covariate for spring–summer.

We tested model fit using an receiver operating char-
acteristic (ROC) curve, contrasting recorded mortality sites
(true-positive fraction) with very high-frequency telemetry
locations for bears that survived (true-negative fraction),
excluding locations for bears that died. For mortality sites,
we used locations of known and probable mortalities,
excluding dependent young and bears wearing active

transmitters at death (Craighead et al. 1988). Our mortality
data spanned 1983 to 2005 and included all reported
mortalities in the GYE; our live-bear telemetry data
spanned 1983 to 2003.

We assessed effects of individual covariates on survival
from our most parsimonious model by varying each
covariate 62 standard deviations from the mean while
holding all other covariates at their mean. In some cases, this
returned values beyond actual data ranges, in which case, we
truncated. For example, if a mean number of developed sites
within the daily activity radius of a bear was 0.23, but at 22
standard deviations, the value was 20.8, a nonsensical value.
In this case, we truncated at zero.

Individual Covariates
We attributed telemetry locations for each bear in each year
with spatial covariates. Covariates were binomial (0, 1),
discrete, or continuous. Binomials were locations inside or
outside an area (e.g., in a national park). Discrete covariates
were counts of developed sites, trail heads, and similar sites
contained within the average daily activity radius surround-
ing each telemetry location. We estimated average daily
activity radii using data from a subsample of grizzly bears
instrumented with Global Positioning System (GPS) collars
(Telonics, Mesa, AZ) during 2000 to 2004. We calculated
the activity radii from arithmetic centers for individual bears
(F 5 13, M 5 29) for each 24-hour period with L3 GPS
locations (including both 2-dimensional [2D] and 3D fixes)
using the program Ranges 6 (version 1.2; Dice and Clark
1953, Kenward et al. 2003). We then calculated 2 mean
daily activity radii, one for females and one for males, and
used these estimates for all individuals in our sample.
Continuous covariates were distance measurements from a
point or arc (e.g., campground or road) to a telemetry
location. Once we attributed locations, we calculated the
mean value of telemetry points for each bear during each
season or year, and we used those values as covariates in
Program MARK. We assumed telemetry locations repre-
sented a random sample of use within the home range of the
bear and that the mean represented exposure of the bear to
that particular covariate (e.g., road density). We provide
covariate details as an electronic supplement (see Table S1 at
www.wildlifejournals.org).

We coded telemetry locations by jurisdictional area,
including inside national parks (YNP, Grand Teton
National Park, and John D. Rockefeller Memorial Park-
way), United States Forest Service (USFS) wilderness, and
USFS multiple-use lands. We coded telemetry locations in
Idaho, Montana, or Wyoming, outside national park
boundaries. Finally, to see whether we could improve on
the spatial model of Haroldson et al. (2006), we coded
locations inside YNP, outside YNP but inside the Recovery
Zone, and outside the Recovery Zone.

Studies of the food habits of the Yellowstone grizzly bear
have identified 4 major diet items, which include ungulates,
cutthroat trout (Oncorhynchus clarkii), seeds of whitebark
pine (Pinus albicaulis), and army cutworm moths (Euxoa
auxiliaris; Mattson et al. 1991). We coded telemetry
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were provided by the Grand Teton National Park. We
mapped both total and open roads. We calculated open
motorized-route density from those roads open to motor-
ized vehicles (USFWS 1993, Summerfield et al. 2004);
CEM classified open-route density into 2 seasons: season 1
5 1 March to 15 July; season 2 5 16 July to 30 November.
Total motorized-route density included open roads and
roads with restricted or closed motorized access.

We evaluated road density at 2 spatial scales. The USFS
uses a 2.59-km2 (1-mile2) moving window to calculate road
densities (Summerfield et al. 2004). Because that scale did
not match the scale we used to define secure habitat, we
created a second road-density metric. We used a 0.25-km2

moving window, which was 500 m wide and equivalent in
scale to the 500-m distance from a road we used to define
secure habitat. We attributed telemetry points with road
density at the 30-m pixel scale, considering the 2 CEM
seasons for open motorized-route density and no seasonal
designation for total route density. The moving-windows
protocol counted road segments bisecting each 30-m pixel,
and the average length of a segment in 1.4 million pixels in
our study area was 25.8 m. We used pixel count in the
models and converted counts to road density for presenta-
tion here. We also attributed telemetry points with a
measure of distance (km) to the nearest open road.

We created 3 spatial maps depicting areas open to elk
hunting. One delineated areas open to early season rifle
hunting, principally along the boundaries of YNP. Opening
dates, lengths, and closing dates varied but typically were
within the range of 1 September to 31 October. The second
data set mapped areas open to elk hunting during the
general rifle season in the 3 states, typically mid-October to
November. The third map combined the early and general
hunt layers and depicted areas open to hunting during
September through November. We attributed grizzly bear
locations as inside or outside areas open to hunting and
treated them as seasonal covariates.

Trails provided access for hunters into the backcountry,
and we hypothesized that bears near trails in areas open to
hunting would be exposed to an increased probability of a
lethal encounter with a hunter compared with bears living in
inaccessible areas. We used the CEM layer for mapped trails
(nonmotorized), supplemented with files from the
Shoshone, Gallatin, and Bridger–Teton national forests
that mapped trails outside the Recovery Zone. We set trail
density to zero inside YNP because hikers in the park are
unarmed and, therefore, encounters are not lethal. There
were no documented mortalities inside the national parks
associated with self-defense in our mortality database,
supporting our assumption of nonlethal encounters in
YNP. We used a moving window at 4 scales (0.25 km2,
1 km2, 2 km2, and 5 km2) to measure trail density around
each telemetry location during the early hunt, the general
hunt, and for both hunts. Unsure of what scale to use for
trail density, we chose a 0.25-km2 window because it
matched our measure of road density. We chose the 1-km2

and 2-km2 windows because they bracketed the daily activity
radii for male and female grizzly bears. We chose the 5-km2

window because it approximated what we presumed to be
the distance an average hunter might travel off trail in
pursuit of elk. We also measured distance to the nearest
trail.

We used USFS maps of livestock allotments on national
forests to attribute grizzly bear locations as inside or outside
active cattle and sheep allotments. Grazing on national
forests is seasonal, with turnout and removal dates
dependent on allotment location, grazing program, and
type of stock. Lacking data to determine the exact times
livestock were present, especially among years and months,
we treated all allotments the same and attributed telemetry
locations as inside or outside cattle, sheep, or both allotment
polygons for June–September, the season when most
grazing occurred on public lands.

Our estimated telemetry error was approximately 300 m,
based on GPS-acquired locations of retrieved collars
(Podruzny et al. 2002). We have no data suggesting errors
were directionally biased. For some spatial layers (i.e., rural
homes, road density, developed sites), pixel size or scan area
accounted for that error. For locations coded as binomial (in
or out of area), most polygons were .1 km2 (e.g.,
jurisdictional areas, allotments, areas open to hunting),
and the probability of error was small and likely offset
because the error was random. For distance measurements,
exact distances were influenced by telemetry error, but the
relative magnitude should have been unaffected (i.e., points
close to roads would still have a small value compared with
points distant from roads, even with telemetry error).

To model human disturbance, we treated seasonally
derived values as one covariate (i.e., they all appeared in
one column) in the Program MARK design matrix because
coefficient values for each covariate were on the same scale.
Our design matrix consisted of 504 rows (21 yr 3 12 months
3 2 groups [sample and conflict]). In the top model from
Haroldson et al. (2006), season was an important covariate.
Haroldson et al. (2006) defined 3 seasons: denning (1 Nov–31
Mar), spring–summer (1 Apr–31 Jul), and autumn (1 Aug–31
Oct). For seasonal coefficients of human disturbance, we
calculated values for 2 seasons: spring–summer (Apr–Jul) and
autumn (Aug–Oct). For these, we set winter months to zero
in the design matrix. Mean seasonal values were included in
one column in the design matrix for each covariate.

Harris et al. (2006) demonstrated with the current GYE
rates of reproduction (0.318 F cubs/F/yr) and survival of
dependent young (cubs 5 0.63, yearlings 5 0.817) that
lambda L1.0 in 95% of stochastic simulations when adult
female survival was 5 0.91. We chose this value of female
survival to identify source and sink areas in the GYE. We
used results from our best hazard model to predict survival
of independent females from our study sample for each 30-
m2 pixel in the GYE and classified them as source (survival

L0.91) or sink habitats (survival , 0.91) to illustrate how
hazard models can be linked with demographic models.

RESULTS

Our data spanned 21 years (1983–2003) and contained
11,888 telemetry records during 6,992 months from 362
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