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Abstract: We review and update population viability analyses (PVA) conducted for grizzly bears (Ursus arctos horribilis) in the Rocky Mountains of the
United States. Our analysis focused on grizzly bears of the Greater Yellowstone Ecosystem (GYE) because this population has been most studied.
Counts of unduplicated adult female bears accompanied by cubs of the year (COY index) have been used to document grizzly bear population trends
in the GYE but the method is biased by annual variation in the intensity of survey effort and in the sightability of bears. With new methods for estimating
population size based on cumulative counts, we are able to correct these biases and come up with unbiased estimates of the total number of adult females
with COY. The trend in the adjusted number of adult females with COY corroborates other data indicating that the GYE bear population increased during
1983-1997.
Using the COY data we computed expected time to extinction and extinction probabilities at 100 years using stochastic models. Recent data provide
optimistic projections of the likelihood of persistence for grizzly bears in the GYE; a 99.2% probability that the GYE grizzly bear population will persist
for 100 years. Extending to a 500-year period, we find that probability of persistence decreases to 96.1%.
Survival analysis of radiocollared bears in the GYE based on the Andersen and Gill (1982) method demonstrates significant differences in survival
among bear sex and age classes: young (0-4 yr) and old (>20 yr) bears have lower survival than bears aged 5-20; males (especially prereproductives) have
lower survival rates than females; and females with young have significantly lower survival rates than other bears. Other factors also influence survival
rates. For example, bears with home ranges completely outside Yellowstone National Park (YNP) have significantly higher risk of mortality than bears
with home ranges partially or completely within YNP, and grizzly bears relocated after management conflicts suffer a higher mortality rate than bears that
have not been relocated.
Hunters are the second greatest source of grizzly bear mortality in the GYE. Hunters shoot grizzly bears deliberately, in self-defense, or because they
mistake grizzlies for black bears. Reducing hunter-related mortalities could increase the probability of long-term persistence of grizzlies in the GYE.
Count data, demographic analysis, and grizzly bear distribution all indicate that the GYE bear population increased during the past decade, probably
as a result of cooperative efforts by state and federal agencies and the public to reduce conflicts between humans and bears. Prior to the closure of garbage
dumps in Yellowstone National Park in 1970-71 recruitment was density dependent. However, recent increases in grizzly bear population density have
resulted in reduced survival. We hypothesize that the change from density-dependent recruitment to density-dependent survival may be attributed to more
frequent contact between cubs and infanticidal males (Swenson et al. 1997) when bears foraged at dumps, and more frequent contact between bears and
humans now.
We studied spatially structured population models using RAMAS/GIS and ALEX software and drew some parameter estimates from our survival
analysis results. We found 100-year persistence probabilities for grizzly bears in the conterminous states are high, bolstered by a large population in the
Northern Continental Divide Ecosystem (NCDE). Using RAMAS/GIS and ALEX, we found that high variance in our estimates of carrying capacity for
bears in the GYE lowered the probability of persistence, but this may be inappropriate because this variance is redundant with the variance in demographic
parameters in the model. Dispersal among subpopulations of grizzly bears in the U.S. Rocky Mountains has not been observed, although data from
Canada and Alaska show that bears, especially subadult males, sometimes disperse considerable distances. Using RAMAS/GIS to model conservative
levels of dispersal among subpopulations illustrates that managing to ensure capability of dispersal for bears among subpopulations through linkage-zone
management (Servheen and Sandstrom 1993) and/or by transplants (Servheen et al. 1995) can improve prospects for long-term viability of grizzly bear
populations.
We believe that the population models reviewed here would be greatly improved if they interfaced with data on habitat relationships, which is now possible
with resource selection probability function estimation (Manly et al. 1993). Habitat data in the GYE already compiled for a cumulative-effects evaluation
can be used to parameterize a resource selection function for grizzly bears, and then interfaced with a population model to produce a habitat-based PVA.
Our ability to evaluate the effects of natural resource management on grizzly bear populations in the Rocky Mountains would be greatly improved with
such a habitat-based PVA.
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“They are the untamed soul of the Rockies.”
- D. Chadwick, 1995

consequences of their natural resource management decisions (Manly et al. 1993, Boyce et al. 1994).

Purpose of PVA
INTRODUCTION
The grizzly bear is a symbol of wilderness in western
North America (Peek 1986). Habitat loss and humancaused mortality have resulted in the elimination of grizzly bears from 98% of their former range in the
conterminous USA. Currently grizzlies remain in blocks
of land essentially uninhabited by humans. Increases in
the human population and encroachment into grizzly
habitats continue to erode the species’ range and threatens their long-term persistence in the conterminous
United States (Peek et al. 1987, Servheen 1993, Harting
et al. 1994). As a result, the grizzly bear was listed as
threatened under the U.S. Endangered Species Act on
28 July 1975. Recovery plans for the species prepared
by the U.S. Fish and Wildlife Service were approved in
1982 and 1993 (Servheen 1993).
A task recommended in the 1993 Recovery Plan was
the completion of a PVA. Population viability analysis
evaluates the likelihood of long-term persistence of a
population, and ideally enables the development of a
model to predict a population’s dynamics and future abundance.

Scope of this Monograph
We provide a critical review of PVA and related modeling efforts for grizzly bears, primarily in the GYE. We
updated many of these models using data collected since
the initial studies were completed. Included are both
analytical models and simulation approaches. Several
PVA software packages recently were compared using
grizzly bear data by Mills et al. (1996). We expand on
their evaluation by providing an overview of modeling
results obtained from 2 new PVA software packages:
RAMAS/GIS and ALEX.
We believe that all PVA approaches have limitations
and we will attempt to explain the most serious of these.
The existence of limitations and assumptions does not
invalidate the models. After all, by definition, models
are a simplification of nature to help us to better understand “how it all works” (Grant 1986).
This monograph is not intended to suffice as a PVA
for GYE grizzly bears—a principal conclusion is that
including habitats in a PVA model would greatly improve our ability to assess population viability. New
methods for linking habitats with population models using geographical information systems (GIS) offer important opportunity that will help managers evaluate the

Even though we often have insufficient data to perform PVA with statistical rigor, a PVA model can be useful for framing our understanding of the principal
processes that shape the species’ dynamics. As such, the
model can provide the basis for an adaptive management
protocol whereby we perpetually improve the model by
performing population management and monitoring and
then iterating the model to incorporate new information
(Walters 1986, Boyce 1997).
Often PVA is focused on the estimation of minimum
viable population (MVP) size under the premise that
population size is a major consideration in the likelihood of extinction for a population (Caughley 1994).
Others have suggested the approach of determining
whether a population is increasing or decreasing and
evaluating which factors are responsible for population
trends (Caughley 1994, Eberhardt and Knight 1996).
Included among such evaluations of population viability
are calculations of population growth rates based on estimates of vital rates (Eberhardt et al. 1994).
We find each of these approaches unsatisfactory. For
example, population size alone is inadequate for evaluating long-term viability, and it would be dangerous to
hang viability on numbers of bears. We know, for example, securing reliable estimates of grizzly bear populations in forested areas can be difficult (Eberhardt and
Knight 1996; Servheen et al. 1994, 1996). Furthermore, the disturbance to bears necessary to secure good
estimates may jeopardize bears, and such an effort might
exceed the entire budget of the recovery program
(Servheen et al. 1996). We also know that wildlife populations undergo fluctuations due to changes in the environment, but that these need not portend a poor future
for the bears. Even though a population may have increased or decreased for the past 10-20 years, this offers
no indication that the population will continue on the
same trajectory in the future. Indeed, because of density
dependence, no populations can continue to grow indefinitely (Sinclair 1989). We are seldom able to anticipate
population trends very far into the future (except possibly by anticipating habitat trends), so demographic trajectories will be of use only in the near term.
Fundamentally, PVA implies that we are interested in
the long-term prospects for the grizzly bear populations
under study. Also, we could benefit from an improved
understanding of factors that influence population fluctuations, and how we might manipulate these factors.
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The exercise of modeling, in itself, may improve our understanding of a population. But ecological modeling is
unreliable because of the inherent complexity and
unpredictability of ecosystems (Ludwig 1999). For PVA
to be a useful management tool, methods should be standardized as much as possible (Akçakaya 1994), but our
understanding of PVA has not progressed sufficiently to
permit such standardization. Because of inherent uncertainties, modeling scenarios should project the worst
case, using conservatively small estimates of population
size and conservatively high estimates of variance for
parameter estimates.
This is not to imply that PVA is a hopeless cause. Quite
the contrary—PVA is the best method available for integrating conservation science and management. PVA is
the very basis for adaptive management in which the
model poses a formal statement of our understanding of
the system and hypothesizes the consequences of management actions (Boyce 1997). Monitoring the results
of management actions then provides data that are used
to evaluate the model’s predictions with consequent revisions to the model and a new set of predictions (Walters
1986). Given our current level of understanding of ecological science and natural resource management, active
adaptive management offers the best, safest, and most
rigorous approach toward successful conservation
(Walters and Holling 1990).

Expectations
Uncertainty is fundamental to PVA (Soulé 1987). We
are attempting to evaluate risks to populations due to
randomness in population processes and risks associated
with management actions. But, because our models use
data that may be insufficient, biased, or even made up,
we must not garner unrealistic expectations of PVAs. And
because we are still learning how to perform such analyses, we might not get it right.
Regrettably, our naiveté with PVA has negative ramifications for those not familiar with the vagaries of ecological modeling, and this threatens acceptance of any
such efforts by management. Schullery (1992) noted that
PVAs have provided wildly different estimates of the
number of grizzly bears required to ensure long-term
persistence in the GYE. Shaffer’s (1978) first estimates
suggested that only 35 bears were necessary to ensure a
95% probability of persistence for 100 years. Recently,
several ecologists (including Shaffer) adopted the suggestion that at least 2,000 bears are required to ensure
long-term persistence of grizzlies in the conterminous
U.S. (Metzgar and Bader 1992).
Different models make different assumptions, and it is
unlikely that 2 modelers would come up with precisely

the same results in a PVA. Unfortunately, instead of attempting to understand the reasons for the various assumptions that lead to differing results, resource managers
commonly distrust models and modelers. In the context
of cumulative effects modeling for grizzly bears, Robert
Barbee, former Superintendent of YNP remarked:
“...There’s this whole notion of cumulative effects
modeling in grizzly bear management, for example.
Scientists tell us about the quantification of all the complex sets of variables out there, that leads to overlays in a
formula that ultimately could be factored down to a certain kind of actionable result in the loss of one tenth of a
bear or half a bear in the system over five years. I am
highly skeptical of that, and I think most people of the
management mentality are also. And yet I see us heading into it more and more, and I can assure you that
science and management are on divergent paths here.
There’s great skepticism in offices like mine, and a great
infatuation with the science of modeling among the scientific people. ...I’m skeptical about where it’s taking
us. It’s a big money sump. I think it’s gimmicky and it
may deserve more respect, but I’m telling you that it
doesn’t have that respect in the management community. A lot of managers might keep their mouths shut
because they don’t want to admit how absolutely ignorant they are about all of this new technology” (Schullery
1995).
For any of this modeling to be of use, it must ultimately be accepted by managers. Some technical details
in this monograph may be inaccessible for readers unfamiliar with population biology. But we attempt to explain the assumptions and major conclusions of the
models so that the results can be understood and considered by the managers who must make the tough decisions.

COUNT TRAJECTORIES: TIME-SERIES
APPROACHES
Counts of Females with Cubs of the Year
Because grizzly bears often occupy forested habitats
where they can be difficult to detect, reliable estimates of
population size or densities have proven elusive (Harris
1986, Miller et al. 1997). Servheen (1993) used the COY
index to evaluate grizzly bear population status and recovery. This index uses annual numbers of adult females
with cubs of the year (COY) identified to be unique based
on the distance between sightings, characteristics of the
family group, and dates of observations (Knight et al.
1995). The total number of unique families is tallied at
the end of each field season, which typically includes
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sightings from April through October. The COY index
has the advantage of being less intrusive and expensive
than an extensive mark-recapture program.
Trend in the COY index (Fig. 1) has been cited as
evidence that the GYE grizzly bear population is
increasing (Knight et al. 1995, Eberhardt and Knight
1996), despite disclaimers in the Recovery Plan (Servheen
1993) that the index “is not adequate to characterize
population trend or precise population size.” Eberhardt
et al. (1986) estimated that on average approximately
33% of adult female bears breed in any year, thus a 3year moving sum of the unduplicated number of adult
females with COY offers an estimate of the minimum
number of adult females (N♀) in the population (Fig. 2).
Based on capture data and age and sex composition of
the GYE population, Eberhardt and Knight (1996)
estimated that adult females constitute ~27% of the
population. Therefore, an approximate minimum
^
population size can be obtained by Nmin = (3-yr moving
sum COY index)/0.27.

Figure 1. Unduplicated counts of the number of adult females
with cubs of the year in the Greater Yellowstone Ecosystem,
1959-1996.

Figure 2. Moving 3-year sum of the COY index as an estimate
of the number of adult females in the Greater Yellowstone
Ecosystem, 1959-1996.

Bias Correction for COY Counts
Although family groups are probably the most visible
population segment (Knight et al. 1995), COY index has
been criticized because bear-sightability appears to vary
from year-to-year (Mattson 1997). In dry years when
food is scarce, bears ranged widely while foraging and
were more likely to be observed (Eberhardt et al. 1994).
Furthermore, survey effort varied due to weather conditions and flight budgets (Mattson 1997).
Mattson and Pease (1994) and Mattson (1997) argued
that the COY index has little value as a population estimator because of sightability variation. To correct for
this, Mattson and Pease (1994) developed 2 sightability
indices: (1) percentage of sightings of females with COY
observed during flights to relocate radiocollared bears,
and (2) percentage of telemetry flights in which a
radiocollared female with COY was actually seen. The
rationale behind the first measure of sightability is that
if females with COY are more easily observed than other
bears, this index will increase. This assumes that the
proportion of females with COY remains a constant fraction of the population, and this certainly need not be true
because reproductive success clearly varies from yearto-year (cf. Fig. 14 and 15 below). Thus, their first index is an invalid measure of sightability.
The second sightability index may be a more reliable
measure of the sightability of females with COY. Using
1979-1990 data, Mattson and Pease (1994) found a correlation between the 3-year sums of females with COY
and the arcsin transformed proportion of successful relocation efforts where the female with COY was seen (r2
= 0.63, n = 12, P = 0.002). Multiple regression of the
number of hours flown did not yield significant results
(P = 0.162).
Knight et al. (1995) attempted a similar adjustment
for COY index bias using the log of the number of distinct family groups related to the mean frequency of
sightings of family groups in a given year. This loglinear model was then used to adjust the number of bears
sighted (Fig. 3).
Time-series trends present problems for statistical
analysis because observations are not independent, and
it is easy to find spurious correlations in time series. We
find all of the attempts to adjust the COY index to be
inadequate, partly because they are based upon adjustments in 2 time series, each containing a temporal trend.
Although a relationship between the logarithm of the
COY index and frequency of sightings is possible these
time series are not necessarily causally linked and adjustments might be spurious. For example, the actual
number of females with COY may have increased between 1979 and 1990, and is simply a reflection of the
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Figure 3. Log of the number of unduplicated adult females with COY as a function of the mean frequency of sightings. This
relationship indicates that the more observations of bears were accumulated the higher the COY index. The open circles
represent an adjusted COY index removing the linear pattern (from Knight et al. 1995).

increased GYE grizzly bear population size. Because
more bears are being sighted in alpine areas foraging on
army cutworm moths (Euxoa auxiliaris, Mattson et al.
1991, French et al. 1994), sightability has increased during the same time interval. Therefore, the mean frequency of sightings increased. Making adjustments for
the change in sightability that occurred during a period
of increasing population size is likely to overcompensate
for the true relationship between sightability and the COY
index.
The model proposed by Knight et al. (1995) appears
to oversimplify the actual relationship, which we believe
must be asymptotic. As survey effort and frequency of
sightings increase, we expect the COY index to increase
asymptotically up to a maximum equal to the actual number of females with COY in the population. Assuming
that the model is loglinear causes much too great an adjustment in the index for years during which an extensive search effort was made. This yields a smaller
population size estimate than is warranted.
We developed a method for estimating the actual number of females with COY based on cumulative counts of
unique individuals during each field season (Boyce et
al., unpublished manuscript). As the number of females
with COY sightings increases, eventually one would expect to see all of the bears. Thus, we expect the cumulative count of unique bears to increase asymptotically
toward the population total. Because we seldom, if ever,
have sufficient observations of bears to ensure that we
have reached the asymptote, cumulative counts will almost always underestimate the true number of bears. The
basic idea is similar to estimators based on catch per unit

effort, such as the DeLury method commonly used in
fisheries (DeLury 1947, Moran 1951).
A statistically defensible method for estimating population size is based on maximum likelihood estimation
(Lewontin and Prout 1956). This method assumes that
the probability of a bear not being seen after i observations is
(1)
òi = [( N à 1 ) = N]i
and then the probability of a bear being seen is
1 – [(N – 1)/N]i.

(2)

Thus, the expected number of unique sightings after a
total of observations, Si, is
E(Si) = N{1 – [(N – 1)/N]i}.

(3)

where E denotes expectation. With this model we assume that all females with COY are equally likely to be
observed. We used the principle of maximum likelihood
to estimate N; 10,000 simulations were used to obtain
standard errors (SE) for the estimates (Table 1, Fig. 4).
The MLE fits the grizzly bear data fairly well (Fig. 5),
but in a few occasions a bit more flexibility in the underlying model would ensure a closer fit to the data (Fig. 6).
The fundamental problem is that the MLE assumes that
each individual in the population has an equal probability of being seen. Although this appears to be approximately true in some years, sometimes this assumption is
violated. In 1986, for example, one bear was seen a total
of 18 times. Occasionally a bear will frequent areas where
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Table 1. Confidence intervals (95%) for the maximum
likelihood estimates (MLE) of the number of adult female
grizzly bears with cubs of the year computed from 10,000
randomized trials for each year.

Year
1986
1987
1988
1989
1990
1991
1992
1993
1994
1995
1996

Lower
Limit
25*
14
19*
16*
26
23*
31
21
21
20
41

MLE
27
22
23
21
32
27
47
29
28
34
56

Upper
Limit
34
56
33
35
46
36
91
53
46
89
91

* The probability of an estimate as high as that observed is more than
0.025 if the population size equals the number of bears actually seen.

Figure 4. MLE estimates of the number of females with COY
(solid oval dots) in the GYE, surrounded by SE (dashed lines)
for 1986-1996.

Figure 5. Cumulative unduplicated counts (COY index)
versus number of bears seen for year 1994. The MLE (eq. 2) is
fitted to the observed data. The straight line has a slope of 1.
In most years the MLE fits well as illustrated by this example.

Figure 6. Cumulative unduplicated counts (COY index)
versus bears observed in 1997. The MLE has been fitted to the
data. The straight line has a slope of 1. In 1986 and 1997 the
MLE offers a poor fit to the data apparently due to
heterogeneity in sighting probabilities among bears.

they are easily seen resulting in heterogeneity in sighting probability.
This occasional heterogeneity in sighting probability
motivated us to develop a model to estimate population
size using the negative binomial distribution (Boyce et
al. unpublished manuscript). The negative binomial frequently offers a good characterization of heterogeneous
or aggregated ecological data (Krebs 1999), and there is
theoretical justification for its application to the bear data.
The fit of data to this model is reasonable, and the estimator appears to have good properties given the relatively small sample sizes available for analysis in most
years. Alternative estimators exist, e.g., the Chao nonparametric estimator (Chao and Lee 1992). But by identifying the underlying distribution, our negative binomial
estimator has greater power yielding estimates with
tighter confidence intervals than more general methods.
This is particularly important given the few counts available in some years. A comparison of the Chao, MLE
and negative binomial estimates (Fig. 7) indicates that
the MLE is relatively conservative and all estimators provide estimates substantially higher than the COY index.
Based on the results of simulation studies, we caution
that reliable estimates using the MLE require that
unduplicated sightings should be >75% of the estimated
female grizzly bears with COY in any year (Boyce et al.
unpublished manuscript). Our bias-corrected estimates
based on the negative binomial distribution are better
able to accommodate the small sample sizes that have
been observed in some years.
These estimation methods overcome the criticism that
using cumulative counts to estimate the minimum number of bears ignores the influence of annual variation in
search effort and sightability (Mattson 1997). Estimates
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Figure 7. Estimated number of unduplicated females with
cubs of the year based upon the Chao estimator (open
triangles, dashed lines), the MLE (round dots, dashed line),
and the negative binomial model (square symbols, solid line).
Also plotted for comparison is the COY index (X).

of asymptotic population size are not affected by variation in search effort and sightability. This point is illustrated by the plot in Figure 5. Even if a smaller or larger
proportion of the population were counted, the true asymptote will not be affected. Furthermore, in recent years
the Interagency Grizzly Bear Study Team (IGBST) has
developed protocols for aerial searches in an attempt to
standardize search patterns from year-to-year so that
counts are comparable among years.
An alternative way to conceptualize the cumulative
count data is as a mark-release-recapture (MRR) problem with previously seen bears classified as “marked”
(Eberhardt and Knight 1996). Indeed, we note that our
MLE method is identical to a multiple MRR method with
individuals sampled 1 at a time (Darroch 1958, Samuel
1969).

Counts of Grizzly Bears in the Tetons
An interagency effort was launched in 1983 to reduce
grizzly bear mortality in the GYE. These efforts are credited with the increasing 3-year sum of the COY index
from 1983-1997 (Fig. 2; Servheen 1993). In addition,
agency personnel reported bear sightings increased in
areas of the GYE surrounding YNP, but no systematic
procedure has been in place to document range expansion of the bears. S. L. Cain (National Park Service,
unpublished data) has reports of grizzly bear sightings
in Grand Teton National Park and the John D. Rockefeller
Memorial Parkway and these reports have increased in
parallel with the increase in the COY index for the area
surveyed by the IGBST (Fig. 8). Cain’s data include all
grizzly bear sightings, not just females with COY. The
increasing frequency of reported sightings, and the positive correlation between the sightings in the Tetons and

Figure 8. Number of bears counted in Grand Teton National
Park and the John D. Rockefeller Memorial Parkway, 19751995 (S. Cain, unpublished data). Included are verified,
unverified, and total counts.

the COY index (r = 0.84, 18 df, P < 0.001) are consistent with demographic data that indicate grizzly bear
population increases throughout the GYE (Eberhardt
1995).

Stochastic Time-series Models
Time series of population estimates can be used to characterize a stochastic process that then may be projected
into the future, permitting the estimation of persistence
times, risk of extinction, and other long-term population
parameters. Dennis et al. (1991) summarized a number
of statistical methods derived from a stochastic model of
exponential population growth that have been used for
PVA. A more realistic model structure that includes density dependence and autocorrelation is reviewed by Foley
(1994). Both works used 1959-87 GYE COY index data
to demonstrate their methods.
Dennis et al. (1991) used annual estimates of the 195973 female bear population made by Craighead et al.
(1974) and the 3-year moving sum of the number of adult
females with COY for 1975-1987 (Eberhardt et al. 1986).
We are uncertain of the origin of the 1974 count.
An MLE of population growth can be calculated from
the ratio of beginning, n0, and ending, nq, population sizes:
^

µ = [ln(nq/n0)]/tq

(4)

where tq is the number of counts in the series. The
variance in growth rate is estimated

â
ã2
ûà 2 = (1=q)Î(1=üi) ln(ni=nià1 ) à öêüi

(5)

with q = number of transitions in the time series and
ti= number of years in the ith-year transition. Because
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stochastic population trajectories are paralleled for each
component of the population (e.g., each age class), we
expected the same characteristics for the female with
COY segment of the population as for the population as
a whole (Tuljapurkar and Orzack 1980).
Next we must define an extinction threshold, ne, which
is largely arbitrary. The probability of extinction depends
upon the threshold that one sets for ne, and to illustrate
the magnitude of effect for grizzly bears we have plotted
this relationship (Fig. 9). The value of ne will be the
number of adult females accompanied by COY at the
time which we presume extinction to occur. Following
Shaffer (1983) we set ne = 1 for one threshold, and 10 for
another (Dennis et al. 1991). The distance between the
current population size and the arbitrary ne value (in natural logarithms) we will term
xd = x0 - xe = ln(no/ne)

(6)

where x0 is the natural log of n0 and xe is the natural log
of ne. These parameters provide sufficient information
to estimate the probability of extinction, π, based upon
the population trajectory over the interval t0 to tq:
ù(xd; öê; ûà 2) =

ú
1; öê ô 0;
exp(à 2öêxd=ûà 2 ); öê > 0

also calculate the most likely (modal) extinction time:
â
ã
tã = tã(xd; öê; ûà 2 ) = xd= j öê j (1 + 9=4÷2 ) 0:5 à 3=2÷ (9)

^/σ~ 2 .
where n = vdµ
Using estimates of the number of adult females with
COY for 1959 through 1987, Dennis et al. (1991) estimated these measures of growth trajectory and extinction parameters to conclude that the GYE grizzly bear
population is “doomed to extinction, though not in our
lifetimes.” We updated this analysis with data to 1994
using the same models, and found the long-term outlook
progressively more optimistic (Table 2). Instead of a probability of extinction of 1, we calculated only 0.0004. If
the population should decline to extinction, it will do so
quickly, but according to our calculations it has a very
low probability of doing so.
We attempted to reconstruct the exact estimates for the
period calculated by Dennis et al. (1991), but were unsuccessful although we obtained values quite close to
Table 2. Estimated growth and extinction parameters based
upon the estimated number of adult females in the Greater
Yellowstone Ecosystem.

µa

1959-1987
COY data
-0.0075

1959-1994 COY
data
0.0106

σ2(b)

0.0089

0.0112

c

(7)

r

-0.003

0.016

d

0.0097

1.0109

e

0.993

1.0106

q

f

27

34

tq

g

27

33

λ
a

Extinction Parameters
h

Figure 9. Probability of reaching an extinction threshold for
the Yellowstone grizzly bear population as a function of the
number of adult females selected for the extinction threshold.
The decision for extinction threshold size is largely arbitrary.

The mean time to reach the extinction threshold population size is
? ?
(8)
ò = ò(xd ; öê) = xd = ? öê ?
Because the time to extinction has a highly skewed distribution, the mean is perhaps not the most useful measure of the distribution (Ludwig 1996). Therefore we

xd
πi
θj
t*k
a
b
c
d
e
f
g
h

ne = 1
3.85
1
514
333

n e = 10
1.55
1
207
79

ne = 1
4.14
0.0004
392
269

n e = 10
1.84
0.032
174
80

estimated population growth rate, eq.5
Variance in growth rate, eq. 6
Mean per capita growth rate, ln[N(t+1)/N(t)]
Finite population growth factor
Stochastic long-run growth rate, eq. 20 and 21
Number of time transitions in the time series
Number of counts in the time series
Difference between the natural logarithm of the current population
size and the natural logarithm of an extinction threshold, eq. 6
i Probability of extinction, eq. 8
j Time in years to reach the extinction threshold population size, ep. 9
k Modal extinction time, eq. 10
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theirs. We obtained the same estimate of m if we used 1
too few years in tq, so we suspect that the differences
between our estimates were attributable to minor bookkeeping errors. Whereas Eberhardt et al. (1986) recommended using running sums of the last 3 years for the
COY index (i.e., Ci = COYi + COYi-1 + COYi-2), for the
data graphed in Dennis et al.’s Fig. 5, they showed moving sums for the current year and future 2 years (i.e., Ci/
= COYi + COYi+1 + COYi+2). Consequently, the time
series was lagged 2 years, with their first value of Ci/
appearing in 1959. For calculation of growth and extinction parameters, however, they calculated Ci/s over
the interval 1961 through 1987, but incorrectly use tq =
28 instead of 27.
Also, for many of their calculations, Dennis et al.
(1991) discarded the 1983–84 transition because it was
an outlier. We were unable to reproduce their method of
calculation with this transition deleted, but again our
estimates were very close to theirs.
The most serious criticism of the diffusion process
models of Dennis et al. (1991) is that they are exponential growth models and have no capacity to stabilize at
some carrying capacity, K. However, certain stochastic
properties can be generalized by finding the Lyapunov
function for a density-dependent model (Tuljapurkar and
Semura 1979). This approach needs more attention, but
Foley (1994) reviewed results for a model in which population size is limited by a ceiling (as used by Lande 1993),
a form of density dependence that may be reasonable
because we know that many large mammal populations
experience essentially exponential growth until densities get close to carrying capacity (Eberhardt 1987,
Belovsky et al. 1994). Foley (1994) also assumed that
growth rates were approximately normally distributed,
which is almost true for the GYE grizzly bear counts
(Fig. 10) where skewness = 0.359.

If environmental fluctuations are large relative to
growth rate, rd ≈ 0, environmental stochasticity governs
the population process like a random walk, and the expected number of years to extinction (first passage) can
be estimated
Te = 2n0 [k - (n0/2)]/vr

(10)

where n0 is the ln starting population size, k = ln K, and
vr is the estimated variance in per capita growth rate
which may be estimated from a series of population estimates. If N is assumed to begin at K, the calculation
simplifies to
Te = k2/vr.

(11)

If one can comfortably assume that density dependence
will ensure higher growth rates at lower population sizes,
rebounds after stochastic perturbations will increase the
estimates of Te, yielding the following formulation, again
assuming that we begin with N = K:
Te ≈ k2/vr[1 + 2/3(k · rd/vr)],

(12)

where rd is the potential population growth rate at low
N. Comparison of the last 2 equations reveals the effect
of potential growth rate, which we illustrate graphically
by plotting the relationship between Te and the number
of grizzly bears for a range of plausible rd values (Fig.
11) .

rd

Figure 10. Per capita growth rates, ln[N(t± 1 )/N(t)] for each of
the annual transitions in the estimated number of adult female
grizzly bears, 1962-1994. Skewness of these growth rates is
0.359.

Figure 11. Expected time to extinction as a function of the
number of grizzly bears in the GYE population based on eq.
11. Here we assume no autocorrelation, and plot the
relationship for 4 values of rd: 0 suggests no density
dependent resilience, 0.011 is the mean observed r value in
the time series, 0.052 is the estimate from demographic data
(Eberhardt 1995), and 0.1 is a plausible maximum per capita
growth rate.
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Autocorrelation in growth rates, r, has the potential to
cause populations to run for a series of bad years, greatly
increasing the risk of extinction. This has been accommodated by adjusting vr in the previous 2 equations
vr = vr(1 + ρ)/(1 - ρ).

(13)

Plotting the autocorrelation function (Fig. 12), we find
that the first lag gives a strong negative autocorrelation,
which has a stabilizing effect on a population, essentially
preventing it from taking a run toward extinction. This
is probably due in part to density dependence, so there is
probably some redundance in the effect of ρ and rd.

Table 3. Extinction parameters for the GYE grizzly bears
based upon density-dependent diffusion models (Foley
1994). Foley’s values were for adult female bears only. We
divided by 0.27 to estimate the total grizzly bear poplation
(Eberhardt and Knight 1996). Notation follows Foley (1994)
where the triple subscripted variables are for use of r, r, or k
in the models (e.g. a 0 for r means that no autocorrelation
term was considered in estimating the rexpected time to
extinction, Te, or the probability of persistence to 100 years,
P100).

Estimates

Foley’s values
1959-1987

Updated
1959-1994

Ta

28

33

k

b

4.06

5.44

rdo

c

0.0031

0.011

rd1

d

0.0179

0.1e

-0.46

-0.455

0.011

0.011

0.004

0.004

1,488 yr
3,995 yr
9 x 106 yr

2,690 yr
7,398 yr
12,446 yr
91,370 yr

1.4 x 1016 yr

6.78 x 105 yr

ρf
vrg
vre

h

Te(0,0, k)
Te (0,ρ,k)
Te (rd0,0,k)
Te (rd1,0,k)
Te (rd1,ρ,k)

Figure 12. Autocorrelation function for the per capita growth
rate based on the estimated number of adult females (3-yr
moving sum of the COY index), 1959-1994. The significant
negative autocorrelation in the first lag implies density
dependence. The first lag autocorrelation is used to adjust
random process trajectories as developed by Foley (1994).

These parameters, based on the density-dependent
model, were computed for the GYE grizzly bear data by
Foley (1994) to compare with the exponential growth
model of Dennis et al. (1991)(Table 3). In the updated
estimates we employed an independent estimate of carrying capacity based upon the survival analysis described
below, and a plausible rd = 0.1 based upon the review by
Miller (1990b). As carrying capacity increases, the probability of extinction declines exponentially (Foley 1994).
To ensure a conservative estimate of extinction risk, we
used a low value for carrying capacity; recent estimates
of population size (Eberhardt and Knight 1996) suggest
population sizes 50-75% higher than the K we used. Also,
there is probably an interaction between the per capita
growth rate, r, and the carrying capacity, K. For example, by managing to reduce bear mortalities and targeting mortality sinks since 1983 (Gunther 1994) the
bear population has been able to expand into areas where

P100(0,0,k)
P 100(0,ρ,k)
P 100(rd0,0,k)
P 100(rd1,0,k)
P 100(rd1,ρ,k)

0.964
0.987
0.992
0.999
1.00

a Time periods
b ln(carrying capacity) = lnK
c Drift coefficient, assuming r is small
d Expected value of the per capita growth rate
e Potential growth rate for a grizzly bear population (see Miller 1990b).
f Autocorrelation in growth rates
g Variance in per capita growth rate
h Effective environmental variance taking ρ into account

death rates were previously too high to sustain a population. To illustrate this we plot density-dependent birth
and death rates as a function of population size (Fig.
13). A decrease in death rate, say due to management,
has the consequence of increasing the equilibrium population size where b equals d. Thus, we can see how increasing r might also increase K. Such interactions are
not included in the present analysis.
Under all assumptions, the GYE grizzly bear population appears reasonably secure with expected times to
extinction >2,690 years. But expected time to extinction
is a poor measure of the distribution of extinction times
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Figure 13. Density-dependent rates of birth (b) and death (d)
illustrating how increased bear survival attributable to IGBC
management initiated in 1983 can increase carrying capacity,
K, i.e., the population size at which b = d (adapted from Murray
1979).

because it is highly skewed (Ludwig 1996). We think it
better to estimate the probability of persistence to some
time in the future—the time horizon is typically 100 years
(Shaffer 1978, Akçakaya 1994). If one assumes a Poisson extinction process, which seems reasonable given
that the population process is Poisson with vr = rdo, persistence probability to 100 years can be estimated by
P100 = exp(–100/Te).

(14)

In the most conservative case, allowing the population
to fluctuate randomly (i.e., pursue a random walk), we
find that the probability of persistence well exceeds 95%.
Precise estimates of extinction or persistence risk are not
possible (Ludwig 1999), but given the assumptions of
the Foley (1994) model we consistently calculate values
suggesting an optimistic future for the population.
We believe that the analytical approaches reviewed by
Foley (1994) are the most appropriate of those available
for study of the grizzly bear data. Foley (1994) conducted simulations comparing the analytical results to
those from a logistic growth model, finding reassuring
concordance. We can compare the predictions of MVP
from this approach to that calculated by Shaffer (1983)
given the following rationale. To ensure a 95% probability of surviving 100 years, we must have
Te = 100yr/(–ln0.95) = 1,950 yr.

(15)

In the simplest case with rd = 0, Te = k2/vr. We can solve
for
k = (vrTe)0.5.

(16)

Using v r = 0.004 and taking into account
autocorrelation, K necessary to ensure a 95% probability

of persistence for 100 years equals only 16 bears (but as
we noted above, this may incorporate density dependence
twice and thus is too small). Ignoring the effect of the
negative autocorrelation (as did Shaffer), we find a value
of 103 bears. Shaffer (1978, 1983) incorporated density
dependence into his simulations, and his estimates were
between our 2 values.
On a final note, we found the customary time horizon
of 100 years too brief. For a long-lived species such as
the grizzly bear, 100 years is only 3 to 4 times their maximum life span. Even though these models do not possess age structure, this effect is reflected only by the low
potential growth rates and dampened variance in growth
rates for the species. We believe that a longer target time
for persistence (e.g., 200-500 yrs) should be used.
Recomputing the probability of persistence calculations
(Table 3) for longer time horizons, we find P200(rd0, 0, k)
= 0.984, P300(rdo, 0, k) = 0.976, P400(rdo, 0, k) = 0.968, and
P500(rdo, 0, k) = 0.961. Thus our calculations indicate
that the probability of persistence for the GYE grizzly
bear population exceeds 95% even for a 500-year time
horizon.

Discussion
Information derived from counts of females with COY
can be improved by using methods that accommodate
annual variation in the intensity of survey effort and
sightability. Calculations presented above and this discussion were based upon analyses of biased counts, which
should be revisited after appropriate adjustments are
made. Using the unadjusted counts is conservative because adjusted counts indicate a greater increase in recent years (Fig. 7).
The prognosis by Dennis et al. that the Yellowstone
grizzly bears are doomed to extinction appears largely
based upon their estimate of the probability of extinction, p = 1. We believe that the threshold behavior of
this parameter is unreasonable, i.e., if the time series
shows any decline, p = 1. Adding 7 years of data to the
time series decreased the probability of extinction from
1 to 0.0004, a dramatic improvement. Our new estimates of the expected and modal times to extinction are
actually shorter than in Dennis et al.’s (1991) analysis,
but these are contingent upon the population taking a
first passage to extinction, which is extremely unlikely.
The reason for the rapid declines is that we maintained
all annual transitions in the analysis, whereas the previous analysis by Dennis et al. deleted at least 1 large value
of ln(nt/nt-1). This omission reduced the variance in their
estimated trajectory. Upon inspection of the 1987 to 1994
data, however, 3 additional values appear that are of similar magnitude, suggesting that the 1983–84 transition
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was not so much an outlier after all (Fig. 10).
To justify discarding the outlier, Dennis et al.(1991)
argue that “basing preservation strategies that bank upon
such fortuitous increases in population size are not likely
to inspire confidence.” Our perspective is somewhat different: one could make the case that the 1983–84 transition is indicative of uncertainty in the time series, and
we must take this uncertainty into consideration when
developing management plans. We have seen that the
raw data are biased as well, making us even less comfortable with management prescriptions that might be
drawn from such an analysis.
A fundamental problem with the population-trajectory
approach to PVA is that we assume that the dynamics
over a period in the past, e.g., 1959 to 1996, can give us
insight into the future behavior of the system. This assumption of process stationarity is violated because of
the changes in management implemented by the IGBC
in 1983 that sought to reduce mortality. Furthermore,
the underlying model is an exponential growth model
that has totally implausible dynamics except in the case
when the population continues on a trajectory toward
extinction. The only other form of dynamics that can
emerge from such a stochastic model is an exponential
increase to infinitely large population size. The lack of
density dependence in the model is, to our minds, a fundamental and serious flaw in this approach to estimating
extinction parameters for a threatened species.
Important differences exist in the structure of densitydependent and exponential growth models. For example,
stochastic variation in vital rates results in normally distributed population sizes in density-dependent populations (Pielou 1977), in contrast to lognormally distributed
populations in exponential growth models. Consequently,
methods for characterizing the population trajectory for
exponential growth models (Heyde and Cohen 1985,
Dennis et al. 1991) may be biased when applied to density-regulated populations.
Models reviewed by Foley (1994), on the other hand,
have more plausible structures, and yield estimates of
MVP comparable to those obtained by Shaffer (1978,
1983) using simulation.

STRUCTURED POPULATION MODELS
Review
Minimum Viable Population.—The first PVA for any
species was the doctoral dissertation on GYE grizzly bears
by Shaffer (1978), published 5 years later (Shaffer 1983).
Shaffer conducted stochastic simulations of an age-structured population model for the Yellowstone grizzly bear
with density dependence in reproduction, using data from

11 years of the Craighead et al. (1974) study, 1959–1970.
Density dependence was incorporated for both litter size
(LS) and the proportion of females breeding in any year
(PB). For each density-dependent relationship, linear
models were fit using least-squares procedures, yielding
LS = 3.09 – 0.01NA (r2 = 0.38) and PB = 59.9 – 0.37NA
(r2 = 0.34).
Initial simulations indicated that a population of 35
grizzly bears might be expected to persist for 100 years
with 95% probability. Because of uncertainty associated
with estimation of mortality rates, Shaffer (1983) suggested that the estimate of MVP should be increased to
50, which coincides with the population size that permitted 95% persistence for 100 years after raising the
mortality rate by an arbitrary 10%.
Shaffer (1983) added a footnote to his paper prior to
publication advising that he had discovered 2 systematic
errors in his simulations. The first “involved the use of
the pseudo-random number generators,” but he did not
explain how these were incorrectly used. The second
systematic error was “due to small populations drifting
well above carrying capacity.” Why his populations
drifted above carrying capacity and why this presented
an error in his results was not explained. But the upshot
is that Shaffer increased his estimate for MVP to 50-90
bears with a corresponding minimum area requirement
of 1,000 to 13,500 km2. The same estimates were repeated by Shaffer and Samson (1985) along with the same
cryptic remarks about pseudo-random number generators and populations drifting above carrying capacity.
Shaffer and Samson (1985) compared their simulation results with expected times to extinction using the
analytical birth-death process model of MacArthur and
Wilson (1967). The MacArthur and Wilson (1967) model
offers an approximation for the time to extinction, TK,
for a population at carrying capacity assuming that density dependence in mortality would occur abruptly at carrying capacity:
k â
ã
(17)
Tk = [b=(b à d) ] Î (b=d) i(1=ib)
ià1
where b is birth rate, d is death rate, and i is population
size. Shaffer and Samson (1985) used Shaffer’s (1978)
estimates of b = 0.1848 and d = 0.1605 for Yellowstone
grizzly bears during 1959-1967. The expected times to
extinction were much shorter using the simulation model
(Table 4), which Shaffer and Samson (1985) attributed
to the more realistic structure of their model. Indeed,
the MacArthur and Wilson (1967) model is a birth-death
process model that considers only the consequences of
demographic stochasticity, whereas Shaffer’s simulations
incorporate demographic and environmental
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Table 4. Expected times to extinction (TK, in years) from the MacArthur and Wilson (1967) model (eq. 17) compared with the
average time to extinction (ATE) estimated using the age-structured simulation model of Shaffer and Samson (1985).

Population
size
(n=K)
10
20
30
40
50

Tk
(years)
210
451
1,049
2,796
8,336

ATE
(years)
19
44
69
79
114

Length of
simulation
run (years)
100
200
200
200
300

Cumulative %
extinct
populations*
100
100
98
94
94

*Cumulative percentage of extinct populations is the percentage of the 50 replicates that became extinct within the length of the simulation run.
†Where <100% of populations became extinct, ATE figures are an underestimate of the true ATE. Nevertheless, this error is likely much less than the
difference between true ATE and Tk.

stochasticity, as well as the complications of sex and age
structure. Shaffer and Samson (1985) anticipate similar
results from the Richter-Dyn and Goel (1972) model,
but present no computational results.
The motivation behind the Shaffer and Samson (1985)
analysis comparing Shaffer’s (1983) results with analytical birth-death process model results was to demonstrate the danger of using simplistic analytical
formulations that ignore some of the complexities existing in real populations. In general, analytical results
become intractable for complex models. Fundamental
to such a comparison, however, is an appreciation for
the underlying assumptions of the models. Whether or
not appropriate analytical solutions can be used for PVA
remains to be seen because relevant model structures need
to be better studied (e.g., Tuljapurkar and Semura 1979).
Analytical models based on assumptions similar to those
of Shaffer (e.g., Foley 1994) yield estimates remarkably
similar to his simulation results (see time-series section).
Updated MVP (Suchy, et al. 1985).—Suchy et al.
(1985) updated Shaffer’s (1983) PVA using radiotelemetry data from bears monitored 1975–1982 by the IGBST.
Estimates were derived for age- and sex-specific survival,
reproductive rates, age and sex composition, and variances for survival and reproductive rates. Due to small
sample sizes, data were pooled to estimate mortality by
dividing the number of deaths by the number of
radiocollared bears that entered a particular age or sex
class. Mortality rates were estimated for bears aged 314 years using 5-year-class moving averages and by pooling all individuals older than 14. Year-to-year variation
was computed based on fluctuations in annual estimates
(Table 5). Two mortality schedules were examined (Case
1-low mortality, and Case 2-high mortality) depending
upon whether or not 7 bears were included that were
suspected to have died but for which mortalities were
not confirmed.

Table 5. Estimates of yearly mortality rates from Suchy et al.
(1985).

Year
1976
1977
1978
1979
1980
1981
1982
–x –SD

Case 1
(low mortality)
0.125
0.174
0.174
0.071
0.1
0.162
0.107
0.131–0.0405

Case 2
(high mortality)
0.125
0.269
0.174
0.071
0.129
0.225
0.107
0.157–0.0697

Suchy et al. (1985) used Shaffer’s (1983) computer
model to estimate MVP using IGBST data, following
mostly the same criteria used by Shaffer (1978, 1983).
Autocorrelation was not used in reproductive or survival
rates, and both environmental and demographic components of stochasticity were included in the simulations.
In contrast to the original Shaffer simulations, Suchy et
al. imposed a cap on population size of 300, coincident
with the 1982 management objective for the population
(U.S. Department of Interior 1982). In Suchy et al.’s
simulations, “excess” bears were removed from the population.
Initial population size was increased until 95% of the
trials resulted in population persistence for 100 years.
Extinction was defined by: (1) loss of all individuals of
either sex, or (2) loss/death of all adult females. Sensitivity for model parameters was evaluated by tweaking
values by 10% and measuring the consequences to the
MVP.
Minimum viable population estimates of 40 and 125
were calculated using low versus high mortality schedules. A 10% increase in mortality increased MVP to 50
and 225 for Cases 1 and 2 respectively. Eliminating environmental stochasticity from the simulations had no
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effect on the low mortality case, but decreased MVP to
100 for Case 2. Estimates of population growth rate for
average vital rates indicated that the population was increasing by 1.4% to 3.7% per year. Consistent with
Shaffer’s observations, MVP estimates were more sensitive to survival than to reproduction (see also Caswell
1978). To be conservative, Suchy et al. (1985) recommended that a population size ≥ 125 be maintained to
ensure a high probability of a viable bear population in
the GYE for at least 100 years.
The original PVA conducted by Shaffer (1983) was
reasonable, given the available data. With additional
data we see stronger evidence for density dependence in
survival than in reproduction (see below). But including density-dependent survival would have minor effects
on the performance of the model (depending on the degree of density dependence). Shaffer’s (1983) footnote
regarding unrealistic sojourns above carrying capacity
for some population trajectory suggests that the strength
of density dependence he used was insufficient to stabilize the population. This does not bear on the appropriateness of the structure of his model, however.
Stable-age Distribution Methods.—The IGBST used
demographic estimates from their long-term radiotelemetry study to calculate the growth rate for the GYE grizzly bear population (Eberhardt et al. 1994). This
calculation is an improvement over a similar exercise a
decade earlier (Knight and Eberhardt 1985) because it is
based upon a larger sample size, uses only females in the
estimates for survival of subadults, and employs
bootstrapping methods to estimate the variance in the
estimate of growth rate.
Combining estimates of survival and reproduction by
iterating the familiar Lotka-Euler model,
1 = Σ λ−xlxmx

(18)

Eberhardt et al. (1994) estimated a growth rate, λ = 1.046.
Bootstrapped estimates of λ (see Meyer et al. 1986) provided a 95% confidence interval from 1.00 to 1.09, indicating that the population was almost certainly increasing
or at least not decreasing. This interpretation was bolstered by trend counts using the COY index (see above).
Sensitivities of growth rate to demographic components
(i.e., ∂x/∂λ) were presented (Table 6) that illustrated the
well-known result that for a long-lived species like the
grizzly bear, the sensitivity of growth rate is highest for
adult survival (see Emlen and Pikitch 1989, Lebreton
and Clobert 1991, Meyer and Boyce 1994). Eberhardt et
al. (1994) also presented a decomposition of the variance in growth rate into the effect attributable to respective vital rates indicating that survival to age 5 contributed

Table 6. Sensitivity of growth rate, λ , to vital rates and the
proportion of the variance in λ attributable to these vital rates
as estimated by Eberhardt et al. (1994) and Eberhardt (1995).

Sensitivity
(∂x/∂λ)

Eberhardt et al.
(1994)
Proportion
Of variance

Eberhardt
(1995)
Proportion
of variance

Adult
survival

0.567

0.443

0.19

Survival
to age 5

0.2

0.46

0.77

Reproduction

0.32

0.097

0.04

1.000

1.00

∑

at least as much to variation from year-to-year as did
variation in adult survival. This is important because
although adult survival is a highly sensitive parameter,
it does not vary much. So an understanding of prereproductive survival is much more important to understanding factors causing the population to fluctuate than is
implied by sensitivities.
Eberhardt et al. (1994) estimated survival, s, based upon
known deaths of bears that were at one time radiocollared,
i.e., s = 1 – deaths/(bear-years). They recognized later
that this produced a biased estimate because (1) the estimate of bear-years did not include only the days that the
radiotransmitter was functioning, and (2) all
radiocollared bears were included in the analysis, including “management bears” (i.e., those collared because they
were involved in conflicts or potential conflicts with humans) which have much higher mortality than “research
bears.” Eberhardt (1995) redid these calculations, included in the 1994 annual report of the IGBST, using
exposure time instead of bear years and estimating survival for “research bears.”
The new population growth rate estimate was slightly
higher (λ = 1.053), but because fewer animals were used
in the calculations, the sampling variance was higher
and consequently the 95% confidence intervals overlapped 1 (Eberhardt 1995). The results and interpretation are the same, however, and the calculated role of
prereproductive survival in determining variation in λ
becomes much greater (Table 6).
Servheen et al. (1994) performed a similar Lotka-Euler
analysis of demographic parameter estimates for bears
in 2 areas in the NCDE and the Selkirks. Sample sizes
for each of these areas were smaller than for the GYE,
therefore sampling errors were large and bootstrapped
confidence intervals were sometimes substantial (Table
7). Two estimates from the North Fork of the Flathead
River indicated the population was increasing, i.e., λ >
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Table 7. Estimates of population growth, λ, for demographic data based on radiotracking studies. Estimates of λ were obtained
by iterating the Lotka-Euler stable-age-distribution equation, and confidence intervals were computed using bootstrap
procedures. Statistics for GYE from Eberhardt (1995) and Servheen et al. (1994) for all others.

Area
NCDE: Area la,c
NCDE: Area 1a,d
NCDE: Area2b
Selkirk Mountains, MT
GYE
Cabinet-Yaak Mountains
Washington Cascades

Years
1978-1994
1978-1994
1987-1994
1983-1994
1983-1994
---

λ
1.08
1.06
0.96
0.99
1.053
Insufficient data
Insufficient data

95% CI
1.01 - 1.12
0.98 - 1.11
0.8 - 1.05
0.79 - 1.1
0.97 -1.12

a North Fork Flathead River
b South Fork Flathead River
c excluding 1993-94 USA bears
d including 1993-94 USA bears

1, whereas data from the South Fork study area (cf. Mace
et al. 1994, Mace and Waller 1998) produced λ = 0.96.
The Selkirk Mountain grizzly bear data suggested a 1%
rate of decline. However, the confidence intervals surrounding both the South Fork estimate and the Selkirk
estimate were large so that one cannot reject the null
hypothesis of no trend in population size.
Projection Matrix Methods.—Ample evidence exists
that grizzly bear populations do not exist in a stable age
distribution, including population fluctuations such as
the decline that occurred after closure of refuse dumps in
Yellowstone around 1970-1971 (Eberhardt et al. 1985)
and reproduction fluctuates from year-to-year (see Figs.
14 and 15). In fact, vital rates are random variables and
this temporal variance can have important ramifications
for population growth (Boyce 1977). Stochastic demography can involve complex mathematics and therefore
much of the theory has been overlooked by conservation
biologists, but the consequences can be very substantial

(Tuljapurkar 1990).
The usual approach to studying these processes is to
rewrite the Lotka-Euler equation (eq. 18) in matrix form
facilitating explicit incorporation of random vital rates.
Some important properties of projection matrices include
the following: (1) In stochastic environments, population size assumes a skewed distribution in which very
large populations occur only rarely (Lewontin and Cohen
1969). As a consequence of this skewness, mean population size tends to overestimate most populations. (2)
Stochastic growth rates are lower than deterministic
growth rates of projection matrices composed of average
vital rates (Boyce 1977, Tuljapurkar and Orzack 1980).
Ignoring temporal variation in estimates of demographic
parameters may lead to serious overestimates of the actual growth rate. (3) Increased variation in vital rates
produces lower growth rates (Tuljapurkar 1990). (4)
Variation in vital rates with high sensitivity has greater
impact on stochastic growth rate, i.e., deterministic sen-

Figure 14. Proportion of radiocollared adult females breeding
in the GYE, 1975-1994.

Figure 15. Litter size for grizzly bears in the GYE, 1959-1994.

16

Boyce et al.

Table 8. Estimates of daily survival, S, with standard errors (SE) from adult and subadult radiocollared grizzly bears in the GYE.
Only “research bears” are reported; all bears involved in human conflicts at the time they were radiocollared (i.e., “management
bears”) were excluded from the analysis (<5% of the population). Two periods are presented: 1975-1983 and 1984-1994 to
compare survival before and after federal and state agency programs to reduce bear mortality implemented in 1983.

Age
1975 - 1983
1,2,3
1,2,3
1,2,3
4+
4+
4+
1984 - 1994
1,2,3
1,2,3
1,2,3
4+
4+
4+
1975 - 1994
1,2,3
1,2,3
1,2,3
4+
4+
4+

Sex

Exposurea (da)

Deathsb

Sc

SE

♂
♀
♂/♀
♂
♀
♂/♀

3853
2209
6062
11835
16219
28054

4
2
6
4
10
14

0.998962
0.999095
0.99901
0.999662
0.999383
0.999501

0.000509
0.000672
0.000406
0.000291
0.000248
0.000189

♂
♀
♂/♀
♂
♀
♂/♀

2101
1587
3688
15117
28756
43873

1
1
2
13
4
17

0.999524
0.99937
0.999458
0.99914
0.999861
0.999613

0.00069
0.000793
0.00052
0.000257
0.000186
0.000151

♂
♀
♂/♀
♂
♀
♂/♀

5954
3796
9750
26952
44975
71927

5
3
8
17
14
31

0.99916
0.99921
0.999179
0.999369
0.999689
0.999569

0.00041
0.000513
0.00032
0.000193
0.000149
0.000118

a Exposure time is the summed time that bears were at risk, including censored records (see Cox and Oakes 1984).
b Deaths reported here are only those that occurred while the grizzly bear was actively being monitored by radiotelemetry.
cDaily probability of survival.

sitivity analysis has implications for stochastic dynamics. (5) Low population growth rates translate into increased extinction probabilities (Lande and Orzack 1988).
A finite probability of extinction exists even when growth
rate is positive. Furthermore, increased variance in
growth rate is associated with higher extinction probability and shorter population persistence times (Nations
and Boyce 1997).
For the GYE grizzly bear population, we followed the
usual maximum likelihood estimation method (Cox and
Oakes 1984) to estimate survival for “research bears”
(as defined by Eberhardt 1995) over the interval from
1975 to 1994 (Table 8). These estimates confirmed those
by Eberhardt (1995), with only minor differences. We
obtained the following elements for a stage projection
matrix, xij, with the census after the birth pulse:
2

0
X = 4 Ph
0

0
Pi
Px

3 "
Fa
0
0 5 = 0:84
Pz
0

0
0:592
0:212

0:312
0
0:938

#

(19)

The fecundity term in the upper right element of the
matrix is Fa (=Pa×m = 0.938×0.333; see Noon and Sauer
1992), the fecundity of adult females age 4 and older; Pj
is juvenile survival, Pi is the probability that a subadult
stays a subadult during the next year; and Ps is the transition probability from the subadult to adult age classes.
We used survival estimates from Eberhardt (1995) except for adult survival: x33 = 0.938 (instead of 0.943) to
adjust for the assumption in X that the bears are
nonsenescent (Meyer and Boyce 1994). This yielded a
dominant eigenvalue, λ0 = 1.053, identical to that estimated by Eberhardt (1995) using the Lotka-Euler formulation.
For stochastic projections, the most probable growth
rate is less than the growth rate of expected population
size due to the skewed distribution of population sizes
(Tuljapurkar 1990). For models without age structure,
the effect of this skewed distribution can be resolved by
using the geometric mean growth rate. But because of
the multiplicative properties of matrices (Furstenberg and
Kesten 1960) the geometric mean does not adequately
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describe growth rate for structured population projections.
Tuljapurkar and Orzack (1980) describe a measure for a
long-run growth rate:

a=

ãé
lim 1 è â
E ln(Nt)
t
t!1

(20)

(Cohen (1979) uses the notation lnλ rather than a). The
exact solution of a is difficult even for simple matrices,
and the computations are not general.
Tuljapurkar (1982a,b) provides a “small noise” approximation to a. When variation in vital rates is relatively small and there is no autocorrelation of matrix
elements

a ù lnõ0 à

ü2

(21)

2

2õ0

2

û2a ù üõ2

(22)

0

t2 =

P ð @õ 0 ñ 2
i;j

@x i;j

Var(x i;j) +

P ð @õ 0 ñ ð @õ 0 ñ
(i;j)
(k;l)

@x i;j

@x k;l

Cov(x i;j; x k;l)

(23)

where
_ λ0 is the dominant eigenvalue of the average matrix X and the ∂λ0/∂xij are sensitivities like those calculated by Eberhardt et al. (1994) (Caswell 1978). Note
that a is reduced relative to λ0 by: (1) greater sensitivity
of λ0 to the average vital rates; and, (2) greater variances and covariances among the vital rates. Factors
that reduce a tend to increase σa2. This small noise approximation works well with the coefficient of variation
in vital rates (sd[xij]/x–ij) as large as 38% (Lande and
Orzack 1988).
We calculated a stochastic estimate of growth for the
GYE grizzly bear population of approximately a = 0.0469
with an analogous λ ≈ 1.048. This indicates an increasing population, but 10% lower than indicated by the deterministic model.
We have not attempted to sort out the autocorrelation
structure for the stage-structured matrix, although this
should be possible. Tuljapurkar (1982b) found that
autocorrelation generally has a small effect on a. To
some extent, this effect is balanced by stage structure
inducing its own serial correlation in growth rate. On
the other hand, positive serial correlation may have a
large effect on σ a2 (Tuljapurkar and Orzack 1980;
Tuljapurkar 1982b, 1990). Using simulations, Kalisz
and McPeek (1993) found that large positive
autocorrelation increases the probability of extinction and
decreases extinction time. The evidence for a negative
autocorrelation (Fig. 12) indicates that if there were an
effect of autocorrelation, it would be to reduce the prob-

ability of extinction and to increase extinction time.
Autocorrelation at longer lags did not differ from random.
The Lotka-Euler model and the stage-projection matrix model are simply exponential growth models and all
of our caveats regarding exponential growth models apply (see Discussion after previous section). These exponential growth models may give insight into short term
population changes, but they cannot give any insight into
long-term viability of a population. Age-structured stochastic models with density dependence are mathematically difficult, essentially requiring the use of simulation
procedures—a view championed by Shaffer and Samson
(1985). However, stochastic simulations with density
dependence are easily constructed using a projection
matrix. Below under RAMAS/GIS we describe results
from such a model.
Canned PVAs: Mills et al. (1996).—A number of computer simulation packages are available to facilitate conducting PVA. A recent review of 4 of these software
packages compares VORTEX, GAPPS, INMAT ver. 6a,
and RAMAS/AGE (Mills et al. 1996) using data from
the GYE grizzly bear population. Each package has a
unique combination of features and results of simulations can be disturbingly different. VORTEX and GAPPS
are individually based models, whereas INMAT and
RAMAS/AGE use traditional population models. Density dependence is handled differently by each program.
Mills et al. (1996) reported difficulty parameterizing the
models so that the results were comparable, resulting in
slightly different deterministic growth rates even though
the same survival and fecundity data were input into each
model. The models provided a variety of outputs as well,
often making comparisons difficult.
Perhaps most disturbing was the inconsistency in results emerging from density-dependent simulations.
Mills et al. (1996) attempted to make density dependence
enter as a ceiling to population size, as is the case with
program INMAT, and can be modeled in VORTEX. But
this is not directly possible for the other 2 packages. For
example, the rate at which breeding-age females give
birth is a linear function of population size in GAPPS.
Likewise, the version of RAMAS/AGE studied by Mills
et al. (1996) only allows density dependence in reproduction. The differences in density-dependent functions
resulted in widely divergent predictions of future population size and extinction probability. Under some circumstances the density-dependent models gave a lower
probability of persistence than simulations without density dependence.
The manner in which density dependence is entered
appears to be critical. Indeed, density dependence typi-
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cally falls differently on various vital rates, altering the
age structure and potentially complicating population
dynamics (Lande and Orzack 1988). Although we agree
with Mills et al.’s (1996) caveat that one ought to understand density dependence because it can have marked
consequences on extinction dynamics, we disagree with
their implication that the consequences of density dependence are unpredictable. In general, density dependence reduces extinction probability because it dampens
the effects of stochastic perturbations (Ferson et al. 1989).
But for difference equations, this can be confounded
through interactions with deterministic instability such
that populations might actually have higher risk of extinction under density dependence (Ginzburg et al. 1990).
Erratic behavior from simulation models emerges because
of the attempt to emulate the INMAT ceiling for population size by adjusting density-dependent functions. Such
abrupt density-dependent functions can destabilize the
underlying difference equations, yielding bifurcations
ultimately leading to chaotic behavior.
We believe that such complex dynamics do not apply
to grizzly bear populations, and we doubt that we could
justify such an abrupt density-dependent function in bear
populations, even though there is evidence for density
dependence (Shaffer 1983, Stringham 1985, McCullough
1986). INMAT’s approach of setting Nt = K in the next
time step whenever Nt>K will not yield such rich dynamical behavior. We believe that attempting to emulate the ceiling accounts for the inconsistent results among
simulation packages reported by Mills et al. (1996).
A clear message emerged from the Mills et al. (1996)
review that selection of a software package for performing PVA should be based on its ability to model population processes as they occur in the population of interest.
Performing simulations with input data for which no
empirical estimates exist is dangerous and is almost guaranteed to yield spurious results. Because data are often
limited to a small fraction of the inputs possible in canned
programs, simple analytical models (e.g., Tuljapurkar and
Semura 1979, Foley 1994) may actually provide more
defensible approaches to PVA.

ity to find general analytical results is diminished because the models become mathematically intractable.
Consequently, simulation methods are commonly used
or simplifications are made (such as the assumption of a
stable age distribution).
The density-dependent simulation methods reviewed
in this section appear useful, especially when the structure of the variance is studied. Shaffer (1983) pooled
sampling variance along with temporal variance because
sample sizes were too small to do otherwise. Decomposing variance remains a problem in such detailed simulation models, and the more detailed the model the less
likely one will be able to characterize the variance structure. Methods for partitioning variance are reviewed by
Burnham et al. (1987) and these should be applied when
sample sizes allow. Shaffer’s approach of keeping the
sampling variance in the simulations means that the simulations will reflect all sources of uncertainty, including
the reliability of data. But confounding the sources of
variance guarantees overly pessimistic estimates of the
probability of extinction.
Stable-age-distribution calculations offer much less
insight for PVA, even if corrected for bias associated with
the stable-age-distribution assumption. Estimates of
growth rate are of limited value for long-term computations because under the assumption of a stable-age distribution one cannot sort out factors influencing
population fluctuations, including density dependence.
Sensitivity analysis might be argued to help identify where
the action is in the life table, but this is unlikely to have
any bearing on whether management can manipulate the
respective demographic components.
More useful, we believe, would be an analysis of the
ecological factors shaping variation in the vital rates.
Because this has not been done systematically, in the next
section we will present the results of a survival analysis
designed for the purpose. Then we will pursue some
additional simulations employing several of the new software packages designed for performing PVA. Spatial
structure can be accommodated in these computer programs so that we can evaluate the consequences of dispersal and fragmentation.

Discussion and Further Analysis
Structured population models combine vital rates to
determine population growth. These vital rates vary due
to demographic stochasticity and as a function of environmental variables. Ultimately one may envisage all
ecological influences on an organism by the way in which
they influence vital rates. This offers great flexibility
and permits the development of population models that
incorporate considerable complexity. The cost is that
many more parameters need to be estimated and the abil-

Survival Analysis
Reviewing the survival values used in the structured
population models discussed in the previous section revealed considerable range in estimates and diversity in
methods used to obtain the estimates. None of these
analyses tie survival estimates to environmental variables,
yet much of our understanding of the ecology of grizzly
bears points to the importance of such relationships. For
example, density dependence probably operates through
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effects on survival (Stringham 1985, Miller 1990a), but
the Shaffer model (Shaffer 1978, 1983; Shaffer and
Samson 1985) only invokes density dependence in reproductive rates. High sensitivity of population growth
rate to adult female survival has helped to shape management policies for grizzly bears (Knight et al. 1988),
yet ecological factors influencing survival remain largely
unstudied.
The extensive long-term radiotelemetry studies of the
IGBST afford an opportunity to better understand factors influencing survival of grizzly bears. Statistical
methods for survival analysis developed mostly by human demographers (Gross and Clark 1975), recently have
begun to appear in the wildlife literature (Pollock et al.
1989). Radiotelemetry data present particular challenges
for statistical analysis because animals are collared at
various times and different ages, animals may die or lose
their collars, or the radio may fail (White and Garrott
1990). Based upon total documented deaths in the GYE,
it is apparent that mortality varies with season (e.g., grizzly bears are most likely to die during July through October (Fig. 16)), and from year-to-year (Fig. 17 and 18).
Indeed, Eberhardt et al. (1994) acknowledged that their
survival estimates may be biased due to loss of radiocollars
or battery failure.
The proportional hazards analysis, or Cox regression,
is a statistical method for detecting the relationship between mortality and covariates. The underlying structure for survival is assumed to follow an exponential
function where the hazard, h(t;x), (proportion of bears
dying at time t as a function of a vector of covariates, X)
is of the general form
0

h(t; x) = h0(t)eì x

(24)

where β is a vector of regression coefficients for the corresponding x value, and h0 is a baseline survival function. One can view this model as an exponential variation
on multiple regression where βi is a regression coefficient for the ith covariate, xi, and β0 is subsumed into h0.
Cox (1972) proposed a partial-likelihood method for estimating the β’s that are usually evaluated using a likelihood ratio test. The method easily accommodates
right-censored data, e.g., radio failure or cast collar where
the fates of the bears are unknown. For discrete
covariates, such as (0,1) variables, Cox regression provides the same estimates of survival as the Kaplan-Meier
(1958) method (Gross and Clark 1975:254). Methods
for checking the assumptions of the Cox model are given
by Andersen (1982).
If we could assume that all bears are subject to the
same hazards, this model would be useful for evaluating
the proportional effects of covariates on the hazard func-

Figure 16. Temporal distribution of bear mortalities
throughout the year. Bears are most likely to die July-October.

Figure 17. Year-to-year variation in total known bear
mortalities in the GYE, 1959-1994.

Figure 18. Temporal trend in loge total known bear mortalities,
1959-1994.
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tion of the lifetime distribution of an individual. But the
time-dependent nature of mortality demands that a more
complex estimation procedure be used. Because individual bears are radiocollared in different years and at
different times within the year, data were left-censored
(i.e., staggered entry). Andersen and Gill (1982) devised a technique based upon the theory of multivariate
counting processes (Aalen 1978) that deals with timedependent covariates and censoring (see Fig. 19). The
counting process techniques required considerably longer
computational time, but efficient software is available
on SAS (version 6.11) and S-Plus (version 3.2). We performed calculations using Unix-based S-Plus on a Sun
Workstation.

Figure 19. Cox regression models typically permit right
censoring, i.e., one is not certain of the ultimate fate of an
individual, but all individuals are assumed to begin at the
same time as illustrated in the top time plots for several
individuals. In radiotelemetry studies, e.g., the IGBST study in
Yellowstone, individuals begin at various dates and ages, and
are right censored as well, as illustrated in the lower
examples. Individual bears may be radiocollared after which
they cast their collars or the radio fails, then bears may be
recollared varying numbers of times. All of the possible cases
presented in the lower illustration may be accommodated by
the Andersen-Gill extension of Cox regression based upon
the theory of counting processes.

The IGBST began instrumenting bears in 1975, so we
made 1 January 1975 a value of 0 and recorded time in
days from this base date. Data are structured by the day
on which radio observations start and stop, with radio
monitoring usually occurring weekly. Death of the bear
is recorded as an event only if the bear died while wearing a functional radio transmitter. Otherwise, stopping
days are recorded as censored observations, which may
involve continued survival of the bear, radio failure, removal of the transmitter, or casting of the collar.
Covariates recorded for each entry included (1) the
count of unduplicated adult females with COY, (2) sex,
(3) age, (4) if an adult female was accompanied by young,
(5) if the home range of the bear was within YNP, (6) if
the observed home range was completely outside YNP,
(7) if the home range included areas both inside and outside YNP, (8) the number of times during the life of a
bear that it was translocated to a new location, (9) if the
bear was involved in a human conflict or management
situation at the time that it was radiocollared, (10) the
year of beginning record, and (11) mean number of cubs
per litter found during the year that monitoring began.
Starting and stopping times were recorded continuously
across years except when the bear’s status changed, e.g.,
when females gave birth, when new cases were recorded
each year. Starting times were then assumed to begin at
the date of emergence of the bear from its den in the
spring.
Two hundred forty-two bears were used in the analysis; 61 died while fitted with an active radiocollar. The
analysis confirmed several aspects of the natural history
of grizzly bears. For example, mortality schedules are
often complicated by variation with age and sex. Mammals typically exhibit J-shaped mortality rate schedules
with young and old individuals having the highest probability of death (Caughley 1966). A simple plot of the
proportion of all known bear deaths by age class among
bears studied by the IGBST from 1975 through 1994
confirmed this general pattern (Fig. 20). Mortality rates
were typically higher among male bears, especially in
prereproductive age classes (Fig. 21). These basic patterns in the pooled GYE grizzly bear data indicated that
age and sex must be a component of any realistic model
of bear mortality. The age effect is clearly nonlinear and
reasonably well characterized by a quadratic function
accomplished in the Andersen-Gill analysis by including both an age and an (age)2 covariate term.
Our analysis of mortality (Table 9) indicates some of
the most significant effects uncovered by the analysis are
those attributable to sex (P = 0.04), both linear (P = 0.02)
and quadratic (P = 0.003) terms for age, presence of offspring aged 1, 2, or 3 yrs (P = 0.002), home range fully
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Figure 20. Death rate approximated from all radiocollared
bears (not adjusted for exposure time). These data are the
fractions of all monitored bears dying by age class (n = 76),
Boyce, p. 107 are estimated by the 3-yr moving sum of the
number of unduplicated females with cubs of the year (Knight
et al. 1995).

Figure 21. Fraction of deaths by age class for bears
radiocollared 1975-1994 (n = 76), including 15 bears not
monitored at time of death.

Table 9. Andersen-Gill proportional hazards analysis showing the influence of sex, age, reproductive status, location of
residency, and the number of times that the bear was translocated on mortality risk.

Sexa
b

Age

2

Coef.

exp(coef.)

SE(coef.)

z

P

0.74439

2.105

0.35857

2.08

0.03790

-0.17605

0.839

0.07650

-2.30

0.02137

(Age) c

0.00963

1.010

0.00324

2.98

0.00291

Young d

1.36530

3.917

0.44644

3.06

0.00223

Outside park e

0.66749

1.949

0.29910

2.23

0.02564

f

0.54870

1.731

0.22170

2.47

0.01333

Translocated

exp(coef)

exp(-coef.)

lower .95

upper .95

Sex

2.105

0.475

1.042

4.251

Age

0.839

1.193

0.722

0.974

(Age)2

1.01

0.99

1.003

1.016

Young

3.917

0.255

1.633

9.396

Outside park

1.949

0.513

1.085

3.503

Translocated

1.731

0.578

1.121

2.673

Likelihood ratio test = 23.9 on 6 df, P=0.0005
Efficient score test = 26.9 on 6 df, P=0.00015
a Sex, male = 1, female = 2
b Age of grizzly bear in years
c Age of grizzly bear squared to build quadratic model.
d If a bear had COY, yearlings, or 2-year old accompanying, it received a 1, otherwise 0.
e Outside the park = 1, bears with home ranges in the park or overlapping park boundary = 0
f Number of times bear was translocated.

outside YNP (P = 0.026), and the number of times that
the bear was relocated in management actions (P = 0.01).
Positive coefficients indicated that hazards increased with
the covariate: males have higher mortality than females;
quadratic age effects indicated higher mortality for young
and old bears (recall Fig. 20); and females with cubs,

yearlings, or 2-year olds were more likely to die than
bears not accompanied by young. Bears with a home
range completely outside YNP had higher mortality risks,
e.g., encounters with hunters, than bears residing in the
Park or whose home ranges included the Park boundary.
Finally, bears that were transported to new locations due
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to conflicts with humans are predisposed to conflicts resulting in their death.
We were surprised that the hazard increased over the
1975-1994 time period (Table 10) because total known
mortalities appeared to have decreased (Fig. 18), and
because in 1983 state and federal management agencies
began an effort to reduce bear mortalities (Servheen
1993). However, increasing mortality rates are consistent with density-dependent mortality as documented in
other bear populations (Miller 1990a,b). Evidence clearly
indicates that density is increasing in the GYE as previously discussed (see Fig. 1, 2, 7 and 8). To confirm the
relation with density dependence, we entered the COY
index into another Andersen-Gill model along with sex,
age, (age)2 (i.e., quadratic as in Fig. 20) data. The estimated minimum number of adult females contributed
significantly to the model (P = 0.045; Table 11) which
supported the role of density dependence and provides
the underpinnings for an age-structured population model
for grizzly bears (Fig. 22).

Again we confront the problem of sorting out patterns
involving temporal trends (see COY index above). Because the estimated number of adult females and year
were correlated (r =0.52, 32 df), suggesting a trend, we

Figure 22. Density-dependent survival estimated by the
Andersen-Gill method. Adult females are estimated by the 3yr moving sum of the number of unduplicated females with
cubs of the year (Knight et al. 1995).

Table 10. Andersen-Gill hazard model showing temporal trends in the hazard function after accounting for sex and age. This
indicates that mortality has increased over the period 1975 to 1994. See footnote for Table 9 for variable definitions.
Coef.
SEX
AGE
(AGE)2
YEAR

SEX
AGE
(AGE)2
YEAR

exp
(coef.)

SE
(coef.)

1.225
0.865
1.008
1.671

0.27272
0.07238
0.00314
0.21123

0.20295
-0.14455
0.00808
0.51349
exp(coef.)

exp(-coef.)

1.225
0.865
1.008
1.671

0.816
1.156
0.992
0.598

lower .95
0.718
0.751
1.002
1.105

P

z
0.744
-1.997
2.573
2.431

0.4568
0.0458
0.0101
0.0151

upper .95
2.091
0.997
1.014
2.528

Likelihood ratio test = 15.8 on 4 df, P=0.0033
Efficient score test = 17.1 on 4 df, P=0.0018

Table 11. Andersen-Gill proportional hazards model showing relation between the hazard function and the minimum number of
females based upon the unadjusted COY index (that increases over time). Variable definitions are listed as a footnote to Table 9.

3-YR FEM W/COY
SEX
AGE
(AGE)2

3-YR FEM W/COY
SEX
AGE
(AGE)2

Coef.

exp(coef.)

SE(coef.)

z

P

0.10842
0.17346
-0.14597
0.00859

1.115
1.189
0.864
1.009

0.05417
0.2721
0.07186
0.00312

2.002
0.637
-2.031
2.751

0.04533
0.5238
0.04222
0.00593

exp. (coef.)

exp(-coef.)

lower .95

upper .95

1.115
1.189
0.864
1.009

0.897
0.841
1.157
0.991

1.002
0.698
0.751
1.002

1.239
2.027
0.995
1.015

Likelihood ratio test = 12.9 on 4 df, P = 0.0117
Efficient score test = 16.3 on 4 df, P = 0.00266
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could not rule out the possibility that natural mortalities
were increasing, and independently, bear counts are increasing as well. Due to this confounded relation between the estimated number of adult females and year,
neither variable has a significant effect on the hazard
function in a model containing both (Table 12). Bears
captured in YNP in recent years are significantly smaller
in body size, again reflecting evidence for density dependence; body size prior to 1972 was likely artificially
inflated due to availability of significant amounts of garbage, which ceased by 1975 (R. R. Knight unpublished).
Experimental verification of density-dependent mortality is virtually impossible for grizzly bears, but basic principles of population biology suggest that density
dependence must be present (Stringham 1985, Sinclair
1989, McCullough 1990, Taylor 1994). In our judgement this is the best interpretation of these results.

USING RAMAS/GIS FOR THE GYE
RAMAS/GIS is a software package (Applied Biomathematics, 100 N. Country Rd., Setauket, NY 11733)
that simulates structured populations with
metapopulation (Gilpin and Hanski 1991) structure on
actual maps of landscapes (Akçakaya 1994). As such, it
integrates spatial and demographic approaches for performing PVA. The package is menu driven and has a
long list of output displays to summarize results of simulations. A host of options exist for incorporating ecological influences, offering great flexibility for
applications (Boyce 1996).

Using RAMAS/GIS, we simulated the GYE population of grizzly bears, and then built a model that included
all 6 metapopulations, i.e., GYE, NCDE, Cabinet/Yaak,
Selkirks, North Cascades, and the proposed reintroduction area in the Bitterroot Mountains of east central Idaho
(Servheen 1993). Throughout our simulations we tried
to ensure that the model was reasonably parameterized,
and that we could estimate error associated with variables included in the model. Once reasonable parameters were chosen, we used “What if?” exercises to explore
the dynamics of populations under hypothetical scenarios.
We chose the stage-structured population matrix as described above (eq. 18) with 3 stage classes: COY, subadults, and adults. Although complete life tables have
been calculated for grizzly bears (e.g., Craighead et al.
1974; Servheen 1993; Servheen et al. 1994), in practice
estimates for individual ages are often based upon small
sample sizes thereby burdening these estimates with large
sampling variances. By pooling ages together into these
3 stages we were able to greatly reduce the standard errors associated with estimates of survival (Table 8) and
fecundity.
Estimates of baseline values and standard errors for
each of the survival rates were obtained using maximum
likelihood estimation (Cox and Oakes 1984) of deaths of
radiocollared bears for age and sex class i:
Si = [1 - (number of deaths/R)]

(25)

where R is exposure time in days (Table 8). These estimates were taken to the 365.25th power to obtain annual

Table 12. Andersen-Gill proportional hazards model aftempting to include both the COY index and year in the model. Contribution
to the model for the COY index and year is no longer significant, apparently due to the confounded trend in these 2 correlated
variables. Variable definitions are listed as a footnote to Table 9

Coef.
3yr FEM W/COY
SEX
AGE
(AGE)2
YEAR

0.06692
0.18872
-0.14662
0.00828
0.41701

exp (coef.) SE (coef.)
1.069
1.208
0.864
1.008
1.517

0.06120
0.27390
0.07235
0.00314
0.22324

exp(coef) exp(-coef.) lower .95
3yr FEM W/COY
SEX
AGE
(AGE)2
YEAR

1.069
1.208
0.864
1.008
1.517

0.935
0.828
1.158
0.992
0.659

Likelihood ratio test = 17 on 5 df, P = 0.00447
Efficient score test = 18.5 on 5 df, P = 0.0024

0.948
0.706
0.749
1.002
0.980

z

P

1.094
0.689
-2.027
2.64
1.868

0.2742
0.4908
0.0427
0.0083
0.0618

upper .95
1.205
2.066
0.995
1.015
2.350
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(including leap years) rates, Pi. Standard errors for daily
survival were estimated
SE(Si) = Ö[Si (1 - Si)/R]

(26)

based on the binomial, and expanded to approximate standard errors for annual rates
(27)

SE(Pi) » LSL-1SE(S)

where L is 365.25 days. The matrix of standard errors
corresponding to vital rates in eq. 18 is
"

0
0:039
0

0
0:08
0:03

0:073
0
0:037

#

(28)

Figure 23. Density-dependent function for RAMAS/GIS
simulations, including an Allee effect. Carrying capacity, i.e.,
where λ = R = 1, occurs at N= 230.

Fecundity was based upon the number of female cubs
(1:1 sex ratio assumed) per adult female with COY and
multiplied times the average proportion of reproductive
females giving birth each year (estimated from IGBST
radiocollared bear data). The dominant eigenvalue of
this matrix is 1.053, the same as the λ estimated by
Eberhardt (1995).
Next, we selected the option for density dependence
with an Allee effect where per capita growth rate is reduced at low population sizes (Fig. 23). Although no
evidence exists for an Allee effect, the function can also
represent inbreeding depression, which occurs in most
taxa of mammals, at least to some degree, and recently
has been documented in brown bears (Laikre et al. 1996).
Selection of a curve (Fig. 23) was based upon the
Andersen-Gill survival analysis summarized in Table 11.
Note that after correcting for sex and age, the coefficient
relating hazard to the number of adult females, N, is 0.108
(SE = 0.05). This value was used to estimate density
dependent survival functions by iterating a base function
value, S0, in the following model:

tion. The population converged on a carrying capacity
of 230 (± 70 SD) bears. To estimate the standard deviation in carrying capacity for use in RAMAS/GIS, we calculated K using the hazard function coefficient = 0.108
± 0.05.
Although we attempted to update Shaffer’s (1983) density-dependent function for reproduction, we were unable to find such a relationship among the IGBST data
from the GYE. Therefore, for our calculations in
RAMAS/GIS, density dependence was incorporated only
through its effect on survival. If a density-dependent
relationship with reproduction should be discovered, its
effect would be to stabilize the dynamics of the population and make it converge toward K even more rapidly.
Our estimate of a baseline carrying capacity of 230
bears is precisely the same as Craighead et al.’s (1974)
estimate of the population size for the GYE grizzly bear
population, but lower than estimates made recently by
Eberhardt and Knight (1996) using different methods.
We held strictly to the moving 3-year sum method
(Eberhardt et al. 1986), but these values are almost certainly biased (see COY index above) conservatively. The
software RAMAS/GIS allows the user to specify a decline in K. We set the decline at a 0.5% per year to
represent human land development and loss of habitats
in the GYE.
We exaggerated the true variance in survival and K
because the variance associated with vital rates included
some of the same variation as in the density-dependent
function estimated using survival analysis. In other
words, we estimated variation in survival when we estimated elements for the projection matrix, and we used
part of the same variance in estimating the error associated with the density-dependent function. We might
somehow partition the variance, or reduce the variances

SE(X) =

S(tx) = [S0(t)]h

(29)

for h = exp(0.108×N♀) until S(45) converged upon the
survival rate estimated using MLE procedures. We used
N♀ = 45 because this is the average number of adult females based on the Eberhardt et al. (1986) method over
the interval 1975-1994 for which stage-specific survival
rates were estimated. Survival functions were calculated
by iterating the base value for subadults and for adults
and cubs (Fig. 22).
We replaced these density-dependent functions for the
survival terms in X (eq. 18), and projected the population for 100 years using a simple spreadsheet formula-
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associated with vital rates by the same proportion as the
fraction of the variance in survival attributable to density dependence (Boyce 1996). Instead, we left all variances in the model, inflating the true variance. This
conservative approach will overestimate extinction risk
and decrease population growth rates (Boyce 1977, Boyce
and Daley 1980).
For 100 replications of 100-year trajectories each (summarized in Figs. 24-26), first note that the population
size declines to approximately 67% of K. This is due in
part to the high variance in K and the underlying concavity of growth rate as a function of N (Boyce and Daley
1980). Reducing the variance in K by increasing sample
size or partitioning out the sampling variance from the
among-years variance (see Burnham et al. 1987: ch. 4)
will result in larger projected population sizes, closer to
K. The prgrammed decline in K also contriuted to population decline.
Of the options available in RAMAS/GIS, Fig. 25 probably most completely captures the population risks emerging from the simulations. Here the probability of
population declines of various magnitudes or greater
during the 100-year interval is plotted. Note that it is
virtually guaranteed that N will decrease by 50% and
there is a 5–10% probability that the population will decline to extinction.
The probability of reaching various magnitudes of decline at the end of a 100-year run indicates the odds are
about 90% that the population will remain constant or
decline, and there exists a 40% chance that we will see
at least a 50% decline in population size at the end of
100 years (Fig. 26). The pattern of decline is at least in
part attributable to the assumed -0.5% per annum change

Interval percent decline

Figure 25. Cumulative probability of occurrence for declines
of various magnitudes anytime during the course of 100 trials
of 100–yr projections. During each of the repeated 100 yr
trajectories, population declines of about 40% were observed.
Very few population trajectories declined to extinction (i.e.,
100% decline). Simulations were based on data from the GYE
grizzly bear population.
Terminal percent decline

Trajectory Summary

Figure 26. Probability of observing declines of 1 - 100% at
the end of a 100-yr trajectory for the GYE grizzly bear
population using RAMAS/GIS simulations.

in K. But there remains a low chance that declines could
approach 100%.

Using RAMAS/GIS for the Metapopulation
of U.S. Grizzly Bears

Figure 24. Population trajectory with ± SE bars for a RAMAS/
GIS simulation of the GYE grizzly bear population. High
variance in K (SE = 70) results in a declining population. Open
jagged dots are extreme values during the course of 100
replications of a 100-yr trajectory.

We built a spatially structured simulation for all 6 subpopulations of bears. This analysis used carrying capacities presented as recovery levels in the Recovery Plan
(Servheen 1993). For population characteristics such as
survival and fecundity, age distribution, and density dependence, we followed the same patterns as for GYE data.
Indeed, underlying demographic structure cannot be
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changed for each subpopulation using RAMAS/GIS. GIS
data were used only to delineate habitat areas for
metapopulations and no attempt was made to include an
interface with habitat suitability.
Results of the metapopulation simulations mirror those
for the GYE with N ≈ 2/3(K) (Fig. 27). Again, this could
be attributed to the high variance surrounding estimates
of the density-dependent function that renders high σK.
After 100 years we expect to find the majority of bears in
the NCDE and the fewest in the North Cascades (Fig.
28). Low numbers of bears in the North Cascades and
the Bitterroot Mountains in Idaho are due, in large part,
to uncertainty associated with their hypothetical establishment because we allowed for an initial population
size (release) of only 10 bears in each of these areas. So,
in many of the runs these populations go extinct (Fig.

29). There is a 20% chance of extinction in either the
Selkirk or Cabinet/Yaak ecosystems (Fig. 30), ignoring
the possibility of restoration efforts (Servheen et al. 1995).

Trajectory summary

Figure 29. Occupancy of subpoplations in the simulations
summarized by Figures 27 and 28. At the end of 100 yrs on
average only 3 of the sbupopulations are occupied.

Metapopulation occupancy

Local occupancy

Figure 27. Trajectory of decline for the metapopulation of 6
subpopulations of grizzly bears in the conterminous United
States. Mean population sizes are bracketed by S.E.s; extreme
values are represented by open jagged dots. Note that none of
the 100 runs of 100-yr trajectories went extinct. Disperal
among supopulations was assumed to be rare.
Population structure

Figure 28. Population distribution by subpopulation. Area 1 is
GYE, 2 is NCDE, 3 is Cabinet-Yak, 4 is Selkirks, 5 is Cascades,
and 6 is Idaho.

Figure 30. Time steps (yrs) that each of the 6 subpopulations
listed under Figure 28 were occupied. The Cascades and
Idaho populations were least likely to be occupied largely due
to risks associated with population establishment. Average
occupancy times of 75-80 yrs for the Cabinet-Yaak and Selkirk
populations do not take into account the probable rescue of
these subpopulations by dispersers from Canada or from
transplant programs (Servheen et al. 1995).

The probability that declines > 80% would occur during the 100-year interval is virtually nonexistent (Fig.
31). But declines > 50% have a 40% probability. After
a 100-year interval populations are unlikely to be < 40%
of their initial abundances (Fig. 32).
Our simulations made no allowance for recovery of
bear populations through dispersal from Canada, which
could prevent the Cabinet/Yaak or Selkirk populations
from going extinct. Likewise, no measures were built
into the model for management actions that might re-
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Interval percent decline

Figure 31. Probability of declines of 0 - 90 % anytime during the
100-yr projections for the metapopulation. Declines greater
than about 80% are exceedingly unlikely to occur.
Terminal percent decline

Figure 32. Probability that the population at the end of 100 yrs
will have declined by 0 - 90% for the metpopulation of grizzly
bears with limited dispersal capability.

duce extinction risks below current levels, yet, such management reactions are bound to happen (e.g., Servheen
et al. 1995). Indeed, an active recovery effort is underway that is designed to be responsive to changes in numbers of bears by implementation of active management
(Servheen 1993).
In our initial simulations we assumed virtually no dispersal among subpopulations. This assumption was based
on the fact that only one of 500 radio-collared bears studied during the past 20 years has moved between subpopulations. Thus, dispersal appears to be very low or
nonexistent. Yet, we know that long-distance dispersal
by bears can occur, especially by young males. Such dispersers may help to rescue low populations by stimulating an increase in genetic diversity and bolstering
numbers. A research effort is underway to evaluate link-

age zones linking subpopulations and to manage these
lands in innovative ways that will not inhibit dispersal
(Servheen and Sandstrom 1993). In view of this effort,
we conducted simulations assuming modest dispersal
capability with dispersal approximated by a decay function (see Fig. 33). Results were striking. Total population size increased to about 0.8K (Fig. 34) and, on
average, about 5 subpopulations were occupied after 100
years (Fig. 35). Occupancy approached 100% for each
subpopulation with the exception of the North Cascades
and the Bitterroot Mountains in Idaho—these areas may
not be occupied because of failure to establish (Fig. 36).
Declines in population size are still likely, but there exists essentially no chance that the total population will
decline > 70% during the next 100 yrs (Fig. 37 and 38).
Models incorporating dispersal project that grizzlies will

Migration-distance

Figure 33. Decay function used to simulate the dispersal of
bears among subpopulations. Rate of dispersal is plotted as a
function of distance from source population in km.
Trajectory summary

Figure 34. Population trajectory for 100 runs of 100-yr
simulations incorporating dispersal as at Figure 33. Declines
in population size are less and likelihood of extinction remains
low.
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Metapopulation occupancy

Interval percent decline

Figure 35. Occupancy of subpopulations with dispersal as
illustrated at Figure 33. On average only 1 subpopulation will
be extinct after 100 yrs, but as many as 3 may go extinct.

Figure 37. Probability of declines of specified magnitude or
larger during the 100–yr trajectories over all 6 subpopulations
of grizzly bears listed in the Recovery Plan (Servheen 1993).
Dispersal is assumed to follow the function plotted in Figure
33.

Local occupancy

Terminal percent decline

Figure 36. Occupancy of each of the 6 subpopulations as
listed in the caption to Figure 28. On average the Cascades
population is expected to persist only 60 yrs, but persistence
is highly dependent on initial establishment. Persistence is
slightly higher for the Idaho subpopulation, and again, the
main mechanism resulting in short occupancy times is failure
to establish initially. Currently no grizzly bears are known to
occur in the Salway–Bitterroot wilderness of Idaho but a
release plan is being developed (MacCracken et al. 1994).

be better distributed among subpopulations than under
the low-dispersal assumption (Fig. 39).
Modeling the grizzly bear populations as
metapopulations is somewhat misleading because only
the GYE subpopulation is thought to be truly isolated
from Canadian grizzly bears (Servheen 1993). Therefore simulations that obtain a high probability of extinction for the Selkirk and Cabinet/Yaak grizzly bear
populations may be unrealistic because they do not take
into account the current, and potentially future, contiguous nature of these populations with Canadian grizzly
populations.

Figure 38. Terminal % decline over all 6 subpopulations of
grizzly bears at the end of 100-yr projected populations.

Figure 39. Distribution of grizzly bears among subpopulations
according to the RAMAS/GIS simulations of a metapopulation
with dispersal as depicted in Figure 31. Largest populations
are expected for the NCDE and the GYE.
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Using ALEX
Like RAMAS/GIS, ALEX (Analysis of the Likelihood
of Extinction) is a second generation software package
that estimates the probability that a population will become extinct. The focus in ALEX is on characterizing
individual subpopulations by dynamic characteristics of
the habitats in each area. Stochastic characteristics of
habitat quality of individual areas can be incorporated,
allowing extinction risks in various metapopulations to
be modeled in some detail. Metapopulation structure includes dispersal attributes similar to RAMAS/GIS.
The ALEX software includes interesting ideas about
habitat characterization that are unique among PVA
models. In RAMAS/GIS, for example, carrying capacity can vary among sites and stochastic perturbations can
be made to fluctuate with a specified correlation structure, but the underlying demographic structure of each
subpopulation remains the same. In ALEX, the mechanisms of population regulation potentially can be different in each subpopulation. The package includes nice
graphical displays of results and allows one to monitor
subpopulations through time to witness all details of population fluctuations including extinction and
recolonization processes. The program is menu driven,
easy to use, and a new ALEX-for-Windows version is
available.
On the other hand, parameterizing the model is difficult. Incorporating environmental stochasticity requires
massaging data into “habitat quality” measures to achieve
the desired effect. For example, to model declining habitats, one must build in a regular catastrophe to cause an
exponential decline in habitat quality. If the catastrophe
causes a fixed percentage loss in habitat quality and catastrophes are set to occur with sufficient frequency, one
can indirectly make the habitat quality decline.
Although we made the program do most anything we
wanted, deciding on an objective way to estimate parameters seemed elusive. Using our best guesses for parameters we generated simulations for a 6-subpopulation
model of grizzly bears. Our results were quite similar to
results of RAMAS/GIS, but ALEX could be run for longer
periods, e.g., 500 years. In general, our simulations did
not differ substantially from those of RAMAS/GIS, except that we had no statistical basis for justifying the
inputs for habitat variables that are necessary to the functioning of the model.

DISCUSSION
Demographics
Conservation modeling offers such an enormous di-

versity of alternatives that managers often are unable to
sift through the complex variations. A prerequisite to
sound modeling is a clear statement of objectives (Grant
1986). But PVA modelers do not have a consensus on
objectives. Shaffer (1983) focused on the minimum viable population size, presuming that there exists some
critical population level below which extinction occurs.
Soulé (1987) expressed concern about this approach because a focus on the minimum may imply that this population size is somehow adequate for long-term viability.
Others have argued that we must seek a sufficiently large
population size so that evolution can continue to take
place (Franklin 1980, Foose et al. 1995). In practice we
are often more urgently concerned about the prevention
of extinction. Eberhardt and Knight (1996) suggested
that managers should be more concerned with population trend or growth rates than population size. For longterm management considerations, “persistence” implies
that growth rate will be zero so short-term fluctuations
are of little consequence. Nevertheless, understanding
the reasons for increases or decreases in population size
can provide valuable information to managers (Caughley
1994).
In the management discussions of the Grizzly Bear
Recovery Plan (Servheen 1993), the focus is on evaluating whether current management is sufficient or whether
current management is a “blueprint for extinction”
(Shaffer 1992). Therefore, we have reviewed models and
data for evaluating the long-term prognosis for bears,
given what we know about their population characteristics. Granted such a long-term prognosis becomes ever
more difficult to make as the future time horizon expands,
and arbitrarily we have adopted mostly the convention
of modeling population trajectories for 100 years into
the future. We cannot know the future—a few years ago
most people worried of a world shattered by nuclear holocaust. For our view of the future we must make some
realistic assumptions about the environment over the next
100 years.
The simplest assumption is no change—that population, environmental, and stochastic processes will continue to operate as they have over the past 100 years.
This projection of trajectories is the approach used in the
exponential growth models of Dennis et al. (1991). Given
the rapid development of the western United States and
the rapid decline in grizzly bear numbers, if we follow
such a trajectory, clearly this species will become extinct
before 100 years. And one must accept Dennis et al.’s
(1991) conclusion that the bear is “doomed to extinction.”
Such an assumption appears inconsistent with current
management efforts. We believe that there is basis for
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assuming that existing national parks and wilderness
areas will remain in place, the laws requiring recovery
of listed species will persist, and these lands and laws
will continue to afford habitat for grizzly bears. Furthermore, there is evidence that people are learning to
cope with the management needed to conserve bears and
threats to bears may be less on some private lands and
multiple-use forests in the future (Chadwick 1999). So
we believe it is unreasonable to anticipate that the rate of
decline observed during the past will continue into the
future. There exists strong motivation and effort to increase available and occupied bear habitat, and future
habitat deterioration is less likely than it was in the past.
Yet it remains clear that maintaining sufficient habitat is
a fundamental requirement and further losses of habitat
can only result in decreased probability of the grizzly
bear population persisting.
Perhaps this discussion seems like simple common
sense and it goes without saying. Yet, it is fundamental
to the structure of models used by some to forecast the
future of grizzly bears. Specifically, models by Dennis
et al. (1991) and some by Mills et al. (1996) assumed
exponential growth models where the population trajectory dominates in the calculations of extinction risk. To
our way of thinking, any modeling effort for grizzly bears
without density dependence in survival and/or reproduction could be defensible only if factors leading to declines were changing exponentially.
The rub, however, is that estimating density-dependent functions can be exceedingly difficult (Ginzburg et
al. 1990, McCullough 1990) and seldom do we have sufficient data. Density dependence can influence the behavior of bears, but securing sufficient data to document
these responses may be impractical or impossible. For
the GYE grizzly bears, our analysis of survival demonstrates density dependence so that this issue need not
plague further analysis. But even when such evidence
does not exist (e.g., for the other 5 subpopulations), it is
still essential to assume a simple density-dependent model
as the underlying structure. From an hypothesis-testing
context, the principle of parsimony requires that we view
a density dependent model as the null model (Boyce
1994).
Ecologists will agree that stochasticity is fundamental
to extinction, and therefore, a structural element in any
PVA must be randomness. Indeed, we believe that an
effective PVA attempts to understand the variance structure and how it is propagated in the system. Shaffer (1981)
has categorized stochasticity into (1) demographic
stochasticity relating to chance events associated with
birth and death processes, (2) environmental stochasticity
caused by vagaries of the environment changing through

time, (3) catastrophes such as floods, extensive wildfire,
epidemics, and (4) genetic stochasticity including drift
and inbreeding depression.
Taking a pragmatic perspective, demographic
stochasticity should be in any PVA model, but its influence will be felt only within subpopulations that become
quite small, say fewer than 30-50 individuals. Environmental stochasticity is the most important type of randomness in determining extinction risk (Lande 1988),
however, and its influence can have overwhelming consequences. Attempting to tease apart the factors contributing to environmental stochasticity is perhaps one
of the most important outcomes of a PVA. How to model
the influence of catastrophes is highly controversial, but
we follow Caughley (1994) in viewing catastrophes as
events on the tail of the distribution of environmental
stochasticity. Young’s (1994) analysis of catastrophes in
large mammal populations did nothing to persuade us
that catastrophes are other than an arbitrary collection
of population declines singled out solely on the basis of
the magnitude of decline (Erb and Boyce 1999).
Finally, genetic stochasticity is ultimately important,
but as Boyce (1992) reviewed in detail elsewhere, we
have insufficient basis of understanding about the population genetics of grizzly bears to defend the results of
conservation-genetics models. Clearly there exist basic
principles of population genetics that carry important
messages for population management. But explicitly
characterizing the population genetics of grizzly bears is
beyond our current abilities. Still, one feature of great
significance is inbreeding depression. We know that
species vary widely in their response to inbreeding (Ralls
et al. 1988), probably due to historical events permitting
the accumulation of deleterious recessive alleles in the
genome. Captive brown bears in Europe show inbreeding depression expressed by reduced reproductive success (Laikre et al. 1996). An estimate of 47 for the
effective population size (Ne) for the Yellowstone grizzly
bears has been calculated (Bolger et al. 1987), but we
have no sound basis for determining whether Ne = 47
constitutes a sufficient population size to avoid extinction due to genetic causes (Ewens 1990). Theoretical work
on the accumulation of genetic load through mutations
in small populations has led Lande (1995) to suggest
that populations of 2,000 to 5,000 may be necessary to
ensure long-term viability. Recently, however, an empirical evaluation of the importance of mutation in genetic load appears to contradict the theoretical predictions
(Gilligan et al. 1997). To conclude, we have insufficient
data or understanding of grizzly bear genetics on which
to base a PVA, and we agree with Lande (1988) that environmental stochasticity is of greater magnitude conse-
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quence in evaluating population viability for conservation.
Most software packages available for PVA do a respectable job of simulating demographic patterns through time,
and each package provides useful insights into how bear
populations might function. The more complex the
model, the more detailed one’s data must be to do a reasonable job of parameterizing the model. The ALEX
software, in particular, appears to require a level of understanding about temporal and spatial variation in bear
habitats that far outstrips our empirical basis. This does
not imply that the model has flawed structure, but rather
that we need to sort out these habitat attributes.
Grizzly bears are notorious for their adaptability in
foraging. Some bears become specialists on elk (Cervus
elaphus) calves in spring, others learn to forage on army
cutworm moths in the alpine, and still others become
really good at catching cutthroat trout (Oncorhynchus
clarki; Reinhart and Mattson 1990). Given that each
food resource upon which bears depend fluctuates through
time, the ability of bears to adapt to new resources cushions them from negative effects of environmental
stochasticity. We have evidence that some bears are predisposed to die in conflicts with humans while other bears
appear to learn to avoid roads and other places where
they might encounter humans. And we saw evidence
from our survival analysis that some individuals make
high reproductive investments and assume mortality risks
as a consequence, whereas other bears that are not breeding enjoy higher survival to some future opportunity to
breed (Williams 1966).
Individual heterogeneity also exists in bears’ behavior
around humans, with subsequent consequences for survival. For example, translocation of bears is a management action designed to remove bears from areas where
they have been in conflict with humans (Blanchard and
Knight 1996). The distribution of translocations of female bears by age in the GYE is significantly different
from expected based upon age frequency in the sampled
population (χ2 = 11.3, 4 df, P < 0.025). This difference
is because young bears (age classes 0-2) are less likely to
be translocated, whereas the age distribution of female
bears older than age 3 being translocated does not differ
significantly from random expectation (χ2 = 0.76, 3 df,
P > 0.75).
These facts point to the importance of individually
based modeling for grizzly bears (“omnicki 1990). Individual heterogeneity in the context of PVA is likely to
enhance persistence and reduce the risk of extinction
(White 1998). The difficulty, however, is securing sufficient information about individual bears to parameterize
complex individually based models. Radiotelemetry data

on individual bears may permit the development of such
models, and we believe that this might prove to be a fruitful research area.

Habitat-based PVA
Most “canned” software for PVA focuses on demographic projections. But PVA models need not include
details of age and sex structure and in many cases we
would learn more about the long-term persistence of
populations by better understanding their ecology and
resource base. For example, Foin and Brenchley-Jackson (1991) developed a model for the light-footed clapper rail (Rallus longirostris) based on hydrology, salinity,
soil moisture, and transpiration in salt marshes that had
important ramifications for conservation management of
the species. The importance of long-term habitat changes
for evaluating long-term population viability appears almost certainly true for grizzly bears as well (Mattson
and Craighead 1994). Although it is clear from demographic studies that mortality rates need to be kept low
to ensure viable bear populations, long-term persistence
of a grizzly bear population certainly will depend also
on ensuring large expanses of good habitat.
Land use is perhaps the most fundamental issue in management of grizzly bears. Bears require large expanses
of undeveloped landscapes. Most grizzly bears die near
roads, and in many areas habitat use is significantly reduced near roads (McLellan and Mace 1985, McLellan
and Shackleton 1988, Mace et al. 1996). This appears
to be true even in Yellowstone National Park where adult
females and subadult males are displaced by dominant
bears into areas near roads and developments where they
are more likely to die (Mattson et al. 1987). In Blueprint
for the Future, the Greater Yellowstone Coalition identifies road construction for timber management as one of
the most serious concerns regarding bear management
in national forests of Montana, Idaho, and Wyoming
(Harting et al. 1994).
Using a simple source-sink model, Doak (1995) argued that habitat degradation can result in precipitous
declines in bear populations that are not likely to be detected by monitoring the population. The time lag in the
response of the population suggests that even though
demographic parameters for the bear population would
suggest a viable population, declines would not be detected until habitats deteriorated so seriously that recovery was impossible. Given the extent of wilderness and
national park lands in the GYE, we find this scenario
unlikely for grizzly bears, but the message is important:
population monitoring independent of habitats may yield
misleading indicators of population viability.
To characterize the cumulative effects of various types
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of development on grizzly bear habitat, Weaver et al.
(1985, 1986) developed a cumulative effects model
(CEM). The model integrates a number of possible factors that may influence habitat effectiveness of an area.
The cumulative effects assessment (Weaver et al. 1985)
identified several important habitat variables. In addition, using a Delphi survey, Weaver et al. (1985) established a list of disturbance and displacement coefficients
for a CEM. None of the coefficients in the CEM have
been validated. A GIS map of key habitat variables was
completed for the GYE, however, and we believe that
these GIS databases could be useful in parameterizing a
resource selection function (Mace et al. 1996), with statistically defensible underpinnings (Manly et al. 1993).
Despite the obvious importance of these landscape-level
resource management issues, none of the existing viability models provides opportunity to evaluate the consequences of roads, climate change, timber sales, oil and
gas exploration and development, campground placement, or housing developments on grizzly bear population viability (Mattson and Reid 1991, Craighead et al.
1995).
The RAMAS/GIS software attempts to move PVA
modeling in this direction by allowing an interface between landscape variables and subpopulations. To do
this well, however, we must be able to evaluate the probability that a particular tract of land constitutes grizzly
bear habitat. Manly et al. (1993) developed statistical
procedures (logistic regression and discriminant analysis) for doing this using resource selection probability
functions. Models are constructed that evaluate the probability of occurrence at a site based upon a multiple-variable assessment of the habitat. For example, Mace et al.
(1996) successfully applied a model for grizzly bear habitat on the South Fork of the Flathead River, Montana
using logistic regression. Such models can be interfaced
with population models to evaluate the consequences of
land management decisions on the future viability of grizzly bear populations (see Boyce et al. 1994; Boyce and
McDonald 1999; Mladenoff et al. 1995, 1997).
Boyce (1997) offers a PVA for grizzly bears as an example of adaptive resource management. Several analyses of data and population models provided input into
the present management programs for grizzly bears.
Models have been revised as new data have been compiled (e.g., Suchy et al. 1985). But adaptive management is a never-ending process of iterating models with
management and monitoring, and it is clearly time for a
new iteration of modeling. Most urgent, we believe, is
to provide a rigorous statistical basis for the cumulative
effects database that has been compiled, and to interface
this GIS-based information with population models.

Management Implications
We cannot be completely satisfied with any projection
of the future of grizzly bears in the Rocky Mountains
without a habitat-based PVA. This carries the assumption that ultimately habitat is limiting population size
for grizzly bears. Belovsky et al. (1994) warn, however,
that although habitats prevail in many endangered species management issues, other forms of intervention
management may be necessary. [Extinction times are not
just a function of K and its variance, var(K), but also r
and its variance var(r) (Tuljapurkar and Semura 1979,
Akçakaya 1994, Fole 1994).] For grizzly bears such intervention management might include developing
schemes to reduce hunter-caused mortalities.
As revealed by the survival analysis, bear mortality
risk is significantly higher for bears living outside YNP.
Although wilderness areas in the GYE are posted with
signs warning hunters that they are in “Grizzly Country,” and required to use bear-proof panniers and hang
game carcasses out of bears’ reach, hunters remain a leading cause of grizzly bear mortality (Fig. 40). These deaths
have been especially common in recent years (Fig. 41).
In YNP, where culling of elk was terminated in 1968, an
increased number of elk has provided opportunities for
bears to feed on winter-killed elk; and some bears have
learned to prey on elk calves (Singer et al. 1997). Hunting in areas near YNP may reduce opportunities for grizzlies to scavenge winter-killed elk. Artificial feeding of
elk, such as at the National Elk Refuge and State of Wyoming feedgrounds, reduces overwintering mortality for
elk (Boyce 1989). Yet, overall elk numbers are enhanced
due to such feeding.

Figure 40. Causes of bear mortalities in the GYE during the
period of the IGBST research program. Management-related
deaths (mgt) lead the list, with hunting a close second. Only
about 10% of the deaths are attributable to natural causes—
most others are caused by humans.
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tion that the bear population was precariously small
prompted transplants of bears from Canada (Servheen et
al. 1995). Similarly, high mortality of bears in and adjacent to YNP led to the closing of the tent campground at
Fishing Bridge, and termination of sheep grazing allotments in Targhee National Forest (Schullery 1992).
Surely, future management will help to ensure persistence of grizzly bears throughout their current range.

CONCLUSIONS

Figure 41. The proportion of total known death3 attributable to
hunting-related causes during 5-yr intervals from 1975-1994.

Aggressive education and possible restrictions on hunters appear to be necessary to reduce the number of bears
being killed. During spring, bear hunters sometimes
mistake grizzly bears for black bears. Hunters inexperienced with grizzly bears appear prone to shoot when confronted by a grizzly. None of the 3 state wildlife
management agencies in the GYE require that hunters
undergo bear identification and conflict avoidance training prior to hunting in bear country. Research of the
details associated with hunter-related grizzly bear deaths
could give insight into the types of restrictions and education programs that would be most effective at reducing
hunting conflicts with grizzly bears.
Properly managed, hunting can be an important tool
for bear management. Eberhardt and Knight (1996) suggest that the increasing grizzly bear populations in the
GYE might require management efforts to curb further
expansion. Proposed release of grizzly bears into the
Bitterroot Mountains of Idaho may provide a way to remove “excess” bears from the GYE, or limited hunting
may be reinstated outside of the national parks. Hunting
can negatively condition bears to humans and select
against those bears unwary of humans thereby potentially
reducing conflicts (M. Shaffer personal communication).
Harvesting strategies require careful consideration, however. Removal of large males by trophy hunting, for example, may negatively affect reproduction if older males
are replaced by infanticidal immigrant males (Wielgus
1993, Swenson et al. 1997).
Viability analyses tend to lock into projecting future
status of bears given a particular management and ecological scenario. In practice, management is typically
adaptive, with managers responding to knowledge accumulated through previous management and monitoring
efforts. In the Cabinet Mountains, for example, recogni-

At this point we would like to make a final assessment
as to the viability of grizzly bear populations, but do not
have sufficient understanding of the genetics and ecology of grizzly bears to make a defensible statement.
According to the early work of Shaffer (1978, 1983) and
Shaffer and Samson (1985) the Yellowstone and Northern Continental Divide ecosystems have populations far
greater than the projected minimum viable population.
But Shaffer (1992) argued that targeting MVP population levels is not sound conservation strategy and that
larger populations are necessary if we are to ensure the
long-term persistence of the species.
The Grizzly Bear Recovery Plan (Servheen 1993:54)
calls for a PVA for GYE grizzly bears. Shaffer (1992)
recognized the need for a PVA, and identified 5 specific
objectives for such an effort that focus on demographic
approaches:
1. Provide an up-to-date, integrated summary of sex
and age-specific mortality and fecundity rates and the
variances of these rates.
2. Partition the estimated variability in these demographic parameters and overall population growth rate
to that attributable to sampling error, changes in density,
and chance events (demographic, environmental, catastrophic, and genetic).
3. Refine the model of Shaffer and Samson (1985) or
other appropriate model to incorporate the full range of
chance events that can affect population lifetimes.
4. Use the results of the data re-analysis and the refined model to estimate the population lifetimes of an
array of population sizes (say 50 to 5,000).
5. Use the model to generate specific hypotheses about
population status and trend that can be tested by ongoing management activities.
As an evaluation of this review, we will comment on
each of Shaffer’s 5 points.
Regarding Shaffer’s first demand that demographic
rates and variances be updated, this now has been done
in some detail for the GYE, and Servheen et al. (1994)
have recently done the same for the NCDE and Selkirk
populations.
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We find Shaffer’s second suggestion to partition variability more problematic. Our survival analyses partitioned survival variance into various components
attributable to selected covariates including density.
However, we do not have sufficient information to permit partitioning of variance into demographic, environmental, catastrophic and genetic components. Even
though there were years of low reproduction (cf. Figs. 14
and 15), and years when the bears suffered extensive
mortality subsequent to dump closures (Craighead et al.
1995), we find no evidence of catastrophes affecting grizzly bear vital rates. Anticipating some future epidemic
or severe climate change is beyond our vision without
some historical basis. One might imagine that burning
more than 33% of YNP might constitute a catastrophe,
but apparently few bears died in the fires, and no evidence exists of increased mortality or reduced reproduction related to the fires (Blanchard and Knight 1990). If
anything, bear populations have been increasing since
the fires of 1988 due possibly in part to increased availability of herbaceous forage in burned areas and ungulate carcases immediately after the fires. We have no
basis whatsoever for characterizing genetic stochasticity
for grizzly bears or any other species of which we are
aware.
The third charge to update a PVA model, is probably
accomplished with this monograph, although we make
no pretenses of having evaluated the “full range of chance
events that can affect population lifetimes.” We would
argue, however, that chance events are not as serious a
concern for the future of grizzly bears in the Rocky Mountains as the deterministic erosion of habitats for the species associated with human development and resource
extraction. Furthermore, management will find it easier
to cope with the deterministic trends.
Estimated population lifetimes for an array of population sizes from 50 to 350 were calculated (Fig. 11). Expected times to extinction became so large for larger
populations that plotting them obscures values in the more
plausible range.
Finally, Shaffer’s suggestion that models should generate hypotheses that then should be tested by experimental management programs is precisely the message of
adaptive management (Walters 1986). Previous efforts
postulated that reducing mortality would allow bear populations to increase (Knight et al. 1988). This appears to
have worked. The next step is to develop a habitat-based
PVA that will allow management to follow up on land
use changes and document the consequences on grizzly
bear populations. Monitoring the response to management will provide the data necessary to evaluate and refine the model until we have a model with true predictive

capability.
Adaptive management approaches will be crucial to grizzly bear management in the future, because the future is
uncertain. A number of questions surround the future of
grizzly bear food resources and habitats in the GYE, for
example: The introduction of lake trout (Salvelinus
namaycush) into Yellowstone Lake may decrease the
availability of cutthroat trout (Knight 1998). Pesticide
use may reduce army cutworm moths or have toxic consequences for bears. Agricultural interests have called
for reduced populations of both elk and bison to reduce
risks of transmission of brucellosis to cattle (Cheville et
al. 1998). White-pine blister rust may gradually eliminate whitebark pine (Pinus albicaulis) in the GYE as it
has in the NCDE (Knight 1998). And increasing human demand for recreational areas and development will
pose ever-increasing conflicts with grizzly bears.
We do not believe that this monograph or any of the
studies that we have reviewed constitute a sufficient PVA
for grizzly bears. We believe that the next step in PVA is
linking grizzly bear population viability to habitats. Such
an effort will increase confidence in assessments of the
viability of grizzly bear populations in the GYE and
throughout the Rocky Mountains. The necessary theory
(Manly et al. 1993), model structures (Boyce et al. 1994,
Mladenoff et al. 1995), technology (GIS), and baseline
data (CEM) exist to perform such an analysis. Our ability to manage for the long-term viability of grizzly bears
depends upon such an integration of population biology
and GIS at a broad landscape scale.
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