The Journal of Wildlife Management 84(4):759–774; 2020; DOI: 10.1002/jwmg.21837

988

Research Article

Are Sage‐Grouse Fine‐Scale Specialists or
Shrub‐Steppe Generalists?
JOSEPH T. SMITH

,1 Wildlife Biology Program, University of Montana, Missoula, MT 59812, USA

BRADY W. ALLRED, College of Forestry and Conservation, University of Montana, Missoula, MT 59812, USA
CHAD S. BOYD, U.S. Department of Agriculture Agricultural Research Service, Eastern Oregon Agricultural Research Center, Burns, OR 97720, USA
JOHN C. CARLSON, U.S. Department of Interior Bureau of Land Management, Billings, MT 59101, USA
KIRK W. DAVIES, U.S. Department of Agriculture Agricultural Research Service, Eastern Oregon Agricultural Research Center, Burns, OR 97720, USA
CHRISTIAN A. HAGEN, Department of Fisheries and Wildlife, Oregon State University, Corvallis, OR 97331, USA
DAVID E. NAUGLE, Wildlife Biology Program, University of Montana, Missoula, MT 59812, USA
ANDREW C. OLSEN

, Department of Fisheries and Wildlife, Oregon State University, Corvallis, OR 97331, USA

JASON D. TACK, U.S. Department of Interior Fish and Wildlife Service, Habitat and Population Evaluation Team, Missoula, MT 59812, USA

ABSTRACT Sage‐grouse (Centrocercus spp.) are inﬂuencing rapidly evolving land management policy in

the western United States. Management objectives for ﬁne‐scale vegetation characteristics (e.g., grass
height >18 cm) have been adopted by land management agencies based on resource selection or relationships with ﬁtness proxies reported among numerous habitat studies. Some managers, however, have
questioned the appropriateness of these objectives. Moreover, it remains untested whether habitat–ﬁtness
relationships documented at ﬁne scales (i.e., among individual nests within a study area) also apply at scales
of management units (e.g., pastures or grazing allotments), which are many orders of magnitude larger. We
employed meta‐analyses of studies published from 1991 to 2019 to help resolve the role of ﬁne‐scale
vegetation structure in nest site selection and nest success across the geographic range of greater sage‐grouse
(C. urophasianus) and evaluate the validity of established habitat management objectives. Speciﬁcally,
we incorporated eﬀects of study design and functional responses to resource availability in meta‐regression
models linking vegetation structure to nest site selection, and used a novel meta‐analytic approach to
simultaneously model vegetation structure and its relationship to nest success. Our approach tested habitat
relationships at a range‐wide extent and a grain size closely matching scales at which agencies make
management decisions. We found moderate, but context‐dependent, eﬀects of shrub characteristics and
weak eﬀects of herbaceous vegetation on nest site selection. None of the tested vegetation characteristics
were related to variation in nest success, suggesting nesting habitat–ﬁtness relationships have been inappropriately extrapolated in developing range‐wide habitat management objectives. Our ﬁndings reveal
surprising ﬂexibility in habitat use for a species often depicted as having very particular ﬁne‐scale habitat
requirements, and cast doubt on the practice of adopting precise management objectives for vegetation
structure based on ﬁndings of individual small‐scale ﬁeld studies. © 2020 The Authors. The Journal of
Wildlife Management published by Wiley Periodicals, Inc. on behalf of The Wildlife Society.
KEY WORDS Centrocercus urophasianus, functional response, habitat, meta‐analysis, micro‐habitat, nest success,
sage‐grouse, scale, selection.

Rangeland ecosystems of North America are beset by persistent and pervasive anthropogenic land‐use and land cover
change. Agents of change include woodland expansion
(Briggs et al. 2005, Romme et al. 2009), positive feedbacks
between exotic annual grasses and wildﬁre (D'Antonio and
Vitousek 1992), energy and infrastructure development
(Allred et al. 2015), cropland conversion (Lark et al. 2015),
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and residential development (Hansen et al. 2002, Galvin
and Ellis 2008). These broad‐scale threats continue to erode
ecosystem services and habitat for sensitive species despite
extensive documentation of eﬀects and existing regulatory
frameworks, leading some to question the adequacy of
conservation and management paradigms for rangelands
and their inhabitants (Briske et al. 2003, Boyd et al. 2014).
Sage‐grouse (Centrocercus spp.) are intensively studied
species inﬂuencing rangeland management policy in the
western United States. As sensitive and charismatic sagebrush (Artemisia spp.) obligates, sage‐grouse have become a
primary focal point for conservation and management of
sagebrush rangelands, which are among the most imperiled
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ecosystems in North America (Noss et al. 1995). Sometimes
called landscape species because of their large area requirements and use of diverse seasonal habitats throughout
their life‐cycle (Knick and Connelly 2011), sage‐grouse
populations are sensitive to disturbances at large spatial
scales (Aldridge et al. 2008, Naugle et al. 2011, Baruch‐
Mordo et al. 2013, Smith et al. 2016). Nevertheless, ﬁne‐
scale metrics (e.g., food, cover) remain a cornerstone of
habitat management even as broad‐scale threats continue to
diminish usable space (Guthery 1997). Misalignment between the focal scale of management and ultimate causes of
population declines has contributed to the failure to recover
other species (e.g., northern bobwhite quail [Colinus
virginiana]; Williams et al. 2004). Thus, a better understanding of the importance of ﬁne‐scale habitat attributes
will help managers eﬀectively prioritize limited resources.
Habitat management guidelines for sage‐grouse were built
upon a foundation of decades of research examining links
between vegetation structure measured at ﬁne grain sizes
(mostly <1 ha) and individual‐level ﬁtness proxies (Fig. 1).
In the most‐cited publication on sage‐grouse to date,
Connelly et al. (2000) informally synthesized available
studies to develop vegetation management objectives that
have been widely incorporated into documents guiding
management of federally administered lands in the United
States (Stiver et al. 2015, U.S. Fish and Wildlife Service
2015). These objectives include heights and percent cover of
major vegetation functional groups for breeding, brood‐
rearing, and winter habitats (Connelly et al. 2000:977).
However, recognizing the inherent heterogeneity of sagebrush ecosystems, managers have questioned the feasibility
and eﬃcacy of these objectives (Schultz 2004, Davies et al.
2006, Dahlgren and Thacker 2019).
Scale is central to 2 primary criticisms of vegetation
management objectives. First, these objectives represent an
eﬀort to summarize ﬁndings of studies conducted across a
geographic range characterized by marked spatial and
temporal heterogeneity in vegetation composition and
structure. Behavioral plasticity or local adaptation may
preclude generalization of habitat relationships across a
species' range (Morrison 2012). If habitat relationships
are largely idiosyncratic, range‐wide targets for optimal
ﬁne‐scale habitat structure may be inappropriate in many

local circumstances. Second, inference from ﬁne‐scale
habitat studies may be wholly inadequate to predict outcomes of large‐scale management manipulations on vital
rates of populations (Bro et al. 2004). With few exceptions
(Smith and Beck 2018, Smith et al. 2018b), eﬀects of extensive vegetation manipulation on sage‐grouse demography
are poorly studied. Habitat management guidelines and
monitoring assessments thus rest on the assumption that
ﬁne‐scale habitat relationships scale up to predict eﬀects
of manipulating vegetation at management scales (e.g.,
pastures, ranches, allotments; Fig. 1). This is a precarious
assumption given that scale‐dependence is a pervasive
quality of ecological patterns, including habitat relationships
(Wiens 1989, Rettie and Messier 2000, Bissonette 2013).
Our motivation was to clarify relationships between ﬁne‐
scale vegetation structure and sage‐grouse resource selection
and demography and test whether patterns from which
widely used management objectives were derived apply at
management‐relevant scales. Focusing speciﬁcally on
nesting habitat, we approached this by conducting meta‐
analyses of nesting studies from across the range of greater
sage‐grouse (C. urophasianus). We limited our analysis to
nesting habitat because, as the most thoroughly studied
seasonal habitat, many studies with similar protocols and
reporting comparable data were available. Furthermore, nest
success is among the most important factors inﬂuencing
population growth in sage‐grouse (Taylor et al. 2012,
Dahlgren et al. 2016) and hence a common management
target (Doherty et al. 2014, Severson et al. 2017, Smith
et al. 2018b). The scale of our analysis is novel for this
species and confers several advantages. First, the extent of
our analysis spans the species' geographic range and,
therefore, encompasses a gradient of vegetation characteristics appropriate for testing management guidelines applied
at the species level (Morrison 2012). Second, nesting studies
are conducted over areas ranging from approximately
100 km2 to several thousand square kilometers (median reported study area size among studies in this meta‐analysis
was 1,250 km2), which is a grain size comparable to management units in this region (Fig. 1).
Our ﬁrst objective was to quantify selection for nest site
characteristics, expanding on an earlier meta‐analysis of
sage‐grouse nesting habitat selection (Hagen et al. 2007).

Figure 1. The grain sizes of plots used to quantify vegetation structure at sage‐grouse nest sites correspond to Johnson's (1980) deﬁnition of third and fourth
orders of habitat. Inference from ﬁne‐grain studies has strongly inﬂuenced management of vegetation at much larger spatial scales. For example, the
19,537 Bureau of Land Management grazing allotments in the United States occupied by greater sage‐grouse are characteristic of the grain size at which
management assessments and decisions are made. Because habitat relationships are often scale‐dependent, relationships between average vegetation structure
and demographic rates among studies in North America from 1991–2019 may reveal more about the likely eﬀects of management than inference from
individual‐level, ﬁne‐grain studies.
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Capitalizing on the proliferation of sage‐grouse nesting
habitat studies during the intervening decade, we tested
several potential sources of variation in strength of selection
for nest site characteristics among studies. These included
elements of study design and behavioral responses to variation in ecological context. Because selection for critical
resources should appear stronger where the availability of
those resources is low (i.e., functional response; Mysterud
and Ims 1998, Matthiopoulos et al. 2011), testing for relationships between selection strength and availability
should help identify particularly important nest site characteristics. Our second objective was to test for relationships
between ﬁne‐scale vegetation structure and nest success
rates among studies to identify variables likely to inﬂuence
sage‐grouse productivity if manipulated over large areas via
management. Finally, we sought to quantify the agreement
between ﬁne‐scale nest site habitat structure among studied
populations and the objectives proposed in Connelly et al.
(2000) and widely used by land management agencies.

METHODS
Literature Review
We searched Web of Science, ProQuest Dissertations, and
Google Scholar for published studies, theses, dissertations,
and reports. Our search keywords included sage‐grouse, nest
or nesting, selection or success or survival, and habitat or
vegetation. We also reviewed cited literature from previous
sage‐grouse habitat and vital‐rate reviews, including Connelly
et al. (2000), Hagen et al. (2007), and Taylor et al. (2012).
Finally, we contacted principal investigators of several recent
or ongoing nesting studies to request unreported summary
statistics. We included only studies that reported means and
standard errors or standard deviations of ≥1 of the following
vegetation structural characteristics at nest sites and, where
provided, available sites: percent cover of shrubs, percent
cover of sagebrush, percent cover of grasses, percent cover of
forbs, height of shrubs, height of live grasses, and height of
residual or senesced grasses. If grass height was reported
without distinguishing between live and senesced, we considered it a measurement of live grasses because measurements were of the tallest portion of a plant and heights of live
grasses almost always exceeded those of senesced grasses.
When vegetation cover variables were reported as sub‐
categories of the variables we examined (e.g., percent cover of
short, medium height, and tall shrubs; Gregg 1991), we
calculated means and standard deviations of the sums of the
sub‐categories to derive the desired variable. When statistics
were reported separately for diﬀerent groups of nests (e.g.,
successful vs. failed or nests in diﬀerent substrates or vegetation types), we calculated pooled means and standard deviations. We recorded several methodological variables,
including the size of vegetation plots and methods used to
estimate height and percent cover of herbaceous vegetation.
When available, we recorded estimates of nest success, the
number of monitored nests, type of transmitter used on
monitored females, typical nest monitoring interval (e.g.,
Smith et al. • Sage‐Grouse Nesting Habitat

daily, weekly), and nesting period to which the nest success
estimate pertained (laying, incubation, or both).
Bayesian Meta‐Analytical Approach
We used Bayesian methods to estimate parameters while
accounting for variable sample sizes, study designs, and
heterogeneity in ecological context among studies that
might aﬀect responses. We used a multi‐level modeling
approach, employing global regression coeﬃcients and hyperparameters to model variation in responses among
studies and study units (i.e., data from diﬀerent sites or years
reported in the same study). We used reported estimates
and their uncertainties to estimate latent (unobserved)
population parameters at each study unit i, i = 1, …, N.
Because a number of unreported factors can introduce
measurement‐related errors into estimates of vegetation
cover or height, we included study unit‐ and variable‐
speciﬁc measurement error terms to model this variation.
We ﬁt models with Markov chain Monte Carlo (MCMC)
methods in JAGS (Plummer 2003) via the rjags (Plummer
2016) package in R (R Development Core Team 2014). We
report medians and 95% highest posterior density intervals
of MCMC samples of posterior distributions for parameters
of interest. The JAGS model code is available online in
Supporting Information.
Nest Site Selection
Our primary objectives in analyzing nest site selection studies
were to estimate strength of selection for vegetation characteristics and identify functional responses to availability.
Rather than restrict our analysis to studies reporting estimated
coeﬃcients from resource selection models (e.g., resource
selection functions), we used Hedges' g′ (Hedges 1981) as a
common measure of selection that allowed us to incorporate
information from any study reporting distributions of vegetation characteristics among a sample of nests and a sample of
availability. Brieﬂy, Hedges' g′ expresses the diﬀerence between the estimated means of 2 groups in units of their
weighted, pooled standard deviation (Hedges 1981). In our
study, g′ indicates the diﬀerence between the means of vegetation characteristics at use samples (nest sites) and availability samples (random sites). In this context, g′ > 0 is
consistent with selection and g′ < 0 avoidance.
A previous meta‐analysis of sage‐grouse nest site selection
assumed strength of selection arose from a common distribution (Hagen et al. 2007). We took advantage of the
larger number of studies now available to test potential
sources of variation in gi′. In particular, we tested for a linear
relationship between gi′ and mean availability (XiA ) , representing a hypothesized functional response in which
strength of selection depends on availability. We also estimated eﬀects of 2 elements of study design we hypothesized
could aﬀect the magnitude of gi′. First, we considered an
eﬀect for paired study designs where the availability sample
was spatially constrained to within an easily traversed distance (usually 100–500 m) of used sites (paired = 1 if constrained; otherwise, paired = 0). This could aﬀect the
diﬀerences between available and used sites because of
hierarchical resource selection or spatial autocorrelation in
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vegetation structure. Second, studies measure vegetation
using various grain sizes (i.e., the diameter or width of the
vegetation plot centered at the point of interest), ranging
from 2–60 m (median = 10) for herbaceous vegetation variables and from 2–100 m (median = 30) for shrub variables.
Therefore, we grouped studies into 2 categories indicating
those where vegetation was measured at grain sizes >20 m
(large grain = 1) or a smaller grain size (large grain = 0).
We ﬁt a separate model for each recorded vegetation
metric, using reported means, x U
̅ and x ̅ A , at use (U) and
availability (A) samples to estimate latent true means, XU
and XA, of the vegetation characteristics at each i study unit:

MCMC convergence when we placed a vague uniform prior
on the standard deviation among measurement errors (σϵ)
so we ﬁxed σϵ equal to 10% of the overall mean of x ̅ A among
included study units. We felt it was reasonable to expect
measurement errors would fall within this distribution.
Reasonable values of g′ were in the range of −3 to 3 so we
placed U(−5,5) priors on regression coeﬃcients and U(0,5)
priors on σα and σγ. JAGS code is available online in
Supporting Information. Inference was based on 20,000
MCMC samples, 10,000 each from 2 independent
chains, after discarding 251,000 burn‐in samples from each
chain.

xi̅U ∼ N (XiU + ϵi , SE (x ̅ )Ui )

Nest Success
To assess relationships between nest success and vegetation
characteristics, we ﬁt 2 meta‐regression models with nest
success (S) as the dependent variable. In the ﬁrst model, we
used average vegetation characteristics at nests as predictors
(i.e., use model), and in the second model we used the same
characteristics measured at available sites (i.e., availability
model). We chose to ﬁt the second model for 2 reasons.
First, samples of availability are most directly relevant to
managers, who often do not have the beneﬁt of marked
individuals and known nest sites and instead must judge
habitat quality based on a representative sample of potential
nesting habitat. Second, if use was found to be relatively
invariant across a gradient of availability, then availability
data might contain information about eﬀects of vegetation
structure on nest success that use data alone would lack.
We ﬁrst standardized study unit‐level estimates of S (sˆi ) to
reﬂect the probability of a nest surviving a 37‐day laying and
incubation period using methods of Johnson and Klett (1985).
We assumed incubation was initiated 1.5 monitoring intervals
(F; the typical number of days between monitoring events)
before nests were discovered to estimate the average exposure
period (E; in days) of successful nests for each study.
Incubation averages 27 days (Blomberg et al. 2015), so the
exposure period Ei = 27 − 1.5Fi. We then calculated daily
= sˆi1 / Ei . We
survival rate during incubation: DSR incubation
i
found only 2 studies that attempted to estimate daily survival
rate separately for laying and incubation. Walker (2008) reported DSR was slightly higher, whereas Gibson et al. (2015)
reported DSR was slightly lower, during laying than during
incubation. Therefore, we assumed daily survival during
laying, which averages 10 days (Blomberg et al. 2015), was
equal to daily survival during incubation. We calculated an
adjusted estimate of the probability of a nest surviving from
the beginning of laying to hatch: sˆi′ = DSR i37 . We did not
adjust estimates of nest success that already included the laying
and incubation periods (i.e., sˆi′ = sˆi ), and set Ei to 27 days for
studies that estimated nest success for the whole incubation
period. We excluded studies that used poncho‐type transmitters (Amstrup 1980) because they are highly visible and
may increase probability of detection by predators or alter the
relationship between concealment and predation risk (Taylor
et al. 2012). Preliminary analysis conﬁrmed that standardized
estimates of nest success were signiﬁcantly lower among study
units in which poncho‐type transmitters were used.

xi̅ A ∼ N (Xi A + ϵi , SE (x ̅ )iA ),
where SE (x ̅ )Ui and SE (x ̅ )iA are the reported standard errors
associated with xi̅U and xi̅ A , respectively, and ϵi is an additive
measurement error term accounting for various unreported
sources of heterogeneity such as observer eﬀects or phenological stage of vegetation. We assumed ϵi was equal among
used and availability samples within a study unit, and normally distributed with mean 0 and standard deviation σϵ.
We assumed availability at each study unit, Xi A , arose
from a log‐normal distribution with a global mean, μA, and
standard deviation, σA:
ln (Xi A ) ∼ N (μ A , σ A ) ,

and use was related to availability via the standardized difference g′, which we scaled by the pooled standard deviation
s(x)pooled among use and availability samples:
pooled

XiU = gi ′s (x )i

pooled
s (x ) i

=

+ Xi A

(niU − 1) s (x )Ui + (ni A − 1) s (x )iA
niU + ni A − 2

,

where niU and ni A are sample sizes of use and availability
samples and s (x )Ui and s (x )iA are the reported standard
deviations at use and availability samples.
We modeled variation in gi′ with a linear model including
an intercept and eﬀects of estimated availability Xi A (i.e., a
functional response), paired sampling design, and large
(>20 m) measurement grain, and random eﬀects for study
(αj) and study unit (γi):
gi′ = β0 + β1 Xi A + β2 pairedi + β3 large graini + αj [i ] + γi

αj ∼ N (0, σ α ) , for j = 1, …, J ,
γi ∼ N (0, σ γ ) .

We placed compact but relatively uninformative U(−5,5)
and U(0,5) priors on global (log‐scale) means (μA) and
standard deviations (σ A). We experienced diﬃculty with
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Because diﬀerent subsets of the 6 tested vegetation
variables were measured or reported among studies with
estimates of nest success (range = 2–6, median = 4), we
estimated parameters of a global‐level (i.e., range‐wide)
multivariate log‐normal distribution to help estimate the
complete latent vector of true means of all 6 vegetation
characteristics (Xi) at each study unit. These study
unit‐level latent parameters are, therefore, estimated with
information about the distributions of, and correlations
among, vegetation characteristics across the range in addition to the reported study unit‐level data. This approach
allowed us to include all studies with estimates of nest
success regardless of the particular subset of reported
vegetation variables and explicitly accounts for the sampling and measurement error in the independent variables.
We modeled nest success as a binomial process using integer
outcomes trials and successes comparable across i study units:
successesi ∼ Binomial (trialsi , Si ) ,

where trialsi was the total number of nests used to estimate
reported sˆi′, and successesi was derived as the product sˆi′ ×
trialsi rounded to the nearest integer. This obviated the need
to incorporate estimates of variance from each study unit,
which were frequently unavailable (e.g., for studies supplying only apparent nest success), because the variance of a
binomial random variable depends only on probability of
success and number of trials.
We modeled variation in nest success Si with a regression
model of the form:

ln (Xi ) ∼ MVN( μ, Σ) .

Because of collinearity among predictors (some |r| > 0.7),
we used Bayesian variable selection with indicator variables
(Kuo and Mallick 1997) to simultaneously identify the most
supported subset of predictors and estimate their eﬀects
(Mutshinda et al. 2013, Ghosh and Ghattas 2015).
Regression coeﬃcients (β) were the product of vectors of independent binary indicator variables (I) and continuous eﬀect
size parameters (θ): β = Iθ. We calculated posterior model
probabilities and Bayes factors from the posterior distribution
of I to express the relative evidence for each candidate model.
We placed a N(0,1.6) prior on β0, resulting in an approximately U(0,1) prior on the probability scale. We placed independent Bernoulli(0.5) priors on indicators. We held total
model uncertainty constant across candidate models by scaling
the prior on eﬀect sizes (θ) by the total number of variables in
the model at each step in the MCMC chain (Link and Barker
2006; see JAGS code in Supporting Information). We placed
U(0,10) priors on standard deviations of study and study unit‐
level eﬀects (σα and σγ). We used a scaled inverse‐Wishart
prior (Gelman and Hill 2006) on parameters μ and Σ of the
global multivariate normal distribution. This relaxed constraints imposed on the standard deviations and correlations
of a multivariate normal distribution by a standard inverse‐
Wishart prior, and involved estimating independent scaling
parameters (ξk) for each variable and an unscaled variance‐
covariance matrix (Q) to derive the elements of the mean
vector μ, variance‐covariance matrix Σ, and correlation matrix
ρ. We placed ﬂat priors on each scaling parameter,

ξk ∼ U (0,100)

logit (Si ) = β0 + βXi + αj [i ] + γi .

We included group‐level eﬀects to account for unmeasured variables at the study level (e.g., observer eﬀects):

and an inverse‐Wishart prior with degrees of freedom = K + 1
and scale = I (the K × K identity matrix) on the unscaled
variance‐covariance matrix,

αj ∼ N (0, σ α )

Q ∼ Inv‐WishartK + 1 (I) .

and study unit level (e.g., weather, predator abundance or
community composition, age structure, average body condition) that could aﬀect nest success independent of eﬀects
of vegetation:

The variance‐covariance matrix Σ was then derived as:

γi ∼ N (0, σ γ ) .

We modeled reported means of vegetation characteristics
(xik̅ ) as arising from latent means Xik, which were unobservable because of sampling and measurement error:
xik̅ ∼ N (Xik + ϵik, SE (x ̅ )ik) ,

where SE (x ̅ )ik is the reported standard error, and ϵik is an
additive measurement error term accounting for unreported
sources of heterogeneity such as observer eﬀects or phenological stage of vegetation. We assumed measurement errors
(ϵik) were normally distributed with mean 0 and standard
deviation σkϵ , on which we placed U(0,10) priors. We estimated vectors of latent means of vegetation characteristics
(Xi) using a multivariate log‐normal distribution,
Smith et al. • Sage‐Grouse Nesting Habitat

Σ = Diag (ξ) Q Diag (ξ) .
We derived elements of the mean vector ( μ) by multiplying a vector of unscaled (raw) mean parameters (μraw) by
the vector of scaling parameters ξ. We placed vague normal
priors on the raw mean parameters,
μkraw ∼ N (0,100) .

We derived standard deviations from the scale parameters
and elements of the unscaled variance‐covariance matrix,
σk = ξk Qkk

and correlations,

ρkl = Σkl /(σkσl ) (Gelman and Hill 2006) .
Variation in vegetation measurement methods among studies
posed a potential source of error in our meta‐regressions.
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Therefore, we conducted a sensitivity analysis to explore the
potential eﬀect of bias associated with variation in methods for
measuring grass height (Appendix A) and, using simulations,
developed correction factors to standardize canopy cover estimates prior to model ﬁtting (Appendix B). JAGS code is
available online in Supporting Information. Inference from nest
success models was based on 100,000 MCMC samples, 50,000
each from 2 independent chains, after discarding 1,010,000
burn‐in samples from each chain.
Assessment of Objectives
To compare the published management objectives in
Connelly et al. (2000: table 3) and Stiver et al. (2015: table 5
and form S‐3) to the multivariate distribution of vegetation
structure among study areas, we derived the following variables from our nest success models. For each iteration l of
the MCMC chain, we reclassiﬁed the N × K matrix of
latent true means of vegetation structural characteristics (Xl)
into a binary matrix (Gl), indicating whether each variable
fell within the most permissive range prescribed in the objectives (i.e., sagebrush cover 15–25%, shrub height 30–
80 cm, grass cover >10%, forb cover >5%, residual or live
grass height >18 cm [the objectives do not discriminate
between live and residual grass]). We then summed Gl by
row to derive a vector of length N indicating the estimated
number of objectives met at each study unit (Ml, integer
from 0–5). Finally, we reclassiﬁed Ml to a binary breeding
habitat suitability vector (1 if Mil = 5, else 0), and took
the mean across study units to arrive at an estimate of the
proportion of N study units deemed fully suitable by the
guidelines. We report the median and 95% credible interval
(CRI) of this derived variable for use and availability
models, and provide histograms of the estimated number of
objectives met among study units.

RESULTS
Our search yielded 43 studies meeting our criteria for inclusion (Fig. 2; Tables S1–S9, available online in Supporting
Information), including 25 theses or dissertations, 13 peer‐
reviewed articles, and 5 government reports. We contacted
the authors of several studies that reported relevant statistics
but pooled data from >1 study area separated by >25 km and
were subsequently provided the unpooled statistics from 2 of
those studies (Doherty 2008, Kirol et al. 2012). We excluded
10 study units from 5 studies from the nest success meta‐
analyses because the investigators used poncho transmitters
(Gregg 1991, Fischer 1994, Hanf et al. 1994, Apa 1998,
Sveum et al. 1998). The ﬁnal dataset included studies from
all 11 states in the United States and 2 Canadian provinces
occupied by greater sage‐grouse, and all 7 management
zones (Fig. 2).
Nest Site Selection
Gelman diagnostics (<1.1) and visual examination of
posterior distributions indicated adequate mixing and
convergence among MCMC chains for all variables.
Model estimates of latent parameters XU and XA were
strongly correlated (r ≥ 0.98) with reported means x U
̅ and
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x ̅ A for all vegetation characteristics. Selection for all
vegetation characteristics tended to be positive (Fig. 3;
Fig. S1, available online in Supporting Information), and
the strongest selection was for sagebrush cover, total shrub
cover, and shrub height (Table 1). A functional response
was strongly supported only for sagebrush cover
(β1 = −0.03, 95% CRI = −0.04 to −0.02), total shrub
cover (β1 = −0.02, 95% CRI = −0.03 to −0.01), and
shrub height (β1 = −0.01, 95% CRI = −0.02 to 0.00). A
functional response to availability was weakly supported
for live grass height (β1 = −0.01, 95% CRI = −0.03 to
0.01). Across nearly all tested variables, selection appeared
stronger when available sites were sampled using a random
(study area‐wide) sampling scheme (β2 < 0; Table 1), with
live and residual grass heights the exceptions to this trend.
However, credible intervals for β2 overlapped zero for all
variables (Table 1). Estimated coeﬃcients of the forb
cover model indicated there may be weak selection for
nesting areas with greater forb cover but that this eﬀect
diminishes or even reverses at smaller spatial scales captured with paired availability sampling. Grain size had less
inﬂuence on strength of selection; point estimates of β3
were mostly negative, suggesting studies measuring vegetation characteristics within 20 m of the point of interest
better diﬀerentiate nests from available points, but
credible intervals for β3 widely overlapped zero for all
variables (Table 1). This is consistent with previous research reporting strong cross‐scale correlations (r ≥ 0.8)
for vegetation characteristics measured around sage‐
grouse nests (Gibson 2015).

Nest Success
Standardized estimates of nest success (sˆ′) ranged from 0.10
to 1.0 (x ̅ = 0.36; Table S2). Ninety study units from J = 35
studies were included in the use model, and 77 study units
from J = 28 studies were included in the availability model.
Gelman diagnostics (<1.1) and visual examination of posterior distributions indicated adequate mixing and convergence among MCMC chains for all parameters for use
and availability models.
For the use model, the posterior mean inclusion probability, P(Ik = 1), of all vegetation variables was <0.5 and the
model containing only the intercept and random eﬀects
received strong support with a Bayes factor (BF) of 6.60
(Table 2). The second‐ranked model (BF = 2.63) included a
weak negative eﬀect of forb cover (β3 = −0.09, 95%
CRI = −0.28 to 0.10) and the third‐ranked model
(BF = 1.99) included a weak negative eﬀect of live grass
height (β5 = −0.07, 95% CRI = −0.25 to 0.12) on nest
success. Conditioned on the top model, the intercept
(β0 = −0.71, 95% CRI = −0.92 to −0.51) indicated global
average nest success for a 37‐day exposure period was 0.33
(95% CRI = 0.29–0.38). Study‐level variation (σα = 0.42,
95% CRI = 0.21 to 0.64) was similar to study unit‐level
variation (σγ = 0.43, 95% CRI = 0.29 to 0.57), consistent
with the fact that these groupings were often redundant
because many studies (22 of 35) contributed only a single
nest success observation.
The Journal of Wildlife Management • 84(4)

Figure 2. Sage‐grouse nesting studies across North America included in meta‐analyses of the eﬀects of vegetation characteristics on nest site selection and
nest success based on studies from 1991–2019. Colored polygons represent sage‐grouse management zones (Stiver et al. 2006), with the estimated current
range of greater and Gunnison (Centrocercus minimus) sage‐grouse depicted by darker shading (Schroeder et al. 2004).

The availability model yielded qualitatively similar results
but with slightly more model uncertainty (Table 2).
Posterior mean inclusion probabilities of all vegetation effects were <0.50. The top‐ranked intercept‐only model
(BF = 5.52) received more than twice the weight of the
second‐ranked model (BF = 2.52), which included a slight
positive eﬀect of sagebrush cover on nest success (β1 = 0.12,
95% CRI = −0.14 to 0.40). The third ranked model
(BF = 2.24) included a weak negative eﬀect of live grass
height (β5 = −0.10, 95% CRI = −0.30 to 0.12). The top‐
ranked model intercept (β0 = −0.76, 95% CRI = −1.0 to
−0.49), study‐level standard deviation (σα = 0.47, 95%
CRI = 0.23 to 0.73), and study unit‐level standard deviation
(σγ = 0.43, 95% CRI = 0.28 to 0.58) were similar to the use
model.
Among studies, there were strong correlations between
sagebrush cover and shrub height (ρ = 0.80), grass and forb
cover (ρ = 0.70), and heights of live and residual grasses
(ρ = 0.70) at nest sites. Grass cover and residual grass
height were moderately correlated (ρ = 0.61), and shrub
Smith et al. • Sage‐Grouse Nesting Habitat

characteristics were moderately to weakly negatively correlated with most herbaceous vegetation characteristics
(Table 3). Correlations among vegetation characteristics at
available sites were generally similar to correlations at used
sites (Table 3).
Correcting grass heights to account for diﬀerences in
measurement methods did not change inference with regard
to the eﬀect of grass height on nest success. The intercept‐
only model retained the most support for both use and
availability models and the direction of coeﬃcients for grass
height remained negative among lower‐ranked models
(Appendix A).
Assessment of Objectives
Mean vegetation structure at nest sites was estimated to
meet all 5 breeding habitat objectives from Connelly et al.
(2000:977) in 11.1% (95% CRI = 5.5 to 16.6%) of 90 study
units (Fig. 5A). Mean vegetation structure at available sites
met all 5 objectives in an estimated 5.2% (95% CRI = 0.0 to
10.3%) of 77 study units (Fig. 5B). Consistent with the lack of
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Figure 3. Mean percent cover and height of vegetation functional groups at greater sage‐grouse nest sites relative to availability across North America based
on studies from 1991–2019. Colors correspond to sage‐grouse management zones (Stiver et al. 2006), and point size is proportional to sample size (number
of nests). A 1:1 slope is indicated by solid black lines.

association between nest success and any of the tested vegetation variables (Figs. S1 and S2), there was no apparent relationship between nest success and the number of guidelines
met at nests or available sites (Fig. 5).

DISCUSSION
Consistent with a view of sage‐grouse nesting habitat as
essentially homogeneous environments where predation risk
is unpredictable (Gerber et al. 2019), and in stark contrast to
the degree of specialization implied in management objectives, we show that nesting sage‐grouse are ﬁne‐scale
habitat generalists, selecting slightly shrubbier but otherwise
unremarkable patches of vegetation without consequences
for nest success. By highlighting the variability among
successfully exploited nesting habitats across their range, our
results challenge the validity of widely adopted habitat
management objectives. Among the most striking results
was the strong correlation between available and selected
nest sites (Fig. 3). Throughout their geographic range, sage‐
grouse select nest sites nearly indistinguishable from the
surrounding landscape. On average, only half a standard
deviation diﬀerentiated shrub structure at nest sites from
available sites (Fig. S1). For herbaceous vegetation characteristics, diﬀerences were even smaller.
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Use‐availability diﬀerences, including the metric used
herein (Hedges' g′; Fig. S1), should be viewed as hypothesis‐
generating patterns and, ideally, interpreted in conjunction
with inference on demographic performance. Previous habitat syntheses have overemphasized univariate diﬀerences
between use and availability, interpreting them as evidence
of ﬁtness consequences that inﬂuence patterns of selection
(Connelly et al. 2000, 2011; Braun et al. 2005). Such interpretations, however, may be confounded by even weak,
within‐study correlations among vegetation or abiotic variables (e.g., topographic position, aspect, or soil attributes).
For example, heights of live and residual grass were positively
correlated (0.15 < r < 0.25; J. T. Smith, University of
Montana, unpublished data) with sagebrush cover and
shrub height in central Montana (Smith et al. 2018a). Where
similar correlations exist, apparent selection for taller grasses
could be an artifact of true selection for shrub structure.
Studies employing multiple regression model‐based methods
less susceptible to confounding variables provide equivocal
support for selection of greater herbaceous vegetation height
or cover. Positive selection is supported in several of these
studies (Aldridge 2005, Holloran et al. 2005, Tack 2009,
Gibson et al. 2016) but unsupported in many others
(Aldridge and Brigham 2002, Kolada et al. 2009, Doherty
et al. 2010, Lockyer et al. 2015, Dinkins et al. 2016).
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Table 1. Parameter estimates (posterior medians) and highest posterior density 95% credible intervals (in parentheses) of meta‐regression models of eﬀects of ﬁne‐scale vegetation structure on nest site selection in
greater sage‐grouse, based on studies from across their geographic range in North America, 1991–2019. Parameters include an intercept (β0); eﬀects of availability (β1), paired sampling design (β2), and grain size (β3);
standard deviations for study‐ (σα) and study unit‐level (σγ) random eﬀects; and the range‐wide mean (μA) and standard deviation (σA) of availability (log scale) of each vegetation variable.
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Commonly, habitat studies sample only a small and biologically arbitrary subset of the species over a short period of
time, and are therefore unlikely to produce knowledge of
habitat relationships universally applicable to a species
(Morrison 2012, McKellar et al. 2014, Van Horne and
Wiens 2015). That none of the ﬁne‐scale vegetation metrics
identiﬁed in breeding habitat management guidelines scaled
up to predict range‐wide variation in nest success should
perhaps be unsurprising given the disagreement about such
relationships in the literature. The lack of association between vegetation structure and nest success at a range‐wide
scale does not imply local relationships do not exist. Rather,
it conﬁrms what an objective survey of the literature suggests, i.e., local relationships are variable and idiosyncratic,
such that range‐wide benchmarks for suitable breeding
habitat are of doubtful utility.
Eﬀective management of ecosystems upon which sensitive
species rely requires knowledge of system dynamics and responses to management actions spanning spatial and temporal
scales. Reductionist approaches yielding relationships among
constituent parts, typiﬁed by ﬁne‐scale, individual‐level habitat
studies, are necessary but insuﬃcient to gain such an understanding (Kessler et al. 1992, Bennetts et al. 1998, Bro et al.
2004). Rather, reliable knowledge of how management aﬀects
populations requires data at a scale that matches the question.
This could include large‐scale management experiments or
observational studies of actual management actions (Walters
and Holling 1990). Fortunately, such investigations are increasingly common (Monroe et al. 2017, Smith and Beck
2018, Smith et al. 2018b, Olsen 2019). For example, recent
management studies have aﬃrmed the eﬀectiveness of
watershed‐scale restoration of conifer‐invaded sagebrush rangelands (Severson et al. 2017, Olsen 2019) but have failed to
demonstrate clear beneﬁts of managing ﬁne‐scale vegetation
structure, e.g., via grazing management (Smith et al. 2018b) or
other treatments (Smith and Beck 2018) intended to increase
herbaceous understory cover.
Managers, who are charged with multiple, often competing goals with limited resources, may be justiﬁably
frustrated when scientiﬁc guidance proves a poor ﬁt for local
conditions. Available vegetation failed to meet the accepted
deﬁnition of suitable breeding habitat in 95% of reviewed
studies, leaving little doubt that many managers will ﬁnd
these targets diﬃcult, if not impossible, to achieve (Fig. 4).
Some variables (e.g., shrub height) are essentially unmanageable, whereas others (e.g., grass height, forb cover) exhibit considerable natural ﬂuctuation in response to
weather. With few tools available to achieve them, ambitious habitat management targets may predetermine a particular management action and limit managers' ﬂexibility to
respond appropriately to other local issues or management
goals. Lacking evidence that meeting these objectives provides demographic beneﬁts to the target species (Fig. 5),
eﬀort and resources spent pursuing them may be more
judiciously directed toward maintaining vegetation conditions that promote resistance to ecosystem‐scale threats
such as exotic annual grass invasion and woodland expansion and resilience to disturbances such as ﬁre and
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Table 2. Model ranks, posterior model weights, and Bayes factors for the 10 highest‐ranked meta‐regression models of eﬀects of ﬁne‐scale vegetation
structure on greater sage‐grouse nest success across their geographic range in North America, 1991–2019.

Use

Availability

a
b

Model (sign of coeﬃcient)

Posterior model weighta

Relative model weight

Bayes factorb

Intercept‐only
Forb cover (−)
Sagebrush cover (−)
Live grass height (−)
Grass cover (−)
Shrub height (−)
Residual grass height (−)
Grass cover (−) + live grass height (−) + residual grass height (+)
Live grass height (−) + residual grass height (+)
Forb cover (−) + residual grass height (+)
Intercept‐only
Sagebrush cover (+)
Live grass height (−)
Residual grass height (−)
Grass cover (−)
Live grass height (−) + residual grass height (−)
Forb cover (−)
Shrub height (−)
Sagebrush cover (+) + shrub height (−)
Sagebrush cover (+) + residual grass height (−)

0.095
0.040
0.031
0.030
0.029
0.027
0.026
0.024
0.023
0.022
0.081
0.038
0.034
0.032
0.025
0.023
0.023
0.022
0.022
0.022

1.00
0.42
0.32
0.32
0.31
0.28
0.28
0.26
0.24
0.23
1.00
0.48
0.43
0.39
0.32
0.28
0.28
0.28
0.27
0.26

6.60
2.63
1.99
1.96
1.93
1.73
1.70
1.58
1.49
1.42
5.52
2.52
2.24
2.06
1.67
1.48
1.47
1.43
1.40
1.36

Prior inclusion probability for each of k = 6 candidate variables was 0.5, so each of 2k possible models had a prior probability of 0.56 or 1/64.
The Bayes factor is the ratio of posterior odds to prior odds.

drought. Established and emerging tools are available to aid
managers in these eﬀorts (Pellant et al. 2005, Chambers
et al. 2017).
One‐size‐ﬁts‐all management prescriptions may have unintended detrimental eﬀects on ecosystems (e.g., by undermining the role of heterogeneity in giving rise to diversity;
Hiers et al. 2016). Sage‐grouse have been forwarded as surrogates for conservation of sagebrush‐associated fauna because they are sensitive to anthropogenic disturbance and
require large and diverse landscapes to carry out their life
cycle (Dobkin 1995). At broad scales, high overlap between
sage‐grouse and other sagebrush‐associated species supports
their potential eﬀectiveness as an umbrella species (Rowland
et al. 2005, Hanser and Knick 2011, Runge et al. 2019). The
coverage of the sage‐grouse conservation umbrella, however,
is largely a function of the heterogeneity represented across
their diverse seasonal habitats (Hanser and Knick 2011). At
scales ﬁner than annual home ranges (i.e., third‐ and fourth‐
order; Fig. 1), habitat preferences diverge and overlap with
sympatric species declines (Wiens et al. 1987, Timmer et al.
2019). If a desired outcome of management is to extend
beneﬁts to the widest possible variety of co‐occurring species,

heterogeneity at multiple scales should be an explicit management goal (Fuhlendorf et al. 2017). Precise ﬁne‐scale
habitat objectives instead direct managers' attention toward
eliminating undesired variation, with homogenization of
vegetation structure a probable consequence.

MANAGEMENT IMPLICATIONS
We emphasize the importance of matching range‐wide sage‐
grouse habitat management policies and guidelines with
habitat attributes that can be empirically shown to inﬂuence
sage‐grouse occupancy and demographic performance at
broad spatial scales. Our ﬁndings suggest common metrics of
vegetation structure have no consistent relationship with nest
success, an inﬂuential demographic rate for which management is commonly targeted, across the species' range. Nest
success is, however, only 1 of several important factors inﬂuencing sage‐grouse population dynamics. Generally, our
results suggest managers should be skeptical of recommendations that extrapolate habitat relationships beyond
their original spatial scale or ecological context. These should
be treated as hypotheses in need of testing before widespread
adoption.

Table 3. Parameter estimates (posterior medians) of a multivariate log‐normal distribution describing the range‐wide means (μ), standard deviations (σ),
and correlations (ρ) among 6 commonly reported vegetation characteristics at used (above diagonal) and available (below diagonal) greater sage‐grouse nest
sites across their range in North America, based on studies from 1991–2019.
Use
Variable
Sagebrush cover
Grass cover
Forb cover
Shrub height
Live grass height
Residual grass height
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ρ

Availability

μ

σ

μ

σ

Sagebrush
cover

3.11
2.46
1.82
3.72
2.79
2.47

0.42
0.62
0.70
0.30
0.38
0.60

2.85
2.27
1.62
3.62
2.66
2.24

0.39
0.69
0.72
0.34
0.42
0.64

−0.59
−0.46
0.74
−0.57
−0.43

Grass
cover

Forb
cover

Shrub
height

Live grass
height

Residual grass
height

−0.28

−0.04
0.70

0.80
−0.12
0.10

−0.50
0.33
0.23
−0.28

−0.46
0.61
0.37
−0.25
0.70

0.80
−0.25
0.40
0.55

−0.18
0.44
0.53

−0.47
−0.21

0.80
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Figure 4. Distribution of 20,000 draws from a multivariate log‐normal distribution characterizing average structural characteristics of dominant
vegetation functional groups at greater sage‐grouse nests (histograms), where we estimated the mean vector and variance‐covariance matrix with data
from 39 studies conducted across their range in North America from 1991–2019. In rug plots along the horizontal axis, ticks are positioned at the
estimated means at each of 90 study units. Shaded regions represent objectives for breeding habitat according to habitat management guidelines
(Connelly et al. 2000: table 3). Only 11% of nesting habitat across the range is estimated to meet all objectives. None of these vegetation characteristics
explained variation in nest success.

Figure 5. Proportion of study units (histograms) meeting varying numbers of ﬁne‐scale vegetation objectives in commonly used management guidelines for
greater sage‐grouse across their geographic range in North America based on studies from 1991–2019 and estimated nest success (points and error bars
indicate median and interquartile range) among those study units. Objectives include 1) sagebrush cover 15–25%, 2) shrub height 30–80 cm, 3) grass cover
>10%, 4) forb cover >5%, and 5) residual or live grass height >18 cm. Study units were binned based on the number of objectives achieved at nest sites (A) or
random sites quantifying availability (B). Nest success did not increase with greater compliance with these objectives.
Smith et al. • Sage‐Grouse Nesting Habitat

769

ACKNOWLEDGMENTS
Findings and conclusions in this article are those of the authors and do not necessarily represent the views of the United
States Fish and Wildlife Service, United States Department
of Agriculture (USDA)—Agricultural Research Service, or
the Bureau of Land Management. We thank K. E. Doherty,
D. Gibson, and C. P. Kirol for providing summary statistics
not reported in published documents. This research was
supported by USDA, Natural Resources Conservation
Service's Working Lands for Wildlife.

LITERATURE CITED
Aldridge, C. 2005. Identifying habitats for persistence of greater sage‐
grouse (Centrocercus urophasianus) in Alberta, Canada. Dissertation,
University of Alberta, Edmonton, Canada.
Aldridge, C. L., and R. M. Brigham. 2002. Sage‐grouse nesting and brood
habitat use in southern Canada. Journal of Wildlife Management
66:433–444.
Aldridge, C. L., S. E. Nielsen, H. L. Beyer, M. S. Boyce, J. W. Connelly,
S. T. Knick, and M. A. Schroeder. 2008. Range‐wide patterns of greater
sage‐grouse persistence. Diversity and Distributions 14:983–994.
Allred, B. W., W. K. Smith, D. Twidwell, J. H. Haggerty, S. W. Running,
D. E. Naugle, and S. D. Fuhlendorf. 2015. Ecosystem services lost to oil
and gas in North America. Science 348:401–402.
Amstrup, S. C. 1980. A radio‐collar for game birds. Journal of Wildlife
Management 44:214–217.
Apa, A. D. 1998. Habitat use and movements of sympatric sage and
Columbian sharp‐tailed grouse in southeastern Idaho. Dissertation,
University of Idaho, Moscow, USA.
Baruch‐Mordo, S., J. S. Evans, J. P. Severson, D. E. Naugle, J. D.
Maestas, J. M. Kiesecker, M. J. Falkowski, C. A. Hagen, and K. P.
Reese. 2013. Saving sage‐grouse from the trees: a proactive solution to
reducing a key threat to a candidate species. Biological Conservation
167:233–241.
Bennetts, R. E., W. M. Kitchens, and D. L. DeAngelis. 1998. Recovery of the
snail kite in Florida: beyond a reductionist paradigm. Pages 486–501 in
Transactions of the North American Wildlife and Natural Resources
Conference. Volume 63. Wildlife Management Institute, 20–24 March 1998,
Orlando, Florida, USA.
Bissonette, J. 2013. The issue of scale in wildlife management: the difﬁculty with extrapolation. Pages 73–83 in P. R. Krausman and J. W.
Cain, editors. Wildlife management and conservation: contemporary
principles and practices. Johns Hopkins University Press, Baltimore,
Maryland, USA.
Blomberg, E. J., D. Gibson, and J. S. Sedinger. 2015. Biases in nest
survival associated with choice of exposure period: a case study in North
American upland game birds. Condor 117:577–588.
Boyd, C. S., D. D. Johnson, J. D. Kerby, T. J. Svejcar, and K. W. Davies.
2014. Of grouse and golden eggs: can ecosystems be managed within a
species‐based regulatory framework? Rangeland Ecology & Management
67:358–368.
Braun, C. E., J. W. Connelly, and M. A. Schroeder. 2005. Seasonal habitat
requirements for Sage‐grouse: spring, summer, fall, and winter. Pages
38–42 in N. L. Shaw, M. Pellant, and S. B. Monson, editors. Sage‐
Grouse Habitat Restoration Symposium proceedings. Research Report
RMRS‐P‐38. USDA Forest Service, Fort Collins, Colorado, USA.
Briggs, J. M., A. K. Knapp, J. M. Blair, J. L. Heisler, G. A. Hoch, M. S.
Lett, and J. K. McCarron. 2005. An ecosystem in transition: causes and
consequences of the conversion of mesic grassland to shrubland.
Bioscience 55:243–254.
Briske, D. D., S. D. Fuhlendorf, and F. E. Smeins. 2003. Vegetation
dynamics on rangelands: a critique of the current paradigms. Journal of
Applied Ecology 40:601–614.
Bro, E., P. Mayot, E. Corda, and F. Reitz. 2004. Impact of habitat
management on grey partridge populations: assessing wildlife cover using
a multisite BACI experiment. Journal of Applied Ecology 41:846–857.
Burnett, A. C. 2013. Modeling habitat use of a fringe greater sage‐grouse
population at multiple spatial scales. Thesis, Utah State University,
Logan, Utah, USA.

770

Canﬁeld, R. H. 1941. Application of the line‐intercept method in sampling
range vegetation. Journal of Forestry 39:388–394.
Chambers, J. C., J. D. Maestas, D. A. Pyke, C. S. Boyd, M. Pellant, and
A. Wuenschel. 2017. Using resilience and resistance concepts to manage
persistent threats to sagebrush ecosystems and greater sage‐grouse.
Rangeland Ecology & Management 70:149–164.
Connelly, J. W., K. P. Reese, and M. A. Schroeder. 2003. Monitoring
of greater sage‐grouse habitats and populations. Station Bulletin,
College of Natural Resources Experiment Station, University of
Idaho, Moscow, USA.
Connelly, J. W., E. T. Rinkes, and C. E. Braun. 2011. Characteristics of
greater sage‐grouse habitats: a landscape species at micro‐ and macroscales. Pages 69–83 in S. T. Knick and J. W. Connelly, editors. Greater
sage‐grouse: ecology and conservation of a landscape species and its
habitats. University of California Press, Berkeley, USA.
Connelly, J. W., M. A. Schroeder, A. R. Sands, and C. E. Braun. 2000.
Guidelines to manage sage grouse populations and their habitats.
Wildlife Society Bulletin 28:967–985.
Dahlgren, D. K., M. R. Guttery, T. A. Messmer, D. Caudill, R. D.
Elmore, R. Chi, and D. N. Koons. 2016. Evaluating vital rate contributions to greater sage‐grouse population dynamics to inform conservation. Ecosphere 7:e01249.
Dahlgren, D., and E. Thacker. 2019. Livestock grazing and sage‐grouse:
science, policy, and the 7‐inch rule. Utah State University Extension,
Logan, USA.
D'Antonio, C. M., and P. M. Vitousek. 1992. Biological invasions by
exotic grasses, the grass/ﬁre cycle, and global change. Annual Review of
Ecology and Systematics 23:63–87.
Daubenmire, R. 1959. A canopy‐coverage method of vegetational analysis.
Northwest Science 33:43–64.
Davies, K. W., J. D. Bates, and R. F. Miller. 2006. Vegetation characteristics across part of the Wyoming big sagebrush alliance. Rangeland
Ecology & Management 59:567–575.
Dinkins, J. B., K. T. Smith, J. L. Beck, C. P. Kirol, A. C. Pratt, and
M. R. Conover. 2016. Microhabitat conditions in Wyoming's
sage‐grouse core areas: eﬀects on nest site selection and success.
PLoS ONE 11:e0150798.
Di Stefano, S., J. W. Karl, S. E. Mccord, N. G. Stauﬀer, P. D. Makela,
and M. Manning. 2018. Comparison of 2 vegetation height methods for
assessing greater sage‐grouse seasonal habitat. Wildlife Society Bulletin
42:213–224.
Dobkin, D. S. 1995. Management and conservation of sage grouse, denominative species for the ecological health of shrubsteppe ecosystems.
Bureau of Land Management, Oregon State Oﬃce, Portland, USA.
Doherty, K. E. 2008. Sage‐grouse and energy development: integrating
science with conservation planning to reduce impacts. Dissertation,
University of Montana, Missoula, USA.
Doherty, K. E., D. E. Naugle, J. D. Tack, B. L. Walker, J. M. Graham,
and J. L. Beck. 2014. Linking conservation actions to demography: grass
height explains variation in greater sage‐grouse nest survival. Wildlife
Biology 20:320–325.
Doherty, K. E., D. E. Naugle, and B. L. Walker. 2010. Greater sage‐
grouse nesting habitat: the importance of managing at multiple scales.
Journal of Wildlife Management 74:1544–1553.
Fischer, R. A. 1994. The eﬀects of prescribed ﬁre on the ecology of migratory sage grouse in southeastern Idaho. Thesis, University of Idaho,
Moscow, USA.
Floyd, D. A., and J. E. Anderson. 1987. A comparison of three methods
for estimating plant cover. Journal of Ecology 75:221–228.
Fuhlendorf, S. D., R. W. S. Fynn, D. A. McGranahan, and D. Twidwell.
2017. Heterogeneity as the basis for rangeland management.
Pages 169–196 in D. D. Briske, editor. Rangeland systems: processes,
management and challenges. Springer International Publishing, Cham,
Switzerland.
Galvin, K. A., and J. Ellis. 2008. Fragmentation in semi‐arid and arid
landscapes: consequences for human and natural landscapes. Springer,
Dordrecht, The Netherlands.
Gelman, A., and J. Hill. 2006. Data analysis using regression and multilevel/hierarchical models. Cambridge University Press, New York, New
York, USA.
Gerber, B. D., M. B. Hooten, C. P. Peck, M. B. Rice, J. H. Gammonley,
A. D. Apa, and A. J. Davis. 2019. Extreme site ﬁdelity as an optimal
The Journal of Wildlife Management • 84(4)

strategy in an unpredictable and homogeneous environment. Functional
Ecology 35:1695–1707.
Ghosh, J., and A. E. Ghattas. 2015. Bayesian variable selection under
collinearity. American Statistician 69:165–173.
Gibson, D. 2015. The role of environmental stochasticity on population
demography of greater sage‐grouse in central Nevada, U.S.A.
Dissertation, University of Nevada, Reno, Reno, USA.
Gibson, D., E. J. Blomberg, M. T. Atamian, and J. S. Sedinger. 2015.
Observer eﬀects strongly inﬂuence estimates of daily nest survival probability but do not substantially increase rates of nest failure in greater sage‐
grouse. Auk 132:397–407.
Gibson, D., E. J. Blomberg, M. T. Atamian, and J. S. Sedinger. 2016.
Nesting habitat selection inﬂuences nest and early oﬀspring survival in
greater sage‐grouse. Condor 118:689–702.
Gregg, M. A. 1991. Use and selection of nesting habitat by sage grouse in
Oregon. Thesis, Oregon State University, Corvallis, USA.
Guthery, F. S. 1997. A philosophy of habitat management for northern
bobwhites. Journal of Wildlife Management 61:291–301.
Hagen, C. A., J. W. Connelly, and M. A. Schroeder. 2007. A meta‐
analysis of greater sage‐grouse Centrocercus urophasianus nesting and
brood‐rearing habitats. Wildlife Biology 13:42–50.
Hanf, J. M., P. A. Schmidt, and E. B. Groshens. 1994. Sage grouse in the
High Desert of central Oregon: results of a study, 1988–1993. Bureau of
Land Management. <https://archive.org/stream/sagegrouseinhigh00hanf#
page/52/mode/2up>. Accessed 8 Jan 2018.
Hansen, A. J., R. Rasker, B. Maxwell, J. J. Rotella, J. D. Johnson, A. W.
Parmenter, L. Langner, W. B. Cohen, R. L. Lawrence, and M. P. V.
Kraska. 2002. Ecological causes and consequences of demographic
change in the new west. Bioscience 52:151–162.
Hanser, S. E., and S. T. Knick. 2011. Greater sage‐grouse as an umbrella
species for shrubland passerine birds: a multiscale assessment. Pages
475–488 in S. T. Knick and J. W. Connelly, editors. Greater sage‐
grouse: ecology and conservation of a landscape species and its habitats.
Volume 38. Studies in Avian Biology, University of California Press,
Berkeley, USA.
Hedges, L. V. 1981. Distribution theory for Glass's estimator of eﬀect size
and related estimators. Journal of Educational and Behavioral Statistics
6:107–128.
Hiers, J. K., S. T. Jackson, R. J. Hobbs, E. S. Bernhardt, and L. E.
Valentine. 2016. The precision problem in conservation and restoration.
Trends in Ecology & Evolution 31:820–830.
Holloran, M. J., B. J. Heath, A. G. Lyon, S. J. Slater, J. L. Kuipers,
and S. H. Anderson. 2005. Greater sage‐grouse nesting habitat selection and success in Wyoming. Journal of Wildlife Management
69:638–649.
Johnson, D. H. 1980. The comparison of usage and availability measurements for evaluating resource preference. Ecology 61:65–71.
Johnson, D. H., and A. T. Klett. 1985. Quick estimates of success rates of
duck nests. Wildlife Society Bulletin 13:51–53.
Kessler, W. B., H. Salwasser, C. W. Cartwright, Jr., and J. A. Caplan.
1992. New perspectives for sustainable natural resources management.
Ecological Applications 2:221–225.
Kirol, C. P., J. L. Beck, J. B. Dinkins, and M. R. Conover. 2012.
Microhabitat selection for nesting and brood‐rearing by the greater sage‐
grouse in xeric big sagebrush. Condor 114:75–89.
Knick, S. T., and J. W. Connelly. 2011. Greater sage‐grouse: ecology and
conservation of a landscape species and its habitats. Studies in Avian
Biology. Volume 38. University of California Press, Berkeley, USA.
Kolada, E. J., J. S. Sedinger, and M. L. Casazza. 2009. Nest site selection
by greater sage‐grouse in Mono County, California. Journal of Wildlife
Management 73:1333–1340.
Kuo, L., and B. Mallick. 1997. Bayesian semiparametric inference for the
accelerated failure‐time model. Canadian Journal of Statistics‐Revue
Canadienne De Statistique 25:457–472.
Lark, T. J., J. M. Salmon, and H. K. Gibbs. 2015. Cropland expansion
outpaces agricultural and biofuel policies in the United States.
Environmental Research Letters 10:044003.
Link, W. A., and R. J. Barker. 2006. Model weights and the foundations of
multimodel inference. Ecology 87:2626–2635.
Lockyer, Z. B., P. S. Coates, M. L. Casazza, S. Espinosa, and D. J.
Delehanty. 2015. Nest‐site selection and reproductive success of greater
sage‐grouse in a ﬁre‐aﬀected habitat of northwestern Nevada. Journal of
Wildlife Management 79:785–797.
Smith et al. • Sage‐Grouse Nesting Habitat

Matthiopoulos, J., M. Hebblewhite, G. Aarts, and J. Fieberg. 2011.
Generalized functional responses for species distributions. Ecology
92:583–589.
McKellar, A. E., D. C. Kesler, R. J. Mitchell, D. K. Delaney, and J. R.
Walters. 2014. Geographic variation in ﬁtness and foraging habitat
quality in an endangered bird. Biological Conservation 175:52–64.
Monroe, A. P., C. L. Aldridge, T. J. Assal, K. E. Veblen, D. A. Pyke, and
M. L. Casazza. 2017. Patterns in greater sage‐grouse population dynamics correspond with public grazing records at broad scales. Ecological
Applications 27:1096–1107.
Morrison, M. L. 2012. The habitat sampling and analysis paradigm has
limited value in animal conservation: a prequel. Journal of Wildlife
Management 76:438–450.
Mutshinda, C. M., Z. V. Finkel, and A. J. Irwin. 2013. Which environmental factors control phytoplankton populations? A Bayesian variable
selection approach. Ecological Modelling 269:1–8.
Mysterud, A., and R. A. Ims. 1998. Functional responses in habitat use:
availability inﬂuences relative use in trade‐oﬀ situations. Ecology
79:1435–1441.
Naugle, D. E., K. E. Doherty, B. L. Walker, M. J. Holloran, and H. E.
Copeland. 2011. Energy development and greater sage‐grouse.
Pages 489–503 in S. T. Knick and J. W. Connelly, editors. Greater
sage‐grouse: ecology and conservation of a landscape species and its
habitats. Studies in Avian Biology, University of California Press,
Berkeley, USA.
Noss, R. F., E. T. LaRoe III, and J. M. Scott. 1995. Endangered ecosystems of the United States: a preliminary assessment of loss and degradation. Biological Report 28. U.S. Department of the Interior,
National Biological Service, Washington, D.C., USA.
Olsen, A. C. 2019. Greater sage‐grouse demography, habitat selection, and
habitat connectivity in relation to western juniper and its management.
Dissertation, Oregon State University, Corvallis, USA.
Pellant, M., P. Shaver, D. A. Pyke, and J. E. Herrick. 2005. Interpreting
indicators of rangeland health, version 4. U.S. Department of the
Interior, Bureau of Land Management, National Science and
Technology Center, Denver, Colorado, USA.
Plummer, M. 2003. JAGS: a program for analysis of Bayesian graphical
models using Gibbs sampling. <mcmc‐jags.sourceforge.net>. Accessed
12 Dec 2017.
Plummer, M. 2016. rjags: Bayesian graphical models using MCMC.
<https://CRAN.R‐project.org/package=rjags>. Accessed 12 Dec 2017.
R Development Core Team. 2014. R: a language and environment for
statistical computing. R Foundation for Statistical Computing, Vienna,
Austria.
Rettie, W. J., and F. Messier. 2000. Hierarchical habitat selection by
woodland caribou: its relationship to limiting factors. Ecography
23:466–478.
Romme, W. H., C. D. Allen, J. D. Bailey, W. L. Baker, B. T.
Bestelmeyer, P. M. Brown, K. S. Eisenhart, M. L. Floyd, D. W.
Huﬀman, B. F. Jacobs, et al. 2009. Historical and modern disturbance
regimes, stand structures, and landscape dynamics in piñon–juniper
vegetation of the western United States. Rangeland Ecology &
Management 62:203–222.
Rowland, M. M., M. J. Wisdom, C. W. Meinke, and L. H. Suring.
2005. Utility of greater sage‐grouse as an umbrella species.
Pages 232–249 in M. J. Wisdom, M. M. Rowland, and L. H. Suring,
editors. Habitat threats in the sagebrush ecosystem: methods of
regional assessment and applications in the Great Basin. Allen Press,
Lawrence, Kansas, USA.
Runge, C. A., J. C. Withey, D. E. Naugle, J. E. Fargione, K. J. Helmstedt,
A. E. Larsen, S. Martinuzzi, and J. D. Tack. 2019. Single species
conservation as an umbrella for management of landscape threats.
PLoS ONE 14:e0209619.
Severson, J. P., C. A. Hagen, J. D. Tack, J. D. Maestas, D. E. Naugle,
J. T. Forbes, and K. P. Reese. 2017. Better living through conifer
removal: a demographic analysis of sage‐grouse vital rates. PLoS ONE
12:e0174347.
Schroeder, M. A., C. L. Aldridge, A. D. Apa, J. R. Bohne, C. E. Braun,
S. D. Bunnell, J. W. Connelly, P. A. Deibert, S. C. Gardner, M. A.
Hilliard, et al. 2004. Distribution of sage‐grouse in North America.
Condor 106:363.
Schroﬀ, S. R., K. A. Cutting, C. A. Carr, M. R. Frisina, L. B. McNew,
and B. F. Sowell. 2018. Characteristics of shrub morphology on nest
771

site selection of greater sage‐grouse (Centrocercus urophasianus) in
high‐elevation sagebrush habitat. Wilson Journal of Ornithology
130:730–738.
Schultz, B. 2004. Analysis of studies used to develop herbaceous height and
cover guidelines for sage grouse nesting habitat. University of Nevada
Reno Cooperative Extension, Reno, USA.
Smith, J. T., J. S. Evans, B. H. Martin, and S. Baruch‐Mordo. 2016.
Reducing cultivation risk for at‐risk species: predicting outcomes of
conservation easements for sage‐grouse. Biological Conservation
201:10–19.
Smith, J. T., J. D. Tack, L. I. Berkeley, M. Szczypinski, and D. E. Naugle.
2018a. Eﬀects of livestock grazing on nesting sage‐grouse in central
Montana. Journal of Wildlife Management 82:1503–1515.
Smith, J. T., J. D. Tack, L. I. Berkeley, M. Szczypinski, and D. E. Naugle.
2018b. Eﬀects of rotational grazing management on nesting greater sage‐
grouse. Journal of Wildlife Management 82:103–112.
Smith, K. T., and J. L. Beck. 2018. Sagebrush treatments inﬂuence annual
population change for greater sage‐grouse: treatments inﬂuence sage‐
grouse populations. Restoration Ecology 26:497–505.
Stiver, S. J., A. D. Apa, J. R. Bohne, S. D. Bunnell, P. A. Deibert, S. C.
Gardner, M. A. Hilliard, C. W. McCarthy, and M. A. Schroeder.
2006. Greater sage‐grouse comprehensive conservation strategy.
Western Association of Fish and Wildlife Agencies, Cheyenne,
Wyoming, USA.
Stiver, S. J., E. T. Rinkles, D. E. Naugle, P. D. Makela, D. A. Nance, and
J. W. Karl. 2015. Sage‐grouse habitat assessment framework: a multiscale
assessment tool. Technical Reference 6710‐1. Bureau of Land
Management and Western Association of Fish and Wildlife Agencies,
Denver, Colorado, USA.
Sveum, C. M., W. D. Edge, and J. A. Crawford. 1998. Nesting habitat
selection by sage grouse in south‐central Washington. Journal of Range
Management 51:265–269.
Symstad, A. J., C. L. Wienk, and A. D. Thorstenson. 2008. Precision,
repeatability, and eﬃciency of two canopy‐cover estimate methods in
northern Great Plains vegetation. Rangeland Ecology & Management
61:419–429.
Tack, J. D. 2009. Sage‐grouse and the human footprint: implications for
conservation of small and declining populations. Thesis, University of
Montana, Missoula, USA.
Taylor, R. L., B. L. Walker, D. E. Naugle, and L. S. Mills. 2012.
Managing multiple vital rates to maximize greater sage‐grouse population growth. Journal of Wildlife Management 76:336–347.
Thacker, E., T. Messmer, and B. Burritt. 2015. Sage‐grouse habitat
monitoring: Daubenmire versus line‐point intercept. Rangelands
37:7–13.
Timmer, J. M., C. L. Aldridge, and M. E. Fernández‐Giménez. 2019.
Managing for multiple species: greater sage‐grouse and sagebrush
songbirds. Journal of Wildlife Management 88:165.
U.S. Fish and Wildlife Service. 2015. Endangered and threatened wildlife
and plants; 12‐month ﬁnding on a petition to list greater sage‐grouse
(Centrocercus urophasianus) as an endangered or threatened species,
50 CFR 17. Federal Register 80(191):59857–59942.
Van Horne, B., and J. A. Wiens. 2015. Managing habitats in a changing
world. Pages 34–43 in M. L. Morrison and H. A. Mathewson, editors.
Wildlife habitat conservation: concepts, challenges, and solutions. JHU
Press, Baltimore, Maryland, USA.
Walker, B. L. 2008. Greater sage‐grouse response to coal‐bed natural gas
development and West Nile virus in the Powder River Basin, Montana
and Wyoming, USA. Dissertation, University of Montana,
Missoula, USA.
Walters, C. J., and C. S. Holling. 1990. Large‐scale management experiments and learning by doing. Ecology 71:2060–2068.
Wiens, J. A. 1989. Spatial scaling in ecology. Functional Ecology
3:385–397.
Wiens, J. A., J. T. Rotenberry, and B. Van Horne. 1987. Habitat occupancy patterns of North American shrubsteppe birds: the eﬀects of
spatial scale. Oikos 48:132–147.
Williams, C. K., F. S. Guthery, R. D. Applegate, and M. J. Peterson.
2004. The northern bobwhite decline: scaling our management for the
twenty‐ﬁrst century. Wildlife Society Bulletin 32:861–870.
Associate Editor: Timothy Fulbright.
772

SUPPORTING INFORMATION
Additional supporting information may be found in
the online version of this article at the publisher's
website.

APPENDIX A. GRASS HEIGHT
SENSITIVITY ANALYSIS
Slight diﬀerences in methods can signiﬁcantly aﬀect measurements of vegetation structure (Di Stefano et al. 2018).
Reviewed studies variously reported measuring either 1) the
tallest grass plant(s) within a predetermined area (e.g., a
quadrat; hereafter tallest grass method) or 2) the grass plant
nearest a predetermined point (e.g., a mark along a transect;
hereafter nearest grass method). This methodological variation
introduces noise into grass height variables that could obscure
their inﬂuence on nest success. We explored the potential effect of this variation on our inference by identifying studies
using the nearest grass method, determining the average percent diﬀerence between grass heights in these studies and grass
heights from other studies with a linear mixed eﬀects model on
log‐transformed measurements of grass height with a random
eﬀect for study, using the estimated coeﬃcient from the ﬁtted
model as a correction factor to adjust grass heights from
studies that used the nearest grass method, and reﬁtting the
meta‐regression model. We did not alter grass heights from
studies that did not report grass measurement method because
they were statistically indistinguishable from studies that reported using the tallest grass method (Fig. A1).
On average, live grass heights among studies using the
nearest grass method were 78.3% of live grass heights from
studies using the tallest grass method (βnearest = −0.24 ± 0.12
[SE]). Only 3 studies using the tallest grass method reported
residual grass heights. We felt this was insuﬃcient to estimate
a separate measurement eﬀect size, so we assumed the eﬀect
would be similar and used the same correction factor to adjust
residual grass heights from those studies.
These adjustments had no eﬀect on the most supported use
model; the intercept‐only model still received the majority of
support with a Bayes factor of 7.35. The second‐ranked model,
which received weak support with a Bayes factor of 2.80,
contained a negative eﬀect of forb cover on nest success
(β = −0.09, 95% CRI = −0.25 to 0.08), and the third ranked
model, with a Bayes factor of 2.26, indicated a negative eﬀect
of sagebrush cover (β = −0.05, 95% CRI = −0.25 to 0.15).
Bayes factors of all other models were <2.
Results were similar for the availability model. After adjustment of grass heights, the intercept‐only model remained the most supported with a Bayes factor of 5.75. A
model with a positive eﬀect of sagebrush cover (β = 0.14,
95% CRI = −0.08 to 0.37) ranked second with a Bayes
factor of 2.90, and a model with a negative eﬀect of live
grass height (β = −0.11, 95% CRI = −0.31 to 0.08) ranked
third with a Bayes factor of 2.54. The fourth ranked model,
with a Bayes factor of 2.06, included a negative eﬀect of
residual grass height (β = −0.08, 95% CRI = −0.30 to
0.12). Bayes factors of all other models were <2.
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Figure A1. Mean live grass height at greater sage‐grouse nests among
158 study units from 34 studies conducted across their range in North
America from 1991–2019, by measurement method.

Correcting grass heights to account for methodological
diﬀerences did not appreciably change inference with regard
to the eﬀect of grass height on nest success. Model rankings
were similar to rankings using uncorrected values for both the
use and availability models, and the direction of eﬀects was
unchanged. Therefore, it appears exceedingly unlikely that
true positive associations were simply obscured by noise introduced by variable methods of measuring height of grasses.

common than values above the midpoint, Daubenmire's
method will produce positively biased estimates.
Several reviewed studies used narrower cover classes such
as the nearest 5% (Burnett 2013) or 1% (Smith et al. 2018b;
Olsen 2019). Another (Schroﬀ et al. 2018) used the line‐
point intercept method to estimate cover, which tends to
produce higher estimates of cover than either Daubenmire's
method (Thacker et al. 2015) or visual estimation to the
nearest 1% (Symstad et al. 2008). Finally, one study used
the line intercept method (Canﬁeld 1941) to estimate cover
(Fischer 1994). Thus, to allow direct comparison among
studies, we sought to standardize cover estimates to be
consistent with a single method.
We performed simulations to quantify the expected bias associated with each visual estimation method relative to true
cover. For a range of mean cover values (μ) from 1–60% in
increments of 1%, we simulated estimating cover using the
3 visual estimation techniques described above as follows. First,
we ﬁt a linear model to estimate the relationship between reported sample means, x ̅ , and sample standard deviations, s(x),
of grass cover from the reviewed studies (Fig. B1). A square‐
root transformation of x ̅ produced the best linear ﬁt. We used
the coeﬃcients from this ﬁtted model to determine the appropriate standard deviation (σ) for each simulated value of μ.
For values of μ < 40%, we found a beta distribution was
best able to reproduce a realistic distribution of cover, so we
converted from percent to proportion and reparametrized μ
and σ to the beta shape parameters a and b:
1−μ
1
− ⎞⎟ μ2
a = ⎛⎜
2
σ
μ⎠
⎝

1
b = a ⎛⎜ − 1⎞⎟
⎝μ
⎠

APPENDIX B. CORRECTION OF GRASS
AND FORB COVER ESTIMATES USING
VARIOUS METHODS
Among studies reporting cover of herbaceous vegetation
(grasses and forbs), most used visual estimation aided by 20 ×
50‐cm quadrats as described in Daubenmire (1959;
Daubenmire's method). Daubenmire's method involves
estimating cover of each species or functional group of interest within the quadrat to 1 of 6 cover classes: 1 = (0–5%],
2 = (5–25%], 3 = (25–50%], 4 = (50–75%], 5 = (75–95%],
and 6 = (95–100%]. The midpoints between the lower and
upper bounds of cover classes (e.g., 0.25%, 15%, 37.5%) recorded within several sampled quadrats at each plot are
averaged to estimate average cover at the plot. Though fast
and repeatable, Daubenmire's method overestimates cover of
species or functional groups with sparse cover (Floyd and
Anderson 1987). The method assumes true cover is uniformly distributed around the midpoints of cover classes. If,
however, values below the midpoint of cover classes are more
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Figure B1. We ﬁt a linear model relating the sample standard deviation
s(x) to the square root of the sample mean x ̅ of percent cover of grasses
among n = 84 study units reporting grass cover in available sage‐grouse
nesting habitat across the species' range in North America, 1991–2019. We
then used this model to simulate replicate samples of herbaceous cover
from populations with true means ranging from 1% to 60% to characterize
bias associated with diﬀerent visual estimation methods.
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For values of μ ≥ 40% we drew values from a truncated
normal distribution N(μ,σ) T(0,100) and divided by 100.
We drew 600 samples from the resulting beta or truncated
normal distributions to simulate a cover sample from a
typical nesting study. We chose this sample size because the
typical sample size of nests or available plots among reviewed studies was about 50 and a typical protocol involved
sampling 12 quadrats at each plot (50 × 12 = 600). We then
converted these 600 known cover values into cover classes as
if we were using 1) Daubenmire's method, or 2) the nearest
1% or 5% method. We converted simulated Daubenmire
data to midpoints of the 6 proportional cover classes (i.e.,
0.025, 0.15, 0.375, 0.625, 0.85, or 0.975) and rounded simulated nearest 5% data to the nearest 5% (e.g., 0, 0.05, 0.1,
0.15). Finally, we averaged the resulting data from each
simulated dataset. We repeated this procedure 1,000 times
to obtain the expected (mean) cover estimate associated
with each method for each simulated known cover value.
Assuming observers accurately assign cover to the appropriate classes, Daubenmire's method was negligibly biased
(expected cover—known cover) at the upper range of tested
values (Fig. B2). Estimates of cover values below about
20%, however, were signiﬁcantly positively biased using
Daubenmire's method. In particular, cover values from
1–11% had expected bias in excess of 20% of the mean. The
nearest 5% method, on the other hand, produced a negligible
expectation of bias across the range of cover values commonly

reported for sage‐grouse nesting habitat, though estimates of
cover values ≤10% were slightly negatively biased (Fig. B2).
This did not pose a problem for our particular analyses because cover values reported in studies using the nearest 5%
method were all >2.5%, where absolute bias was expected to
be <0.5%.
Cover of grasses and forbs in sage‐grouse nesting and
brood‐rearing habitat is typically <15% (Hagen et al. 2007),
a range where Daubenmire's method is particularly biased.
However, Daubenmire's method has been established as the
standard for monitoring sage‐grouse habitat (Connelly et al.
2003), reﬂected in the fact that 85% of reviewed studies
used it (Table S1). Therefore, we standardized all studies to
be consistent with estimates using Daubenmire's method
rather than attempt to correct the bias inherent in the
majority of reported cover values.
We assumed studies using either the nearest 5% or nearest
1% visual estimation method were unbiased and we adjusted
estimates to reﬂect the expected bias associated with
Daubenmire's cover class method. For the study employing
line‐point intercept, we ﬁrst adjusted estimates using
percent diﬀerences reported in Symstad et al. (2008),
then standardized as above. Speciﬁcally, Symstad et al.
(2008:427) report that line‐point intercept estimates were
36% higher for cover of grasses and 4% lower for cover of
forbs than estimates from the nearest 1% visual estimation
method.

Figure B2. Using cover classes described by Daubenmire (1959), average cover among 600 simulated quadrats was biased up to >2.5% at values typical of
sage‐grouse nesting habitat. Estimating cover to the nearest 5% was minimally biased over the range reported in most studies, though a slight negative bias
was apparent at cover ≤10%.
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