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a b s t r a c t
Predicting changes in species distributions under a changing climate is becoming widespread with the use of species distribution models (SDMs). The resulting predictions of future potential habitat can be cast in light of
planned land use changes, such as urban expansion and energy development to identify areas with potential conﬂict. However, SDMs rarely incorporate an understanding of dispersal capacity, and therefore assume unlimited
dispersal in potential range shifts under uncertain climate futures. We use SDMs to predict future distributions of
the Mojave ground squirrel, Xerospermophilus mohavensis Merriam, and incorporate partial dispersal models informed by ﬁeld data on juvenile dispersal to assess projected impact of climate change and energy development
on future distributions of X. mohavensis. Our models predict loss of extant habitat, but also concurrent gains of
new habitat under two scenarios of future climate change. Under the B1 emissions scenario- a storyline describing a convergent world with emphasis on curbing greenhouse gas emissions- our models predicted losses of up
to 64% of extant habitat by 2080, while under the increased greenhouse gas emissions of the A2 scenario, we suggest losses of 56%. New potential habitat may become available to X. mohavensis, thereby offsetting as much as
6330 km2 (50%) of the current habitat lost. Habitat lost due to planned energy development was marginal compared to habitat lost from changing climates, but disproportionately affected current habitat. Future areas of overlap in potential habitat between the two climate change scenarios are identiﬁed and discussed in context of
proposed energy development.
Published by Elsevier Ltd.

1. Introduction
Many studies modeling the consequences of 20th–21st century climate change on species distributions suggest that the distributions of
many North American ﬂora and fauna will be reduced, altered, or eliminated if regional climate trends continue (Rosenzweig et al., 2008,
Pearson et al., 2014). Changes in temperature and precipitation are likely to push some ecosystems and their species poleward or up-slope
(Hickling et al., 2005, Lenoir et al., 2008), downslope (Serra-Diaz et al.,
2014), cause heterogeneous range shifts (Tingley et al., 2012,
Serra-Diaz et al., 2014), or contractions in their ranges (Schloss et al.,
2012, HilleRisLambers et al., 2013). In particular, those with narrow
niche breadth may be especially vulnerable to changing climates due
to their often limited geographic range, low dispersal capacity, low
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reproductive output, and limited physiological tolerances
(Broennimann et al., 2006, Schloss et al., 2012). Further complicating
these stressors, surface-disturbing land uses (e.g., urbanization, transportation corridors, military training, agriculture, recreational activities,
and energy development) have altered vast areas of terrestrial landscapes (Leu et al., 2008), fragmenting habitat and disrupting habitat corridors. This potentially restricts the ability of species to migrate to new
areas (Wilson et al., 2010, Beltrán et al., 2014). The combination of
these global, regional and often local stressors – in the form of climate
and land use changes – can interact in unexpected ways to cause further
reductions in species distributions (Mantyka-Pringle et al., 2015). These
interactions have not been extensively explored for desert landscapes,
especially those facing an increase in pressure from energy
development.
Deserts of the southwestern United States are increasingly being
recognized as having great potential for energy development given
the abundant wind, solar and geothermal resources (NREL, 2013;
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Hernandez et al., 2015) and have vast expanses of public land. In recent
years, federal public policy initiatives have mandated or encouraged the
construction of utility scale renewable energy development (abbreviated hereafter as “energy development”). Consequently, infrastructure
and energy development in the Mojave Desert have increased in recent
years (Leu et al., 2008, Barrows and Allen, 2009, Lovich and Ennen,
2011). This region is home to many species of conservation concern
that face increasing degradation, fragmentation, and outright losses of
habitat due to growing energy infrastructure (Lovich and Ennen, 2011,
Vandergast et al., 2013), invasive plants and ﬁre (Brooks and
Matchett, 2006), military training, and recreation (Berry and Aresco,
2014, DRECP, 2015).
The Mohave ground squirrel, Xerospermophilus mohavensis Merriam
is endemic (Frank and McCoy, 1990) to the western Mojave Desert in
California, USA (Best, 1995) and has one of the smallest distributions
among North American ground squirrels, occupying an area of just
20,000 km2 (Hoyt, 1972, Hall, 1981, Zeiner et al., 1988–1990). X.
mohavensis is protected as a threatened species under the California Endangered Species Act (Fish and Game Code Section 2050) and was petitioned for listing under the federal Endangered Species Act in 2005,
though the United States Fish and Wildlife Service decided that federal
listing was not warranted at that time. Recent initiatives by the United
States to reduce dependence on imported oil and reduce greenhouse
gas emissions by pursuing solar, wind, and thermal power in the Mojave
Desert have again raised concerns about the status of this species
(Inman et al., 2013, DRECP, 2015). X. mohavensis has responded to historical changes in climate by migrating to their current range from
southern refugia after the Last Glacial Maximum (Hafner and Yates,
1983), though current and future land use changes and the limited
period of activity (Best, 1995) and dispersal ability of X. mohavensis
raise concerns that a rapidly changing climate may challenge the
persistence of this species. Recent research has shown that the
ranges of small mammals at high elevations in California, USA, have
decreased within the last century – likely due to climate change
(Moritz et al., 2008). Others have predicted that the distributions of
many rodent species in Texas, USA, will decrease to 60% of their current distributions under some climate change predictions (Cameron
and Scheel, 2001). Although similar changes in climate may have occurred historically, broad landscape changes driven by recent human
development may dramatically hinder some species' abilities to
adapt to and disperse across a rapidly changing landscape (Schloss
et al., 2012) resulting in precipitous range contractions and population declines.
Species distribution models (SDMs) have been widely adopted as
tools for casting projections of habitat suitability under future climate
scenarios (Franklin, 2010), and have been incorporated into many conservation planning strategies as tools to identify new future habitat or
existing climate refugia for protection from land use changes (Jones et
al., 2016). These models correlate a species' current distribution to environmental variables and infer habitat suitability at locations where a
species' presence is unknown. SDMs incorporating mechanistic interactions between organisms, their environments, and ﬁtness consequences
are often referred to as ‘niche’ models, and are generally preferred over
models devoid of physiological knowledge (Tracy et al., 2006, Buckley et
al., 2010). Models ignoring these fundamental evolutionary processes
may produce accurate representations of current geographic distributions, but can misrepresent relationships between current geographic
distributions and future climates (Hijmans and Graham, 2006; Botkin
et al., 2007, Williams and Jackson, 2007) or overestimate vulnerability
to extinction (Schwartz, 2012). Moreover, while these models often
predict substantial changes to habitat suitability under future conditions, few account for the ability (or inability) of species to relocate to
new areas with suitable habitat (Bateman et al., 2013). Dispersal ability
strongly inﬂuences the resilience of species to climate change – both
through range shifts in response to shifting habitat suitability, and
through increased gene ﬂow between populations that can inﬂuence
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the rate of in situ adaptation to changing conditions (Bell and
Gonzalez, 2011).
The work here builds on previous studies of X. mohavensis habitat
and connectivity (Esque et al., 2013, Inman et al., 2013, Dilts et al.,
2015) by forecasting habitat suitability under two climate scenarios
across an expanded study area and by augmenting the previously developed SDM with a model of dispersal to account for potential X.
mohavensis range expansion. Here we explore the ability of X.
mohavensis to shift its range in response to changing climates from
2015 to 2080 and address alteration of habitat due to current land use
through the use of scale factors reducing habitat suitability in areas affected by surface disturbance. Finally, we ask what impacts proposed
energy development might have on future X. mohavensis habitat. The
methods presented here can serve as a template for incorporating dispersal and land use when assessing the impacts of climate change on
habitat.
2. Materials and methods
2.1. Study area
Our study area covered 131,059 km2 of the Mojave Desert and Sierra
Nevada mountains in California, including portions of Inyo, San
Bernardino, Kern, and Los Angeles counties, and encompassed the entire known historical range of X. mohavensis (Zeiner et al., 1988–
1990). This area is characterized by desert mountain ranges and plateaus separated by lower elevations with geomorphic features such as
washes, outwash plains, dry lakebeds and basins, and is constrained
by high elevations of the Sierra Nevada mountain range to the west.
We expand the region used by Inman et al. (2013) to accommodate potential shifts in available habitat to the north and east, which were expected under future climate scenarios. Our study area included
extremes in elevation, however 90% of the study area is below
2500 m. Regional precipitation ranges from 100 to 350 mm per year,
with more rainfall occurring in the winter than in the summer
(Hereford et al., 2004) and at higher elevations. Temperatures range
from below 0 °C in the winter months to over 54 °C in the summer,
with considerable daily and geographic variation (Turner, 1994).
2.2. SDM and environmental data
A previously developed SDM was chosen to represent current X.
mohavensis habitat (Inman et al., 2013), and was used to forecast how
future habitat may be altered under multiple climate change scenarios.
This model, hereafter referred to as ‘current conditions model’ was developed with MaxEnt (version 3.3.3e, Phillips et al., 2006) at a spatial
resolution of 1 km, and relied on 629 locality records of X. mohavensis
from multiple sources including the California Natural Diversity Data
Base (CNDDB), the Mojave Desert Ecosystem Program, as well as recent
trapping and survey work in the region (P. Leitner and D. Delaney, unpublished data). Prior to use in the SDM, records were thinned to 1
per each 1 km2 grid cell, and observations prior to 1975 were removed
to minimize the effects of drastic land use changes, such as urbanization
or agriculture. A bias ﬁle – realized as a density surface of all observations – was used to reduce the inﬂuence of biased sampling (Phillips
and Dudik, 2008) and was created using a 4 km search radius from
each cell. Environmental correlates of habitat suitability representing
land surface characteristics and surface water balance were used in
the current habitat model to describe the niche space of X. mohavensis,
and were selected previously from a suite of model candidates derived
from 14 environmental variables described by Inman et al. (2013).
The current conditions model was selected from a suite of 86 candidate
models with an information theoretic approach using a modiﬁed AICc
score that was bias corrected for small sample sizes (Burnham and
Anderson, 2002), and showed an Area Under the receiver operating
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characteristic Curve score (AUC; Fielding and Bell, 1997) on independently withheld data of 0.888 (Inman et al., 2013).
Two of the variables – surface texture and surface albedo – represented the physical properties of the surface substrate, and depend on
the geomorphic surface of the landscape. These variables were assumed
to remain stable over the decadal timeframe considered here and were
derived from the Moderate Resolution Imaging Spectroradiometer
(MODIS) MOD11A1 Land Surface Temperature 8-day Global 1 km and
the MODIS MCD43B3 16-Day L3 Global 1 km Albedo data products acquired from the Terra (EOS AM) satellite. The two remaining variables,
climatic water deﬁcit and cumulative winter precipitation, were assumed to change under the two climatic scenarios, and were represented with data from the California Basin Characterization Model (Flint et
al., 2013). Climatic water deﬁcit is deﬁned as potential evapotranspiration minus actual evapotranspiration, where potential evapotranspiration represents the total amount of water that can evaporate from the
ground surface or be transpired by plants (considering inﬂuences of
both precipitation and temperature), and was calculated using a modiﬁcation of the Priestly-Taylor equation (Priestley and Taylor, 1972) as
described in Flint et al. (2004) and Flint and Flint (2012). Winter precipitation and climatic water deﬁcit were deﬁned as the 30-year mean of
the sum or mean of the winter months (Oct–April), at a 1 km cell resolution, respectively. These environmental variables precluded the use of
ﬁner spatial resolutions due to their limited availability at spatial resolutions ﬁner than 1 km.
To forecast how climate may change over time, the Intergovernmental Panel on Climate Change (IPCC) Assessment Report 4 (AR4) outlined
four emissions scenarios based on the potential for global change in
economic and human population growth, population demographics,
consumption of fossil and alternative fuels, and technological development (IPCC, 2001). These scenarios provide a set of greenhouse gas constraints under which General Circulation Models (GCMs) can derive
projections of future climate conditions. Both climatic variables were
derived from downscaled GCM predictions produced by the NOAA
GFDL CM2.1 model (Delworth et al., 2006) for the A2 and B1 emissions
scenarios (representing medium-high, and low emissions, respectively), and are described in Flint and Flint (2012) and Flint et al. (2013).
The A2 emissions scenario is among the highest of the AR4 CO2 emissions scenarios predicting increasing CO2 emissions through the end
of the century, and the NOAA GFDL CM2.1 model is among the warmest
and driest predictions of the AR4 models for the U.S. southwest (Cayan
et al., 2008). The GFDL model was chosen because of its ability to predict
a realistic representation of California's recent historical climate
(Delworth et al., 2006), including the strong seasonal precipitation
and evapotranspiration cycles of the California desert region (Cayan et
al., 2008, Gao et al., 2012). The GFDL CM2.1 model is generally more sensitive to slight variations in emissions scenarios and predicts warmer
and drier climates than other GCMs reviewed by the IPCC AR4 (Cayan
et al., 2008), and has been commonly used in climate change response
studies to represent more extreme climate change predictions (e.g.
Byrd et al., 2015, Thorne et al., 2015). While newer IPCC assessment reports and emission scenarios are available, we chose to use the AR4 scenarios because recent work has shown few differences between species
distributions derived from the AR4 and IPCC ﬁfth assessment report
(Wright et al., 2015) and due to their relevance with existing planning
initiatives (DRECP, 2015).
2.3. Land use disturbance
To account for alterations due to current land use, we used a land use
impact scenario representing possible degradation of X. mohavensis
habitat from roads, urban centers, and areas with extensive vegetation
disturbance due to agriculture or cleared vegetation. These land uses
are generally thought to be incompatible with X. mohavensis, and
were used to reduce the habitat suitability score where they occurred.
Few data are available to suggest quantitative relationships between

anthropogenic inﬂuences and X. mohavensis habitat degradation, and
therefore we selected the medium impact scenario described by
Inman et al. (2013) to represent a moderate level of habitat degradation
rather than known and tested relationships. The medium impact scenario was deﬁned as the middle point between the high and low impact
scenarios used by Inman et al. (2013). Scale factors from the medium
impact scenario for each current land use were based on expert opinion
from ﬁeld observations of X. mohavensis behavior (Inman et al., 2013).
Urban areas were derived from the National Land Cover Database
(NLCD) 2006 Percent Developed Imperviousness layer (Xian et al.,
2011), while major roads were extracted from U.S. Census Bureau Topologically Integrated Geographic Encoding and Referencing (TIGER) line
ﬁles. Agriculture and cleared vegetation were identiﬁed using two different methods because digitized agriculture lands were not available
for the entire study area. Within the areal extent of current habitat, a
spatial layer was derived from remote sensing and image interpretation
as described in Esque et al. (2013). Comparable layers depicting agricultural areas were obtained from the National Land Cover Database 2006
(Fry et al., 2011) for the larger study area. Current roads, urban areas,
and agriculture/cleared vegetation were represented as binary spatial
layers at a 1 km cell resolution, and assigned scale factors to effectively
reduce habitat suitability where their inﬂuence occurred. Scale factors
for urban areas, major roads, and agriculture/cleared vegetation were:
0.750, 0.250, and 0.750, respectively, and were used to reduce the habitat suitability value in impacted cells by subtracting the product of the
habitat suitability score and the scale factor from the habitat suitability
score.
2.4. Energy development
Predictions of future habitat incorporated scenarios of current and
proposed energy development for California and Nevada, based on the
Solar Energy Development Programmatic Environmental Impact Statement (BLM and DOE, 2012). Areas designated as transmission corridors
under the California Desert Conservation Area Plan of 1980 (BLM,
1980), and the West-wide Designation of Energy Corridors (DOE and
BLM, 2008) were also included. Additional energy development projects (such as wind and geothermal sites) and their associated spatial
footprints were identiﬁed and provided by the Renewable Energy Project Manager for the California Desert BLM District Ofﬁce (G. Miller, unpublished data) and Southern Nevada BLM District Ofﬁce (G. Helseth,
unpublished data). As with the land use impacts, scale factors were
assigned to reduce habitat suitability where energy development may
occur by subtracting the product of the habitat suitability score and
the scale factor from the habitat suitability score. Scale factors for transmission corridors, wind energy development, and solar energy development were: 0.300, 0.300, and 0.875, respectively.
2.5. Accessible habitat
The current conditions model was used to project habitat suitability
under the A2 and B1 climate scenarios annually for the years 2015 to
2080. We translated these projections of habitat suitability into predictions of X. mohavensis distributions by implementing two dispersal scenarios. The ﬁrst, a data informed dispersal scenario, was motivated by
evidence suggesting that current landscape patterns of genetic diversity
reﬂect long-term connectivity across multiple generations beyond distances dispersed by juveniles and that X. mohavensis gene ﬂow has historically been quite high across its range (Matocq et al. 2014). The
second, a no-dispersal scenario, operated under the assumption that
the ability of X. mohavensis to disperse under climate change may be restricted, predicated on a hypothesis that X. mohavensis may be unable to
shift its range in response to climate change.
The former consisted of 100 simulations of annual dispersal from
2015 to 2080 to identify areas of suitable habitat under the two climate
scenarios that could be occupied given known juvenile dispersal rates
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and by considering land use disturbance from the medium impact scenario. We term these areas ‘accessible habitat’ and estimate them as raster cells where at least 50% of the 100 simulations resulted in potential
occupancy by 2030 or 2080 (online Appendix A1 and Appendix A2). Potentially occupied cells at each yearly time step were identiﬁed from the
probability that X. mohavensis could reach a cell (Preach), conditioned on
the probability that the cell was suitable habitat.
We conditioned Preach on the probability that dispersing animals
could stay each year by setting Preach to 0 in cells where habitat suitability values (after land use disturbance scale factors were applied) were
considered ‘not habitat’ and were below the 5th percentile of habitat
suitability scores (0.295; Liu et al., 2005) from the current conditions
model. If the habitat suitability value (after scale factors were applied)
was above this threshold, Preach was taken as a kernel density point estimate from the distribution of known yearly dispersal distances (Fig.
1A). These dispersal distances were computed from annual displacement distances of natal sites to hibernacula of 11 juveniles from 1995
to 1997 (Harris and Leitner, 2005), which ranged from 0 to
6.2 km ∗ year−1, with a mean of 1.7 km ∗ year−1. A Euclidean distance
surface from the nearest potentially occupied cell of the previous year
was used to obtain the kernel density point estimate of the probability
that X. mohavensis could reach a given raster cell from its straight-line
distance to the nearest previously occupied cell. Potentially occupied
cells for the ﬁrst year of each simulation were enumerated by selecting
contiguous blocks of habitat (areas with suitability scores above the
0.295 threshold) from the current conditions model containing X.
mohavensis observations. We added an additional constraint to Preach
to account for the cost of traveling through unsuitable habitat to reduce
Preach in areas separated from occupied areas by raster cells with low
suitability habitat. Preach was reduced proportionally by this cumulative
cost function, calculated from a minimum cumulative cost surface, and
deﬁned as:
!
n
cost ¼ ∑ 1−
i¼1

1

"

1 þ ðe−Hi −0:3 Þ15

ð1Þ

where n is the number of cells traversed and Hi is the habitat suitability
value at cell i after land use disturbance scale factors have been applied.
This equation was motivated from the assumption that few differences,
if any, would be apparent in dispersal patterns in areas with habitat suitability above 0.6 – since 90% of known X. mohavensis localities occurred
in areas with habitat suitability above 0.60. We therefore set cost to be
similar in these areas, while areas with suitability values below 0.6
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were given increasing costs to meet the assumption that areas with
low suitability habitat were increasingly unlikely to be traversed (Fig.
1B). To assess the impact of uncertainty in dispersal rates, we added
yearly spatial stochasticity through the use of uniform random surfaces
ranging from 0 to 1 to ensure that not all cells with high Preach values
were reachable at any given time step in each simulation. Only raster
cells with a Preach greater than the deviates surface were considered potentially occupied each year. In addition to accessible habitat (calculated as raster cells where at least 50% of 100 simulations resulted
in potential occupancy by 2030 or 2080 under the A2 and B1 climate
scenarios), we also enumerate areas where 5% and 95% of 100 simulations resulted in potential occupancy to investigate how uncertainty in dispersal rates may affect accessible habitat. This uncertainty is
expressed as differences between accessible habitat and the areas
where 5% and 95% of 100 simulations resulted in potential occupancy. The net change in total accessible habitat and the amount of new
accessible habitat gained due to changes in climate is reported along
with overlap between accessible habitat under the A2 and B1 climatic scenarios to identify co-occurring areas under the two differing climate scenarios.
The second dispersal scenario assumed no dispersal and was implemented using the same methods to estimate accessible habitat, with
one exception: rather than using juvenile dispersal distances computed
from annual displacement distances, we set dispersal distances to zero
to assess the outcome if X. mohavensis was unable to shift populations
into new unoccupied habitat. We report the amount of current habitat
lost under the A2 and B1 climate scenarios for 2030 and 2080 under
this dispersal scenario.
The degree to which accessible habitat may be affected by energy
development was evaluated by including scale factors for energy development along with the scale factors for land use disturbance in a separate set of dispersal simulations, thereby creating an energy
development scenario to assess potential effects of energy development
on future X. mohavensis habitat. We report the total amount of habitat
predicted under this energy development scenario for each of the climate scenarios. We also report the mean habitat suitability score (without energy development scale factors) in areas with proposed energy
development and the mean of habitat suitability scores for the remainder of the study area to identify if areas with proposed energy development are predicted to have greater habitat suitability under either of the
two climatic scenarios in 2080. We also identify areas of conservation
concern where accessible habitat under the two climatic scenarios overlaps with areas where energy development is proposed.

Fig. 1. Movement and colonization probability. A) Movement function applied to annual climate change migration functions derived from movement data for Mohave Ground Squirrel
(Harris and Leitner, 2005). The probability of movement for a given distance is on the y-axis, and the potential distance moved in meters is on the x-axis. B) Cost function – derived
from habitat suitability – for traversing to new habitat during annualized dispersal simulations to estimate potential responses of Mohave Ground Squirrels to climate change induced
habitat shifts.
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3. Results
3.1. Accessible habitat
Under the altered climate regimes predicted by the A2 and B1 climatic scenarios and the assumption of no dispersal, losses of 11.0%
and 10.8% of extant habitat are predicted by 2030. When considering
dispersal ability, gains of new accessible habitat may provide an additional 38.7% (Fig. 2) and 38.3% (Fig. 2) of habitat beyond current
amounts for the A2 and B1 climatic scenarios, respectively (Table 1).
This may result in an increase over the 12,721 km2 of extant habitat
under the A2 and B1 scenarios (Fig. 3; Table 1), though when uncertainty in dispersal estimates was considered, these increases could be offset
by as much 6.3% and 8.5% for the A2 and B1 scenarios, respectively.
Under the no dispersal scenario, losses of 52.7% and 64.0% of extant habitat by 2080 are predicted under the A2 and B1 climatic scenarios, respectively (Table 1). In contrast, allowing for dispersal suggested an
increase in suitable habitat by 2080 of 37.0% and 49.8% for the two climatic scenarios, though uncertainty in dispersal estimates may alter
these increases by 6.0% and 2.5% (Table 1).
Overlap in predictions of habitat between the climate scenarios was
considerable, with 15,456 km2 of habitat common under A2 and B1 predictions in 2030 (Fig. 4A). This overlap represented 90.8% of the
17,017 km2 of total habitat predicted under either climatic scenario,
suggesting high congruence between the two climatic scenarios early
on. Non-overlapping habitat was limited to fringe areas along the periphery (Fig. 4A), with the majority of incongruent habitat being compressed at the base of the Sierra Nevada and San Bernardino
Mountains escarpments. In contrast, by 2080, only 8584 km2 (65.7%)
of the 13,056 km2 of habitat from both climatic scenario is shared between scenarios (Fig. 4B). Here, the majority of non-overlapping habitat
from the B1 climatic scenario was located to the north, while the majority of non-overlapping habitat from the A2 climatic scenario was located
to south and east, again along the fringes of the core habitat areas (Fig.
4B). Areas with overlapping new accessible habitat were constrained
to the Owens Valley by the Sierra Nevada and White Mountain
escarpments.
3.2. Energy development
Although the footprint for renewable development used here did
not vary through time, the total area and conﬁguration of habitat did,
resulting in differing impacts for each of the two time periods. Thus,
the predicted effect of energy development interacted strongly with climate scenarios. By 2030, the addition of energy development to the no
dispersal scenario resulted in an additional loss of 436 km2 and 423 km2
of current habitat under the A2 and B1 climatic scenarios, respectively
(Table 1). Combined with the climate scenarios, we predict losses of

1830 km2 and 1793 km2 of habitat identiﬁed in the current conditions
model. When dispersal was considered, a net gain of 4708 km2 and
4655 km2 of habitat by 2030 under the A2 and B1 climatic scenarios
was predicted (Table 1). By 2080, this pattern was nearly unchanged,
with an additional reduction of 453 km2 of habitat under the A2 climate
scenario and renewable development, but only an additional 332 km2
when renewable development scale factors were considered under
the B1 climatic scenario.
Areas with proposed energy development showed 0.052 and 0.057
higher average habitat suitability scores than the rest of the study area
for the A2 and B1 climatic scenarios in 2030, respectively. By 2080, the
average habitat suitability values were only marginally higher in areas
with proposed renewable development, with a 0.021 and 0.017 increase
for the A2 and B1 climatic scenarios, respectively. While higher average
suitability scores suggest that areas proposed for renewable development have higher suitability habitat than that found across the region,
these differences are relatively small compared to the entire range of
suitability values (0–1) predicted in the study area.

4. Discussion
Our study has found that the effects of a changing climate on X.
mohavensis habitat suitability may be greater over the next 70 years
than the effects of 2010 levels of proposed renewable energy development. Current habitat for X. mohavensis may be reduced by up to
52.7% by the year 2080 under the A2 emissions scenario, but shifts in accessible habitat may provide an offset of 6330 km2 (49.8%) of habitat,
resulting in a net loss of 1800 km2 (14.1%). Losses under the B1 scenario
were surprisingly similar despite this being a less severe scenario with
respect to expected climate change. When cast in light of proposed energy development, an additional 453 km2 of extant habitat may be affected under the A2 climatic scenario by 2080, though only an
additional 332 km2 under the B1 climatic scenario will be impacted by
renewable energy. While we found considerable differences in X.
mohavensis habitat between the two extreme emission scenarios, we
also identiﬁed large regions of congruence by 2080 – both for habitat
lost, and for new accessible habitat gained. Incorporating multiple emission scenarios in estimates of future habitat is critical for species distribution models intended for conservation planning due in large part to
the wide range of climate uncertainty represented across different scenarios (Beaumont et al., 2008). Regions of congruence between the scenarios can help incorporate multiple estimates of future habitat into
land use planning efforts as areas to prioritize for conservation. Likewise, sessile species and those with low dispersal abilities may not
have the ability to shift or otherwise change their ranges to keep pace
with climate change (Schloss et al., 2012), further complicating the prioritization of areas for conservation under changing climates.

Fig. 2. Estimates of annual change in habitat area under the two climate forcing scenarios. Amount (km2) of current habitat lost (thick) or new habitat gained (thin) each year under the B1
(dashed) and A2 (dotted) scenarios over the current conditions model.
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Table 1
Accessible habitat totals (km2) under the two climate scenarios (A2, B1) for two times steps (2030 and 2080) with and without proposed renewable energy. Area totals include No Change,
Loss, Gain, and Gain Uncertainty and represent the total amount of accessible habitat that remained or was lost or gained relative to the current distribution by 2030 or 2080. Gain uncertainty was estimated by taking the difference in areas where 5% and 95% of 100 simulations resulted in potential occupancy. The amount of habitat remaining (No Change) plus the amount
of habitat lost (Loss) equals the total amount of current habitat, while the amount of habitat remaining (No Change) plus the amount of habitat gained (Gain) equals the total amount of
potential habitat under the given year and climate scenario.
Year

No energy development

Energy development

Total

No change

Loss

Gain

Gain uncertainty

Total

No change

Loss

Gain

A2 (km2)
Current
2030
2080

12,721
16,250
10,718

11,327
6017

1394
6704

4923
4701

(+/−) 308
(+/−) 282

12,721
15,599
10,116

10,891
5564

1830
7157

4708
4552

B1 (km2)
Current
2030
2080

12,721
16,224
10,922

11,351
4591

1370
8129

4873
6330

(+/−) 415
(+/−) 157

12,721
15,583
10,449

10,928
4259

1793
8462

4655
6191

4.1. Changing climate
Climate change poses new adaptive challenges to species persistence, but its inﬂuences are complicated by decisions about where
human populations and their infrastructure will expand or contract
(Mantyka-Pringle et al., 2015). This is especially true under a new energy future where alternative sources of energy are being developed in
areas previously untouched by human activities (McDonald et al.,
2009). In this rapidly changing environment, forecasting the potential
futures of ecosystems and their inhabitants relies not only on an accurate understanding of how species are responding to changing climates,
but also a strong understanding of their possible behavioral and physiological responses to altered land uses (e.g., solar or wind facilities).
The latter is ever more important with the acceleration of alternative
energy development, yet remains under studied and poorly understood
(Northrup and Wittemyer, 2012).
While management decisions are often based on the “best available
data”, distribution models incorporating inﬂuences of a changing climate and altered land uses are all too frequently ignored in the decision
process (Oliver et al., 2016), or are included using simplistic climate correlations absent of physiology or behavioral knowledge (Baldwin et al.,
2014, Stephens et al., 2015). Models tied mechanistically to climatespace are far better suited for predicting the potential outcomes from
climate change and should be included in management decisions
where possible (Tracy et al., 2006). However, predictions of habitat
shifts in response to global climate change cannot be based solely on
analyses of climate-space changes, because species distributions are
also governed by a complex array of biological factors including:

reproduction, adaptation, and dispersal – interacting with suitable attributes of the physical environment. Similarly, changes in climate are not
expected to be linear progressions (IPCC, 2001), and thus it is important
to account for the succession of small annual changes in each of these
factors rather than relying on a forecast of a single change some number
of years into the future.
We use mechanistically relevant habitat variables in a presence-only
SDM to create projections of future habitat and used annual dispersal
simulations and current land-use degradation to forecast potential
shifts in X. mohavensis distributions under two climate scenarios.
Gains of new accessible habitat were initially similar between the scenarios, though they begin to diverge in 2039 with the A2 scenario
gaining more new accessible habitat. This trend reverses in 2055, thereafter predicting greater habitat gains for B1 (Fig. 2). Generally, the B1
emissions storyline and scenario family is more optimistic than the A2
scenario, and we expected less habitat loss than under the A2 emissions
storyline (IPCC, 2001). However, for our study area, winter precipitation
was predicted to be higher in the B1 scenario until 2049, after which the
B1 scenario showed lower precipitation than the A1 scenario (Fig. 5). In
contrast, climatic water deﬁcit shows a reversal of this pattern, with the
A2 scenario predicting higher climatic water deﬁcit than the B1 scenario
up to 2033, but lower climatic water deﬁcit thereafter (Fig. 5). These differences resulted in considerable departure between the two scenarios
in terms of total habitat loss through 2080, though the amount of overlap between the two scenarios remained high: 90.8% in 2030 and 65.7%
in 2080 (Fig. 4B). The differences between the two scenarios by 2080
were primarily attributable to the increase in newly accessible habitat
in the B1 scenario.

Fig. 3. Estimates of annual total habitat area under the two climate forcing scenarios. Amount (km2) of net (current conditions –lost +gained) habitat each year under the B1 (dashed) and
A2 (dotted) scenarios.
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Fig. 4. Future accessible habitat and energy development. Accessible habitat under the B1 (white) and A2 (black) for the years 2030 (A) and 2080 (B). Areas of overlap between the two
climate scenarios are shown in light grey. Accessible habitat was estimated with renewable development scale factors, and red areas indicate potential wind development areas, and green
areas indicate potential solar development areas. Transmission corridors are highlighted in yellow. Large portions of current habitat (white hashed) may be lost by 2080 (B) under both
climate scenarios.

By 2080, much of the new accessible habitat for X. mohavensis is predicted to be located in the Owens Valley, along US Highway 395. This
relatively long and narrow valley is ﬂanked by the Sierra Nevada,
White Mountains, and stretches north from Owens Lake, CA, to beyond
Bishop, CA into Nevada (Fig. 4B). No known efforts to sample for X.
mohavensis have been made there, though the northernmost observation of X. mohavensis is on the southeastern edge of Owens Lake, suggesting that this valley may not be too dissimilar from current habitat.
Overlap between the two climate scenarios was also substantial here
(Fig. 4B), indicating a high likelihood that this area may become suitable
for X. mohavensis occupancy in the future.

4.2. Renewable energies
While there is a general dearth of information on the effects of renewable energy on small fossorial mammal populations, recent work
(Rabin et al., 2006) suggests that increased alert vocalizations and
anti-predator vigilance behavior may occur in California ground squirrels (Otospermophilus beecheyi) from additional noise generated by the
blades of wind turbine props. Little is known, however, about the cumulative impacts wind development facilities will have on the status of
small mammal populations. Solar energy development likely presents
a greater detriment to squirrel populations through the destruction

Fig. 5. Regional projections of climate covariates. Study area means of winter climatic water deﬁcit (mm of H2O) and winter precipitation (mm/year) for each year between 2015 and 2080
under the B1 (dashed) and A2 (solid) GFDL climate scenarios.
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and direct modiﬁcation of habitat, as well as indirect effects of increased
roads, dust suppression and general habitat fragmentation (Lovich and
Ennen, 2011, BLM, 2012). Similarly, transmission corridors are thought
to have slight negative effects on many ground-dwelling species
through the introduction of predators and exotic species (Stiles and
Jones, 1998, Gelbard and Belnap, 2003), or altered vegetation communities (Clarke et al., 2006, King et al., 2009).
Our footprints of energy development used for these analyses were
accurate as of October 2010, and represent a snapshot of proposed renewable development at that time. Due to continuous changes in applications and permits, best available data are continually replaced with
updated energy development plans, and thus there is no deﬁnitive answer to exactly how much energy development will occur over the
next century, or where that development will occur. Predicting the
time and place of new renewable energy facilities spans the realms of
renewable energy markets, infrastructure requirements and political
climates, and is beyond the scope of the work presented here. When
habitat degradation due to energy development was considered, additional losses of current habitat were observed – though were marginal
relative to habitat lost due to projected changes in climate. Under the
A2 climatic scenario, proposed energy development may affect
453 km2 of habitat in addition to the 6704 km2 of habitat that may be
lost due to changes in climate by 2080. These estimates however, are
highly conservative because only energy development on public lands
was considered. Projects on private lands may cause additional loss of
X. mohavensis habitat not considered here.
4.3. Assumptions, limitations and uncertainty
The estimates of accessible habitat presented here make a critical assumption that new accessible habitat will be not only be reachable by X.
mohavensis, but will also be capable of sustaining populations for the
years those areas remain suitable in the SDM forecasts. While this assumption is not entirely unreasonable, it needs to be explored further
with ﬁeld validation and translocation studies to better understand
the ability of X. mohavensis to establish and maintain populations in
new habitats. The scenario of dispersal used here also makes the assumption that X. mohavensis populations will move annually at rates
found in the few known studies of juvenile natal dispersal. While we
considered loss of habitat that may result from a no dispersal scenario,
we were unable to incorporate effects that climate change may have
on dispersal through temperature or other environmental changes. Altered temperature regimes may constrain spring and fall activity periods (Sharpe and Van Horne, 1999), thereby limiting periods where
X. mohavensis may disperse – though the magnitude of these possible
effects is unknown. In addition to impacts on behavior, our model of dispersal does not incorporate estimates of population vital rates or other
demographic characteristics needed to estimate population viability,
and therefore is an oversimpliﬁcation of the mechanisms by which species' ranges shift. However, while the scenario of dispersal used here
does not capture all of the intricate pathways that climate change
may inﬂuence a population, we do include a scenario of no dispersal and incorporate yearly spatial stocasticity to capture uncertainty
in dispersal estimates. This uncertainty was realized as error rates
of up to 8.5% by 2030 and 6.0% by 2080, suggesting that the uncertainty in the future gains of habitat is substantially less than the
magnitude of losses predicted under a no dispersal scenario (53%
and 64% for the two climatic scenarios). This underscores the importance of putting estimates of future habitat in context of possible dispersal mechanisms: the future of X. mohavensis habitat may
be inﬂuenced heavily on their ability to shift in response to changing climates.
Similarly, we did not incorporate speciﬁc estimates of soil condition
(e.g., composition or structure) in the model because quality data describing dominant soil conditions are lacking for portions of X.
mohavensis range. Instead of soil condition, we used a proxy for surface
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texture derived from thermal infrared spectroscopy relating dense
rocky textures to areas with greater heat holding capacity. Fossorial organisms rely on friable soils, and our index of surface texture (see Inman
et al., 2013 for methods) was derived to capture the variability in surface
friability. Also absent were estimates of vegetation community structure under projections of climate change because speciﬁc plant species
required for X. mohavensis populations are currently unknown and because projections of vegetation community projections under changing
climates are meager at best. The condition and phenology of plants depend on weather conditions and environmental conditions among
years (Recht, 1977), and vary with changing climatic conditions. These
changes will be difﬁcult to quantify for Mojave Desert species. Broadly
speaking, X. mohavensis occupy vegetation communities in the high
desert plains and hills throughout the western Mojave Desert. Examination of extant vegetation communities present within future accessible
areas may provide insight to the types of communities that X.
mohavensis may need to occupy under changing climates. There are
three major vegetation types represented within these areas: high desert plains and hills, Owens' Valley vegetation, and shrub steppe vegetation (Barbour et al., 2007). While the Owen's Valley vegetation
communities are different than those currently occupied by X.
mohavensis, species important to X. mohavensis diets such as Atriplex
confertifolia (shadscale), and Kraschenninikovia lanata (winterfat) are
broadly present among them. Each of these species may also be found
in shrub steppe habitats, but temperature regimes are cooler, and
these species are far less dominant. Thus, shrub steppe habitat is least
similar to areas presently occupied by X. mohavensis and may be most
difﬁcult to immigrate into. However, due to drastic changes in precipitation and climatic water deﬁcit predicted under the two scenarios considered here, it is unlikely that vegetation communities will remain
unchanged. Better predictions of future vegetation communities will
undoubtedly improve SDMs and their forecasts of habitat suitability
under altered climate regimes.
Climate change issues and research have been at the forefront of
public interest and scientiﬁc investigations in recent years. The need
for new tools to relate species responses to changes in climate has
caused scientists to modify existing tools used for modeling habitat to
incorporate forecasts of climate change into future predictions of habitat availability. However, while habitat models used in this manner provide useful quantitative predictions of habitat in a changing world, they
are not without error, and should be interpreted as predictions made
with assumptions and inherent error. Few methods exist to represent
all of the uncertainty inherent in predictions of future habitat because
of the many sources of error contained in each of the GCMs (Tebaldi
et al., 2005, Collins et al., 2011), emissions scenarios (IPCC 2001), downscaled climate variables (Flint and Flint, 2012, Flint et al., 2013), and
habitat models (Rocchini et al., 2011). In particular, the choice of
methods in downscaling coarse GCM outputs into regional projections
of climate needs to be considered in conservation studies (Harris et al.,
2014). The uncertainty imparted in climate downscaling is often
overlooked, and has been identiﬁed as a need for continued research
(Salvi et al., 2015). For example, in preliminary work, we found considerable differences in projected climatic water deﬁcit between regionally
downscaled CMIP3 hydrologic projections (Reclamation, 2011) and the
California Basin Characterization Model of downscaled hydrologic
projections (Flint et al., 2013), but chose to use the later due to its
prevalence in hydrologic modeling applications in California (e.g.,
Torregrosa et al. 2013, Chornesky et al., 2015).
The predictions of X. mohavensis habitat are based on the best available knowledge and data, but will undoubtedly be improved upon by
future modeling as scientists continue to improve and reﬁne global climate models, emissions scenarios and downscaling methods, and continue to reﬁne our understanding of species' habitat requirements and
inter-species interactions. Reduced uncertainty and improved utility
will help future efforts to be more precise in deriving estimates of future
habitat suitability.
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4.4. Local conservation recommendations
As demand for sources of alternative energy increases, so too will
the need for speciﬁc mitigation strategies to offset new environmental impacts. This work identiﬁed an area of current habitat (Fig. 4A)
that is predicted to persist as habitat under both climatic scenarios,
but is slated for wind energy development under current management plans. This area serves as an important corridor for gene ﬂow
among populations in the current distribution of X. mohavensis
(Matocq et al., 2014, Dilts et al., 2015), and currently contains one
of three distinct genetic groups within the species (Bell and
Matocq, 2011). Under future climate regimes, this area may also
serve as an important corridor of habitat to facilitate movement of
individuals from areas that may become unsuitable.

5. Conclusions
Estimates of future habitat lacking dispersal considerations can drastically overestimate the amount of available habitat (Bateman et al.,
2013), and may cause conservation planning efforts to incorporate unrealistic range shifts into habitat conservation plans. By incorporating
dispersal-limited estimates of future habitat and detrimental land uses
(e.g., roads, urban areas and agricultural/cleared vegetation) prior to
assessing the effects of renewable energy, we provide a more appropriate measure of the amount of ‘impacted’ land due to renewable energy
than would be assessed if climate-niche models had been used in absence of dispersal limitations and land degradation. Our use of scale factors to incorporate land degradation and dispersal scenarios provides a
novel method for enumerating the assumed differences between multiple land use activities and for distinguishing accessible areas that may
represent potential habitat from areas that are predicted to be ‘suitable,’
yet would be unavailable to squirrel populations due to dispersal limitations (i.e. inaccessible).
Resource managers charged with preserving biodiversity while
managing for multiple uses of public lands face increasing demands
and pressures with climate change and increased development of renewable energy. Tools for predicting the consequences of land use planning decisions (e.g., development of utility-scale renewable energy) on
wildlife habitat in the context of climate change are ever more important for managers and policymakers. In particular, habitat models incorporating population demographic traits provide a greater degree of
biological realism, and can give managers and policymakers greater insight to long-term ecological responses to land use decisions by incorporating aspects of population biology that are not often considered
with species distribution models.

Acknowledgments
Funding for this work was provided by the California Energy Commission, CEC Agreement 50010027 and from the USGS Ecosystems Mission Area, and Western Ecological Research Center. We thank Russell
Scoﬁeld – USDI, Bureau of Land Management for encouraging us to pursue this research, as well as David Stoms – CEC and Nate Stephenson –
USGS, Josep Serra-Diaz – Harvard University, Janet Franklin – Arizona
State University, and three anonymous reviewers for the careful reading
and thoughtful comments. Any use of trade, product, or ﬁrm names is
for descriptive purposes only and does not imply endorsement by the
U.S. Government.

Appendix A. Supplementary data
Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.biocon.2016.05.033.

References
[BLM] USDI-BLM, 1980. California Desert Conservation Area Plan. Available at: http://
www.blm.gov/pgdata/etc/medialib//blm/ca/pdf/pdfs/cdd_pdfs.Par.aa6ec747.File.pdf/
CA_Desert_.pdf (Accessed on 12 September 2012)
[BLM] USDI-BLM and [DOE] US Department of Energy, 2012. Final Programmatic Environmental Impact Statement (PEIS for Solar Energy Development in Six Southwestern States. http://solareis.anl.gov/documents/fpeis/index.cfm (Accessed 6
Sept 2013)
[DOE] US Department of Energy and [BLM] US Department of the Interior, Bureau of Land
Management, 2008. Programmatic Environmental Impact Statement of Energy Corridors on Federal Land in the 11 Western States (DOE/EIS-0386). Available at: http://
corridoreis.anl.gov/eis/guide/ (Accessed on 12 September 2012)
[NREL] National Renewable Energy Laboratory, 2013. Dynamic Maps, GIS Data and Analysis Tools: Solar Maps. NREL. Available at: www.nrel.gov/gis/solar.html (Accessed on
6 Sept 2013).
[Reclamation] Bureau Of Reclimation, 2011. West-Wide Climate Risk Assessments: biasCorrected and Spatially Downscaled Surface Water projections, Technical Memorandum No. 86-68210-2011-01, prepared by the U.S. Department of the Interior, Bureau
of Reclamation, Technical Services Center, Denver, Colorado. (138 pp.).
Baldwin, R., Scherzinger, R., Lipscomb, D., Mockrin, M., Stein, S., 2014. Planning for land
use and conservation: Assessing GIS-based conservation software for land use planning. Res. Note RMRS-RN-70. U.S. Department of Agriculture, Forest Service, Rocky
Mountain Research Station, Fort Collins, CO (33 pp.).
Barbour, M.G., Keeler-Wolf, T., Schoenherr, A.A., 2007. Terrestrial Vegetation of California.
U. Calif. Press (599 p. ISBN 9780520249554).
Barrows, C.W., Allen, M.F., 2009. Conservation implications of fragmentation in deserts.
In: Webb, R.H., Fenstermaker, L.F., Heaton, J.S., Hughson, D.L., McDonald, E.V.,
Miller, D.M. (Eds.), The Mojave Desert: Ecosystem Processes and Sustainability. U.
Nev. Press.
Bateman, B.L., Murphy, H.T., Reside, A.E., Mokany, K., VanDerWal, J., 2013. Appropriateness of full-, partial- and no-dispersal scenarios in climate change impact modelling.
Divers. Distrib. 19, 1224–1234.
Beaumont, L.J., Hughes, L., Pitman, A.J., 2008. Why is the choice of future climate scenarios
for species distribution modelling important? Ecol. Lett. 1–12.
Bell, G., Gonzalez, A., 2011. Adaptation and evolutionary rescue in metapopulations
experiencing environmental deterioration. Science 332, 1327–1330.
Bell, K.C., Matocq, M.D., 2011. Regional genetic subdivision in the Mohave ground squirrel: evidence of historic isolation and ongoing connectivity in a Mojave Desert endemic. Anim. Conserv. 14, 371–381.
Beltrán, B., Franklin, Syphard, J., D., A., Regan, H.M., Flint, L.E., Flint, A.L., 2014. Effects of climate change and urban development on the distribution and conservation of plant
functional types in a Mediterranean-type ecosystem. Int. J. Geogr. Ing. Sci. 28,
1561–1589.
Berry, K.H., Aresco, M.J., 2014. Threats and conservation needs for North American Tortoises. Chapter 18. In: Rostal, D., McCoy, E.D., Mushinsky, H. (Eds.), Ecology of
North American Tortoises. Johns Hopkins Press, 158, p. 149.
Best, T.L., 1995. Spermophilus mohavensis. Mammalian Species No 509. T. Am. Soc. Mammalogists 509, 1–7.
Botkin, D.B., Saxe, H., Araújo, M.B., Betts, R., Bradshaw, R.H.W., Cedhagen, T., Chesson, P.,
Dawson, T.P., Etterson, J.R., Faith, D.P., Ferrier, S., Guisan, A., Hansen, A.S., Hilbert,
D.W., Loehle, C., Margules, C., New, M., Sobel, M.J., Stockwell, D.R.B., 2007. Forecasting
the effects of global warming on biodiversity. Bioscience 57, 227–236.
Broennimann, O., Thuiller, W., Huges, G., Midgley, G.F., Alkemade, J.M.R., Guisan, A., 2006.
Do geographic distribution, niche property and life form explain plants' vulnerability
to global change? Glob. Chang. Biol. 12, 1079–1093.
Brooks, M.L., Matchett, J.R., 2006. Spatial and temporal patterns of wildﬁres in the Mojave
Desert – 1980–2004. J. Arid Environ. 67S, 148–164.
Buckley, L.B.L., Urban, M.C.M., Angilletta, M.J.M., Crozier, L.G.L., Rissler, L.J.L., Sears,
M.W.M., 2010. Can mechanism inform species' distribution models? Ecol. Lett. 13,
1041–1054.
Burnham, K.P., Anderson, D.R., 2002. Model Selection and Multimodel Inference. Springer
Verlag.
Byrd, K.B., Flint, L.E., Alvarez, P., Casey, C.F., Sleeter, B.M., Soulard, C.E., Flint, A.L., Sohl, T.L.,
2015. Integrated climate and land use change scenarios for California rangeland ecosystem services: wildlife habitat, soil carbon, and water supply. Landsc. Ecol. 30,
729–750.
Cameron, G.N., Scheel, D., 2001. Getting warmer: effect of global climate change on distribution of rodents in Texas. J. Mammal. 82, 652–680.
Cayan, D.R., Maurer, E.P., Dettinger, M.D., Tyree, M., Hayhoe, K., 2008. Climate change scenarios for the California region. Clim. Chang. 87, 21–42.
Chornesky, E.A., Ackerly, D.D., Beier, P., Davis, F.W., Flint, L.E., Lawler, J.J., Moyle, P.B.,
Moritz, M.A., Scoonover, M., Byrd, K., Alvarez, P., Heller, N.E., Micheli, E.R., Weiss,
S.B., 2015. Adapting California's ecosystems to a changing climate. Bioscience 65,
247–262.
Clarke, D.J., Pearce, K.A., White, J.G., 2006. Powerline corridors: degraded ecosystems or
wildlife havens? Wildl. Res. 33, 615–626.
Collins, M., Booth, B.B., Bhaskaran, B., Harris, G.R., Murphy, J.M., Sexton, D.M.H., Webb,
M.J., 2011. Climate model errors, feedbacks and forcings: a comparison of perturbed
physics and multi-model ensembles. Clim. Dyn. 36, 1737–1766.
Delworth, T.L., Broccoli, A.J., Rosati, A., Stouffer, R.J., Balaji, V., Beesley, J.A., Cooke, W.F.,
Dixon, K.W., Dunne, J., Dunne, K.A., Durachta, J.W., Findell, K.L., Ginoux, P.,
Gnanadesikan, A., Gordon, C.T., Grifﬁes, S.M., Gudgel, R., Harrison, M.J., Held, I.M.,
Hemler, R.S., Horowitz, L.W., Klein, S.A., Knutson, T.R., Kushner, P.J., Langenhorst,
A.R., Lee, H.C., Lin, S.J., Lu, J., Malyshev, S.L., Milly, P.C.D., Ramaswamy, V., Russell, J.,
Scwarzkopf, M.D., Shevliakova, E., Sirutis, J.J., Spelman, M.J., Stern, W.F., Winton, M.,

R.D. Inman et al. / Biological Conservation 200 (2016) 112–121
Wittenberg, A.T., Wyman, B., Zeng, F., 2006. GFDL's CM2 global coupled climate
models — part 1: formulation and simulation characteristics. J. Clim. 19, 643–674.
Dilts, T.E., Weisberg, P.J., Leitner, P., Matocq, M.D., Inman, R.D., Nussear, K.E., Esque, T.C.,
2015. Landscape connectivity of the Mohave ground squirrel: a multi-scale framework for conservation prioritization in the context of renewable energy development
and climate change. Ecol. Appl. doi http://dx.doi.org/10.1890/15-0925.
DRECP [Desert Renewable Energy Conservation Plan], 2015. Desert Renewable Energy Conservation Plan: Proposed Land Use Plan Amendment and Final Environmental Impact Statement. Prepared by U.S. Bureau of Land Management in
Cooperation with U.S. Fish and Wildlife Service, California Energy Commission,
California Department of Fish and Wildlife. (October 2015. BLM/CA/PL-2016/
03 + 1753 + 8321).
Esque, T.C., Nussear, K.E., Inman, R.D., Matocq, M.D., Weisberg, P.J., Dilts, T.E., Leitner, P.,
2013. Habitat Modeling, Landscape Genetics, and Habitat Connectivity for the
Mohave Ground Squirrel to Guide Renewable Energy Development. California Energy
Commission (Publication number: CEC-500-2014-003).
Fielding, A., Bell, J., 1997. A review of methods for the assessment of prediction errors in
conservation presence/absence models. Environ. Conserv. 24, 38–49.
Flint, L.E., Flint, A.L., 2012. Downscaling future climate scenarios to ﬁne scales for hydrologic and ecological modeling and analysis. Ecol. Process. 1, 2.
Flint, A., Flint, L.E., Hevesi, J.A., Blainey, J.M., 2004. Fundamental concepts of recharge in
the Desert Southwest: a regional modeling perspective. In: Hogan, J.F., Phillips, F.M.,
Scanlon, B.R. (Eds.), Groundwater Recharge in a Desert Environment: The Southwestern United States. Water Science and Application vol 9. Am. Geophys. Union, Washington, D.C., pp. 159–184.
Flint, L.E., Flint, A.L., Thorne, J.H., Boynton, R., 2013. Fine-scale hydrologic modeling for regional landscape applications: the California Basin characterization model development and performance. Ecol. Process. 2, 25.
Frank, J.H., McCoy, E.D., 1990. Endemics and epidemics of shibboleths and other things
causing chaos. Fla. Entomol. 73, 1–9.
Franklin, J., 2010. Mapping Species Distributions: Spatial Inference and Prediction. Cambridge University Press, Cambridge, UK.
Fry, J., Xian, G., Jin, S., Dewitz, J., Homer, C., Yang, L., Barnes, C., Herold, N., Wickham, J.,
2011. Completion of the 2006 national land cover database for the conterminous
United States. Photogramm. Eng. Rem. S. 77, 858–864.
Gao, Y., Leung, L.R., Salathé Jr., E.P., Dominguez, F., Nijssen, B., Lettenmaier, D.P., 2012.
Moisture ﬂux convergence in regional and global climate models: implications for
droughts in the southwestern United States under climate change. Geophys. Res.
Lett. 39. http://dx.doi.org/10.1029/ 2012GL051560.
Gelbard, J.L., Belnap, J., 2003. Roads as conduits for exotic plant invasions in a semiarid
landscape. Conserv. Biol. 17, 420–432.
Hafner, D.J., Yates, T.L., 1983. Systematic status of the Mojave ground squirrel,
Spermophilus mohavensis (subgenus Xerospermophilus). J. Mammal. 397–404.
Hall, E.R., 1981. The Mammals of North America. Wiley, New York.
Harris, J.H., Leitner, P., 2005. Long-distance movements of juvenile Mohave ground squirrels (Spermophilus mohavensis). T. Southwest. Nat. 50, 188–196.
Harris, R.M.B., Grose, M.R., Lee, G., Bindoff, N.L., Porﬁrio, L.L., Fox-Hughes, P., 2014. Climate
projections for ecologists. WIREs Clim Change 5, 621–637.
Hereford, R., Webb, R.H., Longpre, C.I., 2004. Precipitation History of the Mojave Desert
Region, 1893–2001. U.S. Geological Survey Fact Sheet 117–03 2004.
Hernandez, R.R., Hoffacker, M.K., Murphy, Mariscal, M.L., Wu, G.C., Allen, M.F., 2015. Solar
energy development impacts on land cover change and protected areas. P. Natl. Acad.
Sci. USA. 112, 13579–13584.
Hickling, R., Roy, D.B., Hill, J.K., Thomas, C.D., Centre, B.R., 2005. A northward shift of range
margins in British Odonata. Glob. Chang. Biol. 11, 502–506.
Hijmans, R.J., Graham, C.H., 2006. The ability of climate envelope models to predict the effect of climate change on species distributions. Glob. Chang. Biol. 12, 2272–2281.
HilleRisLambers, J., Harsch, M.A., Ettinger, A.K., Ford, K.R., Theobald, E.J., 2013. How will biotic interactions inﬂuence climate change–induced range shifts? Ann. N. Y. Acad. Sci.
1297, 112–125.
Hoyt, D.F., 1972. Mohave Ground Squirrel Survey. California Department Fish Game, Special Wildlife Investigation Project No. W-54-R-4, Job No. II-5.5, 10.
Inman, R.D., Esque, T.C., Nussear, K.E., Leitner, P., Matocq, M.D., Weisberg, P.J., Dilts, T.E.,
Vandergast, A.G., 2013. Is there room for all of us? Renewable energy and
Xerospermophilus mohavensis. Endanger. Species Res. 20, 1–18.
Intergovernmental Panel on Climate Change, 2001]. Climate Change 2001: The Scientiﬁc
Basis. IPCC Third Assessment ReportCambridge Univ Press, New York.
Jones, K.R., Watson, J.E.M., Possingham, H.P., Klein, C.J., 2016. Incorporating climate
change into spatial conservation prioritisation: A review. Biol. Conserv. 194, 121–130.
King, D.I., Chandler, R.B., Collins, J.M., Petersen, W.R., Lautzenheiser, T.E., 2009. Effects of
width, edge and habitat on the abundance and nesting success of scrub-shrub birds
in powerline corridors. Biol. Conserv. 142, 2672–2680.
Lenoir, J., Gegout, J.C., Marquet, P.A., de Ruffray, P., Brisse, H., 2008. A signiﬁcant upward
shift in plant species optimum elevation during the 20th century. Science 320,
1768–1771.
Leu, M., Hanser, S.E., Knick, S.T., 2008. The human footprint in the west: a large-scale analysis of anthropogenic impacts. Ecol. Appl. 18, 1119–1139.
Liu, C., Berry, P., Dawson, T., Pearson, R., 2005. Selecting thresholds of occurrence in the
prediction of species distributions. Ecography 28, 385–393.
Lovich, J.E., Ennen, J.R., 2011. Wildlife conservation and solar energy development in the
desert southwest, United States. Bioscience 61, 982–992.
Mantyka-Pringle, C.S., Visconti, P., Di Marco, M., Martin, T.G., Rondinini, C.R., Rhodes, J.R.,
2015. Climate change modiﬁes risk of global biodiversity loss due to land-cover
change. Biol. Conserv. 187, 103–111.
Matocq, M.D., Dilts, T.E., Leitner, P., Weisberg, P.J., Inman, R.D., Esque, T.C., Nussear, K.E.,
2014. Historic and ongoing processes contributing to genetic diversity and

121

divergence in the Mohave ground squirrel (Xerospermophilus mohavensis). In Esque,
T.C., Nussear, K.E., Inman, R.D., Matocq, M.D., Weisberg, P.J., Dilts, T.E., Leitner, P.,
(U.S. Geological Survey) 2013. Habitat Modeling, Landscape Genetics and Habitat
Connectivity for the Mohave Ground Squirrel to Guide Renewable Energy Development. California Energy Commission. (Publication number: CEC-500-2014-003. 165
pp.).
McDonald, R.I., Fargione, J., Kiesecker, J., Miller, W.M., Powell, J., 2009. Energy sprawl or
energy efﬁciency: climate policy impacts on natural habitat for the United States of
America. PLoS ONE 4, e6802.
Moritz, C., Patton, J.L., Conroy, C.J., Parra, J.L., White, G.C., Beissinger, S.R., 2008. Impact of a
century of climate change on small-mammal communities in Yosemite National Park,
USA. Science 322, 261–264.
Northrup, J.M., Wittemyer, G., 2012. Characterising the impacts of emerging energy development on wildlife, with an eye towards mitigation. Ecol. Lett. 16, 112–125.
Oliver, T.H., Smithers, R.J., Beale, C.M., Watts, K., 2016. Are existing biodiversity conservation strategies appropriate in a changing climate? Biol. Conserv. 193, 17–26.
Pearson, R.G., Stanton, J.C., Shoemaker, K.T., Aiello-Lammens, M.E., Ersts, P.J., Horning, N.,
Fordham, D.A., Raxworthy, C.J., Ryu, H.Y., McNees, J., Akcakaya, H.R., 2014. Life history
and spatial traits predict extinction risk due to climate change. Nat. Clim. Chang. 4,
217–221.
Phillips, S.J., Dudik, M., 2008. Modeling of species distributions with Maxent: new extensions and a comprehensive evaluation. Ecography 31, 161–175.
Phillips, S., Anderson, R., Schapire, R., 2006. Maximum entropy modeling of species geographic distributions. Ecol. Model. 190, 231–259.
Priestley, C., Taylor, R., 1972. On the assessment of surface heat ﬂux and evaporation using
large-scale parameters. Mon. Weather Rev. 100, 81.
Rabin, L.A., Coss, R.G., Owings, D.H., 2006. The effects of wind turbines on antipredator behavior in California ground squirrels (Spermophilus beecheyi). Biol. Conserv. 131,
410–420.
Recht, M.A., 1977. The Biology of the Mohave Ground Squirrel Spermophilus mohavensis:
Home Range, Daily Activity, for Aging and Weight Gain and Thermoregulatory Behavior (PhD Dissertation) U. Calif., Los Angeles (117 pp.).
Rocchini, D., Hortal, J., Lengyel, S., Lobo, J.M., Jiménez-Valverde, A., Ricotta, G., Bacaro, C.,
Chiarucci, A., 2011. Accounting for uncertainty when mapping species distributions:
the need for maps of ignorance. Prog. Phys. Geogr. 35, 211–226.
Rosenzweig, C., Karoly, D., Vicarelli, M., Neofotis, P., Wu, Q., Casassa, G., Menzel, A., Root,
T.L., Estrella, N., Seguin, B., Tryjanowski, P., Liu, C., Rawlins, S., Imeson, A., 2008. Attributing physical and biological impacts to anthropogenic climate change. Nature 453,
353–357.
Salvi, K., Ghosh, S., Ganguly, A.R., 2015. Credibility of statistical downscaling under nonstationary climate. Clim. Dyn. 46, 1991–2023.
Schloss, C.A.C., Nuñez, T.A.T., Lawler, J.J.J., 2012. Dispersal will limit ability of mammals to track
climate change in the Western Hemisphere. P. Natl. Acad. Sci. USA. 109, 8606–8611.
Schwartz, M.W., 2012. Using niche models with climate projections to inform conservation management decisions. Biol. Conserv. 155, 149–156.
Serra-Diaz, J.M., Franklin, J., Ninyerola, M., Davis, F.W., Syphard, A.D., Regan, H.M., Ikegami,
M., 2014. Bioclimatic velocity: the pace of species exposure to climate change. Divers.
Distrib. 20, 169–180.
Stephens, P.A., Pettorelli, N., Barlow, J., Whittingham, M.J., Cadotte, M.W., 2015. Management by proxy? The use of indices in applied ecology. J. Appl. Ecol. 52, 1–6.
Stiles, J.H., Jones, R.H., 1998. Distribution of the red imported ﬁre ant, Solenopsis invicta, in
road and powerline habitats. Landsc. Ecol. 13, 335–346.
Tebaldi, C., Smith, R.L., Nychka, D., Mearns, L.O., 2005. Quantifying uncertainty in projections of regional climate change: a Bayesian approach to the analysis of multimodel
ensembles. J. Clim. 18, 1524–1540.
Thorne, J.H., Boynton, R.M., Flint, L.E., Flint, A.L., 2015. The magnitude and spatial patterns
of historical and future hydrologic change in California's watersheds. Ecosphere 6–24,
doi:/http://dx.doi.org/10.1890/ES14-00300.1.
Tingley, M.W., Koo, M.S., Moritz, C., Rush, A.C., Beissinger, S.R., 2012. The push and pull of
climate change causes heterogeneous shifts in avian elevational ranges. Glob. Chang.
Biol. 18, 3279–3290.
Torregrosa, A., Taylor, M.D., Flint, L.E., Flint, A.L., 2013. Present, Future, and Novel
Bioclimates of the San Francisco, California Region. Plos One 8, e58450–14.
Tracy, C.R., Nussear, K.E., Esque, T.C., Dean-Bradley, K., Tracy, C.R., DeFalco, L.A., Castle, K.T.,
Zimmerman, L.C., Espinoza, R.E., Barber, A.M., 2006. The importance of physiological
ecology in conservation biology. Integr. Comp. Biol. 46, 1191–1205.
Turner, R.M., 1994. Mohave desert scrub. In: Brown, D.E. (Ed.), Biotic Communities Southwestern United States and Northwestern Mexico. University of Utah Press, Salt Lake
City, pp. 157–168.
Sharpe, P.B., Van Horne, B., 1999. Relationships between the thermal environment and activity of Piute ground squirrels (Spermophilus mollis). J. Therm. Biol. 24, 265–278.
Vandergast, A.G., Inman, R.D., Barr, K.R., Nussear, K.E., Esque, T.C., Hathaway, S.A., Wood, D.A.,
Medica, P.A., Breinholt, J.W., Stephen, C.L., Gottscho, A.D., Marks, S.B., Jennings, W.B.,
Fisher, R.N., 2013. Evolutionary hotspots in the Mojave Desert. Diversity 5, 293–319.
Williams, J.W., Jackson, S.T., 2007. Novel climates, no-analog communities and ecological
surprises. Front. Ecol. Environ. 5, 475–482.
Wilson, R.J., Davies, Z.G., Thomas, C.D., 2010. Linking habitat use to range expansion rates
in fragmented landscapes: a metapopulation approach. Ecography 33, 73–82.
Wright, A.N., Schwartz, M.W., Hijmans, R.J., Bradley Shaffer, H., 2015. Advances in climate
models from CMIP3 to CMIP5 do not change predictions of future habitat suitability
for California reptiles and amphibians. Clim. Chang. 134, 579–591.
Xian, G., Homer, C., Dewitz, J., Fry, J., Hossain, N., Wickham, J., 2011. The change of impervious surface area between 2001 and 2006 in the conterminous United States.
Photogramm. Eng. Rem. S. 77, 758–762.
Zeiner, D.C., Laudenslayer, W.F., Mayer, K.E., White, M., 1988-1990. Californiaʹs Wildlife.
Vols. I-III. California Department of Fish and Game, Sacramento, California.

