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Abstract

Context Anticipating where an invasive species
could become abundant can help guide preven-
tion and control efforts aimed at reducing invasion
impacts. Information on potential abundance can be
combined with information on the current status of
an invasion to guide management towards currently
uninvaded locations where the threat of invasion is
high.

Objectives We aimed to support management by
developing predictive maps of potential cover for
cheatgrass (Bromus tectorum), a problematic invader
that can transform plant communities. We integrated
our predictions of potential abundance with mapped
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estimates of current cover to quantify invasion poten-
tial within lightly invaded areas.

Methods We used quantile regression to model
cheatgrass abundance as a function of climate,
weather, and disturbance, treating outputs as low to
high invasion scenarios. We developed a species-
specific set of covariates and validated model per-
formance using spatially and temporally independent
data.

Results Potential cheatgrass abundance was higher
in areas that had burned, at low elevations, and when
fall germination conditions were more favorable. Our
results highlight the extensive areas across the Great
Basin where cheatgrass abundance could increase to
levels that can alter fire behavior and cause other eco-
logical impacts.

Conclusions We predict potential cheatgrass abun-
dance to quantify relative invasion risk. Our model
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results provide high and low scenarios of cheatgrass
abundance to guide resource allocation and plan-
ning efforts across shrubland ecosystems of the Great
Basin that remain relatively uninvaded. Combin-
ing information on an invasive species’ current and
potential abundance can yield spatial predictions to
guide resource allocation and management action.

Keywords Invasion risk - Invader abundance -
Bromus tectorum - Cheatgrass - Quantile regression

Introduction

For well-established invasive species, impact reduc-
tion and asset protection strategies direct resources
towards prevention and control within uninvaded or
lightly invaded areas valuable for biodiversity, cul-
ture, or ecosystem services (Auld and Johnson 2014).
Potential invader abundance within intact (i.e., lightly
invaded) landscapes provides a proxy for potential
invader impacts (Parker et al. 1999) and can guide
management efforts beyond information on presence
(Yokomizo et al. 2009; Sofaer et al. 2018). A focus on
abundance is broadly applicable because even wide-
spread invaders have low abundance in most places
they occur (Hansen et al. 2013), reflecting patterns of
propagule pressure and variation in the recipient envi-
ronment and biotic community. To inform efficient
management, it is critical to differentiate areas where
a focal invasive species has the potential to become
abundant from areas where low habitat suitability
prevents abundance. In this context, two types of spa-
tial predictions are useful: those of current invader
abundance, and those of potential invader abundance.
Delineating areas with low current invader abundance
and high potential abundance can guide spatial prior-
itization for containment and control efforts.
Management of cheatgrass (Bromus tectorum)
exemplifies the challenges associated with invaders
that can become abundant and problematic across
large expanses of a landscape. Cheatgrass infests mil-
lions of acres in the Western United States, compet-
ing with native plants, altering the availability and
phenology of resources for wildlife and forage for
livestock, and providing fuel for fires that can trig-
ger a state change from shrubland to annual grassland
(Davies et al. 2012; Bradley et al. 2018). The grass-
fire cycle creates major challenges for restoration,
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such that elimination of large cheatgrass infestations
is infeasible on landscape scales with the current set
of management tools (Davies et al. 2021). However,
considerable intact shrubland habitats remain, and
integrating knowledge of current and potential pat-
terns of cheatgrass abundance can guide strategies
aimed at preventing and limiting invasion impacts.

Here, we model potential cheatgrass cover to pre-
dict risk of high abundance across the Great Basin.
Previous work has characterized macroecological
relationships with cheatgrass occurrence (e.g., Wil-
liamson et al. 2020), but because most predictions of
cheatgrass abundance are based on remotely sensed
data, less information is available on the effects of cli-
mate, weather, topography, and disturbance on cheat-
grass cover. To focus on the potential for high abun-
dance, we fit a quantile regression model, which can
predict potential high cover values even when some
limiting factors are unmeasured (Cade and Noon
2003). We defined low risk areas as those where
predictions for a high quantile (i.e., a high invasion
scenario) suggested low cheatgrass abundance. We
evaluated our model using spatially and temporally
withheld data. We overlaid our predictions of poten-
tial cheatgrass cover with a mapped estimate of cur-
rent cover based on remote sensing, thereby pre-
dicting risk of invasion impacts within areas with
low current cheatgrass cover. Our work aligns with
regional management strategies with a component
to ‘defend the core’ (USDA 2019; Maestas et al.
2022)—i.e., to prevent the degradation of largely
intact areas—and our model predictions can be paired
with local knowledge to guide cheatgrass contain-
ment and control.

Methods
Cheatgrass and environmental data

Cheatgrass was sampled by Bureau of Land Man-
agement (BLM) Assessment, Inventory, and Moni-
toring (AIM) program (https://gbp-blm-egis.hub.
arcgis.com/pages/aim). AIM plot locations are
selected via spatially balanced random sampling
within BLM lands (Kachergis et al. 2022). Veg-
etation was sampled using a line-point intercept
method (Herrick et al. 2017), and cover within
each plot was calculated as the proportion of points
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along survey transects with cheatgrass (see Online
Supplemental Methods). Our analysis was based on
8,470 plots within the Great Basin and surround-
ing areas sampled from 2011 to 2016, including
782 plots in a spatial strip that were initially with-
held for performance assessment, and later included
to develop final predictive maps. Data from 2017
to 2019 were withheld for temporally independent
model validation.

Cheatgrass is a winter annual grass that germi-
nates in the fall, or in early spring. It grows rapidly,
with shallow roots, typically completing its life cycle
by June. Cheatgrass germination can be affected by
both cold and warm temperatures (Roundy et al.
2007). Germination, survival, and growth are shaped
by moisture availability, including the long-term cli-
matic gradients across elevation and weather patterns
in a given year (Mack and Pyke 1984; Chambers et al.
2007).

We derived covariates to capture both the climatic
averages (1981-2010) that underlie long-term suit-
ability, hereafter referred to as climate, and conditions
during the year of observation, hereafter referred to
as weather, that can drive annual variation in invasive
grass cover (e.g., fall germination conditions were
matched to cheatgrass cover sampled the following
spring). Custom variables reflected cheatgrass natural
history (Table S1). For example, we created a vari-
able to reflect the combination of water availability
and warmth for germination and growth by summing
growing degree days (>3 °C and <25 °C) in the three
days following any day in which precipitation was
higher than evaporative demand (reflecting a surplus
of available water for soil recharge coincident with
temperatures conducive to germination). Climate and
weather variables were derived from gridMET (Abat-
zoglou 2013) and calculated separately to reflect fall
germination conditions (Oct.-Nov.), the potential for
winter growth (Dec.-Feb.), spring growing conditions
(Mar.-Jun.), and the entire growing season (Oct.-
Jun.). Summertime conditions (July-Aug.) were also
included as these can affect native plants; where sum-
mertime precipitation dominates, perennial native
grasses provide invasion resistance (Chambers et al.
2019). We reduced covariates to limit collinearity
within our estimation data (»<0.7). We preferred a
climatic summary over a weather summary when
these were highly correlated, and selected the grow-
ing season summary when seasonal metrics were all

highly correlated or the separate fall and spring sum-
maries when those were weakly correlated.

Covariates describing geological context (e.g.,
aspect, elevation, soils), LANDFIRE biophysical set-
tings that describe and map plant communities based
on geophysical conditions and natural disturbance
regimes (LANDFIRE 2016), fire history (binary
burned or unburned), human disturbance and infra-
structure, and management history were used to rep-
resent processes that may limit or facilitate cheatgrass
invasion (Table S2). These included information on
fuel breaks; manmade fuel breaks are linear features
within which vegetative fuel is reduced to alter fire
behavior and aid fire suppression efforts (Shinne-
man et al. 2019). Estimation and validation data, and
model predictions in raster format, have been made
publicly available (Sofaer 2022).

Statistical analysis

For a given set of environmental conditions we often
observe a range of outcomes, reflecting both sto-
chasticity and unmeasured environmental variables.
Quantile regression can be used to understand and
predict high invader abundance because it explicitly
models different positions (i.e., quantiles) within the
response distribution, in contrast to standard regres-
sion, which models the mean response. Quantile
regression estimates different coefficients for each
predictor variable at each quantile of interest, allow-
ing a given environmental variable to be more or less
important at the high end of the response distribution.
Moreover, the predictions at each statistical quantile
of interest can be interpreted as invasion scenarios, as
they correspond to low, medium, and high cheatgrass
cover for a given set of environmental conditions.

We used a logistic quantile regression model
(Bottai et al. 2010) to estimate how the proportion
of cheatgrass cover (y € [0, 1]) was associated with
environmental conditions. We took the logit trans-
formation of proportion cover, logit(y) =log((y + €)/
(1 — y+e¢)), where e=0.00001, a small positive num-
ber to handle logarithms when cover was zero. The
logit(y) was then regressed on the predictor vari-
ables (X) in a conventional linear quantile regres-
sion model, O, (t1X)=Xp(7) for selected values
of T € [0, 1]; T is a quantile of logit(y). We selected
focal quantiles based on the observed unconditional
distribution of cheatgrass (Fig. S1), corresponding
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to 1% cover (t=0.30, i.e., the 0.30th quantile in the
empirical cumulation distribution function), 5% cover
(t=0.54), 10% cover (t=0.64), 20% cover (t=0.76)
and 50% cover (t=0.93). To simplify interpretability,
we fit a model with a linear effect of each covariate.
Rangeland plant communities differ in the degree
they resist cheatgrass invasion following fire (Cham-
bers et al. 2019), so we included an interaction term
between fire history and LANDFIRE biophysical
setting.

We assessed model performance across space and
time by (1) analyzing the rank correlation between
predictions and observed data from a withheld spa-
tial strip (Fig. 1; n="782 plots) and from a subsequent
time period (2017-2019; n=3,078 plots), and (2)
testing for under- or over-prediction by analyzing the
proportion of predictions falling between our lowest
and highest modeled quantiles (Romano et al. 2019;
Koenker 2020; Online Supplemental Methods),

To visualize risk of abundant cheatgrass in areas
with low current invasive grass cover, we mapped
predicted cheatgrass abundance based on the highest
quantile (t=0.93) while masking areas on the land-
scape with>10% cover of annual invasive grasses

Proportion
cover

44°N 1

0.00
42°N 1, * 025
’ ® 050
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Fig. 1 Cheatgrass (Bromus tectorum) cover in the Great Basin
was sampled by the Bureau of Land Management’s Assess-
ment, Inventory, and Monitoring (AIM) program. Cover within
vegetation plots is depicted via both color and size. A spatial
strip, shown with greater transparency, was initially withheld
for model validation then included in final models to produce
predictive maps
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based on remote sensing (Maestas et al. 2020). We
selected the highest quantile because areas with low
predicted cover at the highest quantile can most con-
fidently be considered to have low risk of abundant
cheatgrass. Maestas et al. (2020) combined three
approaches to mapping the extent and cover of cheat-
grass and other annual invaders circa 2016-2020.
Although very low levels of cheatgrass cover can
have ecological impacts (e.g., increasing burn likeli-
hood, Bradley et al. 2018), we followed Maestas et al.
(2020) in defining low annual invasive grass abun-
dance as below 10% cover; this value was also above
the mean prediction error associated with the product.

Given our interest in prediction, we also consid-
ered machine learning models (Online Supplement).
Specifically, we fit a model using the eXtreme Gra-
dient Boosting (XGBoost; Chen and Guestrin 2016)
algorithm. XGBoost has a number of hyperparame-
ters that need tuning, and we created spatial blocks to
select hyperparameter values that maximized perfor-
mance in spatially withheld data (Fig. S2). Model val-
idation was then done using the withheld spatial and
temporal validation datasets, and predictions overlaid
with current cheatgrass cover, following the approach
used for quantile regression.

Results

Cheatgrass was present in over three quarters of sur-
veyed plots within the Great Basin (78% of plots;
6,579 of 8,470 plots), usually at low abundance (Fig
S1; 3% median cover; 13% mean cover). Observed
cheatgrass cover within plots showed regional pat-
terns, including high cover in Southern Idaho, North-
ern Nevada, and Southeastern Oregon (Fig. 1). Cheat-
grass cover varied substantially at local scales, with
uninvaded plots within highly invaded regions.

Fire history was an important predictor of cheat-
grass abundance within our quantile regression
model. Burned sites had higher cheatgrass cover
across all quantiles (Fig. 2), and most plots with high
cheatgrass cover had previously burned (Fig. S3).
Fire interacted with the biophysical setting (i.e., the
major types of Great Basin vegetation), with stronger
effects within big sagebrush steppe and related grass-
lands and montane sagebrush steppe (Fig. 2).

We found important effects of climatic conditions
and annual weather (Fig. 3). The most important
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Fig. 2 Across the major
vegetation zones, cheatgrass
cover was higher in burned
plots, with all estimates
above the zero line of no
effect. Estimates represent
the difference in cheatgrass
cover in burned compared
to unburned plots on a logit
scale. Estimated effects
were higher for the lowest
quantile in part because
lower cover values can
show big increases on the
nonlinear logit scale even
when absolute changes are
small (see Supplemental
Methods)

Parameter estimate (£ 95% CI)

Burned effect estimate for:
—o— Big sagebrush and related shrublands
—o— Big sagebrush steppe and related grasslands
—*— Montane sagebrush steppe
Salt desert scrub

Xeric sagebrush and related grasslands

I
b =]
o —— |

0.3 0.54 0.64 0.76 0.93

weather variable was our custom representation of
wet growing degree days in the fall; as predicted,
this variable had a positive effect on cheatgrass abun-
dance. Across all quantiles, climates with a higher
average number of hot fall days (>30 °C) had lower
cheatgrass cover, whereas we estimated a positive
effect of the coldest minimum temperature. A higher
ratio of precipitation falling in winter (Dec.-Feb.
total precipitation/Oct.-Sept. total precipitation, aver-
aged over 1981-2010) was positively associated with
cheatgrass abundance.

Management, topography and soils, and land cover
variables had effects on cheatgrass abundance which
were generally consistent across quantiles (Fig. S4).
Elevation was the most important topographic vari-
able, with lower cheatgrass cover at higher elevations.
Cheatgrass was higher within Herd Management
Areas, and closer to fuel breaks and agriculture. The
most important soil variable was depth, with a deeper
restriction layer associated with lower cover.

The quantile regression model captured patterns
of relative invasion risk in spatially withheld data
(rank correlation between predictions and obser-
vations: p=0.5), and in temporally withheld data
(p=0.4). Conformal prediction intervals showed
reasonable agreement in the distribution of pre-
dicted and observed values (59% versus 63% within
the focal interval; see Online Supplement). Com-
parison to spatially withheld data suggested slight

Quantile

over-prediction, but the model under-predicted
when applied to the temporally withheld data from
subsequent years (2017-2019), because observed
cheatgrass cover was generally higher in those
years.

Spatial patterns of invasion risk were similar
across model quantiles (Fig. 4). We found substan-
tial cheatgrass invasion risk within areas of the
landscape that currently have low levels of inva-
sion (Fig. 5). Locations closer to invaded areas were
predicted to support higher cheatgrass abundance
(Fig. 5a), but most of the Great Basin was predicted
to be at risk of cheatgrass cover over 10% under the
high invasion scenario (Fig. 5b).

The XGBoost algorithm predicted similar
broad-scale spatial patterns of cheatgrass cover as
the quantile regression model, and also performed
similarly in withheld data. However, the XGBoost
algorithm fit the observed data closely, such that
very few predictions of high cheatgrass were made
beyond the area that Maestas et al. (2020) depict
as already invaded by annual grasses at 10% cover
or more (Fig. S8). Given the ongoing expansion of
cheatgrass (Smith et al. 2022), we considered this as
evidence of overfitting. We infer that the XGBoost
algorithm produced a map more reflective of cur-
rent cover than potential cover, making predictions
from the quantile regression model more appropri-
ate for our study’s aims.

@ Springer
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E Avg. num. of days with Tmax below 0

E Avg. climatic water deficit (Oct.-Jun.)
Avg. num. of hot days (Oct.-Nov.)

Parameter estimate (95% CI)

Avg. coldest minimum temperature

Avg. winter precipitation ratio

03 0.54 0.64

o

0.76 0.93

0.8+

E Climatic water deficit (July-Aug.)

Current year climatic water deficit minus
avg. of previous two years

Winter growing degree days (Dec.-Feb.)

Num. of hot days (Oct.-Nov.)

Parameter estimate (95% Cl)

[$TETH]

Precipitation (Oct.-Jun.)

Wet growing degree days (Mar.-Jun.)
Wet growing degree days (Oct.-Nov.)

0.3 0.54 0.64
Quantile

Fig. 3 Quantile regression coefficients for a) climate and b)
weather variables. All climate variables are averages over
1981-2010. Weather variables were matched to the grow-
ing season of the observation, with fall variables representing

Discussion

Our work highlights relatively uninvaded areas of the
Great Basin where cheatgrass could become abun-
dant. Extensive and abundant cheatgrass, and associ-
ated grass-fire cycles, have transformed many shrub-
lands and reduced their value for wildlife, livestock,
and services such as carbon storage (Bradley et al.
2018; Nagy et al. 2021; Smith et al. 2022). Neverthe-
less, there remain substantial areas where cheatgrass
is absent or at low cover; 22% of AIM plots sampled
through 2016 were uninvaded by cheatgrass (Fig.
S1). Substantial variation in predicted cover was seen

@ Springer

germination conditions. All variables are continuous and were
standardized prior to model estimates so magnitude of coeffi-
cient estimates are comparable

among our low, medium, and high invasion scenarios
(i.e., between quantiles) but spatial patterns of rela-
tive risk consistently identified susceptible areas of
the landscape (Fig. 4). Our findings can guide man-
agement by differentiating between uninvaded areas
with low suitability for high cheatgrass cover and
areas at high risk of abundant cheatgrass (Fig. 5).
Specifically, the strategy to ‘grow and defend the
core’ aims to prevent and limit annual grass invasion
in high value areas with low current invader cover
(Creutzburg et al. 2022; Maestas et al. 2022), and our
maps can help identify areas with high invasion risk,
i.e., those places where defense is most needed. Our
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Fig. 4 Predicted proportion of cheatgrass cover at low
(t=0.30), medium (t=0.64), and high (t=0.93) quantiles of
the statistical distribution across the Great Basin. Predicted
cover values increased with the quantile but relative patterns

approach—to combine mapped estimates of current
abundance with predictions of the potential sever-
ity of an invasion—is applicable across taxa and can
guide resource allocation towards high-value areas at
risk of invasion impacts.

Estimated effects of environmental variation on
cheatgrass abundance emphasize the importance of
fire and growing conditions. We saw striking effects
of fire, which increased cheatgrass cover across all
vegetation types and modeled quantiles (Fig. 2). Ger-
mination conditions were also important, with warm
and wet fall weather associated with higher cheat-
grass cover (Fig. 3). Cheatgrass had higher cover in
climates where a higher proportion of precipitation
fell during winter, and at low elevations, in line with
previous findings (Chambers et al. 2019). Cheatgrass
cover was also higher in climates with warmer mini-
mum winter temperatures, and the number of very
hot fall days (>30 °C) was negatively correlated
with cover, in line with previous findings that these
hot temperatures negatively impact germination and
growth (Hulbert 1955; Roundy et al. 2007).

Disturbances beyond fire were also important pre-
dictors of cheatgrass cover, and may be modified by
management efforts. Horse and Burro Management
Areas had higher cover, perhaps reflecting overgraz-
ing and chronic disturbance (Beever and Aldridge
2011). Cheatgrass cover was higher closer to fuel
breaks, reflecting their placement in areas with high
annual grass cover, and/or the potential for fuel
breaks to facilitate cheatgrass spread (Shinneman
et al. 2019). Land treatments, as categorized in our
data, had a small negative effect on cheatgrass cover.

were similar, with some areas of the landscape, such as the
Snake River Plain, consistently predicted to have high cheat-
grass cover

However, managers’ judgments of invasion risk in a
location shape which treatments are applied, compli-
cating estimates of disturbance effects. One poten-
tial use of our model’s outputs is to inform decisions
about whether, where, or how to apply treatments,
such as tree removal, that entail soil disturbance.
Similarly, our model could help managers direct pre-
vention, containment, and other management actions
towards intact but susceptible areas. One pattern
seen in our predictions is that high risk areas may
often have high propagule pressure because they are
near areas where invaders are abundant (blue areas
are often adjacent to gray in Fig. 5a). Such a pattern
aligns with recent calls to consider and reduce prop-
agule pressure (Maestas et al. 2022). Future work
could also predict the potential impacts of distur-
bances and management actions under low to high
invasion scenarios.

Cheatgrass abundance is variable and difficult to
predict, reflecting interactions among environmental
conditions, propagule pressure, propagule genotypes,
and recipient community attributes (Lasky et al.
2020). Predictions from quantile regression mod-
els illustrate the variation in plausible outcomes, as
the low invasion scenario predicted a much smaller
extent of abundant cheatgrass compared to the high
invasion scenario (Fig. 4). The high variability among
quantile regression predictions at a given location
may indicate the potential for prevention and contain-
ment to influence outcomes, and also reflects the role
of local conditions that are not well represented in
our model’s inputs. Quantile regression is appropri-
ate in cases where important ecological processes are
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Fig. 5 Potential for abun-
dant cheatgrass within areas
of the Great Basin with
low current cover. In both
panels, areas in gray are
those already substantially
invaded, with > 10% annual
grass cover based on remote
sensing (circa 2016-2020;
Maestas et al. 2020). A
Continuous predictions

for proportional cheat-
grass cover for a heavily
invaded scenario (t=0.93).
Areas colored in blue are
those predicted to have
high potential cheatgrass
abundance, whereas light
green colors represent
areas where suitability

for abundant cheatgrass is
lower. B A binary view of
the same quantile regres-
sion predictions shows that
most lightly invaded areas
of the Great Basin have

a predicted potential for
cheatgrass cover over 0.1
(i.e., 10% cover)
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not included in the set of covariates (Cade and Noon
2003), and in our model, variation in perennial grass
cover and grazing history could underlie variation
and uncertainty in potential cheatgrass abundance.

Perennial bunchgrasses provide biotic resistance to
invasion because they have high root density near the
soil, even below bare ground (Johnson et al. 2022).
The ratio of annual to perennial herbaceous cover
has therefore been used to differentiate between core,
transitioning, and degraded areas (Creutzburg et al.
2022). High perennial bunchgrass cover in a given
location would make our low invasion scenario more
likely.

The timing, intensity, and spatial patterns of graz-
ing history also underlie cheatgrass invasion risk.
Experimental data show that well managed off-sea-
son grazing is not tied to increased invasions and can
serve to reduce fine fuels and hence fire risk (Davies
et al. 2022). However, grazing in the Great Basin has
a long and spatially-extensive history, and although
information on grazing practices over large areas is
limited, observational data link grazing to high inva-
sive annual grass cover over space and time (Wil-
liamson et al. 2020). Therefore, predictions from the
high quantile of our model may be most appropriate
in locations with a history of overgrazing, and con-
versely, where predicted cheatgrass abundance is high
the ecological system may be expected to be sensitive
to overgrazing and other disturbances.

While a caveat of our work is that models do not
fully capture biological resistance and grazing his-
tory, predictions from different quantiles reflect the
range of potential outcomes depending on these fac-
tors. High variability in predicted cheatgrass cover
arises from the difficulty predicting annual grass
abundance, and so the low versus high quantiles cap-
tured a large range of plausible outcomes in many
locations. We suggest that local knowledge can be
leveraged while interpreting the range of outcomes,
such that the perennial plant community, grazing his-
tory, and status of additional invasive species inform
model interpretation and use. Similarly, information
on potential cheatgrass cover can be used to inform
decisions on grazing practices, tree removal, and the
design of fuel breaks and containment strategies.

We placed a strong emphasis on model valida-
tion, withholding spatially and temporally independ-
ent data. Performance assessments showed credible
patterns of invasion risk across the Great Basin but

underprediction of cheatgrass cover in current (2017
on) and likely future years. This finding aligns with
the persistent expansion of invasive grasses, which
in recent years have spread to higher elevations and
more north-facing aspects to now cover about 20%
of Great Basin rangelands (Smith et al. 2022). Evi-
dence for underprediction provides further support
for continued high invasion potential (i.e., our model
may be more likely to understate invasion risk than
to overstate it). We saw strong spatial variation in
potential cheatgrass abundance (Fig. 5a), but the high
quantile predicted that approximately 80% of lightly
invaded areas are vulnerable to high cheatgrass cover.
Therefore, most places where exotic annual grass are
not already over 10% cover do have the potential to
be impacted by invasion (Fig. 5b). These predictions
reflect site potential for cheatgrass invasion, and so
predictions from our low, medium, and high invasion
scenarios are not meant to be reflective of current
invasion status.

Our study predicts potential cheatgrass abundance
across the Great Basin based on a custom suite of
environmental drivers and consideration of the wide
distribution of invasion outcomes for a given set
of conditions. Model predictions can be treated as
hypotheses to pair with local knowledge to inform
management planning. Our outputs complement
remotely sensed maps that monitor the current state
of invasive annual grass invasions (e.g., Maestas et al.
2020; Smith et al. 2022), as well as statistical mod-
els that predict current cover (Hak and Comer 2020)
or suitability for presence and/or abundance (Bradley
2016). In a review of spatial products mapping inva-
sive annual grasses within the sagebrush biome, Tar-
box et al. (2022) found that products predicted 1) cur-
rent abundance; 2) current presence; and 3) suitability
for presence (i.e., species distribution model outputs).
Our predictions of potential abundance therefore rep-
resent an information source not readily available to
decision makers. Models focused on medusahead
(Taeniatherum caput-medusae), ventenata (Ventenata
dubia), and red brome (Bromus rubens) abundance
(e.g., Jarnevich et al. 2021) could similarly inform
management and complement maps of current annual
invasive grass cover based on remote sensing. Fur-
thermore, our spatially and temporally withheld data
provided stronger validation than is typical of existing
products (Tarbox et al. 2022). Product accuracy was
the biggest issue raised by stakeholders as a barrier
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for use of existing products (Tarbox et al. 2022), and
our work takes a different approach that embraces
uncertainty by generating predictions that can be con-
sidered low versus high invasion scenarios. Our maps
can be used similarly to the zonal mapping of inva-
sion resistance and resilience based on climate and
soils (Maestas et al. 2016), with refined spatial detail
and a focus on lightly infested areas. Delineating
core, transitioning, and degraded rangelands can con-
sider both pixel-level conditions and a broader land-
scape context (Creutzburg et al. 2022), and our study
can help identify both core and transitioning areas
with risk of high cheatgrass cover.

Our work quantifies variation in susceptibility to
high cheatgrass cover across areas of the landscape
with little current invasion. We used biophysical, cli-
matic, and human-related predictors, including cus-
tom variables based on the natural history of cheat-
grass (Table S1), to predict cheatgrass abundance
under low, medium, and high invasion scenarios. This
approach allows land managers to proactively target
preventative action and containment strategies (e.g.,
disturbance avoidance, fire prevention and suppres-
sion, post-fire restoration) towards areas that are not
yet invaded but have conditions that put them at risk.
As existing maps typically focus on current cover, our
work provides insight into potential frontiers of inva-
sion which are critical for management. Our model
can be used to understand the spatial variation in
the risk of impactful invasions and further prioritize
the allocation of resources in support of core areas
protection.

Impacts of invasive species are a function of
invader abundance (Parker et al. 1999; Sofaer et al.
2018), making it valuable to understand where an
invader has high abundance and anticipate where
abundance is most likely to become high. Because
it is exceedingly difficult to accurately predict abun-
dance for many species, cheatgrass among them, we
used quantile regression to capture a range of inva-
sion scenarios. Variation among quantiles can be used
to reflect variables that are not well represented via
covariates (Cade and Noon 2003), and where con-
sistent spatial patterns emerge across quantiles (e.g.,
Fig. 4), these can guide resource allocation decisions
irrespective of the uncertainty in absolute abundance.
Variation among quantiles also implies that the out-
comes of species invasions are not fixed: prevention
and management can shape biological communities

@ Springer

and minimize invader abundance and impacts. For
widespread invaders, management strategies often
shift towards asset protection, with the goal of mini-
mizing invasion and its impacts (Auld and John-
son 2014). By combining knowledge of current and
potential invader abundance, prevention and contain-
ment can be directed towards high-value locations
that are not yet invaded but where invasion risk is
high.
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