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A B S T R A C T

The introduction and spread of the invasive annual grass Ventenata dubia (ventenata) has incited concern from
land managers in the Inland Northwestern United States. Maps describing ventenata’s distribution would be a
valuable management asset but have not been developed. Techniques using satellite time-series have been used
to detect annual grasses’ unique phenological qualities (timing of biological events); however, detection is
complicated by the co-occurrence of phenologically similar species. This study aimed to examine the capability
of land surface phenology derived from fused satellite imagery to map and gain insight into the ventenata in-
vasion. We evaluated the influence of land surface phenology, climate, and topo-edaphic predictors on ventenata
classification and examined differences in the distributions predicted from three random forest models: 1) hybrid
(phenology, climate, topo-edaphic), 2) bioclimatic (climate, topo-edaphic), and 3) phenology (phenology). The
hybrid model indicated that 7.7 % (5454 km2) of the Blue Mountains Ecoregion may contain heavy ventenata
invasion and that many populations were located in forest/non-forest transition zones and forest openings. The
phenology model predicted ventenata populations in regions occupied by other annual grasses, suggesting that
land surface phenology characteristics alone could not differentiate ventenata from other invasive annual
grasses. The bioclimatic model identified suitable habitat but overpredicted invasion extent in heavily treed
areas. These results suggested that incorporating phenology with climatic predictors effectively differentiates
invasive annual grasses when phenological patterns are similar, but habitat requirements differ.

1. Introduction

Numerous nonnative annual grass species have been introduced to
the western United States. Some introductions have resulted in extensive
changes to ecosystem structure and function (Keeley et al., 2005; Levine
et al., 2003; Simberloff et al., 2013), with some of the greatest impacts
coming from these species’ ability to alter disturbance regimes (Brooks
et al., 2004; D’Antonio and Vitousek, 1992; Mack and D’Antonio, 1998).
Winter annual grasses including cheatgrass (Bromus tectorum), medu-
sahead (Taeniatherum caput-medusae), and red brome (Bromus rubens),
have long been recognized for their negative effects to native plant
communities and fire regimes (Beatley, 1966; Knapp, 1996; Mack, 1981;
Young, 1992; Young and Evans, 1970). Additional annual grass in-
troductions may distribute negative impacts to new habitats and wider
geographic domains (Tortorelli et al., 2020).

Addressing the present and future implications annual grass invasion

requires an understanding of the spatial and temporal distribution of
these species (Forsyth et al., 2012). The development and evaluation of
management and policy strategies is hampered by a lack of information
about newly introduced species’ invasion status and trends, including
range and abundance (Funk et al., 2020; Jetz et al., 2019). Therefore, the
accuracy of invasive species maps can substantially impact the long-
term decision outcomes (Cheney et al., 2018). Species detection and
mapping from remotely sensed data at local and regional levels can
assist decisions by revealing locations of problematic populations, the
spread rate, and site characteristics that promote spread or persistence
(Funk et al., 2020).

Advances in plant species detection using remotely sensed earth
observations have created opportunities for rapid and accurate mapping
(Bradley, 2014; Huang and Asner, 2009; Royimani et al., 2019). Winter
annual grass species, like cheatgrass, were initially mapped with land
surface phenology (LSP; timing of cyclical land surface events like green
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up) estimated from satellite time series from sensors like the Moderate
Resolution Imaging Spectroradiometer (MODIS; Bradley and Mustard,
2008; Boyte and Wylie, 2016; Bradley et al., 2017; Peterson, 2005; West
et al., 2017). However, species mixtures with similar phenology may
reduce confidence in models based on coarse resolution phenology (i.e.,
250+ m) because the phenology data likely represent a combination of
introduced grasses (Pastick et al., 2020; Weisberg et al., 2021). Addi-
tionally, low-resolution data (e.g., MODIS; 250 m) are often too coarse
to detect sparse populations. Earth observation data with high spatial or
spectral resolution (e.g., hyperspectral and hyperspatial) can more
readily capture smaller populations (Irisarri et al., 2009; Noujdina and
Ustin, 2008; Olsson et al., 2011; Rupasinghe and Chow-Fraser, 2021;
Ustin et al., 2002), but data costs, storage, processing, and spatiotem-
poral coverage across large extents can become limiting factors. To
accommodate the spatial and temporal requirements for finer resolution
LSP, one can use a combination of sensor data (fused or harmonized
data) to characterize the cycle of vegetation development. Spatio-
temporal image fusion is one cost-effective approach for creating mod-
erate resolution (i.e., 30 m) time series, which can then be used to es-
timate LSP (Nietupski et al., 2021), and potentially be applied to map
plant species. Harmonized Landsat and Sentinel-2 data have recently
been used to map the distribution of cheatgrass in the western US
(Pastick et al., 2020), demonstrating the potential of similar methods.

Models based solely on environmental relationships, referred to as
habitat suitability models, have also been employed to determine the
potential distribution of invasive species (Austin, 2007; Elith, 2016;
Franklin, 2010). Remotely sensed data have occasionally been incor-
porated in habitat suitability models with the assumption that model
predictions represent the potential distribution (Ahmed et al., 2020; He
et al., 2015), but by using remotely sensed data, the models likely
capture something closer to the actual distribution (Bradley et al.,
2012). While a species’ potential distribution can be helpful for man-
agement, models and maps of the actual distribution provide an un-
derstanding unattainable from habitat suitability alone. Especially in
circumstances where multiple species have similar phenological or
spectral characteristics, models of the actual distribution may benefit by
incorporating multiple sources of biophysical, climatic, and spectral-
temporal predictors (Zimmermann et al., 2007). Biophysical variables
like those derived from digital elevation models have demonstrated use
in previous efforts to map invasive grasses’ actual distribution (Boyte
and Wylie, 2016; Bradley et al., 2017; Pastick et al., 2020; Peterson,
2005). In these cases, biophysical information helps to draw relation-
ships between the species presence or abundance and relatively stable
features of the physical environment (Franklin, 2010). By drawing this
relationship, the biophysical data helps to limit the scope of areas where
the species could exist while spectral-temporal data helps to identify
locations where spectral-temporal patterns align with vegetation
characteristics.

The test case and subject of this study, Ventenata dubia (wiregrass;
henceforth ventenata), is a winter annual grass species from Mediter-
ranean Eurasia and northern Africa (Wallace et al., 2015) that was first
recorded the interior Pacific Northwest of the United States in the 1950s.
Ventenata’s range and abundance did not increase rapidly until more
recently (e.g., approximately the early 2000’s; personal communication
with local land managers). Ecological and economic impacts resulting
from the rapid expansion into grasslands and shrublands (Averett et al.,
2020; Endress et al., 2020; Jones et al., 2018) and non-forested openings
within forested mosaics (Tortorelli et al., 2020) are only beginning to
unfold. While other exotic annual grass species, especially cheatgrass,
are also present within the Pacific Northwest, these species have been
less problematic at higher elevations, a result of reduced habitat suit-
ability and increased competition from native perennial plants
(Chambers et al., 2007, 2014; Roundy et al., 2018).

The existence of substantial ventenata populations in forest openings
of the northwestern US appears to be unique compared to other annual
grass species and is likely related to ventenata’s occupancy of distinctly

different niche space (Applestein and Germino, 2021; Tortorelli et al.,
2020). Some forest openings of the interior Pacific Northwest provide
unique habitat for species tolerant of harsh environmental conditions
and the low productivity of these openings reduces fire ignition and
spread (Agee, 1994). Consequently, these forest openings have served as
fuel breaks in wildfire control efforts. An accumulation of fine fuel
biomass from annual grass invasion in these openings may lead to un-
characteristic fire behavior and harm unique and vulnerable species,
like low sagebrush (Artemisia arbuscula) and stiff sagebrush (Artemisia
rigida). In at least one recent fire within the interior Pacific Northwest,
ventenata accelerated wildfire spread in areas previously resistant to
wildfire (Hallmark and Romero, 2015), inciting concern and interest
from public and private land managers.

Due to ventenata’s potential impact to fire behavior, we investigated
the utility of a 30 m LSP product (Nietupski et al., 2021), niche-related
biophysical predictors, and a combination of these data to detect and
map areas heavily invaded by ventenata (i.e., populations with 20 % or
more ventenata cover; hereafter referred to as ‘heavily invaded’). Pop-
ulations with low cover have reduced potential to influence both land
surface phenology (Bradley et al., 2017; West et al., 2017) and the local
plant community composition, structure, and fire behavior (Bradley
et al., 2017; Endress et al., 2020). We focused on the 71,000 km2 Blue
Mountains Ecoregion (BME) of the interior Pacific Northwest, which is
also invaded by other nonnative annual grasses (e.g., cheatgrass). We
developed three models: 1) a hybrid model incorporating phenology and
biophysical predictors, 2) a bioclimatic model using only biophysical
predictors, and 3) a phenology model using only phenology predictors.
We refer to these as the hybrid, bioclimatic, and phenology models. Our
main objectives were to 1) produce a model with the best possible
discrimination power to predict and map the actual distribution of
heavily invaded areas, and 2) evaluate and compare the discriminatory
capacity, predictor importance and relationships, and spatial prediction
patterns from the three models. Lastly, we used our results to gain in-
sights into the invasion by examining spatial patterns and associations
with plant communities.

2. Materials and methods

We applied a two-phase framework to investigate the detection and
mapping of ventenata from land surface phenology and biophysical
features (Fig. 1). First, in situ observations of ventenata, imagery, and
biophysical data were acquired. In situ observations were aggregated
from multiple sources, filtered, and cleaned. A time series of Landsat 8
and MODIS imagery were processed to produce a daily time series,
which was used to extract phenological metrics. Gridded climate, soils,
and elevation data were used to calculate seasonal climate, soil texture,
and terrain variables. Next, three random forest models were developed
using the phenology and biophysical predictors. Model evaluation was
performed on each model to compare their performance across the re-
gion and within elevation bands and vegetation types. Classifications
from the final models were used to investigate associations between
heavily invaded areas and vegetation types.

2.1. Study area

The BME (Omernik, 1987) is a mosaic of mountains, valleys, and
plateaus covering approximately 71,000 km2 of the interior Pacific
Northwest (Fig. 2). The BME is bordered to the west by the Cascade
Mountains and to the east by the Rocky Mountains. Consequently, the
BME flora represents a transition between these major mountain ranges
where unique geology drives local community composition. Grasslands,
including remnants of Palouse Prairie, are primarily present in the
northern portion of the ecoregion, while shrublands, dominated by
sagebrush (Artemisia spp.) and Western juniper (Juniperus occidentalis)
woodlands, are more common in the south. A substantial portion of the
region is forested, of which the majority is dominated by ponderosa pine

T.C. Nietupski et al. Ecological Informatics 86 (2025) 102973 

2 



Fig. 1. The framework applied to investigate the detection and mapping of ventenata populations.

Fig. 2. Field-observed populations of ventenata across the Blue Mountains Ecoregion. (For interpretation of the references to colour in this figure legend, the reader
is referred to the web version of this article.)
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(Pinus ponderosa). Parts of the region also support dry and moist mixed
conifer and subalpine forests. Elevation ranges from 235 m at the Snake
River along the Washington-Idaho border to 2997 m at Sacajawea Peak
in the Wallowa Mountains. Annual temperature and precipitation vary
widely, but the region’s climate is generally characterized by warm, dry
summers and cold, wet winters. Mean annual temperatures range from
− 1 to 13 ◦C (PRISM Climate Group, 2012). Precipitation is primarily
received as snow and rain during the winter and spring, with annual
totals from 20 to 195 cm (PRISM Climate Group, 2012).

2.2. Data

2.2.1. In situ
We compiled records of ventenata absence and abundance from

multiple sources. We evaluated these data for spatial accuracy and
temporal proximity to the target year (i.e., 2017) where observations
recorded within one year of 2017 and with plot sizes close to 30 m were
retained. When multiple observations occurred within 30 m, the
observation with the best combination of temporal proximity, spatial
accuracy, and plot size was retained. While original data sources were
collected using differing protocols (i.e., presence/absence, line-point
intercept, ocular cover estimation), no single data source provided a
reasonable sample size due to the region’s scarcity of ventenata moni-
toring efforts. Some previous studies have concluded that different cover
methods result in similar cover estimates (De Stephano et al., 2021; Korb
et al., 2003; Stohlgren et al., 1995), but others have determined that
ocular cover estimation can result in systematically higher estimates
than line-point intercept estimation (Bonham, 2013; Dethier et al.,
1993).

To develop a classification model from the data, we converted ven-
tenata cover observations to binary classes where populations with
greater than or equal to 20 % cover were assigned to the positive class
and all others were assigned to the negative class. This threshold aligns
with the minimum cover reported for the detection of cheatgrass pop-
ulations with land surface phenology (Bradley et al., 2017) and was
chosen to represent the potential fuel-changing influence of heavily
invaded areas. After applying the cover threshold, 156 of observations
included in the negative class had a median venentata cover of 3.7 %.
The resulting dataset had 944 observations split between nine sources,
including the United States Forest Service (USFS) and Oregon State
University (Table 1).

2.2.2. Phenology from satellite time series
Image fusion can be used to fill missing data in earth observation

datasets like Landsat (Belgiu and Stein, 2019), thus allowing for higher

resolution estimates of LSP (Gao et al., 2017). A time series of normal-
ized difference vegetation index (NDVI) from Landsat 8 and images
synthesized through image fusion of Landsat 8 (30 m resolution) and
MODIS (500 m resolution) were used to estimate LSP for 2017
(Nietupski et al., 2021). Below, we briefly summarize the image fusion
and LSP methods, but specific details are available in Nietupski et al.
(2021). The image fusion process was implemented in Google Earth
Engine, and synthesized images were evaluated using true Landsat 8
imagery. Fusion results indicated high correspondence (i.e., high cor-
relation and low error) with Landsat imagery and were comparable to
another image fusion algorithm. The Landsat 8 and fused images in
combination resulted in a near-daily observation interval at 30 m res-
olution. The time series was smoothed and annual phenometrics were
extracted using a double logistic function. Phenometrics represent
various aspects of the annual cycle, including the day-of-year (DOY)
associated with transitions to and from a dormant state, the NDVI
related to different transition dates, and the rate of change at various
transition points. The smoothing and extraction process resulted in 11
phenometrics characterizing the seasonal pattern in reflectance. LSP was
evaluated using near-surface cameras and field observed phenology
from locations within the BME. Phenometrics showed reasonable per-
formance in detecting phenological phases of shrubland, grassland, and
open-forest sites.

Cumulative growing degree days (cGDD; starting from January 1)
were also calculated as an alternative to DOY units for five phenological
transition dates (start-of-green-up, start-of-season, maturity, end-of-
season, dormancy) using the Parameter-elevation Relationships on In-
dependent Slopes Model (PRISM) daily gridded estimates of historical
temperature at 4 km resolution (PRISM Climate Group, 2012). These
metrics account for temperature-driven plant development and may
have lower spatial and interannual variability than DOY metrics
(Russelle et al., 1984). Daily minimum and maximum temperatures
were used to calculate GDD following

GDD =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(7 − Tbase),

(30 − Tbase),

(Tmax + Tmin)
2

− Tbase,

if (Tmax + Tmin)/2 < 7
if (Tmax + Tmin)/2 > 30
otherwise

(1)

where Tmax is the maximum daily temperature in Celsius, Tmin is the
minimum daily temperature in Celsius, and Tbase is the base temperature
for ventenata in Celsius. The Tbase (i.e, minimum temperature threshold)
for ventenata is 7 ◦C (Wallace et al., 2015). Mean daily temperatures
outside a ventenata-specific range were censored because plant devel-
opment is unlikely under these conditions (McMaster and Wilhelm,

Table 1
Observation sources used to model areas heavily invaded by Ventenata dubia in the Blue Mountains Ecoregion.

Source Heavily
invaded (n =

94)

Absence (n
= 850)

Year Sample
Radius (m)

Cover Estimation
Method

Notes

Dean 3 34 2016 20 Line-point
intercept

Prescribed fire study field surveys, unpublished.

Downing 2 139 2017 35 Ocular Quadrat Fire refugia field surveys (Downing et al., 2019)
Hogrefe 0 92 2017 25 Line-point

intercept
Rangeland biomass field surveys, unpublished

Johnston 0 377 2017 18 Presence-absence Blue Mountains Forest Partners survey data, (Johnston et al., 2021)
Lawrence 0 2 2017 30 Line-point

intercept
Sage-grouse field surveys, unpublished

Nietupski 39 129 2017 30 Line-point
intercept

Ventenata field surveys, unpublished

Tortorelli 42 62 2018 35 Ocular Quadrat Ventenata field surveys (Tortorelli et al., 2020)
USFS FIA 3 11 2016 35 Ocular circular

subplot
National forest monitoring program administered by the USDA Forest
Service. (https://www.fs.usda.gov/pnw/page/pnw-fia-inven
tory-data)

FSGeodata
Clearinghouse

5 4 2017/
2018

3–23 Ocular within
mapped polygon

USDA Forest Service Current Invasive Plants database. (https://data.
fs.usda.gov/geodata/edw/datasets.php?xmlKeyword=current
+invasive+plants)
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1997). The maximum temperature threshold of cheatgrass (30 ◦C; Thill
et al., 1984) was used to approximate ventenata’s upper threshold
(Wallace et al., 2015).

2.2.3. Biophysical
Long-term climatic conditions were determined from the 800 m

PRISM 30-year annual and monthly climate normal data (Norm81;
PRISM Climate Group, 2012). Seasonal climate conditions were calcu-
lated from monthly data, where seasonal means were weighted by the
days per month. The seasons were defined as spring (April–June),
summer (July–September), fall (October–December), and winter
(January–March). All gridded climate data, including cGDD, were
resampled to 30 m using bilinear interpolation for model prediction.

Soil texture in the top 20 cm of the soil profile was derived from the
30 m gridded Soil Survey Geographic Database (Soil Survey Staff, 2015).
The missing data was filled with Soil Resource Inventory data from the
USFS. Only the top layer of the soil profile was included due to its
importance for shallow-rooted species. Terrain attributes, including
slope, eastness, and northness, were calculated from the 30 m National
Elevation Dataset (NED; Gesch et al., 2002).

2.3. Statistical analysis

2.3.1. Model development
Models differed by their inclusion of different predictor groups and

were split as follows: 1) hybrid (48 predictors), 2) bioclimatic (32 pre-
dictors), and 3) phenology (16 predictors) (Appendix A: Table A1).
Supervised classification of heavily invaded areas was performed using
the random forest (RF) algorithm, which is known for achieving high
prediction accuracy while accommodating missing data and correlated
predictors (Belgiu and Drăgu, 2016; Cutler et al., 2007). The RF classi-
fier uses an ensemble of decision trees (CART) to form a prediction
through a majority voting process (Breiman, 2001). We implemented
the RF algorithm through the Python package XGBoost (Chen and
Guestrin, 2016). Tuning parameters were determined through a cross-
validated grid search to maximize discriminatory capacity and perfor-
mance with an unbalanced dataset while reducing the chance of over-
fitting. A few parameters must be set to fixed values to fit a RF style
model in XGBoost. Other parameters may be adjusted to control over-
fitting or improve model performance for low-prevalence data (Table 2).
Parameters were adjusted and determined in sequence and included the
total number of trees (number estimators), the maximum depth of the
trees (maximum depth), the minimum number of observations per node
(minimum child weight), the minimum loss reduction required to make
another partition (gamma), and the weight given to classes (scale pos-
itive weight).

2.3.2. Model evaluation
Overall model performance was evaluated using 10-fold cross-

validation. While model validation using an independent data set
would have provide additional insight into model performance, a cross-
validation approach was used due to the small sample size of the positive

class. Threshold independent and dependent evaluation metrics were
selected to characterize the model’s discriminatory power (Fielding,
2002), including the area under the receiver operating characteristic
curve (AUC), accuracy, sensitivity, and specificity (Cohen, 1960; Field-
ing and Bell, 1997). In addition to these metrics, variable importance
and partial dependence plots were examined to understand the contri-
bution of each type of predictor to the model and the marginal rela-
tionship between the highest ranked predictors and ventenata
probability.

While classification model predictions are probabilities, their per-
formance metrics are derived from a confusion matrix that describes the
relationship between the observed and predicted classes. Conversion of
the probability values to classes for the confusion matrix requires a
probability threshold. For threshold-dependent metrics like accuracy
(Eq. 3), sensitivity (Eq. 4), and specificity (Eq. 5), the threshold is chosen
by the user. For threshold-independent metrics like AUC (Eq. 2), many
thresholds are used to calculate a curve that relates the true positive rate
(TPR) to the false positive rate (FPR).
Observed Predicted

Positive Negative

Positive (P) True Positive (Tp) False Negative (Fn)
Negative (N) False Positive (Fp) True Negative (Tn)

AUC=
∑k

i=1

(

(TPRi− 1(FPRi − FPRi− 1))

+
1
2
(TPRi − TPRi− 1)(FPRi − FPRi− 1)

)

,whereTPR=
Tp
P
andFPR=

Fp
N
.

(2)

Accuracy =
Tp + Tn
P+ N

(3)

Sensitivity =
Tp
P

(4)

Specificity =
Tn
N

(5)

Determination of an appropriate probability threshold to distinguish
ventenata populations above (positive class) or below 20 % cover
(negative class) was required to assess model performance using
threshold-dependent metrics. We performed cross-validation with the
parameters determined by the grid search process to calculate the
threshold for each model. Data were randomly partitioned into training
and testing sets 1000 times while preserving the prevalence of the
original data. For each of these partitions, a model was fit to the training
data (80 %) and evaluated with the testing data (20 %). The kappa
statistic was calculated for each iteration at 0.01 increments across the
probability range, and the median threshold that maximized kappa was
retained to distinguish presence and absence (Freeman and Moisen,
2008). This process resulted in thresholds of 0.58, 0.73, and 0.7 for the
hybrid, bioclimatic, and phenology models, respectively.

Elevation and vegetation classes were used to investigate patterns in
the predictive performance that overall performance measures might
not capture. The regional elevation range was evenly split into eight
classes between 610 and 1829 m, with one additional class representing
elevations below 610. Vegetation classes were determined from a po-
tential natural vegetation (PNV) map developed by the USFS (Simpson
et al., 2019). Sample sizes in each elevation or vegetation class were not
adequate to fit separate models for each class, so classes were associated
with each record and evaluation metrics were calculated from cross-
validation datasets (1000 random 80–20 partitions). Model perfor-
mance was evaluated in each class by aggregating metrics from the
cross-validation datasets.

Table 2
Random forest model parameters determined through cross-validated grid
search.

Hyperparameter Model

Hybrid Bioclimatic Phenology

Number Estimators 100 500 900
Max Depth 7 3 6
Min Child Weight 3 1 4
Gamma 0.1 0.4 0.1
Scale Positive Weight 9 11 13
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3. Results

3.1. Model evaluation

The hybrid model achieved the highest AUC and sensitivity but
similar overall accuracy and specificity (Table 3). The models differed
most substantially in sensitivity, where omission error was 23 % and 19
% higher in bioclimatic and phenology models. A confusion matrix
calculated from the 1000 cross-validation datasets illustrates that the
three models perform similarly for a given probability threshold of the
positive class (heavily invaded areas) but substantially different for the
negative class (Fig. 3). The bioclimatic and phenology models required a
higher probability threshold to achieve the best balance between per-
formance in predicting ventenata populations above or below 20 %
cover (i.e., to maximize kappa).

Evaluation metrics within each elevation and vegetation class
showed comparable results to the overall model performance. However,
evaluating performance by elevation revealed differences not repre-
sented in the overall model performance (Table 4). Notably, while the
phenology model’s performance is comparable to the hybrid and
bioclimatic models in the 914 to 1676 m elevation range, its

performance decreases below the 762–914 m elevation class. When
evaluated by vegetation class, the hybrid model generally showed
equivalent or better performance than the bioclimatic and phenology
models (Appendix A: Table A2). The hybrid model had higher accuracy
than the other two models in Scabland Shrub and higher sensitivity
across vegetation types, with noteworthy differences occurring in
Scabland Shrub, Upland Shrub, and Juniper Woodlands. However, in
the Juniper Steppe vegetation class, the hybrid model had lower per-
formance both in terms of sensitivity and specificity.

Predictors shared among the three models had similar importance
(Appendix A: Fig. A1-A3). The top ten predictors from the hybrid model
were split between phenology and climate. The top few climate pre-
dictors were similar between the hybrid and bioclimatic models, but the
soil predictors were ranked higher in the bioclimatic model. The highest-
ranking phenology predictors in the hybrid and phenology models were
minimum NDVI (NDVI Min), DOY at the start-of-green-up (SOG), cu-
mulative growing degree days at the end-of-season (cGDD at EOS), and
DOY at the end-of-season (EOS). The highest-ranking climate predictors
in the hybrid and bioclimatic models included average winter maximum
temperature (Wint Tmax), average fall maximum temperature (Fall
Tmax), average total winter precipitation (Wint Ppt), and average
winter maximum vapor pressure deficit (Wint MaxVPD). The hybrid
model indicates that heavily invaded areas were associated with lower
baseline NDVI values, earlier start-of-green-up, and lower cumulative
growing degree days at the end-of-season (Fig. 4). Heavily invaded areas
were also associated with higher fall and winter maximum temperatures
and relatively moderate winter precipitation.

3.2. Ventenata’s distribution

The hybrid model predicts heavy invasion is present in 5454 km2 of

Table 3
Median and interquartile range of evaluation metrics showing the overall model
performance for each of the three models. Threshold-dependent metrics (accu-
racy, sensitivity, specificity) were calculated based on thresholds of 0.58
(hybrid), 0.73 (bioclimatic), and 0.7 (phenology).

Model AUC Accuracy Sensitivity Specificity

Hybrid 0.88 (0.044) 0.90 (0.021) 0.56 (0.275) 0.95 (0.032)
Bioclimatic 0.85 (0.041) 0.89 (0.038) 0.33 (0.347) 0.96 (0.041)
Phenology 0.84 (0.089) 0.88 (0.047) 0.37 (0.167) 0.94 (0.05)

Fig. 3. Confusion matrix showing the distribution of predicted vs. observed positive and negative classes in the three models. The positive class represents ventenata
populations of 20 % or greater cover and the negative class represents populations with less than 20 % cover. The upper and lower bounds of each box plot show the
25th and 75th quantiles, the whiskers show the 5th and 95th quantiles, and the mid line shows the median.
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the BME (7.7 %) while the bioclimatic and phenology models predict
5986 km2 (8.4 %) and 7441 km2 (10.5 %), respectively (Fig. 5a-c). There
are a few notable spatial differences in the predictions among the three
models, especially in the areas above the calculated probability
threshold (Fig. 5, areas shown in yellow to red). A comparison between
the hybrid and bioclimatic models shows that the hybrid model
frequently predicted heavily invaded areas in a subset of the area

predicted by the bioclimatic model. However, some hybrid model pre-
dictions occurred outside the range of the bioclimatic model (e.g.,
heavily invaded areas in the northwest but not the northeast). To a lesser
extent, the hybrid model also predicted the presence in a subset of the
area predicted by the phenology model. In this case, the phenology
model predicts presence broadly, including lower elevations and sub-
stantial parts of the southern and western parts of the BME.

Heavily invaded areas predicted by the hybrid model primarily
occurred within 946 and 1451 m (90 % interval). While the elevational
range for the bioclimatic model was comparable to the hybrid model,
the lower bound of the phenology model was lower in elevation (753 to
1495 m). The hybrid model predicted that approximately 73 % of
heavily invaded areas were found within Upland Shrub, Juniper
Woodland, Xeric Pine, and Dry Ponderosa Pine vegetation types (Fig. 6).

The probability difference between the hybrid and the other two
models also helped illustrate the effect of including both predictor sets
(Fig. 7a). The bioclimatic model generally predicted higher probability
across the BME, especially in areas with high conifer canopy cover (see
Fig. 2 for forested areas). In contrast, some forest openings had higher
probability in the hybrid model. In comparison to the phenology model,
the hybrid model predicted higher probability across the higher eleva-
tions and lower probability across lower elevations. The greatest dif-
ference between the hybrid and phenology models occurred along the
southern and northwestern parts of the BME. The spatial patterns of
negative difference (phenology greater than hybrid) between these
models closely align with the area predicted as cheatgrass by another
recent phenology modeling effort (Fig. 7b).

4. Discussion

We demonstrate that including biophysical predictors can help to
distinguish populations of some annual grass species when land surface
phenology (LSP) cannot resolve species-level differences. Species-level
detection using remotely sensed data is advancing along with sensor
technologies and image processing techniques that allow for greater fi-
delity in land surface observations (Pastick et al., 2020; Weisberg et al.,
2021). However, mapping annual grasses over large regions presents a
challenge when using coarse-resolution satellite imagery, especially as
new invaders with similar phenological characteristics are introduced.
Yet, information describing the characteristics of individual species
geographic distribution is critical for the management and policy
decision-making process (Funk et al., 2020). To span the current
knowledge gap for a new invader, we produced the first ecoregional
estimate of heavily invaded areas by leveraging both phenology and
biophysical predictors in a single hybrid model.

Our use of a 30 m LSP product (Nietupski et al., 2021) allowed for
ventenata population detection in the small forest openings (≥ 30m) but

Table 4
Summary of model performance by elevation class (median and interquartile range). Models are abbreviated as HY (hybrid), BIO (bioclimatic), and PHEN (phenology).

Elevation Class (m) n Prevalence Accuracy Sensitivity Specificity

HY BIO PHEN HY BIO PHEN HY BIO PHEN

< 610 2 0 1 (0) 1 (0) 0 (1) – – – 1 (0) 1 (0) 0 (1)
610–762 7 0 1 (0) 1 (0) 1 (0.5) – – – 1 (0) 1 (0) 1 (0.5)
762–914 22 0 1 (0) 1 (0) 1 (0) – – – 1 (0) 1 (0) 1 (0)
914–1067 36 0.19 0.71 (0.2) 0.71 (0.23) 0.71 (0.23) 0 (0) 0 (0.33) 0 (0) 0.89 (0.25) 0.86 (0.25) 0.9 (0.2)
1067–1219 45 0.09 0.9 (0.18) 0.78 (0.21) 0.83 (0.16) 1 (1) 0.5 (1) 0 (0.58) 1 (0.14) 0.82 (0.2) 0.89 (0.18)
1219–1371 131 0.15 0.84 (0.09) 0.77 (0.1) 0.82 (0.09) 0.67 (0.3) 0.5 (0.33) 0.5 (0.33) 0.88 (0.1) 0.82 (0.11) 0.89 (0.09)
1372–1524 238 0.22 0.83 (0.07) 0.83 (0.06) 0.8 (0.07) 0.58 (0.2) 0.45 (0.19) 0.43 (0.21) 0.9 (0.08) 0.94 (0.06) 0.91 (0.06)
1524–1676 307 0.03 0.96 (0.03) 0.97 (0.03) 0.97 (0.03) 0 (0.33) 0 (0) 0.4 (0.5) 0.98 (0.03) 1 (0) 0.98 (0.03)
1676–1829 156 0 1 (0) 1 (0) 1 (0) – – – 1 (0) 1 (0) 1 (0)

Fig. 4. The relationship between the probability of heavily invaded areas and
the top predictors from the hybrid model. Tick marks in the rug plot along the
x-axis indicate deciles. Predictors include a) minimum NDVI (NDVI), b) start-of-
green-up (day-of-year), c) cumulative growing degree days at the end-of-season
(◦C), d) average winter maximum temperature (◦C), e) average fall maximum
temperature (◦C), and f) average total winter precipitation (mm). (For inter-
pretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)
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came with complications. Increased LSP spatial resolution can be ad-
vantageous because the dominant vegetation across large areas can
drive LSP in lower-resolution imagery (e.g., MODIS). In such cases,
increased resolution may help detect smaller populations, which we
observed in dry forests of the BME. However, higher resolution LSP can
negatively impact vegetation class separation because LSP variation
increases with decreasing spatial grain (Weisberg et al., 2021). Pheno-
logical variation can also arise from temperature, moisture, edaphic, or
genetic factors (Andrew and Ustin, 2009; Luquez et al., 2008; Piao et al.,
2006). Therefore, we attempted to account for environmentally derived
variation by calculating phenometrics by accumulated heat (i.e., cGDD)
instead of calendar days. Temperature-driven plant development is a
better predictor of growth than calendar days (Ball et al., 2004; Cudney
et al., 1989) but we found that only one of these metrics (cGDD at EOS)
was important to the model. Limitations to the spatial grain of the
temperature data may partially explain the limited explanatory power of
the cGDD predictors. However, cGDD at EOS indicated that lower
accumulated heat units (i.e., earlier in the season) were associated with

ventenata’s senescence, a characteristic of winter annual grasses
including ventenata (Wallace et al., 2015).

The use of phenology and niche-related predictors together increased
model performance and, specifically, the hybrid model’s ability to
classify locations without heavy ventenata invasion. At lower elevations,
environmental predictors reduced probability where phenology attri-
butes matched ventenata’s, but the habitat was unsuitable. In mid-
elevations, phenology predictors decreased probability where forest
canopy cover was high and increased probability where the start-of-
season was early, a key indicator of winter annual grasses (Bradley
et al., 2012). Thus, it is not surprising these issues were evident in the
phenology and bioclimatic model outputs. The phenology model had
reduced performance at lower elevations where the co-occurrence of
other invasive annual grasses is common (Mack, 1981; Young, 1992),
and the bioclimatic model had reduced performance in mid-elevations
(e.g., 1067–1371 m) where the vegetation varied by tree canopy cover.

Lower performance and higher predictions in low andmid-elevations
for the phenology and bioclimatic models substantially impacted the

Fig. 5. Predictions from a) the hybrid model, b) the bioclimatic model, and c) the phenology model. The color ramp is split at the threshold that maximizes kappa
(hybrid = 0.58, bioclimatic = 0.73, phenology = 0.7), where areas above the threshold (heavily invaded) are yellow to red and areas below the threshold are grey to
black. Masked areas (white) are presumed to be currently uninvadable due to high elevation, high forest canopy cover, or perennial water. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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predicted distribution. Phenology and bioclimatic model limitations in
classifying heavily invaded areas resulted in less conservative pre-
dictions of the total area invaded (i.e., 7.7 % vs. 8.4 % and 10.5 % of the
BME). In comparison to the hybrid model, the phenology model pre-
dicted more populations at lower elevations, while the bioclimatic
model predicted more populations in mid-elevations. Consequently, the
phenology and bioclimatic models are likely overpredicting the distri-
bution of heavily invaded areas and overprediction can lead to poor
management resource allocation (Guisan et al., 2013). Overprediction
from the bioclimatic model is not entirely negative. Biophysical pre-
dictors provided useful information about ventenata’s niche and the
location of suitable habitat. Erroneous predictions in locations with high
tree cover or other attributes that prevent invasion may indicate habitat
conditions that are susceptible to future invasion. However, to better
understand the true range of habitat suitable to ventenata, the data used
for the model would need to include all true presence and absence data,
as opposed to observations above or below a 20 % cover threshold.

The performance characteristics of the hybrid model make it better
suited to some applications than others. Invasive species presence maps
can be used in early detection and eradication efforts to refine the search
area for new populations (Freeman and Moisen, 2008). For this type of
application, a model with high sensitivity would be preferred because
missing true populations may have a negative impact on control efforts.
All three models in this study generally performed better in specificity
than sensitivity. The high specificity of the three models is partially
related to the small sample size of heavily invaded areas and is not
uncommon when modeling rare, low prevalence species (Cheney et al.,
2018). While future iterations of this model would benefit from larger
sample sizes of ventenata, the hybrid model’s high specificity does
benefit certain management applications. A map with high specificity
gives the user high confidence in areas where the species is not present.
In the context of fire management, it might be equally important to

identify locations where fine fuel conditions have not changed as it is to
identify locations where fuel conditions have changed. Considering that
the hybrid model has the best sensitivity for a given level of specificity,
we can have the greatest confidence in the output produced by this
model. Thus, for the fire management challenges in the BME, the hybrid
model provides better information about where fuel conditions may
have changed because of the grass invasion, knowing that other loca-
tions are fairly certain to not have heavy ventenata invasion.

The niche of heavily invaded areas was most closely associated with
winter and fall climate conditions, as expected of a winter annual grass.
Fall and winter temperature and precipitation are crucial for winter
annual grasses because germination and initial leaf elongation occur
during this period (Meyer et al., 1997). While maximum winter tem-
perature is also an important predictor of cheatgrass, winter precipita-
tion has been one of the least important cheatgrass predictors in other
studies (Bradley, 2009). The importance of winter precipitation in our
models may indicate that ventenata has higher moisture requirements
than cheatgrass during the germination and initial growth period.
Ventenata’s preference for wetter conditions has also been documented
in the field (Jones et al., 2018) and experimentally, where surface
moisture from thatch increased local soil moisture, enhancing seedling
emergence (Wallace et al., 2015).

Our comparative illustration of ventenata and cheatgrass predictions
(Fig. 7a-b) also suggests that the coarse-resolution remotely sensed
phenology attributes used in this study cannot differentiate heavy ven-
tenata and cheatgrass invasion. The greatest difference between the
hybrid and phenology models overlapped with much of the area mapped
as cheatgrass. The patterns observed in this comparison suggest that
including climatic predictors helped differentiate location with heavy
ventenata and cheatgrass invasion. Reliance on satellite phenology in
previous studies may mean that parts of the predicted cheatgrass range
are occupied by ventenata or other species (Fig. 7b). Interestingly, we

Fig. 6. Potential natural vegetation classes that cover greater than 0.5 % of the Blue Mountains Ecoregion and have greater than 0.1 % heavy ventenata invasion. The
area heavily invaded (orange) and not heavily invaded area (grey) by ventenata with the percent of each vegetation type heavily invaded as an inset. Vegetation
types are presented in descending order by the area heavily invaded. (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)
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Fig. 7. Ventenata model differences and cheatgrass predictions where a) shows the difference in ventenata model predictions and b) shows predicted as cheatgrass
(> 15 % cover) within a subset of the BME (Bradley et al., 2017). In panel a, blue indicates that the hybrid model predicted a higher probability, while red indicates
that the bioclimatic or phenology model predicted a higher probability. (For interpretation of the references to colour in this figure legend, the reader is referred to
the web version of this article.)
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found areas where the phenology model predicted high probability, but
neither the hybrid nor the cheatgrass model predicted grass populations.
This could indicate that the phenology model detected missed cheat-
grass populations or the presence of other invasive annual grasses such
as medusahead. Furthermore, cheatgrass, ventenata, and other nonna-
tive annual grasses exist side-by-side in some locations, but it is perti-
nent to consider that the cheatgrass and ventenata models compared
here were developed with relatively high cover thresholds (i.e., 15 %
cover of cheatgrass and 20% cover of ventenata) and the extent to which
these species coexist at high cover is not well established.

The hybridmodel indicates that 8 % of the BlueMountains Ecoregion
(BME) may already be heavily invaded by ventenata. While this is a
relatively small fraction of the ecoregion, heavily invaded areas are
disproportionately represented in certain plant communities. Heavily
invaded areas were most prevalent in Upland Shrub and Juniper
Woodland vegetation types. These vegetation types have been reported
as being actively invaded (Jones et al., 2018; Nicolli et al., 2020) and are
closer to the agricultural lands where the first documented impacts of
ventenata were reported (Fountain, 2011; Wallace et al., 2015). Within
these shrubland and woodland vegetation types, ventenata populations
were located close to ecotones between shrub- and forest-dominated
plant communities. Additionally, ventenata occupied a relatively high
portion of the Dry Ponderosa Pine, Upland Grassland, Scabland Shrub,
and Riparian Shrub vegetation types. Ventenata has the greatest impact
within the Xeric Pine type, with almost a quarter of this type occupied by
ventenata. Within forested areas, heavily invaded areas were located
within many openings between patches of higher forest canopy cover.
These observations coincide with the growing body of literature that
indicates ventenata’s ability to occupy higher elevations than cheatgrass
and medusahead (Applestein and Germino, 2021; Tortorelli et al.,
2020).

Annual grass invasion in forested ecosystems has recently drawn
greater attention (Flory et al., 2015; Kerns et al., 2020; Reilly et al.,
2020). Invasive grass influence on fire regimes in shrublands of the
western US is well documented (Balch et al., 2013; Brooks et al., 2004),
but the modeled distribution of heavy ventenata invasion in and around
forested areas highlights the potentially transformative impact of this
grass invasion on forests. While many native plant communities found at
higher elevation can respond quickly to fire disturbances and are
thought to be more resistant to annual grass invasion, research now
suggests that these plant communities do not have the same resistance to
ventenata invasion (Applestein and Germino, 2021; Tortorelli et al.,
2020). Further, fire simulation modeling suggests that ventenata may
influence fire behavior within invaded patches and the transmission of
fire to surrounding forests (Tortorelli et al., 2023). If a fire does occur in
and transmit through invaded areas, it may further facilitate the spread
of ventenata as canopy cover reduction from tree mortality can increase
available habitat. The ventenata invasion and related fire effects could
potentially influence future ecosystem composition and structure,
compounding the forecasted impacts of climate change.

Results from this study inform and build upon our understanding of
invasive annual grass mapping and the ecological understanding that

resulting maps can provide. Satellite image time series helped to
describe the characteristics of the annual grass development cycle, while
image fusion techniques improved the observation frequency and con-
sistency at 30 m. As a result, LSP derived from the fused image data in
combination with biophysical features allowed for the detection of
ventenata in relatively small forest openings. Model output illuminated
important aspects of ventenata’s invasion, including some environ-
mental requirements, associations with vegetation types, and the loca-
tion of potentially problematic populations. This information can be
used to help locate previously unknown heavily invaded areas, inform
the placement of fuel breaks in wildfire control efforts, identify potential
propagule sources for the future spread of ventenata, direct the appli-
cation of control methods in high value areas (Davies and Hamerlynck,
2019; Denchev and Denchev, 2018; Koby et al., 2019; Lamm et al.,
2021), or target field monitoring for at-risk sites and vegetation types,
particularly in association with proposed vegetation management.
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Appendix A

Fig. A1. Importance and rank of the predictors included in the hybrid model.
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Fig. A2. Variable importance and rank of the 32 predictors in the bioclimatic model.

Fig. A3. Variable importance and rank of the 16 predictors in the phenology model.

Table A1
Complete list of predictors used to model the presence and absence of ventenata.

Group Acronym Units Description

Phenometrics

Dorm Day of Year Inflection point when greenness stops decreasing.
EOS Day of Year Day in which decrease in greenness is steepest.
LOS Day of Year Start and end of season difference.
Mat Day of Year Day of maximum greenness based on function.
SOS Day of Year Day in which increase in greenness is steepest.
SOG Day of Year Inflection point when greenness starts rising.
ROG NDVI/Day Steepness of increase in greenness at the SOS.
ROS NDVI/Day Steepness of decrease in greenness at EOS.

NDVI_Amp NDVI Baseline and maximum NDVI difference.
NDVI_Max NDVI Maximum NDVI observed in 2017.
NDVI_Min NDVI Median NDVI from September 2016 (baseline).

GDD_at_Dorm ◦C Cumulative GDD at dormancy.
(continued on next page)
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Table A1 (continued )

Group Acronym Units Description

GDD_at_EOS ◦C Cumulative GDD at EOS.
GDD_at_Mat ◦C Cumulative GDD at Maturity.
GDD_at_SOG ◦C Cumulative GDD at SOG.
GDD_at_SOS ◦C Cumulative GDD at SOS.

Climate

Ann_Ppt mm Total annual precipitation.
Fall_Ppt mm Total fall precipitation.
Spr_Ppt mm Total spring precipitation.
Summ_Ppt mm Total summer precipitation.
Wint_Ppt mm Total winter precipitation.
Ann_Tmin ◦C Mean annual monthly minimum temperature.
Fall_Tmin ◦C Mean fall monthly minimum temperature.
Spr_Tmin ◦C Mean spring monthly minimum temperature.
Summ_Tmin ◦C Mean summer monthly minimum temperature.
Wint_Tmin ◦C Mean winter monthly minimum temperature.
Ann_Tmax ◦C Mean annual monthly maximum temperature.
Fall_Tmax ◦C Mean fall monthly maximum temperature.
Spr_Tmax ◦C Mean spring monthly maximum temperature.
Summ_Tmax ◦C Mean summer monthly maximum temperature.
Wint_Tmax ◦C Mean winter monthly maximum temperature.
Ann_VPDmin hPa Mean annual monthly minimum vapor pressure deficit.
Fall_VPDmin hPa Mean fall monthly minimum vapor pressure deficit.
Spr_VPDmin hPa Mean spring monthly minimum vapor pressure deficit.
Summ_VPDmin hPa Mean summer monthly minimum vapor pressure deficit.
Wint_VPDmin hPa Mean winter monthly minimum vapor pressure deficit.
Ann_VPDmax hPa Mean annual monthly maximum vapor pressure deficit.
Fall_VPDmax hPa Mean fall monthly maximum vapor pressure deficit.
Spr_VPDmax hPa Mean spring monthly maximum vapor pressure deficit.
Summ_VPDmax hPa Mean summer monthly maximum vapor pressure deficit.
Wint_VPDmax hPa Mean winter monthly maximum vapor pressure deficit.

Soils

Clay_L1 % Clay content in the top 20 cm of the soil.
Frags_L1 % Rock content in the top 20 cm of the soil.
OM_L1 % Organic matter content in the top 20 cm of the soil.
Sand_L1 % Sand content in the top 20 cm of the soil.

Topography

Slope % Percent slope
Eastness Sine of Aspect East to west gradient (1 to − 1)
Northness Cosine of Aspect North to south gradient (1 to − 1)

Table A2
Model performance per potential natural vegetation class. Some metrics could not be calculated if there was a lack of either presence or absence in the class. HY =

hybrid, BIO = bioclimatic, PHEN = phenology.

PNV Accuracy Sensitivity Specificity

HY BIO PHEN HY BIO PHEN HY BIO PHEN

Developed 1 (0) 1 (0) 0 (1) – – – 1 (0) 1 (0) 0 (1)
Upland grass 1 (0) 1 (0) 1 (0.5) – – – 1 (0) 1 (0) 1 (0.5)
Moist Meadow 1 (0) 1 (0) 1 (0) – – – 1 (0) 1 (0) 1 (0)
Wet Meadow 0.71 (0.2) 0.71 (0.23) 0.71 (0.23) 0 (0) 0 (0.33) 0 (0) 0.89 (0.25) 0.86 (0.25) 0.9 (0.2)
Scabland Shrub 0.9 (0.18) 0.78 (0.21) 0.83 (0.16) 1 (1) 0.5 (1) 0 (0.58) 1 (0.14) 0.82 (0.2) 0.89 (0.18)
Upland Shrub 0.84 (0.09) 0.77 (0.1) 0.82 (0.09) 0.67 (0.3) 0.5 (0.33) 0.5 (0.33) 0.88 (0.1) 0.82 (0.11) 0.89 (0.09)
Riparian Shrub 0.83 (0.07) 0.83 (0.06) 0.8 (0.07) 0.58 (0.2) 0.45 (0.19) 0.43 (0.21) 0.9 (0.08) 0.94 (0.06) 0.91 (0.06)
Juniper Steppe 0.96 (0.03) 0.97 (0.03) 0.97 (0.03) 0 (0.33) 0 (0) 0.4 (0.5) 0.98 (0.03) 1 (0) 0.98 (0.03)
Juniper Woodlands 1 (0) 1 (0) 1 (0) – – – 1 (0) 1 (0) 1 (0)
Ponderosa Pine-Lodgepole Pine 1 (0) 1 (0) 1 (0) – – – 1 (0) 1 (0) 1 (0)
Dry Ponderosa Pine 1 (0.06) 1 (0) 1 (0) – – – 1 (0.06) 1 (0) 1 (0)
Moist Ponderosa Pine 0.86 (0.24) 0.88 (0.2) 0.78 (0.21) 0 (0.5) 0 (0.33) 0 (0) 1 (0.14) 1 (0) 0.88 (0.2)
Xeric Pine 0.89 (0.11) 0.86 (0.12) 0.8 (0.16) 0.67 (0.5) 0.5 (0.33) 0.33 (0.5) 1 (0.1) 1 (0) 1 (0.11)
Dry Douglas-Fir 0.73 (0.15) 0.75 (0.15) 0.73 (0.14) 0.6 (0.35) 0.5 (0.42) 0.67 (0.5) 0.77 (0.15) 0.85 (0.16) 0.75 (0.17)
Moist Douglas-Fir 0.82 (0.09) 0.81 (0.09) 0.79 (0.09) 0.5 (0.27) 0.33 (0.23) 0.33 (0.3) 0.9 (0.09) 0.94 (0.06) 0.9 (0.09)
Dry White Fir - Grand Fir 1 (0) 1 (0) 1 (0) – – – 1 (0) 1 (0) 1 (0)
Moist White Fir - Grand Fir 0.75 (0.5) 1 (0.25) 1 (0.25) 1 (1) 1 (0) 1 (1) 0.75 (0.5) 1 (0.25) 1 (0)
Wet White Fir - Grand Fir 1 (0) 1 (0) 1 (0.11) – – – 1 (0) 1 (0) 1 (0.11)
Cold Dry White Fir - Grand Fir 1 (0) 1 (0) 1 (0) – – – 1 (0) 1 (0) 1 (0)
Moist Subalpine Fir 1 (0) 0.96 (0.05) 1 (0) 0 (0) 0 (0) 0 (0) 1 (0) 1 (0.04) 1 (0)
Wet Subalpine Fir 1 (0) 1 (0) 1 (0.25) 1 (0) 1 (0) 1 (0) 1 (0) 1 (0) 1 (0.25)
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Table A3
Composition of the BME by PNV class and their representation in the field data set.

PNV Percent of BME n Prevalence

Developed 4 1 0
Upland grass 11 93 0.19
Moist Meadow 1 4 0.5
Wet Meadow 0 1 0
Scabland Shrub 4 32 0.41
Upland Shrub 20 53 0.15
Riparian Shrub 0 1 0
Juniper Steppe 0 1 0
Juniper Woodlands 5 15 0.2
Ponderosa Pine-Lodgepole Pine 0 1 1
Dry Ponderosa Pine 1 16 0.13
Moist Ponderosa Pine 1 22 0.05
Xeric Pine 5 101 0.25
Dry Douglas-Fir 2 45 0.18
Moist Douglas-Fir 6 74 0.05
Dry White Fir - Grand Fir 2 69 0.04
Moist White Fir - Grand Fir 19 270 0.01
Wet White Fir - Grand Fir 3 45 0
Cold Dry White Fir - Grand Fir 2 88 0.03
Moist Subalpine Fir 1 3 0
Wet Subalpine Fir 2 5 0

Data availability

The climate data used in this study are available at https://prism.
oregonstate.edu/normals. The gridded soil data are available at
https://data.nal.usda.
gov/dataset/gridded-soil-survey-geographic-database-gssurgo. The
elevation data are available at https://www.usgs.
gov/the-national-map-data-delivery. Predictions of ventenata’s distri-
bution are available in the USDA Forest Service Research Data Archive
at doi:https://doi.org/10.2737/RDS-2022-0011. All other data gener-
ated or analyzed during this study are available from the corresponding
author on reasonable request.
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