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Introduction
Leafy spurge (Euphorbia esula) is a perennial invasive plant that is widespread in North America
and is of high management concern in the north and central plains (Goodwin, Sheley, Nowierski, & Lym,
2001). With blue-green stems, linear leaves, small green flowers, and bright yellow bracts, mature leafy
spurge is recognizable, and an additional identification characteristic is a milky white latex sap the plant
releases when injured (Goodwin et al., 2001). Leafy spurge is commonly found in riparian areas in the
Intermountain West, but can spread to neighboring grasslands, ridges, slopes, and upland areas,
particularly where disturbance is frequent and soil moisture is low, allowing for less competition with
other plants (Goodwin et al., 2001). Leafy spurge is particularly problematic in hayfields and pasture, as
the ingenol content in the sap is toxic to cattle and horses, in addition to some wildlife (Goodwin et al.,
2001). Individual stems can produce over 200 seeds annually, which can be expelled up to 15 feet from
the plant when mature, and seeds are also buoyant and easily transported downstream (F . Larry
Leistritz, 2004). Leafy spurge is also difficult to manage, as the extensive root system can sustain plants
injured by even high rates of herbicides, targeted grazing, and biocontrol agents (Goodwin et al., 2001).
Remote sensing has been utilized for the detection and mapping of leafy spurge since 1995,
using its distinct spectral characteristics (green-yellow bracts) to successfully distinguish infestations
from surrounding vegetation using true color imagery alone (Anderson, Everitt, Escobar, Spencer, &
Andrascik, 1996). Other remote detection attempts were made with this species, using sensors as
simple as a multispectral sensor collecting reflectance in the visible and infrared portions of the
spectrum (Hunt, Mcmurtrey, Williams, & Corp, 2004) up to hyperspectral sensors capable of recording
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reflectance in 224 bands, which resulted in a 84% - 95% detection rate of leafy spurge infestations at
landscape scales (Williams & Raymond, 2002). One location where mapping of leafy spurge populations
needs improvement is along the Yampa River, in Moffat and Routt Counties, Colorado, where leafy
spurge is advancing away from the riverbanks and floodplains and into upland areas, so extent of the
invasion is unknown.
In addition to desired maps of leafy spurge infestation along the Yampa River corridor,
stakeholders are interested in understanding the risk of invasion for properties, recreational areas, and
wildlife habitat adjacent to the river. One way to estimate future invasion risk of a study area is to apply
ecological niche modeling/models (ENMs, also known as habitat suitability models) with presence data
of the focal species and spatial data that covers the extent continuously with predictors variables that
describe the habitat needs of the focal species (Bazzichetto et al., 2018; Peterson et al., 2001). ENMS
work by training a machine learning classifier by extracting environmental predictor values at known
presence locations, and then using those extracted values to describe the focal species ecological niche,
which can be extended across all pixels of the spatial environmental predictors (Irzel, Ausser, & Hessel,
2002). In this research, a leafy spurge presence dataset from the Yampa River Corridor and an extensive
leafy spurge presence dataset from Fremont County, Wyoming will be compared and combined to
model ecological niche of leafy spurge populations to estimate leafy spurge invasion risk in Moffat and
Routt Counties, Colorado.
Purpose and Research Questions
The purpose of this work is to map current distribution of leafy spurge along the Yampa River
banks with satellite remote sensing. Additionally, based on presence of leafy spurge, spatial context, and
a large dataset of leafy spurge populations from Fremont County, Wyoming, we will develop an invasion
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susceptibility model for predicting the likelihood of leafy spurge spread in Moffat and Routt Counties.
We will address the following questions:
1. Where is leafy spurge present along the Yampa River corridor?
2. Based on current leafy spurge infestations, what is the risk of invasion spread in Moffat and
Routt Counties?
Study Site and Methods
The stretch of the Yampa River we are focused on spans Moffat and Routt Counties, between
Dinosaur National Monument and Hayden, Colorado. The Yampa River follows a free-flowing, turbid,
and relatively slow meandering from the Park Range to a confluence with the Green River deep inside of
Dinosaur National Monument. Flowing through mountain valleys, foothills, and down through arid
sagebrush steppe, the Yampa provides habitat for fish, wildlife, and birds, and is well travelled for rafting
trips. Leafy spurge has invaded riparian areas, riverbanks, and islands, and is now pushing into upland
areas like the forest understory, rangelands, and agricultural areas.
The first step in developing an up-to-date presence map of leafy spurge infestations is to marry
ground presence mapping efforts with remote sensing spectral detection of leafy spurge. Ground
mapping of leafy spurge presence took place in the summers of 2019, 2020, and 2021 and covered the
Yampa River Channel from Hayden, Colorado to Cross Mountain (east of Dinosaur National Monument).
Mapping was conducted by volunteers from the Yampa River Leafy Spurge Project and took place largely
by raft, with stops to map extent of infestations that extend beyond the immediate riverbanks. Presence
of leafy spurge was recorded, as well as infestation characteristics like geomorphological type,
vegetation type, proportional canopy coverage, proportional bare ground, size of leafy spurge
infestation, and proportional leafy spurge abundance, which all may be important factors affecting
imagery classification accuracy rates. These mapped presence sites were imported into a Geographic
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Information System (GIS) and were used as interpretation and training areas for spectral profiling of
leafy spurge for classification of satellite imagery.
We selected and purchased SPOT 7 satellite imagery from L3Harris Geospatial, which was
collected in early July of 2019. The summer of 2019 was wet and cool, so this sampling date represents
the late peak bloom of 2019. The spatial extent of this satellite imagery and resulting classification
covers the area from Hayden, Colorado to Cross Mountain within 1.5 miles of the Yampa River channel
(Figure 1). The imagery consists of 5 bands of light, one panchromatic (1.5m x 1.5m pixels) and four
multispectral, red, green, blue, and near infrared (NIR) (6m x 6m pixels). The multispectral imagery was
resampled to approximately 4m x 4m pixels using the finer resolution panchromatic band in ArcMap.
Imagery was explored once pan-sharpened, and band combinations and representation were altered to
highlight contrasts between ground mapped leafy spurge polygons and other recognizable land cover
classes.

Figure 1. Map of YRLSP ground mapped leafy spurge presence data in yellow and the spatial extent of
the satellite imagery and resulting classification outlined in magenta.
Polygons of leafy spurge were digitized based on interpretation of the imagery in ArcMap, and
polygons were also developed for other land cover classes, which were combined to create a dataset of
“not leafy spurge.” Once these spatial datasets were completed, polygons were imported into Program
R where spectral reflectance values were extracted to train the classification algorithm. The
classification method utilized was a machine learning technique known as random forest, from the
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randomForest package in Program R. This sorts all pixels in the imagery into the classes “leafy spurge” or
“not leafy spurge” using decision trees where two of our four bands of light are tried at each “branch.” A
“forest” of these decision trees is grown to user-determined size and the class results are pooled across
all trees for a final class result. For this classification, 101 trees were grown, and half of the training
samples were reserved for an internal validation of results. Two classification maps were developed with
both binary classification of “leafy spurge” and “not leafy spurge” classes and with a probabilistic scale
from 0 to 1, from least likely to be leafy spurge to most likely to be leafy spurge. An accuracy assessment
of the binary leafy spurge classification was conducted using a confusion matrix of classified and ground
truthed data, and users’ accuracy, producer’s accuracy, overall accuracy, and the kappa coefficient were
calculated. To investigate differences in reflectance for red, green, blue, and NIR light, correctly and
incorrectly classified ground mapped leafy spurge presence polygons were selected from the
classification map, and reflectance values were extracted for all four bands for each class. To test
differences in reflectance for detected and missed leafy spurge polygons, a two-way analysis of variance
(ANOVA) was conducted in Program R for each band of light.
To better understand classification performance, ground validation of results was conducted by
locating accessible areas within and outside of ground mapped leafy spurge polygons in the study area.
These locations were selected to cover a broad range of habitat types, classification results, anomalies,
and areas of interest. Within these locations, four or more pixels of the same class were generalized to
make polygons of the same class, and to avoid GPS inaccuracies, validation points were placed within
these polygon centroids. In June of 2021, these validation points were visited by river and on foot to
verify the presence or absence of leafy spurge. These points were scattered from the Yampa River State
Wildlife Area, through Craig, Colorado, in the Little Yampa Canyon, and through Axial Basin. In addition
to confirming leafy spurge presence and absence, binary classification performance (correct or
incorrect), geomorphologic type, vegetation type, count of other species present, inundation frequency,
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proportional leafy spurge cover, proportional canopy cover, and proportional bare ground were all
recorded.
Classification maps were exported back to ArcMap where classification values were extracted
for both classification methods for leafy spurge presence polygons from YRLSP ground mapping and
from 2021 validation points. Proportion of correctly identified leafy spurge polygons were calculated for
each level of each infestation characteristic (e.g. trace, low, moderate, and high levels for characteristic
canopy cover). Binary classification results (leafy spurge vs not leafy spurge) were fit to a logistic
regression to determine effect of infestation characteristics (geomorphological type, vegetation type,
proportional canopy cover, proportional bare ground, size of leafy spurge infestation, and proportional
coverage of leafy spurge) on classification accuracy from ground mapped data. Additionally, These same
analysis methods were applied for the 2021 validation point, with proportional correct classification
recorded for each level of each infestation characteristic and binary classification results fit to a logistic
regression model to determine which infestation characteristics (geomorphologic type, vegetation type,
count of other species present, inundation frequency, proportional leafy spurge cover, proportional
canopy cover, and proportional bare ground) affect classification accuracy within the validation dataset.
Finally, habitat suitability for leafy spurge was estimated for Moffat and Routt Counties using
the ENMTML package in Program R (Andrade, Velazco, & De Marco Júnior, 2020) for ENM and the
following environmental predictors: Soil proportional clay, soil proportional sand, soil proportional silt,
soil proportional organic matter, soil pH, and hydric condition, temperature and precipitation annual
and monthly means, temperature and precipitation annual and monthly variation, average daily solar
radiation, slope, and aspect. Collinearity between these 27 predictor variables was reduced using
aPrincipal Component Analysis (PCA), and the components that describe 95% of total predictor variance
were used as the final model predictors. The modeling algorithms used were support vector machine,
maximum entropy, and random forest, three classification techniques compatible with presence-only
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distribution modeling, and all three algorithms were combined to create an ensemble model. Two ENMs
were estimated, one with leafy spurge presence locations from YRLSP ground mapping and extensive
leafy spurge presence locations from Fremont County, Wyoming (ENM3), and one with Yampa leafy
spurge presence locations alone (ENM4). These resulting ENMs were exported to ArcMap, where final
ENM maps were made that predict leafy spurge ecological suitability for Moffat and Routt Counties at 1
km x 1km pixels with three different suitability scales: A continuous ecological suitability prediction on a
scale of 0 to 1 (least suitable for leafy spurge to most suitable for leafy spurge), a binary ecological
suitability prediction (suitable for leafy spurge or not suitable for leafy spurge), and a categorical
ecological suitability prediction (low suitability for leafy spurge, moderate suitability for leafy spurge,
and high suitability for leafy spurge), grouped by evenly splitting the distributions of the continuous
suitability predictions. These binary and categorical ecological suitability models were summarized by
calculating the proportional study area occupied by each class of leafy spurge suitability, examining
principal component coefficients, and evaluating model performance.
Results and Discussion
Classification of Imagery for Leafy Spurge Mapping
The random forest classification of multispectral satellite imagery resulted in an overall accuracy
rate of 91.3%, with a 94.7% user’s accuracy rate (how often ground leafy spurge was correctly classified
in the map) and an 89.9% producer’s accuracy rate (how often classified leafy spurge will be present on
the ground) for leafy spurge. The final accuracy metric calculated for the remote sensing classification
was the kappa coefficient (ranges from -1 to 1, with values close to 0 showing that the classification
performed no better than random and 1 describing the data perfectly), which was equal to 0.902,
indicating that our remote sensing classification performed significantly better than random. Correctly
classified leafy spurge mean spectral reflectance was not significantly different from missed leafy spurge

7

mean reflectance for the red, green, and blue bands of light, but did have significantly higher reflectance
for the NIR band of light (p-value 0.0305) (Table 1). Overall, this classification method worked well, but if
mapping was to take place again, satellite imagery with additional wavelengths of near infrared light
may be useful for
distinguishing leafy spurge

Data from training set
Totals

from other land cover

User’s
Accuracy

types.

Class assigned from imagery classification

214

12

226

94.7

Correctly
classed
leafy spurge

Not-spurge
incorrectly
classed as
spurge

(214 +
12)

(214 / 226)
*100

24

165

189

87.3

Spurge,
incorrectly
classed as
not-spurge

Not-spurge
correctly
classed as
not-spurge

(24 +
189)

(165 / 189)
* 100

238
(214 + 24)
89.9
(214 / 238)
*100

177
(12 + 165)
93.2
(165 / 177)
*100

415

Totals
Producer’s
Accuracy
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Total
Accuracy
91.3%

Kappa = 0.902
415 * correct classification (214 + 165) – ref vs class ((238 * 226) + (177 * 189))
4152 – ref vs class ((238 * 226) + (177 * 189))
Figure 2. Confusion matrix of binary random forest classification of training polygons classified as leafy
spurge vs not leafy spurge. Class accuracies for producer’s and user’s accuracy are calculated, with 12
false positives, where not-leafy spurge was incorrectly classified as leafy spurge and 24 false negatives,
where leafy spurge was incorrectly classified as not leafy spurge. The kappa coefficient is also calculated,
with a value of 0.902 indicating that the classification model describes the dataset fairly well.

Not Leafy Spurge
Leafy Spurge

1 - Highest Likelihood of Leafy Spurge
0 – Lowest Likelihood of Leafy Spurge

Figure 3 and Figure 4. Random forest classification predictions for imagery study area (magenta outline)
for a binary classifier (top) and a probabilistic classifier (bottom). The binary map shows pixels classified
as not leafy spurge as colorless and pixels classified as leafy spurge in yellow. The probabilistic model
represents values from 0 to 1, for least likely to be leafy spurge in dark green and most likely to be leafy
spurge in red.
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Table 1. Results table from two-way t-test comparing reflectance in each band of light (red, green, blue,
and NIR) for correctly classified (Spurge) and incorrectly classified (MissedSpurge) leafy spurge polygons.
Values shown are mean reflectance (Mean) and p-values (p-value) testing the differences between the
class means for each band of light. P-values marked with * are significantly different.

Class
Spurge
Missed Spurge

Red
Mean p-value
308
0.8
309

Band of Light of Multispectral Imagery
Green
Blue
Mean p-value Mean p-value
434
368
0.1
0.6
433
367

Near Infrared
Mean p-value
1359
0.03*
1323

Classification Results of Ground Mapped Leafy Spurge Polygons
Across a range of environmental and infestation conditions, the number of correctly
identified leafy spurge polygons and missed leafy spurge polygons varies within the 314 presence
locations in the dataset (Figure 5). Generally, single leafy spurge populations, populations with high bare
ground coverage, and populations located on banks were misclassified more frequently. Binary
classification results of leafy spurge vs not leafy spurge was fit to an additive logistic regression model:
Logit1 <- glm(spurge ~ geomorph + bareground + vegetation + abundance + canopycover + area)
Based on odds ratios of coefficients, single leafy spurge populations, populations with
high bare ground coverage, and populations growing in on banks and riparian shrub vegetation cover
types were more likely to be missed by our random forest imagery classification (Table 2). This may be
due to single leafy spurge populations being harder to detect with our limited spatial resolution (4m x
4m pixels), banks changing with seasonal flooding between satellite imagery collection and validation
mapping, and dense shrub cover obscuring leafy spurge invasions beneath their canopy, though canopy
coverage itself was not a significant predictor of leafy spurge classification accuracy.
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Figure 5 a, b, c, d, e (left to right, down page). Proportional
classification accuracies for each level of each infestation
characteristic recorded with ground mapped leafy spurge
presence data. Blue indicates proportion of correctly
identified ground mapped leafy spurge polygons / level, while
orange represents misclassified mapped leafy spurge
polygons
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Table 2. Logistic regression output for significant predictors of leafy spurge classification of ground
mapped leafy spurge polygons with odds ratio (values <1, decrease odds of correctly classifying leafy
spurge, values >1, increase odds of correctly classifying leafy spurge), impact on leafy spurge prediction
rates, and p-values of logistic regression.
Odds Ratio

Leafy Spurge Prediction

p-value

Geomorphology - Bank

0.1803

-

0.0359

Bare Ground - Low

23.5146

+

0.0100

Bare Ground -Moderate

38.3177

+

0.0029

Bare Ground - Trace

89.3340

+

0.0002

Vegetation – Riparian Shrub

0.1061

-

0.0212

Leafy Spurge Abundance – Single

0.1361

-

0.0108

Polygon Area

1.0002

+

0.0180

Classification Results of Leafy Spurge Ground Validation Points
Much like the ground mapped leafy spurge dataset, the 271 ground validation points
visited spanned a range of environmental and infestation conditions. Of these 271 points, 190 points
were classified as leafy spurge (70% predicted leafy spurge), 81 were classified as not leafy spurge (30%
not spurge), and 159 of the 271 points were correctly classified (59% overall accuracy rate). Of these
validation points that were classified as leafy spurge, 102 out of 190 were correctly classified (54%).
These validation accuracy rates are not encouraging because validation locations were chosen based on
anomalies or features of interest from the classification prediction (e.g. a series of validation points were
set in a seasonal Yampa tributary, to see if positive leafy spurge classified pixels were really spurge, or
misclassification of riparian plants away from the main channel of the Yampa). The number of correctly
identified leafy spurge locations and missed leafy spurge locations varies out of the 190 leafy spurge
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presence locations within the dataset (Figure 6). The random forest classification method was more
accurate at identifying leafy spurge populations growing as discrete patches rather than scattered
populations (Figure 6c). Binary classification results of correctly classified leafy spurge vs not leafy
spurge was fit to an additive logistic regression model:
Logit2 <- glm(TRUE ~ geomorph + bareground + vegetation + abundance + canopycover + area +
inundation + count_other_species)
Based on odds ratios of coefficients, discrete patches of leafy spurge and locations with
higher leafy spurge percent cover were more likely to be correctly classified by the random forest
imagery classification (Table 3). Dense populations with high leafy spurge cover may have more
recognizable spectral signatures than sparse populations, and discrete boundaries of leafy spurge
patches may be more identifiable, as scattered populations might share pixel space with other land
cover types though validation locations, though number of additional species present at validation
locations did not significantly influence classification accuracy of leafy spurge (Figure 6d).
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Figure 6 a, b, c, d, e (left to right, down page). Proportional
classification accuracies for each level of each environmental
characteristic recorded with ground validated leafy spurge
presence locations. Blue indicates proportion of correctly
identified ground mapped leafy spurge polygons / level, while
orange represents proportion of mapped leafy spurge
polygons / level that were not classified as leafy spurge.
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Table 3. Logistic regression output for significant predictors with odds ratio (values <1, decrease odds of
correctly classifying leafy spurge, values >1, increase odds of correctly classifying leafy spurge), impact
on leafy spurge prediction rates, and p-values of logistic regression.
Odds Ratio

Odds of Spurge

p-value

Discrete Patch

8.128695

+

0.0480

Leafy Spurge Percent Cover

1.555534

+

5.8e-08

Ecological Niche Modeling of Leafy Spurge
Invasion risk of leafy spurge was predicted for Moffat and Routt Counties using
ecological niche models trained with either YRLSP ground mapped leafy spurge data and a large dataset
of leafy spurge presence locations from Fremont County, Wyoming (Full model, ENM3, n = 17,721
points) or YRLSP ground mapped data only (ENM4, n = 314). Continuous suitability predictions were
grouped into three equally distributed classes according to their values to create final maps of low,
medium, and high leafy spurge suitability for both models (Figures 7 and 8) and amount of the study
area was calculated for proportional area and acreage for each class (Tables 4 and 6). Generally, both
models follow similar spatial patterns, but the Yampa only model, ENM4, predicted more acreage of
invasion risk than the full Fremont and Yampa model, ENM3. This is somewhat unexpected, as a wider
range of values for environmental predictors from a separate extent should theoretically increase the
variability of predicted habitat suitability.
For each model, the final environmental predictors used were principal components
developed from covarying factors from the full predictor set, and significant factors and the first five
components for each model are summarized (Tables 5 and 7). For the full Fremont, Moffat, and Routt
model, ENM3, soil textural properties, pH, and hydric rating, and slope were important. For the Yampa
only model, precipitation and annual mean temperature are important. Aspect, mean temperature of
the coldest quarter, and the precipitation of the warmest quarter were important in both models
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(Tables 5 and 7). Slope and soil properties could have larger affects on leafy spurge habitat suitability in
the full spatial extent because there is a wider range of values of both, as there are a lot more
topographic types and soil orders represented in the full extent of environmental predictors. Mean
temperature of the coldest temperature and precipitation of the warmest quarter would be
hypothesized to influence leafy spurge ecological niche, as harsh winter cold and summer drought
conditions stress plants across the region.
Model performance for the maximum entropy, support vector machine, random forest,
and ensemble algorithms were evaluated based on their kappa values, which describe how well the
habitat suitability classifier describes the leafy spurge data. The best fit for the full Fremont Yampa
model, ENM3 is the ensemble model (kappa = 0.9697) while the best fit for the Yampa only model,
ENM4 is a tie between the maximum entropy model and the random forest model (kappa of both =
0.9286) (Tables 6 and 9). The ensemble model underperforming the other two algorithms for the ENM4
was unexpected but may be an example of overfitting the ecological niche model. With either model
describing current leafy spurge with over 90% accuracy, both models are valid, but the more
conservative full Fremont and Yampa ENM3 leafy spurge ecological nice model should be a good tool for
management and monitoring of leafy spurge in the Yampa River Watershed.
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Low Leafy Spurge Suitability
Moderate Leafy Spurge Suitability
High Leafy Spurge Suitability

Figure 7. Categorical map of the full Fremont Yampa ENM3 leafy spurge habitat suitability model for
Moffat and Routt Counties, with low, moderate, and high leafy spurge habitat suitability shown as
green, yellow, and red, respectively.

Table 4. Output of full Fremont and Yampa ENM3 leafy spurge suitability classes, split into three classes
(low, medium, and high) with proportional coverage and acreage within the Moffat-Routt County study
area.
Class
Low
Medium
High

% of Study Area
47.7
44.4
7.9

Class Acreage
2173440
2023040
359680
Total - 4556160
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Table 5. Coefficient table of eigenvalues of significant environmental predictors from the full Fremont
Yampa ENM3 for the first five components of the principal component analysis for reducing predictor
collinearity.
ENM3
Clay
OM
Sand
Silt
BIO1
BIO12
Aspect
Hydric
BIO3
BIO5
Radiance
BIO2
BIO11
BIO10
BIO8
BIO19
BIO14
BIO17
BIO18
BIO13
BIO16
Slope
pH
BIO7
BIO4

Name
% Soil Clay
% Soil Organic Matter
% Soil Sand
% Soil Silt
Annual Mean Temperature
Annual Precipitation
Aspect
Hydric Rating of Soil
Isothermality
Max Temperature Warmest Month
Mean Daily Radiance
Mean Diurnal Range
Mean Temperature Coldest Quarter
Mean Temperature Warmest Quarter
Mean Temperature Wettest Quarter
Precipitation Coldest Quarter
Precipitation Driest Month
Precipitation Driest Quarter
Precipitation Warmest Quarter
Precipitation Wettest Month
Precipitation Wettest Quarter
Slope
Soil pH
Temperature Annual Range
Temperature Seasonality

Comp1
-0.0060

Comp2

0.0090
-0.0076

-0.0466

0.044012
0.0111

0.0405

Comp3
-0.0246
-0.0160

Comp4
-0.0246
-0.0370
-0.0499

-0.0320
-0.0263
0.0292
0.0014
0.0030
-0.0067
-0.0002
0.0400

AUC
0.9953
0.9958
0.9930
0.9950

Kappa
0.9697
0.9611
0.9496
0.9438
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0.0403

0.0042

0.0493

0.0235

-0.0483
0.0056

-0.0192
-0.0035
-0.0109
-0.0214
-0.0547
-0.0404

-0.0163
0.0331
0.0160

Table 6. Model evaluation table from full Fremont Yampa ENM3 model, showing the area under the
curve (AUC) and kappa (estimate of classification accuracy of the model), with values closer to 1
indicating the model that better describes the data.
Algorithm
Ensemble
Random Forest
Support Vector Machine
Maximum Entropy

Comp5

0.0118
0.0384
0.0094
0.0294
-0.0380
-0.0484
-0.0134
0.0046

Low Leafy Spurge Suitability
Moderate Leafy Spurge Suitability
High Leafy Spurge Suitability
Figure 8. Categorical map of the Yampa only ENM4 leafy spurge habitat suitability model for Moffat and
Routt Counties, with low, moderate, and high leafy spurge habitat suitability shown as green, yellow,
and red, respectively.

Table 7. Output of Yampa only ENM4 leafy spurge suitability classes, split into three classes (low,
medium, and high) with proportional coverage and acreage within the Moffat Routt County study area.
Class
Low
Medium
High

% of Study Area
38.6
41.7
19.7

Class Acreage
1758720
1900160
897280
Total - 4556160
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Table 8. Coefficient table of eigenvalues of significant environmental predictors from the Yampa only
ENM4 for the first five components of the principal component analysis for reducing predictor
collinearity.
ENM4
%Clay
%OM
BIO1
BIO12
Aspect
BIO5
BIO2
BIO11
BIO9
BIO10
BIO14
BIO17
BIO18
BIO13
BIO16
pH

Name
% Soil Clay
% Soil Organic Matter
Annual Mean Temperature
Annual Precipitation
Aspect
Max Temp Warmest Month
Mean Diurnal Range
Mean Temperature Coldest
Quarter
Mean Temperature Driest
Quarter
Mean Temperature Warmest
Quarter
Precipitation Driest Month
Precipitation Driest Quarter
Precip Warmest Quarter
Precipitation Wettest Month
Precipitation Wettest
Quarter
Soil pH

Comp1

0.0285

Comp2

0.0078

Comp3

Comp4

0.0316
-0.0017
0.0484
0.0457
0.0494

-0.0086

Comp5
-0.0241
-0.0146
-0.0329
-0.0100

0.0176
-0.0358

0.0052
0.0482

0.0207

0.0119

-0.0359

0.0473
0.0481
0.0246
0.0446
0.0437

-0.0438
0.0396
0.0387

-0.0427
0.0391
-0.0148
-0.0198

-0.0276

-0.0438

Table 9. Model evaluation table from Yampa only ENM4 model, showing the area under the curve (AUC)
and kappa (estimate of classification accuracy of the model), with values closer to 1 indicating the model
that better describes the data.
Algorithm
Maximum Entropy
Random Forest
Ensemble
Support Vector Machine

AUC
0.9866
0.9936
0.9917
0.9898

Kappa
0.9286
0.9286
0.9107
0.9107
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