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Abstract

Invasive plant species have substantial negative ecological and economic impacts. Geographic in-
formation on the potential and actual distributions of invasive plants is critical for their effective 
management. For many regions, numerous sources of predictive geographic information exist for 
invasive plants, often in the form of outputs from species distribution models (SDMs). The creation 
of a repository of consistently produced SDMs of regional- or national-scale information predicting 
the potential distribution of invasive plant species could provide information to managers in the pri-
oritisation of invasive species management. Here, we present a novel set of not only habitat suitability 
models for occurrence for 259 manager requested invasive plant species in the contiguous United 
States (USA), but also habitat suitability models for abundance (≥ 5% cover) and high abundance 
(≥ 25% cover). These data provide an update to the Invasive Species Habitat Tool (INHABIT; gis.
usgs.gov/inhabit). This tool contains information on the majority of invasive plant species in the 
contiguous USA with sufficient location data for model building. INHABIT provides a canonical set 
of predicted geographic distributions for invasive plants in the contiguous USA that can aid in the 
search for new populations of invasive plant species and help create watch lists for emerging invaders. 
As this tool contains information on nearly all of the most problematic invasive plants in the contig-
uous USA, it helps in prioritising management strategies by showing which plants are already present 
or abundant in a land management area and which may become present or abundant in the future.

Key words: Early detection and rapid response, land management, species distribution modelling, 
watch list

Introduction

Invasive species cause considerable damage to ecological and economic systems 
worldwide (Bellard et al. 2016; Diagne et al. 2021; Mayfield et al. 2021). In the 
United States of America (USA), this results in an annual cost exceeding $19 bil-
lion per year (Fantle-Lepczyk et al. 2022). The effective management of invasive 
plants relies on information about where particular plant species are present and 
abundant (Wallace and Bargeron 2022) and where they are likely to become es-
tablished and abundant in the future (Mainali et al. 2015). Proactive management 
of invasive species is often considered the most cost-effective strategy for control, 
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but this strategy is likely underemployed (Cuthbert et al. 2022), in part due to 
the lack of predictive tools and data to guide searches for invasive species and the 
prioritisation of management actions.

Predictive habitat mapping, based on species distribution models (SDMs), is 
the primary tool used to anticipate where invasive plant species will establish and 
become abundant (Crall et al. 2013; Elith 2017). SDMs can be useful in guiding 
management if the models used meet the standards needed for particular manage-
ment objectives (Sofaer et al. 2019). Often, the lack of consistent methods, species 
or geographic scope can make it difficult to use or compare disparate models to 
prioritise the management and detection of invasive plant species. While there 
is often a perceived trade-off between the geographic scope and precision with 
SDMs, evidence suggests otherwise. Even at local scales, range-wide models often 
outperform ecoregion extent models of predicted species distributions, likely due 
to larger datasets that represent a species’ niche more accurately (Jarnevich et al. 
2022). The practical value of publicly available, high-quality SDMs across large 
spatial extents, such as the contiguous USA and at a fine spatial grain (~ 100 m2) 
for a comprehensive set of invasive plant species, is widely recognised amongst 
invasive species managers (Engelstad et al. 2022).

Most SDMs predict the habitats and geographic locations in which an inva-
sive species might establish (i.e. become present). However, managers also want 
to know where species might become abundant as abundance is correlated with 
impact (Sofaer et al. 2018; Bradley et al. 2019; Pearse et al. 2019). To address 
this, SDMs can be fitted with sites where an invasive plant species is known to 
reach some threshold of abundance (e.g. over 25% cover; Jarnevich et al. (2021); 
Beaury et al. (2023); Evans et al. (2024)). Some management strategies require 
information about different thresholds of abundance to prioritise the application 
of control methods (Yokomizo et al. 2009). For example, areas of the Great Basin 
are twice as likely to burn when exceeding a threshold of 15% cover of invasive 
cheatgrass (Bromus tectorum) compared to habitats where cheatgrass is less abun-
dant (Bradley et al. 2018). Additionally, while cheatgrass occurs in all 50 States, it 
is only in the western USA where it reaches a level of abundance that makes it a 
species of concern. Management strategies that focus on cheatgrass control for fire 
mitigation may choose to concentrate efforts on regions exceeding this threshold 
for cheatgrass cover. While many management actions rely on information about 
the abundance of an invasive plant species, information on where the species is 
likely to establish, even at low abundances, is critical for tracking dispersal. This is 
especially true for early detection and rapid response (EDRR) strategies that focus 
on the control of non-native species before they become abundant. Likewise, con-
trol of non-abundant invasive plant species may be a desirable proactive measure 
because the geographic locations of habitats in which an invasive plant species may 
become abundant are likely shifting due to changing climate (Evans et al. 2024).

Effective management of invasive plant species requires the prioritisation of spe-
cies to control (Kumschick et al. 2012). Globally, more than 13,000 plant species 
have been introduced and established outside of their native ranges (van Kleunen 
et al. 2015). Within the USA, many of these introduced species do not become 
problematic and exist within the novel range with relatively few negative conse-
quences (Bradley et al. 2024). However, a percentage of those introduced plant 
species become invasive, which we define as a non-native species that cause harm 
to the environment, economy or human, animal or plant health. Comprehensive 
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information about all invasive plant species in a region can aid in prioritising man-
agement decisions. For example, managers of particular land management areas 
are especially interested in those invasive plant species that have not yet been de-
tected within their management area, but which have the potential to establish 
there (Jarnevich et al. 2023a). We developed the Invasive Species Habitat Tool 
(INHABIT; gis.usgs.gov/inhabit) to provide a consistent, comprehensive set of 
habitat suitability models for a wide variety of invasive plant species to provide this 
information to managers (Jarnevich et al. 2023a).

In this data paper, we present the first abundance-based suitability models for 
a large suite of plant species through version 4 of INHABIT and describe the 
methodology used in its creation. This dataset is the first publicly available resource 
to provide a large number of predicted habitat suitability maps and management 
area summary tables for the habitats in which invasive plants may establish and 
may become abundant. The scope of the tool is invasive terrestrial plant species 
in the contiguous USA and includes 23% of all introduced vascular plant species 
with at least 100 georeferenced records and 50% of those with high abundance 
records (Fig. 1). As the inclusion of plant species in INHABIT was based on re-
quests from diverse invasive species managers over a period of five years, it includes 

Figure 1. The total number of non-native vascular plant species on the US Register for Introduced and Invasive Species (RIIS; Simpson et al. 
2022) with different filtering steps applied for occurrence (top) and abundance (bottom) records, with the count of species remaining at each 
step reported. Filtering steps include removing species flagged as aquatic based on inclusion in species tracked in the U.S. Geological Survey’s 
Non-Indigenous Aquatic Species (NAS; Terrestrial) and followed by whether any records from the target background dataset from aggregated 
data sources have been collected after 1980. Occurrence record filtering includes number of species with at least 100 occurrence records post 
1980. The abundance filtering includes successive criteria for abundance records for different percent cover thresholds and record counts. The 
last step for both is the number of remaining species modelled for INHABIT, demonstrating the much higher capture of non-native plant 
species in the USA with recorded abundance populations then the number of occurrence records or the total on the US RIIS list.
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nearly all of the non-native plant species considered most problematic by managers 
within the contiguous USA. The tool uses a nested tabular design to serve man-
agement-relevant information on plant species’ distributions and displays details, 
such as model performance, continuous suitability surfaces and environmental 
predictors of suitable habitat for each species. We additionally make suitability 
maps easily downloadable for user-selected species and provide simple methods 
for importing those maps into the platforms commonly used by land managers 
to guide searches for new populations of invasive plants (Suppl. material 1: sup-
plement 2, Field Maps instruction). INHABIT provides the most comprehensive 
predicted habitat suitability information for both occurrence and abundance of 
invasive plants in the contiguous USA and serves as a blueprint for modelling and 
data delivery in other regions.

Methods

The model fitting and summarisation methodology described below represents el-
ements first described by Young et al. (2020), iterated by Engelstad et al. (2022) 
and used in version 3 of INHABIT by Jarnevich et al. (2023b). For version 4 of 
INHABIT, we have further updated the methods used to produce version 3. Dif-
ferences between versions 3 and 4 include an increased number of species, updated 
occurrence records through 2023, spatial cross-validation of models and models 
of abundance and high abundance suitability along with occurrence suitability. 
All code is written in R version 4.4. (R Core Team 2024) and scripts are available 
in Suppl. material 1: supplement 3. Model inputs and outputs are available from 
Jarnevich et al. (2024) at https://doi.org/10.5066/P14HNEJF.

Species data

We asked people managing invasive plant species within the contiguous USA to 
contribute to a list of terrestrial non-native plant species to include in version 4 
of INHABIT. The resulting list identified 286 non-native species. We obtained 
species occurrence and abundance data for these selected species from existing 
aggregated occurrence and agency databases (Suppl. material 1: table S1), includ-
ing: the Early Detection and Distribution Mapping System (EDDMapS), the 
Bureau of Land Management’s (BLM) Assessment, Inventory and Management 
(AIM) and Lotic databases, the BLM and National Park Service’s National Inva-
sive Species Information Management System (NISIMS), a published aggregated 
plant dataset (Bradley et al. 2024), the Standardised Plant Community with In-
troduced Status (SPCIS) database (Petri et al. 2023), the LANDFIRE reference 
database and the Goldwater weeds database for both types of data and the Global 
Biodiversity Information Facility (GBIF) and iMapInvasives database for occur-
rence only (see Suppl. material 1: table S1 for additional details). We used the 
Integrated Taxonomic Information System (ITIS; www.itis.gov) as a taxonomic 
authority to obtain all synonyms for all species using the R package “taxizedb” 
(Chamberlain et al. 2023).

We restricted species records and observations based on multiple geographic 
and data quality criteria. We retained records with observation dates ≥ 1980, listed 
as “observation” or “specimen only” observation types (GBIF only) and a coordi-
nate uncertainty ≤ 30 m. Additionally, we used the “CoordinateCleaner” package 

https://doi.org/10.5066/P14HNEJF
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(Zizka et al. 2019) to flag and remove potentially erroneous records, including 
those located near country capitals, country centroids, GBIF headquarters and 
known biodiversity institutions (e.g. research centres, universities, herbaria, mu-
seums, zoos and botanical gardens), or coordinates over oceans or other potential 
data errors (e.g. latitude and longitudes equal to zero, latitudes and longitudes with 
identical values).

We also obtained locations for all vascular plant species included on the U.S. 
Register of Introduced and Invasive Species (US-RIIS) list ver. 2.0 (Simpson et 
al. 2022) using the same criteria for inclusion. These data were used to control 
for sampling biases as detailed in the modelling description below. The US-RIIS 
documents introduced (non-native) species that are established (reproducing). We 
filtered this list to those at the species level (removed hybrids and sub-species) and 
limited it to vascular plant species (phylum Tracheophyta). These data were sepa-
rated into two files, one with all georeferenced observations for the selected US-RI-
IS species, and another further filtered to observations that contained abundance 
information for species within this list.

Modelling group

The greatest advance for version 4 of the INHABIT webtool is the inclusion of 
SDMs that predict species abundance in addition to SDMs that predict occur-
rence. Through informal discussions with managers related to previous work with 
occurrence and abundance habitat suitability models (occurrence, abundance as > 
10% cover; Jarnevich et al. (2021)) (occurrence and four abundance groups; Beau-
ry et al. (2023)), we decided to include three groups of habitat suitability models 
in version 4: occurrence (or presence), abundance and high abundance. Manger 
feedback indicated the two categories were two few (Jarnevich et al. 2021) and the 
five categories too many (Beaury et al. 2023) and most people providing feedback 
desired a low abundance category (around 5%) and a category around 20%. We 
settled on data classification into occurrence, abundance (≥ 5% cover) and high 
abundance (≥ 25% cover) categories, based on that manager input and data avail-
ability (cover class bins commonly found in input datasets where 25% was a more 
commonly used cut-off than 20%; Suppl. material 1: fig. S1).

Each observation record was classified into high abundance (≥ 25% cover), 
abundance (≥ 5% - 25% cover) or occurrence (< 5% cover or no abundance infor-
mation). Where numerical cover data were provided, we assigned abundance cat-
egories to those records. When there were numerical bins, we used the minimum 
cover in the bin as a conservative match to our categories, so that 5–30% would 
be assigned to the abundance bin. However, some aggregated occurrence databas-
es included qualitative descriptions of abundance, which we manually classified: 
occurrence = “trace”, “rare”, “sparse”, “single plant”, “spot”, “light”, “low”; abun-
dance = “medium”, “moderate”, “common”, “patch”, “patchy”, “scattered dense 
patches”; high abundance = “high”, “dense”, “abundant”, “heavy”, “major”, “dense 
monoculture”, “dominant cover”.

We used a nested set of observation records to fit models. Occurrence suitabil-
ity models included observation records for a species from all three categories. 
Abundance suitability models were fitted with occurrence records from both the 
abundance and high abundance categories (≥ 5% cover). High abundance suitabil-
ity models only used observations categorised as high abundance (≥ 25% cover).
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Data preparation

We spatially thinned species records by reducing observations to a minimum 900 
m distance between points using the “geoThin” function in the R package “enmSd-
mX” (Smith et al. 2023) to limit spatial autocorrelation while preferentially retaining 
points with the highest abundance cover class. Additionally, we removed records fall-
ing within waterbodies by using our percentage clay soils predictor as a mask because 
the soil layers did not have values in areas of water (Suppl. material 1: table S2).

We required at least 100 spatially thinned observations within the contiguous 
USA to generate an occurrence model for a species. Any requested species with 
fewer observations were flagged for future modelling efforts using globally sourced 
observations and predictor data. For abundance and high abundance models, we 
required at least 50 spatially thinned observations for each model group and we 
only considered fitting abundance models for species for which we could fit occur-
rence models. Through previous INHABIT iterations, we have found it difficult 
to fit models with less than 50 locations and, unlike occurrence data beyond the 
USA, we are unaware of global repositories that include abundance information.

In statistical and machine learning communities (Hastie et al. 2009; Lever et al. 
2016; Kuhn and Johnson 2019), best practices for model building advocate splitting 
data into three tiers including train, test and sub-setting train into k-fold cross-vali-
dation splits. The train data are used to fit the model, with the cross-validation sub-
sets providing information for model refinement. The test partition is used to evalu-
ate model performance as this partition is fully withheld from the model fitting and 
refinement process. We implemented a hashtag-based method to split each species’ 
data into non-random, spatially sampled cross-validation (CV) data for model train-
ing and a separate withheld test dataset to evaluate model performance. This meth-
odology uses a hashtag shape (#) overlaid on a 99% binary kernel density estimate 
(KDE) of the observations. Observation points falling within the buffered hashtag 
were assigned to the test split (and withheld from model fitting to be used for model 
evaluation) with a desired ratio of 70% train/30% test. The width of the hashtag test 
strips was manually adjusted from the default of 30% of the binary KDE extent on 
a case-by-case basis as needed to stay within the range of 20–50% of observations 
in the test split (ideally around 30%). The training data were further split spatially, 
based on the hashtag shape into nine CV splits. We used a single hashtag shape to 
define the spatial splits (both test and CV) for all three model groups and, thus, the 
test data for abundance were a subset of occurrence and for high abundance were 
a subset of abundance. We did not include a test split in the few cases where that 
would result in < 100 observations to train the occurrence model (n = 5 species, 
Suppl. material 1: table S3), though these still had a CV split. In cases of high geo-
graphic clustering resulting in algorithms failing to fit models with the spatial CV 
splits, we instead applied a randomised 9-fold CV split (i.e. no spatial CV-split).

As we did not have absence data, we required background locations to capture 
the environments available to each species to fit the models. We used two meth-
ods to generate background points for occurrence model training data to fit two 
sets of models for each species to account for sampling biases, a continuous KDE 
method and a target background approach. The continuous KDE method has been 
suggested for invasive species in particular because there may be a higher density of 
observations in a region to which the species has been introduced longer compared 
to the density of observations in a region where a species has only arrived recently 
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(Elith et al. 2010), whereas the target background approach is meant to mimic 
bias in where people are collecting observations (Phillips et al. 2009). For the KDE 
method, we created a continuous KDE raster around the observations that were 
used to weight the generation of an initial 15,000 random background points. We 
spatially thinned the background points in the same manner as the occurrence 
records, randomly selecting 10,000 of the remaining points. For the target back-
ground method, we randomly selected up to 10,000 locations of non-native vascu-
lar plant observations (from the US-RIIS list) within the matching lifeform of four 
possible lifeforms assigned by the USDA Plants Database (forb/herb/vine, gram-
inoid, shrub/vine or tree) and restricted to the same 99% binary KDE used for the 
hashtag splits. As there is a relationship between residence time and abundance, we 
chose to only use the target background approach for the abundance models, as-
suming that these models will suffer less from issues related to sampling density due 
to residence time and more from sampling bias related to where people are making 
observations. We selected background points from the abundance observations of 
the non-native plants from within the same broad lifeform category. For all three 
model groups, training data background points were excluded from the buffered 
hashtag-defined test extent and were assigned to CV splits using the same spatial 
designation as for the occurrence/abundance records employed for the individual 
species as described above. For test splits, we generated one set of background 
points by rasterising the buffered hashtag shape and subsampling 10,000 randomly 
distributed points separated by at least 900 metres from within this shape. Thus, all 
model groups had the same background test points for each species.

Environmental data

We used 52 of the 54 environmental predictors included in INHABIT version 3 
(Jarnevich et al. 2023b), representing a range of environmental factors including 
topography, temperature, atmospheric water, landscape water, soil properties, dis-
turbance (including fire and anthropogenic disturbance), biotic interactions (e.g. 
tree cover and bare ground) and radiation for the contiguous USA. These predic-
tors were used as inputs for version 4 models after they were modified using the 
PARC (Project, Aggregate, Resample, Clip) module in the Software for Assisted 
Habitat Modelling (SAHM, v. 2.2.2; Morisette et al. 2013) to ensure all predictors 
were in the same coordinate reference system (ESRI:102008), spatial resolution (~ 
100 m2), extent and alignment. Observation data for each species were combined 
with predictor data to create a merged dataset representing the environmental con-
ditions at each presence and background location used as an input in SAHM. For 
more information on individual predictors, their units of measure and spatial and 
temporal resolution, see Suppl. material 1: table S2.

For each species, we selected predictors based on individual species character-
istics including biology and lifeform (e.g. winter annual graminoid) and invaded 
geographic distribution within the contiguous USA. Predictor sets were consistent 
between occurrence models (i.e. between the KDE background approach and tar-
get background approach) and were kept identical between abundance and high 
abundance models, except in a few cases where the number of predictors for high 
abundance were highly restricted based on number of observations. To avoid auto-
correlation amongst potential predictors, we assessed the degree of correlation using 
the Pearson, Spearman and Kendall’s pairwise correlation tests and removing one of 
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any pair with a correlation coefficient > 0.70 (maximum of Pearson, Spearman or 
Kendall; Dormann et al. (2013)). We also removed any predictor that did not make 
ecological sense for a particular species (e.g. ratio of March precipitation for a tree 
species occurring in the eastern USA). In addition, we preferentially retained predic-
tors known to be important for the distribution of invasive plants in the contiguous 
USA, specifically minimum winter temperature and index of human modification 
(Williams et al. 2024). We maintained a ratio of at least 10:1 observations to predic-
tors (Hosmer and Lemeshow 2000), rounding up to the nearest ten. This resulted 
in a range of 10 to 29 predictors (mean 23.8 predictors) for each species for model 
fitting for occurrence models and a range of 5–31 predictors (mean 17.9 predictors) 
for each species for model fitting for abundance and high abundance models.

Model fitting

Following the methodology in Young et al. (2020) and Engelstad et al. (2022), we 
fit five different algorithms in SAHM including boosted regression trees (Elith et 
al. 2008), generalised linear models (McCullagh and Nelder 1989), multivariate 
adaptive regression splines (Elith and Leathwick 2007), Maxent (Phillips et al. 
2017) and random forests (Breiman 2001). We updated the SAHM downsam-
pling code for random forests to balance the number of bootstrapped samples 
from each class (presence and background) and improved model performance over 
default settings (Valavi et al. 2022). We fit models with observation training data 
delineated by the hashtag (see Suppl. material 1: table S3 for individual sample 
sizes and number of cross-validation splits). We examined each algorithm’s out-
put, using a priori criteria to identify model overfitting, including instances when 
the difference between the Area Under the Curve (AUC) calculated for training 
data and the average cross-validation AUC was > 0.05 or visual assessment of 
response curves appearing overly complex. In these cases, we explored alternative 
algorithm-specific tuning parameters to decrease the AUC difference and response 
curve complexity (see Suppl. material 1: table S3 for individual model changes). 
Finally, we assessed model performance using the continuous Boyce index (CBI; 
Hirzel et al. (2006)) calculated for each algorithm for each model per species and 
the AUC, revisiting any model where train or test CBI < 0.5 or AUC < 0.7 to 
reconsider parameterisation and dropping models with poor performance and fit.

Spatial outputs: maps and ensembles

For each model group, we created continuous spatial predictions of relative hab-
itat suitability across the contiguous USA at ~ 100 m2 spatial resolution, expe-
dited by U.S. Geological Survey high performance computing resources (Falgout 
et al. 2024). We also calculated a multivariate environmental similarities surface 
(MESS) to highlight areas of model extrapolation that could be applied as a mask 
to any output maps (Elith et al. 2010). The MESS map compares the value for 
each predictor at a location to the range of values for the predictor within the train-
ing set and we highlight locations with negative values that indicate at least one 
predictor included in a model set had a value outside those of the training data, 
termed novel environmental conditions. As we had background points rather than 
absence data, models were not necessarily calibrated to each other. Therefore, we 
rescaled the mapped values for each model between 0 and 100 to make the maps 
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more comparable. We then produced ensemble maps for each model group by tak-
ing a mean of the rescaled relative habitat suitability values, weighted by individual 
model CBI values (using the test CBI, if available). Individual models with CBI 
values of less than 0.50 were assessed and dropped if deemed appropriate, based 
on examining models for the specific species considering how low CBI was, how 
it compared to other algorithm predictions and ecological plausibility of response 
curves and variable importance (see notes column in Suppl. material 1: table S3 for 
specific reasons for retaining or dropping individual algorithms).

Through informal discussions with managers during presentations, managers 
expressed interest in having categorical maps of suitability along with continuous 
relative predictions of suitability for the three model groups. They reported an 
interest in three options as existed on INHABIT version 3, ranging from more 
inclusive to more restrictive. Thus, we produced three distinct binary versions cor-
responding to each of the three continuous maps (occurrence, abundance, high 
abundance) using percentile thresholds of 1%, 5% and 10% to convey a gradient 
of inclusive (comprehensive) to restrictive (targeted) model output (Engelstad et 
al. 2022). A percentile threshold is calculated by extracting predicted values for 
all training observations and selecting the predicted value for the observation that 
would misclassify the set percentage of positive observations. Finally, we combined 
the binary maps to display information across all three model groups (occurrence, 
abundance, high abundance) for each of the three thresholds, while highlighting 
any areas of environmental extrapolation.

Tabular outputs: zonal summaries and distance measurements

Managers can utilise summaries of habitat suitability for management areas in various 
ways, such as to create watch lists (e.g. Jarnevich et al. 2023a) or find out how many 
management areas have suitable habitat for a particular species. INHABIT version 
3 included tables summarising mapped outputs to quantify area of suitability and 
distance to closest records for some federal lands (Bureau of Land Management, Fish 
and Wildlife Service, National Park Service, U.S. Forest Service) and U.S. Counties. 
For INHABIT version 4, we obtained 10,216 management area polygons to meet 
stakeholder, manager and agency needs including additional federally owned lands 
(U.S. Army Corps of Engineers, Department of Defense service branches), State 
Parks and Forests, sub-basins (8-digit hydrologic unit code) and other more specific 
land management areas, such as cooperative invasive species management areas. De-
scriptions of the management areas and the additional processing steps necessary to 
prepare them for analyses are detailed in Suppl. material 1: table S4.

We summarised the categorical maps for management areas (Suppl. material 1: 
table S4) using the “exactextractr” R package (Baston 2023). For each species and 
management area, we calculated the total land area of suitable habitat for each of 
the three model groups (occurrence, abundance, high abundance) for each of the 
three thresholds (1%, 5%, 10%). Values were nested such that summaries of oc-
currence models included locations defined as suitable by any of the three model 
groups. We also calculated the total area that was identified by the MESS maps 
as having novel environmental conditions (areas of extrapolation as identified by 
any single predictor having a value outside the range of the model training data for 
that predictor). To provide further information on uncertainty, we calculated the 
area of a management area that was available for modelling, removing the parts of 
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the management area that we were unable to make predictions for which typically 
represented water, but potentially other locations where all predictors did not have 
data (though this is exceedingly rare).

We also generated an updated dataset containing the modelled species’ obser-
vation locations to capture the most recent observations following the same steps 
outlined in the species data section above. Using these data, we counted the num-
ber of occurrence locations within each management area boundary and measured 
the distance from boundaries to the nearest location when no observations fell 
within the management area.

We merged the habitat suitability summary information with the count and dis-
tance information to provide information for watch list development. Early detec-
tion at a local level can be informed by watch lists of doorstep invaders, which we 
define as species with habitat suitability in the focal area, with no known records 
within the area and with records within either a 50- or 100-mile (75–150 km) 
buffer of the area (Jarnevich et al. 2023a). As early detection may be most effective 
in preventing establishment following secondary spread into a new region, we have 
added a new set of larger areas. We included summaries for ecoregions, water-
sheds and state boundaries that, when combined with other management areas, 
can identify species with suitable habitat within a management area which are not 
yet found within the larger region.

Results

Managers requested models of 286 species. Of these 286 species, 254 species had 
at least 143 observations for a spatial test/train data split and five had at least 100 
filtered observations for a model to be fitted with no test split. Twenty-seven spe-
cies had < 100 filtered occurrences and, therefore, did not have models fit. Addi-
tionally, 217 species had at least 50 abundance observations (≥ 5% cover) and 189 
had at least 50 high abundance observations (≥ 25% cover).

Overall, models performed well with most CBI values, based on the withheld 
test data, > 0.75 for both individual algorithms and ensemble models for all three 
model groups (Fig. 2). There were 16 species that had at least one algorithm ex-
cluded from the ensemble due to poor occurrence model performance (typically 
CBI < 0.5). This number was 25 for abundance models and 18 for high abundance 
models. This resulted in 4933 maps produced to develop the 665 continuous en-
semble prediction maps and 259 categorical maps for each of the three thresholds. 
Based on an evaluation rubric for species distribution models, the models were 
categorised as acceptable or ideal (Suppl. material 1 table S5; Sofaer et al. 2019).

The continuous maps display relative habitat suitability at a ~ 100 m2 resolution for 
the contiguous USA. There is a relative suitability map for each model group, includ-
ing occurrence, abundance and high abundance (see examples in Fig. 3). While the 
example in Fig. 3 includes masking of areas of environmental extrapolation, both the 
available data and the webtool also include map versions without masking. Habitat 
suitability patterns differed between species. For example, Ulex europaeus (common 
gorse) had suitability concentrated in the southeast and northwest coast of the USA 
(Fig. 3a–c), while Tamarix chinensis/ramosissima (combination of two species of tama-
risk that are difficult to distinguish and hybridise) had suitability concentrated in the 
west (Fig. 3d–f). Tamarix chinensis/ramosissima also had a large, pronounced difference 
in suitability for occurrence versus abundance or high abundance in the eastern USA.
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The integrated maps illustrated the differences in the thresholds used to generate 
them and showed differences in patterns between species (Fig. 4). By definition, 
the 1st percentile maps (Fig. 4a–d) contained a larger area of suitable habitat for 
each group than the 10th percentile maps (Fig. 4c, f ). For our example species, 
Ulex europaeus showed a marked decrease in occurrence suitability and even the 
most targeted threshold contained visually discernible amounts in all categories of 
suitability (Fig. 3a–c). However, T. chinensis/ramosissima had much less occurrence 
suitability across all three maps, with areas of suitability for high abundance cover-
ing the largest area, indicating that, in most areas where the species could establish, 
it could also become abundant (Fig. 4d–f ).

From the tabular summaries, across all species and management areas with suit-
ability, the mean percentage suitable area ranged from 20% to 46% for occurrence, 
11% to 26% for abundance and 7% to 19% for high abundance. See manage-
ment summary tables in Jarnevich et al. (2024). The lower numbers correspond 
to data from the most restrictive threshold (“first”; derived from maps such as 
Fig. 3a, d) and the higher numbers correspond to the most inclusive threshold 
(“tenth”; derived from maps such as Fig. 3c, f ). Of the model summaries, for 
10216 management areas, 41 lacked predictions for at least one species due to a 
lack of information for at least one predictor.

Figure 2. Histograms of the continuous Boyce Index (CBI) for all fit models across algorithms and species calculated for the a training 
data b withheld test data and for the continuous ensemble models for the c training data and d withheld test data.
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Discussion

We created updated models of habitat suitability for occurrence for 220 species, new 
occurrence models for 39 species and models of abundance habitat suitability for 217 
species (Suppl. material 1: table S3, Fig. 1). These models are currently fitted using 
binary classification of abundance and demonstrate the potential for invasive species to 
reach high abundance and, hence, become problematic in new areas. As higher quality 
continuous abundance data become available across larger spatial extents, future mod-
els may be created showing continuous predictions for invasive plant abundance (e.g. 
Sofaer et al. 2022). Information regarding critical cover thresholds relating to impacts is 
often not available for individual invasive plant species, thus, more research in this area 
would improve abundance threshold selection and better inform managers about the 
ecological threats invasive plants pose at different levels of abundance.

Model applications for management and decision-making relevant to invasive plants 
are diverse. Regional early detection and rapid response applications allow for newly-in-
troduced or actively expanding invasive plant species to be monitored prior to estab-
lishment in a management area. Similarly, an “invaders at the doorstep” approach uses 

Figure 3. Continuous ensemble map for each of three model groups representing low to high habitat suitability for Ulex europaeus (a–c) 
and Tamarix chinensis/ramosissima (d–f) including a, d occurrence b, e abundance (≥ 5% cover) and c, f high abundance (≥ 25% cover). 
Black indicates areas with novel environmental conditions (values for at least one model predictor outside the range of values captured by 
the training data for model fitting).
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models to develop watch lists that could provide information for early detection efforts 
for species found nearby, but not yet within a management area. Abundance models 
can be similarly used for management applications, but can be applied to further refine 
surveys or control efforts to prioritise those species that may be more impactful in an 
area. When used in conjunction with spatial data on vegetation and wildlife resources, 
managers may better identify intersections between areas that support greater invasive 
plant abundance and areas with particularly vulnerable native communities. Managers 
may choose to prioritise actions based on model outputs and landscape features, such 
as when an area that is predicted to support higher abundance of an invasive plant is 
positioned next to a road or waterway that may further spread propagules.
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