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ABSTRACT

IMPROVING THE DEVELOPMENT, EVALUATION, AND INTERPRETATION

OF SPECIES DISTRIBUTION MODELS

Species distribution models (SDMs) encompass a variety of statistical approaches to model
the potential geographic distributions of species based on functional relationships between the
values of spatial environmental covariates at a set of focal observations (Elith & Leathwick, 2009;
Guisan & Zimmermann, 2000). Under the assumption that a species has had sufficient time to
reach equilibrium with its environment, SDMs represent an expression of a species’ fundamental
environmental niche as formulated by Hutchinson (1957). However, that assumption rarely holds,
and thus the distributions characterized by SDMs only represent a partial expression of a species'
realized niche. Fully capturing the realized niche means also understanding and incorporating the
barriers to dispersal that species face (Barve et al., 2011; Soberén & Peterson, 2005).
Implementing movement into SDM workflow has continued to be a difficult task. As a result,
models are unconstrained and predict to every available location. For SDMs of invasive species,
unconstrained predictions can lead to unrealistic estimates of the amount of suitable habitat due to
overestimation (can an organism arrive at the location?) or underestimation (is the species still
undergoing range expansion and/or niche infilling?) (Atwater & Barney, 2021; Guisan et al.,
2014).

Given the current impacts of invasive species to biodiversity, economic activity, human
health, and ecosystem services (Simberloff et al., 2013) and the potential for these impacts to

worsen under future climate conditions (Bertelsmeier et al., 2013; Finch et al., 2021), there is
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urgency to understand the processes driving invasions while producing ecological research that
can also complement and enhance ongoing prevention, mitigation, and eradication efforts. Mapped
predictions of potential establishment of invasive species from SDMs offer land managers
information that can be used for spatially prioritization and to allocate limited resources within
affected or at-risk landscapes (Reaser et al., 2020). To ensure the efficacy and applicability of
SDMs as predictive tools across geographies and taxa, ongoing improvements are needed to
advance to the capabilities and methodology of SDMs.

The research presented in this dissertation describes how advances in the development,
evaluation, and interpretation of SDMs have the potential to improve both ecological
understanding and management outcomes. Specifically, the following chapters address three
current challenges in species distribution modeling: integrating dispersal constraints,
independently validating performance, and understanding the drivers of model predictions. These
avenues of investigation demonstrate how SDMs can be enhanced both as tools to explain or
identify the potential processes underlying the spatial patterns of distributions or as resources to

applied research where predictions serve practical land management and decision-making needs.

Overview

Chapter one addresses the limitations of unconstrained SDM predictions by augmenting
mapped outputs with spatial representations of where species could realistically move within the
landscape. By combining current and future habitat suitability with invasion pathway-level
dispersal information for over 100 freshwater invaders, this research represents a more realistic

and pragmatic depiction of spatial invasion risk. The chapter is also a novel, large-scale application
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that provides a template for future regional invasion risk assessments focused on supporting
management activities like early detection and rapid response.

The utility of SDMs for invasive species management is underpinned by the confidence
that they are built with the strongest and most relevant measures of model performance. In chapter
two, I focus on enhancing existing spatial sampling techniques to address the challenge of model
evaluation. Due to bias in species occurrence data from non-random aggregations of observations,
traditional random data-splitting can produce misleading and erroneously optimistic performance
metrics. Using the inherent gridded geometry of the hashtag (#) shape, I introduce a novel
implementation of spatial blocking that provides a robust and ecologically informed methodology
that can evaluate spatial ecological models like SDMs for spatial transferability, a key
consideration when predicting suitable habitat for invasive species that continue to spread.

Even a carefully constructed SDM can be subject to the "black box" problem (Molnar et
al., 2020) wherein the behavior and decision making behind model predictions becomes more
opaque as methods increase in complexity. In chapter three, I explore the ability of Shapley
Additive exPlanations to improve model interpretation and look beyond the predicted values alone.
I use a focal SDM to better understand how and why a model generates individual predictions,
given the spatial environmental covariates present in the model and the biological context of a
focal species on the landscape.

By presenting methodological improvements related to the broad-scale integration of invasion
pathways, rigorous spatial testing, and out-of-sample importance of model drivers, this work
argues that species distribution modeling can move forward as both a tool of explanation and
prediction while balancing predictive capacity, spatial transferability, and utility for applied

ecological research.
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CHAPTER 1— COMBINING HABITAT
SUITABILITY AND SPATIAL SECONDARY PATHWAYS TO
ASSESS FRESHWATER INVASION RISK IN THE NORTHEAST UNITED STATES

1 Abstract

A comprehensive understanding of the potential spread and establishment of freshwater
species is essential to informing early detection and rapid response management strategies for
lentic and lotic systems. The effective implementation of early detection strategies hinges on
optimizing the use of limited resources and prioritizing prevention in high-risk areas. Key inputs
for early detection efforts can be derived from spatial information on pathways (how a species
could arrive at a location) and habitat suitability (the potential of a species to establish at a
location). But pathways or suitability in isolation only provide part of the story of invasion risk
and are often limited to small geographic areas, narrow taxonomic scopes, or overly simplified
niche estimation. Moreover, climate change, evolving land wuse patterns, and
altered streamflows further complicate the prediction of future invasion dynamics. To address
these challenges, we introduce a novel approach that combines current and future habitat suitability
from species distribution models with pathways information to generate invasion risk scores for
103 freshwater aquatic invasive species (fishes, plants, and macroinvertebrates). Our approach
produces comprehensive, regionally mapped coverage of invasion risk in freshwater
systems. Using the Northeast United States as a study area, we summarize geographic trends of
risk for more than 8,700 subwatersheds to inform management activities. Our results can be used
to help identify geographic hotspots of invasion risk, generate ranked risk watchlists by species,
and predict change under future environmental conditions to help anticipate and prevent

freshwater species establishment.



2 Introduction

Freshwater aquatic invasive species cause broad ecological and economic impacts and incur
annual costs of hundreds of billions of dollars globally (Cuthbert et al., 2021). As a result, there is
an ongoing need to perform systematic, large-scale, and spatially explicit assessments of
freshwater invasion risk. Ideally, these assessments include ecologically plausible predictions of
establishment potential with the taxonomic breadth necessary to generate meaningful data for
prevention or early detection and rapid response management activities (e.g., species watchlists).
But currently available assessment methods typically require tradeoffs between geographic scope,
environmental granularity, and computational efficiency. For example, high-resolution, species-
specific predictions require additional modeling expertise and can be more data intensive as spatial
grain increases, reducing the overall number of target species or size of assessed area (e.g., Roberts
et al.,, 2024). Simplified spatial methods like climate matching are computationally efficient,
facilitating wider taxonomic and geographic coverage (Daniel et al., 2025; Howeth et al., 2025;
Kingsbury et al., 2025; Sanders et al., 2023) but are often spatially coarse (less detailed in smaller
geographic contexts) and lack more complete habitat information, including edaphic or
hydrological characteristics. Regardless of method, a primary goal of spatially explicit risk
assessments is to estimate an ecologically plausible distributions that capture the biotic, abiotic,
and movement factors relevant to ecological niches and establishment potential of focal species.
Assessments meeting this goal have products that are usable by the resource managers charged
with addressing the establishment and impact of freshwater invasive species.

To assess the risk of invasive species establishment in support of prevention and early
detection strategies, a common approach is to use correlative species distribution models (SDMs)
(Reaser et al., 2020), which quantify species-environment relationships to predict habitat

suitability, an estimate of establishment and survival potential for a species at a given location



(Elith & Leathwick, 2009; Guisan & Thuiller, 2005). But even thoughtfully developed, species-
specific SDMs (or simpler distribution methods like climate matching) can overestimate
establishment potential because they do not inherently limit predictions to locations that a species
can access through intentional or unintentional transport. As a result, SDMs alone may not be
refined enough to support the kind of targeted invasive species management needed for early
detection efforts and other invasive species management activities. However, by integrating
potential species movement with mapped predictions of suitability, modelers may be able to create
more realistic representations of where the accessibility of suitable habitat is influenced by the
physical barriers to species dispersal (Barve et al., 2011; Soberon & Peterson, 2005).

One way to characterize movement potential for invasive species is through the use of
information on secondary pathways, or the modes of movement (natural or human mediated e.g.,
hitchhiking on watercraft) for a species within a biogeographic boundary after introduction (Hulme
et al., 2008; Pergl et al., 2020). Previous large-scale risk assessments used secondary pathways as
scoring components (Daniel et al., 2025; Howeth et al., 2025; Lieurance et al., 2023) but in non-
spatial contexts. While a limited number of pathways are inherently spatial (e.g., dispersal kernels;
Cook et al., 2019), there is a lack of readily available, continuously mapped geospatial data for
secondary pathways. Augmenting mapped suitability with a robust set of spatially explicit
secondary pathways could lead to more realistic predictions of where species both arrive and
establish, constraining SDM outputs to the information most relevant to freshwater invasive
species management. However, the coupling of SDM predictions with pathways data remains
uncommon and underexplored in large scale, spatially explicit invasion risk assessments of

freshwater species.



In this study, we present a novel, spatially explicit framework for assessing freshwater
invasion risk in the Northeast United States. (1) Our approach begins by developing habitat-
specific SDMs to estimate current suitability for 103 invasive species, including plants,
macroinvertebrates, and fishes, in freshwater systems (e.g., lakes, rivers, streams). (2) We then
apply the SDMs under plausible future environmental scenarios to identify areas where invasion
risk may shift over time. (3) To improve ecological realism, we develop new, spatially explicit
representations of secondary pathways, capturing both natural and human-mediated dispersal
routes, and (4) we combine suitability and pathways components into composite risk scores that
reflect both establishment potential and movement constraints. (5) We demonstrate how to
synthesize the data into management-ready products, including maps and prioritization watchlists
that support freshwater invasive species prevention and early detection strategies in local and
regional contexts. (6) Finally, we highlight the scalability and transferability of our approach,

outlining opportunities for refinement and application to other geographies or taxa.

3 Methods

3.1 Focal area and species

Hundreds of freshwater fishes, macroinvertebrates, and plants are considered invasive
within the lower 48 US states (Simpson et al., 2022) and many are expected to expand their ranges
northward in response to changing environmental conditions (Evans et al., 2024). However, not
all invasive species are anticipated to expand their ranges into or within the Northeast United
States under current and future environmental conditions. To ensure the relevance and utility of
our modeling and invasion risk assessment efforts to resource managers in the geographic purview

of the U.S. Geological Survey’s Northeast Climate Adaptation Science Center network (Fig. 1),



we engaged directly with local, state, and federal resource managers and other regional
stakeholders. In a series of webinars, we asked participants to identify freshwater invasive species
of greatest concern, both currently and wunder projected future environmental
conditions. Suggestions included species native to portions of the region and non-native species
from outside of North America and already present in the U.S. But all solicited species for this
study have known impacts in freshwater systems in the conterminous U.S. and are generally
not considered widely established across the Northeast United States. Our resulting list

included an initial 154 species (40 fishes, 18 macroinvertebrates, and 96 plants).

3.2 Occurrence data

We obtained publicly available georeferenced observations in the conterminous United
States of our focal plant, macroinvertebrate, and fish species from online biodiversity aggregators
and agency databases (Appendix 1). We retained records from 1980-2024, designated as
“observation” or “specimen only” collection types (GBIF only) and with low (<30 m) or unknown
coordinate uncertainties. We removed potentially erroneous records
with CoordinateCleaner (Zizka et al., 2019) in R (R Core Team, 2025), including records located
near capitals, state/national centroids, biodiversity institutions (e.g., research centers, universities,
herbaria, museums, zoos, and botanical gardens), or records with impossible or improbable
coordinate combinations. To avoid pseudoreplication, we spatially thinned occurrence records to
a single record per lentic polygon or rasterized lotic polyline (e.g., stream reach; see below for
further discussion on modeled habitat types). We did not model species with fewer than 50 thinned

records (Jarnevich et al., 2026).



33 Species distribution modeling

For each species, we adapted a presence-background SDM methodology for terrestrial
habitats from Jarnevich et al. (2024) to create separate models for lentic and lotic habitats based
on the spatially and categorically delineated data types found in the National Hydrography Dataset
(NHD; United States Geological Survey, 2025). For a detailed list of NHD codes used, see Table
S1 of Henderson et al (2026a). Separate models allowed us to address the unique features of each
habitat type by including distinct structural characteristics (e.g., flow; sedimentation) and known
species-habitat associations. We applied models of current suitability within each habitat type to
future conditions (see 3.3.2 Model building). We built and tuned all models using the Software for
Assisted Habitat Modeling (Jarnevich et al., 2026; Morisette et al., 2013) and performed all other

data preparation, evaluation, and analyses in R (R Core Team, 2025).

3.3.1 Background data

To generate background data, we used a ‘target guild’ approach (Phillips et al., 2009) to
account for spatial sampling biases found in observation datasets. We identified all non-native
freshwater fish, macroinvertebrate, and plant species found in the United States based on their
status in the Nonindigenous Aquatic Species database (U.S. Geological Survey, 2024;
nas.er.usgs.gov) and compiled occurrence records (1980-present) for those species by taxa group.
We filtered background data with the same methods as our occurrence data (one point per lake or
stream reach). For each species, we randomly selected up to 10,000 records from our filtered
background data (by taxa group) that fell within polygons representing a 99% isopleth of a kernel

density estimate (KDE) built from the focal species’ occurrence records (Jarnevich et al., 2024).
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Figure 1. Area of interest in the conterminous Northeast United States. The included states (blue)
are Connecticut, Delaware, Kentucky, Maine, Maryland, New Hampshire, New Jersey, New Y ork,
Pennsylvania, Rhode Island, Vermont, Virginia, and West Virginia.

3.3.2 Model building
For each species and habitat type (freshwater lentic or lotic system), we divided presence
and background data into training (70%) and testing (30%) partitions using non-random spatial

splits (hashtag shape; Chapter 2). Within training data, we used additional spatial splits (blocks)



to create internal k-fold cross-validation (CV) splits (max k: 9). We used the remaining withheld
test data to evaluate model performance (see below). We did not create a test partition if spatial
splitting reduced the number of training data records below 150 or when spatial CV was
inappropriate (e.g., highly clustered points). In these instances, we replaced the spatial CV split
with a randomized 10-fold CV split.

To create species-specific models, we considered a suite of current and future spatial
environmental predictors with continuous coverage of freshwater habitat across the conterminous
United States including temperature, atmospheric water, land-use, soil properties, topographic
characteristics, and hydrologic flow (Henderson et al., 2026a; 2026b). When pairwise correlation
coefficients >= |0.7| between predictors (Dormann et al., 2013), we selected the predictor most
biologically relevant for the target species based on expert knowledge of its life history and ideally
maintained a ratio of at least 10:1 observations to predictors (Hosmer & Lemeshow, 2000). When
applying models to future conditions, we held the selected predictor list constant apart from climate
(single emissions scenario, five global circulation models [GCMs]), land use (single land cover
stability scenario) and hydrologic flow (one future scenario). For climate, we used the five GCMs
to explore the variation in model prediction for shared socioeconomic pathway 370, which
represents a near-term, moderate emissions scenario ending in 2040 (Karger et al., 2020).

For each species and habitat type, we attempted to fit five algorithms: boosted regression
trees (Elith et al., 2008), generalized linear models (McCullagh & Nelder, 2019), multivariate
adaptive regression splines (Elith & Leathwick, 2007), Maxent (Phillips et al., 2017), and random
forests (Breiman, 2001). We investigated potential overfitting for any model with a difference >
0.1 between training and mean CV performance (measured by the area under the receiver-operator

curve) or where visual assessment of predictor response curves appeared overly complex. We



tuned hyperparameters as needed to reduce overfitting in these cases. We evaluated individual
model performance using the continuous Boyce index (CBI; Hirzel et al., 2006) on training and
available testing sets, revisiting any models with CBI scores <= 0.50 to determine if they should
be dropped from consideration or refit based on expert species knowledge and ecological
plausibility.

We used the final, retained models to generate mapped predictions of habitat suitability for
current and future conditions across lentic and lotic habitats in the Northeast U.S. at ~100 m spatial
resolution using the U.S. Geological Survey’s high-performance computing resources (Falgout et
al., 2023). From the individual model maps, we created weighted mean ensembles for each species
by habitat type and within each GCM (n = 5) using model CBI scores as weights. We then
calculated CBI scores for each ensemble output and again revisited the component models for any
ensemble with CBI < 0.50 as above. To better understand the variability of predictions of changing
climate, hydrology, and land cover, we also calculated per pixel minimum and maximum values
across all individual future suitability model predictions (max n = 25). Finally, to identify areas of
potential model extrapolation, we generated a multivariate environmental similarity surface
(MESS; Elith et al., 2010) for each species based on the environmental ranges found in model

training data. See Jarnevich et al (2026) for a full list of tuning values and evaluation metrics.

34 Invasion pathways

We selected five potential biotic and abiotic pathways of secondary spread to capture
potential freshwater invasive species movement (Table 1). We calculated pathways scores
by subwatershed (HUC12) with the exception of “Anthropogenic connectivity” which counts the
number of human-built water movement corridors that cross hydrological subregions (HUC4)

resulting in a single value for all nested subwatersheds (HUC12). Each pathway layer is a spatial



proxy of potential movement with normalized values ranging from 0 to 1. For each species, we
summed individual layer scores for only the pathways determined to be relevant for each
individual species (selected via expert opinion; Appendix 1) and then renormalized this combined

value (range: 0 - 1) to create a single, comprehensive pathways score for each focal species.

Table 1. List of secondary pathway spatial layers, their associated data sources, and brief
descriptions of what they represent. See production R scripts in Jarnevich et al (2026) for more
detailed code used to produce each layer.

Name IData Sources |Descripti0n
National Waterbody Distance to nearest occupied subwatershed (HUC12)
Downstream Dataset (NHD; U.S. based on downstream flow. Intended to capture
Connectivity Geological Survey, proximity to potential downstream spread through
2025) natural waterways.

Ratio of the number of boat ramps to total
freshwater area (waterbodies & streams) by
subwatershed (HUC12). Intended to represent
potential hitchhiking opportunities on boats, trailers,
or other equipment used in or near freshwater

Boat Ramp

Density Benson et al. (2023)

systems.
Ratio of permanent water body area (lakes &
Permanent Water Henderson et al. wetlands) to total subwatershed (HUC12) area.
(2026a; 2026b) Intended to capture the potential for transport via

hitchhiking on or in waterfowl.

Mean of human transport risk index by
subwatershed (HUC12). Intended to capture
anthropogenic sources of potential release from
captivity, water gardens, aquaculture, or live bait.
Count of human-built water infrastructure (e.g.,
Anthropogenic  [National Hydrography |canals, waterpipes) connections that cross HUC4
Connectivity Dataset boundaries. Intended to capture potential spread via
artificial connections.

Human Transport

Risk Prevéy et al. (2025)

3.5 Composite risk score outputs & summaries

To create our final spatial representations of invasion risk scores, we first calculated the

mean current and future habitat suitability scores by subwatershed and normalized each to a 0-1
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scale. For future suitability, this score represented the mean of the five GCM ensembles. We
produced our final invasion risk scores by summing the three normalized values (current suitability
+ future suitability + composite pathways) to provide equal weighting from each of the
components. The resulting scores range from 0-3 with zero indicating the lowest potential risk and
three indicating the highest potential risk.

To demonstrate one way to summarize species and taxa-level trends, we calculated
watchlists of the 10 highest risk scores by species for each U.S. state in the focal study area. We
chose to down weight composite risk scores where subwatersheds A) had few predictions due to
limited spatial covariate coverage or environmental masking; B) had a high degree of uncertainty
as measured by variability (standard deviation) across future predictions. Down weighting these
conditions helped address areas of minimal freshwater coverage and areas of high variability
among future predictions to create more ecologically realistic watchlists. We recomputed the down
weighted composite scores and summarized them by state. See Appendix 1 for an expanded

description of the down weighting methodology.

4 Results

4.1 SDMs — future suitability predictions

Of'the initial 154 identified species, 104 had sufficient occurrence data to build either lentic
models (n=3), lotic models (n=18), or both (n=83). We dropped models with low performance,
resulting in at least one well-performing algorithm for 103
species (fishes: 34; macroinvertebrates: 15;  plants: 54; Jarnevichet al., 2026).  Model
performance varied by habitat type and taxa (Appendix 1). Across all taxa, lentic models had

greater variation in model performance than lotic models (p < 0.001 for fishes and plants) but were
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not significantly different across taxa groups (Appendix 1). The minimum and maximum of future
suitability (from a potential maximum of 25 models per species) varied across the study region
(Fig. 2). The difference between predictions of current and mean future habitat suitability varied
in geographic space by taxa group and species. For fishes, we observed increases in suitability
across the study region with notable increases in the coastal states of Maryland and Delaware. For
plants, we observed increases in suitability across most of the
study region without notable concentrated regions of increase or decrease.
For macroinvertebrates, we observed more areas of decreased suitability and more isolated areas

of increased suitability (Fig. 3).

4.2 Maps of invasion pathways

We created spatial representations of five secondary invasion pathways (Table 1; Fig.
4). The overall number and geographic spread of occurrence records determined the results
for our only species-specific pathway (“Downstream Connectivity”’; Fig. 4-B). For boat ramp
density (Fig. 4-C), we removed coastal watercraft access areas to limit the pathway to areas with
adjacent freshwater habitat. The boundaries of subregion (HUC4) units are visible in some of
the overall secondary pathways scores, reflecting the high number of landscape modifications

(e.g., artificial waterways) typical of large human population centers.
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Figure 2. A display of the range of potential future habitat suitability for an example species (brown
trout; Salmo trutta). Plots A and B show raster data summarized by subwatershed for the lowest
(A) and highest (B) potential future suitability predictions across all applications of individual
models to future environmental conditions (n = 25) across the focal study area of the Northeast
United States. Plots C and D show the rasters at the pixel level for an inset area from A and B,
highlighting the level of detail available in a local context (here, the Finger Lakes region of New
York, USA).
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Figure 3. Differences between current and future relative habitat suitability across all study taxa
and by taxa group (A - fishes, B - macroinvertebrates, C - plants) summarized by mean value
within subwatersheds across the Northeast United States. The original suitability values each range
from 0-100 meaning that differenced values can range from -100 to 100. Positive values (red)
indicate increased suitability under future environmental scenarios whereas negative values (blue)
indicate decreased suitability.
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Figure 4. Secondary pathways score components by subwatershed across the study area in the
Northeast United States for Japanese knotweed (Fallopia japonica). Note that “Anthropogenic
Connectivity” (F) is calculated by first counting the number of artificial waterway connections
between subregions (HUC4) and then applying a uniform value to all contained subwatersheds
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4.3 Composite risk scores

Composite risk scores reflected the geographic trends observed in suitability and pathways
scores, with higher scores nearer to large urban population centers or transport corridors (Figs. 5-
6). Our method for generating watchlists by state highlighted 38 unique species across all top 10
lists (Fig. 7). The watchlists are dominated by plant species (66%; 25 of 38), which are
overrepresented relative to the percentage of plant species modeled (52%; 54 of 103). Fishes are
underrepresented in the top 10 lists (13%; 5 of 38) relative to the modeled species (33%; 34 of
103), while macroinvertebrates are slightly overrepresented in the watchlists (21%; 8 of 38)

relative to the modeled proportion (15%; 15 of 103).

5 Discussion

We present a novel, spatially explicit approach for generating risk assessments of
freshwater invasive species by augmenting current and future habitat suitability predictions
with maps of potential species movement representing secondary pathways of invasion. This work
builds upon previous invasion risk assessment methods in overcoming tradeoffs between
taxonomic breadth, geographic coverage, and computational effort by leveraging a wide array of
data resources and modeling expertise alongside end user driven species prioritization. The
resulting products include mapped assessments of 103 freshwater invasive species across multiple
taxa (fishes, macroinvertebrates, plants) that can support local and regional management
(including early detection efforts) across the Northeast United States. Shifts in habitat suitability
are influenced by changing climate, land use, and hydrology coupled with secondary pathways
that allow physical connections or transport potential between invaded and previously uninvaded

(but now suitable) habitat. Our approach attempts to capture these spatial factors
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to generate assessments

of invasion risk that can help managers of freshwater

better anticipate invasions and efficiently leverage limited resources.
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Figure 5. Example composite risk score (A) and components (secondary pathways - B, current
habitat suitability - C, future habitat suitability - D) summarized (mean) within subwatersheds
across the Northeast United States for European frogbit (Hydrocharis morsus-ranae). The scale
for A ranges from 0-3, representing the cumulative sum of the components by subwatershed
(HUC12). The scale for B-D ranges from 0-1, representing normalized scores.
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Figure 6. Composite risk scores across all study taxa and by taxa group. Values are summarized
as the mean of composite risk (min: 0, max: 3) within subwatersheds across the Northeast United
States.

18



Overall

1. @ Corbicula fluminea
2. Persicaria hydropiper
3 Myosotis scorploides
4. & Salmo trutta
5. @ Faxonius virilis
6. Lythrum salicana
7. Nasturtium officinale
8. d¢ Ambloplites rupestris
9. Fallopia japonica
10. ¥ Inis pseudacorus
Maine
1. 4 Cipangopaludina chinensis
2. v Myriophyllum heterophyllum
3. Didymosphenia geminala &
4. Lylhrum salicana
5. 4 Faxonius rusticus &
6. d¢ Salmo trutta
7. @& Faxonius virilis
8. Potamogeton crispus &
9. Phalaris arundinacea
10. Fallopia japonica

New Jersey

1.0¢ Nymphoides peltata &

2. & Corbicula fluminea

3. Cabomba caroliniana

4. v* Persicaria hydropiper

5.¢¢ Iris pseudacorus

6. % Myriophyllum aquaticum

7. &« Hypophthalmichthys molitrix &
8. Utricularia inflata

9. # Cipangopaludina chinensis
10. ¢ Hydrocotyle ranunculoides

Vermont

1. d¢ Salmo trutta

2. v Fallopia japonica

3 Lythrum salicaria

4 Myosotis scorpioides

5. # Faxonius rusticus

6. # Cipangopaludina chinensis
7. @ Faxonius virilis

8.1 Potamogeton crispus

9 v Phalaris arundinacea

10. & Didvmosphenia aeminata &

Connecticut

1. Cabomba caroliniana

2.4 Myriophyllum helerophyllum
3.4 Cipangopaludina chinensis
4.y Trapa natans

5. Ulricularia inflata

6. @ Faxonius virilis

7. # Corbicula fluminea

8.1 Lythrum salicaria

9.1 Fallopia japcnica

10. % Nymphoides peitata &

Maryland

x

Corbicula fluminea
Hydrocotyle ranunculoldes
Nymphoides peltata &
Myriophyllum aquaticum
Hydrilla verticillata peregrina
Procambarus clarkii
Carassius auratus

“ Ludwigia peploides

i Egeria densa &

Najas minor

OP NN A LN
LR

-
o

New York

1. & Salmo trutta

2. Lythrum salicaria

3.1¢ Myosolis scorpioides

4.4 Faxonius rusticus

5. Potamogeton crispus

6. @ Faxonius virilis &

7.4 Persicaria hydropiper

8. # Cipangopaludina chinensis
9.“ Mentha aquatica

10. 4 Ins pseudacorus

Virginia

1.4 Corbicula fluminea

2 Myriophyllum aquaticum

3. Murdannia keisak

4. Hydrilla verticillata peregrina
5. Egeria densa

6. Hydrilla verticillata

7.4 Ludwigia peploides

8. d¢ Ameiurus natalis

9. & Lepomis gulosus

10. &k Ambloolites rupestris

Delaware

1. Corbicula fluminea

2. Hydrocotyle ranunculoides

3. Myriophyllum aquaticum

4. & Channa argus

5.8 Procambarus clarkii &

6. ¢ Hypophthalmichthys molitrix &
7. Cabomba caroliniana &

8. Hydrilla verticillata peregrina
9.1 Phragmites australis auslralis
10. & Carassius auratus

Massachusetts

Cabomba caroliniana
Lythrum salicaria

@& Cipangopaludina chinensis
Fallopia japonica
Myriophylium heterophylium
# Faxonius virilis

Utricularia inflata

< Iris pseudacorus

A Myosotis scorpioides

10. @ Corbicula fluminea

“'F"’.“P’f".“?"!"r‘

Pennsylvania

1.4 Myosotis scorpioides
2. é« Salmo trutta

3 Mentha aquatica

4. Persicaria hydropiper
5. Nasturtium officinale
6. @ Corbicula fluminea

7 Iris pseudacorus

8 Lythrum salicaria

9. Nymphoides peltata
10. &« Ambloplites rupestris

West Virginia

1. Fallopia japonica

2.4 Corbicula fluminea

3 Myosotis scorpioides

4. &« Ambloplites rupestris

5.1 Persicaria hydropiper

6. Mentha aquatica &

7. Nasturtium officinale

8. lIris pseudacorus

9. & Salmo trutta

10. ¢ Didvmosohenia aeminata &

Kentucky

# Corbicula fluminea
Myriophyllum aquaticum
Najas minor
Nasturtium officinale

Nelumbo lutea
Egeria densa &
Hydrilla verticillata peregrina
Persicaria hydropiper &
10. & Lepomis gulosus

1.
2
3
4
5. Ludwigia peploides &
5.
7
8
9.

New Hampshire

1. Fallopia japonica

2. & Salmo trutta

3. ¢ Myriophyllum heterophylium
4.4 Cipangopaludina chinensis

5. Lythrum salicaria

6. @ Faxonius virilis

7.4 Didymosphenia geminata &
8. & Faxonius rusticus &

9. Myosotis scorpioides

10. = Potamogeton crispus

Rhode Island

1. Cabomba caroliniana

2. Utricularia inflata

3 Myriophyllum heterophyllum
4. @ Cipangopaludina chinensis
5. @& Corbicula fluminea

6. @« Misgurnus anguillicaudatus &
7. Fallopia japonica &

8. # Faxonius virilis &

9. ¢ Iris pseudacorus

10. ¢ Lythrum salicaria

Legend

& Fish

# Macroinvertebrate
“ Plant

& Alert Species

Figure 7. An example ranking of species by median invasion risk within each state in the focal
study area and across the Northeast United States. Data have been filtered to down-weight
subwatersheds where predictions may be less reliable (e.g., a species with predictions in <10% of
the freshwater habitat of a watershed or with highly uncertain future suitability—see Appendix 1).
“Alert Species” are those with fewer than five publicly available observations after spatial
thinning, indicating a possible lack of establishment and potential for early detection and rapid
response. Note that species lists for this study, while informed by resource managers across
multiple jurisdictions, should not be considered comprehensive of all potential freshwater invasive
species in the Northeast United States.
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5.1 Species distribution models

We chose to model lentic and lotic habitats separately due to the differing spatial covariates
that best represent habitat characteristics unique to each system. For models of lentic habitat,
performance was lower and more variable compared to models of lotic habitat (significantly so
for fishes and plants; Appendix 1). The difference in model performance between habitat types
may be explained by a combination of data types and thinning methods. To define lentic habitat,
we used polygon features from NHD. This meant that our data thinning process was conservative
in that it may have removed occurrences falling near but just outside polygon boundaries,
potentially missing observations taken further ashore (e.g., near boat ramps or in parking lots).
However, for lotic models, we rasterized polylines to the standardized spatial resolution of our
environmental predictors (~100 m) due to a lack of consistent or dynamic stream or river width
metadata in NHD. As a result, our thinning of occurrence data relative to rasterized lotic data
types likely had a higher spatial overlap with records taken near but not in streams and
rivers. Alternate thinning methods (e.g., buffered polygons) for future iterations of lentic models
may improve model performance through increased data density and refining or broadening niche

specification.

5.2 Secondary pathways

The inclusion of mapped secondary pathways is especially useful for invasion risk
assessments for three primary reasons: 1) they help refine ecological niche specification; 2) they
expand extant uses of pathways knowledge in existing assessment frameworks; 3) they help
improve the understanding of range shifting species.

While our methods do not directly include movement data as predictors in the modeling, a

rare technique in the SDM literature (Miller & Holloway, 2015; Seaborn et al., 2020), we leverage
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our mapped secondary pathways as spatial weights for predictions from SDMs. This post-hoc
combination of data types has the potential to improve the ecological realism and practical utility
of modeled predictions by narrowing the modeled expression of the realized niche to highlight
locations with greater levels of accessibility (Barve et al., 2011).

Second, a variety of invasion risk assessment frameworks specify the understanding of
pathways as a way to determine a species’ potential to disperse and spread (Canavan et al., 2025).
But existing frameworks often only consider pathways in conceptual, non-spatial contexts and
therefore exclude meaningful information about how pathways act as geographically dynamic
spatial systems (e.g., hydrological networks) that directly influence the distribution of invasive
propagules. A handful of innovative, spatially explicit approaches integrate pathways into risk
assessments of invasive species but remain limited by geography (Bossenbroek et al., 2007),
pathway type (Leung et al., 2006) or species breadth (Cook et al., 2019). We build upon these
previous works by expanding geographic and taxonomic breadth and using our five mapped
secondary pathways to help constrain predictions of establishment potential (suitability maps). Our
outputs add high-utility, geographically detailed information that complements the existing
knowledge of resource managers in the Northeast United States.

Third, spatial representations of secondary pathways are especially important when risk
assessments attempt to characterize the future risk of range shifting species. Though the
availability of highly suitable habitat is expected to increase for invasive species change under
future environmental conditions (Bradley et al., 2024), the dispersal capacity of a species will help
determine its ability to reach potential locations of high suitability (Sofaer et al., 2018). Previous
assessments of range shifting species primarily focused on terrestrial habitats and seldom integrate

pathways, leading to assessments that effectively represent unlimited dispersal scenarios (e.g.,
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Salva & Bradley, 2023). Our results represent a novel contribution that builds on previous work
on range shifts by expanding into freshwater habitats while using mapped pathways to create
realistic estimates of dispersal limitations for freshwater invasive species. We are unaware of other
studies that integrate dispersal limitations along with predictions of both current and future
suitability to assess spatially explicit invasion risk in freshwater systems at an equivalent

geographic extent.

5.3 Management implications of composite risk

Our spatially explicit invasion risk assessment approach offers a systematic, repeatable
framework that is multi-taxa and jurisdiction-agnostic, providing fine-scale resolution but
maintaining geographically broad coverage. This directly supports existing invasive species
management activities across the Northeast United States and responds to longstanding calls for
unified, science-based assessments that expand both the geographic and temporal scope for
evaluations of invasion risk (Bradley et al., 2022; U.S. Environmental Protection Agency, 2008).
Importantly, our composite risk scores can be summarized across local, state, or region-wide levels
(Fig. 7), and the results of our watchlist approach align with existing risk assessments and state
watchlists.

Despite growing interest in incorporating global change dynamics (e.g., climate-driven
range shifts) into invasive species management, resource managers still face significant knowledge
gaps in quantifying habitat suitability under future conditions (Beaury et al., 2020). Our results
help bridge this gap by providing actionable, spatially explicit resources that integrate multiple
dimensions of invasion risk: current habitat suitability, projected future suitability, and secondary
introduction pathways. These components can be examined individually or combined into a

composite score, offering flexibility for differing management goals and environmental contexts.
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Our high-resolution spatial outputs (raster maps of current and future suitability) enable managers
to quickly identify and prioritize waterbodies where invasion risk is expected to increase for
individual species or across multiple taxa (Fig. 3). This prioritization is critical for allocating
limited resources efficiently. For example, areas identified as risk hotspots within ecologically
sensitive habitats or high-use recreational destinations can be targeted for early detection activities,
including environmental DNA (eDNA) sampling, enhanced monitoring, and prevention efforts.
Furthermore, these outputs can inform strategic planning for outreach, permitting, and
infrastructure design, enabling management actions that are proactive rather than reactive (Van
Rees et al., 2022). By integrating multiple dimensions of invasion risk into a single, scalable
framework, our approach provides a foundation for adaptive invasive species management under
changing environmental conditions while supporting data-driven and forward-looking decision-
making, helping agencies anticipate emerging threats and coordinate responses across

jurisdictions.

5.4 Riskiest species

Our top ten lists (Fig. 7) highlighted invasive species that may spread into and within the
Northeast United States. Here we review several of the most commonly ranked species where their
high ecological and economic impacts coincide with their high rankings. Golden clams (Corbicula
fluminea) are a widely established non-native bivalve across much of the contiguous United States
and portions of Northeast states (Benson & Williams, 2021) in almost any perennial stream or
waterbody if the system has sufficient calcium (Rollwagen-Bollens et al., 2021). Not only is C.
fluminea the highest risk regionwide in our example watchlist, it is also number one for four states
(Delaware, Kentucky, Maryland, Virgina). Although not as impactful as Dreissena species, C.

fluminea can compete with native bivalves for food and habitat (Ferreira-Rodriguez et al., 2018),
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alter sediment and nutrient cycling (Castafieda et al., 2018), and has the potential to clog industrial
and municipal water intake pipes (Isom, 1986). The two fish species in the regionwide top ten
(Ambloplites rupestris and Salmo trutta) have been introduced to drainages for new sport fishing
opportunities (USGS 2024). Both species are known to compete with native fishes (Jenkins &
Burkhead, 1994; Taylor et al., 1984) and reduce the abundance and diversity of native prey (Houde
et al., 2017; Hughes & Herlihy, 2012). The last non-plant in the top ten, Faxonius virilis, is a
crayfish native to parts of the Midwest United States but introduced widely beyond its range
through bait bucket and aquarium releases (Kilian et al., 2012). Once established, F. virilis can
compete with native crayfish (Hale et al., 2016) and alter benthic habitats and vegetation
(Chambers et al., 1990; Hanson et al., 1990).

The plants in the regionwide top ten list (Fig. 7) represent introductions from multiple
sources: culinary (Persicaria hydropiper and Nasturtium officinale), forage (Fallopia japonica),
and ornamental uses (Myosotis scorpioides, Lythrum salicaria, and Iris pseudacorus) (Les, 2018;
Mills et al., 1993). Though these plants are ubiquitous in the Northeast United States, they have
the potential to spread along available pathways to new habitats by hitchhiking on humans and
animals, traveling downstream from established populations, or spread via nursery and grocers'
sales (Les, 2018). The plants tend to be highly competitive for resources in streams (Beerling et
al., 1994; Blokhina, 2003), produce abundant and dense seeds for long-term establishment
(Malecki et al., 1993; Thompson et al., 1987), have detrimental effects on habitats (Stoll et al.,
2012; Templer et al., 1998; Walsh & Phelps, 1991), and potentially reduce property, agricultural,
and recreational value (Child & Wade, 2000; Les, 2018). Many state resource agencies in the
Northeast United States already include the plant species we identified in their state management

plans (e.g., https://www.northeastans.org/index.php/home-page/member-states-and-provinces/).
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Thirteen species in Fig. 7 are native to the U.S. (Ambloplites rupestris, Ameiurus natalis,
Lepomis gulosus, Procambarus clarkii, Faxonius rusticus, Faxonius virilis, Myriophyllum
heterophyllum, Cabomba caroliniana, Utricularia inflata, Hydrocotyle ranunculoides, Ludwigia
peploides, Nelumbo lutea, and Didymosphenia geminata). While their native ranges include some
of the states in the study range, native establishment coupled with changing habitat conditions and
available pathways make them likely to continue spreading with potential, new populations
establishing in more northern latitudes. We labeled any species with fewer than five publicly
available occurrence records in a state yet ranked among the top ten species by median invasion
risk within that state as “alert species.” These species represent potential emergent threats and are
considered high-risk for future establishments in that state. For example, the most common “alert
species” was Didymosphenia geminata, showing up in our lists for Maine, New Hampshire,
Vermont, and West Virgina. Species may also have multiple alert statuses depending on the focal
state. For example, Faxonius virilis is an alert species for New York and Rhode Island but not for
Connecticut, Maine, Massachusetts, or New Hampshire. These examples underline the flexibility
of our approach and results to anticipate differing management responses for differing levels of

risk for a given species in a given management context.

6 Future Work

The methods presented here represent a reproducible workflow that could be adapted to new
geographies, taxa, and ecosystems beyond the freshwater systems of the Northeast United States.
To continue iterating and improving this methodology, we stress the need for ongoing partnerships
and resource sharing (e.g., advanced computing resources or taxa expertise) to generate
quantitative invasive species risk assessments that are taxonomically broad, computationally

efficient, and geographically comprehensive. For example, we made use of publicly available
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observations of species occurrences, and increasing the accessibility of data can reduce the ‘data
silo’ effect, filling spatial information gaps and leading to more robust and credible risk
assessments. We only explored a single future climate scenario (under multiple GCMs) and revised
methods could look for ways of incorporating a larger suite of potential climate projections aligned
with our other future projections (streamflow, land wuse). Finally, the inclusion
of additional information on secondary pathways (e.g., potential water connections from simulated
flood maps; Pfingsten et al., 2024) and expert elicited species-specific pathway weighting could
serve to refine the next generation of freshwater invasive species risk maps in the Northeast United

States and beyond.
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CHAPTER 2 — #MODELEVALUATION: GENERATING SPATIAL TESTING AND
CROSS-VALIDATION SPLITS FOR ECOLOGICAL MODELS USING HASHTAG
GEOMETRY

1 Abstract

Credible estimates of model performance are critical for assessing an ecological model's
utility for decision-making. Best practices from the literature on spatial ecological modeling
emphasize the importance of spatially independent data to improve confidence and credibility in
the evaluation of model performance. A growing collection of data splitting methods has the
potential to improve performance estimation for spatial ecological models built with structured
species occurrence data yet these methods rarely generate withheld test data, preventing robust,
independent assessments of models. Here, we present a novel data splitting method using hashtag
geometry (#) to simplify the implementation of statistical and ecological modeling best practices
by generating multiple spatially distinct data splits. Our method creates spatially blocked cross-
validation splits for initial model assessment, hyperparameter tuning, and model selection. The
method also generates spatially withheld test data separate from training data that is suitable for
the evaluation of final model performance. We compare the performance of this method to two
other common splitting approaches (spatially buffered leave-one-out cross validation, random
sampling) in a virtual species framework. Using cross-validation splits to tune models, we
generated more accurate predictions compared to ‘true’ probabilities of suitability for a virtual
species. Additionally, performance of the tuned models on the hashtag’s withheld test data were
representative of performance on new data beyond the geographic boundary of training and testing
splits. Under the idealized conditions of our virtual species, results based on hashtag and random

data splitting were similar, and tuning selected the same hyperparameter settings. These results
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indicate our new method can help build accurate modeling workflows, through model selection
and tuning, while retaining independent testing data through the spatial splitting best practices now

common to ecological modeling.

2 Introduction

Spatial prediction is a central objective of many ecological models, including species
distribution models (SDMs) that estimate relationships between occurrence data and
environmental attributes to predict species’ distributions in geographic space (Elith & Leathwick,
2009). SDM model outputs, including maps and zonal statistics, are used to inform conservation
and land management decision making (Sofaer et al., 2019). However, a model validated with non-
independent data can systematically overestimate the predictive performance of SDMs (Veloz,
2009) and undermine its perceived credibility.

To develop and validate models, the best practices of the statistical and machine learning
communities (Hastie et al., 2009; Kuhn & Johnson, 2019; Lever et al., 2016) advocate splitting
data into three tiers (Fig. 1). First, data are split between training and testing, with the former
containing all the data used to construct models. Within the training data, cross-validation splits
create k-fold subsets that are commonly used to refine and select models through hyperparameter
tuning and comparative assessments. The test data split remains fully withheld during the model
building and cross-validation processes, enabling an independent evaluation of the performance of
a final model. In the absence of internal data structures or biases, random or stratified splits would
often suffice at the test/train and train/cross-validation data splitting steps, but ecological data
almost always contain some form of spatial, temporal, group, or phylogenetic structure (Roberts

etal. 2017).
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Previous research has repeatedly demonstrated that random splits overestimate SDM
performance (Aratjo et al., 2005; Bahn & McGill, 2013; Matutini et al., 2021; Ploton et al., 2020;
Roberts et al., 2017; Veloz, 2009) but randomly sampled internal cross-validation splits
nevertheless remain commonplace (Hao et al., 2019). The ecological literature now provides
modelers with many alternatives to random data splitting (e.g., Frick et al., 2022; Mila et al., 2022;
Pohjankukka et al., 2017; Valavi et al., 2019). However, although the advantages of final model
performance assessments based on independent data are emphasized (Aragjo et al., 2005, 2019;
Fourcade et al., 2018), the primary focus and application of new data splitting methods continue
to be for cross-validation. The use of cross-validation as a substitute form of final model
assessment (in the absence of test data) contrasts with statistical and machine learning norms,
where cross-validation folds may provide metrics for internal model assessment but are not
considered an ideal, independent evaluation of a final model.

There is no universally applicable approach for splitting testing and training or assigning
cross-validation folds to account for all biases and structure inherent in model input data. But data
splitting approaches can be designed for spatially structured datasets and for the objective of spatial
prediction. Data splitting creates a tension between independence and extrapolation — with spatial
blocking, larger blocks can be more independent from each other, but each cross-validation fold
may not span the full range of environmental conditions (Roberts et al. 2017). Intentionally
encompassing environmental gradients in the spatial configuration of data splits can therefore
provide realistic assessments of performance within the range of both geographic and
environmental conditions. Predictions beyond the training extent or conditions are notoriously
suspect due to extrapolation and changing environmental correlations and context (Thuiller et al.,

2004; Yates et al., 2018). An open question is whether spatial tuning and spatially independent
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final validation could be tailored to improve and measure performance. We propose that spatial
blocks may be useful in tuning hyperparameter settings to optimize for performance in spatial
prediction within the extent of its training data, and we test whether this approach can also improve
performance when transferring models spatially. While using cross-validation blocks for tuning,
it is critical to retain an additional, spatially distinct test split for final model evaluation because
data used in cross-validation shape the selected model.

Here, we introduce a novel data splitting method that leverages recent advances in spatial-
block sampling design in combination with the unique geometry of the hashtag shape (#) to
generate spatially independent data partitions for cross-validation and testing. By spatially
buffering vertical and horizontal lines of the hashtag, data can be withheld for final model
evaluation, while the nine blocks created between the buffered lines are suitable for cross-
validation splits. The hashtag shape is well-suited for ecological modeling because it generates a
final test split that covers longitudinal and latitudinal gradients representative of climatic and
biogeographical patterns. We use a virtual species framework to test whether the hashtag approach
(alone or in tandem with tuning on cross-validation splits) can improve spatial prediction and
increase the realism of final model evaluation. We compare the hashtag method to random cross-
validation and spatially buffered leave-one-out approaches for a common but difficult model
application scenario: predictions made outside the study area in which models are initially trained
and tested. The hashtag geometry exemplifies how data splitting approaches can be designed for
the goal of spatial prediction, with tuning on cross-validation data to improve model performance

and withheld final test data for rigorous evaluation.
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Figure 1. A conceptual diagram illustrating a modeling workflow with training, cross-validation,
and testing data. Cross-validation data can be used to tune hyperparameters and select among
model structures and algorithms. Spatially independent cross-validation data can be used to
develop and tune models to maximize performance at spatial prediction in new areas. A final model
can then be evaluated with a separate, spatially independent test dataset.

38



3 Methods

3.1 Virtual Species

We performed all our analyses in R (R Core Team, 2025; v. 4.4.1), under a virtual species
framework (Leroy et al., 2016) using a set of three spatial environmental predictors previously
established as important across many SDMs (Williams et al., 2024): mean minimum winter
temperature (TMIN; Abatzoglou, 2013), median normalized difference moisture index (NDMI),
and a global human modification index (GHM). NDMI is a Landsat-derived, remotely sensed
index and, when analyzed with LandTrendr (a Landsat time series trend fitting algorithm; Kennedy
et al., 2018), can help describe long-term geographic patterns in landscape water persistence
(Halmy et al., 2019). GHM is a composite index reflecting 13 types of anthropogenic stressors on
terrestrial habitat (C. M. Kennedy et al., 2019). We defined responses for each predictor: a linear
function for GHM to represent linear increases due to human disturbance and Gaussian responses
for TMIN and NDMI to represent unimodal climatic tolerances. We combined the predictors using
a multiplicative function to generate a “true” continuous suitability surface across the extent of the
conterminous United States at a spatial grain of 100 m (Fig. 2-A). From the suitability surface we
drew a Bernoulli sample to probabilistically discretize the suitability values into 0 or 1, simulating

the presence and absence of a species on the landscape (Fig. 2-B).

3.2 Generating and splitting occurrence data

To generate training/testing data for model building and evaluation, we randomly sampled
the binary map (n = 1,000 total data points; presences: 295; absences: 705) within a study area
selected based on a data boundary polygon from a real-world invasive species (Vicia cracca;

Jarnevich et al., 2024). Restricting the sampling geography can emulate data collection limitations
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Figure 2. An overview of data generation and hashtag-based data splitting workflow. (A) We
simulated a virtual species to create a true continuous suitability surface (min: 0.0, max: 1.0) across
the conterminous United States. (B) From A, we created a binary surface (0, 1) using Bernoulli
sampling to simulate species presences (yellow) and absences (purple). (C) We randomly sampled
locations within a defined study area (shown with black points), for model training and internal
evaluation. To evaluate the geographic transferability of our models, we created a buffer the size
of an estimated range of spatial autocorrelation (shown in solid gray), and sampled external
evaluation data, shown in purple, from beyond that range. (D) To implement the hashtag method,
we divided a bounding box around the study area with an initial hashtag frame as a nine-part grid.
(E) We buffered the grid from D inward to create a hashtag polygon that defines the spatially
withheld test data set (outlined in red). Each cross-validation (CV) fold is shown in a different
background color. Points for final model testing are those that lie within the red outlines. (F) In an
optional step, we applied randomly assigned, spatial block cross-validation sub-splitting within
non-hashtag areas.
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or a distribution extent that does not (yet) include all suitable areas. To evaluate model
transferability beyond a region in which models are fit and evaluated, we first buffered the study
area boundary polygon by the semivariogram range (~ 402 km) of the model residuals from an
initial, exploratory downsampled random forest model (Breiman, 2001; Valavi et al., 2022). With
sufficient spatial independence between the study area and the evaluation geography, we randomly
sampled new data points (z = 10,000) for evaluation of model predictions beyond the spatial buffer
but within the contiguous United States (Fig. 2-C).

To split the model building and evaluation data into training, cross-validation, and testing
partitions, we used three distinct methods: random (RAND), spatially buffered leave-one-out
(LOO; Telford & Birks, 2009), and our new hashtag method (HASH, see below). For RAND, we
made an initial split of training (70%) and testing (30%). From the RAND training data, we
randomly assigned each data point to one of 10 cross-validation splits. For LOO, we created cross-
validation folds for each data point (k=1,000) by removing neighboring occurrences from the
submodel’s training set within a defined radius (402.5 km) based on the previously calculated
semivariogram range (Telford & Birks, 2009). For LOO, there was only cross-validation as the
method does not generate test data that are withheld from the final model.

For the third method, we introduce hashtag splitting (HASH), which spatially separates
data by inwardly buffering nine spatial blocks within a bounding polygon that defines the study
area (Fig. 2, D-F). As the buffer increases, a hashtag-shaped polygon grows in the resulting
negative space until it overlaps a user-defined test split percentage. The hashtag polygon’s
geometry allows geographically continuous test data coverage similar to other “test strip” or
“spatial strip” methods (Bahn & McGill, 2013; Jarnevich et al., 2022; Sofaer et al., 2022; Wenger

& Olden, 2012). The advantage of test strips is their ability to simultaneously capture continuous

41



environmental variation along both latitudinal (ex. temperature) and longitudinal (ex. aridity in
North America) gradients which can minimize extrapolation between training and test splits during
model evaluation. Also unique to the hashtag is the joint generation of cross-validation and test
spatial regions. Though we do not utilize disjunct distributions in our virtual species example, the
HASH method can also be applied to such scenarios, where it will create multiple, unique hashtags
and spatial blocks for each disjunct boundary polygon (Appendix 2).

No single data splitting method is universally applicable as each introduces specific
tradeoffs between a variety of factors (sample size, number of folds, spatial autocorrelation,
extrapolation, computational efficiency). For example, subdividing spatial blocks leads to smaller
individual block sizes and hence less spatial independence, but may lead to a better balance in the
number of points and more completely capture the range of environmental conditions in each split.
Block size and assignment pattern may affect the level of model extrapolation during cross-
validation. Therefore, we built two HASH iterations, each with a maximum of nine cross-
validation folds and a test data proportion covering 30% of the initial observations. The first
iteration (hereafter HASH-NOSUB) retained the original nine blocks while the second iteration
subdivided each original block into a further nine blocks, resulting in 81 total, smaller blocks
(hereafter HASH-WITHSUB). We measured sample sizes within each cross-validation split for
each approach. Lastly, for each splitting method we calculated a multivariate environmental
similarity surface values (MESS; Elith et al., 2010) to quantify the level of extrapolation between

all training and testing sets and between all training and cross-validation splits.

33 Model building and tuning
We built all models in a tidymodels workflow (Kuhn & Wickham, 2020) using the

lightGBM algorithm (Ke et al., 2017), a highly efficient tree classifier with multiple tunable

42



hyperparameters. We tuned models with win/loss racing (Kuhn, 2014) available in the finetune
library in R (Kuhn, 2024) and using cross-validation blocks as resamples to optimize five
lightGBM hyperparameters: number of leaves, number of boosting rounds, loss reduction, learning
rate, and tree depth. Other model hyperparameters were held constant (ntrees = 1,000; mtry = 2)
to reduce tuning dimensionality. We tuned model performance based on the area under the receiver
operator curve. Only the HASH and RAND approaches employed tuning with the cross-validation
data because they include a separately withheld internal dataset for final model evaluation

following tuning.

34 Model evaluation

For each method, we measured the performance of the associated model predictions
(probability of the presence class) against the values of the continuous suitability surface of the
virtual species using root mean squared error (RMSE). All models and methods had predictions to
cross-validation splits and to external test data outside the study area (see: Section 3.2 - Generating
and splitting training data). For RAND and HASH, we also calculated the performance of internal
test splits within the study area. Finally, for data beyond the study area, we also calculated RMSE
incrementally along a gradient of MESS values representing high to low extrapolation in our

spatial model transfer scenario.

4 Results

4.1 Data splitting

Training data for RAND included 700 data points (presences: 294, absences: 496) and 300

for testing (presences: 87, absences: 213) with 10 cross-validation splits (mean presences: 21;
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mean absences: 50). Training data for LOO included all 1,000 training data locations with 1,000
cross-validation splits (mean points removed in buffer: 182). Data for both HASH approaches
included 684 training data points (presences: 205, absences: 479) and 326 testing points
(presences: 85, absences: 216). For HASH-NOSUB, the mean fold sample size was 89 (mean
presences: 29; mean absences: 60) with two dropped folds due to a lack of sufficient samples (final
splits: 7). For HASH-SUB, the mean split sample size was 76 (mean presences: 23; mean absences:
53).

Environmental dissimilarity between cross-validation folds, training and internal splits, or
training and external test data were similar across data splitting methods, as measured by MESS
(Fig. 3). For cross-validation, the large block HASH-NOSUB method led to the most extrapolation
(i.e., had the lowest MESS values, including some below zero) but for all methods the vast majority
of folds were not environmentally dissimilar. Internal test data were rarely dissimilar and median
scores were slightly higher than cross-validation medians for RAND or either HASH method. All
methods had nearly identical MESS values when comparing training data to external test points;
as expected, external test data had lower MESS values than either cross-validation or internal test
data. Approximately one third of the external test points had MESS values below zero, indicating

environmental extrapolation.

4.2 Model evaluation

Tuning model hyperparameter settings using either HASH or RAND methods led to the
same selected hyperparameter values (Appendix 2). RMSE varied across splitting method and
whether tuning was performed (Fig. 4) but tuning on cross-validation data (HASH and RAND
only) substantially improved performance in both internal and external (geographically

transferred) assessments. All untuned models were similar in their performance for cross-
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validation median, internal and external test data except for LOO which had better median cross-
validation performance relative to its external test performance. Restricting performance measures
to the external test points (Appendix 2) with negative MESS values (representing model
extrapolation) we found that performance generally decreased as level of extrapolation increased,

as expected.

M HASH-NOSUB B HASH-WITHSUB B LOO B RAND

100

50

MESS

-50

cv Internal Test External Test

Figure 3. Measurements of the variation in environmental dissimilarity (MESS) between model
training data and cross-validation folds (left), internal test data (middle), and external test data
(right) for each data splitting method (HASH-NOSUB: hashtag without large spatial blocks;
HASH-WITHSUB: hashtag with smaller, subsampled blocks; LOO: buffered leave-one-out;
RAND: random). Values below zero represent environmental extrapolation.
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Figure 4. Variation in model performance as measured by root mean square error (RMSE; lower
values indicate higher model accuracy) by data splitting method within the study area (“Internal-
Test”) and cross-validation (box-and-whisker plots) and when geographically transferred outside
the study area (“External-Test”). Performance is derived by comparing the predicted values of
tuned and untuned lightGBM models to true probabilities from virtual species. (HASH-NOSUB:
hashtag without large spatial blocks; HASH-WITHSUB: hashtag with smaller, subsampled
blocks; LOO: buffered leave-one-out; RAND: random).

5 Discussion

We found that our new hashtag method of data splitting could optimize ecological models
through hyperparameter tuning similar to existing splitting methods in a machine learning model
workflow. Furthermore, the predictive performance of the tuned hashtag method models on
spatially withheld test data was a close approximation of the geographically external evaluation in
our idealized virtual species simulation. These results highlight the ability of the hashtag method

to help address two key challenges in ecological modeling: filling a methodological gap of model
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evaluation using withheld test data and improving the accuracy of models intended to be applied
beyond a study area.

Using simulated data, we calculated the performance of models built with three data splitting
approaches (LOO, random, hashtag) and compared predicted presence-class probabilities to the
known probability of occurrence from the virtual species continuous suitability surface.
Performance improved when model tuning was performed on a number of lightGBM
hyperparameters but tuning did not produce distinct settings between models. As a result, the
relative performance of tuned models, though improved, was the same between hashtag and
random data splitting approaches. Comparing performance on geographically buffered test data
allowed us to emulate a common modeling application: prediction outside a study area. Here, we
also explored performance across a gradient of environmental dissimilarity, where performance
steadily decreased as environmental conditions became more dissimilar as expected from previous
work (Thuiller et al., 2004).

Beyond the matching tuned hyperparameter settings, the similarity of the model results from
hashtag and random methods may be attributable to the idealized conditions present in simulated
data under our virtual species approach. First, in our study we created models using a random
sample of presence and absence points. However, many species distribution models lack absence
data and must use presence-only approaches and data that can reflect substantial sampling biases.
Additionally, presence-absence models suffer less from sample selection bias compared to
presence-background models (Phillips et al., 2009). The generation of our training data set was
also not designed to mimic either the systematic sampling bias (Martin et al., 2012) or spatial
structure and patterns otherwise common to species occurrence data. Here, we have perfect

knowledge of the true level of prevalence (the ratio of presences to total observations) which is
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otherwise typically unknown (or in some cases unknowable; Ward et al., 2009). The resulting
accuracy of model performance metrics using either real world or simulated data can depend on
prevalence (Santika, 2011). Finally, we built the virtual species with a simplified set of
environmental variables and trained models on only these variables, which entirely comprise the
underlying simulated distribution. Models built with empirical data will typically not be able to
encompass all the true drivers of habitat suitability.

Because preparing data for ecological models involves unavoidable tradeoffs between a
variety of factors (sample sizes, extrapolation, spatial separation, model transferability, prediction
accuracy, computational efficiency), we anticipate that the hashtag method will be flexible to many
data and modeling scenarios but will not be optimal or even applicable in all cases. For example,
for species that are data-poor, highly clustered, or limited to small spatial extents our method may
be more appropriately addressed with methods built for these scenarios (e.g., LOO for small
sample sizes). But the global volume of species occurrence locations is increasing exponentially
(Heberling et al., 2021) and will eventually necessitate the development of more future-proof data
splitting strategies. New methods like the hashtag are less computationally intensive but can still
take advantage of increasingly large datasets to hold spatially distinct the information used to tune
(cross-validation folds) and evaluate models (testing splits).

Our results provide a demonstration of how formal model tuning based on cross-validation
data splits improves performance, which can be evaluated using spatially distinct test data. While
further work remains to explore the use of the hashtag method across a variety of taxa and
geographies, we anticipate that our approach will provide a flexible data splitting solution that
encourages the evaluation of ecological models beyond spatial cross-validation alone by including

spatially withheld test data. We focus here on ecological modeling methods (and specifically
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SDMs) but integrated spatial data splitting methods (enabling tuning and model selection on cross-
validation splits followed by evaluation of the final model on withheld data) can be broadly applied
to numerous modeling applications that incorporate spatially structured training data, especially

when a goal is model transferability in geographic space.
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CHAPTER 3 — OPENING THE BLACK BOX: USING LOCAL FEATURE IMPORTANCE
TO INTERPRET, DIAGNOSE, AND COMMUNICATE THE PREDICTIONS OF
ECOLOGICAL MODELS!

1 Abstract

The field of ecological modeling has largely kept pace with, and taken cues from, advances
in machine learning. But the adoption of increasingly complex algorithms is steadily making
modeling methods less transparent. For ecologists, this lack of visibility into model behavior
means that spurious correlations or ecologically implausible logic may remain hidden,
endangering model credibility. While the field of interpretable machine learning is rapidly
developing methods and tools to improve the interpretation of models and model predictions,
surprisingly few new approaches have been adopted into the best practices of species distribution
model (SDM) development. Improving the understanding of the drivers of prediction is
particularly important for SDMs built to identify the location and amount of potentially suitable
habitat for invasive species. As invasive species continue to spread in their non-native range,
existing SDMs will often be used to make predictions in new geographic areas. For this reason,
SDMs of invasive species may be a useful testing ground to explore the ability of post-hoc analysis
methods from interpretable machine learning to draw larger inferences about model behavior
beyond the initial modeling domain. But interpretable machine learning is a young and rapidly
developing field and the utility of the field’s methods for analyzing SDMs remains underexplored.
Here, we hypothesized that a focal SDM would use spatial environmental predictor variables

(features) differently when predicting to model training data compared to predictions on new data

! Anticipated co-authors: Catherine S. Jarnevich, Rich Inman, Ian S. Pearse, Janet Prevéy, Jeffrey
Morisette, Jody C. Vogeler
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(not used to train the model). To test this, we compared the relative importance of model features
within a focal SDM of the invasive annual grass medusahead (Taeniatherum caput-medusae) to
the application of the focal SDM to nine counties across the western United States. We found
partial support for our hypothesis where the correlation structure and distributions of feature
importance differed while relative importance and response curves remained stable from model to
county-level data. We discuss the implications of our results as they pertain to modelers and model
users to address how summaries and maps of local feature importance can enhance the analysis

and implementation of SDMs.

2 Introduction

Ecological modeling methods are becoming increasingly complex. More complex modeling
methods allow the use of messy, large, non-linear datasets to help explain biological phenomena
and make predictions in a wide array of applied ecological contexts. But model complexity also
makes the interpretation of model behavior and decision making behind predictions less
transparent. This is problematic as model developers and users of model outputs then have fewer
ways of distinguishing models that plausibly reflect underlying ecological processes from those
built on spurious correlations (Bell & Schlaepfer, 2016; Fourcade et al., 2018). A further darkening
of the proverbial “black box” subsequently endangers the credibility of future ecological models
if modelers cannot critically examine model drivers and perform robust model validation or
interpretation.

A widely used method for assessing how features (also called covariates, predictors or
variables) influence model predictions is by measuring changes in model accuracy while randomly
re-arranging the values of a focal feature (permutation-based feature importance; Molnar, 2025).

This approach is built into machine learning models like random forests (Breiman, 2001) due to
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its usefulness in describing feature importance relative to model performance. Because
permutation-based methods rely on model accuracy, they cannot be used to compute variable
importance on out-of-sample values (new information not included in training data) without
comprehensive validation data.

A lack of methods and tools has previously limited the ability of ecological modelers to
critically examine feature importance for out-of-sample predictions beyond a handful of model-
specific solutions (e.g., Hooper & Kennedy, 2018). The developing area of interpretable machine
learning (also called “explainable artificial intelligence™) offers new post-hoc, model-agnostic
ways to explore feature importance to help improve the understanding of model behavior when
used for prediction on out-of-sample data (Molnar et al., 2020). Despite their common use as
prediction tools in applied ecological research, species distribution models (SDMs) are primarily
assessed with methods designed to interpret model behavior using in-sample data. Recent work
has started demonstrate the utility of interpretable machine learning methods to validate, evaluate,
or interpret SDMs (Bourhis et al., 2023; Cha et al., 2021; He et al., 2022; Ryo et al., 2021; Song
et al., 2025; Waldock et al., 2024; Zbinden et al., 2026) but more research is needed.

In the task of quantifying the potential establishment of invasive species, SDMs provide
information that can inform and enhance land management actions. For preventative efforts, SDMs
can be used to anticipate and respond to the expansion of invasives species (Reaser et al., 2020)
but these efforts often require continuous predictions on predominantly out-of-sample data.
Modelers and managers subsequently need tools to thoroughly assess transferability for SDMs.
Medusahead (Taenitherum caput-medusae) is an invasive winter annual grass with serious
environmental and economic impacts, a long invasion history, and continued spread. Predicting

suitability for medusahead in areas where it has not yet become established could be a useful test
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case to better understand the use of post-hoc analysis of interpretation methods for SDMs. But the
use of interpretable machine learning remains underexplored for SDMs. Specifically, there is a
knowledge gap pertaining to the geographic patterns and trends of feature importance for models
of invasive species.

To address this knowledge gap, we calculated and mapped feature importance using a
model-agnostic interpretable machine learning method (Shapley Additive exPlanations; SHAP)
for an SDM of medusahead occurrence. We asked whether SHAP data from model predictions
across nine counties across the western United States (hereafter, local feature importance) differed
from SHAP data based on predictions of model training data alone (hereafter, model feature
importance). We hypothesized that variation in local environmental conditions would be sufficient
to cause model and local feature importance to diverge. To test this hypothesis, we compared the
correlation structure, relative importances, distributions, and responses of SHAP data across
features to scrutinize the differences and similarities between the model and local feature
importance values. We discuss the implications of these results for modelers and model users to

contextualize the utility of local feature importance for model interpretation and validation.

3 Methods

3.1 Focal species

To investigate feature importance in a specific biological context, we chose medusahead
(Taenitherum caput-medusae) as a focal study species. Medusahead is an invasive annual grass of
management concern across the Western United States (Young, 1992) that invades rangelands,
reducing native plant biodiversity (Davies, 2011), providing low quality forage for livestock and

wildlife (Dahl & Tisdale, 1975), and altering ecosystem function (Sheley et al., 2008).
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Medusahead is commonly reported in areas with hot, dry summers and wetter springs, falls, and
winters (Young, 1992) and is consistently noted for its ability to establish in high clay soils (Nafus
& Davies, 2014; Sheley et al., 2008; Young, 1992). Despite a 140-year invasion history, publicly
available observation data show that medusahead continues to spread in its non-native range
(Jarnevich et al., 2021), highlighting the ongoing need for spatially explicit predictions of potential

establishment to inform and enhance prevention and mitigation efforts.

3.2 Sampling units

To understand the potential variation of local feature importance in differing environmental
contexts, we opportunistically selected nine counties across the western United States (Fig. 1;
Table 1) as focal sampling units. The sampled counties are large enough to generate a robust
sample (size range: 5,125 km? to 7,736 km?) but small enough to visually explore local ecological
features and landscape processes. The samples vary along geographic (latitude and longitude) and
ecological gradients (ecoregions; Omernik & Griffith, 2014) and by the level of predicted
suitability. Given medusahead’s continued spread across the Western United States, we included

counties with and without established populations, based on publicly available observations.

3.3 Focal model

To generate feature importance values, we selected an existing generalized linear model
(GLM; McCullagh & Nelder, 1989) of medusahead previously used to predict suitability for
occurrence across the contiguous United States (Jarnevich et al., 2024). The model reflects SDM
best practices by using eleven spatial covariates that are uncorrelated (Dormann et al., 2013) and

selected to reflect species-specific factors relevant to the establishment and persistence of
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medusahead at a given location (Elith, 2017). Simple, parsimonious models like GLMs provide

efficient prediction

Whitman County, WA

45°N-

Suitability

e 75
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25
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Figure 1. Focal sampling units (n = 9 counties) across the Western United States with publicly
available observations of medusahead (7aenitherum caput-medusae) occurrences and sampled
background (pseudoabsence) locations used to fit a species distribution model overlaid on
predicted suitability.
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Table 1. The sampled counties used to explore local feature importance. Columns B. and C. display
latitude (LAT) and longitude (LON) values from county centroids rounded to the nearest degree.
Column E. displays the count of spatially thinned presence locations (used to build our focal
model) within the county. Column F. displays zonal statistics for each county, summarizing the
mean and standard deviation (SD) of suitability predicted by the focal model.

A. B. C. D. E. F.
County Name & LAT | LON | Ecoregion Number  of | Suitability
State Abbreviation (Level IT) Observations | Mean + SD
Cassia, ID 42 -113 | Cold Deserts 9 219+114
Crook, OR 44 -120 | Western Cordillera 322 65.2+16.8
Grays Harbor, WA | 47 -124 | Marine West Coast Forest | 0 43+£6.2
Jackson, OR 42 -123 | Western Cordillera 186 545+17.6
Larimer, CO 40 -105 | Western Cordillera 0 10.0 £ 12.7
Merced, CA 37 -120 | Mediterranean California | 9 19.2+214
Tehama, CA 40 -122 | Mediterranean California | 163 64.0 +£20.1
Whitman, WA 47 -117 | Cold Deserts 16 36.1 £ 14.7
Yellowstone, MT |46 | 108 | ‘est-Central Semiarid 1, 30.6 + 10.6
Prairies

methods and are thought to be more robust than complex models when transferred in space and
time (Coelho et al., 2019; Wenger & Olden, 2012 but see Valavi et al., 2023). While GLMs may
not be as complex as other machine learning approaches, the post-hoc model interpretation of local

predictor importance for SDMs of invasive species remains critically underexplored.

34 Shapley calculations

We measured feature importance using Shapley values (Shapley, 1952) a model-agnostic
approach to calculate the marginal contribution of features to model predictions (Molnar, 2025).
In practice, Shapley values are usually approximated using estimation methods like Shapley

Additive exPlanations (SHAP; Lundberg & Lee, 2017; Strumbelj & Kononenko, 2014) due to the
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computational intractability of evaluating all possible feature combinations as the number of
features increases. For SDMs, SHAP values can be understood as a way to quantify the
contribution of each feature to the model’s predicted suitability at a given location relative to the
mean predicted suitability from reference conditions (typically model training data or a small
subset thereof). For each feature, positive SHAP values indicate an attempt to increase the
prediction and negative SHAP values an attempt to decrease it. The final predicted suitability is
then the sum of all SHAP values plus the mean expected suitability from the reference conditions.

We performed all calculations and analyses in R 4.5.2 (R Core Team, 2025). To generate
SHAP values at the model and county level, we used fastshap (Greenwell, 2026), which
implements a user-defined number of Monte Carlo simulations that randomize feature ordering
and feature value permutations necessary to converge on an approximation of true Shapley values.
All calculations used a consistent reference set of 50 observations from model training data for
permutation within 100 simulations (after which SHAP values converged on stable values). For
each county, we mapped SHAP values for each feature (n = 11; Table 2) to visualize the spatial
variation in local feature importance across the landscape. From maps of individual feature values,
we created two types of aggregate, categorical maps representing only the features that had the
maximum or minimums values at each pixel location. We summarized the counts from these maps
to assess the relative proportion of features for minima and maxima across each county. We also
calculated the correlation of SHAP values in the model and within each county using Pearson
correlation coefficients to identify potential dependencies among features. Finally, we used the
categorical maps to identify where the most important local features within counties could be used

to further delineate predicted suitability.
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Table 2. List of model features. Original resolutions are listed but all features have been

resampled to common spatial resolution of ~ 100 m (Jarnevich et al., 2024).

across years (1981-2018).

g‘::;re Description (Date Range) g:;(g)iﬁililon Data Source | Reference
Standard deviation of DiMiceli et al
Bare Ground | percent cover of bare 250 m MODIS 2015 ”
ground (2000-2016)
The number of years with
Burn at least one recorded fire Eidenshink et al.,
Frequency within a pixel 4000 m MTBS 2007
(1984-2018).
The monthly mean
Min Winter minimum temperature .
(December through 800 m GridMET Abatzoglou, 2013
Temp
February), averaged across
years (1981-2018).
The mean of monthly
%ﬁ;hgange temperature ranges (bi02) 800 m PRISM g(l){ZISM Group,
(1981-2010).
Median Normalized Landsat Halmy et al.,
Difference Moisture Index 2019
NDMI between April 1st and 30m Google
September 30th across year Earth Engine Kennedy et al.,
(1985-2020). 2018
Clay content (0-2 pm) mass
Soil Clay frac}t]ion ata depthif 0.05 100 m SoilGrids Ramcharan et al,
2018
m (2017).
Soil Depth %\;[;2;1(33[{[711) .to restriction 100 m SoilGrids Izl(a)lilgcharan et al.,
Soil Potassium content in ppm s Ramcharan et al.,
Potassium | at depth 0.05 m (2017). 100 m SoilGrids | 51
Mean potential water
deficit of early spring
Spring PET | months (March through 4000 m GridMET Abatzoglou, 2013
May) across years (1981-
2018).
Mean potential water
g‘ﬁr}lmer ?fj;f;iﬁf&‘gﬁﬂfgfgths 4000m | GridMET | Abatzoglou, 2013
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The variability in moisture Conservation
Topo and temperature conditions : Theobald et al.,
. : o . 90 m Science
Diversity within local habitats Partners 2015
(2015).
35 Feature importance comparisons

Ranked feature importance is an efficient, common method to determine the relative impact
of features on model predictions. In ecological models, ranked importance can be assessed to
determine if the primary drivers of the model are ecologically realistic given the environmental
context of the observations and biology of the focal species. Within each county, we assessed
importance rankings by calculating the mean absolute value of rescaled importance (range: 0-100).
To measure the variation in rank, we took random bootstrap samples (n = 100) of pixels within
each county using a sample size equivalent to the training data size used in our focal model (n =
13,000). Within each sample, we calculated feature ranks using the same method described above.

Mean absolute importance ranks can obscure the fact that the SHAP values can be
distributed positively or negatively. Therefore, examining raw SHAP values is critical to
interpretation as the sign indicates whether the feature is influencing the model toward higher or
lower predicted values. We noted sign changes between mean SHAP values of model and county
data for each feature and calculated two-sample Kolmogorov-Smirnov tests for each feature to
determine if the distributions were significantly different between model and local data. Our
expectation was that both comparisons could highlight possible instances where local
environmental conditions changed model prediction behavior.

While ranks and distributions of importance values reveal ordering and variation among
features, we also wanted to investigate how feature importance values varied in response to SHAP
values. The shape and directionality of feature response curves can be evaluated for potential

model overfitting and to confirm the ecological plausibility in the context of focal species. In the
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SDM literature, this practice usually involves feature responses to predicted suitability but has
rarely been explored where models are used to make predictions on out-of-sample data. To
understand the implications of local feature importance on model development, we assessed how
well model-based and local response data reflected expectations from existing information on

medusahead biology and site preference.

4 Results

4.1 Local importance values

The correlative structure of local importance values varied by county (Fig. 2). Mean
absolute correlation values ranged from 0.23 (Yellowstone County) to 0.36 (Whitman County)
with high variability (SD # 0.27 to 0.30). All counties had at least one correlation > 0.7 suggesting
that some features in local environmental contexts are not independent and may describe the same
ecological process or habitat condition underlying medusahead establishment potential. Absolute
correlation values were similar in the model (mean: 0.23, SD: 0.26) but never exceeded 0.4. For
maps of the “most important” features in each county, we determined which feature had the highest
and lowest value in each gridded pixel to summarize the proportion of the county land area most
influenced by each feature toward both positive and negative suitability directions. Among both
high and low values, soil potassium had the highest mean proportional area across counties but
with high variability (Fig. 3). For some counties, a small number of features were most important.
For example, in Merced County, summer PET and NDMI accounted for the vast majority of
highest importance values (Fig. 4), but within the county the raw importance values for these
features were also highly correlated (0.76; Fig. 2). Across maximum and minimum maps (Fig. 5),

we qualitatively observed that changes in the most important feature often mirrored changes in
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land cover (e.g., agricultural to

mountains to river valleys).
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Figure 2. Correlations (Pearson’s coefficient) among local feature importance values within
counties across the Western United States for a focal model predicting the suitability of occurrence

for medusahead.
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Figure 3. Variation in proportional area of model features when they are either the maximum
(highest positive) or minimum (lowest negative) pixel value across counties (n = 9). The y-axis is
ordered from top to bottom by mean value (red diamonds), and the distribution medians are
indicated by a vertical black bar.
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Feature Comparison: Max Shapley Value
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Figure 4. Relative spatial coverage of features (proportion of pixels within a focal county) where
they represent the pixel-wise minima or maxima. Max Shapley values indicate where the feature
is influencing the model toward a higher suitability prediction. Min Shapley values indicate that
the feature is influencing the model toward lower suitability predictions.
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Most Important Features Per Pixel for SHAP Values in Whitman County, WA

MAX || MIN

47 2°N

Feature Name
47.0°N Bare Ground
Maonthly Temp Range
Burn Frequency
NDMI

Summer PET

Spring PET

Soil Depth

Soil Clay

46.8°N -

46.6°N -

Soil Potassium

Min Winter Temp

46.4°N 7 Topo Diversity

1 18.IO“W 1 17.5°W 1 17.IO“W 1 WB.b“W 1 WF.ISDW 1 17.b”W
Figure 5. An example of categorical maps displaying the most important features based on per-

pixel minimums and maximums for locally mapped SHAP values in Whitman County,
Washington, USA.

4.2 Comparisons of model and local importance

The level of agreement between model and bootstrap samples of local data for relative
importance varied (R? 0.45 — 0.85), with model values generally higher than local values (Fig. 6).
Despite their small sample size (n = ~13k), bootstrap sample means of relative importance by
feature showed very little variation or difference from overall county means (Fig. 6). In both the
model and counties, all raw feature importance values were non-normally distributed (p < 0.05;
Anderson-Darling normality test). All per feature paired distribution tests indicated significant
differences between model and local SHAP values (p < 0.001), indicating consistent changes in
local feature influence on model prediction. Relatedly, distribution medians often changed signs
between model and local data (Fig. 7), indicating shifts in the direction of features influence were
common while varying in magnitude. We observed similar shapes and directionality in feature

responses of SHAP values between model and local values across all counties (Fig. 8). Divergence
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from model responses primarily occurred at SHAP values below zero with larger divergences at
local range extremes. We also observed changes in response shape when local values extended

beyond the range of model values.
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Figure 6. Relationships between relative ranks of model and county-level feature importance.
Relative values were obtained by rescaling from mean absolute importance to a range of 0-100 to
account for the magnitude of difference between values. Black circles represent mean values from
100 bootstrap samples (n = 13,000 in each sample), and the red triangles represent means across
entire counties. R? values are for linear models using bootstrap samples. The blue lines represent
best-fit and the black lines represent a hypothetical 1:1 fit for comparison.
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Figure 7. Comparisons of raw SHAP importance value distributions between model and county.
Negative values indicate that a feature influences the model toward a lower prediction, and positive
values indicate that a feature influences the model toward a higher prediction. Values closer to
zero indicate the feature has a minimal effect on model prediction. Feature names on the y-axis are
ordered by the rank of mean absolute SHAP values in the model. Distribution medians are
indicated by vertical bars and features that flip signs are indicated with a “*.” All paired
distributions are significantly different (p < 0.001).
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Model to Local Comparison of Feature Responses
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Figure 8. Feature response curves relative to SHAP values. Trendlines generated with Bayesian
additive models to show variation in the shape and direction of feature responses across all focal
counties (red) compared to model trendlines (black).

5 Discussion

As machine learning methods with vague and opaque decision-making processes are
adopted as standard practice for species distribution modeling, it is more necessary than ever to
understand how model predictions are generated. In this study, we tested whether Shapley Additive
Explanations (SHAP) feature importance values changed between model predictions for a species
distribution models of medusahead and predictions within nine counties across the Western United
States. We found partial support for our hypothesis that local feature importance would diverge

from the model feature importance when looking at local SHAP correlation structure and the
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distribution of raw SHAP values between the model and counties across features. In contrast, the
overall similarity of model and local data for relative importance rankings and responses of SHAP
values across feature gradients provide partial support against our hypothesis. One implication of
these results is that modelers may find summaries of feature importance most useful as a part of

the interpretation and validation of SDMs intended to be transferable to new data. Alternately,
mapped feature importance may better serve model users to further delineate the spatial patterns

of suitability for land management activities.

5.1 Model to local comparisons

Most notable among differences between model and local importance were shifts in the
distribution of raw SHAP values (Fig. 7) and stronger correlations among local SHAP values (Fig.
2). Both instances of local divergence may be explained by a lack of local environmental variation
(driven by spatial autocorrelation of features), especially when feature values derive from
environmental data with low spatial resolution (Table 2). Higher resolution features that do contain
similar variation and spread to model features and have a higher magnitude change in distribution
means may be indicators of locally driven, scale-dependent ecological processes underlying model
predictions. Otherwise, shifts in the overall directionality of feature importance may also simply
reflect whether a county has higher or lower overall predicted suitability (Table 1).

In contrast, model and local importance demonstrated similar patterns of relative ranks
when comparing rescaled mean absolute importance (Fig. 6). One notable exception is the low
agreement (R? = 0.086) in Grays Harbor County which is situated along the Pacific coast in
southwest Washington state. One explanation for the low agreement is the high amount of model
extrapolation found in Grays County. Extrapolation occurs primarily along the coast where

proximity to the ocean could cause stark changes in available atmospheric water that may alter the
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value ranges of some locally important features (Spring PET, Summer PET; Fig. 4). Model and
local data were also similar in the responses of SHAP values to feature values (Fig. 8), where the
shape and direction of local response sometimes provided near exact mirrors of model data. Small
deviations from the modeled response could be caused by new combinations of feature values that
are not well represented in model training data. Finally, local importance values were more often
highly correlated with one another (Fig. 2). This could be a by-product of the limited geographic
area of the counties where there is a lack of variation in feature values due to coarse original spatial
resolution of features (Table 2) or low overall environmental heterogeneity. Importance values
that covary in geographic space may confound the ability to distinguish relative importance

between them (Harisena et al., 2021).

5.2 Implications for modelers

There are three primary implications of our results for SDM development related to model
interpretation, transferability, and validation. First is that, as an interpretation tool, feature
importance with SHAP values can identify where local importance diverges from model
importance, at least through comparative measures like distributions or through spatial variation
in the maps of the most important features (Fig. 5). Second, local feature importance may be able
to serve as a substitute for independent data when determining a model’s transferability to new,
out-of-sample data. Nowhere is this clearer than in the consistency and similarity of model and
local responses (Fig. 8) across a wide array of local environmental conditions. Lastly, our results
show that post-hoc analysis methods can be used to validate the ecological plausibility of how a
features influence model predictions on new data. Medusahead establishment is widely considered
to be more likely at sites with high soil clay and in climates with cooler winters (Dahl & Tisdale,

1975; Nafus & Davies, 2014; Young, 1992). We consider our predictions plausible based on the
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responses of SHAP values to the Soil Clay and Min Winter Temp features. For Soil Clay, positive
SHAP values predominately fell within the range of 18 to 23% which we consider “high” as they
are all above the 50" percentile of values found in the source data for Soil Clay. For Min Winter
Temp, positive SHAP values predominantly fell within the range of -1 to -6 C, indicating positive

feature influence at cool but not cold winter temperatures.

5.3 Implications for land managers

Our results suggest two primary ways in which mapped feature importance could augment
and enhance the use of mapped suitability in the context of invasive species management. First,
feature importance provides an additional level of explanation and interpretation to improve the
credibility and uptake of suitability information, if the locally important features align with
expectations from local ecological knowledge and experience. Second, land managers with limited
operational budgets and large jurisdictions will likely need additional ways to effectively leverage
mapped suitability from SDMs. On one hand, maps of the most important features (Fig. 5) for
maximum SHAP values could provide a secondary spatial filter within areas of high suitability
(Fig. 9). Here, land managers could prioritize the landscape by identifying areas where higher
suitability values are largely influenced by habitat aspects that change more slowly over time (e.g.,
edaphic conditions) and may indicate a consistent source of species establishment. Similarly, some
maps of the most important features (Fig. 5) for minimum SHAP values show lower predicted
suitability driven primarily by climatic features. If climate adaptation planning is a part of land
management, this information could help target and prioritize long-term monitoring efforts where

future warming may increase suitability.
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Figure 9. An example landscape from Crook County, OR showing where large clusters of
predicted high suitability for medusahead occurrence (black, > 0.75). The purple colors show the

spatial distribution of the most locally important model feature (Soil Clay). The darker purple areas
where high suitability predictions are driven primarily by Soil Clay.

6 Future Work

The use of IML methods for the analysis, validation, and interpretation of SDMs is an
exciting frontier of developing research. The results of this study emphasize the need for continued
work on the understanding of model behavior through the lens of local feature importance. For
example, we are just beginning to see the first tests of local feature importance as it varies across
models and IML methods (Buebos-Esteve & Dagamac, 2025). Though some preliminary work exists
at the country level (Waldock et al., 2024), we are not aware of any research generating large-scale

feature importance to explore biogeographic trends of model prediction processes across
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continental or global extents. Continuous geographic coverage across multi-temporal datasets
could also facilitate work on the spatiotemporal trends of model behavior. Finally, the reliability
of feature importance values where models are extrapolating remains an open area of future
research (Ryo et al., 2021) but could provide an additional way to identify and communicate model

uncertainty.
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SYNTHESIS

1 Overview

Species distribution models (SDMs) are a common statistical approach in ecology to
understand and predict species distributions with uses cases ranging from conservation planning
and biodiversity monitoring to climate change assessments and invasive species management.
Despite their widespread use, SDMs are often treated primarily as prediction engines, with model
outputs serving as endpoints rather than opportunities to explore underlying ecological processes.
Primarily through the lens of invasive species, this dissertation addressed the challenge of
improving the way we develop, evaluate, and interpret SDMs in an attempt to move away from
the prediction engine paradigm and toward a better understanding of Zow and why SDMs work the
way they do.

In Chapter 1, I demonstrated how SDMs can be developed within a quantitative, spatially
explicit risk assessment framework to support the management of freshwater aquatic invasive
species across broad geographic extents. By augmenting habitat suitability models for 103 invasive
species with spatial proxies of secondary invasion pathways, I showed the utility of combining
dispersal and movement information with species-specific ecological modeling to generate
realistic, management-ready products such as risk maps and watch lists. In Chapter 2, I introduced
a novel spatial data-splitting approach designed to simultaneously generate cross-validation splits
alongside withheld test data to provide robust evaluations of model performance. This work used
a virtual species approach to evaluate the performance of models built with this new splitting
technique, especially when transferred beyond the geographic range of training data. Finally, in
Chapter 3, I explored the use of a recent feature importance method to explain model predictions

and demonstrate how interpretable machine learning approaches (Molnar, 2025) can help connect
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model outputs to recognizable environmental processes and improve confidence in model
predictions.

Although these chapters focus on different components of the modeling process, they share
a common theme: effective species distribution modeling requires a deeper, holistic understanding
than prediction accuracy alone can provide. Together, they illustrate how advances in model
development, evaluation, and interpretation can contribute to both ecological understanding and

practical decision-making.

2 Beyond prediction engines

A central lesson emerging from this work is a reminder that SDMs can be viewed as tools
for ecological inquiry as much as tools for prediction (Elith and Leathwick, 2009). Prediction
remains an important goal, particularly when addressing urgent ecological and economic
challenges such as biological invasions but prediction alone provides limited insight into how
SDMs arrived at a decision. Models built with spurious correlations could result in poor
transferability in novel locations or future climates (Fourcade et al., 2018; Thuiller, 2004).
Conversely, models that accurately capture ecologically meaningful relationships may provide
valuable information even when predictions are imperfect (Yates et al., 2018). This perspective
becomes particularly important as ecological models continue to increase in complexity. Advances
in machine learning have enabled the development of increasingly sophisticated modeling
approaches capable of capturing nonlinear relationships and interactions among spatial
environmental variables. While these methods are often aimed at improving predictive
performance, they can also reduce transparency and make it more difficult to understand the
drivers of model behavior. The work presented in this dissertation demonstrates that model

evaluation and interpretation should be considered integral components of a more holistic model
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development workflow. Understanding where a model succeeds, where it fails, and what
environmental relationships drive its predictions help build confidence in its use for both

ecological investigation and management applications (Boschetti et al., 2018; Ryo et al., 2021).

3 Dual aims of applied ecological research

The complementarity between methodological development and applied ecological research
is another important theme that emerges from this dissertation. While much of this work is applied
ecological research motivated by the ongoing environmental and economic impacts of invasive
species, the methodological advances presented here contribute directly to the ability of modelers
to ask broader ecological questions. Real-world management challenges often expose limitations
in existing analytical approaches and create opportunities for methodological innovation (Guillera-
Arroita et al., 2015; Sofaer et al., 2019).

Invasive species management provides a particularly useful example of this duality in that
predictions often need to be spatially explicit, transferable to a local environmental context,
interpretable and believable by end users, and, in the end, actionable. Meeting these needs forces
model developers to confront the need to improve uncertainty measures, evaluation metrics,
extrapolation assessments, and communication strategies. As demonstrated throughout this
dissertation, efforts to improve SDMs in an applied setting frequently generate insights that
advance ecological modeling methods more generally.

Reciprocally, improvements in SDM methodology can also benefit resource managers who
are increasingly asked to make decisions for uncertain future environmental conditions with
limited resources (Guisan et al., 2013; Villero et al., 2017). Accurate predictions help prioritize
monitoring and management efforts. Robust evaluation methods improve confidence in model

outputs. Interpretability tools help connect model predictions to environmental processes that are
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familiar to stakeholders and practitioners. Together, these advances can improve the transparency,
credibility, and usefulness of ecological models in decision-making contexts (Sofaer et al., 2019;

Young et al., 2020).

4  Invasive species as study taxa

Invasive species remain as valuable study taxa for the continued development of SDMs.
Unlike the well-established and comparably stable distributions of native species, invasive species
are often actively expanding in their non-native ranges. The result is the creation of a natural
experiment where the efficacy of SDMs can be evaluated in anticipating potential habitat or range
shifts (Elith, 2017; Elith et al., 2010). The results of these experiments can reveal strengths and
weaknesses in modeling approaches that might remain hidden in more static systems or study taxa.
For this reason, invasive species represent more than just an important management challenge;

they also serve as valuable stress tests to advance spatial ecological modeling.

5 Future directions

5.1 INHABIT and open science

The themes explored throughout this dissertation also inform several directions for future
research. One of the most immediate opportunities involves the continued development of the
Invasive Species Habitat Tool (INHABIT; Engelstad et al., 2022). The invasion risk framework,
evaluation methods, and interpretation approaches developed here directly contribute to the
iteration of INHABIT and its continued capacity to provide freely accessible information for
scientists, resource managers, and the public. The guiding philosophy behind INHABIT is to

widen the window into species distribution modeling through open, transparent, and accessible
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science. Rather than treating model outputs as static products, the goal is to create a platform that
supports ongoing, co-produced efforts between researchers and practitioners (Engelstad et al,
2022). The development and delivery of spatial ecological models is more effective when it
operates as a collaborative process. Ongoing feedback and active communication with end users
brings INHABIT in line with broader movements to develop more open, reproducible, and
actionable ecological research (Hampton et al., 2015).

An emphasis on collaboration also reflects a broader commitment to co-production in
ecological research (Enquist et al., 2017). For example, the management of invasive species often
integrates the modeling expertise of researchers with the practical experience of those responsible
for implementing management actions. Because resource managers often possess local expert
knowledge that may not be captured in model inputs alone, incorporating these perspectives in
subsequent model iteration has the potential to improve both model relevance and model
performance. The work presented in this dissertation then represents one component of an ongoing
partnership among researchers, resource managers, and stakeholders that helps ensure

methodological advances remain digestible and relevant.

5.2 Invasion science in an age of uncertainty

The need for a collaborative approach is increasingly important in an era characterized by
rapid environmental change, increasing ecological complexity, and substantial uncertainty.
Biological invasions continue to expand globally and climate change has the potential to change
both invasive and native species distributions (Bradley et al., 2024). Adapting science and
management in the face of global change will likely require more than increasingly complex
models alone. It will also require a robust understanding of the statistical relationships that drive

model predictions and the ability to assess whether or not those relationships reflect ecological
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realities. Without such understanding, it becomes difficult to evaluate the credibility of forecasts
or identify the conditions or locations under which predictions may fail or be less reliable. The
methods developed in this dissertation contribute to the continued development of a deeper model
understanding and transparency by emphasizing the importance of robust evaluation and
interpretation methods alongside predictive performance.

The importance of this work extends beyond methodological considerations due to the
substantial ecological, economic, and human health impacts caused by the ongoing, worldwide
spread of non-native species (Haubrock et al., 2025). Recent estimates suggest that the global
economic costs of biological invasions exceed hundreds of billions of dollars annually and
continue to increase over time (Diagne et al., 2021). Costs are often comparable in scale to those
associated with major natural disasters (Turberlin et al., 2023) and invasive species are likely to
remain a persistent challenge for the foreseeable future largely a consequence of human activities.
Although human movement of goods, organisms, and materials has accelerated the redistribution
of species around the globe, we remain the primary agents capable of preventing, detecting, and
managing invasions. This dual role creates both a responsibility and an opportunity with advances
in SDM methods helping to guide on-the-ground efforts by helping to create effective and useful

spatial information that can support informed decision-making.

6 Conclusion

Ultimately, the work presented in this dissertation reflects a broader goal of building spatial
ecological models that are not only accurate, but also understandable, transferable, and useful. By
combining large-scale invasive species risk assessments, rigorous approaches to model evaluation,
and methods for interpreting individual predictions, this research contributes to a more

comprehensive understanding of how species distribution models in particular can support both
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scientific discovery and practical management. As ecological challenges continue to grow in

complexity, the need for such integrated approaches will only become more important.
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APPENDIX 1- SUPPLEMENTAL INFORMATION FOR CHAPTER 1

Table S1. List of selected secondary pathways by species.

Latin Name Taxa Pathway: Pathway: Pathway: Pathway: Pathway:
Group Downstream Boat Anthropogenic | Permanent Human
Connectivity Ramp Connectivity Water Transport
Density Risk
Alosa pseudoharengus | Fish X X
Alternanthera
philoxeroides Plants | X X X X
Ambloplites rupestris | Fish X X
Ameiurus catus Fish X X
Ameiurus melas Fish X X
Ameiurus natalis Fish X X
Arundo donax Plants | X X
Astronotus ocellatus Fish X X X
Bithynia tentaculata Invert | X X X X
Butomus umbellatus Plants | X X X X X
Bythotrephes
longimanus Invert | X X X X
Callitriche stagnalis Plants | X X
Cabomba caroliniana | Plants | X X X X X
Carassius auratus Fish X X X
Channa argus Fish X X
Chrosomus oreas Fish X X
Cipangopaludina
chinensis Invert | X X X X
Clarias batrachus Fish X X X
Colocasia esculenta Plants | X X X X
Corbicula fluminea Invert | X X X X
Ctenopharyngodon
idella Fish X X
Cyperus
blepharoleptos Plants | X X X X
Cyprinella lutrensis Fish X X
Cyprinus carpio Fish X X
Daphnia lumholtzi Invert | X X X X
Didymosphenia
geminata Plants | X X X X
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Dorosoma cepedianum | Fish X X

Dorosoma petenense Fish X X

Dreissena polymorpha | Invert | X X

Dreissena bugensis Invert | X X
Echinogammarus

ischnus Invert | X X X
Egeria densa Plants | X X X
Eichhornia crassipes Plants | X X X
Fallopia japonica Plants | X X

Faxonius rusticus Invert | X X

Faxonius virilis Invert | X X

Gambusia affinis Fish X X

Gambusia holbrooki Fish X X
Gymnocephalus

cernua Fish X X

Hydrilla verticillata

peregrina Plants | X X X
Hydrilla verticillata

verticillata Plants | X X X
Hydrilla verticillata Plants | X X X
Hydrocharis morsus-

ranae Plants | X X X
Hydrocotyle

ranunculoides Plants | X X X
Hygrophila

polysperma Plants | X X X
Hypophthalmichthys

molitrix Fish X X
Hypophthalmichthys

nobilis Fish X X

Ictalurus furcatus Fish X X

Iris pseudacorus Plants | X X X
Lepomis gulosus Fish X X

Limnophila sessiliflora | Plants | X X X
Ludwigia grandiflora | Plants | X X

Ludwigia hexapetala Plants | X X X
Ludwigia peploides Plants | X X X
Ludwigia peruviana Plants | X X X
Lythrum hyssopifolia Plants | X X

Lythrum salicaria Plants | X X X
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Marsilea quadrifolia Plants | X X X
Melaleuca

quinquenervia Plants | X X

Melanoides

tuberculata Invert | X X X X

Mentha aquatica Plants | X X

Micropterus henshalli | Fish X X

Misgurnus

anguillicaudatus Fish X X X
Monopterus albus Fish X X

Murdannia keisak Plants | X X X X
Mylopharyngodon

piceus Fish X X

Mpyosotis scorpioides Plants | X X

Myriophyllum

aquaticum Plants | X X X X X
Myriophyllum

heterophyllum Plants | X X X X
Myriophyllum

sibiricum Plants | X X X X

Najas marina Plants | X X X X

Najas minor Plants | X X X X

Nasturtium officinale | Plants | X X X X

Nelumbo lutea Plants | X X X X X
Neogobius

melanostomus Fish X X

Nitellopsis obtusa Plants | X X X X
Nymphoides peltata Plants | X X X X
Oreochromis aureus Fish X X X
Oreochromis niloticus | Fish X X X
Panicum repens Plants | X X

Persicaria hydropiper | Plants | X X

Phalaris arundinacea | Plants | X X

Phragmites australis

australis Plants | X X X X

Pistia stratiotes Plants | X X X X X
Pomacea canaliculata | Invert | X X X
Pomacea maculata Invert | X X X
Potamogeton crispus Plants | X X X X
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Potamopyrgus

antipodarum Invert | X X X X
Procambarus clarkii Invert | X X X
Proterorhinus

semilunaris Fish X X

Pterygoplichthys

disjunctivus Fish X X X
Pterygoplichthys

multiradiatus Fish X X X
Pylodictis olivaris Fish X X

Salmo trutta Fish X X

Salvinia minima Plants | X X X X X
Salvinia molesta Plants | X X X X X
Tamarix chinensis and

ramosissima Plants | X X

Tamarix sp Plants | X X

Trapa bispinosa Plants | X X X X

Trapa natans Plants | X X X X

Typha domingensis Plants | X X X X

Utricularia inflata Plants | X X X X

Veronica anagallis-

aquatica Plants | X X X X

Table S1. List of occurrence data sources. We used records from these sources to build species

distribution model training and testing data.
Name
Bureau of Land Management’s (BLM) Assessment, In-
ventory and Management (AIM) and Lotic databases

Early Detection and Distribution Mapping System (ED-
DMapS)
Global Biodiversity Information Facility (GBIF)

iMaplnvasives

LANDFIRE (LF) 2016 Remap Reference Database
(LFRDB)

Standardized Plant Community with Introduced Status
(SPCIS) database

National Park Service’s National Invasive Species Infor-
mation Management System (NISIMS)

Nonindigenous Aquatic Species Database (NAS)

Plant occurrence and abundance data
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www.blm.gov/aim

www.eddmaps.org

www.gbif.org
(GBIF, 2024a, 2024b)

WWW.Imapinvasives.org

LANDFIRE, 2016

Petri et al., 2023

irma.nps.gov/NISIMS/

U.S. Geological Survey, 2024
Bradley et al., 2024




Calculations for watchlist down weighting

We down weighted composite risk scores in some subwatersheds to develop our top ten
watchlists (Chapter 1, Fig. 7). To determine which scores to down weight, we first discretized
suitability rasters into suitable and unsuitable categories using a 5" percentile threshold rule
following Jarnevich et al. (2024). 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. All suitability values in the following
equations are summarized by focal species and subwatershed across the study area.
To begin, we identified subwatershed with a limited number of current and/or future predictions
using the following calculations:

Percent Current Suitable (PCS)

(pixels with stable suitability values + pixels with decreasing suitability in the future)

total number of pixels of available freshwater

Percent Future Suitable (PFYS)

(pixels with stable suitability values + pixels with increasing suitability in the future)

total number of pixels of available freshwater

Stable suitability is where pixels are predicted as suitable both currently and in the future.
Increasing suitability is when pixels are predicted as unsuitable currently but suitable in the future.
Decreasing suitability is when pixels are predicted as currently suitable but unsuitable in future.
Available freshwater pixels come from the rasterized values of lakes, wetlands (lentic systems),
rivers, and streams (lotic systems) from the National Hydrological Dataset (NHD) polygons and

polylines (United States Geological Survey, 2025). For either the PCS or PFS ratio, we flagged
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values less than 0.1, down weighted their respective current or future suitability to zero, and re-
calculated the final composite score. These locations represent subwatersheds where suitability
incompletely describes freshwater invasion risk, creating misleading rankings when aggregating
results.

Our second down weighting process identified subwatersheds where future suitability was
highly variable across models, which is one measure of uncertainty in predictions. We first
classified future uncertainty by comparing maximum and minimum future suitability values across
the Generalized Circulation Models using the following calculation:

Future Uncertainty (FU)

(pixels with stable suitability values,, + pixels with increasing suitability values in the future,q,) —

(pixels with stable suitability values,,;, + pixels with increasing suitability values in the future,;,)

To represent the ratio of uncertain future predictions to available freshwater, we then

calculated:

Percent Future Uncertain (PFU)

total numer of uncertain pixels

total number of pixels of available freshwater

Where PFU > PFS or PFU > (PFS*2), we down weighted future suitability scores to zero
and re-calculated the final composite score. These changes captured areas where most pixels with
predictions within a subwatershed had high uncertainty. The table below provides examples of
hypothetical values to demonstrate the down weighting logic and resulting changes in final

composite scores.
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Table S3. Example down weighting logic.

Original | Original | Original New New
Current | Future |Secondary| Current | Future Original New |Composite
Down Suitability | Suitability | Pathways | Suitability | Suitability | Composite | Composite| Score

PCS | PFS | PFU Weight Score Score Score Score Score Score Score Change

Reason
Max: 1 Max: 1 Max: 1 Max: 1 Max: 1 Max: 1 Max: 1 Max: 1
Min: 0 Min: 0 Min: 0 Min: 0 Min: 0 Min: 0 Min: 0 Min: -1

PCS <0.1 0.30 0.30 0.30 0.00 unchanged 0.90 0.60 -0.30
PFS <0.1 1.00 0.50 0.50 unchanged 0.00 2.00 1.50 -0.50
FVP > FSP 0.75 1.00 0.25 unchanged 0.00 2.00 1.00 -1.00
FVP > FSP *2 0.60 0.80 0.90 unchanged 0.00 2.30 1.50 -0.80
None 0.90 0.20 0.60 unchanged | unchanged 1.70 1.70 0.00
1.01
0.91
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Figure S1. Performance across all models evaluated with the continuous Boyce index (CBI; Hirzel
et al., 2006) using model training data against randomly generated comparison points (z = 10,000).
Results are split by model habitat type (waterbodies or streams) and taxa group (fishes,
invertebrates, or plants). Taxa names with * have significant differences (p < 0.001) between the
distributions of waterbody (lentic) and stream (lotic) CBI values.
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APPENDIX 2 - SUPPLEMENTAL INFORMATION FOR CHAPTER 2
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Figure S1. Model performance (root mean square error; RMSE) when comparing predictions to
true probabilities of presence for the virtual species along a gradient of environmental similarity
between model training data and external test data as measured by multivariate environmental
similarity surface values (MESS; Elith et al., 2010). RMSE calculated here in bucketed increments
of 10 MESS values (ex. < 0 and >= -10). The smaller number above the bucket range shows the
mean count of values within the range across methods. The more negative the value bucket range,
the more dissimilar the environmental conditions are from those found in the training data.
(HASH-NOSUB: hashtag without large spatial blocks; HASH-WITHSUB: hashtag with smaller,
subsampled blocks; LOO: buffered leave-one-out; RAND: random).
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Figure S2. An example of the hashtag splitting method performed across multiple disjunct
distributions for a single species in the conterminous United States. Black points represent training
data and red points represent withheld test data.

Table S1. Optimized hyperparameter settings for tuned lightGBM models for random (RAND)
and hashtag with subsampling (HASH-WITHSUB) and without subsampling (HASH-NOSUB).

Method stop iter [learn rate tree depth loss reduction [num leaves
HASH-NOSUB 12 0.233 1 3.48 64
HASH-WITHSUB |12 0.233 1 3.48 64
RAND 12 0.233 1 3.48 64
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