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Introduction 

Aquatic invasive species (AIS) impose substantial ecological and economic costs worldwide, 

creating a need for tools that can anticipate invasion risk across heterogeneous landscapes. 

Species distribution models (SDMs) are widely used to identify suitable habitat and forecast 

potential invasion fronts (Jarnevich et al. 2023; Rees et al. 2022; Zhao et al. 2023). Most SDMs 

rely on climate and remotely sensed environmental variables, such as land cover, vegetation 

indices, and topography, to characterize environmental suitability. However, occupancy depends 

not only on suitable habitat but also on dispersal and accessibility, establishment constraints, and 

ecological context. This limitation is particularly relevant for invasive species, whose 

distributions often remain far from equilibrium because of ongoing dispersal and colonization 

(Elith & Leathwick 2009; Jiménez-Valverde et al. 2008). Consequently, models based solely on 

environmental suitability may produce biased or spatially inconsistent estimates of invasion risk 

when key ecological processes are omitted (Liu, Chunlong et al. 2020). 

Machine learning provides a flexible framework for integrating diverse ecological datasets while 

capturing non-linear relationships and interactions among predictors, particularly when 

combined with large observational datasets (Elith et al. 2006; Rahel & Olden 2008). However, 

many invasion-relevant data sources are not available as ready-to-use spatial predictors. 

Information on water chemistry, biodiversity, transportation networks, and human movement is 

often collected as point observations, polygons, or network data rather than continuous spatial 

layers. Operationalizing process-informed invasion-risk models therefore require reproducible 

methods for converting heterogeneous ecological datasets into predictor layers that can be 

integrated with conventional environmental variables (Franklin 2010; Guisan & Thuiller 2005). 

Recent advances in data availability and spatial processing now make this increasingly feasible, 

creating opportunities to move beyond environmental suitability modeling toward explicit 

representation of the processes governing invasion. 

Recent advances in environmental monitoring, biodiversity databases, water-quality programs, 

transportation datasets, and cloud-based geospatial platforms have dramatically expanded the 

ecological information available for species distribution modeling (Amani et al. 2020; Gorelick 

et al. 2017; Guerin et al. 2024). At the same time, increasing computational capacity and 
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accessible geospatial workflows have made it possible to transform these heterogeneous datasets 

into standardized spatial predictors suitable for machine-learning applications (Gorelick et al. 

2017). As a result, dispersal/accessibility, physiological constraint, and ecological context 

predictors can now be represented alongside traditional environmental suitability predictors. 

Despite increasing recognition that dispersal/accessibility, physiological constraints, and 

ecological context influence invasion outcomes (Elith et al. 2010; Kearney, Michael & Porter 

2009; Kearney, Michael R. et al. 2010), relatively few studies have developed transferable 

workflows for converting these processes into spatial predictor layers that can be systematically 

incorporated into SDMs. Existing studies typically evaluate a limited set of process-specific 

variables within individual taxa or regions, making it difficult to generalize approaches across 

invasion systems. As a result, invasion-risk modeling remains constrained not only by predictor 

availability but also by the absence of reproducible frameworks for generating, evaluating, and 

transferring process-informed predictors across species and landscapes. 

This study develops and evaluates a transferable framework for generating and evaluating four 

complementary predictor groups: environmental suitability, physiological constraint, ecological 

context, and dispersal/ accessibility predictors. We demonstrate the framework using zebra 

mussel (Dreissena polymorpha) invasion across Minnesota, USA as a case study. Specifically, 

we evaluate how the successive addition of these predictor groups influences model 

performance, class discrimination, spatial consistency, uncertainty, and predictor importance 

relative to a baseline model built from environmental suitability predictors alone. More broadly, 

this study assesses how process-informed predictors contribute to invasion-risk modeling and 

provides a transferable workflow for generating, testing, and prioritizing predictor groups across 

invasive species and geographic regions. 

Methods 

Study taxa and region 

This study included 2,203 lakes across Minnesota (MN), USA. Minnesota provides extensive 

AIS monitoring, fisheries surveys, water-quality, and watercraft inspection datasets that enable 

the generation of environmental suitability, physiological constraint, ecological context, and 

dispersal/accessibility predictors within a common modeling framework. Zebra mussels 
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(Dreissena polymorpha) were selected as a case study because their spread is strongly influenced 

by human-mediated transport and establishment is constrained by well-documented 

physiological thresholds related to calcium, pH, and temperature (McMahon 1996; Nalepa & 

Schloesser 2013). Their extensive monitoring history and ongoing range expansion make them 

well suited for evaluating process-informed invasion-risk predictors. 

Occurrence data sources and formatting 

We sourced zebra mussel occurrence data from multiple publicly available databases, including 

the USGS Nonindigenous Aquatic Species (NAS) database, EDDMapS, the Minnesota 

Department of Natural Resources (MN DNR) geospatial repository, and the Global Biodiversity 

Information Facility (GBIF). Following the removal of duplicate records, 877 unique presence 

points remained. Among the 2,203 lakes included in this study, 296 had confirmed zebra mussel 

invasions. We generated 1,913 background points by creating a random point within each of the 

lakes without detections. Because zebra mussel invasion remains ongoing, some background 

lakes may represent suitable but currently uninvaded systems. Consequently, model outputs 

should be interpreted as distinguishing invaded from currently undetected lakes rather than true 

absences. 

Predictor variables 

Rather than assembling existing predictor layers alone, we developed a reproducible workflow 

for transforming heterogeneous ecological datasets into standardized spatial predictors 

representing four ecological domains relevant to invasion risk: environmental suitability, 

physiological constraints, ecological context, and dispersal/accessibility. The workflow was 

designed to be transferable across species and regions, allowing alternative data sources to be 

substituted while preserving the ecological processes represented by each predictor group. 

Environmental suitability predictors 

Environmental suitability predictors were derived from publicly available remotely sensed and 

climate datasets accessed through Google Earth Engine (GEE) (Carter et al. 2021). Predictor 

layers included vegetation, temperature, hydrologic, topographic, and anthropogenic metrics, 

together with interpolated climate records and the global Human Modification Index (gHM) 

(Kennedy et al. 2019). All datasets were filtered to the 2002–2023 study period and subjected to 
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sensor-specific quality-control procedures prior to temporal aggregation. Derived environmental 

predictors included spectral indices describing built-environment influence, aquatic productivity, 

turbidity, and surface-water conditions, as well as phenology and ice-cover metrics derived from 

long-term MODIS records. Missing gHM values over water were filled using nearest-neighbor 

imputation. 

To represent environmental similarity between the study region and the species’ native range, we 

generated a Multivariate Environmental Similarity Surface (MESS) (Elith et al. 2011) using a 

suite of globally available environmental predictors. Native-range occurrence records were 

obtained from GBIF and compared with environmental conditions across Minnesota using 

median conditions from 2003–2023. Resulting similarity scores were included as an additional 

environmental suitability predictor. 

Physiological constraint predictors 

Physiological constraint predictors represent environmental conditions that may influence 

survival, growth, and reproduction. Predictor layers included dissolved calcium, dissolved 

oxygen, chlorophyll-a, nitrogen, phosphorus, pH, salinity, water temperature, and Carlson’s 

Trophic Status Index. 

Water chemistry observations were obtained from the National Water Quality Council (NWQC; 

https://www.waterqualitydata.us) and the Minnesota Pollution Control Agency surface-water 

monitoring program. To maximize spatial coverage, observations were summarized as long-term 

median values at each monitoring location. Continuous predictor surfaces were then generated 

using ordinary kriging implemented in SciKit-GStat (Mälicke 2021). Trophic status data were 

obtained from the Minnesota Pollution Control Agency and incorporated as a complementary 

indicator of nutrient conditions. 

Ecological context predictors 

Ecological context predictors were developed to represent biological communities and invasion 

history within individual waterbodies. Fish survey data were obtained through the Minnesota 

Department of Natural Resources LakeFinder API and filtered to surveys conducted since 2002. 

Survey records were used to calculate metrics describing community composition, including 
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species richness, gamefish richness, Shannon diversity, management-group richness, and 

subbasin-level diversity measures. 

To represent invasion history, we calculated the richness of established aquatic invasive species 

within four taxonomic groups: plants, crustaceans, fish, and mollusks. Biological metrics were 

linked to individual lakes using Department of Waters (DOW) identifiers and subsequently 

converted to continuous raster layers at 1-km resolution. 

Dispersal/accessibility predictors 

Dispersal/accessibility predictors were designed to represent propagule pressure, connectivity, 

and the accessibility of recipient systems to human-mediated and hydrologic transport pathways. 

We incorporated estimates of boater-mediated movement derived from AIS Explorer (Kao et al. 

2021; Kinsley et al. 2022), which uses watercraft inspection records to model movement 

probabilities among MN lakes. These estimates provide a direct measure of dispersal through 

human-mediated dispersal pathways. 

We also generated a road-network connectivity predictor representing the shortest travel distance 

between each waterbody and the nearest invaded source lake. Road-network data were obtained 

from the 2023 TIGER/Line primary and secondary roads dataset, while public access locations 

were obtained from USGS access-point data. Distances were calculated using Dijkstra’s shortest-

path algorithm implemented through NetworkX (Hagberg & Conway 2020). 

Additional accessibility predictors included the number of public boat launches associated with 

each waterbody and a waterbody alteration layer representing anthropogenic modification of 

hydrologic systems. Boat-launch locations were obtained from the USGS boat-ramp dataset, 

while alteration data were obtained from the Minnesota Geospatial Commons. Both datasets 

were spatially joined to lake polygons and converted to 1-km raster layers for subsequent 

modeling. 

Predictor variable selection 

To reduce predictor redundancy and multicollinearity (Dormann et al. 2013), we applied a two-

stage correlation filtering procedure. Predictors were grouped into four ecological domains: 

environmental suitability, physiological constraints, ecological context, and 
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dispersal/accessibility. Pearson correlations were calculated among predictors within each group 

and aggregated across repeated random samples of raster pixels using Fisher's z-transformation 

(Figures S1–S4). 

After removing within-group redundancy, correlations among the remaining predictors were 

evaluated across groups. Predictors with |r| > 0.70 were excluded, resulting in the removal of 14 

variables (Figure S5). The final dataset consisted of 43 predictors spanning environmental 

suitability (n = 17), physiological constraints (n = 9), ecological context (n = 14), and 

dispersal/accessibility (n = 4) (Table 1). 

Modeling framework & evaluation 

To evaluate the contribution of process-informed predictors to invasion-risk modeling, we 

compared a baseline model containing only environmental suitability predictors with models that 

progressively incorporated physiological constraint, ecological context, and 

dispersal/accessibility predictors. Environmental suitability predictors consisted of climate and 

remotely sensed variables representing broad-scale habitat conditions, while the additional 

predictor groups represented distinct ecological processes associated with establishment and 

spread. 

Models were implemented using an ensemble Voting Classifier in Scikit-Learn (Pedregosa et al. 

2011). Predictions were generated using soft voting, which averages class probabilities across 

five complementary algorithms: logistic regression, decision tree, random forest, gradient 

boosted decision trees, and multilayer perceptron neural network. Using a common ensemble 

structure allowed differences among treatments to be attributed to predictor composition rather 

than model selection. 

Model performance was evaluated using the True Skill Statistic (TSS), which balances 

sensitivity and specificity and ranges from −1 to 1, with values above 0.6 generally considered 

indicative of strong predictive performance (Allouche et al. 2006; Landis & Koch 1977; Liu, 

Canran et al. 2013). Because missed invasions can limit opportunities for early detection and 

rapid response, we considered TSS ≥ 0.80 to represent operationally useful performance. 

Models were evaluated across 30 replicate train-test partitions. For each replicate, 25% of 

presence records and 15% of background records were withheld for testing. To ensure fair 
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comparisons among predictor treatments, identical train-test partitions were maintained across all 

model configurations within each replicate. Mean TSS was calculated across replicates. 

To quantify the contribution of each predictor group, we calculated the change in TSS (ΔTSS) 

relative to the environmental suitability model for each replicate. This approach follows a 

common SDM model-comparison framework in which alternative predictor sets are evaluated 

relative to a shared baseline using identical training and testing data partitions (Bucklin et al. 

2015). 

In addition to overall model performance, we evaluated class separation between invaded and 

background sites using a common testing dataset shared across all treatments (Jiménez‐Valverde 

et al. 2013). We quantified this separation using both threshold exceedance rates and Cohen's d, 

a standardized effect size describing the magnitude of separation between predicted probabilities 

at invaded and background locations. Similar distribution-based assessments have been 

advocated as complementary to traditional SDM performance metrics because they provide 

information on class discrimination beyond aggregate measures such as AUC or TSS.  

Spatial diagnostics 

Spatial uncertainty was quantified as the pixel-wise standard error across replicate predictions, 

an approach commonly used in ensemble species distribution modeling to characterize prediction 

stability and identify regions of model disagreement (Araújo & New 2007; Marmion et al. 2009). 

Because identical train-test partitions were maintained across treatments, differences in SE 

reflect predictor composition rather than sampling variation. 

Pixel-wise difference (Δ) maps were generated by subtracting predictions from the 

environmental suitability model from each process-informed model, a commonly used approach 

for visualizing spatial changes in suitability associated with alternative model assumptions or 

predictor sets (Elith & Leathwick 2009; Franklin 2010). For each treatment, we summarized the 

proportion of invaded and background locations exhibiting increased or decreased predicted 

probabilities, allowing the influence of physiological constraint, ecological context, and 

dispersal/accessibility predictors on spatial risk patterns to be directly compared. 

Predictor importance 
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To examine how the representation of invasion processes influenced model interpretation, we 

quantified predictor importance across predictor treatments using three complementary methods: 

recursive feature elimination (Chen et al. 2018), permutation importance (Altmann et al. 2010), 

and drop-column importance (Draper & Smith 2014). Analyses were conducted for four 

modeling algorithms (decision tree, random forest, boosted regression tree, and logistic 

regression) using a representative subset of 10 model replicates per treatment. 

For each replicate, predictors were ranked according to their contribution to model performance. 

Rankings were then aggregated across importance methods, algorithms, and replicates by 

tallying the frequency with which each predictor appeared among the three most influential 

variables. The resulting Top 3 vote count provided a measure of the consistency of predictor 

importance across modeling approaches and allowed changes in variable importance to be 

compared among environmental suitability, physiological constraint, ecological context, and 

dispersal/accessibility predictor treatments. 

Results 

Model performance by predictor group 

Models based on environmental suitability predictors achieved moderate-to-high predictive 

performance across replicates (Figure 2). Adding physiological constraint predictors produced 

modest improvements in performance, while ecological context predictors yielded further gains. 

The largest increase occurred when dispersal/accessibility predictors were included, resulting in 

substantially higher predictive accuracy than environmental suitability predictors alone. Models 

containing all predictor groups performed similarly to Environmental + Dispersal/accessibility 

models, suggesting that dispersal/accessibility predictors accounted for much of the additional 

explanatory power. 

Model performance remained consistently high across treatments, with relatively narrow 

confidence intervals among replicates (Table 2). Treatments lacking dispersal/accessibility 

predictors showed greater overlap in performance and smaller improvements among predictor 

groups. 
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Class separation 

Predicted probabilities differed consistently between invaded and background locations across all 

predictor treatments, with progressively stronger class separation as process-informed predictors 

were added (Table S1). Environmental suitability predictors alone produced substantial 

discrimination, while physiological constraint and ecological context predictors further increased 

separation. The largest improvement occurred when dispersal/accessibility predictors were 

included, producing near-complete separation of predicted probability distributions, minimal 

classification overlap, and the largest Cohen's d values among treatments. Models incorporating 

all predictor groups showed nearly identical behavior, indicating that dispersal/accessibility 

predictors contributed most of the additional discriminatory power. To highlight the largest 

treatment effect, Figure 3 compares Environmental suitability and Environmental suitability + 

Dispersal/accessibility models; equivalent distributions for all treatments are provided in Figure 

S6. 

Spatial diagnostics 

Prediction uncertainty remained low across treatments and declined substantially when dispersal 

/accessibility predictors were included (Figure 4a). Mean standard error surfaces for 

Environmental + Dispersal/accessibility models were approximately half those of Environmental 

Suitability models, indicating greater consistency among replicate predictions (Table S2). 

Confidence intervals around mean standard error remained narrow despite localized areas of 

elevated uncertainty. 

Additional predictor groups systematically increased predicted probabilities at invaded locations 

while decreasing probabilities at background locations (Table S2). Physiological constraint and 

ecological context predictors produced moderate shifts, whereas dispersal/accessibility predictors 

generated large and highly consistent changes across most locations (Figure 4b). More than 94% 

of invaded sites increased in predicted probability following the addition of 

dispersal/accessibility predictors, while a similarly large proportion of background sites showed 

decreased probabilities. Together, these patterns indicate improved discrimination and spatial 

consistency. 
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Predictor importance 

Predictor importance shifted consistently as additional predictor groups were introduced (Figure 

5). In the Environmental suitability model, importance was dominated by broad-scale 

environmental variables, particularly global human modification (gHM), NDVI, winter 

precipitation, and ice-related indices. Adding physiological constraint predictors redistributed 

importance toward calcium, chlorophyll-a, turbidity, and pH, while reducing the relative 

influence of several environmental predictors. 

A stronger reorganization occurred when ecological context predictors were included, with fish 

community composition and richness metrics emerging among the most frequently selected 

predictors. The largest shift occurred in Environmental + Dispersal/accessibility models, where 

boater movement and distance to source became dominant predictors and substantially reduced 

the importance of other predictor groups. 

When all predictor groups were combined, importance remained concentrated in 

dispersal/accessibility predictors, particularly boater movement and distance to source, while a 

subset of ecological context and environmental predictors retained secondary influence. 

Predictors that were highly important in Environmental suitability models, including gHM and 

NDVI, declined substantially in importance after process-informed predictors were introduced. 

Discussion: 

Integrating process-informed predictors with conventional environmental suitability variables 

substantially improved model performance, class separation, and spatial consistency, indicating 

that invasion risk cannot be explained by environmental conditions alone. Models based solely 

on climate and remotely sensed predictors achieved strong performance, yet each additional 

predictor group contributed information not captured by environmental variables. The largest 

improvements were associated with dispersal/accessibility predictors, followed by ecological 

context predictors and physiological constraints. Together, these results suggest that realized 

invasion patterns emerge from the interaction of habitat suitability, dispersal/accessibility, 

establishment constraints, and community context rather than any single process operating in 

isolation. 
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These findings support growing recognition that invasive species often violate equilibrium 

assumptions underlying traditional species distribution models because observed distributions 

reflect ongoing dispersal, establishment, and human-mediated spread rather than equilibrium 

with environmental conditions (Gallien et al. 2012; Jiménez-Valverde et al. 2008). By 

incorporating predictors that explicitly represent these processes, invasion-risk models can move 

beyond static habitat suitability toward a more process-informed representation of how invasions 

unfold across heterogeneous landscapes. Notably, the sequential improvements associated with 

dispersal/accessibility, physiological constraint, and ecological context predictors parallel the 

invasion pathway itself, in which species must first arrive, then establish, and ultimately persist 

within recipient communities (Blackburn et al. 2011). 

Predictor importance depends on the processes represented 

Perhaps the most informative result was not the increase in predictive performance itself, but the 

reorganization of predictor importance following the inclusion of process-informed variables. 

Environmental-only models were dominated by broad-scale predictors such as global human 

modification, vegetation indices, precipitation, and ice-related metrics. However, the importance 

of many of these variables declined substantially once dispersal/ accessibility and physiological 

constraint predictors were introduced. 

This pattern suggests that predictor importance is contingent on the ecological processes 

represented within a model. Predictors identified as highly influential in environmental-only 

SDMs may not necessarily be the strongest drivers of occurrence; instead, they may partially 

function as surrogates for unmeasured processes related to dispersal, establishment, or 

community context. As more explicit representations of these processes were incorporated, 

explanatory power shifted toward predictors more directly linked to invasion dynamics. 

The resulting changes in variable rankings highlight an important but often overlooked property 

of species distribution models: predictor importance is conditional rather than absolute. The 

apparent importance of any predictor depends not only on its relationship with species’ 

occurrence but also on which competing explanations are available within the model. 

Consequently, importance rankings should be interpreted as evidence of predictive contribution 

within a particular predictor set rather than as a universal hierarchy of ecological drivers. 
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This finding has implications beyond zebra mussels and invasion-risk modeling. Environmental 

variables are frequently interpreted as evidence of causal ecological relationships because they 

often emerge as dominant predictors in correlative SDMs (Elith et al. 2010; Franklin 2010). Our 

results suggest that such interpretations may be incomplete when key ecological processes are 

omitted. The decline in importance of several environmental predictors following the inclusion 

of process-informed variables indicates that part of their predictive value reflected covariance 

with dispersal/accessibility, establishment constraints, or ecological context. Explicitly 

representing these processes therefore improves not only predictive performance but also 

ecological inference by reducing reliance on indirect environmental surrogates. Viewed 

collectively, the results suggest that process-informed predictors contribute value not only by 

improving predictive performance, but by partitioning invasion risk into biologically 

interpretable components associated with arrival, establishment, and persistence. 

Dispersal/accessibility emerged as the dominant invasion process 

Reframing predictor importance at the level of ecological processes revealed that 

dispersal/accessibility contributed the greatest explanatory power in this system. Models 

containing dispersal/accessibility predictors performed similarly to models containing all 

predictor groups, indicating that dispersal/accessibility accounted for much of the additional 

variation captured by the full model. This result suggests that realized zebra mussel distributions 

across MN are structured at least as strongly by dispersal/accessibility as by environmental 

suitability. 

Boater movement emerged as the single most influential predictor when all predictor groups 

were combined. Although some association between boating networks and invasion status is 

expected given the well-established role of recreational boating in zebra mussel spread 

(Bossenbroek et al. 2001; Rothlisberger et al. 2010). Rather, it quantifies connectivity among 

waterbodies and the potential for propagule transfer from invaded source populations (Kinsley et 

al. 2024; Leung et al. 2004). Its predictive value therefore stems from representing a 

hypothesized invasion process rather than reproducing species records themselves. More 

importantly, the objective of this study was not to identify predictors independent of invasion 
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dynamics, but to evaluate whether explicit representation of invasion processes improves 

predictive performance relative to environmental suitability alone. 

The dominance of dispersal predictors reinforces the distinction between potential and realized 

distributions. Many lakes may possess environmental conditions capable of supporting zebra 

mussels, but establishment cannot occur without successful introduction (Blackburn et al. 2015). 

Under these conditions, invasion risk is structured less by where an invasion could persist and 

more by which systems are likely to be reached through human-mediated movement networks. 

The strong influence of dispersal/accessibility therefore suggests that zebra mussel distributions 

in Minnesota remain dispersal limited and have not reached equilibrium with environmental 

conditions (Liu, Chunlong et al. 2020). 

Physiological constraints and ecological context refine dispersal/accessibility-based risk 

Although dispersal/accessibility explained much of the observed invasion pattern, these 

predictors alone were insufficient to explain the current distributions of the model taxon. 

Physiological constraint predictors improved model performance by representing environmental 

conditions that influence establishment and persistence following introduction. Variables such as 

calcium concentration, pH, chlorophyll, and turbidity emerged as important predictors when 

included in models, indicating that invasion success depends not only on whether propagules 

arrive but also on whether local conditions permit population persistence. 

The shift in predictor importance following inclusion of physiological constraint variables 

suggests that some environmental predictors in baseline models partially captured underlying 

water chemistry gradients. Explicitly representing these constraints therefore improved 

ecological interpretation while reducing reliance on indirect environmental proxies. In practical 

terms, physiological constraint predictors help distinguish accessible systems capable of 

supporting persistent populations from those that may experience repeated introductions but fail 

to sustain long-term establishment. 

Ecological context predictors represented a further layer of filtering operating after introduction 

and establishment. Although their contribution was smaller than that of dispersal/accessibility or 

physiological constraints, they provided consistent improvements in model performance. 
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Notably, the strongest biotic signals were associated with native fish assemblage metrics rather 

than invasive species richness. This pattern suggests that community composition functions less 

as a direct measure of invasion pressure and more as an integrator of long-term ecological 

conditions. Native fish assemblages reflect productivity, habitat quality, trophic structure, and 

history of disturbance, potentially capturing dimensions of ecological suitability not fully 

represented by environmental or chemical predictors (Rahel & Olden 2008). 

Together, these results support a hierarchical interpretation of invasion risk in which 

dispersal/accessibility governs arrival, physiological constraints govern establishment potential, 

and ecological context modifies persistence and invasion outcomes following establishment. 

Spatial diagnostics reveal where invasion processes govern risk 

The spatial analyses revealed that different invasion processes left distinct geographic signatures 

across the landscape. Dispersal/accessibility predictors increased predicted suitability across 

highly connected lake networks, highlighting dispersal-driven invasion corridors that were not 

identified by environmental suitability alone. In contrast, physiological constraint predictors 

reduced suitability in subsets of otherwise accessible systems, revealing locations where 

environmental conditions may limit establishment despite continued introduction pressure. 

These spatial shifts indicate that different predictor groups contribute distinct ecological 

information rather than simply improving model accuracy. Delta surfaces therefore provide a 

useful framework for identifying where invasion risk is primarily governed by dispersal 

limitation, dispersal/accessibility, environmental suitability, or establishment constraints. 

Prediction uncertainty showed a similar pattern. Inclusion of dispersal/accessibility predictors 

substantially reduced uncertainty across much of the study region, indicating greater consistency 

among replicate predictions. Areas where uncertainty remained elevated likely represent 

locations where multiple invasion processes interact or where dispersal/accessibility and 

establishment constraints generate conflicting signals. Taken together, the delta and uncertainty 

surfaces demonstrate that process-informed predictors leave detectable geographic signatures, 

allowing invasion-risk maps to be interpreted in terms of both risk and the mechanisms 

generating that risk. 
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A transferable framework for evaluating ecological processes in invasion-risk models 

The primary contribution of this study is not identifying which variables best predict zebra 

mussel occurrence but providing a framework for evaluating how alternative ecological 

processes contribute to invasion-risk prediction. Increasing availability of environmental 

monitoring programs, biodiversity databases, transportation datasets, and cloud-based geospatial 

platforms has dramatically expanded the ecological information available for species distribution 

modeling. However, many of these data remain underutilized because they are not available as 

standardized spatial predictors. 

The workflows developed here provide a reproducible approach for transforming heterogeneous 

ecological datasets into predictor layers representing environmental suitability, 

dispersal/accessibility, physiological constraints, and ecological context. Equally important, the 

framework allows researchers to compare the explanatory contribution of alternative ecological 

processes within a common modeling workflow. This provides a mechanism for identifying 

priority data sources, diagnosing limitations of existing models, and highlighting monitoring 

gaps that may constrain predictive performance. 

Importantly, improved predictive performance should not be interpreted as direct evidence of 

causality (Elith & Leathwick 2009; Fourcade et al. 2018). Although predictors were grouped 

according to hypothesized invasion processes, the models remain correlative and evaluate the 

predictive value of process-informed representations rather than the underlying mechanisms 

themselves. Consequently, the framework is best viewed as a tool for generating and prioritizing 

ecological hypotheses while improving forecasting performance, rather than for demonstrating 

causal relationships. 

Not all predictors proved important in this study, but their limited contribution should not be 

interpreted as a lack of ecological relevance. Predictor importance is inherently context 

dependent and will vary among taxa, regions, and stages of invasion (Strobl et al. 2008). The 

strength of this framework therefore lies not in identifying a universal set of important variables, 

but in providing a systematic approach for testing ecological hypotheses about the processes 

governing species distributions. 
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Several limitations should be considered. Although the framework incorporates multiple 

ecological processes, the underlying models remain correlative and do not explicitly represent 

demographic dynamics. Temporal mismatches among occurrence, environmental, and movement 

datasets may introduce uncertainty, and boating-based dispersal/accessibility metrics remain 

imperfect proxies for propagule pressure. Similarly, interpolated water chemistry surfaces may 

obscure fine-scale variability relevant to establishment thresholds. Background points were 

derived from lakes without detections and therefore include systems that may be suitable but not 

yet invaded or inadequately sampled. Consequently, performance metrics reflect discrimination 

between invaded and currently undetected lakes rather than true presence–absence classification 

and may change as invasion records accumulate through time. Future work should extend this 

framework by integrating temporal invasion data, dynamic dispersal processes, and process-

informed demographic models to better represent invasion trajectories through time. 

Despite these limitations, consistent improvements across multiple evaluation metrics indicate 

that process-informed predictors provide substantial benefits over environmental suitability 

models alone. More broadly, the framework demonstrates how invasion-risk modeling can be 

reframed as a process-informed extension of correlative species distribution modeling, providing 

a transferable approach for understanding and forecasting invasions across diverse taxa and 

regions. 

Conclusion: 

This study demonstrates a transferable framework for generating and evaluating process-

informed predictors that extend invasion-risk modeling beyond traditional climate- and remotely 

sensed-based approaches. Using zebra mussels as a case study, we showed that incorporating 

predictors representing dispersal, establishment constraints, and ecological context substantially 

improved predictive performance and ecological interpretability. More broadly, the framework 

provides a scalable approach for transforming heterogeneous ecological datasets into 

standardized spatial predictors that can be incorporated into machine-learning workflows across 

aquatic taxa, regions, and invasion contexts. 
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Tables: 
Table 1. Predictor variables considered for invasion-risk modeling of zebra mussels in Minnesota lakes. Predictors are organized by category (Environmental 

suitability, physiological constraints, ecological context, and dispersal and accessibility) and linked to the invasion processes they were intended to represent, 

including arrival, establishment viability, ecosystem productivity, ecological context, and human-mediated dispersal. Predictor descriptions summarize data 

sources, derivation methods, and spatial resolution, while biological relevance identifies hypothesized mechanisms through which each variable may influence 

invasion risk. Correlated predictors excluded from final model fitting are included to document the complete predictor framework evaluated in this study. 

Predictor 

Group 

Process 

Represented 

Predictor Description Biological Relevance Sources 

Environmental 

suitability 

Hydrological 

dynamics 

Flashiness, 

drawdown & 

runoff 

 

Variation in fractional surface water cover 

within a pixel derived from Landsat (30-

meter) satellite imagery. The median 

annual standard deviation per pixel, annual 

maximum & summer minimum percent 

water per pixel were used here. 

Hydrologic regime influences habitat 

stability, connectivity, and propagule 

transport. For zebra mussels, stable 

lentic or low-flow environments favor 

settlement and persistence, whereas 

extreme flow events can dislodge 

attached adults and reduce juvenile 

recruitment. 

European Commission 

Joint Research Centre 

(2022). JRC Monthly 

Water History, v1.4, 

accessed via GEE. 

Environmental 

suitability 

Human 

footprint 

(Static)  

Global human 

modification 

(gHM) 

gHM provides a cumulative measure of 

human modification of terrestrial lands 

globally at 1 km resolution, incorporating 

five major anthropogenic stressors: human 

settlement, agriculture, transportation, 

mining and energy production, and 

electrical infrastructure. Unitless metric 

based on 2016 data 

Human modification alters habitat 

conditions, increases disturbance, and 

creates pathways for species 

introductions. For zebra mussels, 

developed shorelines and 

infrastructure may provide artificial 

substrates for attachment and 

establishment. 

Global Human 

Modification (gHM); 

(Kennedy et al. 2019), 

accessed via GEE. 
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Environmental 

suitability 

Thermal 

phenology 

Growing 

season start, 

Growing 

season end, 

Growing 

season 

duration, Ideal 

days 

Growing Season Start: First Julian day that 

LST  is greater than or equal to 10°C; 

Growing Season End: First Julian day that 

LST is less than 10°C; Growing Season 

Duration: First Julian day that LST is less 

than 10°C minus First Julian day that LST 

is greater than or equal to 10°C; Ideal 

Days: Number of days LST is greater than 

17°C and less than 25°C. 

Thermal growing seasons influence the 

duration of biological activity, growth, 

and reproduction. For zebra mussels, 

longer periods of suitable temperatures 

increase opportunities for spawning, 

veliger development, and population 

expansion. 

MODIS AQUA Land 

Surface Temperature 8-day 

L3 Global 1 km 

(MYD11A2.061, V6; 

NASA LP DAAC, 2021), 

accessed via GEE (Wan et 

al. 2021). 

Environmental 

suitability 

Thermal 

suitability 

Heat insolation 

load 

Incident clear-sky solar radiation-derived 

over landforms and physiographic classes 

(90-m resolution). 

Solar energy influences local thermal 

regimes and ecosystem productivity. 

For zebra mussels, variation in heat 

exposure may affect growth, 

reproductive success, and the 

suitability of aquatic habitats. 

Global SRTM CHILI; 

(Theobald et al. 2015), 

accessed via GEE. 

Environmental 

suitability 

Ice phenology Ice melt, 

freeze-up, and 

ice-free 

duration. 

Ice melt: First day NDSI is < 0; Freeze up: 

First day NDSI is > 0.4; Ice-free duration: 

Number of days from first day NDSI is < 0 

to first day NDSI is > 0.4. 

Ice phenology regulates seasonal 

habitat availability, productivity, and 

human access to waterbodies. For 

zebra mussels, longer ice-free periods 

extend opportunities for reproduction, 

growth, and human-mediated 

dispersal. 

MODIS AQUA Snow 

Cover Daily Global 500 m 

(MYD10A1.061, V6; 

NASA LP DAAC, 2021), 

accessed via GEE. 

Environmental 

suitability 

Thermal 

suitability 

Land surface 

temperature 

(LST), annual 

& seasonal 

LST 

Surface skin temperature measured using 

satellite thermal infrared sensors (Kelvin; 

1-km resolution). Annual values represent 

long-term medians of yearly median 

composites (2003–2024); seasonal values 

(winter, spring, summer, fall) represent 

long-term medians of yearly seasonal 

mean composites calculated from Julian 

date ranges. 

Temperature is a fundamental driver of 

physiological performance, 

development, and species 

distributions. For zebra mussels, 

warmer conditions can accelerate 

growth, reproduction, and veliger 

development when within suitable 

thermal limits. 

MODIS AQUA LST 8-day 

composite (MYD11A2, 

Version 6; NASA LP 

DAAC, 2021), accessed via 

GEE. 
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Environmental 

suitability 

Establishment 

viability 

Native range 

similarity 

Per-pixel estimate of environmental 

similarity to conditions occupied within 

the native range, derived from a 

multivariate environmental similarity 

surface (MESS). Based on environmental 

conditions in the native and invaded 

ranges (2003–2024; 1-km resolution). 

Similarity to environmental conditions 

occupied within a species’ native 

range may identify habitats capable of 

supporting establishment and 

persistence, capturing 

multidimensional niche relationships 

not represented by individual 

predictors. 

Landsat 7, 8 & 9; MODIS 

(Veg, Global; NDSI; Terra 

Vegetation Continuous 

Fields Year); Global 

Monthly Precip; gHM; 

Global ALOS Topographic 

Diversity; Global SRTM 

CHILI; GBIF occurrence 

data, accessed via GEE. 

Environmental 

suitability 

Settlement 

potential 

Normalized 

difference 

built-up index 

(NDBI) 

NDBI quantifies the proportion of each 

pixel covered by built-up or impervious 

surfaces using Landsat shortwave infrared 

(SWIR) and near-infrared (NIR) bands. 

Unitless; 1-km resolution. Values 

represent long-term medians derived from 

yearly mean composites calculated 

between Julian days 152–243 during 

2003–2024. 

Built infrastructure can influence 

invasion risk through habitat 

modification and increased human 

activity. For zebra mussels, artificial 

structures may provide hard substrate 

for settlement and support local 

population growth. 

Landsat 7 ETM+, Landsat 

8 OLI/TIRS, and Landsat 9 

OLI-2/TIRS-2 surface 

reflectance products 

(USGS), accessed via GEE. 

Environmental 

suitability 

Resource 

availability 

Normalized 

difference 

chlorophyll 

index (NDCI) 

Derived from Landsat near-infrared (NIR) 

and red bands, this index quantifies the 

proportion of each pixel exhibiting aquatic 

greenness. Unitless; 1-km resolution. 

Values represent long-term medians 

derived from yearly mean composites 

calculated between Julian days 152–243 

during 2003–2024. 

Aquatic primary productivity 

influences resource availability and 

habitat quality for aquatic organisms. 

For zebra mussels, increased 

phytoplankton production can enhance 

food availability, growth, and 

reproductive output. 

Landsat 7 ETM+, Landsat 

8 OLI/TIRS, and Landsat 9 

OLI-2/TIRS-2 surface 

reflectance products (U.S. 

Geological Survey, 

accessed via GEE); 

(Mishra & Mishra 2012). 
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Environmental 

suitability 

Winter 

severity  

Normalized 

difference 

snow index 

(NDSI) 

Quantifies the presence and extent of snow 

cover using the Normalized Difference 

Snow Index (NDSI). Unitless; 1-km 

resolution. Values represent long-term 

medians derived from yearly winter 

(January–March) maximum composites 

during 2003–2024.  

Snow cover influences seasonal 

climate, hydrology, and ice dynamics. 

For zebra mussels, greater snow cover 

may affect ice duration, growing 

season length, and the timing of 

reproduction and dispersal 

opportunities. 

MODIS AQUA Snow 

Cover Daily Global 500 m 

(MYD10A1.061, V6; 

NASA LP DAAC, 2021), 

accessed via GEE. 

Environmental 

suitability 

Water clarity Normalized 

difference 

turbidity index 

(NDTI) 

Derived from Landsat green and blue 

bands, this index quantifies relative water 

turbidity and water clarity by measuring 

spectral variation associated with 

suspended sediments and other particulate 

matter. Unitless; 1-km resolution. Values 

represent long-term medians derived from 

yearly mean composites calculated 

between Julian days 152–243 during 

2003–2024. 

Water clarity influences primary 

productivity, habitat quality, and 

ecological conditions. For zebra 

mussels, turbidity may affect feeding 

efficiency, food availability, and long-

term population persistence. 

Landsat 7 ETM+, Landsat 

8 OLI/TIRS, and Landsat 9 

OLI-2/TIRS-2 surface 

reflectance products (U.S. 

Geological Survey, 

accessed via GEE); 

(Kshetri 2018; Varshney 

2013). 

Environmental 

suitability 

Watershed 

productivity 

Normalized 

difference 

vegetation 

index (NDVI) 

Quantifies vegetation density and 

photosynthetic activity across the 

landscape. Unitless; 1-km resolution. 

Values represent long-term medians 

derived from yearly mean growing-season 

composites (Julian days 152–243) 

calculated from 2003–2024. 

Vegetation productivity reflects 

watershed nutrient dynamics, and 

landscape processes that influence 

aquatic ecosystems. These factors may 

indirectly affect habitat suitability and 

invasion risk. 

MODIS AQUA Vegetation 

Indices 16-day L3 Global 

1 km (MYD13A2, Version 

6; NASA LP DAAC, 

2021), accessed via GEE; 

(Didan 2015). 
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Environmental 

suitability 

Hydrologic 

regime  

Precipitation: 

annual & 

seasonal total 

Total precipitation accumulated annually 

and seasonally (spring, summer, fall, and 

winter). Interpolated rain and snow 

accumulation from weather stations and 

actively sensed radar. Millimeters (mm); 

1-km resolution. Values represent long-

term medians derived from yearly 

precipitation accumulations calculated 

between 2003 and 2024.  

Precipitation influences hydrology, 

connectivity, nutrient transport, and 

water availability. These processes can 

alter habitat suitability, dispersal 

pathways, and establishment potential 

for aquatic invasive species. 

NLDAS-2: North 

American Land Data 

Assimilation System, Phase 

2 (NASA/NOAA/USGS, 

accessed via GEE); 

(Mitchell et al. 2004; Xia 

et al. 2012). 

Environmental 

suitability 

Landscape 

heterogeneity 

Topographic 

diversity 

Global ALOS Topographic Diversity is 

derived algorithmically using the multi-

scale Topographic Position Index (mTPI) 

to calculate hillslope position, along with 

soil moisture and the Continuous Heat-

Insolation Load Index (CHILI). Available 

as 270-meter pixels. Reprojected to 1-km 

resolution. 

Topographic heterogeneity influences 

watershed structure, hydrologic 

variability, and habitat complexity. 

These factors create spatial variation in 

environmental conditions that can 

affect colonization, establishment, and 

persistence. 

ALOS World 3D 

(AW3D30) derived 

topographic diversity 

(JAXA, accessed via 

GEE); (Theobald et al. 

2015). 

  

Physiological 

constraints 

Physiological 

suitability  

Calcium (Ca) Calcium concentrations derived from 

dissolved (Ca²⁺) and total recoverable 

measurements were converted to mg/l. The 

median value was aggregated for each 

station and surface-water monitoring 

observations were interpolated into a 

continuous 1-km prediction surface using 

ordinary kriging. 

Calcium influences physiological 

performance and establishment 

potential of many aquatic organisms. 

For zebra mussels, calcium is required 

for shell formation, growth, and 

reproduction, with dense populations 

most commonly occurring in lakes 

exceeding approximately 25 mg/L Ca 

and successful recruitment often 

limited under low-calcium conditions 

(McMahon 1996). 

National Water Quality 

Council (NWQC; 

https://www.waterqualityda

ta.us) and the MN surface 

water monitoring program 

(https://services.pca.state.m

n.us/surfacewater) 
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Physiological 

constraints 

Food 

availability 

Chlorophyll Chlorophyll concentrations derived from 

Chlorophyll-a, chlorophyll-a corrected, 

chlorophyll-a uncorrected, fluorometric 

chlorophyll-a, spectrophotometric 

chlorophyll-a, extracted chlorophyll-a 

were standardized to µg/L. The median 

value was then calculated for each station 

and then these were interpolated into a 

continuous 1-km raster surface using 

ordinary kriging. 

 

Phytoplankton biomass influences 

food-web productivity and resource 

availability. For zebra mussels, higher 

chlorophyll concentrations generally 

indicate greater food availability for 

filter feeding and may support 

population growth and reproduction. 

National Water Quality 

Council (NWQC; 

https://www.waterqualityda

ta.us) and the MN surface 

water monitoring program 

(https://services.pca.state.m

n.us/surfacewater) 

Physiological 

constraints 

Physiological 

suitability 

Dissolved 

oxygen (DO) 

DO derived from concentration and 

percent saturation measurements were 

converted to % saturation. The median 

value for each station was aggregated and 

then these were interpolated into a 

continuous 1-km raster surface using 

ordinary kriging. 

Dissolved oxygen regulates metabolic 

performance, survival, and habitat 

suitability for aquatic organisms. For 

zebra mussels, persistent populations 

are most associated with well-

oxygenated waters, whereas prolonged 

hypoxia can limit survival and 

establishment. 

National Water Quality 

Council (NWQC; 

https://www.waterqualityda

ta.us) and the MN surface 

water monitoring program 

(https://services.pca.state.m

n.us/surfacewater) 

Physiological 

constraints 

Nutrient 

availability 

Nitrogen (N) N concentrations derived from Nitrate, 

nitrite, nitrate nitrite, 

ammonia/ammonium, organic nitrogen, 

and total nitrogen measurements were 

standardized to mg/l. The median values 

were aggregated for each monitoring 

station and were then interpolated into a 

continuous 1-km raster surface using 

ordinary kriging.  

Nitrogen availability influences 

primary productivity and aquatic food-

web dynamics. For zebra mussels, 

increased nutrient availability may 

indirectly enhance food resources 

through greater phytoplankton 

production. 

National Water Quality 

Council (NWQC; 

https://www.waterqualityda

ta.us) and the MN surface 

water monitoring program 

(https://services.pca.state.m

n.us/surfacewater) 
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Physiological 

constraints 

Physiological 

suitability 

pH The median pH value was aggregated for 

each station and surface-water monitoring 

observations were interpolated into a 

continuous 1-km raster surface using 

ordinary kriging.  

pH influences physiological processes, 

nutrient availability, and shell 

formation in aquatic organisms. For 

zebra mussels, slightly alkaline 

conditions generally favor growth and 

reproduction, whereas low pH can 

impair shell formation and reduce 

establishment success. 

National Water Quality 

Council (NWQC; 

https://www.waterqualityda

ta.us) and the MN surface 

water monitoring program 

(https://services.pca.state.m

n.us/surfacewater) 

Physiological 

constraints 

Nutrient 

availability 

Phosphorus Phosphorus concentrations derived from 

Total phosphorus, orthophosphate, 

dissolved phosphorus, and reactive 

phosphorus measurements were 

standardized to mg/l. Surface-water 

monitoring observations were interpolated 

into a continuous 1-km raster surface using 

ordinary kriging.  

Phosphorus availability influences 

aquatic productivity and trophic state. 

For zebra mussels, moderate nutrient 

levels may enhance food availability, 

while highly eutrophic conditions can 

contribute to environmental stress 

through oxygen depletion. 

National Water Quality 

Council (NWQC; 

https://www.waterqualityda

ta.us) and the MN surface 

water monitoring program 

(https://services.pca.state.m

n.us/surfacewater) 

Physiological 

constraints 

Physiological 

tolerance  

Salinity Salinity concentrations derived from 

dissolved salts, total dissolved solids, and 

conductivity-derived salinity 

measurements were converted to ppt. The 

median values were calculated for each 

monitoring station. These medians were 

then used to interpolate salinity into a 

continuous 1-km raster surface using 

ordinary kriging.  

Salinity is a major physiological 

constraint affecting osmoregulation, 

survival, and reproduction. Although 

zebra mussels tolerate higher salinity 

than many freshwater bivalves, 

elevated salinity can limit 

establishment and become lethal 

beyond species-specific thresholds. 

National Water Quality 

Council (NWQC; 

https://www.waterqualityda

ta.us) and the MN surface 

water monitoring program 

(https://services.pca.state.m

n.us/surfacewater) 
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Physiological 

constraints 

Ecosystem 

productivity 

Carlson 

Trophic Status 

Index (TSI) 

MN Pollution Control Agency metric 

calculated from Total phosphorus, 

chlorophyll-a , and Secchi disk 

transparency (water clarity) which is 

combined to classify whether a waterbody 

is oligotrophic, mesotrophic or eutrophic. 

These data were joined to waterbody 

polygons and converted into a continuous 

1-km raster surface. 

TSI integrates nutrient availability, 

productivity, and ecosystem 

conditions. For zebra mussels, 

intermediate productivity often 

provides favorable food resources 

while avoiding the low-oxygen 

conditions commonly associated with 

highly eutrophic systems. 

MN surface water 

monitoring program 

(https://services.pca.state.m

n.us/surfacewater) 

Physiological 

constraints 

Thermal 

opportunity 

Water 

temperature 

Water temperature results were converted 

to ℃ and the median value for each station 

was aggregated. Surface-water monitoring 

observations were interpolated into a 

continuous 1-km raster surface using 

ordinary kriging.  

Water temperature regulates 

physiological performance, growth, 

and reproduction. For zebra mussels, 

spawning typically begins above 

~12°C, optimal development occurs at 

moderate temperatures, and both 

extreme cold and prolonged high 

temperatures can limit survival. 

National Water Quality 

Council (NWQC; 

https://www.waterqualityda

ta.us) and the MN surface 

water monitoring program 

(https://services.pca.state.m

n.us/surfacewater) 

Ecological 

context 

Invasion 

susceptibility 

Invasive 

species 

richness 

Total richness of invasive algae, 

crustaceans, fishes, mollusks, and aquatic 

plants recorded within each waterbody 

from USGS NAS and Minnesota DNR 

occurrence records. Separate richness 

metrics were calculated for each 

taxonomic group, with zebra mussel 

records excluded from invasive mollusk 

richness calculations to avoid circularity. 

Richness of other invasive species may 

indicate shared introduction pathways, 

disturbance history, propagule 

pressure, and ecosystem susceptibility 

to invasion. 

https://nas.er.usgs.gov/;  

  (Fuller & Neilson 2015). 
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Ecological 

context 

Ecological 

context 

Native fish 

diversity 

Total native fish richness and alpha 

diversity within each waterbody derived 

from fisheries monitoring data. Alpha 

diversity was calculated using catch-per-

unit-effort (CPUE), with additional 

richness and diversity metrics calculated 

for major taxonomic groups, including 

catostomids (suckers) and ictalurids 

(catfish). 

Native community composition 

reflects ecological conditions 

associated with habitat quality, 

productivity, and biotic resistance or 

facilitation. These factors may 

influence the probability of successful 

establishment and persistence by 

invasive species. 

Presence Absence 

Database of Fish in the 

Conterminous United 

States (ver. 2.0, December 

2024; (Cooper et al. 2022); 

MNDNRC survey data 

accessed via: 

http://services.dnr.state.mn.

us/api/lakefinder/by_id/v1 

Dispersal/ 

accessibility 

Human 

dispersal 

(Arrival) 

Boat 

movement 

Derived from AIS explorer Boater 

movement risk scores, which predicts the 

“risk score” for individual lakes (across 

MN) as a function of connections with 

other water through the movements of 

boaters recorded in 2017. These values 

were converted into 1-km pixels across the 

study area. 

Human-mediated movement is a 

primary driver of aquatic species 

introductions and spread. Boat 

visitation provides a direct measure of 

propagule pressure and potential 

transport among waterbodies. 

https://www.aisexplorer.u

mn.edu/; (Kao et al. 2021; 

Kinsley et al. 2022). 

Dispersal/ 

accessibility 

Natural 

dispersal 

(Arrival) 

Source 

pressure 

Derived from AIS explorer Water 

connectivity Risk Score, which predicts 

the “risk score” for individual lakes 

(across MN) as a function of water 

connectivity with infested sources and 

distance. These values were converted into 

1-km pixels across the study area. 

Connectivity to invaded source 

populations influences the likelihood 

of propagule arrival and colonization. 

Greater connectivity generally 

increases invasion risk through 

repeated introduction opportunities. 

https://www.aisexplorer.u

mn.edu/; (Kao et al. 2021; 

Kinsley et al. 2022). 
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Dispersal/ 

accessibility 

Human 

dispersal 

(Arrival) 

Distance to 

source (roads) 

Shortest distance via road network 

between a negative lake public access and 

a positive source lake ramp. The shortest 

distance was calculated for lakes with 

multiple public access sites. 

Accessibility to invaded source 

populations influences the probability 

of human-mediated introductions. 

Shorter travel distances may increase 

propagule transfer among waterbodies 

through recreational activities and 

equipment movement. 

Boat ramps United States 

dataset (USGS, available 

at: 

https://www.sciencebase.g

ov); TIGER/Line 

Shapefile, 2023 

Dispersal/ 

accessibility 

Human 

footprint 

(Static) 

Waterbody 

alteration 

Index of upstream hydrologic modification 

derived from the Minnesota Pollution 

Control Agency Statewide Altered 

Watercourse Project, which classifies 

stream segments as natural, altered, 

impounded, or lacking a definable channel. 

Anthropogenic modification can alter 

habitat structure, hydrologic 

connectivity, and ecological processes. 

These changes may influence both 

propagule transport and the suitability 

of habitats for establishment. 

Altered Watercourse 

Dataset; accessed via 

https://www.mngeo.state.m

n.us. 

Dispersal/ 

accessibility 

Introduction 

opportunity 

Number of 

boat launches 

Number of public boat launches associated 

with each waterbody derived from the 

USGS Boat Ramp Dataset and used as an 

indicator of recreational access. 

Recreational access influences 

propagule pressure by increasing 

opportunities for species transport 

among waterbodies. Greater access 

may therefore elevate invasion risk 

through increased introduction 

frequency. 

Boat ramps United States 

dataset (USGS, accessed 

via: 

https://www.sciencebase.g

ov) 

 

Table 2. Summary of model performance across predictor treatments. True Skill Statistic (TSS) values are reported as the mean and 95% confidence interval 

across model replicates. Delta TSS (ΔTSS) represents the change in performance relative to the baseline remote sensing and climate (RSD) model, quantifying 

the contribution of water chemistry, biological, propagule pressure, and combined predictor groups to invasion-risk prediction. 
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Treatment TSS 

(Mean) 

TSS CI 

lower 

TSS CI 

upper 

Delta 

(TSS) 

Delta CI 

lower 

Delta CI 

upper 

SE 

(Mean) 

SE ci 

lower 

SE ci 

upper 

Environmental 

suitability 

0.757 0.749 0.766 0.000 0.000 0.000 0.012 0 0.028 

Environmental + 

Physiological 

constraints 

0.773 0.764 0.782 2.116 0.530 3.703 0.011 0 0.028 

Environmental + 

Ecological context 

predictors 

0.816 0.807 0.825 7.763 6.157 9.369 0.011 0 0.029 

Environmental + 

Dispersal/ 

accessibility 

predictors 

0.940 0.932 0.947 24.062 22.609 25.515 0.005 0 0.027 

All Data 0.942 0.934 0.951 24.447 22.922 25.971 0.005 0 0.027 
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Figures 

 

Figure 1. Study area in Minnesota, USA, showing the 2,203 lakes included in zebra mussel invasion-risk modeling. 

Lakes are classified by invasion status, with red indicating confirmed zebra mussel occurrences (n = 296) and blue 

indicating surveyed lakes without recorded occurrences (n = 1,907). Occurrence and absence data were used to train 

and evaluate machine-learning models and characterize the spatial distribution of invasion risk across the Upper 

Mississippi River Basin. 

 

 

Figure 2. Distribution of model performance (True Skill Statistic; TSS) across predictor treatments for zebra mussel 

invasion-risk models in Minnesota. Violin plots show TSS values from 30 cross-validation replicates, with 25% of 

presence records and 15% of absence records withheld for testing during each replicate. White X symbols indicate 

mean TSS. The dashed horizontal line denotes a TSS of 0.80, the threshold adopted here to represent management-
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ready predictive performance. Env = Environmental suitability; Physio = Physiological constraints; Ecol = 

Ecological context; Disp/Acc = Dispersal/ accessibility. While TSS values above 0.70 are commonly considered 

indicative of good model performance, the more conservative threshold reflects the higher accuracy requirements 

associated with aquatic invasive species management and early detection. Model performance improved 

progressively as process-informed predictor groups were added to the baseline environmental-only model, with the 

largest gains associated with accessibility predictors and the highest overall performance achieved when all 

predictor groups were combined. 

 

 

Figure 3. Distribution of predicted probabilities for presence and background locations under a) Environmental 

model and b) Environmental + Dispersal/ accessibility model. These treatments are shown because they represent 

the baseline model and the largest observed improvement in discrimination. Corresponding distributions for all 

predictor treatments are provided in Figure S6. 

 

 
Figure 4. Spatial diagnostics for the Environmental + Accessibility model, including prediction uncertainty (SE) 

and changes in suitability relative to the Environmental Suitability model. Results for all predictor treatments are 

provided in Figures S7–S8. a) Uncertainty in predicted invasion probability. Standard error in predicted probability 

across the 30-replicates model was trained with the Environmental + Dispersal/ accessibility predictors. b) Heatmap 

showing differences in predicted risk for zebra mussel introduction (Δ Prediction) between models augmented with 

the Dispersal/ accessibility predictors and the environmental models. The heatmap color ramp represents the 

difference in predicted risk, with red areas indicating locations where the augmented model predicts a higher 

invasion risk and blue areas indicating lower predicted risk compared to the core model.  
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Figure 5. Predictor importance rankings across treatments for zebra mussel (Dreissena polymorpha) risk in 

Minnesota lakes. Panels illustrate the relative importance of predictors under different model configurations: (a) 

Environmental (Env), (b) Environmental + Physiological constraints (Physio), (c) Environmental + Ecological 

context predictors (Ecol), (d) Environmental + Dispersal/ accessibility predictors (Disp/Acc), and (e) All data 

predictors combined. Predictor importance was summarized using aggregated Top 3 vote counts across multiple 

machine-learning algorithms and feature-importance methods. Colors denote predictor groups: blue = 

environmental (remote sensing and climate), green = physiology, red = ecological, and orange = accessibility 

predictors. Higher values indicate predictors more frequently identified among the most influential variables across 

model replicates and algorithms.  
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