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Abstract

To address increasing demand for ecological models of aquatic species that can inform the management of national freshwater resources, we leveraged manager input to develop suites of environmental data layers characterizing freshwater habitats for the contiguous United States. Using the National Hydrography Dataset, these new data cover lentic and lotic systems under current and near-future environmental conditions. The data include a variety of covariate categories including climate, soil chemistry, land use and land cover, and human modification of the surrounding landscape. The predictor resolution for atmospheric climate predictors was the lake (wetland) or stream reach, and, for the terrestrial proxies, the subwatershed (HUC12) surrounding the lake or stream reach was chosen to capture the relevant land features surrounding the habitat. Future land use, land cover and streamflow predictions were included from present to mid-century. These data are available for the development of freshwater ecological models in the contiguous United States for a variety of applications, including species distribution modeling and exploring change in spatially diverse aquatic systems in time.
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1 Background and summary
The development of nationwide continuous datasets for freshwater environments is used for assessing and predicting suitable habitats for species. Habitat suitability models integrate observation data for a species with environmental and habitat characteristics that influence their distribution and establishment. These models create statistical relationships that can be used to predict habitat suitability over both space and time (Elith and Leathwick, 2009; Guisan et al., 2017). Models fit using only bioclimatic predictors and digital elevation models (DEMs) may fail to capture critical habitat dimensions of the niches of aquatic organisms, resulting in less confidence in their predictions compared to terrestrial species (Domisch et al., 2015; McGarvey et al., 2018).
Freshwater systems are defined by a unique set of environmental dimensions that can differ between lentic and lotic habitats and among taxonomic groups (e.g., fish versus plants) (Buffagni et al., 2009). Ideally, mapped environmental predictors covering freshwater environments would describe habitat with direct measurements from waterbodies, such as depth, flow, benthic substrate, water temperature, water level fluctuation, and water chemistry (Nori and Rojas-Soto, 2019). While these measurements may be available locally or regionally (Irving et al., 2018) or rare occurrences nationally for specific categories of waterbodies (Forsythe et al., 2016; US EPA, 2022), there are few spatially or categorically comprehensive datasets to model species across national or continental extents.
The limited availability of nationwide freshwater habitat predictors stems from the relatively small, spatially disjunct, and heterogeneous nature of freshwater aquatic systems. Satellite-derived data layers often fail to detect waterways that are fully or partially obscured by tree cover. Estimates of streamflow and location derived from DEMs are now available globally at a resolution of 90 m, improving data availability and representation of critical aquatic habitats (e.g., headwaters), but these estimates are a snapshot and offer no information on current or future characteristics (Amatulli et al., 2022). For lakes, there are efforts underway to build remotely sensed metrics of lake characteristics that alter reflectance such as turbidity, chlorophyll, and mixing regime, but these data products are not finalized (Ross et al., 2019). Water chemistry, substrate size and material, and other important factors may be available at regional scales but are not available across large spatial extents (Wang et al., 2015).
Improving habitat suitability models for freshwater species can be beneficial, as biodiversity threats posed by anthropogenic perturbations and the disproportionate vulnerability of freshwater systems persist (Dudgeon et al., 2006). Given the increasing adoption of models to inform management and decision-making, models can benefit from high-quality, spatially expansive, and biologically relevant environmental layers. Nationwide continuous environmental predictors would allow large extent habitat suitability modeling to be used for current management best practices (Sofaer et al., 2019).
To apply spatially continuous and publicly available sets of mapped predictors describing freshwater environments to inform management decisions, we introduce a novel implementation of these data and provide context for their inclusion in ecological modeling and production method. Finally, we provide an example use-case of these data in the production of habitat suitability models for aquatic invasive species in the contiguous United States (CONUS) at a 100m resolution.
2 Methods
2.1 Study area
We used the National Hydrography Dataset Plus Version 2 High Resolution (NHD+ V2 HR) dataset to define the spatial extent of freshwater habitats in the CONUS (Moore et al., 2019; U.S. Geological Survey, 2022). The NHD+ V2 HR is a scalable geospatial hydrography framework at 1:24,000 scale that includes rivers, lakes, wetlands, and their catchments. We obtained these data from the U.S. Geological Survey National Map Staged Products Directory as geodatabase files corresponding to the Hydrological Unit Code 04 (HUC04), also referred to as subregions. Hydrologic Units Codes (HUC) range from two digits (02) “a region” to twelve digits (12) “subwatersheds” (Seaber et al., 1987; Jones et al., 2022). Given that lake and stream habitats differ in both data availability and ecological relevance of predictors (e.g., flow is only applicable to lotic systems), we developed sets of habitat predictors for the two freshwater habitat types separately. The habitat predictors were developed in four suites: current and near-future scenarios for both lakes (encompasses lakes and wetlands as defined in NHD+ V2 HR) and streams (Tab. 1). We developed the data layers to span the CONUS and resampled all to a spatial resolution of ∼100 m.
2.2 Identifying lakes and streams
Using the NHD+ V2 HR dataset to process environmental data in both raster and tabular formats necessitated parallel processing, due to the vast size of the NHD data products. All processing was done using R Software v 4.4.1 (R Core Team, 2025). The NHD+ V2 HR products were processed by Hydrologic Unit 4 (HU4) in parallel, generating 212 rasters representing each HU4 that were combined into a single layer for CONUS using the mosaic() function in the ‘terra’ R package (Hijmans, 2024).
To define the areas within CONUS that we considered as lakes, we obtained waterbody data from the NHDWaterbody multipolygon object. We selected waterbody types thought to provide habitat for freshwater species, including playas, lakes and ponds, certain reservoirs, and freshwater wetlands (Tab. S1) that we collectively refer to as ‘lakes’ for simplicity. We excluded ice mass, reservoir sub-types utilized in mining activities or energy production, and estuaries. Likewise, we used both the NHDFlowline multiline object and the NHDArea multipolygon object to define stream habitats. Stream types representing appropriate habitat for freshwater species were selected, including streams and rivers, canals and ditches, and connector channels (Tab. S1). We excluded pipelines, underground conduits, drainage ways, artificial paths, and coastlines. The NHDArea object provided information on the width and shape of larger river reaches. We developed both a lake and a stream template 100 m2 rasters from the aforementioned NHD vector layers using the rasterize() function in the ‘terra’ package. These template layers defined lake and stream habitat for processing predictor data (Fig. 1).
	[image: Thumbnail: Fig. 1 Refer to the following caption and surrounding text.]	Fig. 1 Freshwater raster templates within the contiguous United States for (A) lakes (playas, lakes and ponds, certain reservoirs, and freshwater wetlands) and (B) streams (streams and rivers, canals and ditches, and connector channels) including the contiguous United States and zoomed into and area in Louisiana to illustrate local details.



2.3 Environmental predictor data sources
We selected a suite of potential environmental predictors through a process of literature review and informal discussions with freshwater species researchers and managers about freshwater species in the northeast United States We filtered this list of potential predictors by considering relevant life-history characteristics of fish, plants, and invertebrates in streams and lakes. We further reduced the predictor set based on data availability or the ecological plausibility of creating a proxy from terrestrial data sources.
When in-stream or lake aquatic habitat predictors (such as water temperature or substrate) are unavailable, landscape predictors can serve as proxies for understanding and predicting aquatic habitat conditions. There is a long history of assessing aquatic habitat through the use of terrestrial proxies where aquatic environmental data are not available or are geographically restricted (Wiens, 2002; Allan, 2004). The landscape predictors can represent complex, and sometimes multi-factor influences to the aquatic habitat. For example, urban land use can indicate increased runoff, pollution, and altered stream hydrology (Paul and Meyer, 2001).
We obtained mean bioclimatic data for current conditions (1981–2010) and future projections (2011–2040) from the CHELSA 2.1 dataset (Karger et al., 2017; Karger et al., 2021). Future climate layers consist of five global circulation models of the shared socioeconomic pathway 370 (SSP370) from present to mid-century. The layers include 19 bioclimatic predictors, and other climatic metrics relevant to biological niches such as temperature extremes, potential water deficits, cumulative precipitation, and evapotranspiration (Tab. 1).
As a substitute for the lack of publicly available, geographically continuous, and comprehensive spatial datasets describing water chemistry characteristics, we used gridded soils data (which interpolate the physical and chemical properties of the terrestrial landscape (Nauman et al., 2017; Nauman et al., 2024]) to capture soil chemistry characteristics known to influence water chemistry (Fennessy and Cronk, 1997). We chose to use the HUC12 surrounding the lake or stream reach as the predictor resolution and processed using the zonal() function in the ‘terra’ package (Tab. 1). We chose these polygons to represent the resolution of our terrestrial proxy predictors, to capture how runoff impacts aquatic habitats, in addition to the predictor resolution representing the stream reaches or lakes themselves. As a result, the terrestrial-derived predictor layers represent single values for lakes and stream reaches, as processed from the surrounding landscape delineated by HUC12. For soil data, we calculated the mean of the raster values in HUC12 in which each pixel fell.
Using DEM data we calculated land slope and Multi-Scale Topographic Position Index (mTPI), a metric of topographic diversity, to capture the behavior of water on the landscape, particularly regarding runoff (Theobald et al., 2015). We also obtained current (2023) and forecasted (2050) (IPCC SRES A2 mid-century) land use and land cover layers to derive the proportion of cropland, grassland, forest, and developed land in landscapes surrounding freshwater habitats (Sohl et al., 2014; Sohl et al., 2018). We selected these land use and land cover categories for use as terrestrial proxies for water chemistry known to affect aquatic species. For example, habitat suitability for freshwater species can be influenced in highly disturbed lakes that are eutrophic due to fertilized agricultural runoff which affects the concentrations and ratios of nitrogen and phosphorus in the water (Chase and Knight, 2006; Zhang et al., 2022). Information about crop land cover, rainfall quantities and seasonality, slope, and soil characteristics that affect runoff can be used to capture the conditions that result in highly eutrophic lakes. Terrestrial land use proxies have been used to characterize water chemistry and stream habitat quality (Maloney and Weller, 2011; Katsiapi et al., 2012; Martinuzzi et al., 2014). Similar to soil data, because these are proxies for effects in freshwater from the surrounding landscape, we calculated the percent of cells of a given land cover category within the entire HUC12 polygon. Direct measurements of lakes consisted of lake shore area ratio (shore length / lake area provides shoreline density) from the NHD+ V2 HR dataset. We also derived seasonal metrics of mean streamflow and base flow index for current and future climate conditions for streams (USDA Forest Service, 2022).
2.4 Hydrological predictor estimation
Unique hydrological predictors were generated for each aquatic habitat model. For lake models, we calculated a shoreline density metric, or shore area ratio, by dividing the perimeter of the polygon by the area within the polygon using features already described in the NHD+ V2 HR dataset, to represent shoreline complexity. For stream models, we generated stream flow predictor layers for current and future flow scenarios utilizing existing flow discharge datasets. To generate current-period streamflow for all river segments, we used the mean annual flow estimates (1971–2000) provided for each NHDFlowline in the NHD+ V2 HR network used to define stream habitats. These values, measured in cubic feet per second, represent modeled discharge associated with each flowline segment. While flow values were linked to the NHDFlowline feature,the NHDFlowline multiline object and the NHDArea multipolygon object, representing wide rivers as polygons rather than lines, are used to define stream habitats. As such, a methodological challenge was that multiple NHDFlowline segments can intersect the same NHDArea polygon. To allocate flow values across these wide-river polygons, we identified all NHDFlowline segments intersecting each NHDArea polygon and calculated the midpoint of each intersecting segment. We then partitioned each NHDArea polygon into Voronoi sub-polygons based on equal distance from each line midpoint using the voronoi() function in the ‘terra’ R package (Hijmans, 2024) and assigned each flowline value to its corresponding Voronoi sub-polygon. This procedure ensured that flow values were accurately distributed across the full width of large rivers represented in the NHDArea polygons. All processing was conducted in parallel by HUC4, generating 212 rasters that were combined using the mosaic() function in the ‘terra’ R package (Hijmans, 2024). To generate our future stream flow predictor layer, we used the Hydro Flow Metrics for the Contiguous United States Absolute Change by Mid-Century dataset (USDA Forest Service, 2022). These estimates were generated by the Forest Service using historically modeled streamflow, future discharge projections for mid-century conditions (2040–2059) from five CMIP5 climate scenarios, the NHD+ V2 MR network (U.S. Geological Survey, 2019), and methods described by Wenger et al., 2010. We generated an absolute change layer using the same workflow applied to generate the current flow layer, including the Voronoi-based spatial allocation across NHDFlowline and NHDArea features. Processing was again performed by HU4 in parallel, generating 212 rasters that were combined using the mosaic() function. This parallel processing approach produced an absolute-change layer that matched the spatial structure, resolution, and formatting of the current-layer raster, allowing us to apply the delta method (Sofaer et al., 2017) to generate our future streamflow predictor layer. Although the older NHD+ V2 MR version does not include all flowlines present in NHD+ V2 HR dataset used to define stream habitats and current streamflow, this method yielded future estimates for the majority of modeled river segments in the HR dataset, with most missing segments corresponding to low-order headwater streams.
2.5 Final dataset development
We created a final dataset for lakes and one for streams by restricting each layer considered for the freshwater system (refer to Tab. 1) to the associated template rasters (e.g., lake layers to lake template, stream layers to stream template) with the mask() function in the ‘terra’ package. In these final layers, only cells in lakes for the lake dataset or streams for the stream dataset retained values, leaving the remaining land or freshwater areas with no data values. Finally, we standardized all GeoTIFFs to the same cell size, projection (ERSI:102008; NAD 1983 Albers North America), and extent using the ‘PARC’ (project, aggregate, resample, clip) module in the Software for Assisted Habitat Modeling (SAHM; Morisette et al., 2013). The final dataset contains 41 predictors calculated for both lakes and streams, with one additional lake predictor and two additional stream predictors (Tab. 1).
2.6 Data availability
These data, including the two template layers and raster layers described in Table 1 and associated code and metadata, are publicly available in Henderson et al. (2026).
Table 1 
Predictor data layers included in the national aquatic spatial dataset, where Processing Steps letter designations are A – PARC (Project-Aggregate-Resample-Clip)  process to match the template, B- Summarized by Hydrologic Unit Code 12 (HUC12), C-Summarized by stream reach, D. All predictors were generated for both lakes and streams except mean annual stream flow and slope (stream only) and shore area ratio (lake only).

Table 2 
Predictor layers selected from the suite in Table 1 for inclusion in either the lake or stream models fit for Alternanthera philoxeroides, where an “X” indicates the predictor was offered to the model. (SD NDMI = standard deviation normalized difference moisture index; mTPI = multi-scale topographic position index).

3 Technical validation
3.1 Performance evaluation
To validate the performance of the national environmental data layers, we present a use-case for habitat suitability models constructed using these layers as environmental predictors for Alternanthera philoxeroides (Mart.) Griseb., commonly known as alligatorweed, an invasive aquatic plant in the southeastern United States (Thayer and Pfingsten, 2025). While the example we present is for an invasive aquatic plant species, the same methodology would be applicable for any freshwater species. We followed the methodology from the Invasive Species Habitat Tool (INHABIT) to generate occurrence models of terrestrial invasive plant species in CONUS (Jarnevich et al., 2024). Occurrence data were pulled from multiple publicly available sources in Jarnevich et al., 2024, with the addition of the Nonindigenous Aquatic Species database (U.S. Geological Survey, 2024). We filtered occurrence points into two sets using the lake template (n = 870) and the stream template (n = 782), selecting occurrences that fell within each of the templates. We selected predictors based on ecological knowledge of the species (Tab. 2). We fit models using the five algorithms within SAHM (boosted regression trees, generalized linear models, multivariate adaptive regression splines, Maxent, and random forests) with the occurrence data, target background points following Phillips et al., 2009, using occurrences of other non-native aquatic plant species, and the selected predictors. We produced maps by applying the model for each algorithm for lakes and the model for streams to both current and future prediction, producing an ensemble by calculating the mean prediction weighted by the continuous Boyce index (CBI; Hirzel et al., 2006) across model algorithms. We calculated the CBI, which ranges from −1 to 1 with 0 being the same as random, for the ensemble current lake and current stream models using a set of spatially withheld validation locations. The CBI score for lakes was 0.99 (0.96 train data) and for streams was 0.96 (0.96 train data), indicating that the habitat suitability models generated for alligatorweed using our suite of environmental predictors performed well. All model inputs and outputs are available in Jarnevich et al., 2026. We also examined the models for ecological plausibility based on species knowledge of experts, and it also met these expectations. Finally, we combined lake and stream maps to produce a single predicted freshwater suitable habitat for the species for both current and mid-century conditions and also calculated the difference between the two (Fig. 2). Most locations had values from only one model (lake or stream), but when there was a value in each, we calculated the mean of the predicted suitability.
For the development of habitat suitability models for organisms found in both lake and stream habitats, we provide data to develop a separate model for each habitat (lakes and streams) because there are some predictors specific to each habitat and different factors may be important in the different habitats. We provide an example where we created these individual models and then combined the prediction maps for the two habitat types for a single species within both habitat types.
	[image: Thumbnail: Fig. 2 Refer to the following caption and surrounding text.]	Fig. 2 Predicted suitable habitat for Alternanthera philoxeroides for (A) current environmental conditions and (B) predicted change in suitability for mid-century environmental conditions for the contiguous United States and zoomed into the Chesapeake Bay to illustrate local details.
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	Category
	Data layer name
	Unit
	Original spatial resolution
	Current temporal coverage
	Future temporal coverage
	Source
	Processing steps





	Anthropogenic
	Human Modification Index
	index
	1000 m
	2015
	
	Theobald et al., 2020
	A



	Climate
	Annual Mean Temp (bio1)
	°C
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Mean Monthly Temp Range (bio2)
	°C
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Isothermality (bio3)
	%
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Temp Seasonality (bio4)
	°C
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Max Temp of Warmest Month (bio5)
	°C
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Min Temp of Coldest Month (bio6)
	°C
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Annual Temp Range (bio7)
	°C
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Mean Temp of Warmest Quarter (bio10)
	°C
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Mean Temp of Coldest Quarter (bio11)
	°C
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Annual Precipitation (bio12)
	kg m2 year−1
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Precipitation of Wettest Month (bio13)
	kg m2 year−1
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Precipitation of Driest Month (bio14)
	kg m2 month−1
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Precipitation Seasonality (bio15)
	kg m2
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Precipitation of Wettest Quarter (bio16)
	kg m2 month−1
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Precipitation of Driest Quarter (bio17)
	kg m2 month−1
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Precipitation of Warmest Quarter (bio18)
	kg m2 month−1
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Precipitation of Coldest Quarter (bio19)
	kg m2 month−1
	1000 m
	1981–2010
	2011–2040
	Karger et al., 2017
	A



	Climate
	Potential Water Deficit
	mm
	1000 m
	1981–2010
	
	GridMET (Abatzoglou, 2013)
	A



	Climate
	Monthly Growing Season ET
	mm
	1000 m
	2003–2021
	
	Senay et al., 2013
	A



	Climate
	Monthly Summer ET
	mm
	1000 m
	2003–2021
	
	Senay et al., 2013
	A



	Climate
	Monthly Spring ET
	mm
	1000 m
	2003–2021
	
	Senay et al., 2013
	A



	Climate
	Monthly Early Spring ET
	mm
	1000 m
	2003–2021
	
	Senay et al., 2013
	A



	Climate
	Fall to Spring ET
	mm
	1000 m
	2003–2021
	
	Senay et al., 2013
	A



	Land Use/Land Cover
	Agriculture Land Cover
	percent
	250 m
	2023
	2050
	Sohl et al., 2014, 2018
	A, B



	Land Use/Land Cover
	Developed Land Cover
	percent
	250 m
	2023
	2050
	Sohl et al., 2014, 2018
	A, B



	Land Use/Land Cover
	Forest Land Cover
	percent
	250 m
	2023
	2050
	Sohl et al., 2014, 2018
	A, B



	Land Use/Land Cover
	Grassland Land Cover
	percent
	250 m
	2023
	2050
	Sohl et al., 2014, 2018
	A, B



	Multispectral
	SD Normalized Difference Moisture Index (NDMI)
	index
	90 m
	1985–2020
	
	Jarnevich et al., 2024; Kennedy et al., 2018
	A



	Multispectral
	Median NDMI
	index
	90 m
	1985–2020
	
	Jarnevich et al., 2024; Kennedy et al., 2018
	A



	Soils
	Soil Depth
	cm
	100 m
	2023
	
	Nauman et al., 2024
	A, B



	Soils
	mTPI
	index
	270 m
	2015
	
	Theobald et al., 2015
	NA



	Soils
	Soil Potassium Content
	cmol/kog
	100 m
	2017
	
	Nauman et al., 2017
	A, B



	Soils
	Soil Nitrogen Content
	percent
	100 m
	2017
	
	Nauman et al., 2017
	A, B



	Soils
	Soil Calcium Carbonate Content
	percent
	100 m
	2023
	
	Nauman et al., 2024
	A, B



	Soils
	Soil Bulk Density
	g/cm3
	100 m
	2023
	
	Nauman et al., 2024
	A, B



	Soils
	Soil Clay Content
	percent
	100 m
	2023
	
	Nauman et al., 2024
	A, B



	Soils
	Soil pH
	index
	100 m
	2023
	
	Nauman et al., 2024
	A, B



	Soils
	Soil Sand Content
	percent
	100 m
	2023
	
	Nauman et al., 2024
	A, B



	Soils
	Soil Organic Carbon Content
	percent
	100 m
	2023
	
	Nauman et al., 2024
	A, B



	Streamflow
	Mean Annual Stream Flow
	ft3/s
	
	1971–2000
	2030–2059
	Theobald et al., 2015; U.S. Geological Survey, 2022; USDA Forest Service OSC, 2022; Wenger et al., 2010;
	A, C



	Topography
	Elevation
	m
	30 m
	2000
	
	Farr et al., 2007
	A



	Topography
	Shore area ratio
	m/m2
	
	2018
	
	U.S. Geological Survey, 2022
	A, D



	Topography
	Slope
	percent
	
	
	
	Theobald et al., 2015
	A, B
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	Name [ (Units) | Original Resolution ]
	Lake
	Stream





	Mean Monthly Temp Range (bio2) [ (°C) | 1000m ]
	X
	X



	Mean Temp of Warmest Quarter (bio10) [ (°C) | 1000m ]
	X
	X



	Mean Temp of Coldest Quarter (bio11) [ (°C) | 1000m ]
	X
	X



	Precipitation of Driest Quarter (bio17) [ (kg m2 month−1) | 1000m ]
	X
	



	Precipitation of Warmest Quarter (bio18) [ (kg m2 month−1) | 1000m ]
	
	X



	Precipitation of Coldest Quarter (bio19) [ (kg m2 month−1) | 1000m ]
	
	X



	Monthly Growing Season ET [ (mm) | 1000m ]
	X
	X



	Human Modification Index [ (index) | 1000m ]
	X
	X



	Agriculture Land Cover [ (%) | 250m ]
	X
	X



	Developed Land Cover [ (%) | 250m ]
	X
	X



	Forest Land Cover [ (%) | 250m ]
	X
	X



	Grassland Land Cover [ (%) | 250m ]
	X
	X



	SD NDMI [ (index) | 90m ]
	X
	X



	Median NDMI [ (index) | 90m ]
	X
	X



	Soil Depth [ (cm) | originally 100m ]
	X
	X



	mTPI [ (index) | 270m ]
	X
	X



	Elevation [ (m) | 30m ]
	X
	X



	Soil Nitrogen Content [ (%) | 100m ]
	X
	X



	Soil Calcium Carbonate Content [ (%) | 100m ]
	X
	X



	Soil Clay Content [ (%) | 100m ]
	X
	



	Soil pH [ (index) | 100m ]
	X
	



	Soil Sand Content [ (%) | 100m ]
	
	X



	Shore area ratio [ (m/m2) | summarized by lake ]
	X
	



	Slope [ (%) | 30m ]
	
	X



	Mean Annual Stream Flow [ (ft3/s) | summarized by reach ]
	
	X
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        Predicted suitable habitat for Alternanthera philoxeroides for (A) current environmental conditions and (B) predicted change in suitability for mid-century environmental conditions for the contiguous United States and zoomed into the Chesapeake Bay to illustrate local details.
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