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Appendix 4.6 

Conservation Opportunity Area Mapping Methods 

Prepared by: Katy Bischoff and Chadwick Rittenhouse, University of Connecticut 

METHODS 
Conservation opportunity areas (COAs) represent areas where partners can take voluntary 
actions to benefit wildlife populations and habitats and achieve conservation goals and 
objectives. The first step of mapping COAs was gathering the ecological, town, and social 
input data for the spatial prioritization process. The ecological data consisted of key 
habitat maps, Natural Diversity Database (NDDB) Review Areas, protected areas and 
habitat suitability maps for 14 species of greatest conservation need (SGCN) identified by 
taxa teams, that were representative of their taxa and/or key rare habitats and had at least 
10 occurrences in the state since 2016. The town data identified towns that could be 
potential partners using topic models to gather common topics, a group of words 
representing an underlying theme, in town Plans of Conservation and Development that 
overlap with topics in the 2015 CT SWAP. The social data included maps of priority areas 
for other partners, such as the Important Bird Areas from the National Audubon Society, 
human population density, and proximity to engagement resources, such as libraries and 
nature centers. The spatial prioritization process involved including all ecological, town, 
and social data into the Zonation software, which iteratively ranks all grid cells based on 
their marginal loss in conservation value and gives each cell a score based on that ranking 

Figure 4.1. Flowchart describing the process to generate the 8 Conservation Opportunity Areas (COAs) that reflect 7 broad 

actions (protect, connect, partner, restore, manage, inform, and research and monitor) and one that combines all COAs.  
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(Moilanen et al. 2022). Zonation prioritizes areas with a high density of features, balance 
between features, and that minimize conservation loss. To reflect broad actions proposed 
by taxa teams, the PCRM-PI framework by Liberati et al. (2016) was followed and cross-
walked to the Conservation Measures Partnership. COAs were created for each broad 
action: Protect, Connect, Restore, Manage, Partner and Inform (broken down further into 
Inform and Research and Monitor). Additionally, a combined COA was created with all 7 
action COAs to identify where COAs overlap across the state (Figure 1).  
 

Habitat Suitability Maps for Species of Greatest Conservation Need  
The first step of mapping conservation opportunity areas (COAs) was developing the 

habitat suitability maps for SGCN in CT (Figure 1, Step 1). An initial email survey was sent 
to the six taxa teams (fish, plants, mammals, birds, herps, and invertebrates) explaining 
the purpose of the mapping process and asking for their recommendations of 2-3 species 
of greatest conservation need representative of key habitats and/or their taxonomic 
groups. Species were included within the model if their associated data had at least 10 
occurrences, the current model minimum (Breiner et al. 2018), was collected since 2016 
(to align with the temporal resolution of predictor data), and the species was considered a 
SGCN for the 2025 CT SWAP revision. The initial survey was followed up with a webinar 
that further explained the COA mapping process, why the suggestions were important, and 
examples of similar work done for other states. The habitat associations and data 
availability were used to narrow the initial list to 14 species eligible for modeling (Figure 2).  

Biomod2 (Thuiller et al. 2025) and ecospat (Di Cola et al. 2017) packages in R 4.2.3 
(R Core Team 2023) were used to predict potential suitable SGCN habitat across CT using 
the Storrs High Performing Computer Cluster. An ensemble of small models’ approach 
was used with a two-step ensembling process also called double ensembling. This 
approach creates a series of bivariate models, based on all possible predictor 
combinations, and averages all the bivariate models to produce an ensemble model for 
each model tested. Models were ensembled into a final ensemble model using weights 
based on the AUC value (Lomba et al. 2010, Breiner et al. 2015, 2018, Di Cola et al. 2017). 
The advantage of using a series of small models is that the approach performs well with 
rare species data and can reduce overfitting by avoiding the violation of common standard 
of 10:1 number of observations to predictors (Breiner et al. 2015, 2018, Di Cola et al. 
2017). Models were also tuned using the ecospat package (Di Cola et al. 2017). Tuning is 
an initial process of determining optimal parameters for each model by varying parameters 
for each model to determine which parameter settings maximize model performance and 
it also allows the parameters to align with the data used within the models (Breiner et al. 
2018).   

Nine models offered within the biomod2 package were tested for each SGCN. The 
models used within the package follow the two different approaches of viewing a 
statistical model; statistic-based where the data model is determined first and then fit into 
the model, and machine learning where the data determines the model (Breiman 2001a). 
The statistic-based models were Generalized Linear Model (GLM), Generalized Additive 
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Model (GAM), and Multivariate adaptive regression splines (MARS). The machine learning 
based models included Gradient Boosted Machine (GBM), Random Forest (RF), XGBoost, 
Artificial Neural Network (ANN), Classification Tree Analysis (CTA), and Flexible 
Discriminant Analysis (FDA). GLMs provide an advantage in species distribution models 
because the model can handle different distributions, such as Gaussian, Poisson, 
binomial, and negative binomial, thus different forms of data can be used within the 
species distribution model (McCullagh and Nedler 1989). GAMs are similar to GLMs but 
use non-parametric smoothing function for predictors which allows for a more complex 
relationship and do not require the shape of the distribution to be known (Hastie and 
Tibshirani 1986, Guisan et al. 2017). MARS are a piecewise linear regression where each 
data point is assessed for the ideal linear model, and if a different linear relationship 
reduces the error, then a knot or hinge point is formed (Friedman 1991). RF builds a series 
of independent decision-based trees using random subsamples drawn from the data that 
are then ensembled to create one model (Breiman 2001b). GBMs are also an ensemble 
machine learning approach where trees are created sequentially, instead of independently 
like RF, based on reducing the error in the previous tree while gradually increasing the 
focus on poorly modeled observations (Elith et al. 2008, Guisan et al. 2017). XGBoost also 
uses gradient boosting, similar to GBM, but includes a regularization parameter and 
parallel processing to increase computing power (Chen and Guestrin 2016). ANN uses a 
machine learning model to create a set of adaptive weights or interconnections between 
neurons or hidden layers to link responses to predictors (Ripley 1996, Guisan et al. 2017). 
CTA splits predictor variables into classes based on a decision tree (Breiman et al. 1984). 
FDA is also a classification method, based on a mixture of regression models (Hastie et al. 
1994). Maximum Entropy (MAXENT) and Maximum Entropy fit with glmnet models were 
excluded from the analysis because they require a prevalence value, the calculation of 
which requires information on absences and is often not available for rare species. 
Additionally, the default prevalence value of 0.50 is only suitable for species with similar 
prevalence values otherwise the model error increases (Guillera-Arroita et al. 2014). 
Surface Rangle Envelop models were also excluded since it consistently performed the 
lowest in other species distribution models (Breiner et al. 2018, Guo et al. 2021). All 9 
models were initially tested with each SGCN, however, if a model consistently failed, it 
was removed from the list of potential models. To save memory within the outputs, the 
probability of species occurrence was rescaled to vary from roughly 0-1000 (Thuiller et al. 
2025).   

To evaluate the performance of models, a combination of area under the receiver 
operating curve (AUC; Hanley and McNeil 1982), true skill statistic (TSS; Allouche et al. 
2006), Kappa value (Cohen 1960), and the Boyce Index (Boyce et al. 2002) were used. Only 
the models that were better at predicting than random i.e., AUC > 0.5, were retained for the 
final ensemble model (Breiner et al. 2015). Independent model evaluation data was not 
able to be included within the ecospat package, so the data was split into training and 
testing data based on a 90:10 split (Breiner et al. 2015). Well performing models were 
identified with at least 3 performance metrics meeting the following standards: AUC values 
≥ 0.80 (Hosmer et al. 2013), TSS values ≥ 0.60 (Komac et al. 2016), Kappa ≥ 0.6 (McHugh 
2012), and Boyce ≥ 0.5. The Boyce metric was designed for models with presence-only 
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data (Boyce et al. 2002); thus, the Boyce index was not used for models with presence-
absence data. The final model selected was the model with the highest performance 
across all metrics.  

For species with both presence and absence location information, both presence 
and absence data were used within the models, since models with low amounts of 
presence-absence data have higher predictive performance than models with low 
amounts of presence-only data (Hirzel et al. 2006). However, species distribution models 
with low amounts of presence-only data and high numbers of pseudo-absences can still 
have high predictive performance (Barbet-Massin et al. 2012, Breiner et al. 2015, 2018). For 
species with only presence data, a large set (Barbet-Massin et al. 2012) of 5,000 random 
pseudo-absence locations was generated. Species data was randomly thinned by 1.0 km 
(average dispersal for most SGCN in the mapping process) to reduce spatial 
autocorrelation using the spThin package (Aiello-Lammens et al. 2015). Thinning some 
datasets caused the observations to be below the minimum standard for the model; thus, 
data that had < 15 species occurrences was not thinned. Locations within the same 10.0 m 
grid cell were removed from all models.  

The CT state boundary was used as the extent for all SGCN models due to the 
availability of fine-scale spatial data that differentiated vegetation types and spatial 
patterns (Rittenhouse et al. 2022, Yang et al. 2023) and the availability of species 
occurrence data, recognizing that CT is a portion of each of the species’ ranges. Previous 
studies using habitat suitability models have also limited the spatial extent to a portion of a 
species’ range when modeling rare species or when specific areas are of interest (Warren 
et al. 2008, Maslo et al. 2016, Lioy et al. 2023, Santamarina et al. 2023). 

Predictors were included in each model based on the habitat associations 
identified by the taxa teams and existing literature. Predictors ranged from large-scale 
processes at coarser resolutions, such as elevation and climate, to species specific fine-
scale habitat characteristics, such as host plants, understory vegetation, young forest and 
shrubland vegetation, barrens, and soil characteristics. For most landcover and habitat 
characteristic predictors, Euclidean distance surfaces were created to measure proximity 
to these habitat features for each species. For species that use habitats specific to 
terrestrial, aquatic, or coastal areas, predictors were clipped to these extents to avoid 
identifying nonhabitat as habitat (Elith et al. 2011). To ensure minimal correlation between 
predictors, predictors from the model with a high pair-wise Pearson correlation coefficient 
| r | ≥ 0.60 were excluded from the model, since not all models are robust to correlated 
predictors (Dormann et al. 2013). A stricter threshold than the standard of 0.70 (Dormann 
et al. 2013) was used due to the reduced spatial extent of the models. Variable 
contributions were measured for each predictor and model for each species. Variable 
contributions were the ratio between the sum of weights of the model with all predictors 
compared to the sum of weights of models without the selected predictors, thus, a ratio ≥ 
1.0 indicates the selected covariate has a higher contribution than or equal contribution to 
average (Broennimann et al. 2025).  
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Figure 2. The 14 SGCN included 

in the habitat suitability and 

conservation opportunity area 

mapping processes. These SGCN 

are representative of either key 

habitats and/or their taxa. The 

bar plot at the bottom 

demonstrates the count of SGCN 

in each broad habitat group, 

demonstrating the 14 SGCN 

represent all habitat groups 

excluding marine.  
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Birds 

The SGCN modeled within the bird taxa group included 2 species: American oystercatcher 
(Haematopus palliates) and eastern whip-poor-will (Antrostomus vociferus). American 
oystercatcher was the only modeled species found solely in coastal habitats, thus the 
model extent was the land and coastal waters identified as a coastal area by C.G.S. 22a-94 
(CT General Statutes 2005). Restricting the extent allowed the models to distinguish fine 
scale differences along the coast more accurately than if the entire state was used as the 
extent. The eastern whip-poor-will is a terrestrial only species, thus all waterbodies 
identified in the US Geological Survey (USGS) Hydrography Dataset (USGS 2005) were 
removed from the predictors and the extent of the model.  
 

American oystercatcher (Haematopus palliates) 

Species Data 
 The American oystercatcher presence locations were retrieved from the NDDB 
records from 2016-2017. This included 13 presence locations; thus, the location data was 
not spatially thinned.  
Predictors 

The final list of predictors included distance to impervious surfaces, estuaries, 
shellfish beds, and the presence of mixed forest. The 1.0 m resolution Coastal Change 
Analysis Program land cover map was used to extract mixed forest, impervious surfaces 
(impervious surfaces and impervious development were combined), and estuaries 
(emergent and scrub/shrub estuarine wetlands were combined; National Oceanic and 
Atmospheric Administration (NOAA) 2020). Because of the high prevalence of forest within 
the state, the mixed forest predictor was the presence of mixed forest rather than the 
distance to mixed forest, and the mixed forest predictor was resampled to a 10.0 m 
resolution. The shellfish bed location data from CT Department of Agriculture was used to 
determine the distance to shellfish beds (CT DEEP and CT Department of Agriculture 
2019). American oystercatchers use a diversity of habitats and are an ideal umbrella 
species for coastal habitats (Maslo et al. 2016). Shellfish beds and estuaries were included 
in the model to reflect the availability of foraging opportunities (Gliesch et al. 2023) and 
impervious surfaces and mixed forest were included in the model to reflect proximity to 
threats and nonhabitat ( US Fish and Wildlife Service (USFWS) 2024a). Other predictors 
evaluated in the model included distance to barrens, buildings, and grasslands, however 
these predictors reduced model performance and were highly correlated, so they were not 
included in the final model. 
Model Evaluation and Selection 
 The highest performing model was the MARS model, with an AUC value of 1.00, 
Boyce value of 1.00, TSS value of 0.99, and Kappa value of 0.5 (Table 1), meeting all 4 
criteria for evaluation metrics. The highest contributing predictors (values ≥ 1.00) were 
distance to shellfish beds (1.09) and estuaries (1.16), while distance to impervious 
development and the presence of mixed forest had low contributions (values < 1.00; Table 
2). American oystercatcher suitable habitat decreased with increasing distance to 
estuaries and shellfish beds and the presence of mixed forest (Figure 3).  
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Tables and Figures 
Table 1. Evaluation metrics output for each model tested for American oystercatcher, 
Artificial Neural Network (ANN), Flexible Discriminant Analysis (FDA), Gradient Boosted 
Machine (GBM), Multivariate adaptive regression splines (MARS), XGBoost, and the 
Ensembled approach (EF). The grey highlighted row is the final model chosen for the 
mapping process.  

Models AUC Boyce TSS Kappa 
ANN 0.99 0.68 0.99 0.22 
FDA 1.00 1.00 0.99 0.33 
GBM 0.99 0.22 0.99 0.40 

MARS 1.00 1.00 0.99 0.50 
XGBOOST 1.00 0.82 0.99 0.36 

EF 1.00 0.98 0.99 0.44 
 

 
Table 2. Variable contribution values for the predictors within the American oystercatcher 
models: Artificial Neural Network (ANN), Flexible Discriminant Analysis (FDA), Gradient 
Boosted Machine (GBM), Multivariate adaptive regression splines (MARS), XGBoost, and 
the Ensembled approach (EF). Contribution values ≥ 1.00 indicate the contribution value 
for that predictor is higher than or equal to the average contribution value. The grey 
highlighted row is the final model chosen for the mapping process. 

Predictors ANN FDA GBM MARS XGBOOST EF 
Impervious 

surface distance 0.83 0.94 0.91 0.88 0.94 0.90 

Estuary distance 1.03 1.09 0.94 1.16 1.08 1.06 
Shellfish bed 

distance 1.10 1.07 1.09 1.09 1.04 1.08 

Mixed forest 1.06 0.92 1.08 0.89 0.95 0.98 
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Figure 3. Response curves for the predictors in the American oystercatcher models: 
distance to impervious surfaces (imp_dev_dc_11), distance to estuaries (est_d_11), 
distance to shellfish beds (shell_d_11), and presence of mixed forest (for_c_11). All 
distance predictors are measured in meters. Each model evaluated represents a different 
colored line: Artificial Neural Network (ANN), Flexible Discriminant Analysis (FDA), 
Gradient Boosted Machine (GBM), Multivariate adaptive regression splines (MARS), 
XGBoost, and the Ensembled approach (EF). 
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Eastern whip-poor-will (Antrostomus vociferus) 

Species Data 
 Using NDDB records, 12 eastern whip-poor-will presence locations were retrieved 
that were collected from 2017-2023. The data was not thinned due to the small number of 
presence locations.  
Predictors 

The final list of predictors included distance to buildings, young forest and 
shrubland, palustrine wetlands, and understory, elevation and presence of mixed forest. 
The building footprints layer was used as a proxy for development (Microsoft 2019). The 
Young Forest and Shrubland Vegetation Map was used to identify different types of young 
forest and shrubland vegetation within Connecticut (Rittenhouse et al. 2022). The map 
used ecological processes (succession, disturbance, regeneration, and hydrology), 
vegetation height, percent vegetation cover by height category, previous land cover type, 
and time since disturbance to classify different types of young forest and shrubland 
vegetation (Rittenhouse et al. 2022). Elevation was calculated from 30.0 m elevation tiles 
(National Aeronautics and Space Administration (NASA) 2000). The elevation predictor was 
resampled to 10.0 m to align with the spatial resolution of the models. The 1.0 m resolution 
Coastal Change Analysis Program land cover map to extract mixed forest and palustrine 
wetlands (combined emergent, scrub/shrub, and forested palustrine wetlands; NOAA 
2020). Because of the high prevalence of forest within the state, the mixed forest predictor 
was the presence of mixed forest rather than the distance to mixed forest, and the mixed 
forest predictor was resampled to a 10.0 m resolution. The understory vegetation map was 
used to identify locations of understory species, greenbrier (Smilax rotundifolia), mountain 
laurel (Kalmia latifolia), Japanese barberry (Berberis thunbergii) and other mixed invasive 
understory species within deciduous forests of Connecticut (Yang et al. 2023). Young 
forest and shrubland, wetlands, and mixed forest predictors were included due to the 
positive influence of these predictors on eastern whip-poor-will occupancy and elevation, 
buildings, and the presence of understory was included due to the negative influence on 
occupancy in previous studies (Slover and Katzner 2016, Spiller and King 2021, Larkin et al. 
2024). Distance to waterbodies and impervious surfaces were also evaluated as 
predictors, but these predictors reduced model performance, thus they were excluded 
from the final model.  
Model Evaluation and Selection 

The model with the highest performance was the ensemble model (ANN, GAM, 
GBM, MARS, RF), with an AUC of 1.00, Boyce of 0.51, TSS of 0.99, and Kappa of 0.67 (Table 
3), meeting all 4 evaluation metric thresholds. Distance to young forest and shrublands 
and buildings and elevation had high contributions to the model with values of 2.32, 1.13, 
1.00. The distance to palustrine wetland and understory vegetation, and presence of mixed 
forest all had low contribution, with values < 1.0 (Table 4). Eastern whip-poor-will habitat 
suitability was positively influenced by increasing distance to buildings and negatively 
influenced by increasing distance to young forest and shrubland (Figure 4).  
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Tables and Figures 
Table 3. Evaluation metrics output for each model tested for eastern whip-poor-will, 
Artificial Neural Network (ANN), Generalized Additive Model (GAM), Generalized Boosting 
Model (GBM), Multivariate Adaptive Regression Splines (MARS), Random Forest (RF), and 
the Ensembled approach (EF). The grey highlighted row is the final model chosen for the 
mapping process. 

Models AUC Boyce MaxTSS MaxKappa 
ANN 1.00 1.00 0.99 0.44 
GAM 0.98 0.79 0.95 0.40 
GBM 0.99 0.72 0.97 0.40 

MARS 0.99 0.60 0.98 0.50 
RF 0.97 0.40 0.50 0.50 
EF 1.00 0.51 0.99 0.67 

 

Table 4. Variable contribution values for the predictors within eastern whip-poor-will 
models, Artificial Neural Network (ANN), Generalized Additive Model (GAM), Generalized 
Boosting Model (GBM), Multivariate Adaptive Regression Splines (MARS), Random Forest 
(RF), and the Ensembled approach (EF). Contribution values ≥ 1.00 indicate the 
contribution value for that predictor is higher than or equal to the average contribution 
value.  The grey highlighted row is the final model chosen for the mapping process.  

Predictors ANN GAM GBM MARS RF EF 
Building distance 0.84 1.19 0.60 1.08 1.96 1.13 
Young forest and 

shrubland 
distance 

1.19 1.34 1.64 1.36 6.14 2.32 

Mixed forest 1.30 1.17 1.47 1.02 0.00 0.99 
Palustrine wetland 

distance 
1.59 0.68 0.70 0.91 0.00 0.78 

Elevation 0.79 0.76 0.59 0.86 2.00 1.00 
Understory 
vegetation 
distance 

0.53 0.98 1.37 0.83 0.67 0.88 
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Figure 4. Response curves for the predictors in the eastern whip-poor-will models: 
distance to buildings (distb_11_h), distance to young forest and shrubland 
(eyfsh_d_11hct), presence of mixed forest (forest_11h), distance to palustrine wetlands 
(pwet_d_11h), elevation (elev_11_h), and distance to understory vegetation (under_d_11h). 
All distance and topographic predictors are measured in meters. Each model evaluated 
represents a different colored line: Artificial Neural Network (ANN), Generalized Additive 
Model (GAM), Generalized Boosting Model (GBM), Multivariate Adaptive Regression 
Splines (MARS), Random Forest (RF), and the Ensembled approach (EF).  
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Fish 

The SGCN modeled within the fish taxa group included 2 species: bridle shiner (Notropis 
bifrenatus) and brook trout (Salvelinus fontinalis). The following SGCN models were 
aquatic only models, thus all terrestrial features were removed from the predictors and 
subsequent models using the National Hydrography Dataset Plus (Buto and Anderson 
2020). Distance predictors for all aquatic predictors used Euclidean distance rather than a 
true surface distance following water due to lack of continuity between all above ground 
waterbodies, acknowledging this is a relative measure of proximity and not the physical 
distance an individual would travel to reach the habitat feature. The extent of brook trout 
was limited to rivers only, since brook trout survive primarily in rivers in CT (Jacobs 2009), 
using the USGS hydrography dataset to remove waterbodies within the National 
Hydrography Dataset Plus that intersect lakes, ponds, and reservoirs. 

Bridle shiner (Notropis bifrenatus) 

Species Data  
 Presence-absence data for bridle shiner was collected from 2018-2023 count data 
through long-term monitoring surveys conducted by CT DEEP. Some observation 
coordinates were located outside of the National Hydrography Dataset Plus (the dataset 
used to establish the extent of the model), thus any coordinates that were not within 10.0 
m of the National Hydrography Dataset Plus grid cells were removed. Any locations that 
fell outside of the National Hydrography Dataset Plus rivers grid cell but were within 10.0 m 
received the center coordinate of the nearest National Hydrography Dataset Plus rivers 
grid cell. Initially the dataset contained 39 presences and 1,207 absences, but after 
removing coordinates outside of the extent, and thinning locations by 1 km, the dataset 
included 17 presence locations and 518 absence locations.  
Predictors 

Distance to impervious surfaces, palustrine aquatic beds, and dams, slope, annual 
total precipitation, and mixed forest proportion in local basins were included as predictors 
for the final models. Slope was calculated from 30.0 m elevation tiles (NOAA 2000). The 
slope predictor was resampled to 10.0 m to align with the spatial resolution of the models. 
The 1.0 m resolution Coastal Change Analysis Program land cover map was used to extract 
impervious surfaces and palustrine aquatic beds (NOAA 2020). Dam location data was 
retrieved from CT DEEP (DeLand 2025) to create a distance to nearest dam predictor. The 
1.0 km resolution annual total precipitation (mm) data (Thornton et al. 2020) was used to 
average annual total precipitation across 2016-2019 and then resampled to 10.0 m. The 
1.0 m resolution Coastal Change Analysis Program land cover map was also used to 
extract mixed forests  (NOAA 2020) but the proportion of mixed forest within each 
hydrologic unit (HUC) 12 drainage basin (USGS 2021) was calculated instead of presence 
of mixed forest. A catchment-based predictor was used for mixed forest because the 
amount of forest upstream can influence water and habitat quality downstream and sub 
catchment predictors can improve model performance for small-scale freshwater species 
distribution models (Kuemmerlen et al. 2014). Distance to impervious surfaces was 
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included since this negatively influences the distribution of bridle shiner in Connecticut 
(Pregler et al. 2019). Palustrine aquatic bed, slope, annual precipitation, and dams were 
also included as predictors because macrophyte cover, velocity, and isolation were 
influential covariates for bridle shiner occupancy, depending on the season (Jensen 2012). 
Maximum temperature was also evaluated as a predictor within the model, but this 
reduced model performance, so it was excluded from the final models.  
Model Evaluation and Selection 
 The highest performing bridle shiner model was the GLM model, with AUC value of 
0.96, TSS value of 0.89, and Kappa value of 0.52 (Table 5), meeting all 3 of the evaluation 
criteria for presence-absence models. The predictors with the highest contribution to the 
model were slope and distance to impervious development, with values of 1.13 and 1.10, 
while distance to dams and palustrine aquatic beds, proportion of forest in local basin, 
and annual precipitation all had contribution values below 1.0 but above 0.90 (Table 6). 
Bridle shiner suitable habitat was positively associated with increasing distance to 
impervious surface and annual precipitation and negatively associated with increasing 
distance to palustrine aquatic bed, and dams, and slope (Figure 5) 

 
Tables and Figures 
Table 5. Evaluation metrics output for each bridle shiner model, Generalized Additive 
Model (GAM), Generalized Linear Model (GLM), Random Forest (RF), XGBoost, and the 
Ensembled approach (EF). The grey highlighted row is the final model chosen for the 
mapping process. 

Model AUC TSS Kappa 
GAM 0.93 0.85 0.43 
GLM 0.96 0.89 0.52 

RF 0.95 0.85 0.52 
XGBOOST 0.90 0.83 0.37 

EF 0.95 0.90 0.41 
 

Table 6. Variable contribution values for the predictors within the bridle shiner models: 
Generalized Additive Model (GAM), Generalized Linear Model (GLM), Random Forest (RF), 
XGBoost, and the Ensembled approach (EF). Contribution values ≥ 1.00 indicate the 
contribution value for that predictor is higher than or equal to the average contribution 
value. The grey highlighted row is the final model chosen for the mapping process.  

Predictor GAM GLM RF XGBOOST EF 
Impervious 

surface distance 1.07 1.10 1.19 1.38 1.18 

Dam distance 0.96 0.93 0.61 0.54 0.76 
Slope 1.21 1.13 1.25 1.46 1.26 

Forest proportion 
in local basin 0.91 0.97 1.10 0.89 0.97 

Annual 
precipitation total 0.87 0.97 1.11 1.16 1.03 
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Palustrine aquatic 
bed distance 1.01 0.91 0.84 0.79 0.89 
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Figure 5. Response curves for the predictors in the bridle shiner models: distance to 
impervious surfaces (impervd_11nhd), distance to nearest dam (dam_d_11nhd), slope 
(slope_11nhd), forest proportion in local basin (lb_forp_11nd), annual precipitation total 
(prec_11_h), and distance to palustrine aquatic bed (p_aqbed_11nhd).  All distance and 
topographic predictors are measured in meters and annual precipitation is measured in 
millimeters. Each model evaluated represents a different colored line: Generalized 
Additive Model (GAM), Generalized Linear Model (GLM), Random Forest (RF), XGBoost, and 
the Ensembled approach (EF).   
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Brook trout (Salvelinus fontinalis) 

Species Data 
 The presence-absence data from long term monitoring survey by CT DEEP in 2018-
2019 and 2022-2023 was retrieved for this analysis. Only coordinates located within 10.0 
m of the National Hydrography Dataset Plus rivers were kept to ensure the predictor extent 
and observation locations aligned. Any locations that fell outside of the National 
Hydrography Dataset Plus rivers grid cell but were within 10.0 m received the center 
coordinate of the nearest National Hydrography Dataset Plus rivers grid cell. Initially, the 
dataset included 196 presences and 115 absences. After removing coordinates outside 
National Hydrography Dataset Plus rivers, there were 77 presences and 57 absences. After 
thinning the data randomly by 1.0 km, the data in the final model consisted of 64 
presences and 49 absences.  
Predictors 

Distance to impervious surface and cold-water sites, mixed forest proportion in 
local basins, average monthly winter precipitation, and slope were the predictors in the 
final model. Slope was calculated from 30.0 m elevation tiles (NASA 2000) and the 
predictor was resampled to 10.0 m to align with the spatial resolution of the models. The 
1.0 m resolution Coastal Change Analysis Program land cover map was used to extract 
impervious surfaces (NOAA 2020). The 1.0 km resolution monthly total precipitation (mm) 
data (Thornton et al. 2022) was used to extract average winter (January, February, and 
December) precipitation across 2016-2022 and then resampled to 10.0 m. The 1.0 m 
resolution Coastal Change Analysis Program land cover map was also used to extract 
mixed forests (NOAA 2020) but the proportion of mixed forest within each hydrologic unit 
(HUC) 12 drainage basin (USGS 2021) was calculated instead of presence of mixed forest 
to capture the effects of habitat quality upstream and previous studies have found sub 
catchment predictors can improve model performance for small-scale freshwater species 
distribution models (Kuemmerlen et al. 2014). The location of cold-water sites was 
collected by CT DEEP from their Monitoring and Assessment and Inland Fisheries 
Programs (CT DEEP 2020a). The proportion of forest in the local basin, slope, and 
impervious surfaces were included because percent forest cover positively influenced 
brook trout occupancy and slope both positively and negatively influenced occupancy at 
the catchment-level (Kelly et al. 2021) and percentage impervious surface decreased 
brook trout occupancy at the landscape scale (Wagner et al. 2013). Precipitation was 
extracted only for winter months (January, February, and December), since high and low 
winter precipitation can influence brook trout recruitment the following year (Maitland and 
Latzka 2022). Distance to cold-water sites was included due to increased abundance of 
trout in cold water refuges (Sullivan and Vokoun 2023). Distance to dams, whether the 
location was in a large river (Housatonic, Connecticut, Naugatuck or Thames River), 
average monthly maximum temperature and maximum monthly temperature over a year, 
were also evaluated as predictors but these predictors reduced model performance.   
Model Evaluation and Selection 

The highest performing model was the GBM model, with an AUC value of 0.95, TSS 
value of 0.91, and Kappa value of 0.90 (Table 7), meeting the 3 evaluation criteria for the 
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presence-absence models. The predictors with the highest contributions (values ≥ 1.00) 
were proportion of forest within the local basin (1.44) and distance to the nearest cold-
water site (1.86), slope, winter precipitation and distance to impervious surface had low 
contributions (values < 1.00; Table 8). Brook trout habitat suitability increased with higher 
forest proportion and decreased with increasing distance to cold-water sites and 
increasing average winter precipitation (Figure 6).  
Tables and Figures 
Table 7. Evaluation metrics output for each brook trout model, Generalized Additive Model 
(GAM), Gradient Boosted Machine (GBM), Generalized Linear Model (GLM), Random Forest 
(RF), XGBoost, and the Ensembled approach (EF). The grey highlighted row is the final 
model chosen for the mapping process. 
Model AUC TSS Kappa 
GAM 0.88 0.80 0.81 
GBM 0.95 0.91 0.90 
GLM 0.92 0.72 0.71 
RF 0.95 0.82 0.81 
XGBOOST 0.85 0.72 0.71 
EF 0.95 0.81 0.81 

 
Table 8. Variable contribution values for the predictors within the brook trout models: 
Generalized Additive Model (GAM), Gradient Boosted Machine (GBM), Generalized Linear 
Model (GLM), Random Forest (RF), XGBoost, and the Ensembled approach (EF). 
Contribution values ≥ 1.00 indicate the contribution value for that predictor is higher than 
or equal to the average contribution value. The grey highlighted row is the final model 
chosen for the mapping process.  

Predictors GAM GBM GLM RF XGBOOST EF 
Impervious 

surface distance 0.62 0.92 0.93 1.01 1.25 0.95 

Forest proportion 
in local basin 0.99 1.44 1.00 1.32 1.17 1.19 

Cold-water site 
distance 2.86 1.86 1.39 1.92 1.54 1.91 

Slope 0.49 0.41 0.91 0.43 0.55 0.56 
Winter 

precipitation 1.04 0.84 0.84 0.78 0.74 0.85 
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Figure 6. Response curves for the predictors in the brook trout models: distance to 
impervious surfaces (impervd_11r), forest proportion in local basin (lb_for_p_r), distance to 
cold-water site (cold_d_11r), slope (slope_r), and winter precipitation (w_prec_11r). All 
distance and topographic predictors are measured in meters and winter precipitation is 
measured in millimeters. Each model evaluated represents a different colored line: 
Generalized Additive Model (GAM), Gradient Boosted Machine (GBM), Generalized Linear 
Model (GLM), Random Forest (RF), XGBoost, and the Ensembled approach (EF). 
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Herps 

The SGCN modeled within the herp group included 4 species: eastern hog-nosed snake 
(Heterodon platirhinos), ribbonsnake (Thamnophis saurita saurita), spotted turtle 
(Clemmys guttata), and wood turtle (Glyptemys insculpta). The eastern hog-nosed snake 
was a terrestrial only model, meaning all waterbodies identified in the USGS Hydrography 
Dataset (USGS 2005) were removed from the predictors. Ribbonsnake, spotted turtle, and 
wood turtle were both aquatic and terrestrial models, thus predictors were only clipped to 
the extent of the state.  
 

Eastern hog-nosed snake (Heterodon platirhinos) 

Species Data 
NDDB records collected from 2017-2023 were used as the presence locations for 

eastern hog-nosed snake and were thinned by 1.0 km, which resulted in the initial 25 
presence locations being reduced to 15 presence locations after spatial thinning.  
Predictors 

The final list of predictors in the model included distance to buildings, presence of 
barrens and mixed forest, elevation, and percent sand in the soil. The building footprints 
layer was used to measure distance to buildings (Microsoft 2019). The 1.0 m resolution 
Coastal Change Analysis Program land cover map was used to extract bare lands, 
grasslands, and scrub/shrub to create a proxy for the presence of barrens and to also 
extract mixed forest (NOAA 2020). Due to the high amount of forest within the state, the 
mixed forest predictor was the presence of mixed forest rather than the distance to mixed 
forest, and the mixed forest predictor was resampled to a 10.0 m resolution. Elevation was 
retrieved from 30.0 m elevation tiles (NASA 2000). The elevation predictor was resampled 
to 10.0 m to align with the spatial resolution of the models. Percent sand data was 
retrieved from the Soil Survey Geographic Database (Natural Resources Conservation 
Service (NRCS) 2023) using the soilDB package in R (Beaudette et al. 2025). The percent 
sand, elevation, forest, and building distance predictors were included based on 
suggestions by taxa team experts and eastern hog-nosed snake’s association with open 
habitats in other studies (Buchanan et al. 2017). Other predictors that were assessed in 
the models but were excluded due to reducing model performance included distance to 
wetlands, impervious development, grasslands, young forest and shrubland habitat, and 
edge of young forest and shrubland habitat, and percent canopy cover. Predictors that 
included waterbodies within the extent were also tested, due to their prey species being 
primarily toads, however, these predictors reduced model performance.  
Model Evaluation and Selection 

The model with the highest performance was the ensemble of all models (GAM, 
MARS, XGBOOST). The evaluation metrics met 3 of the 4 performance thresholds with an 
AUC of 0.94, Boyce of 0.65, TSS of 0.89, and Kappa 0.25 (Table 9). Predictors with high 
variable contributions included distance to buildings and presence or absence of barrens 
(value ≥ 1.0), while mixed forest, elevation and percent sand had variable contribution 
values < 1.0 (Table 10). Eastern hog-nosed snake habitat suitability was positively 
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associated with further distances from buildings, presence of barrens and percent sand 
(above 90%) and negatively associated with elevation (Figure 7).  
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Tables and Figures 
Table 9 Evaluation metrics for each model tested for eastern hog-nosed snake, 
Generalized Additive Model (GAM), Multivariate Adaptive Regression Splines (MARS), 
XGBoost, and the Ensembled approach (EF). The grey highlighted row is the final model 
chosen for the mapping process.  

Model AUC Boyce TSS Kappa 
GAM 0.93 0.62 0.86 0.18 

MARS 0.94 0.62 0.89 0.12 
XGBOOST 0.89 0.68 0.79 0.18 

EF 0.94 0.65 0.89 0.25 
 

Table 10. Variable contribution values for the predictors within the eastern hog-nosed 
snake models. Contribution values ≥ 1.00 indicate the contribution value for that predictor 
is higher than or equal to the average contribution value. The grey highlighted row is the 
final model chosen for the mapping process.  

Predictor GAM MARS XGBOOST EF 
Building distance 1.69 1.32 1.67 1.56 

Barrens 1.13 0.99 1.16 1.09 
Mixed forest 0.71 0.82 0.66 0.73 

Elevation 1.16 0.72 0.69 0.86 
Percent Sand 0.59 1.26 1.06 0.97 
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Figure 7. Response curves for the predictors in eastern hog-nosed snake models: distance 
to buildings (distb_11_h), presence of barrens (barns_11_h), presence of mixed forests 
(forest_11h), elevation (elev_11_h), and percent sand (psand_11_h). All distance and 
topographic predictors are measured in meters. Each model evaluated represents a 
different colored line: Generalized Additive Model (GAM), Multivariate Adaptive Regression 
Splines (MARS), XGBoost, and the Ensembled approach (EF).   
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Ribbonsnake (Thamnophis saurita saurita) 

Species Data 
 Presence locations of ribbonsnake were retrieved from the NDDB records from 
2016-2023. Before thinning the data by 1 km, the dataset included 29 presence locations 
and after thinning, 21 presence locations were included in the final model.  
Predictors 
 Distance to impervious surfaces, palustrine wetlands, and waterbodies, presence 
of mixed forest, annual total precipitation, and poorly drained soils were included as 
predictors in the model. The 1.0 m resolution Coastal Change Analysis Program land cover 
map was used to extract impervious surfaces, palustrine wetlands (emergent, 
scrub/shrub, and forested palustrine wetlands were combined), and mixed forests (NOAA 
2020). Because of the high prevalence of forest within the state, the mixed forest predictor 
was the presence of mixed forest rather than the distance to mixed forest, and the mixed 
forest predictor was resampled to 10.0 m. The 1.0 km resolution annual total precipitation 
(mm) data (Thornton et al. 2020) was used to average annual total precipitation across 
2016-2019 and was resampled to 10.0 m resolution. Poorly and very poorly drained soils 
classes were retrieved from the Soil Survey Geographic Database (NRCS 2023) using the 
soilDB package in R (Beaudette et al. 2025). The National Hydrography Dataset Plus (Buto 
and Anderson 2020) was used to determine distance to the nearest waterbody. Distance to 
wetlands, waterbodies, and annual precipitation and presence of poorly drained soils was 
included due to ribbonsnake’s use of aquatic and semi-aquatic habitats (Bell et al. 2007). 
In Connecticut, ribbonsnakes are occasionally found in wet woodland habitat, thus the 
presence of mixed forest was included as a predictor (CT DEEP 2018a). Roadways are a 
source of mortality for ribbonsnakes (NH Fish and Game 2015), thus distance to 
impervious surfaces was included. Distance to young forest and shrubland and elevation 
were also evaluated as predictors in the model, but they were removed because they 
reduced model performance.  
Model Evaluation and Selection  
 The model with the highest performance was GBM, with AUC value of 0.84, Boyce 
value of 0.58, TSS value of 0.70, and Kappa value of 0.14 (Table 11), meeting 3 of the 4 
evaluation metric thresholds. Predictors with the highest contribution (value ≥ 1.00) were 
distance to wetlands (1.12), waterbodies (1.00), annual precipitation (1.00), and presence 
of forest (1.05), while distance to impervious surface and poorly drained soils variable 
contribution values were < 1.00 (Table 12). Ribbonsnake habitat suitability increased with 
increasing distance to impervious surfaces, precipitation, and the presence of poorly 
drained soils and suitability decreased with the presence of forest, and the increasing 
distance to palustrine wetlands and waterbodies (Figure 8).  
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Tables and Figures 
Table 11 Evaluation metrics output for each ribbonsnake model, Generalized Additive 
Model (GAM), Gradient Boosted Machine (GBM), Generalized Linear Model (GLM), 
Multivariate adaptive regression splines (MARS), XGBoost, and the Ensembled approach 
(EF). The grey highlighted row is the final model chosen for the mapping process.  

Model AUC Boyce TSS Kappa 
GAM 0.82 0.72 0.60 0.05 
GBM 0.84 0.58 0.70 0.14 
GLM 0.66 0.71 0.37 0.02 

MARS 0.80 0.66 0.62 0.04 
XGBOOST 0.84 0.59 0.76 0.05 

EF 0.80 0.69 0.60 0.06 
 
 
Table 12. Variable contribution values for the predictors within the ribbonsnake models: 
Generalized Additive Model (GAM), Gradient Boosted Machine (GBM), Generalized Linear 
Model (GLM), Multivariate adaptive regression splines (MARS), XGBoost, and the 
Ensembled approach (EF). Contribution values ≥ 1.00 indicate the contribution value for 
that predictor is higher than or equal to the average contribution value. The grey highlighted 
row is the final model chosen for the mapping process.  

Predictor GAM GBM GLM MARS XGBOOST EF 
Impervious 

surface distance 0.88 0.87 1.58 0.78 0.86 0.98 

Mixed forest 1.08 1.05 1.65 1.15 1.07 1.18 
Palustrine wetland 

distance 1.17 1.12 0.00 1.30 1.18 0.98 

Waterbody 
distance 1.05 1.00 1.58 0.85 0.96 1.07 

Annual 
precipitation 0.93 1.00 1.35 1.14 0.98 1.07 

Poorly drained 
soils 0.91 0.98 1.19 0.86 0.98 0.98 
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Figure 8. Response curves for the predictors in the ribbonsnake models: distance to 
impervious surfaces (imperv_d_11), presence of mixed forest (forest_11), distance to 
palustrine wetlands (pwet_d11), distance to waterbodies (NHD_d11), annual precipitation 
totals (precip_11), and presence of poorly drained soils (pd_soils_11). All distance and 
topographic predictors are measured in meters and annual precipitation is in millimeters. 
Each model evaluated represents a different colored line: Generalized Additive Model 
(GAM), Gradient Boosted Machine (GBM), Generalized Linear Model (GLM), Multivariate 
adaptive regression splines (MARS), XGBoost, and the Ensembled approach (EF). 
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Spotted turtle (Clemmys guttata) 

Species Data 
 Spotted turtle presence data was retrieved from NDDB records collected from 
2016-2024. In that time, there were 155 presence locations and after thinning data to 1.0 
km, there was a total of 123 presence locations. 
Predictors 

The final list of predictors included distance to impervious surfaces and palustrine 
wetlands, elevation, percent sand, and presence of mixed forest. The 1.0 m resolution 
Coastal Change Analysis Program land cover map was used to extract impervious 
surfaces, palustrine wetlands (emergent, scrub/shrub, and forested palustrine wetlands 
were combined), and mixed forests (NOAA 2020). Due to the high prevalence of forest 
within the state, the mixed forest predictor was the presence mixed forest rather than the 
distance to mixed forest, and the mixed forest predictor was resampled to a 10.0 m 
resolution. Elevation was calculated from 30.0 m elevation tiles (NASA 2000). The elevation 
predictor was resampled to 10.0 m to align with the spatial resolution of the models. 
Percent sand data was retrieved from the Soil Survey Geographic Database (NRCS 2023) 
using the soilDB package in R (Beaudette et al. 2025). Mixed forests, palustrine wetlands, 
and percent sand were included since these habitat characteristics are associated with 
habitat use and nest site locations (Milam and Melvin 2001). Impervious surfaces were 
included since road mortality is a threat to spotted turtles (Beaudry et al. 2008). Distance 
to young forest and shrubland, open water, emergent wetlands, ponds, poorly drained 
soils, roads, slope, and canopy cover, elevation, and precipitation were also evaluated as 
predictors, but these predictors reduced model performance, so these predictors were 
excluded from the final models.  
Model Evaluation and Selection 
 The highest performing model was the ensemble model, with an AUC of 0.83, Boyce 
of 0.86, TSS of 0.59, and Kappa of 0.17 (Table 13), meeting 3 of the 4 evaluation thresholds. 
Mixed forest and palustrine wetlands had a high variable contribution value (≥ 1.0), while 
impervious surface, elevation, and percent sand had low values at 0.77, 0.96, and 0.82 
(Table 14). Spotted turtle habitat suitability was negatively associated with increasing 
distance to palustrine wetland and elevation (Figure 9).  
 
Tables and Figures 
Table 13. Evaluation metrics output for each spotted turtle model, Artificial Neural 
Network (ANN), Generalized Additive Model (GAM), Gradient Boosted Machine (GBM), 
Generalized Linear Model (GLM), Random Forest (RF), XGBoost, and the Ensembled 
approach (EF). The grey highlighted row is the final model chosen for the mapping process.  

Model AUC Boyce TSS Kappa 
ANN 0.82 0.75 0.58 0.18 
GAM 0.83 0.83 0.60 0.12 
GBM 0.74 0.78 0.40 0.19 
GLM 0.82 0.72 0.62 0.11 

RF 0.74 0.58 0.38 0.20 
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XGBOOST 0.81 0.89 0.52 0.14 
EF 0.83 0.86 0.59 0.17 

 
 
Table 14. Variable contribution values for the predictors within the spotted turtle models: 
Artificial Neural Network (ANN), Generalized Additive Model (GAM), Gradient Boosted 
Machine (GBM), Generalized Linear Model (GLM), Random Forest (RF), XGBoost, and the 
Ensembled approach (EF). Contribution values ≥ 1.00 indicate the contribution value for 
that predictor is higher than or equal to the average contribution value. The grey highlighted 
row is the final model chosen for the mapping process.  

Model ANN GAM GBM GLM RF XGBOOST EF 
Impervious 

surface distance 
0.67 0.67 0.69 0.94 0.83 0.84 0.77 

Mixed forest 1.18 1.15 1.24 0.99 0.81 1.05 1.07 
Palustrine wetland 

distance 
1.68 1.67 1.39 1.33 1.82 1.33 1.53 

Elevation 0.94 1.05 1.11 0.85 0.92 0.90 0.96 
Percent sand 0.76 0.70 0.73 0.94 0.87 0.93 0.82 
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Figure 9. Response curves for the predictors in the spotted turtle models: distance to 
impervious surfaces (imperv_d_11), presence of mixed forest (forest_11), distance to 
palustrine wetlands (pwet_d11), elevation (elev_11), and percent sand (psand_d_11). All 
distance and topographic predictors are measured in meters. Each model evaluated 
represents a different colored line: Artificial Neural Network (ANN), Generalized Additive 
Model (GAM), Gradient Boosted Machine (GBM), Generalized Linear Model (GLM), Random 
Forest (RF), XGBoost, and the Ensembled approach (EF). 
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Wood turtle (Glyptemys insculpta) 

Species Data 
 The wood turtle presence locations were retrieved from the NDDB records from 
2016-2023. The 135 presence locations were thinned to 1.0 km to reduce spatial 
autocorrelation, leading to 89 presence locations used within the final models. 
Predictors 

The final list of predictors included distance to roads, young forest and shrubland, 
palustrine wetland, waterbodies, and agriculture, and percent canopy cover. The Young 
Forest and Shrubland Vegetation Map was used to identify different types of young forest 
and shrubland vegetation within Connecticut (Rittenhouse et al. 2022). The map used 
ecological processes (succession, disturbance, regeneration, and hydrology), vegetation 
height, percent vegetation cover by height category, previous land cover type, and time 
since disturbance to classify different types of young forest and shrubland vegetation 
(Rittenhouse et al. 2022). The 1.0 m resolution Coastal Change Analysis Program land 
cover map was used to extract palustrine wetlands (combined emergent, scrub/shrub, and 
forested palustrine wetlands) and agriculture (hay/pasture and cultivated crops were 
combined; NOAA 2020). Road data was retrieved from CT Roads and Trails master layer, 
where only roads that could be traveled by cars (US and state highways and local roads) 
were selected (USGS 2005). The National Hydrography Dataset Plus (Buto and Anderson 
2020) was used to determine distance to the nearest waterbody since this layer can 
identify small streams the wood turtle would use (Mothes et al. 2020). The 30.0 m USDA 
National Landcover Dataset of Tree Canopy Cover (USDA 2021) was used to extract 
percent canopy cover and then resampled to a 10.0 m resolution. Percent canopy cover 
was included as a predictor since it was a high contributing predictor in previous habitat 
suitability models (Mothes et al. 2020). Waterbodies and impervious surfaces were 
included since wood turtle relative abundance can be high in streams and lower in areas 
with more impervious surfaces (Willey et al. 2022). Agriculture, wetlands, and young forest 
and shrubland were also included since these are habitats wood turtles use in CT (CT 
DEEP 2011a). Mixed forest, impervious surfaces, precipitation, and poorly drained soils 
were also evaluated as predictors in the model, but these predictors reduced model 
performance.  
Model Evaluation and Selection  
 The highest performing model was the GAM model with AUC of 0.82, Boyce of 0.83, 
TSS of 0.59, and Kappa of 0.30 (Table 15), meeting 3 of the 4 evaluation metrics thresholds. 
The predictors with high contributions (values ≥ 1.00) included distance to waterbodies 
(1.10), palustrine wetlands (1.04), and young forest and shrublands (1.00), with distance to 
roads and agriculture and percent canopy covers having low contribution values < 1.00 
(Table 16). Wood turtle habitat suitability values decreased with increasing distances to 
roads, young forest and shrubland, waterbodies, and agricultural lands (Figure 10).  
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Tables and Figures 
Table 15. Evaluation metrics output for each frosted elfin model, Generalized Additive 
Model (GAM), Gradient Boosted Machine (GBM), Generalized Linear Model (GLM), 
Multivariate adaptive regression splines (MARS), Random Forest (RF), XGBoost, and the 
Ensembled approach (EF). The grey highlighted row is the final model chosen for the 
mapping process.  

Model AUC Boyce TSS Kappa 
GAM 0.82 0.83 0.59 0.30 
GBM 0.72 0.84 0.34 0.19 
GLM 0.81 0.72 0.56 0.26 

MARS 0.83 0.92 0.53 0.22 
RF 0.67 0.82 0.32 0.12 

XGBOOST 0.81 0.88 0.54 0.33 
EF 0.82 0.90 0.56 0.31 

 
Table 16. Variable contribution values for the predictors within the wood turtle models: 
Generalized Additive Model (GAM), Gradient Boosted Machine (GBM), Generalized Linear 
Model (GLM), Multivariate adaptive regression splines (MARS), Random Forest (RF), 
XGBoost, and the Ensembled approach (EF). Contribution values ≥ 1.00 indicate the 
contribution value for that predictor is higher than or equal to the average contribution 
value. The grey highlighted row is the final model chosen for the mapping process.  

Predictor GAM GBM GLM MARS RF XGBOOST EF 
Road distance 0.93 0.95 0.93 0.91 1.02 0.92 0.94 

Young forest and 
shrubland 
distance 

1.00 0.89 1.02 0.94 0.71 0.97 0.93 

Percent canopy 
cover 0.96 1.01 0.94 1.00 1.11 1.07 1.01 

Palustrine wetland 
distance 1.04 1.10 1.02 1.04 1.20 1.01 1.06 

Waterbody 
distance 1.10 1.10 1.12 1.16 1.28 1.11 1.14 

Agriculture 
distance 0.98 0.97 0.99 0.95 0.77 0.93 0.93 
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Figure 10. Response curves for the predictors in the wood turtle model: distance to roads 
(road_d_11), distance to young forest and shrubland (eyfshd_11), percent canopy closure 
(canop_11), distance to palustrine wetlands (pwet_d11), distance to waterbody 
(NHD_d11), and distance to agricultural area (ag_d_11). All distance and topographic 
predictors are measured in meters. Each model evaluated represents a different colored 
line: Generalized Additive Model (GAM), Gradient Boosted Machine (GBM), Generalized 
Linear Model (GLM), Multivariate adaptive regression splines (MARS), Random Forest (RF), 
XGBoost, and the Ensembled approach (EF). 
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Invertebrates 

The SGCN modeled within the invertebrate taxa group included 4 species: eastern 
pondmussel (Ligumia nasuta), frosted elfin (Callophrys irus), tiger spiketail (Cordulegaster 
erronea), and yellow-banded bumble bee (Bombus terricola). The eastern pondmussel 
model was an aquatic-only model, thus all terrestrial features were removed from the 
predictors and subsequent model using the National Hydrography Dataset Plus (Buto and 
Anderson 2020). Distance predictors for all aquatic predictors used Euclidean distance 
rather than a true surface distance following water due to lack of continuity between all 
above ground waterbodies, acknowledging this is a relative measure of proximity and not 
the physical distance an individual would travel to reach the habitat feature. The frosted 
elfin and yellow-banded bumble bee were terrestrial only models, meaning all waterbodies 
identified in the USGS Hydrography Dataset (USGS 2005) were removed from the 
predictors. The tiger spiketail model was both a terrestrial and aquatic model, thus 
predictors were only clipped to the extent of the state.  

Eastern pondmussel (Ligumia nasuta) 

Species Data 
 Eastern pondmussel presence location data was retrieved from NDDB records 
collected from 2015-2022. There are 10 presence locations within this timeframe, thus the 
species data was not spatially thinned.  
Predictors 

The final list of predictors included distance to impervious surfaces, dams, and 
palustrine aquatic beds, elevation, slope, and annual total precipitation. The 1.0 m 
resolution Coastal Change Analysis Program land cover map was used to extract 
palustrine aquatic beds and impervious surfaces (NOAA 2020). The 1.0 km resolution 
annual total precipitation data (Thornton et al. 2020) was used to average annual total 
precipitation across 2016-2019 and was resampled to a 10.0 m resolution. Dam location 
data was retrieved from CT DEEP (DeLand 2025) to create a distance to nearest dam 
predictor. Elevation and slope were calculated from 30.0 m elevation tiles (NASA 2000). 
The elevation and slope predictors were resampled to 10.0 m to align with the spatial 
resolution of the models. Slope, elevation, and precipitation were included as predictors 
since these factors affect flow, which can influence feeding and distribution of eastern 
pondmussel (Strayer 1993, Mistry and Ackerman 2017). Proximity of impervious surfaces 
and dams were included as a proxy for threats of poor water quality and limited 
connectivity (NY Department of Environmental Conservation 2014). The proximity to 
aquatic beds was included since eastern pondmussel is occasionally found near patches 
of aquatic vegetation (NC Wildlife Resources Commission n.d.). The initial model runs with 
the predictor set yielded high model performance, so additional predictors were not 
evaluated for this model.  
Model Evaluation and Selection 
 The highest performing model was the MARS model, with an AUC of 0.98, Boyce of 
0.63, TSS of 0.95, and Kappa of 0.67 (Table 17), meeting all 4 of the evaluation thresholds. 
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The top contributing predictors (variable contribution values ≥ 1.00) included distance to 
impervious surfaces, elevation, and distance to palustrine aquatic beds. The contribution 
values for slope and distance to dams were just below 1.0 at 0.91 and 0.86 and the value 
for annual precipitation was 0.60 (Table 18). Eastern pondmussel habitat suitability 
decreased with increasing distance to impervious surfaces, dams, and palustrine aquatic 
beds. Habitat suitability peaked at elevations around 50.0 m and 300.0 m and precipitation 
totals around 1400.0 mm (Figure 11).  
 
Tables and Figures 
Table 17. Evaluation metrics output for each eastern pondmussel model, Generalized 
Additive Model (GAM), Gradient Boosted Machine (GBM), Multivariate adaptive regression 
splines (MARS), XGBoost, and the Ensembled approach (EF). The grey highlighted row is 
the final model chosen for the mapping process.  

 AUC Boyce TSS Kappa 
GAM 0.85 0.79 0.69 0.28 
GBM 1.00 0.65 0.99 0.50 

MARS 0.98 0.63 0.95 0.67 
XGBOOST 0.98 0.66 0.96 0.40 

EF 0.98 0.61 0.95 0.67 
 

Table 18. Variable contribution values for the predictors within the eastern pondmussel 
models: Generalized Additive Model (GAM), Gradient Boosted Machine (GBM), Multivariate 
adaptive regression splines (MARS), XGBoost, and the Ensembled approach (EF). 
Contribution values ≥ 1.00 indicate the contribution value for that predictor is higher than 
or equal to the average contribution value. The grey highlighted row is the final model 
chosen for the mapping process.  

Predictor GAM GBM MARS XGBOOST EF 
Impervious surface 

distance 1.23 1.16 1.31 1.35 1.26 

Elevation 0.98 2.21 1.49 1.51 1.56 
Slope 0.96 2.04 0.91 1.14 1.27 

Dam distance 1.00 0.80 0.86 0.54 0.79 
Annual precipitation 

total 1.07 0.47 0.60 0.89 0.75 

Palustrine aquatic 
bed distance 0.80 0.29 1.00 0.78 0.72 
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Figure 11. Response curves for the predictors in the eastern pondmussel models: distance 
to surfaces (impervd_11nhd), elevation (elev_11nhd), slope (slope_11nhd), distance to 
nearest dam (dam_d_11nhd), annual precipitation total (prec_11_h), and distance to 
palustrine aquatic bed (p_aqbed_11nhd). All distance and topographic predictors are 
measured in meters and precipitation is measured in millimeters. Each model evaluated 
represents a different colored line: Generalized Additive Model (GAM), Gradient Boosted 
Machine (GBM), Multivariate adaptive regression splines (MARS), XGBoost, and the 
Ensembled approach (EF).   
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Frosted elfin (Callophrys irus) 

Species Data 
Presence data of frosted elfin was retrieved from NDDB records collected from 

2022-2023 with a total of 37 locations. The frosted elfin locations were recorded as buffers, 
either around potential sightings or transect lines, with differing spatial and species 
certainty levels ranging from high to very low, thus the centroid of polygon was used as the 
presence location. Due to spatial and species uncertainty associated with each location 
and to keep as many records as possible, the data was not spatially thinned. 
Predictors 

The final list of predictors included elevation, distance to buildings, young forest 
and shrubland, and host plants, presence of barrens and powerlines, and percent sand in 
the soil as predictors in the model. Elevation was retrieved from 30.0 m elevation tiles 
(NASA 2000). The elevation predictor was resampled to a 10.0 m resolution to align with 
the spatial resolution of the models. The Microsoft building footprints was used as a proxy 
for development (Microsoft 2019). The 1.0 m resolution Coastal Change Analysis Program 
land cover map was used to extract bare lands, grasslands, and scrub/shrub to create a 
proxy for the presence of barrens (NOAA 2020). The Young Forest and Shrubland 
Vegetation Map was used to identify different types of young forest and shrubland 
vegetation within Connecticut (Rittenhouse et al. 2022). The map used ecological 
processes (succession, disturbance, regeneration, and hydrology), vegetation height, 
percent vegetation cover by height category, previous land cover type, and time since 
disturbance to classify different types of young forest and shrubland vegetation 
(Rittenhouse et al. 2022). Location of powerline right of ways were retrieved from 
Homeland Infrastructure Foundation Level Database (US Department of Homeland 
Security 2018). Percent sand data was retrieved from the Soil Survey Geographic Database 
(NRCS 2023) using the soilDB package in R (Beaudette et al. 2025). The locations of frosted 
elfin host plants, wild indigo (Baptisia tinctoria) and blue lupine (Lupinus perennis), were 
determined using iNaturalist. The spocc package in R (Owens et al. 2024) was used to 
retrieve iNaturalist records collected from 2016-2024. Presence of barrens, distance to 
buildings, and elevation were included based on conversations with taxa team members. 
Distance to young forest and shrublands and host plants and presence of powerlines were 
included based on previous frosted elfin adult and larvae habitat suitability studies finding 
positive associations with these features (Albanese et al. 2008, Shepard et al. 2021) and 
percent sand was included based on a study on the location of sandplains habitat within 
New York (Corbin and Flatland 2022). Predictors that were tested and reduced model 
performance included precipitation, northern and eastern aspect, slope, and soils known 
to support pine and sandplain barrens (76% sand at least 160 cm depth; Corbin and 
Flatland 2022), thus these were not included in the final model.  
Model Evaluation and Selection 

The highest performing model was the ensemble of all the models tested (ANN, 
GAM, GBM, MARS, and RF) with AUC of 0.98, Boyce of 0.78, TSS of 0.85, and Kappa of 0.83 
(Table 19) meeting all 4 evaluation thresholds. Predictors with high contributions (≥ 1.00) 
included distance to frosted elfin host plant observation and buildings, while the rest were 
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< 1.00 (ranged from 0.90 to 0.99; Table 20). Based on the response curves for the ensemble 
model, frosted elfin suitable habitat increased with the presence of barrens and powerline 
corridors, increasing distance to buildings, and percent sand above 90% and decreased 
with increasing distance to young forest and shrubland and host plant observations (Figure 
12).  
 
Tables and Figures 
Table 19 Evaluation metrics output for each model tested for frosted elfin, Artificial Neural 
Network (ANN), Generalized Additive Model (GAM), Generalized Boosting Model (GBM), 
Multivariate Adaptive Regression Splines (MARS), Random Forest (RF), and the Ensembled 
approach (EF). The grey highlighted row is the final model chosen for the mapping process. 

 
 
 
 
 
 
 
 
 

 
Table 20. Variable contribution values for the predictors within the frosted elfin models: 
Artificial Neural Network (ANN), Generalized Additive Model (GAM), Generalized Boosting 
Model (GBM), Multivariate Adaptive Regression Splines (MARS), Random Forest (RF), and 
the Ensembled approach (EF). Contribution values ≥ 1.00 indicate the contribution value 
for that predictor is higher than or equal to the average contribution value. The grey 
highlighted column is the final model. 
 

Predictor ANN GBM MARS RF EF 
Elevation 0.91 0.91 0.94 0.98 0.93 

Building distance 1.08 0.97 1.01 0.95 1.00 
Barrens 1.04 0.94 0.95 0.96 0.97 

Young forest and 
shrubland 
distance 

0.93 0.99 0.93 1.03 0.97 

Powerlines 1.05 0.98 0.96 0.98 0.99 
Percent sand 0.84 0.98 0.95 0.84 0.90 

Host plant 
distance 1.18 1.25 1.29 1.30 1.25 

 
  

Model AUC Boyce TSS Kappa 
ANN 0.95 0.78 0.85 0.83 
GAM 0.98 0.78 0.89 0.66 
GBM 0.98 0.80 0.85 0.77 

MARS 0.96 0.85 0.85 0.71 
RF 0.99 0.50 0.89 0.63 
EF 0.98 0.78 0.85 0.83 
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Figure 12. Response curves for the predictors in the frosted elfin models: elevation 
(elev_11_h), distance to buildings (distb_11_h), presence of barrens (barns_11_h), distance 
to young forest and shrubland (eyfsh_d_11hct), presence of powerlines (pow_11_h), 
percent sand (psand_11_h), and distance to host plant (fehost_11h). All distance and 
topographic predictors are measured in meters. Each model evaluated represents a 
different colored line: Artificial Neural Network (ANN), Generalized Additive Model (GAM), 
Generalized Boosting Model (GBM), Multivariate Adaptive Regression Splines (MARS), 
Random Forest (RF), and the Ensembled approach (EF).  
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Tiger spiketail (Cordulegaster erronea) 

Species Data 
 Tiger spiketail presence locations were retrieved from NDDB records collected in 
2022, leading to a total of 13 presence locations in the final model. The data was not 
spatially thinned due to the low number of presence locations.  
Predictors 
The final list of predictors included distance to impervious surfaces and rivers, and 
presence of mixed forest, total precipitation in May, poorly drained soils, and slope. The 
1.0 m resolution Coastal Change Analysis Program land cover map was used to extract 
mixed forest and impervious surfaces (NOAA 2020). Because of the high prevalence of 
forest within the state, the mixed forest predictor was the presence of mixed forest rather 
than the distance to mixed forest, and the mixed forest predictor was resampled to a 10.0 
m resolution. Poorly and very poorly drained soils classes were retrieved from the Soil 
Survey Geographic Database (NRCS 2023) using the soilDB package in R (Beaudette et al. 
2025). Slope was calculated from 30.0 m elevation tiles (NASA 2000). The slope predictor 
was resampled to 10.0 m to align with the spatial resolution of the models. River data was 
extracted using the USGS hydrography dataset (USGS 2005) to remove waterbodies within 
the National Hydrography Dataset Plus dataset (Buto and Anderson 2020) that intersect 
lakes, ponds, and reservoirs. The 1.0 km resolution annual May precipitation data 
(Thornton et al. 2022) was used to average May total precipitation across 2016-2022. 
Precipitation was extracted for May only, since May precipitation increased tiger spiketail 
habitat suitability (Howard and Schlesinger 2012). Species distribution models also 
determined slope was positively associated with tiger spiketail distribution (Howard and 
Schlesinger 2012). Mixed forest, impervious surfaces, poorly drained soils, and rivers were 
included in the models due to the presence of forests, streams, and buildings in home 
ranges and catchments occupied by tiger spiketail (Moskowitz and May 2017). Elevation 
and distance to waterbodies were also evaluated as predictors, however, these predictors 
reduced model performance, so they were removed from final models.  
Model Evaluation and Selection  
 The highest performing model included the MARS model, with an AUC value of 0.99, 
Boyce value of 1.00, TSS value of 0.97, and Kappa of 0.40 (Table 21), meeting 3 of the 4 
model evaluation thresholds. The highest contributing predictors (values ≥ 1.00) were 
distance to impervious development (1.14), presence of mixed forest (1.00), and distance 
to rivers (1.46), while the lowest contributing (values < 1.00) were May precipitation (0.76), 
poorly drained soils (0.99), and slope (0.76; Table 22). Tiger spiketail habitat suitability 
increased with increasing distance to impervious surfaces and presence of mixed forest 
and decreased with increasing distance to rivers (Figure 13).  
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Tables and Figures 
Table 21. Evaluation metrics output for each tiger spiketail model, Flexible Discriminant 
Analysis (FDA), Generalized Linear Model (GLM), Multivariate adaptive regression splines 
(MARS), and the Ensembled approach (EF). The grey highlighted row is the final model 
chosen for the mapping process.  

Model AUC Boyce MaxTSS MaxKappa 
FDA 0.98 0.69 0.97 0.50 
GLM 0.98 -0.07 0.95 0.50 

MARS 0.99 1.00 0.97 0.40 
XGBOOST 0.94 0.74 0.87 0.50 

EF 0.98 0.43 0.97 0.67 
 
Table 22. Variable contribution values for the predictors within the tiger spiketail models 
Flexible Discriminant Analysis (FDA), Generalized Linear Model (GLM), Multivariate 
adaptive regression splines (MARS), and the Ensembled approach (EF). Contribution 
values ≥ 1.00 indicate the contribution value for that predictor is higher than or equal to the 
average contribution value. The grey highlighted row is the final model chosen for the 
mapping process.  
 

Predictor FDA GLM MARS XGBOOST EF 
Impervious 

surface distance 0.54 0.35 1.14 1.21 0.80 

Mixed forest 1.18 1.64 1.00 1.02 1.21 
May precipitation 0.85 0.76 0.76 0.33 0.68 

River distance 2.45 2.09 1.46 1.58 1.90 
Poorly drained 

soils 1.21 0.90 0.99 1.00 1.03 

Slope 0.48 0.90 0.76 1.17 0.82 
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Figure 13. Response curves for the predictors in the tiger spiketail model: distance to 
impervious surfaces (imperv_d_11), presence of mixed forest (forest_11), total May 
precipitation (prec_may11), distance to rivers (river_d11), presence of poorly drained soils 
(pd_soils_11), and slope (slope_11). All distance and topographic predictors are measured 
in meters and precipitation is measured in millimeters. Each model evaluated represents a 
different colored line: Artificial Neural Network (ANN), Generalized Additive Model (GAM), 
Generalized Boosting Model (GBM), Multivariate Adaptive Regression Splines (MARS), 
Random Forest (RF), and the Ensembled approach (EF). 
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Yellow-banded bumble bee (Bombus terricola) 

Species Data 
 The presence locations for the yellow-banded bumble bee were retrieved from 
NDDB records and collected from 2016-2023. The total number of presence locations 
within this time was 14, thus species data was not thinned since this was below the 
threshold for thinning data.  
Predictors 

Distance to young forest and shrubland, agriculture, grasslands, and host plants, 
and the presence of mixed forest were used as predictors within the final model. The 
building footprints layer was used as a proxy for development (Microsoft 2019). The Young 
Forest and Shrubland Vegetation Map was used to identify different types of young forest 
and shrubland vegetation within Connecticut (Rittenhouse et al. 2022). The map used 
ecological processes (succession, disturbance, regeneration, and hydrology), vegetation 
height, percent vegetation cover by height category, previous land cover type, and time 
since disturbance to classify different types of young forest and shrubland vegetation 
(Rittenhouse et al. 2022).The 1.0 m resolution Coastal Change Analysis Program land 
cover map was used to extract grasslands, mixed forests, and agriculture (cultivated land 
and pasture/hay were combined; NOAA 2020). The spocc package in R (Owens et al. 2024) 
was used to extract iNaturalist records of yellow-banded bumble bee host plant locations 
collected from 2016-2024 of research grade quality. The list of host plants was collected 
from Canada Environment and Climate Change (2022) and included: Anaphalis 
margaritacea, Aquilegia canadensis, Aralia, Arctostaphylos uva-ursi, Asclepias incarnata, 
Asclepias syriaca, Astragalus, Baptisia tinctoria, Berberis thunbergii, Caragana 
arborescens, Carduus nutans, Centaurea jacea, Chamaenerion angustifolium, Cirsium 
arvense, Crocus spp. Crocuses, Diervilla lonicera, Epigaea repens, Erigeron 
philadelphicus, Eupatorium fistulosum, Eupatorium maculatum, Eurybia macrophylla, 
Euthamia graminifolia, Echium vulgare, Gaylussacia, Heracleum lanatum, Hydrophyllum 
virginianum, Hypericum perforatum, Impatiens capensis, Kalmia augustifolia, Lactuca 
Canadensis, Rhododendron groenlandicum, Linaria vulgaris, Lonicera caerulea, Lonicera 
tatarica, Lupinus, Melilotus albus, Medicago sativa, Mertensia, Monarda fistulosa, 
Onopordum acanthium, Philadelphus, Pontederia cordata, Prunus cerasus, Prunus 
pensylvanica, Prunus tomentosa, Malus pumila, Rhexia virginica, Rhus typhina, Ribes 
grossularia, Ribes nigrum, Robinia hispida, Rosa, Rubus, Salix, Senecio, Solanum 
dulcamara, Solidago canadensis, Solidago flexicaulis, Solidago hispida, Solidago juncea, 
Sonchus oleraceus, Sorbus Americana, Spiraea latifolia, Symphyotrichum ericoides, 
Symphyotrichum lateriflorum, Symphyotrichum novae-anglia, Symphytum officinale, 
Syringa vulgaris, Taraxacum officinale, Thalictrum pubescens, Tilia americana, Tilia 
platyphyllos, Trifolium hybridum, Trifolium pretense, Trifolium repens, Vaccinium 
angustifolium, Vaccinium corymbosum, and Vicia cracca. The mixed forest, host plant, 
and agricultural predictors were included based on yellow-banded bumble bee habitat 
being positively correlated with coniferous forest and with flowering plant cover and 
negatively correlated with agriculture (Liczner and Colla 2020). The young forest and 
shrubland and grassland predictors were included since these are areas of potential 
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habitat (USFWS 2019). Distance to wetlands and buildings were also evaluated as 
predictors within the model, but these predictors reduced model performance, so they 
were excluded from the final model.  
Model Evaluation and Selection 
 The model with the highest performance was the ensemble model (including ANN, 
GAM, GBM, and MARS), with an AUC of 0.97, Boyce of 0.72, TSS of 0.93, and Kappa of 0.40 
(Table 23), meeting 3 of 4 evaluation metric thresholds. The highest contributing predictors 
were presence of mixed forest, distance to agriculture and grasslands with variable 
contributions values ≥ 1.00 (1.50 and 1.06, 1.04), while distance to young forest and 
shrubland and host plant had contribution values < 1.0 (0.97 and 0.77; Table 24). Yellow-
banded bumble bee suitable habitat increased with increasing distance to host plants and 
decreased with presence of mixed forest and increasing distance to young forest and 
shrubland habitat (Figure 14).  
 
Tables and Figures 
Table 23. Evaluation metrics output for each model tested for yellow-banded bumble bee, 
Artificial Neural Network (ANN), Generalized Additive Model (GAM), Generalized Boosting 
Model (GBM), Multivariate Adaptive Regression Splines (MARS), and the Ensembled 
approach (EF). The grey highlighted row is the final model chosen for the mapping process.  

Model AUC Boyce TSS Kappa 
ANN 0.96 0.54 0.92 0.22 
GAM 0.94 0.35 0.89 0.11 
GBM 0.94 0.31 0.92 0.05 

MARS 0.94 0.52 0.90 0.04 
EF 0.97 0.72 0.93 0.40 

 

Table 24. Variable contribution values for the predictors within the yellow-banded bumble 
bee model for each model tested: Artificial Neural Network (ANN), Generalized Additive 
Model (GAM), Generalized Boosting Model (GBM), Multivariate Adaptive Regression 
Splines (MARS), and the Ensembled approach (EF). Contribution values ≥ 1.00 indicate the 
contribution value for that predictor is higher than or equal to the average contribution 
value. The grey highlighted column is the final model. 

 
 
 
 
 
 
 
 
 
 
  

Predictor ANN GAM GBM MARS EF 
Young forest and 

shrubland 
distance 

0.63 1.24 0.51 1.51 0.97 

Mixed forest 1.57 1.16 1.61 1.65 1.50 
Host plant 
distance 0.40 0.81 0.90 0.96 0.77 

Agriculture 
distance 1.12 0.88 1.49 0.76 1.06 

Grassland 
distance 1.86 0.96 0.83 0.49 1.04 
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Figure 14. Response curves for the predictors in the yellow-banded bumble bee models: 
distance to young forest and shrubland (eyfsh_d_11hct), presence of mixed forest 
(forest_11h), distance to host plant (ybb_h_d11h), distance to agricultural lands 
(ag_d_11h), and distance to grasslands (grass_d_11h). All distance predictors are 
measured in meters. Each model evaluated represents a different colored line: Artificial 
Neural Network (ANN), Generalized Additive Model (GAM), Generalized Boosting Model 
(GBM), Multivariate Adaptive Regression Splines (MARS), and the Ensembled approach 
(EF).  
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Mammals 

The SGCN modeled within the mammal taxa group included 2 species: New England 
cottontail (Sylvilagus transitionalis) and tricolored bat (Perimyotis subflavus). The New 
England cottontail model was a terrestrial only model, meaning all waterbodies identified 
in the USGS Hydrography Dataset (USGS 2005) were removed from the predictors. The 
tricolored bat model included both terrestrial and aquatic habitats, thus predictors were 
only clipped to the extent of the state.  
 

New England cottontail (Sylvilagus transitionalis) 

Species Data 
The presence data used for the New England cottontail was collected by CT DEEP 

as part of the New England Cottontail Regional Monitoring Program from 2016-2022. This is 
a standardized monitoring protocol that collects cottontail pellets at designated sites and 
uses genetic analysis to determine species. The locations were thinned by 10.0 m, 
resulting in 1735 locations for New England cottontail (2086 presence locations before 
thinning). The monitoring protocol only records absences at the site-level, not locations, so 
absence information was not included within the model.  
Predictors 

The final list of predictors included a categorical predictor of young forest, 
shrubland, and understory spatial arrangement, average annual total precipitation, 
presence or absence of mixed forest, distance to buildings, shrublands, transitional to 
forest, regenerating forest and clearcut, mixed invasive, greenbrier, and Japanese barberry 
understory, and elevation, slope, northern aspect, and eastern aspect. The 1.0 m 
resolution Coastal Change Analysis Program land cover map was used to extract mixed 
forest (NOAA 2020). Because of the high prevalence of forest within the state, the mixed 
forest predictor was the presence mixed forest rather than the distance to mixed forest, 
and the mixed forest predictor was resampled to 10.0 m. The building footprints layer was 
used as a proxy for development (Microsoft 2019). The Young Forest and Shrubland 
Vegetation Map was used to identify different types of young forest and shrubland 
vegetation within Connecticut (Rittenhouse et al. 2022). The map used ecological 
processes (succession, disturbance, regeneration, and hydrology), vegetation height, 
percent vegetation cover by height category, previous land cover type, and time since 
disturbance to classify different types of young forest and shrubland vegetation 
(Rittenhouse et al. 2022). The classes of young forest and shrubland were included as 
separate predictors: shrubland (vegetation height primarily between 0.5-2.5m with no 
recent disturbance), transitional to forest (mixture of vegetation heights above and below 
0.5 m with no recent disturbance), and regenerating forest and fields (young forest created 
from disturbance within the last 3-20 years; Rittenhouse et al. 2022). Predictors were 
generated for individual classes of deciduous understory vegetation, greenbrier (Smilax 
rotundifolia), Japanese barberry (Berberis thunbergii) and other mixed invasive understory 
species using the Understory Vegetation Map (Yang et al. 2023). The 30.0 m elevation 
dataset (NASA 2000) was used to measure elevation, slope, northern and eastern aspects. 
The elevation, slope, and northern and eastern aspect predictors were resampled to a 10.0 
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m resolution to align with the spatial resolution of the models. Using the National 
Wetlands Inventory (USFWS 2020), a specific list of forested/shrub wetland types found in 
sites known to be occupied by New England cottontail (Rittenhouse et al. 2022) was 
extracted. The 1.0 km resolution annual total precipitation (mm) data (Thornton et al. 2020) 
was used to average annual total precipitation across 2016-2019.  

The young forest and shrubland vegetation map and the understory map was 
combined to run a morphological spatial pattern analysis (MSPA) using the Guidos Toolbox 
(Soille and Vogt 2009, 2022, Vogt and Riitters 2017, Vogt et al. 2022) and create a 
categorical predictor depicting spatial arrangement of habitat. The composite raster was 
inputted into Guidos Toolbox and set the presence of young forests, shrublands, and 
understory as the foreground and absence of those as the background. All habitat was 
classified into six categories: core indicated interior area, edge was the external object 
perimeter of the core, perforation was the internal object perimeter of the core, fragment 
was disjointed areas too small to contain core, margin was non-contiguous area that did 
not fit into the other categories, and core opening was the area within perforations (Vogt 
and Riitters 2017, Vogt et al. 2022). Core opening was the only background class created 
not from the presence of the input layer, but instead from the arrangement of the 
foreground around it (Vogt and Riitters 2017, Vogt et al. 2022; Figure 15). The output of the 
MSPA was included as a categorical predictor in the habitat suitability models. The New 
England cottontail model was created through a separate study (Bischoff et al. 2025), thus 
all distance surface predictors had an offset of 1.0 to replace all zero distance values, 
since zero-inflated data can bias another analysis used within the study, principal 
component analysis (Hellton et al. 2021).  
 Young forest and shrubland and understory predictors were included because the 
high stem density provides cover and protection from predators (Barbour and Litvaitis 
1993, Litvaitis 1993, 2001, Cheeseman et al. 2018, 2019, 2021) and New England cottontail 
occupancy and relative abundance were positively associated with these habitat 
characteristics (Bischoff et al. 2023a, b). The spatial arrangement of young forest and 
shrubland habitat was included to understand the importance of the configuration of these 
habitat characteristics. Annual total precipitation was included due to the influence of 
winter precipitation on cottontail detection (Brubaker et al. 2014). Topographical 
predictors were included based on differences in topography in the two regions of the state 
where New England cottontail occurs. The presence of mixed forest was included since 
New England cottontail can be displaced into later successional forests when their 
introduced competitor, the eastern cottontail (Sylvilagus floridanus), is present 
(Cheeseman et al. 2018, 2021). The proximity to buildings was also included since 
development is a barrier to New England cottontail dispersal (Amaral et al. 2016). Another 
predictor tested was reverting fields, but this predictor reduced model performance and 
was excluded from the model.   
Model Evaluation and Selection 

This model was part of a separate analysis; thus, a different process was used for 
evaluation and selection compared to the other SGCN. The testing and training datasets 
were defined through a 10-fold cross validation, where the data is divided up into 10 folds 
or groups and each time the model is run (a total of 10 times) a different group is held out 
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for testing then the outputs from all runs are averaged. A cross-fold validation was used 
over selecting training and test data so all the data could be used for model validation 
(Phillips et al. 2017) and to incorporate randomness into the testing and training data that 
matches the randomness of the background data in the Maxent models (Elith et al. 2011). 
Maxent is a machine learning model that uses presence locations and predictors to 
estimate the unknown probability distribution of a species across geographic and 
environmental space, compared to the user-defined background distribution (Phillips et al. 
2006). Maxent 3.4.4 (Phillips et al. 2020) was used to create the New England cottontail 
models. Maxent was chosen for New England cottontail because information on 
prevalence values across the landscape was known from previous occupancy studies 
(Bischoff et al. 2023a). Three separate Maxent models values were used for each of the 
mean, lower and upper credible intervals for the occupancy probabilities for New England 
cottontail from Bischoff et al. (2023a) as the prevalence values for each of the models. For 
the final habitat suitability map, the outputs from the mean, lower, and upper credible 
interval prevalence values were averaged but the results of the response curves and the 
percent contribution are from the mean prevalence value.  

The final Maxent model did have a high AUC of 0.92 and TSS of 0.89 (Table 25). 
Predictors with the largest contribution were the morphological spatial pattern analysis 
(28.34%), distance to buildings (14.38%), shrublands (13.99%), mixed invasive understory 
(10.61%) and transitional to forest (9.64%; Table 26). New England cottontail habitat 
suitability decreased with increasing distance to shrublands, and mixed invasive 
understory vegetation, and increased with increasing distance to buildings and the 
presence of core, core openings, and perforations (Figure 16, 17).  

More detailed information on this analysis and the results is in Bischoff et al. (2025).  
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Tables and Figures 
Table 25. Average AUC and TSS values for all 10-fold cross validation New England 
cottontail Maxent models with standard errors.  

Metric Standard Error  
TSS 0.89 0.02 
AUC 0.92 0.01 

 
Table 26. Percent contribution for the New England cottontail Maxent model for all 
predictors included within the model.  For the Morphological Spatial Pattern Analysis 
(MSPA) predictor, background indicates absence of young forest, shrubland, and 
understory vegetation classes. In the foreground, core is interior continuous vegetation 
classes, edge is the external perimeter of core, fragments are areas too small to contain 
core area, and margin is continuous vegetation classes that do not fit into any other 
category. Core openings are background classes found within core areas and perforations 
are the perimeter of those core openings. 
 

Predictor NEC % Contribution  
MSPA 28.34 
Building 14.38 
Shrubland 13.99 
Mixed invasive 10.61 
Transitional to forest 9.64 
Greenbrier 6.37 
Barberry 5.55 
Elevation 4.34 
Regenerating forest 3.07 
Mixed forest 1.61 
Precipitation 1.36 
Eastern aspect 0.24 
Forested-shrub wetland 0.21 
Northern aspect 0.19 
Slope 0.10 
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Figure 15. Examples of the morphological spatial pattern analysis categories. Background 
indicates absence of young forest, shrubland, and understory vegetation classes. In the 
foreground, core is interior continuous vegetation classes, edge is the external perimeter 
of core, fragments are areas too small to contain core area, and margin is continuous 
vegetation classes that do not fit into any other category. Core openings are background 
classes found within core areas and perforations are the perimeter of those core openings. 
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Figure 16. New England cottontail habitat suitability model where the warmer colors and 
higher values indicate higher relative habitat suitability (RHS) values.   
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Figure 17. Response curves for the 5 top contributing predictors within the New England 
cottontail Maxent model, where the selected predictor was varied while all other 
predictors were held constant. Each dot or line represents all model runs (across all 10-
fold cross validation runs). For the Morphological Spatial Pattern Analysis predictor, 
background indicates absence of young forest, shrubland, and understory vegetation 
classes. In the foreground, core is interior continuous vegetation classes, edge is the 
external perimeter of core, fragments are areas too small to contain core area, and margin 
is continuous vegetation classes that do not fit into any other category. Core openings are 
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background classes found within core areas and perforations are the perimeter of those 
core openings. 
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Tricolored bat (Perimyotis subflavus) 

Species Data 
Tricolored bat presence-absence data was retrieved from stationary acoustic 

monitoring conducted by CT DEEP, resulting in 38 presences and 93 absences collected 
from 2015 to 2024. After thinning the data by 1 km, the final dataset included 21 presences 
and 56 absences. 
Predictors 

Distance to buildings, young forest and shrubland, oak habitat, palustrine wetlands, 
and waterbodies, and roost suitability were included as predictors in the model. The 
building footprints layer was used as a proxy for development (Microsoft 2019). The Young 
Forest and Shrubland Vegetation Map was used to identify different types of young forest 
and shrubland vegetation within Connecticut (Rittenhouse et al. 2022). The map used 
ecological processes (succession, disturbance, regeneration, and hydrology), vegetation 
height, percent vegetation cover by height category, previous land cover type, and time 
since disturbance to classify different types of young forest and shrubland vegetation 
(Rittenhouse et al. 2022). The National Hydrography Dataset Plus (Buto and Anderson 
2020) was used to determine distance to the nearest waterbody. The 1.0 m resolution 
Coastal Change Analysis Program land cover map was used to extract palustrine wetlands 
(combined emergent, scrub/shrub, and forested palustrine wetlands; NOAA 2020). The 
location of oak habitats was determined using the terrestrial habitat map at a 30.0 m 
resolution (The Nature Conservancy 2015). The summer roost suitability analysis was 
created by USGS for tricolored bat in North America at 250.0 m resolution (Inman et al. 
2024) and this was resampled to a 10.0 m resolution to align with the spatial resolution of 
the model. Distance to oak habitat, waterbodies, and young forest and shrubland, were 
included as predictors in the model due to the association of suitable summer roost 
habitat and roost selection with oak trees, streams, and shrub cover (Cable and Willcox 
2024, Williams et al. 2025). Distance to buildings was included since bat activity was 
higher in urban fragmented forests compared to rural fragmented forests (Johnson et al. 
2008) Distance to palustrine wetlands was included since wetlands can be areas for 
foraging opportunities (USFWS 2024b). Presence of mixed forest, percent canopy cover, 
distance to barrens, deciduous forest, and bridges were also evaluated as predictors in the 
model, but these predictors reduced model performance.  
Model Evaluation and Selection  
 The highest performing model was the RF model; however, the next highest 
performing model was chosen as the final model, the ensemble of all models tested (GAM, 
GBM, GLM, and RF) due to the habitat suitable map more accurately representing suitable 
summer roost habitat. The ensemble model still had a high AUC value of 0.93, TSS of 0.90, 
and Kappa of 0.81 (Table 27). The highest contributing predictors (variable contribution 
values ≥ 1.00) were distance to buildings (2.38), young forest and shrubland (1.08), 
palustrine wetlands (2.20), and waterbodies (1.75), while distance to oak habitat and roost 
suitability were the lowest contributing predictors (values < 1.00; Table 28). Tricolored bat 
suitable habitat increased with increasing distance from buildings and moderate distances 
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to palustrine wetlands (400-600 m), and decreased with increasing distance to 
waterbodies (Figure 18)  
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Tables and Figures 
Table 27. Evaluation metrics output for each tricolored bat model, Generalized Additive 
Model (GAM), Gradient Boosted Machine (GBM), Generalized Linear Model (GLM), Random 
Forest (RF), and the Ensembled approach (EF). The grey highlighted row is the final model 
chosen for the mapping process.  

Model AUC TSS Kappa 
GAM 0.83 0.60 0.57 
GBM 0.90 0.80 0.65 
GLM 0.60 0.33 0.43 

RF 0.97 0.90 0.81 
EF 0.93 0.90 0.81 

 
Table 28. Variable contribution values for the predictors within the tricolored bat models 
Generalized Additive Model (GAM), Gradient Boosted Machine (GBM), Generalized Linear 
Model (GLM), Random Forest (RF), and the Ensembled approach (EF). Contribution values 
≥ 1.00 indicate the contribution value for that predictor is higher than or equal to the 
average contribution value. The grey highlighted row is the final model chosen for the 
mapping process.  

Predictor GAM GBM GLM RF EF 
Building distance 2.10 0.34 6.17 1.24 2.38 
Young forest and 

shrubland 
distance 

2.10 0.60 0.81 1.01 1.08 

Oak habitat 
distance 0.00 1.15 0.41 0.28 0.49 

Palustrine wetland 
distance 1.08 1.15 0.81 5.38 2.20 

Waterbody 
distance 1.64 4.00 0.41 0.78 1.75 

Roost suitability 0.42 0.60 1.20 0.35 0.64 
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Figure 18. Response curves for the predictors in the tricolored bat model: distance to 
buildings (distb_11), distance to young forest and shrubland (eyfshd_11), distance to oak 
habitat (oak_ter_d_11), distance to palustrine wetlands (pwet_d11), distance to 
waterbodies (NHD_d11), and roost suitability score (roost_suit). All distance predictors are 
measured in meters. Each model evaluated represents a different colored line: 
Generalized Additive Model (GAM), Gradient Boosted Machine (GBM), Generalized Linear 
Model (GLM), Random Forest (RF), and the Ensembled approach (EF).  
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Key Habitat Maps 
 Key habitat maps were generated for the following habitat groups: open upland, 
forested upland, estuarine, palustrine, land water interface, lacustrine, and riverine, 
excluding development, subterranean, agriculture, marine, and unspecified. These key 
habitat maps were used to calculate the amount of habitat by town for Chapter 2. A 
combination of recent fine resolution landcover and vector data were used to generate the 
maps. For forested upland, the NOAA 1m Coastal Change Analysis Program Landcover 
map (NOAA 2020) was used to extract mixed forest and the Young Forest and Shrubland 
Vegetation Map (Rittenhouse et al. 2022) was used to extract recently disturbed forest, 
regenerating forest and clearcut, which are young forest classes that were forested 0-20 
years ago. For open uplands, a combination of grasslands, scrub/shrub, and bare land 
from NOAA 1m Coastal Change Analysis Program Landcover map (NOAA 2020), and 
transitional to forest, reverting fields, and shrublands from the Young Forest and Shrubland 
Vegetation Map (Rittenhouse et al. 2022) was used. For palustrine, the NOAA 1.0 m 
Coastal Change Analysis Program Landcover map (NOAA 2020) was used to extract tidal 
and non-tidal palustrine emergent, scrub/shrub, and forested wetlands. For riverine, a 
combination of rivers, streams and brooks from the Connecticut Hydrography Dataset 
(USGS 2005) and the National Hydrography Dataset Plus (Buto and Anderson 2020) code 1 
(rivers) water bodies were used. Both hydrography datasets were used to capture larger 
rivers as well as the small, ephemeral streams. For lacustrine, the CT hydrography dataset 
(USGS 2005) was also used to map lakes, ponds, reservoirs, and open water within the 
state. The CT hydrography dataset was chosen over the higher resolution National 
Hydrography Dataset Plus for lacustrine since it more accurately differentiated lakes and 
rivers. For land water interface, a combination of the NOAA 1.0 m Coastal Change Analysis 
Program Landcover map (NOAA 2020) unconsolidated shores, bare land within 100.0  m of 
the coastline (to capture beaches only), and delineated islands from the Northeast States 
Town Boundary Set (CT DEEP 2019) was used. For estuarine, the NOAA 1.0 m Coastal 
Change Analysis Program Landcover map was used to extract estuarine emergent, 
scrub/shrub, and aquatic vegetation (NOAA 2020).  
 

Additional Ecological Data 
 Protected areas were compiled from CT protected open space data (CT DEEP 
2011b), federal open space data (CT ECO 2019), National Protected Areas Database 
(USGS 2018), CT Aquifer Protection Areas (CT DEEP 2024b), CT DEEP property (CT DEEP 
2024c), CT Fisheries Management areas (CT DEEP 2023a), and CT Surface Water classes 
with high water quality (class AA; CT DEEP 2023b). All the protected areas data were 
merged into one shapefile and then converted into a raster with a 10.0 m resolution. 
Distance to protected areas was created using the distance accumulation function in 
ArcPro 3.4.2 (ESRI 2025). 
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 CT DEEP’s Natural Diversity Database (NDDB) Review Areas (CT DEEP 2024d) are 
created for all state listed species and species of special concern and include potential 
suitable habitat and dispersal buffers. These maps are not specific to SGCN, where they 
are not maps of SGCN only, but are more specific areas of state listed endangered, 
threatened, and species of special concern. The NDDB Review Areas map was categorized 
into the low (1-2 species), medium (3-6 species), and high (> 7 species) number of 
overlapping layers for state threatened and endangered species, and species of special 
concern, based on the natural breaks in the data. The NDDB areas for SGCN already 
included in the SGCN mapping process were removed to avoid overrepresenting species. 
 The Nature Conservancy’s Resilient and Connected Network was retrieved to 
include regional connectivity in the Connect COA (The Nature Conservancy 2016). All 
pixels in the Resilient and Connected Network in Connecticut were included and rasterized 
to a 10.0 m resolution raster.  

Town Plan Analysis 
Topic models were used to identify topics, groups of co-occurring words that 

represent an underlying theme, in town plans that overlap with the 2015 CT SWAP (Figure 
3, Step 2). Town Plans of Conservation and Development (POCD) were retrieved from 
online resources. The 107 plans published since the 2015 CT SWAP revision were retrieved 
from online. Each town needs to complete a POCD to receive discretionary state funding, 
and the plans must reflect their vision of the future state of development of the town while 
balancing natural resource, residents’ values, economic opportunities, transportation, 
and infrastructure (CT General Statutes 2018).  

Plans were preprocessed, so the plans only included relevant information. The first 
preprocessing step was to remove entire pages that contained irrelevant or repetitive 
information, to avoid inclusion of irrelevant themes or artificially increasing the prevalence 
of certain themes. Specifically, pages containing solely title pages, tables of contents, 
executive summaries, literature cited, intentionally blank pages, welcome letters from 
town officials (unless containing a vision statement), background and overview of what a 
POCD is, description and acknowledgement of board members, statutory requirements, 
description of implementation tables, comparison to other plans, compliance with 
regional guidelines, reports from other agencies regarding the municipality, and public 
survey results were removed.  

Once irrelevant pages were removed, the documents were loaded into R 4.2.3 (R 
Core Team 2023) to create the corpus, remove irrelevant words, and run the topic models. 
A corpus is a group of documents, where each document contains a distribution of words 
(Blei 2003). Words were identified through the process of tokenization, where sentences 
are broken down into individual words, also called tokens (Banks et al. 2018). Topic 
models identify the topics or groups of similar tokens that represent a semantic theme 
within a corpus (Roberts et al. 2014). To identify the major topics within town plans, 
structural topic models (STM) were run. STM were chosen because they are similar to 
Latent Dirichlet Allocation (LDA) where they both view documents as random and fixed 
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mixtures of different topics or words but STM improves fit compared to LDA by 
incorporating covariates and removing the assumptions that topic prevalence is consistent 
amongst documents by incorporating a topic prevalence parameter (Blei 2003, Roberts et 
al. 2014). To prepare a corpus for topic modeling, common stop words such as “is” or 
“the,” punctuation, numbers (Schofield et al. 2017, Weston et al. 2023), and words with < 4 
characters were removed. Words that describe the location of the plan (including town 
names) and words that refer to the structure of the plans such as chapter, page, key, and 
contents were also excluded.  

Within the preprocessing phase there are a series of decision points that can alter 
the outcome of the topic models (Schofield and Mimno 2016), where best practices for 
selection are not always transparent (Banks et al. 2018) and can vary by researcher and the 
nature of the corpus (e.g., Roberts et al. 2014, 2019, Schofield and Mimno 2016, Müller-
Hansen et al. 2020, Weston et al. 2023). For each of these decision points, a multiverse 
analysis was conducted (Steegen et al. 2016) or a comparison of all possible data 
iterations based on the literature to determine how preprocessing choices influence model 
outcomes for each corpus.  

The first decision point was determining whether to establish n-grams, or multi-
word expressions, where n is the number of words within the expression (e.g., “open 
space”). N-grams can be established a priori or can be determined based on frequency of 
word co-occurrences. Establishing n-grams can aid analysis (Banks et al. 2018), but there 
is little guidance on the co-occurrence frequency thresholds to consider n-grams. Thus, a 
range of frequency thresholds to test within the multiverse analysis was chosen. A two-
step process to determine n-gram thresholds was used, first running n-grams with a 
relatively low co-occurrence frequency for the corpus (less than 1% of the total number of 
tokens) and then used histograms to determine thresholds that had relatively large number 
of n-gram occurrences. The co-occurrence frequency decayed as the threshold 
decreased, thus the frequency was determined with the highest number n-grams and then 
iteratively halved the number until the n-grams being established were not meaningful. The 
final co-occurrence frequencies tested included 500, 250, and 125.  

Another decision point in the preprocessing phase was the inclusion of rare tokens. 
Rare tokens were removed because if rare words are kept, they can dominate topics 
(Banks et al. 2018), and the goal of the study was to determine common topics shared 
amongst most plans. Rare tokens can be removed based on token frequency within the 
entire corpus (called minimum token frequency) or based on the number of documents the 
token occurs in (called minimum document frequency). Previous studies have used both 
methods, thus, values common within literature were chosen. The multiverse analysis was 
run with a minimum token frequency of 20 occurrences (Gan and Qi 2021, Weston et al. 
2023), a sparsity coefficient, or a proportion approach for minimum token frequency, of 
0.995 (Maurer et al. 2024), a minimum document frequency of the token occurring in at 
least 5% of the documents (5 documents for the town plans; Banks et al. 2018), and no 
minimum token or document frequency.  

Once the corpus was preprocessed, the next important decision point within topic 
modeling was the number of topics. The researchers choose the number of topics. There is 
no right choice with topic number, too few topics can hide rare or unique topics, and too 
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many topics can bias towards rare words, thus topic number choice should balance the 
interests of the researchers and the performance of the models (Weston et al. 2023). First, 
models were run with a range of topic numbers, from 7 to 100 topics, for each n-gram and 
token frequency combination and then multiple diagnostic metrics and multiple evaluation 
tests were used to determine the ideal number of topics for each topic model. Four 
diagnostic metrics and three evaluation tests were used to compare the diagnostic metrics 
for each model in the multiverse analysis. Sematic coherence (𝑆), how often common 
words in a topic co-occur, which often corresponds with human judgment (Mimno et al. 
2011), held-out likelihood (𝐻), which is the probability the model can generate held-out 
data accurately (Chang et al. 2009), residuals (𝑅), which is the dispersion of the residuals 
(Taddy 2012), and lower bounds (𝐿), which is the convergence of the model, were all used 
as diagnostic metrics (Weston et al. 2023). For the first evaluation test, the plots were 
assessed visually and identified where the addition of 1 topic had a strong influence on the 
diagnostic tests, as recommended by Weston et al. (2023). Second, the approach by 
Weston et al. (2023) was quantitatively applied. First, all outputs were scaled prior to using 
the equation, so the values vary from 0-1. Since 𝑆 and 𝐻 should be maximized, the scale 
was left as 0-1, however, an inverse scale was used for 𝑅 and 𝐿 since these values should 
be minimized (Roberts et al. 2019). The difference was summed in each of the scaled 
values of the model with number of topics (𝑘) with the sum of the model with k-1 topics. 
Sums above 0 indicate the addition of a topic was influential compared to the previous 
number of topics. Thirdly, the difference was measured between the sum of k compared to 
the next lowest sum value and then identified the topic numbers with the highest 
differences in sum.   

All ideal topic numbers determined by the evaluation tests were run. Besides varying n-
grams and word or document frequency for the multiverse analysis, all model settings 
were kept consistent for each model. Spectral initialization or a technique using matrix 
decomposition based on a moments framework rather than a likelihood framework was 
used to initialize the model because it has been shown to perform best (Roberts et al. 
2016, 2019). All default settings were used within the model since they are tuned for 
general use, except, the default prior was changed to a gamma prior to allow for 
regularization (Roberts et al. 2019), since there was a high number of covariates.  

Covariates were included in topic modeling to incorporate the effects of the structure 
of the plan and motivations for including ecological themes in town plans. There are two 
types of covariates within STM, those that influence topic prevalence or the prevalence of a 
topic within a document and topic content or how much word use within a topic varies 
(Roberts et al. 2014, 2019). Only topical prevalence covariates were included within the 
models to reflect the goal of this study. Document level covariates were included that 
reflected attributes of the document itself, number of pages and year published. 
Covariates describing attributes of the town were also included to reflect why towns would 
focus on ecological themes within their plans. Covariates included annual income tax by 
town for 2020 (CT Open Data 2022), used as a proxy for town budget, the proportion of the 
town containing natural resources, forests (National Oceanic and Atmospheric 
Administration (NOAA) 2020) and water resources (US Geological Survey (USGS) 2005), the 
proportion of the town already protecting natural resources (CT DEEP 2011b,  USGS 2018, 
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CT ECO 2019, CT DEEP 2024c), whether the town was considered a distressed community 
within the last 5 years (CT Department of Economic and Community Development 2023) 
and whether the town was on the coast. The regional council of government the town 
belongs to was also included since the towns are encouraged to be consistent with 
regional government’s POCD (CT General Statutes 2018). Covariates were standardized to 
estimate and compare covariate effect sizes. 

 The similarity in topic composition or solution congruence was identified between 
all possible ideal model combinations (Weston et al. 2023) by computing Jaccard 
Similarity values for the 50 most common words within each topic across models. The 
similarity values were used rather than the beta values (per topic word probabilities) 
because beta values cannot be compared across models. The multiverse analysis 
determined how topic number, n-grams, and minimum word or document frequency 
influence the similarity amongst topics.  
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Once robust modeling criteria is determined, or models with different modeling 
parameters but similar topic compositions, the FREX and probability labels (top 10 words) 
for models with the highest similarity values were qualitatively analyzed. FREX is a 
composite score based on word frequency and exclusivity (Airoldi and Bischof 2016). A 
two-observer model was used, where both authors interpreted the overall themes of each 
topic based on the labels and then compared the interpretations. After independently 
labeling topics, the interpretations were discussed, and amendments were made to the 
initial interpretations based on the discussions. Example texts were used to aid in topic 
model selection (Müller-Hansen et al. 2020), especially for topics that were semantically 
difficult to interpret or had different interpretations amongst the observers. The final 
candidate models were chosen based on the amount of similarity between the observers’ 
interpretation of topics and the ease of semantically inferring themes within topics.  

To create data to input within the COAs, the topic probabilities for the town topics that 
had the highest similarity to the 2015 CT SWAP, land use and coastal communities, were 

Figure 19. The results of the town plan analysis where colors correspond to the probability that coastal communities and land 

use are included within each town’s plan of conservation and development (POCD). These topics were chosen because they 

had the most overlap the topic in the 2015 CT SWAP. Darker colors indicate a higher probability that one or both topics are 

found within the town plans. The towns in white were not included within the analysis and the towns with a black outline 

have a revision due within the next few years.  
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extracted for each town’s plan. The values within the map represent the sum of the 
probabilities of the two topics (Figure 19).  

Social Data 
The social data included within the zonation process reflected proximity to 

engagement and education resources, partner priority maps, and population density. The 
locations of libraries were retrieved from the Library Technology Guides (Breeding 2024), 
which provides an address for each public library. This list was cross-referenced with each 
library’s website to ensure the library was open and the address was correct. The 
addresses of non-state owned education and nature centers was retrieved from a tourism 
website (Visit New England 2025) and combined with the list of state-owned education and 
nature centers (CT DEEP 2024a). The addresses for libraries, education, and nature 
centers were converted to point locations using the geocode addresses function in ArcPro 
3.4.2 (ESRI 2025) and then the distance to each location was calculated for each pixel 
within the 10.0 m grid of CT. The CT DEEP state property access point data (CT DEEP 
2018b) was retrieved from online and a raster of distance to each location was created 
using a 10.0  m resolution. Town population density data was retrieved online (US Census 
Bureau 2023) and then the population was divided by the area of the town. Population 
density associated with each town was converted to a 10.0 m resolution raster. 

All known priority area maps from federal, state, town, NGO, and private landowner 
partners were retrieved from online. The National Audubon Society Important Areas 
shapefile (National Audubon Society 2024) was clipped to CT and then converted into a 
raster with a 10.0 m resolution. The USFWS Highland Conservation Area Boundary (USFWS 
2024c) was clipped to CT and then converted to a 10.0 m resolution raster. The core forest 
map was retrieved from Center for Land Use Education and Research (CLEAR) online 
(CLEAR 2016), which are the priority areas for the 2020 CT Forest Action Plan (CT DEEP 
2020b), and then resampled the raster to a 10.0 m resolution. The map from Smith et al. 
(2024) that demonstrates zip codes with opportunities for private landowners engaging in 
forest management was also included. The opportunity score from this map was converted 
into a raster with a 10.0 m resolution. The list of Trout Unlimited priority waterbodies (Trout 
Unlimited 2023) was extracted from the named waterbodies layer (USGS 2005) and then 
converted into a raster with a 10.0 m resolution. 

Identifying COAs  

The next step of mapping conservation opportunity areas was to input the 
ecological, town, and social data into the Zonation software (Figure 1, Step 3 and 4). 
Zonation is a spatial prioritization software that ranks all grid cells in a study area based on 
their conservation value, which is calculated from multiple grid (raster) input layers given 
to the program (Moilanen et al. 2022). Zonation uses a priority rank algorithm which 
iteratively ranks all cells in the study area based on their marginal loss in conservation 
value, and continues to reorder cells based on the previous ranking until the model 
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converges (Moilanen et al. 2022). The rank score (varies from 0 to 1, with 0 representing the 
lowest and 1 representing the highest conservation priority) is given to each cell (Moilanen 
et al. 2005, 2022). Zonation prioritizes areas with more conservation coverage, high local 
density of features, balance between features, and aims to minimize conservation loss 
(Moilanen et al. 2022). Grid cells with high density of features, such as SGCN suitable 
habitat, key habitats, and other features (such as town and social data), are given the 
highest priority.  

To associate conservation opportunities with broad actions, single-objective 
conservation opportunity areas were created based on the 7 actions in the PCRM-PI 
framework: Protect, Connect, Restore, Manage, Partner, Inform (divided into two separate 
action of Inform and Research and Monitor; Liberati et al. 2016), which was cross-walked 
to the Conservation Measures Partnership Level 2 actions. Each COA has different 
ecological, town, and/or social data included to reflect the unique aspects of each action. 
The weighting for each input data was based on the importance of the data. The weighting 
itself is arbitrary but does have meaning relative to the other layers included (Moilanen et 
al. 2022). For most layers, the weighting was kept equal and positive at 1, but specific 
layers were increased or made negative based on the interpretation of their values. To 
prioritize locations near protected areas, distance to protected areas was given a higher 
negative weight of -5.0 and to prioritize regional connectivity, the Resilient and Connected 
Network was given a higher positive weight of 5.0 in the Connect COA. The NNDB Review 
Areas layer was also given a higher weight of 21.0 to equal the combined weight of all the 
habitat suitability and key habitat maps in the Research and Monitor COA.  To transform 
the continuous rank outputs from Zonation to binary COAs, rank values above 0.80 or the 
top 20% were extracted (Figure 1, Step 5; Moilanen et al. 2005).   
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