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Summary

We developed species distribution models for six Species of Greatest Conservation Need
(SGCN) in New Mexico using high-resolution environmental predictors and high-quality species
occurrence data to support SGCN management and conservation. We employed an ensemble
modeling approach that integrates results from multiple algorithms, thereby improving model
robustness and accounting for variability among methods (Aratjo and New 2007). This approach
follows the streamlined framework previously developed and applied by Natural Heritage New
Mexico (NHNM) (Leonard and Muldavin 2021, Reasner [Gonzalez] et al. 2022, Gonzalez et al.
2023).

Species selected for modeling included those lacking existing distribution models and
were either newly designated SGCN or existing SGCN that were classified as a Current Focal
(F) or Conservation Impact (I) species. Models were developed for the New Mexico range of
each species, with one exception: the Big Bend slider (Trachemys gaigeae), whose distribution
extends into southwestern Texas. Because reliable occurrence data were available across its
broader range and the species is closely associated with riparian corridors, modeling beyond
New Mexico was appropriate and allowed us to better represent its full distribution. Species with
broader or more diffuse ranges were restricted to New Mexico because occurrence data outside
the state could not be consistently verified with sufficient confidence.

The modeling framework incorporated four algorithms: Random Forests (RF),
Generalized Linear Models (GLM), Extreme Gradient Boosting (XGB), and Multivariate
Adaptive Regression Splines (MARS). Continuous probability outputs (0—1) were thresholded
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using the MaxKappa statistic and combined into concordance ensemble models. Final ensemble
outputs were assigned values from 0 to 4, indicating the degree of algorithm agreement on
habitat suitability with higher values representing greater consensus.

Multiple model iterations were developed for each species using different combinations
of occurrence data, pseudo-absence generation methods, and environmental predictors.
Candidate models were qualitatively evaluated by New Mexico Department of Wildlife
(NMDOW) staff and species experts, and final models were selected based on their ecological
realism and ability to accurately represent potential habitat.

The resulting models will enhance species distribution information available through the
New Mexico Conservation Information System (NMCIS) and support conservation planning
efforts statewide. Model outputs will be incorporated into the Biota Information System of New
Mexico (BISON-M), New Mexico Crucial Habitat Assessment Tool (NMCHAT), and New
Mexico Environmental Review Tool (NMERT).

Introduction

Species distribution models (SDMs) provide valuable information for conservation
planning, environmental review, research, and species management. Because the true distribution
of most species is rarely known, decision-makers often rely on SDMs to identify areas that are
likely to provide suitable environmental conditions and support species occurrence. These
models are developed using environmental characteristics associated with known species
locations and are influenced by factors such as the modeling algorithms employed, methods used
to generate pseudo-absence points, and the environmental predictors considered. Ensemble
approaches, which combine predictions from multiple algorithms, can improve model robustness
by accounting for variability among individual methods and identifying areas of greater
agreement.

NHNM, in collaboration with the NMDOW, developed SDMs for six SGCN identified in
the State Wildlife Action Plan for New Mexico (SWAP). A primary objective of this project was
to expand the suite of models available for use in NMDOW decision-support systems that inform
conservation planning, species management, and environmental reviews that focus on evaluating
potential impacts of development projects on wildlife. Building upon NHNM’s streamlined
ensemble modeling framework developed in 2021, we produced models for the following six
species: Big Bend slider, gray-footed chipmunk (Neotamias canipes), Morrison’s bumblebee
(Bombus morrisoni), prairie vole (Microtus ochrogaster haydenii), western painted turtle
(Chrysemys picta bellii), and western water shrew (Sorex navigator).

Final models will be incorporated into the NMCHAT, the NMERT, and BISON-M. Their
inclusion will provide biological consultants, researchers, land managers, and regulatory
agencies with the best available information on the distribution of potentially suitable habitat for
these focal SGCN.



Methods

General Software and Computational Framework

All geospatial data preparation, statistical analyses, and SDM development were
conducted using a combination of ArcGIS Pro (versions 3.6.1 and 3.7; Esri 2026) and R
(versions 4.2.2 and 4.6.1; R Core Team 2022). Software versions varied among tasks because of
local hardware configurations and package dependencies.

ArcGIS Pro was primarily used for compiling and reviewing species occurrence records,
preparing environmental datasets, creating modeling domains and pseudo-absence masks,
conducting variable checks, and reviewing model outputs. The R environment was used for
environmental variable processing, spatial thinning, point attribution, variable selection, model
development, ensemble construction, variable importance analyses, and model accuracy
assessments.

Assembling Species Records

Development of accurate SDMs requires a sufficient number of reliable occurrence
records for each focal species. We compiled observations from the New Mexico Biotics (NM
Biotics) database and the Global Biodiversity Information Facility (GBIF; GBIF.org), which
includes museum collections (e.g., Arctos) and citizen science observations. All GBIF records
were carefully vetted to ensure that coordinate precision was appropriate for our modeling
framework. In most cases, records with coordinate uncertainty greater than 1,000 m were
excluded, unless they were individually reviewed and determined to represent realistic locations.

Duplicate observations sharing identical coordinates were reduced to a single occurrence
to ensure that each location contributed only once to model development. When NM Biotics
records were represented as polygons rather than points, they were converted to centroid
locations and subsequently reviewed to confirm that they represented suitable habitat for the
focal species.

Historical records collected prior to 1975, and records lacking collection dates, were
excluded from model construction. This threshold is consistent with filtering criteria used in the
NMCHAT Species of Concern layer and better aligns occurrence data with the climatic baselines
used in model development. Climate predictors derived from TopoWx and PRISM LT71
represent 30-year average conditions spanning 1981-2010.

To reduce spatial sampling bias associated with dense clusters of observations,
occurrence datasets were spatially thinned prior to modeling. Minimum thinning distances
typically ranged from 100 to 250 m, depending on the species and distribution of available
records. When multiple observations occurred within the thinning distance, records from the NM
Biotics database were retained preferentially over GBIF observations because they had
undergone more extensive quality control and vetting. This process minimized duplicate
occurrences within 90 x 90 m prediction cells while preserving as many reliable observations as
possible for model development.



Assembling Environmental Predictor Data

All six SDMs incorporated environmental predictors derived from the NatureServe Map
of Biodiversity Importance (MoBI) (NatureServe 2020), which were resampled from 30- to 90-m
resolution (Appendix I, Table A). These predictors represent facets of climate, topography, land
cover, soil, and hydrology.

All 60 MoBI predictor layers were clipped to the predefined and vetted modeling domain
for each focal species (see Modeling Domain section below) and combined into raster stacks
using the R package raster (Hijmans and van Etten 2016) for efficient processing.

Predictor variables that contained extensive areas of missing data (i.e., NA values) within
a species' modeling domain were excluded from analysis because they were anticipated to
provide little or no value for model development. Additional variables were removed when
preliminary model results appeared to be overly influenced by individual predictors or exhibited
unrealistic spatial patterns that were inconsistent with known species ecology. Alternative
models generated with different predictor combinations were included among the candidate
models reviewed by NMDOW staff and species experts during final model selection.

Generating Pseudo-Absence Points

Two pseudo-absence or background point generation strategies were evaluated during model
development. The first followed a geographically constrained random sampling approach
(Vollering et al. 2019a, b). Presence records were spatially thinned at minimum distances of
either 100 or 250 m, depending on the species and candidate model configuration, and pseudo-
absence points were required to occur at least 1,000 m from known presences within the
modeling domain. Pseudo-absence locations were then generated randomly using the
randomPoints function in the R package dismo (Hijmans et al. 2020).

The second strategy employed the "thickening" approach described by Vollering et al. (2019a),
which generates background (pseudo-absence) points throughout the study area while increasing
their density around known occurrence locations, with more background points placed where
occurrence records are more densely clustered. This method preserves spatial sampling bias
present in the occurrence data and can improve environmental representation relative to uniform
random sampling. For these models, presence records were thinned to a minimum distance of
100 m, and pseudo-absence points were generated using the sample background function in the
R package flexsdm (Velazco et al. 2022) with method = “thickening”.

To improve environmental contrast and model discrimination, approximately four pseudo-
absence points were generated for every presence record, following recommendations from
Vollering et al. (2019a, b) and Barbet-Massin et al. (2012). This ratio reduces the likelihood of
placing pseudo-absences near known presences while helping to minimize overfitting and
sampling bias.

Most candidate models employed the geographically constrained random sampling approach,
although at least one thickening-based model iteration was developed and evaluated for each
species as part of the final model selection process.



Variable Selection

Following pseudo-absence generation, we identified a set of key, minimally correlated
predictors for each species using a GLM-based selection process. Each environmental variable
was fit individually in a logistic regression with presence (1) and pseudo-absence (0) as the
response, and variables were ranked by Akaike Information Criterion (AIC), with lower values
indicating a better fit. Starting with the variable having the lowest AIC, pairwise Spearman’s
correlation coefficients were calculated among all variables, and when two variables were highly
correlated (p > 0.7), the variable with the higher AIC was removed. This iterative process
continued until all variables were evaluated, resulting in a final set of predictors that were both
informative and minimally correlated with eachother. This approach balances model
performance and multicollinearity, promoting robust and interpretable species distributions
(Fourcade et al. 2017).

The selected predictors were subsequently input to each algorithm applied to a given
species to develop SDMs. In some cases, additional variables were removed during model
refinement if they contained extensive missing data within the modeling domain, produced
unrealistic spatial patterns, or appeared to exert disproportionate influence on model results.
Varying predictor combinations were incorporated into candidate model iterations that were
ultimately reviewed by NMDOW staff and species experts during final model selection.
Variables used for final models are available upon request.

Modeling Algorithms

We developed SDMs using four algorithms: RF, GLM, XGB, and MARS. Occurrence
data were randomly partitioned into 80% training and 20% validation datasets to assess
predictive performance.

RF (Breiman 2001) was implemented using the randomForest package (Liaw and Wiener
2002) with 500 trees and an mtry value equal to the square root of the number of predictor
variables. GLMs were fit using the glm function in base R (R Core Team 2022) with a binomial
error distribution. XGB, an iterative tree-boosting approach, was implemented through the caret
package (Kuhn 2008) using parameter combinations designed to balance model performance and
reduce overfitting. MARS (Friedman 1991) was implemented using the earth package
(Milborrow 2023) with additive terms (degree = 1) and nprune = 40 to limit model complexity.
Together, these algorithms represent complementary linear, nonlinear, and tree-based
approaches, providing a robust ensemble framework for capturing diverse species—environment
relationships.

Ensemble Construction and Model Evaluation

Continuous probability outputs (0—1) from each algorithm were converted to binary
habitat classifications using the MaxKappa threshold, which balances sensitivity and specificity
(Freeman and Moisen 2008). Thresholded results from the four modeling approaches were then
combined into a concordance ensemble, with values ranging from 0 to 4 to represent the number
of algorithms identifying a pixel as suitable habitat. Areas where three or four algorithms agreed
were considered baseline suitable habitat, reflecting a high degree of model consensus and



aligning with approaches that emphasize agreement among models as an indicator of prediction
reliability (Latif et al. 2013).

Model performance was evaluated using the reserved 20% validation dataset. Sensitivity
and specificity were calculated to assess the ability of models to correctly classify presences and
pseudo-absences, respectively, while overall predictive performance was measured using the
Area Under the Curve (AUC) and the True Skill Statistic (TSS). Percent Correctly Classified
(PCC) was also calculated to quantify the overall proportion of validation observations that were
correctly classified as either presences or pseudo-absences. Accuracy metrics for the final
selected models are provided in Appendix I, Table B.

For each species, a minimum of two (typically four) candidate model iterations were
developed that varied in predictor combinations, pseudo-absence generation strategies, and
spatial thinning distances. Because quantitative performance metrics were generally similar
among candidate models, final model selection relied primarily on qualitative evaluation by
NMDOW staff and species experts. Models were chosen based on their ability to accurately
represent known and potential habitat within the modeled range.

Variable Importance

We assessed the relative importance of environmental predictors for each modeling
algorithm using the vip package (Greenwell and Boehmke 2020) in R. Evaluating variable
importance helped identify the environmental factors most strongly influencing model results
and will improve any future refinement of final models (Li et al. 2022). Variable importance
plots for the final selected models are available upon request.

Results

The following sections present the final SDMs for each focal species, including the
number of occurrence records used after quality control and spatial thinning, the modeling
domain, and the final selected ensemble model. For riparian species, modeling domains were
generally defined using Hydrologic Unit Code (HUC) 10 or HUC 12 watershed boundaries from
the U.S. Geological Survey's Watershed Boundary Dataset (WBD). Terrestrial and upland
species modeling domains were primarily based on EPA Level IV ecoregions.

Big Bend Slider (Trachemys gaigeae)

A total of 110 occurrence records were compiled for modeling, including 47 records from
the NM Biotics database and 63 records from GBIF. The final model used observations thinned
to a minimum distance of 100 m, resulting in 94 occurrence records. The selected model
employed the thickening approach for pseudo-absence generation.

The modeling domain was defined using HUC 10 watershed boundaries that intersected
known observations, along with adjacent HUC 10s to encompass additional potential habitat.
Additional HUC 10s along the Rio Grande were incorporated to capture continuous riparian
habitat between known occurrences and to allow the model to identify suitable habitat in areas
lacking observation data. Information from BISON-M on county-level species distributions was
used to determine the northern extent of the modeling domain, while county records reported by


https://www.usgs.gov/national-hydrography/watershed-boundary-dataset
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TexasTurtles.org informed the downstream extension of the Rio Grande corridor in Texas
beyond known occurrence locations.

.Albuquerque

L

*

O NM Biotics

@ GBIF

[ Modeling Boundary

Big Bend Slider Ensemble Model
© 0 of 4 models

" 1 of 4 models

~ 2 of 4 models

I 3 of 4 models

I 4 of 4 models

Figure 1. Final ensemble species distribution model for the Big Bend slider (7rachemys gaigeae). Ensemble values
of 2—4 were retained as suitable habitat, while areas with a value of 1 were excluded because they were determined
to not adequately represent suitable habitat during qualitative model review. Inset map displays New Mexico
modeled habitat. GBIF = Global Biodiversity Information Facility.
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Gray-footed Chipmunk (Neotamias canipes)

A total of 103 occurrence records were compiled for modeling, including 42 records from
the NM Biotics database and 61 records from GBIF. The final model used observations thinned
to a minimum distance of 100 m, resulting in 78 occurrence records. The selected model
employed the thickening approach for pseudo-absence generation.

The modeling domain was defined using EPA Level IV ecoregions that intersected known
occurrences. Additional ecoregions were included to connect observations in the Gallinas,
Capitan, Sacramento, and Guadalupe Mountains, thus allowing the model to identify potentially
suitable habitat between known populations. The resulting boundary was then buffered by twice
the average nearest-neighbor distance (15,000 m total) among occurrence records, calculated
using the Average Nearest Neighbor tool in ArcGIS Pro v3.4, to capture any adjacent areas with
similar environmental conditions. This buffer also incorporated portions of the Carrizozo
Malpais lava flow, which the BISON-M species booklet notes may occasionally be occupied
when gray-footed chipmunks descend into lower elevations. However, none of the candidate
models identified this area as suitable habitat.
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Figure 2. Final ensemble species distribution model for the gray-footed chipmunk (Neotamias canipes). GBIF =
Global Biodiversity Information Facility.
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Morrison’s bumblebee (Bombus morrisoni)

A total of 271 occurrence records were compiled for modeling, including 129 records
from the NM Biotics database and 142 records from GBIF. The final model used observations
thinned to a minimum distance of 250 m, resulting in 196 occurrence records. The selected
model employed the geographically constrained random sampling approach for pseudo-absence
generation.

The modeling domain was defined using EPA Level IV ecoregions that intersected
known occurrences. All instances of those ecoregion types within New Mexico were included in
the modeling domain, regardless of whether individual polygons contained occurrence records.
Because Morrison's bumblebee is a mobile species that utilizes suitable habitat across broad
landscapes, this approach allowed the model to capture potentially occupied areas beyond the
immediate vicinity of known observations. The resulting boundary was then buffered by the
average nearest-neighbor distance among observations to incorporate any adjacent areas with
similar environmental conditions, including potential transition zones between ecoregions.
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Figure 3. Final ensemble species distribution model for the Morrison’s (Bombus morrisoni). GBIF = Global
Biodiversity Information Facility.



Prairie Vole (Microtus ochrogaster haydenii)

A total of 22 occurrence records were compiled for modeling, including 12 records from
the NM Biotics database and 10 records from GBIF. The final model used observations thinned
to a minimum distance of 100 m; however, all records already met this criterion so all 22
observations were retained. The selected model employed the geographically constrained
random sampling approach for pseudo-absence generation.

The modeling domain was defined using HUC 12 watershed boundaries that intersected
known occurrences, along with adjacent HUC 12s to encompass additional potential habitat.
Although prairie voles occupy grassland habitats, their distribution in New Mexico is often
associated with mesic and riparian environments, making HUC 12 watersheds biologically
meaningful boundaries for constraining the modeling domain. The domain was intentionally kept
narrow based on information from the BISON-M species account, which describes the species as
having a localized distribution within specific townships and ranges, primarily within Colfax and
Mora Counties. Areas within Taos County were also included because the species has also been
documented there. Although BISON-M indicates that the species occurs in Catron County, that
area was excluded because no occurrence records were available and the species account did not
provide additional information supporting its inclusion.
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Figure 4. Final ensemble species distribution model for the prairie vole (Microtus ochrogaster haydenii). Ensemble
values of 2—4 were retained as suitable habitat, while areas with a value of 1 were excluded because they were
determined to not adequately represent suitable habitat during qualitative model review. GBIF = Global Biodiversity
Information Facility.
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Western Painted Turtle (Chrysemys picta bellii)

A total of 434 occurrence records were compiled for modeling, including four records
from the NM Biotics database and 430 records from GBIF. The final model used observations
thinned to a minimum distance of 100 m, resulting in 126 occurrence records. The selected
model employed the geographically constrained random sampling approach for pseudo-absence
generation.

The modeling domain was defined using HUC 10 watershed boundaries that intersected
known observations, along with adjacent HUC 10s to encompass additional potential habitat.
Additional HUC 10s along the riparian corridors of the Rio Grande, Pecos River, and San Juan
River were incorporated to capture information from BISON-M on county-level species
distributions and to allow the model to identify suitable habitat in areas lacking observation data.
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Figure 5. Final ensemble species distribution model for the western painted turtle (Chrysemys picta bellii). Ensemble
values of 2—4 were retained as suitable habitat, while areas with a value of 1 were excluded because they were
determined to not adequately represent suitable habitat during qualitative model review. GBIF = Global Biodiversity
Information Facility.
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Western Water Shrew (Sorex navigator)

A total of 114 occurrence records were compiled for modeling, including 43 records from
the NM Biotics database and 71 records from GBIF. The final model used observations thinned
to a minimum distance of 100 m, resulting in 86 occurrence records. The selected model
employed the geographically constrained random sampling approach for pseudo-absence
generation.

The modeling domain was defined using a combination of HUC 10 and HUC 12
watershed boundaries that intersected known occurrences, along with adjacent HUCs to
encompass additional potential habitat. The domain was further expanded to include all HUC 12
watersheds encompassing mountain ranges within New Mexico counties identified in the
BISON-M county distribution map, with HUC 10 watersheds used to extend the domain north
into Colorado where mountain habitats continue beyond the state boundary. Because the western
water shrew is a montane, river-associated species, HUCs are biologically meaningful
boundaries for modeling potential habitat and their mode of selection allowed for maintenance of
connectivity among occupied watersheds.
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Figure 6. Final ensemble species distribution model for the western water shrew (Sorex navigator). Ensemble values
of 2—4 were retained as suitable habitat, while areas with a value of 1 were excluded because they were determined
to not adequately represent suitable habitat during qualitative model review. Inset map displays modeled habitat in
the Jemez area in the Santa Fe National Forest. GBIF = Global Biodiversity Information Facility.


https://bison-m.org/SpeciesBooklet.aspx?SpeciesID=050730

Conclusion

NHNM, in collaboration with NMDOW, developed SDMs for six SGCN using high-
quality occurrence data, high-resolution environmental predictors, and an ensemble modeling
framework. Species-specific modeling domains and multiple candidate model configurations
(e.g., multiple pseudo-absence generation and occurrence thinning approaches and
environmental predictor combinations) were evaluated to ensure that final products accurately
represented known and potential habitat while reflecting the ecological characteristics of each
species.

The final models provide updated information on the distribution of suitable habitat for
these focal SGCN and will enhance conservation planning, environmental review, and species
management efforts across New Mexico. Integration of these products into BISON-M,
NMCHAT, and NMERT will improve the information available to researchers, land managers,
biological consultants, and regulatory agencies, supporting informed decision-making and future
conservation actions.

As with all SDMs, the models developed through this project represent estimations of potentially
suitable habitat rather than confirmed species occurrence. Model performance is influenced by
the availability and quality of occurrence records, the environmental predictor variables
included, and assumptions associated with pseudo-absence generation and the extent of the
modeling domain. Quality control procedures, review by NMDOW staff and species experts, and
the use of an ensemble modeling framework helped reduce uncertainty and identify the most
representative models. However, some limitations remain, particularly for species with few
observations (e.g., prairie vole) or highly localized distributions. Consequently, some models
may overpredict suitable habitat in certain areas, while others may underpredict habitat in
regions that are occupied but underrepresented or unrepresented in the available data. These
products are intended to serve as tools that can support survey prioritization, inform conservation
planning and habitat management, and identify areas that warrant additional investigation. They
should be used to complement, not replace, field observations, species expertise, and local
ecological knowledge.
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Appendix I

Table A. List of Map of Biodiversity Importance prediction layers included in model
development. Variables retained during the variable selection process and included in the final
model for each species are indicated in the Species Model columns. Species abbreviations are: B
= Big Bend slider, G = gray-footed chipmunk, M = Morrison's bumblebee, P = prairie vole, WT
= western painted turtle, and WS = western water shrew.

Layer Description Species Model

clim biol AnnMnTmp Annual Mean Temperature

clim biol0 MnTmpWQ Mean Temperature of Warmest Quarter

clim bioll MnTmpCQ Mean Temperature of Coldest Quarter p

clim biol2 AnnPrec Mean Annual Precipitation B

clim biol6 PrecWetQ Precipitation of Wettest Quarter M, P, WT, WS

clim biol7 PrecDryQ Precipitation of Driest Quarter B

clim ClimWatDeficit Climatic Water Deficit G, WT

clim GrowDegDays Growing Degree Days WS

Landform 1 10cell Warm Peak/Ridge 10-cell Radius B,M, P, WT
Landform 1 1x1 Warm Peak/Ridge 1 cell Square G, WS

Landform 10 10cell Warm Lower Slope 10-cell Radius B, G, M, P, WT, WS
Landform 11 10cell Neutral Lower Slope 10-cell Radius B, G, M. P, WT, WS
Landform 12 10cell Cool Lower Slope 10-cell Radius G, M, P, WT, WS
Landform 13 10cell Flat Lower Slope 10-cell Radius G, M, P, WT, WS
Landform 14 10cell Valley 10-cell Radius B, G, M, P, WT, WS
Landform 15 10cell Narrow Valley 10-cell Radius B, G, M, P, WT, WS
Landform 2 10cell Neutral Peak/Ridge 10-cell Radius B, G, M, WS
Landform 3 10cell Cool Peak/Ridge 10-cell Radius B, M, P, WT, WS
Landform 4 10cell Peak/Divide 10-cell Radius B,G, M, WT, WS
Landform 5 10cell CIiff 10-cell radius B,M, WT, WS
Landform 6 10cell Warm Upper Slope 10-cell Radius B, G, M, P, WT, WS
Landform 7 10cell Neutral Upper Slope 10-cell Radius B, G, M, P, WT, WS
Landform 8 10cell Cool Upper Slope 10-cell Radius B, G, M, WT, WS
Landform 9 10cell Flat Upper Slope 10-cell Radius B, G, P, WT, WS
NED 2018 Esri BeersAspect Beer's Aspect* B,G, M, P, WT, WS
NED 2018 Esri Curvature Slope Curvature P

NED 2018 Esri_Elevation Elevation M

NED 2018 Esri PlanCurvature | Plan Curvature®* G, WS

NED 2018 Esri Roughness 100 B,G

r Roughness 100-cell Radius Circle

NED 2018 Esri Roughness 10r | Roughness 10-cell Radius Circle G, WT

NED 2018 Esri Slope Deg Slope in Degrees WS




Layer Description Species Model
NED 2018 Esri_SolarRad Equi B, G, WT, WS
nox Solar Radiation Equinox

NED 2018 Esri_SolarRad Sum M, P

merSol

Solar Radiation Summer Solstice

NED 2018 Esri TPI 100r x100
0

Topographic Position Index 100-cell
Radius

B, G, M, P, WT, WS

Topographic Position Index 10-cell G, M, P, WT, WS
NED 2018 Esri TPI 10r x1000 | Radius
NED 2018 Esri TPI 1x1 x1000 | Topographic Position Index 1-cell Square | G, M, WT, WS
NHD 2017 _Esri_DistanceToFres G, M

hWater

Distance to Fresh Water

NHD 2017 Esri_DistanceToLak
ePonds

Distance to Lakes and Ponds

B,G, M, P, WT, WS

NHD 2017 Esri_DistanceToStre
amLine

Distance to Streams (Line)

B, P, WS

NHD 2017 Esri_DistanceToStre
amPoly

Distance to Streams (Polygon)

B,G,M, P, WT, WS

NLCD 2011 _ESRI MeanConifer
ousForest

Mean Coniferous Forest Cover 100-cell
Radius

P

NLCD_2011_ESRI MeanDecidu
ousForest

Mean Deciduous Forest Cover 100-cell
Radius

B, G, M, P, WT, WS

NLCD 2011 _ESRI MeanOpenC
over

Mean Open Cover 100-cell Radius

B, G, M, WT, WS

NLCD 2011 _ESRI MeanOpen B,G,M, P, WT
Water Mean Open Water Cover 100-cell Radius

NLCD 2011 _ESRI MeanShrubS B, M, P, WT, WS
crub Mean Scrub/Shrub Cover 100-cell Radius

NLCD 2011 _ESRI MeanUSFST B, M, WS

reeCanopyPct

Mean Tree Canopy Cover 100-cell Radius

NLCD_2011_ESRI MeanWoody
Wetlands

Mean Woody Wetlands Cover 100-cell
Radius

B, G, M, P, WT, WS

NWI 2018 Esri_Dist2 Forested

G, P, WT, WS

FreshwaterWetlands Distance to Forested Freshwater Wetlands
NWI 2018 Esri Dist2 Freshwat | Distance to Freshwater Emergent B, G, M, P, WT, WS
erEmergentWetlands Wetlands

Polaris_Sep2018_Esri_BulkDensi
ty _x1000

Soils Bulk Density

B, M, P, WT, WS

Polaris_Sep2018 Esri Clay x10
0

Soils Percent Clay

B, G, M, P, WT, WS

Polaris Sep2018 Esri N x1000 | Soils Pore Size Distribution (N) B, G, M, P, WS
Polaris Sep2018 Esri ph x100 Soils pH B, M, P, WS
USGS 1 Dist2CarbResMat Distance to Carbonate Residual Material M

USGS 19 Dist2AlluviumFineCo

astal Distance to Fine Coastal Alluvium

USGS 2018 Esri FlowAccumul B, G, P, WT, WS

ation

Flow Accumulation

USGS 3 Dist2NonCarbResMat

Distance to Non-Carbonate Residual
Material




Layer

Description

Species Model

USGS 4 Dist2AlkIntVolRock

Distance to Alkaline Intrusive Volcanic
Rock

M

USGS 5 Dist2Silicic

Distance to Silicic Residual Material

M

USGS 8 Dist2CollSed

Distance to Colluvial Sediment

* Beer’s Aspect: A transformed measure of slope aspect developed by Beers et
al. (1966) that assigns values from 0 to 2 based on relative potential solar
exposure. Values of 0 correspond to southwest-facing slopes with the highest
potential solar exposure, whereas values of 2 correspond to northeast-facing
slopes with the lowest potential solar exposure. Intermediate aspect directions
are assigned proportionally between these two extremes.

** Plan Curvature: The curvature of a cell perpendicular to the direction of the
maximum slope. Influences convergence and divergence of flow.




Accuracy Metrics

Table B. Accuracy metrics (Percent Correctly Classified [PCC], sensitivity, specificity, Kappa, Area Under the Curve [AUC], and

True Skill Statistic [TSS]) for species distribution models developed for six New Mexico Species of Greatest Conservation Need. Sd =
Standard Deviation. GLM = Generalized Linear Models, MARS = Multivariate Adaptive Regression Splines, RF = Random Forests.

Thin = presence record thinning distance; Thick = Thickening pseudo-absence generation approach; if “Thick™ is not specified in

model name, a random sampling psuedo-absence generation approach was applied; Trial = different combinations of predictors

included in the model.

Big Bend Slider

Sensitivity | Specificity | Kappa | AUC
Model PCC Sensitivity | Specificity | Kappa | AUC | sd sd sd sd TSS
GLM MaxKappa ModRun Thinl100 thick 20260621 0.9362 | 0.8947 0.9467 0.8096 | 0.9207 | 0.0723 0.0261 0.0746 | 0.0385 | 0.8414
MARS MaxKappa ModRun_Thinl00 thick 20260621 | 0.9468 | 0.8947 0.9600 0.8383 | 0.9274 | 0.0723 0.0228 0.0700 | 0.0379 | 0.8547
RF MaxKappa ModRun Thinl00 thick 20260621 0.9681 | 0.8947 0.9867 0.8991 | 0.9407 | 0.0723 0.0133 0.0572 | 0.0368 | 0.8814
XGB MaxKappa ModRun Thinl00 thick 20260621 0.9574 | 0.8947 0.9733 0.8681 | 0.9340 | 0.0723 0.0187 0.0643 | 0.0374 | 0.8681
Gray-Footed Chipmunk

Sensitivity | Specificity | Kappa | AUC
Model PCC Sensitivity | Specificity | Kappa | AUC | sd sd sd sd TSS
GLM MaxKappa ModRun Thin100 thick 20260621 0.7692 | 0.7500 0.7742 0.4255 | 0.7621 | 0.1118 0.0535 0.1088 | 0.0620 | 0.5242
MARS MaxKappa ModRun Thinl100 thick 20260621 | 0.8333 | 0.8125 0.8387 0.5603 | 0.8256 | 0.1008 0.0471 0.1059 | 0.0556 | 0.6512
RF MaxKappa ModRun Thinl100 thick 20260621 0.9359 | 0.6875 1.0000 0.7777 | 0.8438 | 0.1197 0.0000 0.0938 | 0.0598 | 0.6875
XGB MaxKappa ModRun Thin100 thick 20260621 0.9103 | 0.8125 0.9355 0.7310 | 0.8740 | 0.1008 0.0315 0.0957 | 0.0528 | 0.7480
Morrison's Bumblebee

Sensitivity | Specificity | Kappa | AUC
Model PCC Sensitivity | Specificity | Kappa | AUC | sd sd sd sd TSS
GLM MaxKappa ModRun Thin250 Trial4 20260609 | 0.8542 | 0.5128 0.9412 0.5019 | 0.7270 | 0.0811 0.0191 0.0808 | 0.0416 | 0.4540
MARS MaxKappa ModRun Thin250 Trial4 20260609 | 0.8594 | 0.6410 0.9150 0.5614 | 0.7780 | 0.0778 0.0226 0.0750 | 0.0405 | 0.5561
RF MaxKappa ModRun Thin250 Trial4 20260609 0.9010 | 0.7949 0.9281 0.7028 | 0.8615 | 0.0655 0.0210 0.0636 | 0.0344 | 0.7230
XGB MaxKappa ModRun Thin250 Trial4 20260609 0.8906 | 0.6667 0.9477 0.6452 | 0.8072 | 0.0765 0.0181 0.0709 | 0.0393 | 0.6144
Prairie Vole

Sensitivity | Specificity | Kappa | AUC
Model PCC Sensitivity | Specificity | Kappa | AUC | sd sd sd sd TSS
GLM MaxKappa ModRun Thin100 20260621 0.8261 | 1.0000 0.7778 0.6034 | 0.8889 | 0.0000 0.1008 0.1654 | 0.0504 | 0.7778
MARS MaxKappa ModRun Thin100 20260621 0.7391 | 0.6000 0.7778 0.3301 | 0.6889 | 0.2449 0.1008 0.2143 | 0.1324 | 0.3778
RF MaxKappa ModRun Thin100 20260621 0.9130 | 1.0000 0.8889 0.7767 | 0.9444 | 0.0000 0.0762 0.1471 | 0.0381 | 0.8889




XGB MaxKappa ModRun Thinl100 20260621 [ 0.8696 | 1.0000  [0.8333 | 0.6849 | 0.9167 [ 0.0000 ] 0.0904 | 0.1610 | 0.0452 | 0.8333
Western Painted Turtle

Sensitivity | Specificity | Kappa | AUC
Model PCC Sensitivity | Specificity | Kappa | AUC | sd sd sd sd TSS
GLM MaxKappa ModRun Thinl00 Triall 20260609 0.9213 | 0.9200 0.9216 0.7717 | 0.9208 | 0.0554 0.0268 0.0683 | 0.0308 | 0.8416
MARS MaxKappa ModRun_Thin100_ Trial
1 20260609 0.8976 | 0.7600 0.9314 0.6811 | 0.8457 | 0.0872 0.0252 0.0821 | 0.0454 | 0.6914
RF MaxKappa ModRun Thin100 Trial 1 20260609 0.9370 | 0.8800 0.9510 0.8066 | 0.9155 | 0.0663 0.0215 0.0657 | 0.0349 | 0.8310
XGB MaxKappa ModRun Thinl100 Trial 1 20260609 | 0.9370 | 0.9600 0.9314 0.8173 | 0.9457 | 0.0400 0.0252 0.0618 | 0.0236 | 0.8914
Western water shrew

Sensitivity | Specificity | Kappa | AUC
Model PCC Sensitivity | Specificity | Kappa | AUC | sd sd sd sd TSS
GLM MaxKappa ModRun Thin100 20260520 0.9186 | 0.7778 0.9559 0.7490 | 0.8668 | 0.1008 0.0251 0.0898 | 0.0520 | 0.7337
MARS MaxKappa ModRun Thin100 20260520 0.9535 | 0.8889 0.9706 0.8595 | 0.9297 | 0.0762 0.0206 0.0684 | 0.0395 | 0.8595
RF MaxKappa ModRun Thin100 20260520 0.9419 | 0.9444 0.9412 0.8345 | 0.9428 | 0.0556 0.0287 0.0713 ] 0.0313 | 0.8856
XGB MaxKappa ModRun Thinl100 20260520 0.9419 | 0.7778 0.9853 0.8129 | 0.8815 | 0.1008 0.0147 0.0803 | 0.0509 | 0.7631

As general guidelines, higher values of PCC, sensitivity, specificity, Kappa, AUC, and TSS indicate better model performance. PCC,
sensitivity, and specificity range from 0 to 1 (or 0—-100%), with values closer to 1 indicating more accurate classification of validation
data. Because PCC, sensitivity, specificity, Kappa, and TSS are calculated using a classification threshold, their values are dependent
on the selected threshold. In contrast, AUC is threshold-independent and measures the model's ability to discriminate between
presences and absences across all possible thresholds. For AUC, values of 0.5 indicate performance no better than random, 0.7-0.8 are
considered acceptable, 0.8—0.9 indicate good discrimination, and values greater than 0.9 indicate excellent discrimination. TSS ranges
from —1 to 1, with values greater than 0.4 generally considered useful, greater than 0.6 indicating good performance, and greater than
0.8 indicating excellent agreement between predicted and observed distributions. Kappa values below 0.4 generally indicate fair
agreement, 0.4—0.6 moderate agreement, 0.6—0.8 substantial agreement, and values above 0.8 almost perfect agreement between
predicated and observed distributions. These benchmarks are intended as general guidelines and should be interpreted in the context of
the species, available data, and modeling objectives.

The metrics presented in Table B provide useful quantitative measures of model performance but should be interpreted with caution.
Values for PCC, sensitivity, specificity, Kappa, AUC, and TSS can be influenced by sample size, species prevalence, spatial clustering
of observations, and the method used to select pseudo-absence or background points. Consequently, lower metric values do not
necessarily indicate that a model is inconsistent with known species ecology, nor do higher values guarantee biologically meaningful




results. Rather, these metrics should be considered alongside expert knowledge of species distributions, habitat associations, and
ecological processes when evaluating model performance.

Final model selection relied primarily on review by New Mexico Department of Wildlife staff and species experts, with accuracy
metrics serving as supporting information. Models were evaluated based on their consistency with known species distributions, habitat
associations, and documented range limits. In some cases, limited occurrence data, broad habitat tolerances, complex species—
environment relationships, and the inherent challenges of generating unbiased pseudo-absence datasets likely contributed to lower
performance metrics. The ensemble approach used in this study helps reduce the influence of biases associated with individual
algorithms by emphasizing areas where multiple models agree, thereby increasing confidence in the final habitat models.
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