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Abstract: White-nose syndrome (WNS), caused by the fungal pathogen Pseudogymnoascus destructans (Pd), has led to widespread declines in tricolored
bat (Perimyotis subflavus) populations across the eastern United States. Management actions have largely focused on increasing overwinter survival
rates of Pd-infected bats through directly manipulating hibernacula. Maintenance of high-quality active-season habitat is also an important component
of bat population recovery because it can result in higher body fat composition during the overwintering period and therefore increase survival rates of
individuals affected by WNS. We aimed to provide spatial information to wildlife managers in the Monongahela National Forest (MNF) in West Virgin-
ia by identifying MNF locations containing high-quality active-season tricolored bat habitat. We created a habitat suitability model (HSM) using pre-Pd
occurrence data and the ensemble learning algorithm Random Forest (RF) to quantify spatial variation in summer habitat suitability for tricolored bats
in MNF. We then estimated how the species’ spatial distribution changed after Pd became endemic to the MNF using indicator kriging models and
combined the HSM results with indicator kriging results to identify current core use areas within the MNF. Across the study area, the landscape was
classified as 8.2% least suitable habitat, 62.6% low suitability, 25.4% moderate suitability, and 3.8% high suitability. The estimated average probability
of tricolored bat occurrence across the study area declined from 34.6% to 10.2% following onset of WNS. We identified three core use areas after Pd

became endemic for the tricolored bat in the MNE which encompassed 114.9 ha. The results of this study can be used by managers to identify focal

locations and habitat characteristics for conservation and restoration of tricolored bat habitat.
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White-nose syndrome (WNS), caused by the fungal pathogen
(Pseudogymnoascus destructans [Pd]), is a major threat to mul-
tiple species of hibernating bats in North America (Lorch et al.
2011, Hoyt et al. 2021). White-nose syndrome was first detected
in a New York cave in 2006, after which the disease spread rapid-
ly across eastern North America (e.g., Ingersoll et al. 2016, Perry
and Jordan 2022). Typically, hibernating bats experience periods
of torpor lasting from days to weeks, interrupted by arousal peri-
ods in which the metabolic rate increases, and body temperature
rises to normal, however, WNS interferes with this process (Geiser
2004, Reeder et al. 2012). Bats infected with Pd develop lesions on
the muzzle, ears, tail, and wings, with wing lesions causing dehy-
dration and electrolyte depletion (Cryan et al. 2010, Verant et al.
2014). These physiological stresses cause more frequent arousals
from torpor and greater energetic demands for healing, deplet-
ing fat stores and ultimately increasing mortality (Reeder et al.
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2012). White-nose syndrome has been linked to high fatality rates
at hibernacula and declines in the abundance and distribution of
affected species (Francl et al. 2012, Ingersoll et al. 2016, O’Keefe et
al. 2019, Hoyt et al. 2021, Johnson et al. 2021).

Research and management efforts for WNS have largely fo-
cused on increasing over-winter survival, including manipulating
hibernaculum microclimate to reduce fungal growth rate and thus
severity of infections (e.g., Sewall et al. 2023, Turner et al. 2022)
and treating affected bats with probiotic bacteria (e.g., Cheng et
al. 2017). Previous studies have documented higher survival rates
in WNS-affected bats with greater fat stores prior to hibernation
(Cheng et al. 2019, Haase et al. 2021), suggesting that the quality of
foraging and roosting habitats used during the active season could
influence winter survival probabilities for WNS-affected bats
(Wilcox and Willis 2016, Frick et al. 2023). Thus, forest manage-
ment actions that maintain or enhance key roosting and foraging
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habitats could help reduce the impacts of WNS on bat populations
(Silvis et al. 2016, Johnson et al. 2021). Recent studies in South
Carolina and Tennessee have aimed to identify suitable bat forag-
ing and roosting habitats to inform the management actions for
the purposes of increasing pre-hibernation fat stores (Cable and
Willcox 2024, Rosales 2024).

The tricolored bat (Perimyotis subflavus) historically was a com-
mon bat species in the eastern United States (Stevens et al. 2017,
Loeb and Winters 2022, Perry and Jordan 2022). As of 2021, Pd
had spread to approximately 60% of the geographic distribution of
the tricolored bat (Cheng et al. 2021), with >50% declines docu-
mented in populations following invasion (e.g., Powers et al. 2015,
O’Keefe et al. 2019, Perea et al. 2022). Due to the observed rapid
decline, in 2022 the U.S. Fish and Wildlife Service proposed to list
the tricolored bat as federally endangered under the Endangered
Species Act (USFWS 2022). In response, natural resource manag-
ers with the Monongahela National Forest (MNF), West Virginia,
are prioritizing understanding the status and trend of tricolored
bats on the MNF and the identification of core use areas where
habitat quality could be maintained or enhanced for tricolored
bats. Johnson et al. (2021) reported that tricolored bats accounted
for 6.2% of bats captured on the MNF during summer mist net
surveys between 2003 and 2008 (pre-Pd), with occurrence docu-
mented at a mean of 44% of sites surveyed each year. The first de-
tection of Pd in a West Virginia hibernacula was in 2009 (Francl et
al. 2012), and by 2019 tricolored bats had declined to account for
2.5% of bats captured and were detected at only 21% of surveyed
sites. The estimated occurrence and relative abundance trends
indicated the population was stabilizing but recovery was not yet
occurring (Johnson et al. 2021).

The goals of this study were to identify locations on the MNF
that contain high-quality active-season habitat for tricolored bats,
estimate spatially explicit changes in occurrence following the
invasion of Pd, and identify core use areas where habitat conser-
vation or restoration actions could provide the greatest benefits
for the species. We first created a tricolored bat habitat suitabili-
ty model (HSM) using pre-Pd occurrence data (2003-2008) and
classified suitable locations as low, moderate, and high suitability
for tricolored bats. We then estimated the spatial distribution of
tricolored bats on the MNF during three time periods: the pre-Pd
period (2003-2008), Pd invasion period (2011-2014), and Pd en-
demic period (2015-2019) using indicator kriging models. Finally,
we combined the HSM and indicator kriging model for the Pd en-
demic period to estimate Pd endemic core use areas on the MNE
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Methods
Study Area

The study area encompassed the MNF, which is managed by the
U.S. Forest Service (USFS) and includes 687,966 ha in the Allegh-
eny Mountains of eastern West Virginia (Figure 1). The study area
is topographically complex, with elevations ranging from approx-
imately 275-1480 m. The MNF is underlain by sedimentary rock
and contains extensive cave systems (USFS 2011). Water resources
are also abundant, with more than 950 km of perennial streams
(USFS 2011). The MNF is primarily forested, including mixed me-
sophytic, northern hardwood, and oak-hickory forest types, with
red spruce (Picea rubens) and eastern hemlock (Tsuga canadensis)
stands prevalent at higher elevations.

Occurrence Data

We obtained summer occurrence records for tricolored bats on
the MNF from mist-net surveys conducted at 283 sites between
2003 and 2019 (Figure 1). The standardized MNF mist-net bat
monitoring program during this period consisted of 60 long-term
monitoring sites, with additional sites surveyed annually to as-
sist with management plans and activities (Johnson et al. 2021).
Mist-net sites were distributed across all primary forest types on
the MNEF, ranging from early successional areas to mature forests,
with nets placed in potential travel corridors, foraging areas, or
drinking areas (Johnson et al. 2021). Of 250 mist-net sites that
were sampled prior to Pd invasion, 56 were located within 15 m of
a stream (Figure 1). Each site sampling event consisted of at least
two mist-nets sampled for two nights, with a minimum of 5 h of
sampling each night. Each site was surveyed in 1 to 10 years over
the study period and a minimum of 20 sites were sampled annually
(Johnson et al. 2021). For the HSM, we restricted the response data
set to occurrence records collected from 2003-2008 (n = 250 sites),
prior to the invasion of Pd. We excluded occurrence records col-
lected after Pd was first detected in West Virginia in 2009 (Francl et
al. 2012) because our goal was to model tricolored bat occurrence
based solely on environmental variables, and the spread of Pd
may have confounded the relationships between occurrence and
the environmental variables. For the indicator kriging models, we
restricted the response data set to sites that were sampled during
all three focal periods (pre-Pd [2003-2008], Pd invasion [2011-
2014], and Pd endemic [2015-2019]; n = 41 sites) to avoid intro-
ducing sampling-related biases associated with differing locations
and levels of effort among the focal periods. We did not include
detection data in 2009-2010 because Pd was actively spreading
throughout the study area at this time and this could obscure spa-
tial distribution patterns in the Pd invasion period. The input data
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Figure 1. (a) Mist-net survey locations (n = 250) and tricolored bat (Perimyotis subflavus) detections from 2003—2008 in the Monongahela National Forest (MNF), West Virginia. The resulting detection dataset
was used to develop a MNF habitat suitability model for tricolored bats. Survey locations within 15 m of streams are shown in blue, and those farther than 15 m are shown in black. (b) Mist-net survey locations
(n=41) and detections used to evaluate shifts in spatial distribution for tricolored bats with Indicator Kriging, with locations restricted to sites that were sampled during each of three focal periods (pre-
Pseudogymnoascus destructans, the Pseudogymnoascus destructans invasion period, and Pseudogymnoascus destructans endemic period).

for indicator kriging models was the mean number of captures per
site during each of the three focal time periods.

Habitat Suitability Modeling

Predictor Variables To identify candidate environmental predic-
tors, we reviewed the scientific literature for tricolored bat habi-
tat associations. Based on this review, we identified 21 candidate
variables that represented a broad spectrum of environmental
factors, including climatic conditions, terrain attributes, existing
vegetation characteristics, and distances to relevant environmen-
tal features (Appendix, Table A1). Climatic variables included 30

arc-second annual mean temperature and annual precipitation
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(1970-2000) obtained from the WorldClim database (Fick and
Hijmans 2017). Terrain variables included slope degree and ele-
vation, which were calculated from a 30-m digital elevation model
(LANDFIRE 2020a). We computed the geodesic distance to the
nearest stream and nearest lentic waterbody according to the Na-
tional Hydrography Dataset [NHD; 1:24,000 scale; U.S. Geological
Survey (USGS) 2023] using the Near Tool in ArcGIS PRO (ESRI
2023).

We represented vegetation characteristics and structure in mul-
tiple ways. We derived forest types from the 2008 USFS National
Forest Type Dataset 250-m raster (Ruefenacht et al. 2008). Within
our study area, there were 22 distinct forest types. We obtained



estimates for forest structure variables from 250-m rasters ob-
tained through the 2023 USES Forest Inventory and Analysis
Program (USES 2023), including total quadratic mean diameter,
total stand density index, total basal area, tree frequency, and trees
per acre. We obtained percent canopy cover from a 30-m canopy
cover raster from the 2021 National Land Cover Database (Coul-
ston et al. 2012, 2013). We used 30-m Existing Vegetation Cover
(LANDFIRE 2020b) and Existing Vegetation Height (LANDFIRE
2020c¢) rasters to represent percent cover of the live canopy layer
and average height of dominant vegetation, respectively. Finally, we
represented forest configuration using a 9-m raster from the 2020
National Agricultural Imagery Program Forest Fragmentation of
West Virginia (Strager and Maxwell 2020). This dataset classifies
the landscape into different configuration categories, including
patch, edge, perforated, small core (<101 ha), medium-sized core
(101-202 ha), large core (>202 ha), and non-forested.

We considered several variables to represent moisture and pro-
ductivity gradients, including Topographic Wetness Index (TWI),
Integrated Moisture Index (IMI), Heat Load Index (HLI), Nor-
malized Difference Vegetation Index, and Normalized Difference
Moisture Index. Topographic Wetness Index and IMI are measures
of the relative wetness of a point on a landscape. Topographic Wet-
ness Index was derived from the 2020 LANDFIRE 30-m digital el-
evation model by combining the upslope contributing area and the
local slope, where the upslope contributing area is the area of
the landscape that drains into a given point and the local slope is
the slope of the land at that point (Beven and Kirkby 1979, Serensen
et al. 2006). In contrast, IMI was calculated based on hillshade,
curvature, flow accumulation, and soil water capacity (Iverson
and Prasad 2003) using a 2020 LANDFIRE 30-m digital elevation
model and a 150-m soil water capacity layer (Boiko et al. 2021).
We created the IMI and TWI rasters using the raster calculator in
ArcGIS PRO. For both IMI and TWT, higher values indicate wetter
areas. We derived HLI from a 2020 LANDFIRE 30-m digital eleva-
tion model using the spatialEco package in Program R (Evans and
Murphy 2023, R Core Team 2023). Heat Load Index was estimated
based on slope, aspect, and latitude, and represents the heat accu-
mulation in a specific area, with higher HLI values representing
areas with higher heat stress (McCune and Keon 2002). We cal-
culated the Normalized Difference Vegetation Index as a measure
of vegetation health and density. We calculated the Normalized
Difference Moisture Index from 30-m satellite or aerial imagery
downloaded from 2020 USGS Landsat data (Earth Resources Ob-
servation and Science Center 2020). This index represents mois-
ture content in vegetation and soil by quantifying the difference in
near infrared and shortwave infrared reflectance, which are sen-
sitive to changes in moisture levels (Gao 1996). We calculated the

2026 JSAFWA

Tricolored Bat Occurrence and Core Use Areas  Spaid et al 73
mean of each raster-based environmental variable for each raster
cell using the Zonal Statistics as Table tool in ArcGIS PRO. We
conducted environmental variable calculations and manipulations
in Program R (version 4.2.3) and ArcGIS PRO (ESRI 2023).

Modeling Framework and Predictor Variable Selection ~We created
a 30 m x 30 m cell grid (1:60,000 scale) across the MNF and res-
ampled all other environmental data layers to match this spatial
resolution. We used the Random Forest (RF) method to develop
a HSM using pre-Pd tricolored bat occurrence data (2003-2008)
and predict relative summer habitat suitability across the MNF
(Breiman 2001). Random forest modeling is a decision tree-based
ensemble learning method, where multiple decision trees are con-
structed, each using a subset of the predictor and response data.
The bootstrap ensemble approach minimizes model overfitting
and the excluded samples (i.e., out-of-bag data) within the analysis
can be used to assess model performance (Breiman 1996, Breiman
2001). Individual variable importance is derived by permuting
out-of-bag predictor values and measuring the resulting misclassi-
fication rate increments.

For the RF models, we tested performance of models using
the observed non-detection locations as absence points and us-
ing background locations as pseudo-absence points. To create
pseudo-absence points, we generated random points across the
MNF and filtered them to exclude those falling within a 1-km buf-
fer around presence points to avoid spatial autocorrelation (De
La Cruz et al. 2023). We found that using pseudo-absence points
had substantially higher explanatory power (AUC = 0.89) than
observed non-detection locations (AUC = 0.64), and thus we
used pseudo-absence points for the final analysis. While this ap-
proach is well supported by previous research (e.g., Barbet-Massin
et al. 2012, Tturbide et al. 2015), estimated suitability for occur-
rence should be regarded as a relative measure of suitability (Elith
et al. 2011). To address class imbalance in our dataset, we used
down-sampling to reduce the majority class to the same size as
the minority class, mitigating bias towards the majority class. We
then matched the predictors with the balanced class distribution,
preventing the underlying distribution from skewing the model
towards overpredicting the majority class (Valavi et al. 2021, Valavi
et al. 2022).

We used recursive feature elimination to determine which can-
didate predictor variables had strong support for inclusion in the
HSM (Guyon et al. 2002). This method identifies and removes un-
important predictors by iteratively splitting the data into training
and testing data sets and assessing model performance with differ-
ent combinations of predictors. Using this analysis, we identified 9
of the 21 candidate predictors as useful predictors of tricolored bat
occurrence, including annual mean temperature, TWI, distance to



lentic waterbody, distance to stream, elevation, HLI, USES forest
type, forest fragmentation, and canopy cover. We used these vari-
ables to construct the HSM.

Model Parameterization, Performance, and Predictions Two im-
portant parameters in RF models are the number of trees con-
structed and the number of variables considered at each split. We
selected the number of trees by monitoring the stabilization of the
out-of-bag error rate, and the number of variables considered at
each split was set as the square root of the total number of pre-
dictor variables, with a minimum value of 2 (Cutler et al. 2007).
We evaluated model performance primarily using the out-of-bag
error rate, which provides an estimate of the model’s generaliza-
tion error. Additionally, we examined the area under the receiver
operating characteristic curve (AUC), sensitivity, specificity, and
overall accuracy to characterize model performance.

We created partial dependence plots to estimate the influence
of individual predictors on habitat suitability. These plots represent
the marginal effect of each predictor on the predicted outcome
when keeping the other predictors constant (Friedman 2001). We
calculated the importance of the predictor variables using Gini
impurity, which measures the total decrease in node impurities
from splitting on the variable, averaged over all trees. While partial
dependence plots can offer valuable insights for habitat associa-
tions, the modeled relationships should be considered exploratory
in nature due to the potentially complex non-linear relationships
among variables in RF models.

To assist with visualization of habitat suitability across the MNF,
we classified cells into four classes (least suitable, low suitability,
moderate suitability, and high suitability) using a fixed probabili-
ty threshold from the RF model’s predicted probabilities. We used
an integrated approach combining model predictions and perfor-
mance metrics. We first generated suitability scores for each data
point’s likelihood of belonging to the positive class (suitable habi-
tat) using predictive models. We then calculated the performance
metrics sensitivity, specificity, false negative rate, and false positive
rate at various threshold levels to evaluate the effect of threshold
adjustments on model performance. Least suitable habitat rep-
resented values less than the threshold defined by low suitability
habitat. Low suitability habitat represented the threshold where the
false negative rate was below 5%, prioritizing the minimization of
false negatives. Moderate suitability habitat represented the thresh-
old where the false negative rate ranged between 5% and 15%, with
the goal of balancing false negatives and positives. High suitabil-
ity habitat represented the threshold where the false positive rate
was below 5% and the false negative rate was above 15%, prioritiz-
ing the minimization of false positives (Jarnevich et al. 2016). We
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calculated all RF analyses and performance metrics using program
R (version 4.3.1).

Spatial Distribution Patterns

We used kriging models to evaluate changes in tricolored bat
spatial distribution patterns. We filtered the standardized MNF
mist-net data to include only sites that were sampled in each of
three focal time periods: pre-Pd (2003-2008), Pd invasion (2011~
2014), and Pd endemic (2015-2019) to avoid introducing sam-
pling-related biases associated with differing locations and levels
of effort among the focal periods. Out of the 60 long-term moni-
toring sites, 41 were sampled in each of these time periods. For the
41 sites, we calculated the mean number of captures at each site
during each time period and used these values as the input data for
the spatial distribution analysis.

We created an interpolated distribution probability map for
each time period using indicator kriging (Johnston et al. 2001).
Indicator kriging belongs to a group of spatial interpolation meth-
ods called kriging that use sampled data points to estimate the
value of a variable across a specified spatial distribution (Glack-
en and Blackney 1998, Johnston et al. 2001). Indicator kriging is
a non-parametric approach to interpolation in which continuous
data are assigned to binary variables according to whether they do
or do not exceed a set threshold. The binary variables are then used
to estimate probabilities of belonging to a specified class across the
entire spatial distribution (Glacken and Blackney 1998, Johnston
et al. 2001). We set the threshold for class delineation to 0 and eval-
uated model performance using root mean square of standardized
error, which measures the average distance between the predicted
and actual values (Chai and Draxler 2014). We used ArcGIS Desk-
top to create indicator kriging models (ESRI 2021).

Core Use Areas

We delineated potential core use areas in the Pd endemic peri-
od for tricolored bats in the MNF by overlapping high suitability
habitat (277% as identified by the HSM) with areas identified by
the indicator kriging model as having a moderate (>50%) or high
(275%) probability of occurrence in the Pd endemic period. We
applied the Boundary Clean tool in ArcGIS PRO to the classified
suitability raster created with the HSM to simplify identification
of larger, contiguous core use areas. We converted the indicator
kriging raster cells with >50% and >75% probability of occurrence
to polygons and overlayed them on the high suitability habitat
polygons from the HSM. We considered high suitability habitat
polygons that overlapped with moderate probability of occurrence
polygons (=50% probability) to be priority 2 core use areas; high



suitability habitat polygons that overlapped with high probability
of occurrence polygons (=75% probability) were considered to be
priority 1 core use areas.

Results
Habitat Suitability Model

The final random forest model yielded an overall accuracy of
84.8%, with a sensitivity of 78.3% (true positive rate) and a spec-
ificity of 91.3% (true negative rate). The AUC value was 0.89. The
positive and negative predictive values were 90.0% and 80.8%, re-
spectively. We created a map depicting tricolored bat habitat suit-
ability across the MNE ranging from 0 (least suitable) to 1 (highly
suitable) using the model predictions (Figure 2). We categorized
habitat suitability into four levels based on suitability values: least
suitable (0.000-0.144), low suitability (0.145-0.484), moder-
ate suitability (0.485-0.769), and high suitability (0.770-1.000).
Across the study area, we classified the landscape as 8.2% least
suitable, 62.6% low suitability, 25.4% moderately suitable, and

Suitability Class
I Lcost Suitable

B Low Suitability
I Moderate Suitability
High Suitability

0 510 20 Kilometers
Lestlil

Figure 2. Relative summer habitat suitability for tricolored bats (Perimyotis subflavus) across the
Monongahela National Forest, West Virginia, as predicted using a random forest model. See text for
definition of suitability classes.
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Table 1. Environmental variables used in the tricolored bat (Perimyotis subflavus) habitat suitability
model for the Monongahela National Forest, West Virginia, as ranked by Gini impurity and relative
variable importance.

Mean decrease  Relative variable
Variable in Gini importance
Distance to stream 9.90 1.00
Topographic wetness index 8.21 0.83
Annual mean temperature 729 0.74
Elevation 6.43 0.65
Heat load index 6.11 0.62
Distance to waterbody 5.68 0.57
National Land Cover Database canopy cover 487 0.49
USFS forest type 435 0.44
National Agricultural Imagery Program forest fragmentation 2.73 0.28

3.8% highly suitable habitat (Figure 2). For 115 sites where pres-
ence was observed, 0.9%, 11.3%, 54.8%, and 33.0% were within the
least suitable, low suitability, moderate suitability, and high suit-
ability habitat classes, respectively.

The variable distance to stream had the greatest mean decrease
in Gini and relative variable importance, followed by TWI, annual
mean temperature, and elevation (Table 1). The partial dependence
plots indicated negative relationships with distance to stream and
elevation, positive relationships with TWI, canopy cover, and an-
nual mean temperature, and an intermediate relationship with
HLI (Figure 3). The partial dependence plots also indicated that
occurrence was positively associated with hardwood forests (par-
ticularly the oak-hickory forest type) and edge/perforated config-
urations (Figure 3).

Spatial Distribution Patterns

Performance of all indicator kriging models was high, with the
pre-Pd, Pd invasion, and Pd endemic models having RMSE val-
ues of 1.01, 0.89, and 0.87, respectively. Estimated mean probabil-
ity of occurrence across the MNF declined from 34.6% in pre-Pd
to 17.4% in Pd invasion and declined further to 10.2% in Pd en-
demic (Figure 4). We estimated that 0.46% of the landscape had
>70% probability of tricolored bat occurrence pre-Pd and was
approximately the same in Pd invasion (0.45%), but declined to
0.02% in Pd endemic (Figure 4). Pre-Pd, 11.5% of the landscape
was estimated as having >50% probability of tricolored bat occur-
rence, declining to 3.86% in Pd invasion and 0.21% in Pd endemic
(Figure 4).

Core Use Areas

We identified three spatially distinct core use areas for the tri-
colored bat in the MNF (Figure 5). These spatially separated core
use areas contained 20.3 ha, 43.9 ha, and 50.7 ha of priority 2 core
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Figure 3. Partial dependence plots showing estimated relationships between the nine most influential environmental variables in a tricolored bat (Perimyotis subflavus) habitat suitability model for the
Monongahela National Forest in West Virginia, and occurrence probability. These plots represent the marginal influence each variable on habitat suitability as predicted by the random forest model.
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Figure 4. Distribution probability maps interpolated with indicator kriging for the tricolored bat (Perimyotis subflavus) in the Monongahela National Forest, West Virginia for three focal time periods:
(a) pre-Pseudogymnoascus destructans (2003—2008), (b) the Pseudogymnoascus destructans invasion period (2011-2014), and (c) Pseudogymnoascus destructans endemic period (2015-2019).
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Figure 5. Priority 1 core use areas (indicated in green) and priority 2 core use areas (indicated in yellow) for tricolored bats (Perimyotis subflavus) in the Monongahela National

Forest (MNF), West Virginia. See Methods for description of core use area definition procedures. Core use areas are located in (a) the northeastern MNF (b) the southwestern MNF,
and (c) the southern MNF. Altogether, priority 2 core use habitats encompass 116.8 ha of the MNF and priority 1 core use areas encompass 22.2 ha of the MNF (d).

use habitat. We also identified a spatially distinct area of poten-
tial core use near 38°37°22.3896” N, 79°33’54.972” W. However,
this area was not designated as a priority 1 or 2 core use area due
to its small total size (1.98 ha) and high spatial fragmentation.
The core use areas were located near Spruce Knob-Seneca Rocks
Recreation Area (38°47° 44.9628” N, 79°19°20.9712” W), near
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Laurel Fork (37°58°22.746” N, 80°17°33.972” W) and near the Wil-
liams River and town of Dyer (38°21°0.504” N, 80°23°53.6352” W;
Figure 5). We estimate that during Pd endemic, there were 114.9 ha
of priority 2 core use habitat within the MNF and 22.0 ha of priority
1 core use habitat. The largest contiguous priority 1 core use area
was 10.5 ha, located near the Williams River and town of Dyer.



Discussion

We found that approximately 30% of the MNF represents
moderate- or high-quality habitat for tricolored bats. Distance to
stream and TWI were the most influential variables for habitat
suitability, likely reflecting tricolored bat usage of riparian areas
for foraging, drinking, and roosting (O’Keefe et al. 2013). Addi-
tionally, distance to lentic waterbody was a moderately influential
variable, furthering reinforcing the strong relationship between
insectivorous bats and water sources, and all three core use ar-
eas were located adjacent to a lentic waterbody. Previous studies
have reported that tricolored bats select foraging ranges with more
open water and wetlands (Thames 2020) and closer proximity to
second- or third-order streams (Ford et al. 2005, Cox 2019). Fur-
ther, roost selection is influenced by availability of water (Carpen-
ter 2017, Quinn and Broders 2007) and adjacent stream density
(Thames 2020). Likewise, the positive association with TWI is
consistent with previous research that found increased foraging
activity for this species in wetter areas (Allagas 2020). Our study
underscores the important role that riparian zones play in ensur-
ing the persistence of tricolored bat populations. Our finding that
occurrence was higher at lower elevations is also consistent with
previous studies (Ford et al. 2005, Carpenter 2017, Cox 2019).

The indicator kriging models estimated a substantial decline
in spatial occurrence of tricolored bats on the MNF from pre-Pd
(34.6%) to Pd endemic (10.2%), with no sign of a population re-
covery as of the Pd endemic time period. This is consistent with
other studies that have monitored tricolored bat population trends
after Pd invasion (e.g., Powers et al. 2015, Carpenter 2017, O’Keefe
et al. 2019, Perea et al. 2022), although Perea et al. (2022) did note
that populations stabilized at low densities. This species is wide-
ly distributed and can be found from Canada to Central America
which makes it unlikely that this species will become extinct in the
wild; however, tricolored bats have been extirpated from multi-
ple locations in the eastern United States (USFWS 2021), and our
indicator kriging models point to the possibility of extirpations
occurring across the MNE

Multiple metrics of model performance indicated that the HSM
model performed well. However, several limiting factors of this
study could reduce its potential applicability to real-world settings.
Firstly, we developed the HSM using tricolored bat occurrence re-
cords from 2003-2008, which is the time period directly before Pd
invasion in West Virginia. However, the remotely collected envi-
ronmental variables used in the model were collected over several
different time periods, with climatic data being averaged over a
30-year period (1970-2000), canopy cover being averaged over a
36-year period (1985-2021), forest type composition being collect-
ed from 2014-2018, and all remaining variables being estimated for
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a single year from 2020-2023 (Table A1). The variables that were
estimated based on a single year of data collection from 2020-2023
were incorporated in the model because they were the best avail-
able according to resolution, temporal, or data availability factors.
Thus, there is a potential mismatch between the on-the-ground
conditions present when the occurrence dataset was collected
and the environmental data used to develop the HSM. Addition-
ally, some of the data inputs (e.g., DEM, LANDFIRE’s existing
vegetation cover) are derived from models themselves. Potential
model-based uncertainties in the input data could compound into
prediction errors in the HSM. Future analyses could benefit from
incorporation of in-situ environmental data collection.

Several recent studies have suggested that maximizing pre-
hibernation fat reserves and enhancing post-hibernation forag-
ing opportunities could aid the recovery of bat species affected
by WNS (Wilcox and Willis 2016, Johnson et al. 2021, Frick et al.
2023). Managing high-quality active-season habitat is one poten-
tial strategy for increasing fat accumulation. Therefore, we aimed
to improve our understanding of the habitat characteristics asso-
ciated with tricolored bat occurrence and to identify areas on the
MNF where the species is comparatively more prevalent. Current-
ly, there is a deficit of research exploring which active season man-
agement actions may have a positive effect on the individual health
and population stability of bats. Strategies to increase insect abun-
dance in core bat habitats may include habitat protection from de-
velopment and riparian restoration (Harris 2018, Frick et al. 2023).
Frick et al. (2023) found that using UV lights to lure calorie-rich
moths to focal areas enhanced bat foraging opportunities. Addi-
tionally, Wilcox and Willis (2016) have suggested that the incor-
poration of artificially warmed bat houses during the spring and
summer months could help Pd-infected bats overcome energetic
immune costs associated with WNS. Future research is necessary
to evaluate the efficacy of active season habitat management to
improve survival rates for WNS-affected bats. The identified core
use areas represent potential key locations for tracking population
trends and testing efficacy of active habitat management actions.

For species and populations undergoing rapid declines due to
novel diseases, the use of habitat-based approaches to estimate spa-
tial distribution changes has limited value unless pathogen pres-
ence can be linked to specific habitat features. However, it is also
difficult to accurately estimate spatial distributions using spatial
interpolation models unless intensive systematic sampling occurs
across the area of inference, and thus ground-truthing is needed
to validate our predictions of contemporary core use areas in the
MNE In this study, we used a novel approach to identify post-de-
cline core use areas that combined a pre-decline habitat-based
model with post-decline interpolation models. This approach



assumes that tricolored bats are likely to have a greater probability
of persistence in higher quality habitat while accounting for where
the species has been observed post-decline. Our estimation ap-
proach could increase the potential utility of HSMs developed for
other species that are undergoing rapid population declines.
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Table A1. Candidate environmental variables for explaining variability in summer habitat suitability for tricolored bats (Perimyotis subflavus) in the Monongahela National Forest (MNF), West Virginia.
Variables were selected based on a literature review of tricolored bat habitat preferences. DEM = digital elevation model; NHD = National Hydrography Dataset; USFS = U.S. Forest Service;
USGS = U.S. Geological Survey. An asterisk (*) following the variable name indicates that this variable was included in the final random forest model based on recursive feature elimination.

Variable Description (Resolution) Data Source (Author) Year(s) Literature Support
Annual mean temperature* Annual mean temperature for 1970 —2000 WorldClim database 1970-2000 Yates and Muzika 2006, Meierhofer et al. 2019, Scherrer et al.
(30 arc-seconds [~1x 1km]) (Fick and Hijmans 2017) 2019, Gaulke et al. 2023
Annual precipitation Annual precipitation for 1970-2000 WorldClim database 1970-2000 Shute et al. 2021
(30 arc-seconds [~1x 1km]) (Fick and Hijmans 2017)
Canopy cover* Percent tree canopy estimates (30 x 30 m) National Land Cover Database (USGS) 1985-2021 Ford et al. 2005, Menzel et al. 2005, Yates and Muzika 2006,
Scherrer et al. 2019, Shute et al. 2021, Hammesfahr et al.
2022, Gaulke et al. 2023
Distance to lentic waterbody*  Distance (m) from survey sites to nearest lentic National Hydrography Dataset (USGS) 2023 Ford et al. 2005, Menzel et al. 2005, 0'Keefe et al. 2009,
water body polygon (1:24,000) Poissant et al. 2010, Bellamy et al. 2013, Bellamy and
Altringham 2015, Scherrer et al. 2019
Distance to stream* Distance (m) from survey sites to nearest stream National Hydrography Dataset (USGS) 2023 Ford et al. 2005, Menzel et al. 2005, 0'Keefe et al. 2009,
polyline (1:24,000) Poissant et al. 2010, Bellamy et al. 2013, Bellamy and
Altringham 2015, Scherrer et al. 2019
Elevation* Raster created using DEM tiles (1 arc-second LANDFIRE (USGS) 2020 Ford et al. 2005, 0'Keefe et al. 2009, Meierhofer et al. 2019,
[~30%x30m])
Existing vegetation cover Raster of vertically projected canopy cover (30 x30m)  LANDFIRE (USGS) 2020 Yates and Muzika 2006, 0'Keefe et al. 2009, Bellamy et al.
2013, Shute et al. 2021, Gaulke et al. 2023
Existing vegetation height Raster representing average height of dominant LANDFIRE (USGS) 2020 Ford et al. 2005, Menzel et al. 2005, Yates and Muzika 2006,
vegetation (30 x 30 m) Perry and Thill 2007, 0'Keefe et al. 2009, Bellamy et al. 2013,
Gaulke et al. 2023
Forest fragmentation® Forest fragmentation classified as patch, edge, National Agricultural Imagery Program 2020 Ford et al. 2005, 0'Keefe et al. 2009, Bellamy et al. 2013,
perforated, small core (<101 ha), medium-sized core Forest Fragmentation of West Virginia Bellamy and Altringham 2015, Scherrer et al. 2019,
(101-202 ha), large core (>202 ha), and non-forested (Strager and Maxwell 2020) Hammesfahr et al. 2022
(9%9m)
Heat load index Heat accumulation in a specific area estimated using LANDFIRE (USGS) 2020 Veilleux et al. 2003, Meierhofer et al. 2019
slope, aspect, and latitude. Calculated using DEM
(Tarc-second [~30 x 30 m])
Integrated moisture index Relative rating of moisture derived from hillshade, LANDFIRE (USGS) and Soil properties 2020 Gaulke et al. 2023
(Im1) curvature, flow accumulation, and soil water capacity. dataset in the United States: U.S.
(alculated using DEM (1 arc-second [~30x 30m])and  Geological Survey data release
soil water capacity layer (resolution =150 x 150 m) (Boiko et al. 2021)
Normalized difference Moisture content in vegetation and soil calculated Landsat data (USGS) 2020 Amorim et al. 2015
moisture index by quantifying the difference in near infrared and
shortwave infrared reflectance. Calculated with
satellite or aerial imagery (30 < 30 m)
Normalized difference Quantification of vegetation greenness and therefore, Landsat data (USGS) 2020 Meierhofer et al. 2019
vegetation index vegetation health. Calculated with satellite or aerial
imagery (30 X 30 m)
Slope degree Change in elevation over an area; calculated using LANDFIRE (USGS) 2020 Veilleux et al. 2003, Scherrer et al. 2019
DEM (resolution = 1 arc-second [~30 x 30 m])
Topographic Wetness Index Metric of relative wetness of a point on a landscape; LANDFIRE (USGS) 2020 Allagas 2020
(Twi* calculated from upslope contributing area and local
slope. Calculated using DEM (resolution = 1 arc-second
[~30x30m])
Total basal area Metric of density of a stand of trees Forest Inventory and Analysis Program 2023 0'Keefe et al. 2009, Shute et al. 2021, Gaulke et al. 2023
(resolution ~ 250 x 250 m) (USFS)
Total quadratic mean diameter  Metric of average tree diameter Forest Inventory and Analysis Program 2023 Perry and Thill 2007, 0'Keefe et al. 2009, Shute et al. 2021,
(resolution ~ 250 X 250 m) (USFS) Gaulke et al. 2023
Total stand density index Metric of density of a stand of trees Forest Inventory and Analysis Program 2023 Perry and Thill 2007, 0'Keefe et al. 2009, Gaulke et al. 2023
(resolution ~ 250 x 250 m) (USFS)
Tree frequency Metric of frequency of occurrence of trees in an area Forest Inventory and Analysis Program 2023 Menzel et al. 2005, Gaulke et al. 2023
(resolution ~ 250 x 250 m) (USFS)
Trees per acre Metric of tree density per acre Forest Inventory and Analysis Program 2023 Menzel et al. 2005, Gaulke et al. 2023
(resolution ~ 250 X 250 m) (USFS)
USFS forest type* Forest type composition (resolution = 250 x 250 m) National Forest Type Dataset 2014-2018 Veilleux et al. 2003, Ford et al. 2005, Menzel et al. 2005,

(USFS Geospatial Technology and
Applications Center)

Perry and Thill 2007, 0'Keefe et al. 2009, Poissant et al. 2010,
Scherrer et al. 2019, Shute et al. 2021, Gaulke et al. 2023
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