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[bookmark: _Toc251826503]SUMMARY
	The habitat use of bat species in Utah is not well known (UDWR 2005).  The primary threat to bats in Utah is the general lack of information on bat species and habitat use (UDWR 2005).  Over the past 103 years, biologists in Utah have been collecting bat presence data.  We used a spatially explicit data base (BatBase, Legacy Phase I, 07-346) and a series of GIS based calculated covariates in a random forest analysis to investigate the interactions between bats and landscape scale habitats using these data.  We were able to increase the understanding of bat habitat distribution in Utah across land form, vegetative cover, geologic type, and climatic variables.  We were able to model species absence across Utah’s 6 tier II species with a high degree of accuracy.  However, we were only able to accurately model the presence of two species due to the infrequent records for the other four tier II bat species.  These models may prove useful when prioritizing areas for study.  Finally, these models provide a better understanding of the relationship between bats and habitat which will enhance wildlife managers’ abilities to effectively manage bats on a landscape scale.
[bookmark: _Toc243985351]

[bookmark: _Toc251826504]INTRODUCTION
The Department of Defense (DoD) maintains five installations in Utah that cover a total of 1.8 million acres.  These properties consist of a mosaic of land forms, vegetative cover, geologic types, and climatic trends.  By assessing the relationship of bats to habitat variables on a Utah-wide scale, we can better enable bat management on DoD lands nested within the state as well as land managed by all other agencies, tribes, and private citizens.  DoD lands support important military mission activities but are required, by the Sikes Act, to manage conservation and rehabilitation of natural resources (16 U.S.C. 670a).  Specifically, DoD natural resource managers must “provide for no net loss in the capability of military installation lands to support the military mission on the installation (16 U.S.C. 670b.1.i)”.  By managing Species at Risk or SARs, managers help prevent potential species listings under the Endangered Species Act (ESA), better meeting the intent of the Sikes Act.  
	Prior to assessing bat use on DoD properties, biologists at Dugway Proving Ground (DPG) in cooperation with the Utah Division of Wildlife Resources (UDWR) and members of the Utah Bat Conservation Cooperative (UBBC) complied known Utah bat data into a comprehensive data set called BatBase.  The BatBase data set consists of 16 Federal, State, and NGOs sources, over 150 observers, 13,876 events (records), and 28,629 individual bats.  These data provide a location and presence for each of Utah’s 6 Tier II bat species (Utah’s Wildlife Action Plan or WAP), or Species at Risk (SARs).  By modeling bat habitat with the use of this data set we can better manage bat habitat to address actual or potential decline.
Many bat populations in North America are thought to be declining (Stebbings 1980, Richter et al.1993, Tudge 1994, Altingham 1996).  The International Union for Conservation of Nature (IUCN) lists 10% of microchiroptera species (one of two suborders of bats that include those species that typically feed on insects and echolocate) as threatened (Mickleburgh et al. 2002).  The combination of slow reproduction, natural rarity and genetic isolation make bats susceptible to population and range declines (Racey and Entwistle 2003).  Of 45 bat species in the United States, six are listed as federally endangered and 19 are former candidates for listing (Code of Federal Regulations 1991; USFWS 2008).  Of Utah’s 18 species, 6 are Tier II Species of Concern in the WAP (UDWR 2005).  These apparent declines in bat populations may be attributed, in part, to loss of suitable habitat due to increased human recreational activity (caving and climbing), mine closure programs, urbanization (human population expansion) and the lack of information on population level trends (Humphrey and Kunz 1976; UDWR 2005).  The status of bat population trends can be assessed through landscape level monitoring of bat species and communities (Weller 2008).  Understanding landscape level bat presence trends allows managers to detect population or range changes and mitigate them (Bat Conservation Trust 2004).  Landscape-based models provide an estimate of bat community and species presence and provide a useful bat conservation tool (Jaberg and Guisan 2001).  Monitoring bats based on landscape-scale habitat features accounts for the broad scale influences of habitat on bat abundance and species distribution (Jaberg and Guisan 2001, Duchamp et al. 2007, Duff and Morrell 2007).
While Utah’s six tier II bat species have been associated with a variety of site specific habitat characteristics a landscape scale analysis has not been conducted.  In order to detect landscape level patterns of bat SARs in Utah we first must understand the ecology of the Utah’s six tier II species.  Allen’s big-eared bat (Idionycteris phyllotis, IDPH) roosts in rock crevices and is associated with cliffs, canyons, boulder fields and lava flows (Adams 2003).  This species is considered rare in Utah and is associated with habitat from ponderosa forest and pinion juniper woodlands to riparian corridors though it prefers forested canyons (Armstrong 1974).  This species occurs only in the southern one-third of Utah (Black 1970).  The big free-tailed bat (Nyctinomops macrotis, NYMA) is a crevice rooster associated with high cliff walls and, occasionally, buildings and trees (Adams 2003; Findley et al. 1975).  The fringed myotis (Myotis thysanodes, MYTH) is a cavern roosting species strongly associated with abandoned mines, caves and buildings (Adams 2003).  Fringed myotis are associated with pinion juniper and oak woodlands as well as spruce fir forests (Adams 2003).  Townsend’s big-eared bat (Corynorhinus townsendii, COTO) is strongly associated with cavern habitat such as abandoned mines and caves (Adams 1990).  Townsend’s big-eared bats have been documented in a wide variety of habitats including ponderosa forests, pinion juniper woodlands, oak and maple forests, and desert scrub (Armstrong et al. 1994; Findley et al. 1975).  Spotted bats (Euderma maculatum, EUMA) roost high on cliff walls in crevices (Peirson and Rainey 1998).  This species is generally found in arid areas of the southwest adjacent to high cliff walls across an array of habitats including desert scrub, ponderosa pine forests, and riparian zones (Armstrong et al. 1994; Navo et al. 1992; Foster et al. 1997).  Western red bats (Lasiurus blossevillii, LABI), rare in Utah, roost in the foliage of riparian trees and shrubs near perennial streams and rivers (Adams 2003).  This species is migratory and is primarily observed foraging in broad leaf forested riparian corridors (Findley et al. 1975; Hoffmeister 1986).  The ecology of these species was illuminated through the modeling of bat habitat use within this paper.
In order to assess the habitat associations between bat species and covariates, we used a random forest analysis.  A random forest analysis is rooted in a suite of decision trees created with the relationship of the presence or absence of a species and associated covariates.  The individual decision trees are then re-run multiple times in order to create an error rate associated with the random forest analysis.  Because the BatBase data set consists of presence data only it was necessary to create pseudo-absences to serve as the true absence variable required for random forest analysis (Engler et al. 2004; Pearce and Boyce 2006).  Random forest analysis provides a robust analysis for ecological data sets that contain non-linear relationships, have complex interactions, and contain missing values (De’ath and Fabricius 2000).  The re-sampling-randomization conducted within a random forest analysis provides for higher model accuracy than simple regression tree analysis.  Random forest analysis smoothes the output in a simple gradient fashion thereby increasing the ease of model interpretation (Iverson et al. 2004).  Random forest therefore, provided a robust analysis for the BatBase data set.
[bookmark: _Toc243985352]
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We used the ecology of bat species and the BatBase data set as a means to create a presence- pseudo-absence-based random forest model.  The principle goal of this model is to assist land managers with impact analysis and land management decisions for areas of interest in which bat surveys have not been completed.  By using this paper and model, land managers will be able to establish likely presence/absence of bat SARs in an area based solely on habitat characteristics.  The objectives of this study model and paper are:
1. Predict the presence of bat SARs on the landscape based on 136 covariates,
2. Predict the absence of bat SARs on the landscape based on 136 covariates,
3. Describe ecological associations between bat species and habitat covariates, and
4. Provide detailed specific instructions to land managers and interested parties on how to use the discussed information for management.
[bookmark: _Toc243985353]

[bookmark: _Toc251826506]METHODS
We used the species specific, highly accurate, spatially explicit BatBase data set developed for Legacy I (07-346).  We buffered each point with a 3 km diameter cell.  This area represents the direct potential habitat associations of each species.  Each bat species record was therefore a 3km diameter circle with the bat observation point at the center.  Points with cell overlap were consolidated and the center buffer was used as the habitat association area.  We used the habitat area as a base for the categorization of 135 spatial explicit covariates in four classes.  The first and second covariate classes were based on the SW-reGAP database, which was created by a multi-institutional cooperative effort to map and assess biodiversity for a five-state region (AZ, CO, NV, NM, UT) (available at http://earth.gis.usu.edu/swgap/).  We then used shapefiles to calculate the percent area covered by each of 11 land form categories within each of the 3 km bat locations for a total cover of 100% within each cell across Utah’s 6 bat SARs (Table 1).  The second covariate class consisted of the percent cover of 79 SW-reGAP land cover classes in each of the 3 km cells across bat species (Table 2).  The third covariate class consisted of 36 classes of geological classification types (Table 3) (available at: http://earth.gis.usu.edu/swgap/geology.html#geologydata).  As with the land form and land cover, we calculated the percent cover of each geologic type within each of the 3 km cells across bat species.  The final class of covariates consisted of 9 climatic variables (Table 4) (available at: http://www.worldclim.org/current).  If more than a single point estimate was available within each of the 3km cell we used an average of the climatic data.  Otherwise, we used a single point estimate for each of the climatic variables. 

[bookmark: _Toc251751066]Table 1.  SW-reGAP landform variables used as covariates (data available at: http://earth.gis.usu.edu/swgap/).  
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[bookmark: _Toc243986211][bookmark: _Toc251751067]Table 2.  SW-reGAP land cover variables used as covariates (data available at: http://earth.gis.usu.edu/swgap/).
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[bookmark: _Toc243986212][bookmark: _Toc251751068]Table 3.  SW-reGAP Geologic cover types (data available at: http://earth.gis.usu.edu/swgap/ geology.html#geologydata).
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[bookmark: _Toc243986213][bookmark: _Toc251751069]Table 4.  WorldClim climatic data used as covariates in the random forest analysis (available at: http://www.worldclim.org/current).
[image: ] 
The presence or pseudo-absence of a species served as the dependent variable in this analysis.  We used the presence of a species as the center for the 3 km cells described above and a pseudo-absence that was species specific.  Since the data set we used as the basis for this analysis lacked species absence data we used the entire array of 1,774 three km cells to create a pseudo-absence estimate.  Pseudo-absence was calculated for each species based on the assumed detection potential for a species.  We calculated pseudo-absence based on a very conservative estimate of species detection.  We estimated detectability based on the creation of an equal sample size of pseudo-absence to presence events.  For Townsend’s big-eared bat we assumed a detectability of 0.11 due to the high number of cells in which the species was found.  Therefore, only 3 km cells that had been visited at least 9 times without a capture of Townsend’s big-eared bat were categorized as a pseudo-absence cell (Table 5).  No detection probability analysis has been conducted for Utah’s other 5 bat SARs thus we used the Townsend’s presence absence ratio as a baseline for all species’ pseudo-absence models.  We assumed a 0.05 detection probability for the fringed myotis and calculated absence only when a cell had been surveyed 20 times without detection (Table 5).  For the remaining 4 SARs (Allen’s big-eared bat, big free-tailed bat, spotted bat and western red bat) we assumed a 0.02 detection probability and calculated absence only after 50 samples per cell (Table 5).

[bookmark: _Toc243986214][bookmark: _Toc251751070]Table 5.  Pseudo-absence calculation table for Utah’s 6 SAR bat species.  Absence limit refers to the number of survey visits to a site without species detection to create pseudo-absence.
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	We used the actual presence data and the calculated pseudo-absence data to create a random forest analysis.  Random forest has been shown to produce very accurate predictions without over fitting models to the data (Breiman 2001).  Random forest analysis bootstraps samples in order to construct multiple trees; each tree is grown with a randomized subset of covariates, i.e., the number of covariates used to find the best split at each node is a randomly chosen subset of the total number of covariates.  While it is not possible to evaluate each tree separately, random forest analysis provides a table that estimates the relative importance of a covariate.  In order to create an average impact of a covariate, we ran a total of ten random forest models for each species; forests consisted of 200 trees.  The input for these models consisted of the presence and pseudo-absence data and the associated covariates.  We evaluated the effect of each covariate by estimating the decrease in total model accuracy with the removal of a covariate.  We used the percent correct and incorrect classification of presence or pseudo-absence to evaluate the accuracy of each random forest.  We then averaged the percent correct presence, incorrect presence, correct absence, and incorrect absence.  We used the mean decrease in accuracy with the removal of the top variable set to ascertain covariate importance.
We used the variable relationships to the presence of five of Utah’s six tier II species to construct predicted species distribution in Utah.  Since the spotted bat had no positive habitat relationships it was not included in this portion of the analysis.  We used the positive relationship between habitat covariates to estimate the suitability of habitats across Utah.  We created three levels of habitat suitability (below).  These variable sets varied across species.
1.  Potential habitat: cells with a single covariate,
2.  Habitat: cells containing two covariates, and 
3.  Preferred habitat: cells containing three or more covariates. 
Allen’s big-eared bat presence was mapped across three variables positively correlated with species presence. Southern Colorado Plateau sand shrubland (landcover 108), isothermality (bio-3) values between 35.5 and 36.7, and annual precipitation (bio-12) values between 192.5 and 271.5mm.  Big free-tailed bat presence was mapped across three variables: mogollon chaparral (landcover 51), Cool aspect scarps, cliffs and canyons (landform9), and nearly level plateau and terrace (landform 4).  Fringed myotis was mapped across one variable positively associated with presence; the basalt geologic type.  Townsend’s big eared bat was mapped across three variables; nearly level plateau or terrace (landform 4), mean diurnal temperature (bio-2) values between 147.5 and 174.3◦C(10), and annual temperature minimum (bio-6) values between -72 and -136◦C(10).  Western red bat was mapped based on the combination of two variables: developed open space- low intensity (landcover 111) and North American desert riparian woodland and shrubland (landcover 83).
We developed rasters for each variable within the models.  For each species we reconfigured the raster using the reclassify tool across the mapping variables for each species.  We excluded all landforms, landcovers, and climate variables that were not selected for a species level analysis.  Items within the range specified were given a value of one and all other values were changed to zero.  The raster plus tool was then used to determine how many covariates each cell contained.  For example if one cell contained both the correct landcover factor and landform it would receive a new value of two.  If it contained only the correct landform it would receive a new value of one.  The tool adds the values of two rasters on a cell-by-cell basis within the analysis window.  Our final outcome consists of a raster with two values, one or two.  Two represents habitat, one represents potential habitat, and zero represents non habitat.  In order to better show the habitat layer on the map, a polygon feature class was created from the raster which gave a better location indication of the habitat value.  See appendix I for a detailed outline on how each map was created.


[bookmark: _Toc243985354][bookmark: _Toc251826507]RESULTS
We evaluated a total of 60 random forests consisting of 12,000 classification trees across six species and 136 variables.  On average, less than ten variables accounted for more than 80% of model accuracy decrease across all species (meaning that on average about 10 variables were most important in predicting where bats will be on the landscape).  Models varied from 90 to 50% accuracy to <10%.  Models for rare species generally had low predictive power for presence and higher predictive power for absence (Engler et al. 2004; Pearce and Boyce 2006).  More common species were generally described by a higher fit model for both presence and absence.  A combination of land form, land cover, geology and climatic conditions accounted for high model fit.

[bookmark: _Toc243985355][bookmark: _Toc251826508]Allen’s Big-Eared Bat
	The model for Allen’s big-eared bat varied in performance for presence and absence classification.  Across the 10 random forest models and subsequent 2,000 classification trees, less than 0.2% correctly classified the presence of Allen’s big-eared bat (fig. 1).  In contrast to the poor presence estimation, the models correctly categorized 95% of absence events (fig 2).
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[bookmark: _Toc251751080]Figure 1 & 2.  Percent classification of Allen’s big-eared bat presence across 10 random forests and 2000 classification trees.  Percent classification of Allen’s big-eared bat absence across 10 random forests and 2000 classification trees.

A subset of variables consistently accounted for a high proportion of overall model (presence and absence combined) accuracy (Table 6).  The land cover variable 108 accounted for >50% of the model accuracy in 9 of the 10 random forest models (Table 2).  Climatic variables bio_3 and bio_12 also consistently accounted for >40% of model accuracy across models (Table 3).  Geologic cover variables alluvium, sandstone, mudstone and landslide accounted for over 35% of model accuracy in four isolated models (Table 4).  Landform variables form2, form4 and form9 accounted for >35% of model accuracy in three isolated models (Table 1).
The presence of Allen’s big-eared bats was poorly modeled; however 3 variables were negatively related to the absence of this species.  The combination of Colorado Plateau sand shrublands, isothermality, and annual precipitation do produce some prediction of habitat quality (fig. 3).  The only preferred habitat was predicted for sites in eastern Wayne county and southern Grand county.


[bookmark: _Toc243986215][bookmark: _Toc251751071]Table 6.  The top 10 variables for each of the 10 random forest models and their corresponding decrease in accuracy with the removal of the variable from the model for Allen’s big-eared bat.  Decrease in accuracy is calculated by removing a covariate from the model and assessing the decrease in model accuracy.
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[bookmark: _Toc251751081]Figure 3.  Map of the predicted Allen’s big-eared bat habitat distribution and quality in Utah.

[bookmark: _Toc243985356][bookmark: _Toc251826509]Big Free-Tailed Bat
	Big free-tailed bat classification varied across random forests and trees.  The models correctly categorized presence from 30 to 50% across 10 random forests (fig.4).  The models incorrectly categorized presence at levels from 50 to 70% (fig.4).  Absence was correctly classified at levels varying from 85 to 95% (fig. 5).  Absence was incorrectly categorized at levels from 5 to 15% (fig. 5).
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[bookmark: _Toc251751082]Figure 4 & 5.  Percent classification of big free-tailed bat presence across 10 random forests and 2000 classification trees.  Percent classification of big free-tailed bat absence across 10 random forests and 2000 classification trees.

[bookmark: _Toc250632882][bookmark: _Toc243986216]	Overall a small subset of variables accounted for the greatest proportion of model accuracy (Table 7).  The land form variable 10 accounted for over 63% of model accuracy in all 10 models (Table 2).  Land form variables form2, form3, form4 and form 9 also accounted for >45% of model accuracy across a subset of models (Table 1).  The land cover variable 51 accounted for >49% of model accuracy in 8 models.  A second subset of land cover variables 48, 51, 54, 8 accounted for >50% of accuracy sporadically across models (Table 2).  Geologic variables basalt, water and dolostone accounted for >38% of model accuracy in several models (Table 4).  Finally, climatic variables bio_1, bio_5, bio_6 and bio_15 accounted for >35% of model accuracy in several models for the big free-tailed bat (Table 4).
The model fit was poor at predicting the presence of the big free-tailed bat (fig. 6).  Using the variables that were negatively associated with the absence of this species, a map of predicted distribution of this species displays some habitat suitability.  This estimation of big free-tailed bat habitat quality predicted that the primary habitat for this species occurs in southwestern Utah. 

[bookmark: _Toc251751072]Table 7.  Top 10 variables for each of the 10 random forest models and their corresponding decrease in accuracy with the removal of the variable from the model for the big free-tailed bat.  Decrease in accuracy is calculated by removing a covariate from the model and assessing the decrease in model accuracy.
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[bookmark: _Toc251751083]Figure 6.  Map of predicted big free-tailed bat habitat based on the random forest model findings.

[bookmark: _Toc251826510]Fringed Myotis
	Fringed myotis models varied in presence and absence classification across random forest models.  Presence was correctly classified from 73 to 75% (fig. 7), making it the second most accurate in correctly classifying presence (Townsend’s big-eared bat has the highest accuracy in this category).  Presence was incorrectly categorized from 22 to 25% (fig. 7).  As with presence, absence was correctly classified between 76 and 79% across 10 random forest models (fig. 8).  Absence was incorrectly categorized between 21 and 23% (fig. 8).
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[bookmark: _Toc251751084]Figure 7 & 8.  Percent classification of fringed myotis presence across 10 random forests and 2000 classification trees.  Percent classification of fringed myotis absence across 10 random forests and 2000 classification trees.

Each of the ten models consisted of a suite of land form, land cover, geologic, and climatic variables.  Land form variables form1, form5, and form6 accounted for >23% of model accuracy sporadically (Table 1).  The land cover variable 58 accounted for >28% of model accuracy in 7 of the 10 models (Table 2).  Land cover variables 22, 12, 30, 36 and 48 accounted for >23% of model accuracy in a subset of models (Table 2).  The geologic variable basalt accounted for >30% of model accuracy in 6 of the 10 models (Table 4).  Geologic variables ash_flow, eolian, limestone, clay_or_mudstone, dolostone, dacite and conglomerate accounted for >23% of model accuracy sporadically.  Climatic variables bio_1, bio_2, bio_4, bio_6, bio_7, bio_10, bio_12 and bio_15 accounted for >23% of model accuracy sporadically across the 10 models (Table 4; Table 8).  
This species had by far, the greatest number of important covariates.  However they were inconsistent across model iterations with the exception of the basalt geologic type.  Thus, the presence of the fringed myotis was only consistently associated with a single variable, the basalt geologic type.  A map of this cover type distribution with a habitat gradient bears little resemblance to the actual recorded distribution of this species (fig. 9).

[bookmark: _Toc251751073]Table 8.  Top 10 variables for each of the 10 random forest models and their corresponding decrease in accuracy with the removal of the variable from the model for the fringed myotis.  Decrease in accuracy is calculated by removing a covariate from the model and assessing the decrease in model accuracy.
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[bookmark: _Toc251751085]Figure 9.  Map of predicted fringed myotis habitat based on the random forest model findings.

[bookmark: _Toc243985358][bookmark: _Toc251826511]Spotted Bat
	Spotted bat classification varied across random forests and trees.  The models correctly categorized presence from 30 to 50% across 10 random forests (fig.10).  The models incorrectly categorized presence at levels from 50 to 70% across random forests.  Absence was correctly classified at levels varying from 75 to 85% across 10 random forest models (fig. 11).  Absence was incorrectly categorized at levels from 25 to 15%.
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[bookmark: _Toc251751086]Figure 10 & 11.  Percent classification of spotted bat presence across 10 random forests and 2000 classification trees.  Percent classification of spotted bat absence across 10 random forests and 2000 classification trees.

	The 10 random forest models were a result of land form, land cover, geologic, and climatic characteristics (Table 9).  Land form variable form4 accounted for >67% of model accuracy in all 10 models, >87% in 6 models (Table 1; Table 9).  Land form variables form1, from2, form5, and form6 accounted for >38% sporadically across models.  Land cover variable 22 accounted for >38% of accuracy in 9 of the 10 models (Table 2).  Geologic variables limestone, fine_grain, medium_grain, dolostone, and clay_or_mud accounted for >31% of model accuracy in a subset of models (Table 9).  Climatic variables bio_1, bio_4, bio_5, bio_7, bio_12, and bio_15 accounted for >30% sporadically across models (Table 4).
[bookmark: _Toc243986218]

[bookmark: _Toc251751074]Table 9.  Top 10 variables for each of the 10 random forest models and their corresponding decrease in accuracy with the removal of the variable from the model for the spotted bat.  Decrease in accuracy is calculated by removing a covariate from the model and assessing the decrease in model accuracy.
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[bookmark: _Toc243985359][bookmark: _Toc251826512]Townsend’s Big-Eared Bat
	Townsend’s big-eared bat classification varied across random forests and trees.  The models correctly categorized presence from 74 to 78% across 10 random forests (fig.12) making it the best fit model of all 6 species.  The models incorrectly categorized presence at level from 22 to 26%.  Absence was correctly classified at levels varying from 73 to 76% (fig. 13).  Absence was incorrectly categorized at levels from 24 to 27%.
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[bookmark: _Toc251751087]Figure 12 & 13.  Percent classification of Townsend’s big-eared bat presence across 10 random forests and 2000 classification trees.  Percent classification of Townsend’s big-eared bat absence across 10 random forests and 2000 classification trees.

	A suite of land form, land cover, climatic and geologic variables accounted for the Townsend’s big-eared model fit (Table 10).  Land form variable form4 was responsible for >40% of model accuracy across all 10 models (Table 1).  Land form variables form1, form2 and form3 accounted for >36% of model accuracy sporadically.  Land cover variables 37 and 49 accounted for >38% model accuracy in only one model each (Table 2; Table 10).  Climatic variables bio_2, and bio_6 accounted for >41% of model accuracy in all 10 models (Table 4).  Climatic variables bio_3, bio_5, bio_7, and bio_12 also accounted for >40% of model accuracy across the majority of models (Table 4).  Geologic substrate variable grandori accounted for >35% of model accuracy in 5 of the 10 models (Table 3).  Other geologic variables shale, sandstone and basalt accounted for >30% of model accuracy sporadically. 
The presence of Townsend’s big-eared bat was consistently associated with three covariates: mean diurnal temperature range, annual temperature minimum and nearly level plateau and terrace.  Large areas of preferred habitat exist throughout the state with the exception of the northeast (fig. 14).  The distribution of preferred habitat appears to coincide with the distribution of records for this species.


[bookmark: _Toc251751075]Table 10.  Top 10 variables for each of the 10 random forest models and their corresponding decrease in accuracy with the removal of the variable from the model for the Townsend’s big-eared bat.  Decrease in accuracy is calculated by removing a covariate from the model and assessing the decrease in model accuracy.
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[bookmark: _Toc251751088]Figure 14.  Map of predicted Townsend’s big-eared bat habitat based on the random forest model findings.

[bookmark: _Toc243985360][bookmark: _Toc251826513]Western Red Bat
Western red bat classification varied across random forests and trees.  The models correctly categorized presence from 0 to 17% (fig.15).  The models incorrectly categorized presence at level from 83 to 100%.  Absence was correctly classified at levels varying from 97 to 100% across 10 random forest models (fig. 16).  Absence was incorrectly categorized at levels from 0 to 3%.
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[bookmark: _Toc251751089]Figure 15 & 16.  Percent classification of western red bat presence across 10 random forests and 2000 classification trees.  Percent classification of western red bat absence across 10 random forests and 2000 classification trees.

[bookmark: _Toc250632890]	Model accuracy varied with land form, land cover, climatic and geologic variables (Table 11).  Land form variables form1, form2, form4, form5 and form9 accounted for >35% of model accuracy sporadically (Table 1).  Land cover variable 111 accounted for > 68% of model accuracy in all 10 models (Table 2; Table 11).  Land cover variable 83 was responsible for >36% of accuracy in 8 of 10 models.  Climatic variables bio_1, bio_4, bio_5, bio_7, bio_14, and bio_15 accounted for > 34% sporadically across models (Table 3).  Geologic variable basalt was responsible >54% of model accuracy in 9 of 10 models.  Geologic variables limestone, sandstone, clay_or_mud, and alluvium accounted for >30% of model accuracy in a sporadic fashion.
The presence of the western red bat was poorly fit to the model, however the absence of this species was negatively associated with two variables: developed open space- low intensity and North American warm desert riparian woodland and shrublands.  The limited records for this species align well with the predicted habitat for this species (fig. 17).  Primary habitat exists in southwestern to north central Utah (fig. 17).

[bookmark: _Toc251751076]Table 11.  Top 10 variables for each of the 10 random forest models and their corresponding decrease in accuracy with the removal of the variable from the model for the western red bat.  Decrease in accuracy is calculated by removing a covariate from the model and assessing the decrease in model accuracy.
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[bookmark: _Toc251751090]Figure 17.  Map of predicted western red bat habitat based on the random forest model findings.
[bookmark: _Toc243985361]

[bookmark: _Toc251826514]DISCUSSION
The analysis of bat SAR presence and pseudo-absence across Utah has provided associational relationships between bats and the habitat adjacent to observation sites.  Random forest models provided strong associational relationships between variables and absence in all 6 of Utah’s SARs.  However, only the Townsend’s big-eared bat and the fringed myotis models produced strong associations between species presence and the variable set.  For most species, fewer than 5 of the 135 variables tested provided the greatest model fit. 
Allen’s big-eared bat presence was not well described by the random forest models, while 95% of absence events were correctly identified.  The land cover value southern Colorado plateau sand shrublands was negatively associated with absence events in 90% of model runs.  This indicates that the pseudo-absence points generally do not occur in this land cover type.  Climatic variables isothermality and annual precipitation had a positive relationship with Allen’s big-eared bat absence.  Thus, the species is unlikely to occur in zones of high precipitation and areas with little temperature variation.  Allen’s big-eared bat absence was also negatively related to the geologic variables alluvium and mudstone.  The predicted distribution of Allen’s big-eared bat based on the random forest analysis also failed to detect bat occurrence in some locations in Southern Utah.  The habitat distribution was capable of detecting habitat in Grand, Wayne and San Juan Counties.  The model also indicates areas of preferred habitat in eastern Wayne and southern Grand counties that have not been sampled.  Given that this species appears to be strongly tied to the Colorado Plateau Ecoregion it is unlikely that any of the predicted habitat in northern and western Utah is occupied by this species.  The absence of Allen’s big-eared bat is therefore, associated with sites outside of the southern Colorado plateau shrubland, alluvim deposits and mudstone concentrations with a high annual precipitation and low temperature variation.
Big free-tailed bat presence was poorly modeled, accounting for <50% of events while absences accounted for 85-95% across ten models.  The land cover variable inter-mountain basins shale badlands was positively associated with the absence of this species.  Mogollon chaparral was negatively associated with big free-tailed bat absence.  Land forms, toe slopes, bottoms and swales, and gently sloping ridges and hills were positively associated with the absence of this species.  Cool aspect scarps, cliffs, and canyons and nearly level plateau, and terrace landforms were positively associated with this species.  The predicted distribution of habitat that we produced based on the random forest analysis also appeared to fail at predicting habitat quality due to the large error in the underlying prediction of presence.  The habitat map does indicate that further investigation is needed in the southwestern corner of the state.  The combination of data point clustering and the habitat suitability predicted by this model indicate that areas of suitable habitat exist primarily in southwestern Utah.  Thus, big free-tailed bat absence is likely on sites lacking nearly level plateaus and terraces, mogollon chaparral, cool aspect scarps, cliffs, and canyons as indicated by the map.  Absence is most likely on sites containing shale badlands, toe slopes, bottoms and swales, and gently sloping ridges and hills. 
Fringed myotis presence and absence were both well-modeled by a subset of the covariates.  Numerous covariates were related to fringed myotis presence; many were sporadically distributed across the ten random forest models.  The land cover variable inter-mountain basins mixed salt desert scrub was consistently negatively associated with the presence of fringed myotis.  The geologic variable basalt was positively associated with fringed myotis presence.  Maps produced with the results of the random forest analysis failed to predict habitat suitability across Utah.  Presence of this species most consistently associated with the basalt geologic type.  The interactions between this species and a suite of other variables, however, appear to trump the single variable relationship.  While this species was present across a wide variety of vegetative habitats it appears to be tied to sites with a basalt geologic type and a lack of inter-mountain salt desert scrub cover.  Modeling the distribution of this species must be refined to understand the nuances of the interaction between it and covariates.
Spotted bat presence was poorly modeled with the covariates while absence fit well in an average of 80% of models.  While the absence of this species was related to a suite of variables across random forest models only two were consistently associated with the absence of spotted bats.  Rocky mountain aspen forests and woodlands and nearly level plateaus and terraces were both positively associated with the absence of this species.  Thus this species is likely to be absent from sites characterized by plateaus, terraces, and aspen forests and woodlands. 
Townsend’s big-eared bat presence and absence were well modeled by the random forest analysis.  Numerous covariates accounted for model accuracy across the 10 random forest models, though inconsistently, while three covariates consistently accounted for model fit.  Nearly level plateaus and terraces were positively associated with the presence of Townsend’s big-eared bat.  Mean diurnal temperature and annual temperature minimum were also positively associated with presence of this species.  The map created to model this interaction produced some interesting patterns of preferred habitat and the actual presence of this species.  Presence locations for this species align well with the distribution of preferred habitat.  The spotty observations of this species in northeastern Utah are associated with small disconnected patches of preferred habitat.  Large contiguous areas of preferred habitat in west central and south eastern Utah coincide with a higher density of species observations.  This series of models indicates that Townsend’s big-eared bats are likely to be present on nearly level plateaus and terraces with a high mean diurnal temperature range and a moderate minimum temperature range.  We recommend that increased sampling for this species in areas of preferred habitat be conducted in order to more fully understand the distribution of this species across habitats. 
Random forest models failed at describing western red bat presence while absence models fit fairly well.  Western red bat absence was negatively associated with developed open space (low intensity) and North American warm desert riparian woodland and shrubland.  Maps created to describe this relationship mirror the actual distribution of this species in Utah quite well.  Potential habitat for this species occurs primarily along the toe slope of the Wasatch mountain range which bisects Utah from the southwest to the north central.  The area of preferred habitat exists primarily in and adjacent to urban Utah.  While this species has only been observed in Utah 19 times in the last 103 years, the pattern of habitat distribution indicates a possible sampling bias.  Generally, bat sampling has occurred outside of the urban corridor in Utah.  This model indicates that the suitable habitat is within this corridor.  Thus we recommend increased sampling in areas of potential habitat to more clearly understand the distribution of this species in Utah.  The presence of basalt geologic type was positively associated with the absence of the western red bat.  Thus, western red bats are likely to be absent from sites that have basalt geology and lack warm desert riparian areas and developed open space (low intensity). 
Random forest models performed well at describing the absence of bat species in Utah across land form, land cover, geology and climatic variables.  Records for 4 bat species (Allen’s big-eared bat, big free-tailed bat, spotted bat, and western red bat) were confined to a small number of 3 km habitat cells.  Historical data for these species is scant and thus the models failed at predicting their presence because we have only a very small sample.  In contrast, we have a large sample of 3 km habitat cells that lack this species and thus a prediction of species absence is more accurate than presence for these 4 species.
Presence was only well predicted for Townsend’s big-eared bat and the fringed myotis.  This increased predictive value for the presence of these 2 species is due to the relative high number of presence habitat cells for these species.  The 4 species with poor presence prediction were primarily recorded during foraging bouts.  In contrast, records for Townsend’s big-eared bat and the fringed myotis are primarily from roosting sites.  The roosting ecology of these two species is strongly related to cavern habitat.  The intensive cave and mine surveys conducted in Utah are the foundation of this increased presence sample as compared to the non-cavern roosting species.  The combination of an increased number of presence habitat cells for these two species, and the difference in detection type account for the accuracy of the presence models for Townsend’s big-eared bat and the fringed myotis.
[bookmark: _Toc243985362]The increased understanding of actual and potential bat habitat use provides a detailed management tool.  The models created here can be used to more effectively manage habitats for actual and potential bat use.  Species absence was well estimated for all 6 SAR bat species in Utah.  These data can be used to aid in the prioritization of species specific monitoring programs.  If a monitoring program seeks to determine if a landscape is used by a bat species, resources can be focused in habitats that are most likely to be negatively associated with bat absence.  The presence of two species was well modeled and these findings can be used to aid managers in conserving habitat for these two species.  Pseudo-absence was modeled well for all species and can be used to set priorities in habitat management and bat monitoring.  DoD biologists can use this tool to more effectively manage bat habitat in Utah.
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SW-reGAP Landform variables

Code

Variable

form0

null

form1

valley flats (or water bodies)

form2

toe slopes, bottoms, and swales

form3

gently sloping ridges and hills

form4

nearly level plateaus or terrace

form5

very moist steep slopes

form6

moderately moist steep slopes

form7

moderately dry slopes

form8

very dry steep slopes

form9 

cool aspect scarps, cliffs, canyons

form10

hot aspect scarps, cliffs, canyons
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SW-reGAP Land Cover Types and Identifiers

Identifier

Land cover Type

0

No type

5

Rocky Mountain Cliff and Canyon

8

Inter-Mountain Basins Cliff and Canyon

9

Colorado Plateau Mixed Bedrock Canyon and Tableland

10

Inter-Mountain Basins Shale Badland

11

Inter-Mountain Basins Active and Stabilized Dune

12

Inter-Mountain Basins Volcanic Rock and Cinder Land

14

Inter-Mountain Basins Playa

15

North American Warm Desert Bedrock Cliff and Outcrop

19

North American Warm Desert Wash

22

Rocky Mountain Aspen Forest and Woodland

23

Rocky Mountain Bigtooth Maple Ravine Woodland

26

Rocky Mountain Subalpine Dry-Mesic Spruce-Fir Forest and Woodland

28

Rocky Mountain Subalpine Mesic Spruce-Fir Forest and Woodland

29

Rocky Mountain Lodgepole Pine Forest

30

Rocky Mountain Montane Dry-Mesic Mixed Conifer Forest and Woodland

32

Rocky Mountain Montane Mesic Mixed Conifer Forest and Woodland

34

Rocky Mountain Ponderosa Pine Woodland

36

Colorado Plateau Pinyon-Juniper Woodland

37

Great Basin Pinyon-Juniper Woodland

38

Inter-Mountain West Aspen-Mixed Conifer Forest and Woodland Complex

40

Inter-Mountain Basins Mat Saltbush Shrubland

41

Rocky Mountain Gambel Oak-Mixed Montane Shrubland

42

Rocky Mountain Lower Montane-Foothill Shrubland

44

Inter-Mountain Basins Mountain Mahogany Woodland and Shrubland

46

Colorado Plateau Pinyon-Juniper Shrubland

48

Inter-Mountain Basins Big Sagebrush Shrubland

49

Great Basin Xeric Mixed Sagebrush Shrubland

50

Colorado Plateau Mixed Low Sagebrush Shrubland

51

Mogollon Chaparral

53

Colorado Plateau Blackbrush-Mormon-tea Shrubland

54

Mojave Mid-Elevation Mixed Desert Scrub

58

Inter-Mountain Basins Mixed Salt Desert Scrub

60

Sonora-Mojave Creosotebush-White Bursage Desert Scrub

61

Sonora-Mojave Mixed Salt Desert Scrub

62

Inter-Mountain Basins Montane Sagebrush Steppe

67

Inter-Mountain Basins Semi-Desert Shrub Steppe

69

Rocky Mountain Dry Tundra

70

Rocky Mountain Subalpine Mesic Meadow

71

Southern Rocky Mountain Montane-Subalpine Grassland

76

Inter-Mountain Basins Semi-Desert Grassland

77

Rocky Mountain Subalpine-Montane Riparian Shrubland

79

Rocky Mountain Lower Montane Riparian Woodland and Shrubland

80

North American Warm Desert Lower Montane Riparian Woodland and Shrubland

82

Inter-Mountain Basins Greasewood Flat

83

North American Warm Desert Riparian Woodland and Shrubland
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SW-reGAP Land Cover Types and Identifiers Continued

85

North American Arid West Emergent Marsh

86

Rocky Mountain Alpine-Montane Wet Meadow

98

Great Basin Foothill and Lower Montane Riparian Woodland and Shrubland

108

Southern Colorado Plateau Sand Shrubland

110

Open Water

111

Developed, Open Space - Low Intensity

112

Developed, Medium - High Intensity

114

Agriculture

117

Recently Mined or Quarried

118

Invasive Southwest Riparian Woodland and Shrubland

119

Invasive Perennial Grassland

121

Invasive Annual Grassland

122

Invasive Annual and Biennial Forbland

123

Recently Logged Areas

124

Recently Chained Pinyon-Juniper Areas
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SW-reGAP Geologic Cover types 

volcanic_r carbonate

alluvium basalt

dolostone mudstone

limestone conglomera

sandstone glacial_dr

medium_gra water

ash_flow_t playa

mud_flat metamorphi

dacite metasedime

arenite siltstone

schist quartz_mon

granitoid eolian

clay_or_mu shale

rhyolite landslide

biogenic_s quartzite

coarse_gra orthoquart

granodiori diorite

fine_grain evaporite
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NOAA Climatic variables and codes

Code

Variable

Bio_1

Annual mean Temperature

Bio_2

Mean diurnal Temperature Range

Bio_3

Isothermality

Bio_4

Temperrature Seasonality

Bio_5

Annual Maximum Temperature

Bio_6

Annual Minimum Temperature

Bio_7

Annual Temperature Range

Bio_12

Annual Precipitation

Bio_15

Precipitation Seasonality
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Number of presence and psuedo-absence cells observed and caluclated for each bat species 

Presence cells

Pseudo-absence cells

Detectability

Absence limit

Townsend's big-eared bat

377

315

0.11

9

Fringed myotis

41

140

0.05

20

Spotted bat

26

43

0.02

50

Allen's big-eared bat

9

43

0.02

50

Western red bat

6

43

0.02

50

Big free-tailed bat

17

43

0.02

50
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Model 1 Model 2 Model 3 Model 4 Model 5

lc108 0.68 bio_12 0.75 lc108 0.68 bio_3 0.75 bio_12 0.68

bio_3 0.60 bio_3 0.60 bio_12 0.55 lc108 0.70 bio_3 0.60

form2 0.53 lc108 0.58 lc82 0.52 bio_12 0.68 lc108 0.55

bio_12 0.50 lc9 0.52 sandstone 0.50 bio_2 0.56 lc82 0.54

lc76 0.45 alluvium 0.42 bio_3 0.50 lc82 0.50 lc40 0.48

bio_2 0.43 bio_4 0.41 lc46 0.41 lc60 0.40 bio_4 0.48

lc82 0.42 lc32 0.40 lc40 0.40 lc11 0.38 lc118 0.43

lc46 0.42 bio_5 0.36 bio_4 0.39 bio_4 0.34 lc58 0.41

bio_5 0.41 lc62 0.34 form9 0.39 bio_1 0.32 bio_1 0.38

form4 0.35 bio_1 0.24 lc5 0.39 lc67 0.31 bio_15 0.37

Model 6 Model 7 Model 8 Model 9 Model 10

bio_3 0.78 bio_1 0.91 bio_4 0.89 lc108 0.88 lc108 0.69

bio_5 0.60 lc108 0.60 lc46 0.51 bio_12 0.72 bio_12 0.62

bio_12 0.60 bio_4 0.60 lc48 0.47 bio_3 0.63 bio_2 0.52

lc22 0.52 lc62 0.41 bio_12 0.47 bio_15 0.56 bio_4 0.50

lc60 0.51 bio_3 0.41 bio_3 0.42 bio_1 0.43 bio_1 0.41

lc108 0.50 lc122 0.41 lc60 0.40 lc40 0.38 bio_3 0.40

bio_6 0.50 lc11 0.41 lc82 0.38 landslide 0.38 lc62 0.35

lc122 0.48 bio_12 0.40 mudstone 0.36 lc46 0.36 lc82 0.31

lc79 0.47 lc58 0.39 lc5 0.34 bio_4 0.36 lc118 0.29

bio_12 0.46 bio_5 0.39 lc41 0.32 lc32 0.36 bio_6 0.28
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Allen's Big Eared Bat Utah Habitat Model
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Allen’s Big-Eared Bat Analysis

Below are variables positively associated with the presence of Allen’s big-eared bat as well asthe
data source used to analyze the data

SW-reGAP landeover (http://earth gis.usu.edu/swgap/landeoy er himl)
Southern Colorado Plateau Sand Shrubland (108)
Model Name =Landcover108

NOAA climatic variables (ttp:/fwww worldelim org/current)
Tsothenmality (bio-3) Values between 35.5 and 36.7
Model Name =Iscthermality35_36
Annual Precipitation (bio-12) Values between 192.5 and 271.5
Model Name =Precip192-271

Possible Habitat-cellswith no covariates

Potential habitat: cells with a single covariate

Habitat: cells containing two covariates

Preferred habitat: cells containing three or more covariates

PRy

These criteria are discussed further in a 2010 paper provided by Joel Diamend of General Dynamics Ti-

ESRI ArcGIS 9.2 Model Builder Software was use for the analysis 4 print screen of the model is located
below. Both the NOAA climatic variables needed to be clipped tothe mask of Utah and projected to UTM
NAD 83 Zone 12 Nto fit the Utah landeover data. The clipped/projected data were called utahbiol2 and
utahbio3. The analysis and final map are all in NAD 63 UTM zone 12 N and are 620 M resolution which
was the resolution of the bio layers

2 AllensBigEaredBatsum
Model Edit View Window Help

o IRC TR TR 20 Hi
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Raster Reclassification of Annual Precipitation
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Input raster
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‘This raster represents annual
precipitation (utahbio12).
After it was clipped to the
state boundary I ran the raster
reclassification tool to
exclude all values outside of
the required range
192.5-271.5.

Items within the range
specified were given a value
of 1 and all other values were
changed to 0.

Table After Analysis

oD VALUE | COUNT

0 0
1 1

343606
161399

Raster Reclas ation of Isothermality
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A ouputraster
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™ Chiange missing vakuesto NoData
oK Cancel Aoy Show Help >>

‘This raster represents Isother-
mality (utahbio3). After it
was clipped to the state
boundary I ran the raster re-
classification tool to exclude
all values outside of the re-
quired range 35.5-36.7.

Items within the range speci-
fied were given a value of 1
and all other values were
changed to 0.

Table After Analysi:

|

425889

75118
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Cover

This raster represents land-
cover. After it was clipped
to the state boundary I ran
the raster reclassification
tool to exclude all cells that
did not contain southern
Colorado plateau sands
shrubland. (Value = 108)

Items within the range speci-
fied were given a value of 1
and all other values were
changed to 0.

Table After Analysi:
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The weighted sum tool was used to
determine how many covariates each
cell contained.

For example if one cell contained
both the correct precipitation factor
and landcover it would receive a
value of 2. If it contained only the
correct precipitation factor it would
receive anew value of 1.

The tool actually takes the initial
value of a field multiplies it by the
weight (in this case one) and then
sums the value of each cell.

Our final outcome consists of a raster
with three values., one, two or three.
Three represents preferred habitat,
two represents habitat, one represents
potential habitat., and zero represents
possible habitat.
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B Big Free-Tailed Bat Utah Habitat Model

This map was produced by Dugway

Legend Proving Ground GIS and in part by
Bat Base 1905-2009 Data ORISE. Map produced Dec 2009.
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Big Free-Tailed Bat Analysis

Below are variables positively associated with the presence of the Big free-tailed bat as well as the
data source used to analyze the data

SW-reGAP landcover (hitp://earth. gis.usu. edu/sw gap/landcover html)
Mogollen chaparral (51)
Model Name = Landcover51

SW-reGAP landform (http #fearth gis.usu.edu/swgap/landform html)
Cool aspect scarps, cliffs and canyons (9)
Model Name = Landform?

SW-reGAP landform (http #fearth gis.usu.edu/sweap/landform html)
Nearly level plateau and terrace (4)
Model Name = Landform4

Possible habitat: cells with no covariates

‘Potential habitat: cells with a single covariate

Habitat: cells containing two covariates

Preferred habitat: cells containing three or more covariates

FQRES

These criteria are discussed further in a 2010 paper provided by Joel Diamond of General Dynamics Titled
“Species Specific Bat Habitat Models: Random Forest Analysis”

ESRI ArcGIS 9 2 Model Builder Software was use for the analysis A print screen of the model is located
below. The analysis and final map are all in NAD 83 UTM zone 12 N and are 30 M resolution which
was the resolution of all existing layers

2 BigFrecTailedBat
Model Edit View Window Help
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Raster Reclassification of Landorm 4
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This raster represents nearly
level plateau and terrace
(landformd). The raster was
reconfigured using the reclas-
sify tool as seen to the left.
This tool exclude all land-
forms that were not nearly
level plateau and terrace.

Items within the range
specified were given a value
of 1 and all other values were
changed to 0.

Table After Analysis

oD VALUE [ count
0 0 400743833
:l 1 1| 56907064

dform 9

‘This raster represents cool
aspect scarps, cliffs and can-
yons (landform9). The raster
was reconfigured using the
reclassify tool as seen to the
left. This tool exclude all
landforms that were not cool
aspect scarps, cliffs or can-
yons.

Items within the range
specified were given a value
of 1 and all other values were
changed to 0.

Table After Analysi:

oD VALUE | cOUNT

0 0 454806338

1 1 2844559
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Raster Reclassification of landcover
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The raster plus tool was used to determine how
many covariates cach ccll contained.

For example if one cell contained both the correct
landcover factor and landform it would receive a
new value of 2. If it contained only the correct
landform it would receive anew value of 1.

The tool adds the values of two rasters on a cell-
by-oell basis within the analysis window. This
tool was ran twice; once to add landeover 51 to
landform 9 and again to add the outeome of the
previous sum to landform 4.

Our final outcome consists of a raster with two
values, on or two. Since the landform data s set
in such a way that it can not be both form 9 and
form 4 the maximum raster value will be two.
Two represents habitat, one represents potential
habitat, and zero represents possible habitat.

In order to better show the habitat layer on the
map, a polygon feature class was created from the
raster which gave a better location indication of
the habitat valuc.
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. Fringed Myotis Bat Utah Habitat Model
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Fringed Myotis Bat Analysis

Below are variables positively associated with the presence of the Fringed Myotis Bat as well as
the data source used to analyze the data

Utah Geologic Map (hitp:#igeclogy. utah gov/maps/gecmap/statemap/index hirm)
Geologic Type = Basalt

Specific Types Included in map
1. Voleanic rocks-mostly basalt
2. Volcanic rocks-basalt, thyolite, andesite, tuffacerous rocks

1. Possible habitat: featiresnot containing basalt
2. Potential habitat: features containing basalt

These criteria are discussed farther in a 2010 paper provided by Joel Diamond of General Dynamics
Titled “Species Specific Bat Habitat Models: Random Forest Analysis’

Since there is only one layer involved,  model was unnecessary. The geologic layer was downloaded
and using the definition query below, all features containing the word basalt were portrayed onto the
map as potential habitat. Al other features were excluded from the map and labeled as possible habitat.

‘The final map also shows trapping locations of the Fringed myotis bat from the Utah State bat website
It should be noted that some of the data listed did not list which datum was used. This data was as-
sumed to be NAD 27 data but could also be NAD 83 and therefore was labeled as approximate loca-
tions and projected to be NAD 83 for the final map.

Layer Properties

E=

General | Source | Selecton | Display | Symbology | Felds  Definion Guery | Labels | Joins & Reltes |

Defiion Query:
FUNITNAME" L

Query Buider.
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@- Townsend's Big Eared Bat Utah Habitat Model
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Townsend’s Big-Eared Bat Analysis

Below are variables positively associated with the presence of the Townsend’s Big-Eared Bat as
well as the data source used to analyze the data.

SW-reGAP landform (http://earth.gis.usu.edu/swgap/landform html)
Nearly level plateaus and terraces (4)
Model Name = Landform4

NOAA climatic variables (http://www.worldclim.org/current)
Mean diurnal temperature (bio-2) Values between 147.5 and 174.3
Model Name = meanTemp2

Annual temperature minimum (bio-6) Values between —136 and —72
Model Name = minTemp6

Possible habitat: cells with no covariates

Potential habitat: cells with a single covariate

Habitat: cells containing two covariates

Preferred habitat: cells containing three or more covariates.

B =

These criteria are discussed further in a 2010 paper provided by Joel Diamond of General Dynamics Titled
“Species Specific Bat Habitat Models: Random Forest Analysis”.

ESRI ArcGIS 9.2 Model Builder Software was use for the analysis. A print screen of the model is located

below. The analysis and final map are all in NAD 83 UTM zone 12 N and are 820 M resolution which
was the maximum resolution of all existing layers.
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Raster Reclassification of Landorm 4
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This raster represents nearly
level plateau and temrace
(landform4). The raster was
reconfigured using the reclas-
sify tool as seen to the left.
This tool exclude all land-
forms that were not nearly
level plateau and temrace.

Items within the range
specified were given a value
of 1 and all other values were
changed to 0.

Table After Analysis

oip VALUE | COUNT
0 0 400743833
:| 1 1 56907064

Raster Reclassification of Mean Diurnal Temperature

2 Reclassify (2) E=

Input raster
[ahbi2

Redass field
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174387180
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A Outputraster
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™ Change missing values to NoData
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This output raster represents
classification of mean diumal
temperature between 147.5
and 174.3. (meanTemp2).
The raster was reconfigured
using the reclassify tool as
seen to the left. This tool ex-
clude all diumal temperature
outside of the given range.

Items within the range
specified were given a value
of 1 and all other values were
changed to 0.

Table After Analysis

oD VALUE

COUNT

0 0 196876

1 1 308129
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Raster Reclassification of Annual Temperature Minimum

This output raster represents
classification of annual tem-
perature minimum between —
136 and 72, (minTemp6).

The raster was reconfigured
using the reclassify tool as
seen to the left. This tool
exclude all minimum tem-
perature outside of the given
range.

Items within the range
specified were given a value
of 1 and all other values

™ Change missing values to NoData

Shos

A Reclassify 3)
Input raster
[taheics = (=]
Reclass field
[vae =
Redassification
Old values New vaives B8
207--1368 0 Classify....
Jmsi s 0
ErRL i e |
Nooaa o
Addeniy
Delte Entres
tosd.. | smve.. | ReverseNew Vabes | _precsen... |
A& Ouputraster

[5:ap Projecs ot ahes Batrab atHodel Tonrsendboea et e |3

were changed to 0.

Table After Analysi

OD | VALUE | COUNT
b 0 0 1723
:| 1 1 34

Raster Plus Analysis
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The raster plus tool was used to determine how
many covariates cach cell contained.

For example if one cell contained both the correct
landform factor and minimum temperature it
would receive anew value of 2. Ifit contained
only the correct landform it would receive a new
value of 1.

The tool adds the values of two rasters ona edll-
by-oell basis within the analysis window. This
tool was ran twice; once to add meanTemp2 to
minTemp6 and again to add the outcome of the
previous sum to landform 4.

Our final outcome consists of a raster with three
valucs, one or two or three. Three represents pre-
ferred habitat, two represents habitat, one repre-
sents potential habitat, and zero represents possi-
ble habitat.

The final map also shows trapping locations of the
Towmsend's big cared bat from the Utah State bat
wabsite. It should be noted that some of th data
listed did not list which datum was used. This
data was assumed to be NAD 27 data but could
also be NAD 83 and thercfore was labeled as ap-
proximate locations.
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Western Red Bat Utah Habitat Model
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Western Red Bat Analysis

Below are variables positively associated with the presence of the Western Red Bat as well as the
data source used to analyze the data.

SW-reGAP landcover (http://earth.gis.usu.edw/swgap/landcover.html)
Developed open space-low intensity (111)
Model Name = Landcover111

SW-reGAP landcover (http://earth.gis.usu.edw/swgap/landcover.html)
North American warm desert riparian woodland and shrubland (83)
Model Name = Landcover111

Possible habitat: cells with no covariates

Potential habitat: cells with a single covariate

Habitat: cells containing two covariates

Preferred habitat: cells containing three or more covariates.

Bl

These criteria are discussed furtherin a 2010 paper provided by Joel Diamond of General Dynamics Titled
“Species Specific Bat Habitat Models: Random Forest Analysis”.

Since there is only one raster involved and the value can not equal both value 83 and 111 the maximum
value for the addition will be one which corresponds with potential habitat. Therefore the final outcome of
this model will either be non-habitat or potential habitat.

ESRI ArcGIS 9.2 Model Builder Software was use for the analysis. A print screen of the model is located
below. The analysis and final map are all in NAD 83 UTM zone 12 N and are 30 M resolution which
was the resolution of all existing layers.
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Raster Reclassification of Lancover 111
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This raster represents devel-
oped open space-low intensity
(landcover 111). The raster
was reconfigured using the
reclassify tool as seen to the
left. This tool exclude all
landforms that are not open
space.

Items within the range
specified were given a value
of 1 and all other values were
changed to 0.

Table After Analysis

oD VALUE | counT

0 0 296157001

1 10 2239034

Raster Reclassification of Lancover 83
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This raster represents North
American warm desert ripar-
ian woodland and shrubland
(landcover 83). The raster
was reconfigured using the
reclassify tool as seen to the
left. This tool exclude all
landforms that are riparian
woodland and shrubland

Items within the range
specified were given a value
of 1 and all other values were
changed to 0.

Table After Analys

ob | VALUE [ count

0 0 298385865

1 1 10170
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Raster Plus Analysi:

2 Plus 6]
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The raster plus tool was used to determine how
many covariates each cell contained.

For example if one cell contained both the open
space and riparian woodland it would receive a
new value of 2. If it contained cnly open space it
would receive a new value of 1. However, since
our analysis consists of only one raster our value
can not be greater than one

The tool adds the values of tworasters on a cell-
by-cell basis within the analysis window. This
tool was ran to add the value of lancover 83 to
landeover 111 and as indicated previously no cell
will add up to greater than one. In this case one
represents potential habitat and zero represents
possible habitat
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