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Inductive Madel Goal:To predict thecurrentdistribution and relative suitability ajeneralhabitat for Butomus
umbellatusat large spatialcales acrosis presumed current range Montana.

Inductive Model PerformanceThemodelappears to adequately refletthe currentdistribution and relative

suitability of generalhabitat for Butomus umbellatuat larger spatial scalescrossts presumel current range in

Montana Evaluation metricindicatea moderate model fit with acceptable average deviance and AVI values and the
delineation of habitat suitability classes is reasonably well supported by the data despite low data.vbhamaodel

is presented as a reference, but more observation recaitis:specific data, and/or other environmental layers may

be needed to improve performance.

Inductive Model Output:

http://mtnhp.org/models/files/Butomus _umbellatus PMBUT01010 20210223 modelHex.lpk

Suggested CitationMontana Natural Heritage Program. 20Butomus umbellatug-loweringrush) predicted
suitable habitatmodel createcon February 23, 202Montana NaturdHeritage Program, HelensT.17 pp.

Montana Field Guidé&pecies Accounhttp://fieldguide.mt.gov/speciesDetail.aspx?elcode=PMBUT01010

Species Model Pagéttp://mtnhp.org/models/?elcode=PMBUT01010
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Inductive Modeling

Model Limitations and Suggested Uses

This nodelisbased on stateide biotic and abiotienvironmentallayers originallynapped at a variety of spatial

scales and standardized 80*90-meter raster pixelsThespatial accuracy of thediningand testingdataare varied
(typically 26400 meters) and may result in additional statistical noise in the médeh result, modedutputs may

not be appropriate for use on smaller arearsat fine spatial scaledodel outputs should not typically be used for
planning efforts on land areas smaller than one quarter of a public landveyrsystem (PLSS) section (<@&ttares)

and model outputs for some species may only be appropriate for broader regional level planning bftaltts

should be interpreted slandscapdevelhabitat suitability(fundamental nicheand not as estimated distributions of

the speciegrealized nibe)since suitable habitat may be unoccupi@iilliam 200Q)Consequently, mdel outputs

should not be used in place of ethe-ground surveys for speciesind wildlife and land management agency

biologists should be consulted about thalueof using modebutput to guide habitat managemenmtecisionsor

regional planning efforts or local projec8ee Suggested Contacts for Natural Resource Agdistézkat the end of

this reportor onour website In general, we have found across a large number of species representing a wide variety
of plant and animal taxa that experts believe optimal and moderate suitability classes represent landscapes where
suitable habitat is often more continusuvhile the low suitability class represents landscapes where suitable habitat
is often less continuous, scattered, or patchy (see definitions in the Model Outputs and Evaluation section below). We
encourage use of these classes for management, plannamgyitling, survey, and other decisions accordingly.

Inductive ModelMethods

Modeling Process

Presenceonly data wereextracted from MontanaNatural HeritageProgramDatabaseswhich serve as a

clearinghouse for animal and plant observation data in Montana. These data were then filtered to ensure spatial and
temporal accuracy and to reduce spataltocorrelation(summarized in Table IThe spatial extent ahis model was
limited to the presumedgeographic rangef the speciesby season when applicabi@ order to accuratelassess
potentially available habitat

We then usedhese dataand44 statewide biotic and abiotienvironmental layers at a 90x9feter pixel scale (Tde
2)to construct the modelisng amaximum entropy algorithm employed in tmeodeling progranMaxent (Phillips et

al. 2006 Phillips et al2017). Entropy maximization modeling functions by calculating constraint distributions and
then applieghose constraints to the environmental layers to estimate a predicted suitable habitat distribution. The
mean and variance of the environmental layer val(gzszironmental variablesjt the training data locations are used
to estimate the constraint distoutions.Maxent requires that thdinal predicted distribution fulfills these constraints.
Maxent avoidoverfittingY 2 RSt & (2 GKS GNIAYyAy3 RIEGE o6& & NBdgetf | NAT A
distributions only have to be close,ti@ther than exactly equal tdhe constraint distributiongElith et al. 2011 The
default regularization multiplieof 1.0was used since specispecific tuning was impractical given the diversity and
volume of species modeled in this effort (Merow et al. 20R&dosavljevic and Anderson 2014dditionally,we did

not use hinge or threshold featured any sample siz minimize potential overfitting by overly complex models
(Syfert et al. 2013De Marco and Nberga 2018)TheMaxentalgorithmcan successfully train models even when
collinearity exists between environmental variables and the prasti€eemoving collinear variables and/eeducing
variablesresults in limitedmprovement in Maxent model performan¢®e Marco and Noerga 208, Feng et al.

2019; neither method was employelere.
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Maxentfits a modeby assuming theredicted distributionis uniform in geographic space and moves away from this
distribution only to the extent that it is forced to by the constrainfghe trainingdata. To do thisMaxent
successivelynodifiesthe coefficients for eacknvironmental variableia random walkaccepting themodified

coefficient if it increases the gaifbain isa measure of the closeness of the model concentration around the presence
samples that isimilar to goodness of fit in generalized linear mod&lse random walk of coefficients continues until
either the increase in the gaifalls below a setonvergenceahreshold(0.00001)or a set maximum number of

iterations are performd (50,000) The gain value at the end of a model run indicates the likelihood of suitability of
the presence samples relative to the likelihood for randasckground points

We employeda k-folds cross validatiomethodology in this case using tefolds for model training and validath
(Elith et al. 2011 Each fold consists of 90%tbé data designated for training and 10%tloé data reserved for
testing. Ech record is used fordining ninetimes and testing oncelen models are estimated and averaged to
produce the final model presented here.

Model Outputsand Evaluation

The overall gain associated with individual environmental variables (Table 3) can be used as a measure of the relative
importance of each variable (Merow et al. 2013). However, the importance of individual environmental variables
should be interpreted witltaution due to collinearity between variables. Taekknife assessment of contribution by
individual environmentabariablesto training gain (Figure 1) may be more usefuhierpreting the relative

importance ofindividual variable. The esponse cums for the topfour contributing environmentaVariables are

shown for reference (Figure Zlhese response curves should also be interpreted castjdecause thebservation

data used to train the models was not gathered under a probabilistic samplregree.If enough observations were
available to train and evaluate the model, thresholds are estimated for low, moderate, and optimal habitat suitability;
detailsof this procesare presented in Table 4 and Figure 3.

The initial model output is a spatidataset of continuous logistic values that ranges frothwWith lower values
representing areas predicted to be less suitable habitat and higher values representing areas predicted to be more
suitable habitat (Figure$ & 5. The standard deviation in thmeodel output across the averaged models is also
calculated and plotted as a map to examine spatial variance of model output (Bigline continuous output is
reclassified into suitability classead aggregated within 25Bectare hexagon@-iguresr-9).

In addition to the map of spatial variance in model output, we also evaluated the output of the Maxent model with
absolute validation index (AVI) (Hirzel et al. 208&)deviance (Phillips and Dudik 2008). These metrics are described
below in the reslis (Table 5)True skill statistic (TSS) (Allouche et al. 2006), symmetric extremal dependence index
(SEDI) (Wunderlich et al. 2019), and Area Under the Curve (AUC)araladéso displayed faeference butare not

used for evaluation (Lobo et al. 2008)nally, a deviance value was calculated for each test data observation as a
measure of how well model output match&chat the model predicted fothe location of test observations and this

was plotted with larger syntis indicating larger deviangseeFigure5). In practice, we have found large deviance
values to be associated with records that are incorrectly or imprecisely mapped, problematic areas in underlying
environmentallayers, regions where species have few observations outside of thepootion of their range or
insufficient models with poor performance
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Tablel: Model Dat&Selection Criteria and Summary

Location Data Source Montana Natural Heritage Prograbatabases
Total Number of Records 172
Location Data Selection Rule¢lValid and Recordswith <= 800 meters of locational uncertainty

Accurate Records
Number of Locations Meeting Selection Rule 1 | 79
Location Data Selection Rulec2Spatially Unique | No overlap in locations withib600meters in order to avoid

Records spatialautocorrelation
Observation Records used in Model 19

(Locations Meeting Selection Rules 1 & 2)

Number ofModel Background Locatioris 60,000

aBackground locations are chosen at random and in proportion to the percent of the state covered by &gpegiesphic range, with a maximum of 60,000
locations. Although these locations only represent ~0.1% of the pixels in any modeled area, this level of samplingnistsugBitimated distributions of
environmental conditions present (Phillips and Duz2iio8).

Table 2Environmental Layesand Corresponding Variabfes

Layer Name Variable Layer Name Variable
LC_AgDry 97 Developed Dry Agriculture NED_AspectEW Aspect (EastVest)
LC_Agirr_97 Developed Irrigated Lands NED_AspectNS Aspect(North-South)
LC_Alpine_97 Alpine NED_Elevation Elevation
LC_Barren_97 Sparse and Barren NED_Ruggedness Ruggedness
LC_Developed_97 | Developed All Other NED_Slope Slope
LC_ForestBurn_97 | Forest- Burned NED_SRISummer Summer Solar Radiation
LC_ForestConif 97 | Forest- Conifer NED_SRIWinter Winter Solar Radiation
LC_ForestDecid_97 | Forest- Deciduous NED_TPI Topographic Position Index
LC_ForestHarv_97 | Forest- Harvested NHD_Dist2WaterEdge| Distance to Water Edge
LC_Forestinsct 97 | Forest- Insect Killed NHP_Anthrolnfl Anthropogenic Influence
LC_Grassland_97 Grasslands NRCS_FrostFreeDays| Frost Free Days
LC_IntroVeg_97 Introduced Vegetation NRCS_REAP Relative Effective Annual
Precipitation
LC_ShrubBurn_97 | Shrublands Burned PRISM_Precipitation | Annual Precipitation
LC_Shrubland 97 Shrublands PRISM_WinPrecip Percent Winter Precipitation
LC_ WetRip_97 Wetland & Riparian SoilGrid_BD Bulk Density
LC_Dist2Forest Distance to Forest SoilGrid_Clay Percent Clay
MCO_DegreeDays | Degree Days SoilGrid_EC Electric Conductivity
MCO_MaxSumTemp| Maximum Summer Temp SoilGrid_OrgC Organic Carbon
MCO_MinWinTemp | Minimum Winter Temp SoilGrid_pH Soil pH
MCO_NDVI Normalized Difference SoilGrid_Sand Percent Sand
Vegetation Index
MTGeol_Dist2Alluv | Distance to Alluvium SoilGrid_Silt Percent Silt
MTGeol_Dist2C03 | Distance to Carbonate Rock SoilGrid_TotN Total Nitrogen

a Additional detailsand sourcesvailable in Appendix
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Inductive Model Results
Table 3Top Ten ContributingnvironmentaVariabledo Model Fit

Variable Percent Contributiof Variable Percent Contributiof
Bulk Density 17.4% Percent Silt 8.7%
Minimum Winter Temp 12.3% Forest- Conifer 4.2%
Anthropogenic Influence 11.8% Elevation 4.1%
Distance to Water Edge 11.7% % Winter Precipitation 3.2%
Percent Clay 9.5% Aspect (NortkSouth) 3.2%

aRelatve contributions of thevariables to the model based on changiesfit (gain)during iterations of the training algorithm.

Table 4Habitat Suitability Thresholdsd Areas of Suitable Habitat

Measure Value

Optimal Logistic Threshdld 0.097

Moderate Logistic Threshold 0.040

Low Logistic Threshdld 0.000

Area ofpredicted optimal habitat within modeled range 433.8 kni

Area ofpredictedmoderate suitability habitat within modeled range 217.1 kn?

Area of predicted low suitability habitat withmmodeledrange 3,002.3 km

Total area of predicted suitableabitat within modeled range 3,653.1 km

Area of entire modeled range (percent of Montana) 380,529km? (100.0%)

aThe logistic threshold where the percentage of test observations above the thresholdiisri@etimes higher than would be expected fife¢ observations were
randomly distributed across logistic value clagétiszel et al. 2006(see Figure 3). When sample sizes are small, it may be undetermined.

b This is the cutoff recommended for use in management decisidrfe logistic threshold value where the percentagéest observations above the threshold is
greater thenwhat would be expected if the observations were randomly distridwgeross logistic value classén other wordswhen the modeled habitat is used
more often than expected from its proportional availability on the landsd&pezel et al. 2006 When sample sizes are small, it may be undetermined.

¢ The logistic threshold between unsuitable and low suitability as determined by Maxent which badate@snission error with minimizing predicted suitable area
(Phillips et al. 2017Yhis is a conservative threshold that should encompass nearly all potentially suitable habitat for a sppcéesice habitat with low
suitability may represent landspes of marginal or discontinuous habitat where suitable habitat patches of various sizes are isolated by unsuitable habitat.

Table 5Evalation Metrics

Metric Value

LowAVP 100.0%

Moderate AVP 84.2%

Optimal AVF 63.2%

Awverage Testingpeviance ¥ sd)° 3.788 +4.162
TS§Sensitivity + Specificityl)° 0.8408 (0.8421 + 0.9987)
SEDI 0.9600

Training AUC 1.000

Test AUE 0.999

a Absolute Validation Index: The proportion of test locations that fall above thertayderate, or optimalogistic thresholdsee Table 4)

b A measure of how well model output matched toeation of test observationdn theory, everywhere a test locati was located, the logist value should have
been 1.0The deviance value for each test location is calculate@ mes the natural log of the asciated logistic output valu€&orexample, the equivalent
deviance valuefor the low, moderate and optinal logistic thresholds of this model would b&.223,6.463 and 4.676, respectiveleviances for individual test
locations are plotted in Figui® AverageTesting Devianckessthan the Moderate Deviance typically indicates good model performance.

¢Ranges from1 to 1,with a random or null model performing at a value of O aatlies >0.65 indicatingoderateperformance (>0.8 generally good performance).
The moderate threshold (0.040) is used to develop the confusion matrix for Sensitivi8paniicity metrics. Note that Specificity is calculated based on pseudo
absencegnot true absencesand may be biased when large areas are modaektoderate or optimal suitable habitat.

dThe area under a curve obtained by plotting the true positate rgainst 1 minus the false positive rate for model training observations (averaged over 10 folds)
Values range from 0 to 1 with a random or null model performing at a value of 0.5.

e The same metric described ity but calculated for test observations.
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Figure 1. Jackknife assessment of contribution by individual environmental variables to training gain. Variables

are ordered by reduction in gain without that variable (green), from greatest to least impact. Only the 25 most
influential variable§ are shown.
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a|nterpretation of individual environmentalariables should be approached cautiously and may be inappropriate due to covariance beragables.
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Figure 2. Response curves for the top four contribuéngironmental variables, mean value in red; etie standard
deviation in blue. Response curves for additional environmental variables are available upon request.

Bulk Density Minimum Winter Temp
100} 1or
08
085 3
5 S08
2 2
Speof s07
= =
£ 26
Tossf ]
g 2os
2 2
Soa0f S04
E E
= =203
Gorsy z
S o2
oTor 0.1
00
0.65 Ex L ! L L ! L L ! Lo I I I I I I I I
-200 0 200 400 600 800 1000 1200 1400 1600 20 18 16 14 <12 10 K] E 4 2 0
soilgrid_hd meo_minwintemp
Anthropagenic Influence Distance to Water Edge
p9sf LU p—
09
T0.96 @
5 So08
o L o
2094 2.
5 5
Sog2t =0
5 5
E E
Sosof gos
H S04
So88r El
= _‘gU 3
g 0.86 g
g
084 01
082, . i . i . . . . . 0.0f ‘ . . . . . .
-200 0 200 400 600 800 1000 1200 1400 1600 0 5000 10000 15000 20000 25000 30000
nhp_anthroinfl nhd_dist2wateredge

Figure 3. Thresholds for moderate and optimal suitability classes as determined by logarithmic fit.
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Inductive ModelMap Outputs

Figure 4. Continuous habitat suitability model logistitput (90-meter pixels); white area is not modeled.
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Figure 5. Continuous habitat suitability model output with relative deviance for each observation. Low deviance
points fall within optimal or moderate habitat; high deviance points argeinerally unsuitable habitat.
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Figure 6. Standard deviation in the model output across the averaged models. Lower deviance (a solid blue map)
indicates a better fitting model with lower variability between model iterations.
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Figure 7. Model output fo®0-meter pixels classified into habitat suitability classes.
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Figure 8. Model output classified into habitat suitability classes and aggregated into hexagons at a scale of
259 hectares per hexagon. This is the finest scale suggested for managemeiondexisl survey planning.
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Figure 9. Model output classified into habitat suitability classes and aggregated into hexagons; observations
used for modeling are displayed for reference.
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