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ABSTRACT
How climate constrains species’ distributions through time and space is ataintgprestion in
the context of conservation planning for climate change. Despite increasingnassoé the
need to incorporate mechanism into speciesilligion models (SDMs), mechanistic modelling
of endotherm.distributiongmaindimited in the current literature. Using the American pika
(Ochotona princeps) as an example, we present a framework whereby mechanism can be
incorporatedinto endotherm SDMs. Pika distribution has repeatedly been found to be
constrained"by'warm temperatures, so we used Niche Mapper, a mechanidialdrezd model,
to convert macroclimate data to pikpecific surfaceactivity time in summer across the western
United StateswWe then explored the difference between using a macroclimate predictor (Ssummer
temperature) and using a mechanistic predictor (predsctedceactivity time) in SDMsBoth
approacheaccurately predicted pika presengesurrent and past climate regiméwever,
the activity models predicted % less habitat loss in response to annual temperature increases
of ~3-5°C predicted in the region by 2070, suggesting that pikas may be able to buffer some
climatechangereffects through behavioral thermoreguiahat can be captured by mechanistic
modeling. Incerporating mechanism added value to the modeling by providing increased
confidence.in areas where different modeling approachesdegneeproviding a range of
outcomessin areas of disagreement. It plswvided a mor@roximate variable relating animal
distribution to climate, allowing investigations into how unique habitat chaistate and
intraspecific phenotypic variation may allow pikas to exist in areas outside phedicted by
generic SDMsyOnly a small number of easibtainable data are required to parameterize this
mechanistieamodel for any endotherm, and its use can improve SDM predictions bylgxplici
modeling @ widelyapplicable direct physiological effect: climateposed restrictions on
activity. This more complete understandisgiecessary to inform climasalaptation actions,
management strategies, and conservation plans.
INTRODUCTION

The pervasive effects of glabclimate change on biodiversity are well documented (e.g.,
Parmesan & Yohe, 2003; Thomas, 2010; Bel&mal., 2012), and threats due to climate change
are playing anoreprominent role in species assessments for conservation purposes (Staudinger
et al,2013). Predicting the impacts of climate change on species is therefore annmporta
conservation challenge (e.g., McGuire & Davis, 2013). Species distribution models)SDM
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which combine spatial environmental data with information about a focal speqesdict areas
likely to support the species, are a primary tool used to address this challengeéeaseevby
the rapid increase in their use over the past decade (Franklin, 2010; &waisap013). SDMs
can play valuable roles in informing conservation actions, including: 1) identifyingtjabte
future range.contractions or shifts due to climate change to inform conservatie s
assessments; 2) prioritizing habitat reserves, corridors, and essential microrefugia for
conservation;and 3) informing decisions about when amdhéwe species may need to be
translocated(e.g., Schwartz, 2012; Guisan & Thuiller, 2005; Geisdn 2013; Araujcet al.,
2011)

At onesend,of the modeling spectrum are correlative SDMs, which statistically relate species
occurrencerdata to environmental variables (Elith & Leathwick, 2009). Vesififtbught to
constrain a species’ distribution are selected for use in the model, bubtesg{es) by which
the variable(s) limit the species’ distribution remain implicit. t@& other end of the spectrum,
mechanistic models explicitly model processes thought to limit a species’ distribution (Kearney
& Porter, 2009). Mechanistic approaches model the consequences of interactions between a
species’ functional traits (morphology, physiology and behavior) and its environment on the
species” energetics, development and reproduction (Doretahn 2012). Purely mechanistic
models _desnot rely on known species distributions; rather, the predicted distrilargcms
emergent property of the process being modeled (Meghaki, 2015).

To date, most SDM efforts have used a correlative approach, due to their relative ease of use
and wider availability, fewer antoreeasily met data requirements, and the range of biotic and
abiotic interaetions that they can (implicitly) capture (see reviews by, e.g., Elith & Leathwick,
2009; Kearney & Porter, 2009; Evasisl., 2015). However, when it comes to predicting the
impact of climate change on a species, purely correlative models pratledmsight intowhy a
decline is predicted, limiting their ability to inform conservation respor&ash omission has
important implications for policynakers, natural-resource managers, and other conservation
practitionersybecause without such insjglimateadaptation actions in response to species
declines are'relegated to trial and error (Beetal., 2010; Evangt al., 2015).

Furthermore, by relying on correlations rather than a process, transferring correlative models
into novel environmental conditions risks erroneous extrapolation, a key issue for maay studi

of climatechange effects (Kearney & Porter, 2009; Veadbal., 2012). Mechanistic models, in
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contrast, do not require extrapolation when transferred into novel environmamdélans, and
therefore may provide more accurate predictions regarding future shiftsaiblsinabitat due to
climate change (Kearney & Porter, 2009; Rawstaad., 2011; Tomlinsoret al., 2014).
However, mechanistic models can be datansive and may redqe difficult-to-obtain or time
consuming.information, limiting wider use of these models (Dorneaah, 2012; Meineret al .,
2015).

Using'the'two approaches in tandem may allow studies to take advantage of théeveespect
strengths of'each approach lehtounteracting the respective weaknesses, thereby increasing
confidence in predictions (e.g., Buckletyal., 2010; Kearnewt al., 2010; Dormanmt al., 2012;
Meineriet al.,.2015; Briscoet al., 2016). One possibility is the integration of the two
approaches’by‘using mechanistic model outputs as inputs to a correlative mdudel EJi
2010). For example, mechanistic modeds produce spatial layers representing how
macroclimate variables (e.g., temperature) and habitat features (e.g., shade availability) affect a
species’ energy requirements or activity time across a heterogeneous landscape. These
mechanistieyoutput layergshich may benoreproximate drivers of species persistence than the
climate variable itself, can then be used as inputs for a correlative model (Kearney & Porter,
2009; Buekleyet al., 2010; Cahillet al., 2013).

Mechanistic modelling of endotherms is particularly underrepresented in stie@xi
literature as compared to ectotherms (Bogtes., 2011; Oswald & Arnold, 2012; La Sorte &
Jetz, 2013). Although endotherms are better able to buffer themselves against cle@ngial t
conditionshan, ectothes, such buffering hasosts and limits. Endotherms facing heat stress
may sweaterpant to increase evaporative heat loss, or avoid heat if local refugia exist.
Conversely, endotherms facing cold stress may shiver or metabolize fat stowautteody
heat. These coping mechanisms require time and resources that could otherwise be used for
growth and. reproduction, thus imposing limits on the species’ distribution (Bugtkdey 2012;
du Plessigtal.,.2012; Oswald & Arnold, 2012). Therefore, a matthalt predicts such
thermoregulatory costs can provide valuable information about the processes by wiaté cli
limits distributions and how distributions may shift in a changing climate (Bretce 2016).

Here, we show how a mechanistic model camberporated into distribution predictions of
a heatsensitive endotherm. Niche MapPéuses heatransfer principles to calculate an
animal’s heat balance in its local microclimate (Porter & Mitchell, 2006). Informed by
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119 morphological, physiological, afaehavioral information about an animal, the model calculates
120 the necessary (in cold temperatures) or allowable (in warm temperatures) metabolic rate that will
121 enable an animal to maintain its body temperature within a tolerable range. Niche Mapper can
122 thus compare relative levels of heat stress (e.g., reduced activity) or cold stress (e.g., increased
123  food requirements) across the landscape. This approach also allows us to biegeistisdirect
124  (e.g., energy deficits and activity reductions) from incti(e.g., changes to species interactions
125 and habitat'structureensu Thomas 2010) effects of climate change.

126 The American pika@chotona princeps Richardson) is a small mammal typically found in
127  relativelycool andmoist, montane habitats (Hafner & Smi#®10 but see, e.g., Shinderman,

128  2015; Rayet al%,2016; and Varner & Dearing, 2014 for examples of populations occurring

129 outside thiggenerahiche all these examples are facilitated by fswle habitat complexity

130 decoupling refugial conditions fronoarsescaleclimatic condition}. Pikas maintain a high

131 resting body temperature (40.1°C) that is close to their upper lethal teunpr8.1°C), have

132 high metabolic requirements, and thick fur, which limits their ability to dissipate heat (Smith &
133  Westa, 1990;Beevest al., 2013). Consequently, individuals that are unable to behaviorally
134  thermoregulate are prone to death from heat exposure in moderate temperatuzs.426)5

135 (MacArthur& Wang, 1973, 1974; Smith, 1974). Studies investigating pgtehdition at

136  ecoregional'to continental scales have found warming temperatures to be #ry drier of

137  distributional change over time (Grayson, 2005; Galbretzdh, 2009) and chronic heat stress to
138 be a leading predictor of pikgersistenceinderrecent climate conditions (Beewral., 2003,

139 2010, 2011y2013; Wilkening al., 2011; Calkin®t al., 2012). At mordocal scales, the

140 influence ofwarm temperatures on pika distributions is not as straightforwatd:warm

141 temperatures have been found to be a primary determinant of pika distributions iocatoas
142  (e.g., Moritzet al,, 2008; Stewartt al., 2015),other aspects of climate and habitat

143  characteristics.have been identified as more important in other locaign&i(bet al., 2011;

144  Yandowet.al.,.2015;Schwalmet al., 2016).

145 Despitesthe evidence of broad distributional changes being relatednot@raperatures, it

146 is unclear exactlyiow temperatures operate to limit pika distribution. Warm temperatures could
147  influence pikas directly (e.g., through exceeding thermal limits or limiting time available to
148 forage) or indirectly (e.g., through increasbskease transmission, facilitation of competitors,

149 changes in vegetation affecting food availability and quality, or reduced insulatingasiow

This article is protected by copyright. All rights reserved



150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180

layer in the winter). Pikas cope with heat stress by retreating to thermal refugia in the interstices
of their rocky habitat (MacArthur & Wang, 1974; Smith, 1974; Moyer-Hoehal., 2015).
During the summer, pikas must erfaceactive to feed, find mates, and defend territory.
Furthermare, across most of their range, pikas mustaiig up food caches (“hayifigto
survive the.winter months becaubkeydo not hibernate (Smith, 1974; Dearing, 1987).
Collectively, these observations support a hypothesis that increased temperatures may limit pika
distributions by restricting the amount of time available foadang and haying activities.

Activity'windows have been identified as a promising and widely applicable physalogi
process ta incorporate into SDMs in order to better understand how warm temperatures affect
distributions (Evanst al., 2015), in contrado other physiological processes liupper thermal
tolerance, which has been found to poorly predict biogeography (e.g., €ahill2013). Here,
we use Niche Mapper to explicitly model this mechanism and test whether potential summer
activity timeis a robust predictor of pika distribution. We compare distributions of pikas in the
United States predicted by 1) a correlative model using only macroclimate predit2) a
model thatrinearporates mechanism in the form of summer thermal environmewtsted to
pika-specific allowable surfaeactivity time. We show how using the correlative and
mechanistic.approaches in tandem can help overcome the shortcomings of both approaches to
providemereconfident predictions of, and insights into, climatenge effects. Although we
usethe pika as a model organism to illustrate the framework, the general mode@lingapcan
be used on any species whose distribution is constrained by thermoregulatory pressures. |
therefore can*help fill the existing knowledge gap regarding predicting thé plinggiological
effects of climate change on endotherms and thus facilitate-betiened conservation and
management actions.
MATERIALSAND METHODS
Niche Mapper. Predictions of Surface-Activity Hours

Niche Mapper is a coupled microclimate and animat-reead massalance model that

has been previously described in detail (e.g., Pertr, 2000; Porter & Mitchell, 2006). It has
been shown'te accurately predict metabolic heat production, habitat use, or landscape
distributions of a variety of animals, including mammals ranging in size from(Miaespp.)
and gliding possunPgtauroides volans) to elk (Cervus canadensis) and polar bearsJfsus
maritimus) (e.g., Porteet al., 1994; Kearnewt al., 2010; Mathewson & Porter, 2013; Loag
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al., 2014). Specific to pikas, MoyeiHorneret al. (2015) demonstrated that Niche Mapper can
accurately predict both pika metabolic rate as a function of temperature arad{priks
reductions in Glacier National Park, USA. We note that prior uses of Niche Mappedict
habitat use and landscape distributions were purely mechanistic and thus required detailed
information.about the focal animal’s physiology and diet properties. Here, wepoe ey a
methodology that only uses the heat balance aspect of Niche Mapper, minimizing bes atim
required inputs'needed in order to make it easily adaptable to other species.

Briefly,"Niche Mapper consists of two suedels: 1) a microclimate model that
calculates environmental conditions at animal height, and 2) a
biophysical/behavioral/morphological animal model (Fig. 1). The microclimate maldelates
hourly profilesrof air temperature, wind speed, relative humidity, and solar and long-wedkele
thermal radiation that an animal experiences (Fuentes & Porter, 204:/8ieiet al., 2014). The
animal model then solves a heat balance equation (Eqg. 1) wherein the animal’'s metabolic heat
generationQge,) must equal heat transfer through its s and the net heat flux with its
microenvirenment [radiative;aq), convetive Qconv), Solar Qsi), and evaporative (respiratory,
Qresp, aNd Cutaneoufevsp)], in order for the animal to maintain its core temperature during each
hour of the.day:

Doon = Doy = Govep = Cir = Gras ¥ Goony =i (1)

Niche Mapper was used to predict the number of hours pikas could be active at 2x basal
metabolicrates(a conservative field metabolic rate; Karasov, 1992) while still maintaining a heat
balance during crepuscular and diurnal hours in the summer months (defined e as J
September) across the western United States. For each month, an “average” day was modeled,
using the mean monthly maximum and minimum temperature, and the model day’s allowable
activity hours.were multiplied by the number of days in thahth (See Appendix S1 for more
details about'Niche Mapper operation).

Activity=hour predictions were made for current, past, and future climate conditions.
Currentelimate data came from 198010 climate normals from the PRISM Climate Group at
800 m reslutiom (http://www.prism.oregonstate.edu/; Datyal., 2008). Climate data for the
Last Glacial Maximum (“LGM”; ~22,000 years b.p; 4 km resolution) and the mid-idokoc
(“MH” ~6,000 years b.p; 800 m resolution) were obtained from the WorldClim database
(http://www.worldclim.org; Hijmangt al., 2005). For future climate, we used predictions for
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212 2070 climate conditions from global circulation models (GCMs) used iHPBE Fifth

213  AssessmenfiPCC, 2013)Mat predicted conservatiy®RI-CGCM3, RCP2.6), modate

214  (NorESMX:M, RCP4.5), andargest magnitude (MIROESM-CHEM, RCP8.5limatechange

215 scenarios in the western United States. GCM data were obtained from the WorldClim database at
216 800 m resolution (See Appendix S1 for additional information on spatial data acquisition).

217  Activity predictions were also made assuming uniform maximum and minimupetatare

218 increases'of'3°C and 5°C in order to illustrate more simply how the two modeling approaches
219  differ in theirpredictions of pika response to warming temperatures, without theuodirfg

220 effect of spatially varying temperature changes.

221 Pika:boedies were modeled as single ellipsoids with the properties listed in Table S1.

222  Pikas are not known to pant or sweat, so the only thermoregulatory options allowed ege for
223  core temperature to rise and for flesh thermal conductivity to increase (simulating vasodilation).
224  For sensitivity analyses and other pika meuolalding details, see Moyer-Hornetral. (2015).

225 Pikas inhabit talus and talus-like substrates (Tyser, 1980), but nationablarddatasets have

226 limited ability=te identify such specific substrates at broad spatial sgd@®serHorneret al. in

227  review; EAB, persobs.). Thus, we assumed that every pixel contained suitable rocky habitat and
228  all substratenputs for the microclimate submodel were for a rocky surface (Tabl&\&2).

229 assumed.that no abovalus shade was available, because pikas are typically found in open,

230 rocky areas. We assumed clear skies for all simulations in order to develop a nptidebkgoto

231 climate scenarios that lack clogdver data. A sensitivity analysis showed that incorporating

232  cloud coveraffected the absolute number of activity hours, butadidubstantially affect

233 relative amounts of activity across the pika’s range in the United States, resulting in very similar
234  predicted distributions with and without cloud cover (Fig. S1).

235  Species Distribution Models

236 There.is.no known minimum amount of surface activity during summer needed for pika
237  survival, so.one option to build asttibution model based on activity time is to use the activity

238  hour thresheld that separates extant from extirpated sites (e.g., Sihalry@010). Such

239  persistencelextirpation data are available for pikas in the United States from 39 sites in the

240  hydrographic Great Basin. However, this approach assumes that the thresholé ddantifese

241  sites is applicable throughout the species’ range. Furthermore, similar presence/absence data are
242  not available for many species, limiting wide use. Thereforgrdeide a generally applicable
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methodology to convert activity hours into a predicted distribution, we used acbuity as a
predictor within a correlative modelling framework (Fig. 1). We fit correlative models using
Maxent, because this model is wiglelsed, has been found to perform well compared to other
models, and was developed for presence-only data @kl 2006; Phillipst al., 2006).

Presence data for the rangele Maxent models were obtained from online zoological
record databases afrdm prior pika studies to fill in known gaps in the database records. To
minimize the“effect of sampling bias on model predictions, we used the tangetiackground
approach (Phillipst al., 2009), using terrestrial mammal records to select background points
(see Appendix S1 for additional details on presence- and background point selectgar)cer
and background points were filtered to remove duplicate points in each 800-m pixel. Models
were built'using only hinge and product features in order to smooth the response curves and
avoid overfitting (Elithet al., 2010), while allowing for potential interactions. Modeisre
evaluated using 1f»ld crossvalidation. Other model settings were set to default values,
including the use of clamping when extodating, which treats variables outside the training
range as ifsthey were at the limit of the training range

Baseline models to predict pika distributions were first built using only either mean
temperature of the warmest quarter or summer activigjigiesl by Niche Mapper. This
allowed forthe most direct comparison between using the macroclimate predictor (summer
temperature) and a mechanistic explanatory variable (summer activity). These models are
referred to.hereafter as the “temperature baselogel” and the “activity baseline model” (Fig.

1).

Precipitation and winter cold have been identified as important determinants of pika
persistence Iin addition to summer temperatures, particularly at more localized scalesdiBeever
al., 2010; Millar & Westfall, 2010; Erbt al., 2011; Jeffresst al., 2013; Schwalnet al., 2016).

The relative importance of summer activity time likely varies in response to these other variables
across the pika’'s range. In areas with high plant productivity and/or shamtersyfewer

summer activity hours may be required because foraging is likely more efficient and/or smaller
food caches are sufficient to survive the winter. To account for these potential interactions, we
explored adding additional climate layers to Iaseline models: minimum temperature of the
coldest month (abbreviated here as “winter cold;” proxy for acute cold stress and winter

duration; less correlated with the baseline inputs than mean temperature of the coldest quarter or
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274  growing-season duration), growirsgason precipitation (calculated as the sum of the

275  precipitation in months where the mean temperature is >5°C), and snowpack potential

276  (calculated as the sum of the precipitation in months where the minimum téumgésa< 0°C).

277 Models were bilt using current climate and pika distribution data, and then used to
278  predict habitat.suitability under past and future climate scen&esdentified areas where the
279  SDMs would require extrapolation under past and future climate scenarios usiivgnmatet

280  environmental'similarity surfaces (MESS maps; Hdithl., 2010). To facilitate easier

281 comparisonsbetween predictions made by the different modeling approaches and evaluate the
282  degree tolwhich the approach influences estimates of percent range,clva converted

283  Maxent's continuous output into a binary suitable/unsuitable output using the threshold that
284  maximizeditraining sensitivity plus specificity (“MSS”), as suggested for use with preselyce
285 data by Liuet al})(2005, 2013).

286  Model Evaluation

287 To test.whether summer activity hours predicted by Niche Mapper could distirgaiigeen
288  suitable andwunsuitable habitat, we examined predicted activity at 39 lomgiter monitoring

289  sites in the"Great Basin (Beewtrl., 2003, 2008in review; Wilkeninget al., 2011; EAB,

290 unpublished.data). We compared the average activity hours predicted by Niche Mapper for all
291 pixels withina 3-km radius (matching the extent of field surveys around each histecaal)

292  at sites with persistent populations in 2015 (n=25) to the hours available wiimroBsites that
293  have been.extirpated in the last century (n=14; hereafter, “reeetiitpated sites”).

294 To evaluate model performance, we used area under the regperator curve (AUC)

295 and True Skill-Statistic (TSS; Allouclatal., 2006). TSS stestics were evaluated for both the
296 39 Great Basin pika sites (true presence/absence data) and for the 616 pikaslacat 10,000
297  background (pseudoabsence) points used in the Maxent modeling (Additional detail® on thes
298 tests are found.in Appendix S1). To account for the fact that pikas may be observed in an
299  ‘“unsuitable” pixel if that pixel is in close proximity to suitable habitat due tortepopulation
300 dynamics the"species exhibits, we also calculated the number of known pika loaétions

301 km of the nearest suitable habitat pixel. We used 3 km because it is an estimated limit of pika
302 dispersal in most habitat types (Beegteal., 2003; 2011) and is the average (range: 1.1-4.5 km)
303 genetic neighborhood distance found by Schwetlat. (2016) ateight US National Park Service
304 units in thewesternUnited States.
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To evaluatehemodels’ transferability to different climatic conditions, we used 48 fossil
pika locations from the Quaternary period (Hafner, 1993; Grayson, 2005; Gakiraat2009)
to test the models’ ability to predict pika range retractions from the LGM (colder and drier than
present) to the MH (drier and similar summertime temperatures in the Northern Hemisphere than
present in seme areas). In tests to quantify the models’ abilities to track this observed range
retraction, we assumed that in the fhidlocene all MH and late Holocene (LH) fossil locations
would be within'3 km from predicted thermaByitable habitat and all LGM and early Holocene
(EH) fossillocations will be mordnan 3 km from any predicted thermatiyitable habitat.
Finally, we assumed that all recenéiytirpated and current pika locations must be within 10-20
km (estimated-maximum pika dispersal distance over millenia; Hafner, 188#ei& Sullivan,
1995) ofareaswith predicted suitable habitat in the MH.
RESULTS
Niche Mapper Activity Predictions
Summer activity levels predicted by Niche Mapper corresponded well with thenknow
distributiop=af@. princeps (Fig. S2). In the Great Basin, pilketant sites averag 19% more
predicted surface activity time during summer than did piarpated sites (141¢s. 1159
hours) (Mann-Whitney U = 32, p<0.001; Fig. 2; Table S3). A threshold value of 1132 hours
(53% of diurnal and crepuscular hours for the period) sepatstesktant site with the lowest
predicted activity hours from all but four of the 14 extirpated sitess@inare test of association
¥’= 24.01, p<0.001).
Soecies Digtribution Model Results: 1981-2010 Climate Conditions
Model‘response curves to the inpwsre reasonable and expected: suitability declined
with increasing summer temperature and decreasing available aatnat{figs. S3, S4). The
two baseline medels predicted similar raw (i.e., no threshold applied) habitat suitability scores
for pixels within:3 km of the 616 pika presence locations (Table 1, paiest, t=1.38, p=0.17).
Whensusing the MSS threshold to delineate suitable and unsuitable habitat, baseline
model predictions for suitable habitat using summer temperatures and summer agtaatfor
76% of all pixels in the western United States predicted as suitable by either model. The activity
baseline model predicted 19% more suitable habitat across the western United States than did the

temperature baseline mogdelostly in the northern and eastern portions of study area (Table 2;
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Fig. 3). The temperature baseline model predicted additional suitablatlzditg the western
coast and in thiower elevations of th€ascade Range

For both baseline models, more than 95% of all pika records were within 3 km ofesuitabl
(defined using the MSS threshold) habitat (Table 1). When comparing prediction8@tGineat
Basin monitering sites, both models accurately distinguish @ikigpated sites from extant sites
(xztest of assaciation p< 0.01 for each; Table S4, Fig. S5). The activity baseline motifi¢dle
all extant sites as suitable (the temperature model had two false negatives),thtgdradre
false positives than did the temperature model (2)vs.

When ‘adding any combination of additional inputs, the nseemmertemperature or
summeractivityjinput consistently remained the most important factor, contributing >70% to
every model. AUC values did not change appreciably (rah§89-0.920 in the Great Basin and
0.923-0.93&craoss the western United States), and all combinations of variables iddjoate
to excellentsnedel fit (Swets, 1988). Thus, the TSS metric was primartytos®mpare model
performance:

Adding growingseason precipitation to both baseline gledmproved model performance
across the western United States by capturing additional presence locations in the Cascade
Range, an“area with a high density of presence points, but performed worse in tGeedtier
Basin where there are true presencefatrselata (Table S4). Similarly, adding potential snow
accumulation improved model performance across the western United States by capturing more
presence sites,in the Cascade Range at the expense of decreased performance in the Great Basin
(Table S4).

Adding minimum temperature of the coldest month to both baseline models incneadel
performance both in the entire western United States and in the Great Basin (Table S4).
Specifically, adding winter cold to the models expanded predicted suitablathabite lower
elevations-ofithe Cascade Range (moderate winter cold; encompassing pika presence sites not
identified asssuitable by the baseline models) and decreased predicted suitability-n lower
elevation.areas in the Rocky Mountains (colder minimurnier temperatures; eliminating areas
where no pikas;have been documented) (Fig. S6).

Adding either or both of the precipitation variables did not improve model performance

above the baseline + winteold models, so additional analyses only considdredbaseline (to
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365 most simply compare the effect of using summetivity time or summer temperatures) and

366 baseline + winter cold models (the best overall model).

367  Species Distribution Model Results: Hindcasting

368 MESS maps (Elitlet al., 2010) indicated thahere was considerable extrapolation in the
369 LGM, and te.a lesser degree, the MH due to lower minimum temperatures (winter cold) than
370 captured in.the'training data (Fig. SBhth baseline models predicted extensive suitable habitat
371 throughoutthe'western ldad States during the LGM (Fig. S8). All recendixtirpated and

372  current sites;and all but three fossil pika locations (Corn Creek [NV], Mescal/Antelope Creek
373 [CA], and Kokoweef Cave [CA]) were within 4.5 km (the approximate resolution df@ié

374 climatedata atithese latitudes) of predicted suitable habitat (Table S5).

375 Thebaseline models predicted substantial reductions in suitable habfatnid-

376  Holocene (Fig. 'S9). Both models predicted habitat loss at most of the LGM and EH foss

377 locations, yet still predicted habitat within 3 km of the MH and LH fossil locatiottis,tiae

378 exception ef Pintwater Cave, NV (Table 3). All recerghtirpated and current pika records were
379  within 20 kmpof suitable habitat predicted in the MH by both models (Table 3).

380 Adding=minimum winter temperatures contracted habitat suitability predicted by both
381 models’inithe LGM in the southern latitudes, causing additional fossil pika sites to be missed
382 (Fig. 4; Table S5). Suitable habitat contracted more in the summer astodkgl than it did the
383 summer temperature model, due to a stronger interaction between activitahowvster cold
384 than between summer temperatures and winter cold.

385 Pintwater Cave was still the only MH or LH fossil site missed by >3km by both the
386 baseine + winter cold models hindcasting to the MH (Table 3). The summer temperature
387  winter cold model also missed an additional Holocene fossil site (Horned Owl Cave, WY).
388 Adding winter cold resulted in a small number of current or recextlypated locabns to be

389 missed in the MH predictions, exclusively lal@aw sites and lowelevation sites in the

390 northwest Great Basin portions of Nevada, Oregon, and California (Table 3).

391  Species Distribution Model Results: Future Climate Warming

392 There was some extrajation beyond the range of environmental data captured in the
393 training dataset when predicting to the more severe cliof@rge scenarios, with respect to
394 mean summer temperatures and, to a lesser degree, winter cold (Fig. S7). Both baseline models
395 predcted substantial reductions in thermadlyitable habitat throughout the western United
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States under the moderasgand warmesmagnitude climate change scenarios and <5% loss under
the conservative scenario (Fig. 5, Table 2). The modeling approachiesquteliffering

magnitudes of declines in suitable habitat as temperatures ird;regbethe activity baseline

model predicting >13-5% less habitat loss (absolute difference) under the modarate
warmesiclimate change scenarios (Table 2). Whemiting the area of analysis to within 3 km

of the pikapresence locations used in the modeling rather than using the whole Weiséen
States, 'the"activity model still predicted less future habitat loss (Table 1). Under the warmest
scenario, theactity baseline model predicted >100 more pika presence sites to still be within 3

km of thermallysuitable habitat compared to the temperature model.

Adding winter cold to the baseline models increased habitat loss predictibies in t
conservative and modeeascenarios. These scenarios predicted that there will be areas where
minimum winter temperatures will get colder and summer temperatures are expected to increase
or remain the same (Table 2). As with the baseline models, the summer activity + winter cold
model predicted less habitat loss with warming temperatures: 8% less in under the moderate
scenario and 7% less under the warmest scenario (Table 2, Fig. 5). The difference in predicted
habitat loss,.between summer temperature and summer activity models was even more
pronounced'when we assumed uniform temperature increases (Fig. 5).

DISCUSSION
Comparing Model Predictions

Weaimed to explore how incorporating mechanism into a species distribution model
affected model predictions. We found broad agreement between models using summer
temperatures and models using summer sudateity time with respect to both: pyedicting
suitable habitat.at or near current pika locati@msl 2) general patterns of habitat expansions
and contractions under past- and fatdimate scenarios. However, the models predicted
different magnitudes of future range contraction, with the activity models prep&t9% less
habitat losss«than the temperature modelagewide. Modeling amoreproximate relationship
between anramal and its environment enabled a better understanding of how climate limits pika
distribution, how pikas persist in areas outside of their typical climatea®ednd how they

might be able to buffer future climatehange effects.
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426 The observed differems in predicted response to climate changsiariéar to prior

427  comparisons of correlative and mechanistic modeling approaches (Morin & TR200S;

428 Buckleyet al., 2010, Buckleyet al., 2011). These results are also consistent with Aretigb

429  (2011), who noted that SDMs can be good tools for identifying the direction of range shifts, but
430 they are more,uncertain when it comes to predicting the magnitude of the change. Intwontrast
431 themoreopagque relationship between pika presence and temperahae®reeasily

432  interpretable'mechanistic input of activity time allows insight into the reasdalifflerences in

433  model predictions, both for the present and the future.

434 Under current climate conditions, the summer activity baseline model predfioted

435  suitablehabitatin the inland regions of the study area than did the summer temperature model
436  (Fig. 3) In‘eontrastthe summer temperature model predicdditional suitable habitat beyond
437  that predicted by the summer activity modkng the Pacific coast and in the Cascade Range. A
438 potential explanatiofor these differenceis that the areas where summer activity predicts

439  additional suitable habitat hagemorecontinental climate with a wider range of daily

440 temperatures:The mean summer temperature in these areas is relatively high, rendering

441  them unsuitable by the temperature model. However, given the wide daily temperature

442  range, thereare enough hours in a day where Niche Mapper predicts activity is possible,

443  resultingdn'these areas being considered suitable by the activity model. Conversely, the

444  Pacific coastline and lower elevations of the Cascade Range have a more moderate climate,

445  buffered byproximity to the ocean. The mean temperatures are not as high (allowing these

446  areas to be'considered suitable by the temperature model), but the reduced daily

447  temperature'range does not provide enough hours where Niche Mapper predicts surface

448  activity is possible for these areas to be considered suitable by the activity model.

449 Similarlyy for predictions under future climates, model divergebeesme more

450 pronounced-inithe northern latitudes of the study area. For example, under the moderate-
451  warming seenario, the activity + winter cold model predicted 2,150dsn suitable habitat than
452  the temperature + winter cold model below 40° latitude, but 19,376riare habitat above 40°
453 latitude. Undemthe warmest future scenario, the activity + winter cold model pre2ligtéikn?

454  more suitable habitat below 40° latitude but 43,195 krore habitat above 40° latitude. At

455  higher latitudes, longer day lengthssummerallow pikas to make up for activity time lost due
456  to thermoregulatory retreats below the surface during the hottest part of tlieed&ylonger day
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457  lengths thereby providedequate tim for foraging and haying. Thus, in terms of a pika’s ability
458  to be active, not all locations with the same mean summer temperature are functionally

459  equivalent, and the effect of warmer maximum temperatures in the future maydseduf

460 through behavigral thermoregulation. This is a concept that becomes evident andresicapt

461 using mechanistic modeling but would be harder to detect using a purely correlative lpproac
462  Hindcasting.suggests niche conservatism and instills confidence in future predictions

463 In an‘important model-validation step not taken in many SDM studies, we show that the
464  models built'under current climatic conditions can be used to predict distributiondiffetent

465  climatic conditions through hindcasting. In contrast to Martieyeret al. (2004), who found

466 that ecologicalniche models built using present-day pika locations poorly predididos6ll

467 locations, but similar to Galbreaghal. (2009), we found evidence of niche conservatism when
468 hindcasting models to the LGM. The models missed only three to five of 49 fossibsciati

469 the LGM. We note that across the entire study area, the models perhaps overpredict actual
470  suitability. There was substantial extrapolation with respect to the winter cold input in the

471  northern portion of the study area (Fig. S7), and we used Maxent’s clamping option; thus, cold
472  temperatures'may have limited pika distributions in the LGM more than the calddgians in

473  the current.climate do. Indeed, Galbreetthl. (2009) used a full suite of bioclimatic variables in
474  their hindeasting and did not predict the same extent of suitability in the HéMever

475  Galbreathet al. (2009) appear thavemisseda number of fossil locations that our models do

476  predict as'suitdb. Furthermore, for the purposes of this work, which is focused on warm

477  temperaturestas the key driver of pika distributions, the most-informativensegfi the LGM

478  hindcasting«are along the southern edges of predicted distributions. These exadvbere

479  warm temperatures are limiting habitat suitability, and our models are in$aghunatingin

480 these areas.

481 The models also accurately predicted range contraction from the LGM to the MH.

482  Among the MH'fossil locations, Pintwater Cave was the onlyIMHossil location that no

483  model predieted suitable habitat within 3 km during the MH. We note that Grayson (2005)

484  questioned'pika persistence at this site in the Holocene, and these modeling results also suggest
485 that these fossils might be erroneousliedaThe ability of these models to be accurately applied

486  to both arrent climate conditionand two past climate scenarios provides increased confidence
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in their ability to predict the effects of future climate warming, assuming that future climate
changewill not leal to neanalog niche dynamics (e.g., Veldzl., 2012).
Benefits of combining modeling approaches

These resultglustrate the value of using multiple modeling approaches when predicting
species distributions. Mechanistically modeling adiedfect of warmer temperatures on
organismsiis theoretically more reliable than relying solely on climate correlations when
extrapolatingto'novel conditions (Kearney & Porter, 2009; [Elithi., 2010; Franklin, 2013).
However, we'were unable to test whether a mechanistic model is in fact more reliable when
predicting pika distribution changes in response to climates markedly warmeodagn\We do
not have lacatiens for pikas under such conditions and thus no way to evaluate whether one
model performd better. Nonetheless, utilizing two modeling approaches can help to corroborate
predicted trends and bracket the magnitude of potential habitat losses. Here,itlteeased
confidence. in the large areas of habitat loss predicted by both models (Ketaalhe2010;
Meineriet al., 2015; Briscoet al., 2016). Meanwhile, the mechanistic model predictions
identified additional areas that may remain suitable under warmer conditions, areas that should
be consideredsin management planning (e.g., for identifying haitatebnserven order to
protect current populations or as translocation sites).

Integration with a correlative approach also improved interpretation of Nichpeévia
mechanistic predictions. Maxent’s statistical framework allowstehanistic output with no
known threshold value (activity hours) to be converted into an index of habitat syitafihibut
the need foraypresence/absence data set. Furthermore, the importance of summer activity as a
limiting proeess likely varies acse the pika’s range. Activity model predictions were improved
by adding a winter-cold variable, which modified the importance of summer pcéixpganding
and contracting suitability predictions in logical ways. Areas where pikas tyreaist with
sumrrer activity.times slightly below the suitability threshold and milder winters were predicted
as unsuitable by the activity baseline model, but suitable by the activity + wohiemodel.
This suggests that lower summer activity may be suffit@fdcilitate pika persistence where
winters are'milder, potentially due to a longer growing season or reduced enewgttin the
winter (sensu Varner & Dearing, 2014who found that haypile size correlated with winter

duration). In contrast, areas with summer activity levels just above tishdldeand with colder
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517  winters where pikas are not found were predicted as suitable by the activiipdasedel, but

518 unsuitable by the activity + winter cold model

519 We recognize that the baseline + winter cold modef®peed slightly worse in the

520 hindcasting tests than the baseline models. However, that performance needdaindael ba

521 against the.uncertainty and reduced resolution of climate reconstructionstfeppetss and the
522  superior performance of these models under current climate conditions where there is less
523 uncertainty‘regarding the climate data. Given these considerations, we do not beliexelést

524  decline in'performance in the hindcasting is reason to conclude that these nmdalssarthan

525 the basehe models.

526 Lastlygincorporating a mechanistic model also allows investigations of outlyiag are

527 that do notHit general distribution patterns found at the landscape level. For exampiodel

528 predicted suital@ habitat in lowelevation lavelow landscapes where pikas are known to exist
529 (e.g., Craters of the Moon and Lava Beds National Monuments, Newberry National ¥olcani
530 Monument; Jeffreseat al., 2013; Shinderman 2015; Ralyal., 2016). One possible explanation
531 s that surfacesconnections to subsurface reservoirs of cool air and ice found va thés

532  creates coolersurface microclimates around these connections than predicted using macroclimate
533 data (Shinderman, 2015; Relyal., 2016). Another possible explanation is that these populations
534 may have.different morphological characteristics. Hall & Bowlus (1938) report that pikas in
535 Craters of the Moon are smaller than neighboring mountain populations, and Moyer-étiorner
536 al. (2015)llustrated the importance of body size and fur properties to a model pikigystabi

537  maintain aetivity levels in warm temperatures. Indeed, if pikas are modeled w2(p40

538 reductions‘inbody size and/or fur thickness, summer activity in areas of Crateedvbdon and
539 Lava Beds National Monuments where pikas aumnil are predicted to be above the 1132-hour
540 threshold identified for persistence at Great Basin sites (Fig. S10). Clearly, more detailed and
541 comprehensive.comparative measurements would be required to fully evaluate this idea.

542  Nonetheless,.this exampléustrates how biophysical models like Niche Mapper can incorporate
543 intraspecifiesphenotypic variation into species distribution models, an iarmadntribution that
544  mechanistieemodels can provide (Buckley, 2008; Kettad., 2010; Boylest al., 2011).

545 Another area where the models did not predict suitable habitat but where pikaswan

546  to exist was at the very bottom of the Columbia River Gorge. This is a unique hathitat

547  abundant shade on the talus and moss covering the talus, providing thermal bufferingef surfa
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548 microclimate temperatures (Varner & Dearing, 2014). For simplitigactivity model assumed
549  a bare rock surface and no shade, which is characteristic of the majority of pika habitat elsewhere
550 inthespeciesrange. However, whendlsubstrate is changed in Niche Mapper’s microclimate
551 model to assume a shaded, moss-covered surface and spgimfie cloud cover is considered,
552  predicted activity hours at Gorge locations of pika detection increased by up to 40%1(E)

553 and results.in.more areas being classified as suitable h@iga®12). This ability to investigate
554  the thermal'buffering effects of specific microhabitats has important implications for

555 incorporatingthe synergistic relationship of habitat alteration and clichatege into predictions
556  of species distribution changesrisu Kearney, 2013).

557  Broad applicability and relevance

558 Whether, and how accurately, SDMs can be used to make accurate predictions of species
559 responses under future climate conditions are topics of extensive debate amth.reSearway

560 forward is to compare different modelling approaches to better undetistaraliability of

561 predictions,under different conditions. We recognize that interspadiactions and non-

562 climatic, abietic factors such as habitat quality and connectivity arénafstant to predicting

563 current ocecupancy and future persistencg. (&chwalmet al., 2016). However, climate remains
564  a principakdriver in many SDMs, and the primary goal of this work is to present albenera

565 applicablesapproach to endotherm SDM development through mechanistic modelmgref a

566  proximal relationship between climate and species distribution.

567 For.mechanistic models to be more widesed conservation tools, they must be able to
568 be easily and"quickly tailored for a range of species (Esteads 2015). Heabalance

569 biophysicakmo@éls like Niche Mapper are based on keansfer principles and thermodynamic
570 laws that apply to any species. When being used to predict the impacts of chronic heat stress
571 (e.g., activity restriction) or cold stress (e.g., increased food requiremeicts)nedels only

572  require a few.and easily obtainable inputs beyond those required for a purelytiverretadel

573 to be tailored for spectfispecies: animal size and beogrt dimensions, fur properties, resting
574  metabolic rate, and body temperature. This information can often be found in the existing

575 literature orestimated from wetistablished allometric equations. Thus, while we use pikas as an
576  example, this modeling approach is broadly applicable to other species. In fauljtitgo

577 investigate the effects of trait variation and habitat characteristics on animal performance may
578 make the approach more valuable for focal species with greater intraspecificypienot
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579 variation or that are more habitat generalists than pikas. As illustratagslwyark, incorporation

580 of mechanism with other environmental variables and distribution data helps tdepaoviore

581 complete understanding of how species may be limited by climate, an understandsg that

582  necessary, to inform climagdaptation actions, managemsitrategies, and conservation plans.
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FIGURE LEGENDS

Figure 1. Flow.diagram illustrating the how the two baseline models were developed and key
input data."The"baseline temperature model is a purely correlative model, relating macroclimate
conditions'to'presence locations in order to predict distribution. The baseliviey model
incorporates mechanism into distribution predictions by first translating the macroclimate data to
a biologicallyrelevant mechanistic output (time available to be surface active). Additional
climate predictors that potentially modify how summer temperatures or activity time limit
distributions are added to these baseline models (see text) as an input to thienvbabed

building process (i.e., entering the Maxent box along with summer temperaturesoe surf

activity time.

Figure 2. Comgarison of predicted summer time activity hours at extant and extirpated historic
monitoringssites in the Great Basin, USA. The outlying extirpated site feiDRéak, NV, which
was recommended as a potential recipient site should pika translocatiomsioerau (Beever
etal., 2016).

Figure 3. Baseline model predictions of climatically suitable habitat for pikas under2@B1
climate conditions. Summer activity time predicted by Niche Mapper was th@palyto the
activity baseline model, and mesmmmer temperature was the only input to the temperature
baseline model,, The current pika locations used to build the model are shown alongswith fos
pika locations. reported by Mead (1987), Hafner (1993), Grayson (2005), Gakiralait2009)

in order to.show sensitivity of the model to different climate conditions. Cusiesmiocations

do not include the recentlyxtirpated sites from the Great Basin.

Figure 4. Hindcasting the summer temperature (ST) or summer activity (SA) baseline + winter

cold models to the Last Glacial Maximum (~22,000 years before present), showeaseat
areas of predicted suitable habitat. A detailed view of the southern edge of predicted suitable
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habitat is shown in the inset. Average summer temperatures in the wWésitexh States were
~13°C cooler than present. Three fossil locations (indicated as “No Date”) were not assigned to a
specific epoch. The approximate southern edge of glacial ice sheets is represented by the dashed

red line.

Figure 5. Habitat suitability pedictions for various future climate scenarios using baseline
models‘and'with the baseline + winter cold models. The baseline models usedeithean
temperature of'the warmest quarter or summer activity predicted by Niche Mapper to predict
habitat suitability. Minimum temperature of the coldest month was added tedlmseline

models. Meanschanges in mean summer/minimum winter temperatures in the western United
States predicted by the global circulation models: conservative (+0.31/-0.085@rate
(+2.59/+0.83°C); warmest (+5.73/+4.05 °C). With the exception of the conservative GCM
scenario, the summer activity models predicted less habitat loss than the summer temperature
models.

SUPPORTINGINFORMATION
Appendix:S1l. Additional details on modeling methodology, data acquisition, and model

evaluations

Figure S1.-Maps with results from sensitivity analysistbé clearskies assumption made in
activity-time*maodeling.

Figure S2. Fhe'number of summer (June — September) activity hours predicted by Niche
Mapper for pikas in the summer across the western United States based-@01@&YVerage
monthly maximum and minimum temperatures.

Figure S3. Maxent model response curves to individual variables used in the final distibut
models.

Figure $4. Plots sbwing the combined effect of winter cold and summer temperature (a) or
summer activity (b) on habitat suitability predicted by Maxent.

Figure Sb. Detailed map of habitat predicted as suitdbigrterm pikaresearch sites in the
Hydrographic Geat Basin USA.

Figure S6. Map comparing an activity-only model to an activity + winter cold model.
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Figure S7. Multivariate Environment Similarity Surfacéisat showhow similar the climate
conditions in each climate scenario are to the values used in the modegttaider current
climate conditions.

Figure S8, Hindcasting the baseline models to the Last Glacial Maximum (~22,000 years before
present), shewing increased areas of predicted thersiatlgble habitat from present.

Figure S9. Hindcasting the baseline mels to the MieHolocene (~6,000 years before present),
showing' substantial reductions of predicted thermsiliyable habitat from the Last Glacial
Maximum:?

Figure S10. Maps showing howpredicted surfacactivity timein Craters of the Moon and Lava
BedsNational"Monuments changes with different assumptions of pika body size and/or fur
depth.

Figure S11. The effects of including sitepecific habitat characteristics on Niche Mapper
summer activity predictions at four pika locations in the Columbia Riveg&;©OR.

Figure S12. Map showing howhabitat suitability predictions in the Columbia River Gorge
change whenssitspecific habitat characteristics are used by Niche Mapper when predicting

surfaceactivitystime.

Table S1.Animal submodel inputs usedrtmodel American pikas.

Table S2. Microclimate submodel input table used to model typical pika habitat.

Table S3. Total summer (JuneSeptember) activity hours predicted by Niche Mappéoras-

term pika research sgen the HydrographiGreat Basin, USA.

Table $4. Evaluation metrics for model performance under current (1981-2010) climate
conditions.

Table S5. Distance from nearest predicted suitable habitat for fossil pika locations not identified

as suitable habitat in the Last Glacial Maximum.
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Table 1. Average habitat suitability score for all pixels within 3 km of the known pika locations
(n=616) used in the species distribution modeling for models built using summer temperature
(ST), summer activity (SA), summer temperature plus winter cold (ST+WC), summer activity
plus winter cold (SA+WC). The number of locations within 3 km of suitable habitat is noted in
parentheses=Suitability was determined by using a threshold that maximizes specificity +
sensitivity.All models predicted high mean suitability across known pika locations and

predictéd a'strong decrease in suitability under climate change scenarios, however declines in
habitat suitability were stronger for models that included summer temperature compared to

models that included summer activity.

M odel
Climate Scenario ST SA ST+WC SA+WC
: o 0.502 | 0.501 0.506 0.509
1981-2010 Climate,Conditions
(586) (589) (597) (597)
MRI-CGCM3 0.512 | 0.486 0.501 0.479
Global
(Conservative change) (588) (596) (592) (589)
Circulation
Modd NorESM1-M 0.358 | 0.346 0.332 0.349
o
(Moderate change) (541) (565) (547) (563)
Predictions
MIROC-ESM-CHEM 0.155 | 0.188 0.150 0.216
for 2070
(Largest magnitude changgq (300) (432) (319) (431)
0.277 | 0.300 0.285 0.345
Uniform +3°C
(463) (508) (482) (528)
Temperature
0.147 | 0.184 0.157 0.235
Increases +5°C
(308) (440) (329) (457)

Table 2. Area-of suitable habitat (Kihpredicted by Maxent species distribution models using
either mean.summer temperature or predicted summer activity under different climate change
scenariossPercent change from current climate conditions is noted in parentheses. Model

abbreviationsaSA (summer activity); ST (summer temperatures); WC (winter cold).

M odel
Climate Scenario ST SA ST+WC | SA+WC
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1981-2010 Climate Conditions 414,355| 494,540 366,000 | 344,193
MRI-CGCM3 407,958 | 479,405] 345,707 | 303,128
Global
(Conservative change) (-2%) (-3%) (-6%) (-12%)
Circulation
Modd NorESM1-M 184,227| 283,609 136,700 | 156,502
o]
(Moderate change) (-56%) | (-43%) | (-63%) (-55%)
Predictions
for 2070 MIROC-ESM-CHEM 52,911 | 139,713| 44,462 98,412
(Largest magnitude changq (-87%) | (-72%) | (-88%) (-71%)
118,401| 224,232 110,357 | 170,239
Uniform +3°C
(-71%) | (-55%) | (-70%) (-51%)
Temperature
34,218 | 139,713| 34,579 87,368
Increases +5°C
(-92%) | (-78%) | (-91%) (-75%)

Table 3. Evaluation of model hindcasting to the mid-Holocene (MH) showing the number of
sites miselassified by the models based on assumptions that 1) all Last Glacial Maximum (LGM)
and early Holocene (EH) sites were unsuitable in the MH while all mid- and late Holocene (LH)
sites were suitable in the MH and 2) that all recently-extirpated and current locations are within
10-20 km of suitable habitat in the MH. The former assumption was statistically evaluated with a

chi square test of association. Model abbreviations: SA (summer activity); ST (summer

temperatures); WC (winter cold).

No..of LGM and EH sites

No. of MH and LH sites

Recently-extirpated/Curren
Locations (n= 629)

<3 km from predicted > 3 km from predicted | No habitat| No habitat
Model suitable habitat (n=39) suitable habitat (n=9) <10 km <20km
ST 15 12 10 0
SA 16 12 3 0
ST+WC 7 2 16 9
SA+WC 9 1° 17 9

3Chi square test of association p<0.D&hi square test of association p<0.001
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