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ABSTRACT 

 

 

Anthropogenic climate change is altering species distributions and abundances of 

diverse taxa across the globe. Understanding the mechanisms underlying these shifts in 

distributions and abundances may provide a more complete understanding of species 

responses to climate change. Using an indicator species for climate change (the American 

pika, Ochotona princeps), we surveyed  200  talus patches  in 2015-2016 across four 

study areas that spanned a precipitation gradient in the Intermountain West, USA. Our 

results yielded unexpected insights into the climatic associations underlying pika 

distributions and abundances. Contrary to our expectation, warmer average winter 

temperatures were negatively associated with pika occupancy and relative density, and 

further investigation revealed that winter temperatures rarely reached low enough 

thresholds to be considered thermally stressful. While the winter of 2015-2016 was the 

warmest winter on record for the contiguous United States, these results may foreshadow 

how montane species may respond to future climate conditions. Climate water deficit was 

another top-predictor of pika occupancy and relative density across spatial and temporal 

scales. Increasing values of climate water deficit were negatively associated with pika 

occupancy and relative density. This measure of soil drought has gained little attention 

for predicting animal distributions and abundances. Unexpectedly, we found increasing 

(rather than decreasing, as found by other research) cover of graminoid species to 

correlate positively with relative pika density, indicating that increasing cover of 

graminoids were associated with increasing relative density. Pikas have been suggested to 

prefer plants higher in secondary compounds (forbs, trees, and shrubs); however, we did 

not find this. Pikas have also been suggested to gain most of their water via metabolic 

water. Given the diuretic effects of many of these secondary compounds, and the 

negative relationship observed with soil drought, these results could suggest an 

interaction between climate water deficit and forage preference; in which pikas prefer 

plants lower in secondary compounds at drier sites. Our results emphasize the need to 

clarify mechanisms underlying species responses to recent climate change, to better 

inform management decisions and conservation planning.
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MECHANISMS OF CLIMATIC INFLUENCE ON AN INDICATOR SPECIES 

 

 

Introduction 

 

 

Understanding the mechanisms underlying species distributions and abundances 

has been a central focus throughout the history of ecology (Elton 1927; Andrewartha and 

Birch 1954) and has become increasingly important for identifying the potential 

consequences of climate change. Species from diverse taxa across the globe have already 

responded to shifts in climate (Parmesan and Yohe 2003; Chen et al. 2011); however, the 

mechanisms underlying these shifts remain poorly understood (Cahill et al. 2012).  

Furthermore, the relative importance of these mechanisms may differ across spatial and 

temporal scales (O’Neill 1986), further complicating our understanding of the effects of 

climate on species.    

Ecological patterns across spatial and temporal scales have long been studied in 

landscape ecology (Allen and Starr 1982; Wiens et al. 1993), and remain relevant for 

climate research as both scales affect the magnitude, direction, and mechanisms 

underlying the effects of climate (Leuzinger et al. 2011). Given the significance of spatial 

scale, geographically-extensive research conducted at fine resolutions may offer 

important insights to the effects of climate on species distributions and abundances and 

provide unique opportunities for investigation both within and across landscapes. 

However, many patterns of species distributions and abundances not only vary across 

space but also across time, emphasizing the need for research at multiple temporal scales 

(Adger, Arnell, and Tompkins 2005). Unfortunately, such data sets are rare, as they 



  2 

 

  

require large investments of time, and resources. Although these limitations pose 

problems for research relating to spatial scale, the ability to investigate mechanisms 

underlying the effects of climate on species across temporal scales has never been 

simpler, due in part to the increasing availability of long-term, remotely-sensed climate 

data. For instance, occupancy data for a species collected over one growing season could 

be modeled against several time-periods of remotely-sensed data (i.e., current, lagged, 

and prevailing climate conditions), providing insight into how climate may act on species 

at multiple temporal. 

To further improve our understanding of species’ responses to climate change, we 

must use a variety of research approaches, as previous work has shown that rates of 

change in species’ responses will vary widely among taxa (e.g., Lyons 2003; Moritz et al. 

2008; Sekercioglu et al. 2008; Chen et al. 2011; Rapacciuolo et al. 2014; Rowe et al. 

2015). Many large-scale patterns of climatic effects on species’ responses have been 

observed through reviews of the literature (Walther et al. 2002; Thomas 2010; Chen et al. 

2011; Cahill et al. 2012); however, using indicator species may also give us deeper 

insights into specific mechanisms underlying species distributions and abundances. 

Indicator species are organism whose presence, absences, or abundance represents a 

specific environmental conditions and may signal a change in the biological condition of 

a particular ecosystem; akin to a canary in the coal mine (Jaffe, McDonough, and Watzin 

2017). For example, climate change research has focused attention on certain organisms, 

such as the American pika (Ochotona princeps), due to the species’ sensitivity to 

extremes in temperature and non-intensive survey efforts required for study. Using 
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indicator species with well-described life histories may also facilitate the generation and 

testing of a suite of hypotheses targeting mechanisms of climatic influence. Furthermore, 

focusing on a single species allows us to investigate multiple responses (e.g., occupancy 

and abundance) simultaneously, providing insight into more-nuanced population 

dynamics, and how these responses differ across spatial and temporal scales. However, 

indicator species may not be available for all ecosystem types and may not be 

representative of all species in the community (Landres 1992), emphasizing the benefits 

of  research conducted at large extents across a wide range of biotic and abiotic 

conditions for all species of concern. 

Anthropogenic climate change will affect nearly all ecosystem types; however, 

few may be more sensitive than montane ecosystems, especially those at northern 

latitudes (Diaz, Grosjean, and Graumlich 2003; Nogués-Bravo 2009; but see Williams, 

Jackson, and Kutzbach 2007 for a review of tropical mountain systems). Average 

temperature increases for montane ecosystems are projected to be two to three times 

higher than the global average recorded over the 20th century (Nogués-Bravo et al. 2007), 

and many montane taxa have already responded to changes in climate by shifting their 

distributions to higher elevations (e.g. Sekercioglu et al. 2008; Chen et al. 2011). 

However, mountain-dwelling species might not simply follow warming temperatures 

poleward and upslope, instead shifting their distributions in heterogeneous and nuanced 

ways (Moritz et al. 2008; Rapacciuolo et al. 2014; Rowe et al. 2015). Given the already-

observed and projected change of montane-species distributions, identifying the 

mechanisms underlying species’ responses to climate is of the utmost importance. 
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Fortunately for those investigating montane ecosystems, an indicator species for 

investigating shifts in distributions and abundances already exists - the American pika 

(Ochotona princeps Richardson). Up-slope range shifts and extirpations have been most 

pronounced in the trailing edges, i.e., lower-elevation and southern-range boundaries 

(Hampe and Petit 2005) of many species’ distributions (and pikas, Beever et al. 2010, 

2011, 2016). Numerous studies have attempted to identify the mechanisms underlying 

range shifts in O. princeps; however, consensus has not arisen regarding dominant 

mechanisms (Beever et al. 2011; Erb, Ray, and Guralnick 2011; Stewart et al. 2015), and 

pika populations continue to persist in lowland areas outside of the species’ predicted 

niche due to favorable microclimates (e.g., Beever 2002; Ray, Beever, and Rodhouse 

2016; Varner et al. 2016). Due to the high rate of distributional loss across the southern 

portion of its range, O. princeps was considered for protection under the United States 

Endangered Species Act. However, the species was not listed, primarily due to lack of 

information on population abundance and trends throughout most of the species’ range 

and uncertainty about whether the patterns of extirpation and upslope range retraction 

observed in the southern half of the species’ range would hold in the northern portion of 

the species’ range (Crist 2010). Following this listing decision, Jeffress et al. (2013) 

examined the effects that local site characteristics and climate play on the distribution of 

O. princeps using a bioclimatic-gradient analysis across eight U.S. national parks. They 

found that the factors affecting pika occupancy (including measures of topographic 

position, vegetation cover, elevation, temperature, and precipitation) varied widely 

among parks. However, the strength of climatic effects seemed to be influenced by the 
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position of parks along a precipitation gradient, though they did not test this pattern 

explicitly.  

To help clarify the roles that climate and local site characteristics play on species 

distribution, we conducted a multi-scale investigation of occupancy and relative density 

for an indicator species (Ochotona princeps) along a precipitation gradient, across the 

Intermountain West, USA. By investigating patterns of occupancy and relative density 

for an indicator species using fine-grained temperature, precipitation, vegetation, water 

balance, and habitat data across a broad spatial extent, we aimed to (1) test a suite of a 

priori-hypothesized mechanisms of climatic influence using both novel as well as 

previously-used predictors, based on intimate understanding of the target species’ life-

history characteristics, (2) investigate how current climate conditions, lagged climate 

conditions, and prevailing climate conditions influence the magnitude, direction, and 

mechanisms underlying pikas’ responses to climate and (3) examine the relationship 

between the occupancy and relative density of pikas. We hypothesized that 1) across 

mountain ranges, pika occupancy and relative density would peak at moderate elevations, 

as these elevations should contain climatic conditions that represent the optimal values in 

the niche space of pikas, 2) one-year lagged climatic variables would more strongly 

correlate with the patterns of relative density than would current climate conditions, as 

population size and dispersal capabilities of pikas are contingent on the previous year’s 

conditions, and 3) occupancy and relative density would not show the same patterns 

across space and time, as occupancy more strongly reflects long-term patterns whereas 
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relative density is more indicative of short-term patterns in the metapopulation dynamics 

of O. princeps.  

 

Methods 

 

 

Indicator Species 

The American pika is a small lagomorph whose range is discontinuously 

distributed across western North America (Smith and Weston 1990). Pikas are generalist 

herbivores that typically live in high alpine environments, yet do not hibernate, enter 

torpor, or seasonally migrate. To cope with montane climates and long winters, pikas 

construct haypiles of forbs, grasses, and various other plants for use as winter forage 

(Huntly, Smith, and Ivins 1986). Pikas are talus obligates (MacArthur and Wang 1974), 

and due to the patchy distribution of talus habitat at several spatial resolutions (Beever et 

al. 2011), local population structures have become isolated (Smith 1974a). These island-

like population structures pose problems for movement and gene exchange, because the 

species has relatively poor dispersal ability  (Beever et al. 2010; Schwalm et al. 2016); 

however, recent research has shown that genetic connectivity—a proxy for dispersal 

capability—is strongly context-dependent, with greater connectivity generally occurring 

in cooler, more-moist areas (Castillo et al. 2014, 2016; Schwalm et al. 2016). Ochotona 

princeps has also been termed an indicator species for several reasons, particularly their 

poor dispersal capability, higher energetic requirements, and  narrow thermoneutral zone 

(MacArthur and Wang 1973; Beever et al. 2011), and has been shown experimentally to 

die of acute heat stress when prevented from behaviorally thermoregulating at ambient 
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temperatures as low as 25.5°C – 29.4°C (Smith 1974b). Climatic factors strongly govern 

distributions omof pikas at multiple spatio-temporal scales (Grayson 2005; Beever et al. 

2011; Erb, Ray, and Guralnick 2011; Beever et al. 2013; Jeffress et al. 2013). 

Consequently, climate change is already affecting pika distribution in several parts of 

western North America, as evidenced by local extirpations and rapid upslope range 

retraction (Beever et al. 2011; Stewart et al. 2015; Beever et al. 2016), and this trend is 

predicted to continue over most of the species’ range (Galbreath, Hafner, and Zamudio 

2009; Calkins et al. 2012; but see Schwalm et al. 2016).  

 

Study Areas 

 

We randomly selected talus patches within each of four areas that spanned a 

precipitation gradient in the Intermountain West, USA (listed from least to most 

precipitation): the Steens Mountain Wilderness (SMW), Sawtooth National Forest 

(SAW), the Absaroka-Beartooth Wilderness (ABW), and the Bitterroot and Beaverhead-

Deerlodge National Forests (BNF) (Figure 1: Map of study area). These areas constitute a 

large portion of the species’ northern geographic range, encompassing 18,195 km2 of 

land surveyed, across a domain of ~170,000 km2. Sites surveyed ranged from 1,389-

3,463 m in elevation, spanning more than 4 degrees of latitude (42.2°- 46.4°N) and more 

than 9 degrees of longitude (109.1°-118.6°W).  

 

Research Design & Site Selection 

 

Within each area, we selected 50 talus patches for survey using the Generalized 

Random Tessellation-Stratified (GRTS) algorithm (Kincaid and Olsen 2015) to obtain a 
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spatially balanced random sample of talus patches (Stevens 1997; Stevens and Olsen 

1999). This random draw was done independently for each area. To select patches, 2000 

points were drawn for each area, then each individual point was examined and selected 

for survey in the order by which it was drawn using high-resolution aerial imagery on 

caltopo.com, and all other points were discarded (i.e., each point occurring on talus-

habitat was selected as a talus patch for survey). Each “patch”, our replicate sample unit, 

was defined as all contiguous talus that is connected to other talus areas.  Talus patches 

were considered distinct (i.e., 2 patches, rather than 1) when they were separated by >25 

m of clearly non-talus habitat. To balance sampling efficiency with a desire to span 

gradients of elevation and remoteness, we created an accessibility buffer, limiting 70% of 

patches for survey to within 5 km of a road (paved or dirt), 20% of patches to within 2 

km of a trail, but >5 km from all roads, and the remaining 10% surveyed to outside of 

these buffers. Previous studies using similar methods found little to no evidence that pika 

occurrence probabilities differed strongly at varying distances from trails or roads 

(Rodhouse et al. 2010; Jeffress et al. 2013; Ray, Beever, and Rodhouse 2016). Due to 

safety concerns, we excluded all patches with slope gradient >70%. When GRTS-

selected patches did not contain pika-appropriate rock diameters (i.e., 0.2-1.0 m; Tyser 

1980) when ground-truthed, coordinates were offset in a random direction and distance ≤ 

500 m. When no appropriate habitat (i.e., scree slope, dirt patch) was present, the patch 

was dropped and replaced.  
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Field Methods 

 

 

Survey Methods. Surveys were conducted June - September, 2015 and 2016. In 

2015, 100 patches were surveyed across SMW (N= 33), SAW (N= 33), and ABW (N= 

34), and in 2016, an additional 100 patches were surveyed across SMW (N= 17), SAW 

(N=17), ABW (N=16), and BNF (N= 50). We surveyed 159 of the 200 patches only 

once; the remaining 41 patches received double-observer surveys. On warm and sunny 

days, we conducted surveys within the first and last 3 hours of the day when pikas are 

most surface-active (Moore 1987). On cooler and cloudier days, surveys were extended 

beyond (i.e., between) these time constraints. To maximize detectability of individuals of 

O. princeps, surveys were extended 0.5 hours before sunrise and after sunset at the most 

thermally-stressful patches (MacArthur and Wang 1974; Smith 1974b). We surveyed our 

lowest-elevation patches first, and highest-elevation and highest-latitude patches last, in 

order to limit differences among patches in seasonal phenology and to maximize access 

to patches. 

For each patch, surveyors started at the down-slope or up-slope edge of the patch 

and walked line transects along elevational contours (isoclines), portioned into 50-m 

segments. We tallied the number of 50-m transects walked within each patch to quantify 

search effort and calculated relative pika density as the number of individuals detected 

divided by the number of 50m transects walked per survey (sensu Beever et al. 2013). 

Transect surveys always included the bottom edge or top edge of the patch; transects 

extended the width of the patch (i.e., a single isocline could contain several transects), 

and included the lateral margins of the patch. Because pikas prefer larger, more-
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prominent rocks (Tyser 1980), visual searches focused more around these larger-diameter 

rocks. Transect isoclines were separated by 15-30 m of elevation. To more precisely 

estimate relative density of pikas and to be consistent across patches, we sought to survey 

12-16 50-m transects within each patch. For more extensive talus patches, we prioritized 

placement of transects to maximize 1) the range of elevations covered; 2) the amount of 

patch edge surveyed; and 3) the diversity of (patch) aspects included. 

Detection of individual pikas was based on visual sightings, vocalizations, and 

active haypiles recorded within a patch. Multiple evidences within 30 m of each other 

were considered the same pika individual, unless there was unequivocal evidence of 

multiple individuals (e.g., simultaneous calls) sensu Beever, Brussard, and Berger (2003). 

We recorded each unequivocal evidence of individual pikas with a handheld WAAS-

enabled GPS unit (3-7 m accuracy); this provided latitude, longitude, and elevation. Old 

hay piles were recorded as well (unless within 30 m of any evidence of current 

occupancy), and old feces and urine stains served as indicators to intensify search effort, 

but patches containing only these old evidences were considered unoccupied, as these 

indicators of pika presence may persist for years in high alpine and arid environments 

(Stewart and Wright 2012). For each surveyed patch, the patch was considered pika-

occupied if ≥1 pika was detected within the contiguous area of the patch. 

We employed double sampling with independent observers (Seber 1982) at every 

fifth patch to estimate probability of detection (p* = 1- (1-p)t), where p*= estimated 

detection probability, p = the probability of detecting an animal given that the patch is 

occupied, and t = the number of surveys. For double sampling with independent 
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observers, observer 1 walked a transect (i.e., 50-m across a single elevational isocline) 

and recorded all pikas observed. Observer 2 walked the same transect as observer 1 and 

recorded the number of pikas detected. When both observers were finished with a 

transect, the number and locations of pikas detected were compared, and any difference 

in the number of pikas detected or approximate locations of individual pikas were 

recorded as a missed detection. Observers alternated leading double-observer surveys. 

The probability of detection (p*) was estimated to be 1.00 across 41 surveys between 

June -September 2015-2016. Several other studies have also found (Beever et al. 2008, 

2010, 2011; Rodhouse et al. 2010; Erb, Ray, and Guralnick 2011) or presumed (Calkins 

et al. 2012; Jeffress et al. 2013a; Schwalm et al. 2016)  probability of detection to be high 

for O. princeps (>0.90).  

At one location within each unoccupied talus patch, and for each location where 

unequivocal pikas evidence was detected, we recorded the time of day, GPS location, 

aspect, mean patch slope (average slope across the entire vertical span of the patch), and 

number of potential home ranges (the number of 24m-diameter circles that would fit 

within the patch; to estimate habitat area) within the talus patch as well as number of 

talus patches visible (to assess potential habitat and connectivity). We also visually 

estimated the percent cover of all forbs, mosses, shrubs, trees, and graminoids (grasses, 

sedges, and rushes) within a 12 m radius of each pika detection. For each individual 

detection, we also recorded the detection type (i.e., visual sighting, vocalization, fresh 

haypile). Lastly, we recorded the date, search effort, the dimensions of the patch, the 

elevational range searched, the lowest-elevation evidence of pikas, the estimated percent 
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cover of optimal talus (0.2-1 m diameter), the estimated average talus depth across a 

patch, and the distance to the nearest road.  

 

Sensor Placement. To measure microsite temperatures, we placed remote-

temperature data loggers (HOBO pendants, model UA-001-08, Bourne, MA) 

approximately 60 cm below the talus surface at each of the 100 patches surveyed in 2015, 

regardless of pika occupancy. When we detected pika evidence at a patch, we placed a 

HOBO temperature sensor immediately adjacent to a pika haypile. If no pika evidence 

was found in a patch, we placed temperature sensors where we presumed a pika would 

inhabit (e.g., under a large, prominent rock). Sensors recorded the sub-talus temperatures 

every 2 hours for the duration of a year (1 September 2015 – 1 September 2016) before 

sensors were retrieved from the field.  To deploy a temperature sensor, rebar tie wire was 

used to secure the HOBO to a stick, rock, or bone within close proximity. The sensor was 

not allowed to touch dirt or be hit by direct sunlight (rocks were piled as need to ensure 

shading at all times of the day). The GPS location of each temperature sensor was 

recorded. For each sensor placed, we recorded the same data that would be recorded for 

an individual pika detection as well as the vertical distance of rock directly over the 

sensor, the largest diameter of the rock, and the sensor serial number. We used these 

sensor data to calculate measures of chronic and acute heat stress, chronic and acute cold 

stress, sub-lethal temperature effects, and the duration of snowpack (see Table 1 for 

description of each; and Appendix A for methods used to quantify sensor data). 
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Remotely Sensed Data 

Due to its fine spatial resolution (800 m) and its ability to perform well in regions 

of complex terrain (Daly, Neilson, and Phillips 1994; Daly et al. 2002, 2008), PRISM 

data (www.prism.oregonstate.edu) was used to quantify measures of precipitation and 

water balance for each of our 200 patches. We summarized daily PRISM data from 1 

January 2010 - 31 December 2016 to obtain PRISM measures of prevailing climate 

(averaged over 7 summers and 6 winters). We used data on prevailing climate for our 

suite of PRISM-based occupancy models in order to investigate how climate patterns 

across temporal scales influence the magnitude, direction, and mechanisms underlying 

species’ responses to climate (objective 2) and because we felt that long-term patterns of 

climate more accurately influence the metapopulation dynamics of O. princeps. PRISM 

current conditions (winter 2014/2015 and summer 2015 for patches surveyed in 2015, but 

winter 2015/2016 and summer 2016 for patches surveyed in 2016) were used for our 

sensor-based occupancy and density models, as well as the PRISM-based density model 

suite. These metrics again tested objective 2, and matched the time period for which 

sensors collected temperature data. Lastly, a 1 year lag (winter 2013/2014 and summer 

2014 for patches surveyed in 2015, but winter 2014/2015 and summer 2015 for patches 

surveyed in 2016) was also used for our PRISM-based models of relative density, in 

order to compare their ability to predict density against that of current climate conditions. 

Both current climate conditions and a 1-year lag were used because we felt that density 

more accurately reflected short temporal turnover (objective 2). Comparable measures of 

temperature (from PRISM), and duration of snowpack (from SNODAS) which match 

http://www.prism.oregonstate.edu/
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time-periods from sub-talus sensors were also obtained to supplement fine-grained 

temperature and snow data at the 100 patches surveyed in 2016 that did not have 

temperature sensors (see Table 1 for specific measures of temperature, and Tables 9 and 

10 in Appendix C for raw data values for all predictor variables). 

 Measures of climate-water deficit (CWD) were used to quantify water stress, as 

previous research has suggested that CWD serves as an effective control on vegetation 

types (Cornwell et al. 2012). CWD quantifies the drought stress on soils and plants as the 

amount of water by which potential evapotranspiration exceeds actual evapotranspiration; 

or more simply put, the amount of additional water that would have evaporated from 

plants had it been present in the soils (Stephenson 1998). Lastly, measures of maximum 

and mean Normalized Difference Vegetation Index (NDVI) from MODIS were obtained 

from http://clim-engine.appspot.com to quantify levels of live green vegetation (see Table 

1; and Appendix B for methods quantifying remotely sensed data). 

 

Analytical Methods 

 

In order to assess pika occupancy and relative density across the ecoregional area, 

we used an information-theoretic framework to evaluate four model suites of hypothesis-

derived a priori models with combinations of temperature, precipitation, water balance, 

vegetation, and other habitat characteristics (Table 1). We used AICc (corrected for small 

sample size) as the information criterion to compare evidence in support of our 

competing models (Burnham and Anderson 2003). Following previous methods (Beever 

et al. 2013) and in an effort to more clearly discriminate the controls on pika occupancy 

from the factors controlling density among occupied patches, we omitted unoccupied 

http://clim-engine.appspot.com/
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patches from our analysis of relative density. In our initial data exploration, a saturated 

model was fitted and compared to a null model using a likelihood-ratio test (Stuart and 

Ord 2010), and strong evidence was found for the saturated model. Additional data 

exploration and plots showed that all model assumptions were met for using logistic and 

linear regressions for analyses of pika occupancy and relative density, respectively. All 

covariates were centered and standardized with a z-score standardization. Explanatory 

variables with correlations ≥ 0.7 were not included in the same model.  To detect 

multicollinearity, we applied variance inflation factors (VIF) to all models, and excluded 

the covariates with the highest VIFs until the remain set of covariates had VIFs >4 (Davis 

et al. 1986). Akin to Beever et al. (2013), relative density (log-transformed for normality) 

was regressed against a suite of models having different combinations of explanatory 

variables using least-squares linear regression. Our PRISM-based analyses for occupancy 

and relative density consisted of 200 patches. Sensor-based analyses for occupancy and 

relative density consisted of the 94 patches with completed sensor time-series, and used 

only current-climate predictors. We modeled occupancy using logistic regression.  We 

examined each model suite for uninformative parameters (i.e., models ≥ 2 ∆AICc units 

from a simpler model only differing by 1 parameter) and removed them from the model 

suite, because these uninformative parameters did not explain enough variation to justify 

their inclusion in the model (Arnold 2010). All analyses were performed in R, version 

3.2.2 (R Development Core Team 2015). 
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Results 

 

 

Detectability 

We detected pikas at 69% of sites surveyed in 2015 and at 83% in 2016 (See 

Table 2). Relative density for occupied patches in 2015 was 0.588 pikas per 50m-

transect, and 0.413 in 2016. Double counts, performed at 41 patches across 2015-2016, 

suggested that detectability of pika individuals by our two most-experienced observers 

ranged between 98.82%-99.13% and 94.28%-98.78% by less-experienced observers. The 

formula used to estimate detectability of individual pikas was taken from (Skalski, 

Ryding, and Millspaugh 2010). In which, the probability that observer 1 will detect a pika 

is P1=N12/(N2 + N12) where N12 is the number of individuals that both observer 1 and 2 

had detected and N2 is the number of individuals detected only by observer 2. This same 

equation was also done for the second observer. Given these individual detection rates, 

and our high probability of detection at a patch (i.e., n = 0 of 41 patches differed in 

occupancy status, between the double observers), we assumed a census of each patch and 

did not adjust counts.  

 

Quantifying Predictors of Pika Occupancy 

 

Our top models from our multiple-logistic analysis of O. princeps occupancy, 

(using an information-theoretic framework of multiple competing hypotheses) across our 

sensor-based and PRISM-based model suites, indicated similar factors as the most 

important for predicting pika occupancy. Specifically, temperature, water balance, and 

precipitation each had consistent directionality of effect in 96.4% of all occupancy 
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models (Table 3).  When ranking predictors by average variable weight (summed Akaike 

weight (wj)/ number of models with variable j), average winter temperatures and climate 

water deficit (CWD) were consistently top predictors of occupancy (Table 4). In our 

sensor-based analysis, average winter temperature for either a three- (DJF) or five-month 

period (NDJFM) was found in all models with substantial (ΔAICc < 2) or considerable 

(ΔAICc < 4) support (Burnham and Anderson 2003), and these ranked as our top two 

predictors by average variable weight. CWD ranked third, having comparable (i.e., 

difference of <0.01) average variable weight per model, and these three predictors had 

more than three times the average variable weight per model than the next-best predictor 

(Table 4). CWD was found in the top model for both our sensor- and PRISM-based 

analyses. However, in our PRISM-based model suite, CWD ranked first, having nearly 

twice as high a variable weight as the next-best predictor. Again, average winter 

temperature was a top predictor, by average variable weight. Additionally, two measures 

of in-situ habitat complexity (talus depth and the number of home ranges) were found 

important in our PRISM-based analysis (Tables 4 and 6).  

Top models from both analyses of occupancy substantially outperformed the null 

model (which was 27.1-38.9 ΔAICc below the top model) with 79% of sensor-based 

models and 86% of PRISM-based models ranked above the null model (Table 3). 

Contrary to our expectations, the effects of average winter temperature and other cold 

stresses on occupancy were in the opposite direction of what we hypothesized, indicating 

decreasing occurrence probability with increasing winter temperature (Figure 2 and 3). 

When examining time series of individual sensors, we found that temperatures at 53% of 
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patches never reached low enough thresholds (≤ -10 °C) to be considered thermally 

stressful to pikas ( Smith 1978; Smith and Ivins 1983; Beever et al. 2010; Wilkening et 

al. 2011). Furthermore, only 9.57% of sensors read stressful temperatures for >10% 

during the cold season (November – March). CWD and occupancy showed the 

relationship we expected, with increasing drought lowering occurrence probabilities. 

Surprisingly, elevation never ranked as a top variable by average variable weight; 

however, we observed the minimum elevation of occupancy decreasing with increasing 

precipitation, indicating that precipitation may influence the lower elevational bounds of 

pika occupancy (see Appendix D for univariate occupancy models and model 

performance).  

 

Quantifying Predictors of Pika Relative Density 

 

Among our pika-occupied sites, top models for both the sensor- and PRISM-

based analyses were equivalent to one another (Table 5). Our linear regression analysis of 

relative density suggested that average winter temperature was again important (i.e., 

occurring in 8 of the 15 top models for our sensor-based analysis, and in the top model 

for PRISM-based analysis; Table 5). However, when ranking variables by average 

variable weight per model, a new measure (field-measured percent cover of graminoids) 

emerged as the top-ranked predictor in both model suites. In our sensor-based analyses, 

average winter temperatures for three- or five-month periods ranked as the second- and 

third-predictors, followed by another measure of vegetation (field-measured percent 

cover of shrubs), and finally CWD. Average variable weights per model were comparable 

(i.e., difference of < 0.01) for graminoid and December-February average winter 
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temperature; the other four top-ranked predictors were slightly lower (Table 6). We found 

a much smaller number of plausible (ΔAICc < 4) models (3 versus 15) for our PRISM-

based analysis, compared to the sensor-based analysis. Percent graminoid cover appeared 

in all three plausible models, and ranked as the highest predictor by average variable 

weight, over twice as high as November-March average winter temperature and CWD. 

Top models from both analyses again outperformed the null model (which was 5.74 – 

13.54 ΔAICc below the top model), with 53% of sensor-based models and 73% of 

PRISM-based models ranking above the null model.  

 

The Link Between Occupancy and Relative Density 

 

When comparing top models for both pika occupancy and relative density across 

our four analyses, we found temperature, water balance, and precipitation to be strong 

predictors of both occupancy and relative density (Tables 3 and 5). Akin to occupancy 

analyses (96.4% of models), predictors had consistent directionality of effect in 

temperature and precipitation in 97.4% of models. Specifically, average winter 

temperatures and climate water deficit ranked as top predictors in all four analyses, 

comprising 11 of the 19 top predictors (Tables 3, 4, 5 and 6), and always ranked within 

the top-two best predictors by average variable weight. Besides percent graminoid cover, 

none of the other seven top predictors by average variable weight ever appeared as a top 

predictor in more than one of the four model suites, and only ranked among the top three 

in our PRISM-based occupancy model suite, indicating that they are consistently less 

important (compared to average winter temperature, CWD, and percentage cover of 
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graminoids). Measures of habitat complexity appeared important in our PRISM-based 

analysis of occupancy.  

 

Temporal Scales 

 

Sensor-based analyses using current climate conditions were similar to those 

PRISM-based analyses using prevailing climate (occupancy) and a 1-year lagged climate 

(relative density; Figures 2 and 3, Tables 3, 4, 5, and 6), indicating that patterns of 

occupancy and relative density may not vary much across temporal scales. As described 

above, our top models and top-ranked predictors of pika occupancy between current 

climate conditions and prevailing climate conditions found similar patterns (see 

Quantifying Predictors of Pika Occupancy above). When analyzing relative density using 

all predictors with a 1-year lag, neither the identity nor the rank of any of the most-

plausible (∆AICc < 4) models, nor the identity or rank of the predictors with the strongest 

variable weights, changed (See Tables 7 and 8 for top-ranked models and predictors 

using 1-year lagged data). 

 

Discussion 

 

 

Using an indicator species with a well-described life history, we tested of a suite of 

hypotheses targeting mechanisms of climatic influence to better understand how montane 

species may be responding to contemporary climate change. Numerous studies have 

attempted to understand the mechanisms by which climate affects species’ distributions 

and abundances; however, scant few have shown a clear relationship between an aspect 

of climate and either extirpations or abundances (Cahill et al. 2012). Our results yielded 
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unexpected insights into the climatic controls that can most strongly govern species 

distributions and abundances. Contrary to our expectations, measures of average winter 

temperature and other cold stresses were negatively associated with species distributions 

and abundances, indicating that both pika occurrence probabilities and relative density 

increased with colder winter temperatures. Additionally, measures of climate-water 

deficit (CWD) were negatively associated with species distributions and abundances, a 

mechanism rarely examined for animal species in montane communities, suggesting that 

increasing soil drought may lower occurrence probabilities and relative density.  

 

Quantifying Predictors of Pika Occupancy 

 

 

Average Winter Temperature. Top models for pika occupancy across both our 

sensor-based (β= -0.555, 95% CI = -0.0851 to -0.321) and PRISM-based analyses (β= -

0.497, 95% CI = -0.704 to -0.312) suggested that average winter temperature is 

important, with colder temperatures being associated with higher probabilities of 

occupancy. Previous findings have suggested the importance of temperature, with 

species’ sensitivity to extreme temperatures (both hot and cold) driving major 

distributional patterns across the southern portion of the species’ range (Smith 1974b; 

Beever et al. 2010, 2011, 2013). However, extremes in winter temperature and other cold 

stresses did not appear to limit the distribution of pikas, with both occurrence 

probabilities and density showing a positive relationship with increasingly cold 

temperatures. We found that a majority of our individual sensor time-series never reached 

low-enough thresholds (≤ -10 °C) to be considered thermally stressful winter 
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temperatures (Beever et al. 2011), and those patches that could be considered thermally 

stressful (i.e. the largest number of sensor readings ≤ -10 °C , and the coldest average 

winter temperatures for a five month period (NDJFM)) were all occupied (N=16).  

The limited number of times temperatures dropped below the physiological 

tolerances of pika could suggest mediation of cold stress via snowpack. However, sensor 

snow days (the number of days a sensor was insulated by snow cover, quantified as any 

period in which a sensor recorded temperatures that varied ≤ 2 °C within a diel cycle) 

was only found in one model with considerable or substantial support, and the sign of the 

predictor’s coefficient varied across the model suite. Additionally, only two of our eleven 

patches with the highest rates of extremes in cold were within our top 20% of longest 

durations of sensor snow days. These results suggest that the sub-talus temperatures 

recorded for the winter of 2015-2016 rarely dropped below a thresholds to be considered 

thermally stressful. While the winter of 2015-2016 was the warmest winter on record for 

the contiguous United States (Samenow 2016), these results may foreshadow how 

montane species may respond to future climate conditions. If warming rates continue at 

their current trajectories, species distributions will likely shift rapidly (Chen et al. 2011), 

and many species unable to adapt will likely become extinct (Root et al. 2003). 

Additionally, mechanisms of climate influence that have historically limited species 

distributions and abundances (i.e., extreme cold temperatures in montane species) may no 

longer reach thresholds low enough to limit species; and differences in ecological 

attributes and life histories may lead many montane species to respond differently to the 

same changes in climate. Regardless, this relationship between pika occurrence 
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probability and average winter temperatures could also represent the context 

dependencies of pikas responses to climate previously described by Jeffress et al. (2013), 

in previously unexamined sections of the northern part of the species range.  

 

Climate Water Deficit. As values of CWD increased (increasing soil drought), the 

probability of pika occupancy decreased. This relationship keeps with our expectations, 

however, we did not expect CWD to be such a strong predictor of pika occupancy (see 

Figures 4 and 7 in Appendix D), given that its importance for animal species has received 

little attention. CWD quantifies the drought stress on soils and plants, with increasing 

values indicating greater drought stress. Previous research suggests the importance of 

climate-water balance for plant species distributions, with unexpected downhill shifts in 

plant species over the 20th century and recent forest mortality likely tracking changes in 

water balance (Crimmins et al. 2011; Das et al. 2013). This could represent water stress 

as an important driver of food quality, as pikas have been suggested to gain most of their 

water via metabolic water (Martin 1982). However, across both analyses of occupancy, 

vegetation was weakly to not predictive of pika distribution (See Figures 2 and 3). 

Measures of CWD might also reflect the mediating effect of precipitation on heat stress 

suggested by Jeffress et al. (2013), in which low mean annual precipitation was a 

common characteristic of places where heat stress negatively influenced pika occurrence 

probabilities. In our analysis, growing season precipitation was not found in any of our 

top models, but odds ratios and associated 95% confidence intervals (Figures 2 and 3) 

showed a strong positive relationship between occurrence probabilities and increasing 

growing season precipitation (Figures 2 and 3; Figures 12 and 13 in Appendix D), 
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lending support to the possibility that precipitation may mediate the heat stress 

experienced by pikas.   

The relationships between CWD and species distributions may be important for 

predicting shifts in distributions under climate change. For instance, animals expected to 

follow warming temperatures upslope or poleward may instead track changes in 

vegetation due to water balance downslope (Crimmins et al. 2011). However, both 

temperature and water balance likely act on species simultaneously, and this could cause 

species’ distributions to retract both upslope and downslope concurrently, narrowing the 

available niche space, and leading to an increased risk of extinction. These same negative 

relationships observed between pika distributions and CWD were also observed for our 

measures of relative density.  As such, we suggest measures of CWD be incorporated into 

future work relating to climate change.  

 

Habitat Complexity. Measures of talus depth and the number of potential home 

ranges were both positively associated with increasing pika occurrence probabilities in 

our PRISM-based analysis of occupancy. The positive occupancy-depth relationship 

likely indicates the presence of favorable microrefugia conditions (Dobrowski 2011) that 

allow pika to persist on a patch (Beever 2002; Rodhouse et al. 2010; Varner and Dearing 

2014; Ray, Beever, and Rodhouse 2016; Schwalm et al. 2016). Occupancy also increased 

with the number of home ranges present (Figure 5 in Appendix D). Increasing home 

ranges may facilitate increased probability of persistence by providing more high-quality 

territories within a patch (See Appendix D for univariate occupancy models and model 

performance).  
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Quantifying Predictors of Pika Relative Density 

 

Top models from both our sensor- and PRISM-based analyses of relative density 

indicated declines in relative density with increasing average winter temperature (β = -

0.0557, 95% CI = -0.0997 to -0.0116) and increasing CWD (β = -0.000592, 95% CI = -

0.0012 to -7.575e-10). These two relationships were similar to the patterns observed for 

occupancy. Average winter temperature again contradicted our expectations, as we 

predicted relative density to decrease with increasingly cold temperatures. The decline in 

relative density associated with increasing values of CWD kept with our expectation, but 

we did not expect a measure of soil and plant drought to be one of our best predictor of 

relative density, given that its importance for animal species has received little attention. 

Both of these variables are discussed in detail above in Quantifying Predictors of Pika 

Occupancy.  

 

Percent Cover of Graminoids. Our top models across both our sensor-  (β = 

0.00688, 95% CI = -0.00436 to -0.0181) and PRISM-based (β = 0.00866, 95% CI = 

0.00115 to 0.0162)  analyses of relative pika density were positively associated with 

percent cover of graminoids (gasses, sedges, and rushes). Local measures of vegetation 

have previously been found important for O. princeps occupancy (Huntly, Smith, and 

Ivins 1986; Rodhouse et al. 2010;  Erb, Ray, and Guralnick 2011; Wilkening et al. 2011;  

Ray, Beever, and Rodhouse 2016;) and relative density (Erb, Ray, and Guralnick 2014); 

however, they only occurred as a top predictor in our analysis of relative density. 

Graminoid and forb cover can be negatively and positively associated, respectively, with 

pika occurrence probabilities (Huntly, Smith, and Ivins 1986; Dearing 1997; Rodhouse et 
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al. 2010; Wilkening et al. 2011; Jeffress et al. 2013). By contrast, we observed no 

relationship between occurrence probabilities and vegetation, and a positive relationship 

between percent cover of graminoids and relative density (Figure 2 and 3). High levels of 

graminoids have been suggested to reflect xeric sites conditions (Wilkening et al. 2011; 

Ray, Beever, and Rodhouse 2016); however, given the patterns we observed with CWD, 

temperature, and our metric of xeric site conditions (i.e., average percent cover of 

graminoids and shrubs), we found no evidence for this. Our results could simply reflect 

the dietary plasticity displayed by O. princeps (Varner and Dearing 2014a) or the context 

dependencies of pikas’ responses to climate described by Jeffress et al. (2013). These 

patterns may also reflect differences in the way in which data were collected between 

these studies. For example, previous work has suggested that plant abundance and species 

richness increase with distance from the talus patch due to selective foraging by pikas 

when choosing vegetation for haying (Smith and Weston 1990). We used the estimated 

percent cover of five vegetation types (graminoid, forbs, shrubs, trees, and moss) within a 

12 m radius of all pika detections, suggesting that our metrics of vegetation may be more 

representative of the five vegetation types present in the pika occupied portions of the 

talus patch. Meanwhile, Wilkening et al. (2011) and Huntly, Smith, and Ivins (1986) used 

transect surveys to estimate vegetation, and Rodhouse et al. (2010) and Jeffress et al. 

(2013) assigned vegetation to Daubenmire’s (1959) cover class scheme. These 

differences in data collection could lead to vastly different classifications of the 

vegetation available for forage, and thus differences in the patterns we observed. 
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Temporal Scales 

 

 When comparing top models between our two sensor-based analyses (current 

climate conditions) and our two PRISM-based analyses (prevailing climate conditions, 

and 1-year lagged conditions), we found the same mechanisms governing pika 

distribution (average winter temperature and CWD) and relative density (percentage 

cover graminoids, average winter temperature, and CWD) across temporal scales. 

Surprisingly, we found no effect of a lagged climate. This could simply reflect that the 

measures of current climate conditions were highly similar to the previous year’s 

conditions. However, we may not be examining over a long enough time-period to detect 

a response to a lagged climate, or pikas may not respond to lags in climate. To further our 

investigation of temporal lags, additional analyses will be needed.  

Top models and variables varied in importance with the spatial resolution of data 

collected, and the temporal scale with which they were examined. For instance, in our 

sensor- based analysis, pika occupancy decreased with average winter temperature. This 

measure of average winter temperature has considerably finer spatial resolution than the 

comparable measures obtained from PRISM, and this increased resolution may explain 

its higher rank within the model suite. In contrast, in our PRISM-based analysis that used 

coarser-resolution metrics of temperature, all of the temperature-related predictors were 

>7.5 times less predictive of pika occupancy than was CWD (Table 4). Both CWD and 

average winter temperature were found important, in top models, across both analyses, 

and are likely the driving mechanisms governing pika distributions. However, changing 

the resolutions and scales with which we examine these data may have influenced their 
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ranks within model suites, indicating the need for additional analyses, and highlighting 

the benefit of high-resolution data sets that are extensive in time and space for 

investigating the mechanisms underlying the effects of climate on species distributions 

and abundances (Root and Schneider 2006; Parmesan 2006; Beever et al. 2011). 

 

Conclusions 

 

 

 Our investigation of an indicator species’ response to contemporary climate 

change yielded unexpected insights into the climatic controls underlying pika 

distributions and abundances. Using a fine-resolution data set across a broad spatial 

extent, measures of CWD and average winter temperature consistently predicted pika 

distributions and relative density. The relationships observed between average winter 

temperatures, pika distribution, and relative density contradicted our expectations, with 

many patches surveyed never reaching cold enough temperatures to be considered 

thermally stressful for pika. While the winter of 2015-2016 was the warmest on record 

for the contiguous United States, (Samenow 2016) these lack of cold temperatures may 

foreshadow future climate conditions, and indicate an accelerating rate of warming that 

outpaces previous findings. If warming rates continue at their current trajectories, pika 

distributions will likely shift rapidly and many species unable to migrate, adapt, or 

accommodate altered climatic conditions through adaptive capacity (sensu Nicotra et al. 

2015) will likely become extinct. The negative relationship between pika occupancy, 

relative density, and CWD revealed an interesting mechanism by which climate may act 

on animal species. This measure of soil drought has gained little attention in relationship 
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to animals’ responses to contemporary climate change, and may provide insight into a 

new mechanism by which climate may shift species distributions and abundances. 

However, given the strength with which it predicted pika distributions and abundances, 

we argue that future studies investigate this previously unrecognized mechanism. Our 

study highlights how geographically-extensive research conducted at fine temporal and 

spatial scales may offer important insights into how climate acts on animal species. We 

hope that results of this study will increase our basic understanding of wildlife responses 

to climate changes across precipitation gradients, and inform management decisions and 

conservation planning.  
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Table 1. A list of all mechanisms of climatic influence considered, the predictor variables 

used for modeling these mechanisms, and how these predictors are defined. The left hand 

column lists the mechanisms of influence by which climate may act on O. princeps. The 

middle column lists the predictors, by the mechanisms of climatic influence it represents, 

used in our range-wide analysis of occupancy and relative density. The right hand column 

defines all predictor variables. Bolded predictors indicate that a log-transformation was 

performed prior to our regression analyses, to reduce skew in the data of the predictor. 

Predictors with * used measures of current climate conditions, prevailing climate, and 1-

year lagged climate, depending on the analyses they were used in.  

 

 

 

 

 

Mechanism of Climate  Predictor Definition  

Acute Heat Stress Sensor AHS 20 Total number of sensor readings ≥ 20° C 

   

Chronic Heat Stress Sensor CHS JJA Average summer temperature from sensor for June-August 

 PRISM CHS JJA* Average summer temperature from PRISM for June- August 

   

Sub-Lethal Heat Stress Sensor Hot Run The largest number of consecutive senor readings ≥ 20° C 

 PRISM Hot Run* The largest number of consecutive days ≥ 20 ° C 

   

Acute Cold Stress Sensor ACS 10 Total number of sensor readings ≤ -10°C 

 Sensor ACS 5 Total number of sensor readings ≤ -5°C 

   

Chronic Cold Stress Sensor CCS NDJFM Average winter temperature from sensor for November- March 

 Sensor CCS DJF Average winter temperature from sensor for December- February 

 PRISM CCS NDJFM* Average winter temperature from PRISM for November- March 

 PRISM CCS DJF* Average winter temperature from PRISM for December- February 

   

Sub-Lethal Cold Stress Sensor Cold Run The largest number of consecutive sensor readings ≤ -5 

 PRISM Cold Run* The largest number of consecutive days ≤ -5°C 

   

Plant-Mediated Gram  Average % cover of all graminoid species within a patch 

 Forb Average % cover of all forb species within a patch 

 Tree Average % cover of all tree species within a patch 

 Shrub Average % cover of all shrub species within a patch 

 NPP Average % cover of all plant species within a patch 

 Mesic Average % cover of all forb and tree species within a patch 

 Xeric Average % cover of all graminoid and shrub species within a patch 

 Chem Average % cover of all plant species  higher in secondary compounds (forbs, 

shrubs, and tress) within a patch 

 Gram:Forb Ratio of graminoid cover to forb cover 

 Gram:Chem Ratio of graminoid cover to cover of all other plants species higher is secondary 

compounds (forbs, shrubs, and tress) within a patch 

 Xeric:Mesic Ratio of graminoid and shrub cover to cover of forbs and tress, reflecting the 

vegetation complex within the site (Ray et al. 2016) 

 Mean NDVI MODIS mean normalized difference vegetation index  

 Max NDVI MOIDS max normalized difference vegetation index 

   

Precipitation  Grow PPT* Growing season precipitation from PRISM for April - September 

 Annual PPT* Annual precipitation from PRISM  

   

Duration of Snowpack SNODAS Days Number of days a patch has snow cover from SNODAS 

 Sensor Snow Number of days sensor temperatures varied < 2 ° C, indicating sensor was insulated 

by snow cover (Beever et al. 2011) 

   

Water Stress CWD* Climate Water Deficit: the amount of water by which potential evapotranspiration 

exceeds actual evapotranspiration  

   

Habitat Complexity Solar Insol Potential solar insolation: sine(slope) x cosine(aspect) 

 Talus Depth The estimated average talus depth across a patch 

 Largest Diameter The largest straight line diameter that could be fit through a rock  

 Area Total area of talus in m2 

 HomeRng Total number of potential home ranges within a patch  

 Elev Averaged elevation of pika detections across a patch  
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Table 2. Descriptions of occupancy, relative density, sample size and habitat characteristics 

for each of the four study areas. (a) The percentage of pika-occupied patches, per mountain 

range, by year and averaged across both years, and the lowest elevation of occupancy. (b) 

The sample size for each study area, by year. (c) The relative density per 50m-transect 

walked, averaged across both years. (d) The total area of each study area that sites were 

selected from [or across], and the broad classification of growing season precipitation of 

each. Study areas included the Bitterroot and Beaverhead-Deerlodge National Forests 

(BNF), Absaroka-Beartooth Wilderness (ABW), Sawtooth National Forest (SAW), and 

Steens Mountain Wilderness (SMW).  

 

 

 

 

 

 

 

 

Areas sampled:  BNF ABW SAW SMW Average 

(a) Occupancy by year       

2015  NA 91.1% 84.8% 30.3% 69.0% 

2016  86.0% 81.3% 88.0% 70.6% 83.0% 

2015-2016 average  86.0% 88.0% 86.0% 44.0% 76.0% 

Lowest Elev. Of Occupancy 

(m) 

1462 1688 1772 1819  

(b) Sample Size by year      

2015  0 34  33 33  

2016 50 16  17 17  

(c) Relative Density       

Average Relative Density 0.466 0.505 0.597 0.318  

(d) Habitat Characteristics       

Area (km2) 6,390 5,868 3,977 1,960 Total Area  
18,195 

Growing-Season 

Precipitation 

High Moderately 

High 

Moderately 

low 

Low  
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Table 3. Logistic-regression results from (a) the sensor-based analysis of occupancy of O. 

princeps at the 94 sites surveyed in 2015 with complete sensor time series, and (b) 

PRISM-based analysis of occupancy of O. princeps at 200 sites surveyed in 2015-2016, 

with substantial (ΔAICc < 2, Burnham & Anderson (2003)) or considerable (ΔAICc < 4) 

support. The AICc value of a model represents the fit of data to the model while 

penalizing 2 AICc units for each parameter in the model.  ΔAICc denotes the difference in 

AICc between a given model and the top-ranked model. K denotes the number of 

estimated parameters in the model. Akaike weight (wi) of each model represents the 

strength of evidence in support of a given model relative to all other models in the model 

suites, and sums to 1, providing a scale on [or “by”] which to interpret AICc scores 

(Burnham & Anderson 2002). The evidence ratio is quantified as w0/wi, where wo is the 

Akaike weight of the top model, and wi is the Akaike weight of model i. 

 

 

 

 

 

 

Model AICc ∆AICc K wi Evidence 

Rato-1 

(a) Sensor-based occupancy (N = 94)      

Sensor CCS NDJFM + CWD 92.69 0.00 3 0.261 1.000 

Sensor CCS NDJFM 93.14 0.46 2 0.207 0.795 

Sensor CCS DJF 93.41 0.73 2 0.181 0.694 

Sensor CCS NDJFM + Sensor Snow 94.52 1.83 3 0.104 0.399 

Sensor CCS NDJFM + Sensor AHS 20 94.85 2.16 3 0.088 0.339 

Sensor ACS 10 + Sensor DJF CCS 94.98 2.29 3 0.082 0.317 

Sensor CCS NDJFM + Elev + Elev2 96.11 3.42 4 0.047 0.180 

Null  

 

119.77 27.08 1 0.000 0.000 

(b) PRISM-based occupancy (N = 200)      

CWD + HomeRng 185.80 0.00 3 0.480 1.000 

PRISM CCS NDJFM + Talus Depth 188.21 2.41 3 0.144 0.300 

CWD +  PRISM Cold Run 188.61 2.81 3 0.118 0.245 

CWD + Talus Depth 188.88 3.07 3 0.103 0.215 

Null  224.73 38.93 1 0.000 0.000 



  33 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

Predictor wj wj/model # of  

Positive 

Coeff  

# of 

Negative 

Coeff 

Coeff 

CV 

(a) Sensor-based occupancy (N = 94)      

Sensor CCS NDJFM 0.708 0.141 0 5 0.1086 

Sensor CCS DJF 0.264 0.132 0 2 0.0789 

CWD 0.262 0.131 0 2 0.4379 

Sensor ACS 10 0.083 0.041 1 1 3.7727 

Sensor AHS 20 0.110 0.016 0 7 0.3814 

      

(b) PRISM-based occupancy (N = 200)      

CWD 0.759 0.190 0 4 0.0759 

HomeRng 0.533 0.089 6 0 0.1719 

Talus Depth 0.248 0.035 7 0 0.4351 

PRISM CCS NDJFM 0.225 0.025 0 9 0.1322 

PRISM Cold Run 0.119 0.015 8 0 0.2571 

Table 4.Summed Akaike weights (wj), also known as the variable weight, and 

average Akaike weights per model, number of models in which the variable had 

positive or negative coefficients, and coefficient CV across the fitted coefficients 

for each predictor variable. 
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(Wherry 1931) 

 

 

 

Model AICc ∆AICc K wi Evidence 

Rato-1 

Adjusted R2 

(a) Sensor based relative density (N = 64)       
Sensor CCS NDJFM + Gram 158.80 0.00 4 0.127 1.000 0.120 

Sensor CCS DJF 159.52 0.72 3 0.089 0.698 0.092 

Sensor CCS DJF + Gram + CWD 159.72 0.92 5 0.080 0.632 0.125 
Sensor CCS NDJFM 160.12 1.32 3 0.066 0.518 0.084 

Sensor Hot Run  160.52 1.72 3 0.054 0.423 0.078 

Gram 160.65 1.85 3 0.050 0.396 0.076 
Sensor CCS DJF + Sensor Snow 160.70 1.90 4 0.049 0.386 0.093 

Shrub 160.81 2.01 3 0.047 0.367 0.074 

Sensor CCS NDJFM + Elev 160.84 2.04 4 0.046 0.360 0.119 
Gram + CWD 160.92 2.12 4 0.044 0.346 0.090 

Sensor CCS NDJFM + Sensor ACS -10°C 161.18 2.38 4 0.039 0.304 0.086 
Sensor CCS NDJFM + CWD 161.49 2.69 4 0.033 0.260 0.082 

NPP 162.06 3.26 3 0.025 0.196 0.056 

Sensor Hot Run 20 °C + Elev 162.07 3.27 4 0.025 0.195 0.073 

Elev 162.34 3.54 3 0.022 0.170 0.051 

Null  164.54 5.74 2 0.008 0.057  

       

(b) PRISM based relative density (N = 151)       

Gram + PRISM CCS NDJFM 341.62 0.00 4 0.381 1.000 0.099 

Gram + CWD 341.92 0.30 4 0.328 0.861 0.097 
Gram 344.05 2.43 3 0.113 0.296 0.078 

Null 355.16 13.54 2 0.000 0.001  

Table 5. Linear-regression results of O. princeps from the (a) sensor-based analysis of 

at the 94 sites surveyed in 2015 with complete sensor time series, and (b) PRISM-based 

analysis of relative density of O. princeps at 200 sites surveyed in 2015-2016. Models 

with substantial (ΔAICc < 2, Burnham & Anderson (2003)) or considerable (ΔAICc < 

4) support are listed. Adjusted R2 was calculated using Wherry’s Formula (Wherry 

1931) and estimates the proportion of variance explained by the true regression 

equation of the population coefficient of determination. All other column headers are 

defined in Table 3a. 
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Table 6. Summed Akaike weights (wj), also known as the variable weight, and average 

Akaike weights per model, number of models in which the variable had positive or 

negative coefficients, and coefficient CV across the fitted coefficients for each predictor 

variable. 

 

 

Table 7. Linear-regression results of relative density of O. princeps from the PRISM-

based analysis of 1-year lagged at the 200 sites surveyed in 2015-2016. Models with 

substantial (ΔAICc < 2, Burnham & Anderson (2003)) or considerable (ΔAICc < 4) 

support are listed. Adjusted R2 was calculated using Wherry’s Formula (Wherry 1931) 

and estimates the proportion of variance explained by the true regression equation of the 

population coefficient of determination. All other column headers are defined in Table 3.  

 

 

 

Predictor wj wj/model # of  

Positive 

Coeff 

# of  

Negative 

Coeff 

Coeff 

CV 

(a) Sensor-based relative density (N = 64)      

Gram 0.302 0.075 4 0 0.1493 

Sensor CCS DJF 0.218 0.073 0 3 0.1706 

Sensor CCS NDJFM 0.339 0.049 0 7 0.2514 

Shrub 0.047 0.047 0 1 NA 

CWD 0.172 0.043 0 4 0.3654 

Sensor Hot Run 0.078 0.039 0 2 0.1869 

      

(b) PRISM-based relative density (N = 151)      

Gram 0.821 0.274 3 0 0.0585 

PRISM CCS NDJFM 0.396 0.079 0 5 0.1514 

CWD 0.351 0.070 0 5 0.1941 

Model AICc ∆AICc K Akaike 

weight 

Evidence 

Rato-1 

Adjusted 

R2 

PRISM based relative density 1-year lag (N =151)       

Gram + PRISM CCS NDJFM 338.85 0.00 4 0.490 1.000 0.115 

Gram + CWD 341.55 2.70 4 0.127 0.259 0.099 

Null 355.16 16.31 2 0.000 0.000  
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Figure 1. Showing PRISM 30-year (1981-2010) normal precipitation for June, in relation 

to our four study areas: (1) Steens Mountain Wilderness (SMW), (2) Sawtooth National 

Forest (SAW), (3) Absaroka-Beartooth Wilderness (ABW), and (4) Bitterroot and 

Beaverhead-Deerlodge National Forests (BNF).  

Predictor wi wi/model # of Positive 

Coeff 

# of Negative 

Coeff 

Coeff 

CV 

PRISM  based relative density 1-year lag N =151      

Gram 0.687 0.172 4 0 0.1012 

PRISM CCS NDJFM 0.574 0.115 0 5 0.1177 

CWD 0.148 0.030 0 5 0.4048 

1 

2 

3 
4 

Table 8. Summed Akaike weights (wj), also known as the variable weight, and average 

Akaike weights per model, number of models in which the variable had positive or 

negative coefficients, and coefficient CV across the fitted coefficients for each predictor 

variable. 
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Figure 2. Odds ratios and associated 95% confidence intervals for all variables used in 

our sensor-based analysis of pika occupancy (N=94). PV represents the associated p-

value of each individual variable. All variables used represent current climate conditions.  
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Figure 3. Odds ratios and associated 95% confidence intervals for all variables used in 

our PRISM-based analysis of pika occupancy (N=200). PV represents the associated p-

value of each individual variable. All variables used represent prevailing climate 

conditions.  
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For each location, we calculated summaries for each year of several temperature-

related predictors that we hypothesized would influence pika occupancy and relative 

density (Table 1). These included measures of mean seasonal temperature during 

climatological winter (Dec-Feb), the cool season (Nov-Mar), and climatological summer 

(Jun-Aug), across all times of the day; the number of temperature readings above or 

below each of several temperature thresholds, the longest number of consecutive 

observations above and below temperature thresholds, and the duration of snow cover. A 

range of temperature thresholds was chosen; we considered the number of observations 

less than -15 °C to -5 °C incremented by 1 °C for acute cold, the number of observations 

above 20 °C to 35 °C incremented by 1C for acute heat, the maximum number of 

consecutive observations above 20 °C to 26 °C incremented by 1 °C for chronic heat 

stress, and finally the maximum number of consecutive observations below -10 °C to -5 

°C incremented by 1 °C for chronic cold stress. We estimated snow cover duration as the 

longest period during which the diurnal temperature range was less than 2 °C and daily 

mean temperature was less than 2 °C (Lundquist, Pepin, and Rochford 2008). 
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APPENDIX B 

 

METHODS FOR QUANTIFYING REMOTELY SENSED DATA 
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To complement in-situ observations of temperature from HOBOs, two spatially 

explicit datasets were used. First, we acquired daily data from the Parameter-elevation 

Regressions on Independent Slopes Model (PRISM, Daly et al. 2008) for variables of 

maximum temperature, minimum temperature, precipitation, and dewpoint temperature 

cover the period from 2010-2016. The spatial resolution of PRISM is 800-m, and the 

dataset incorporates local regressions of station data with physiographic climate 

correlates and has been used extensively in mountain climate research given its ability to 

account for climatic heterogeneity in complex terrain. The second dataset we used was 

the National Weather Service’s Snow Data Assimilation (SNODAS) products (Carroll et 

al. 2001) including snow depth. The spatial resolution of SNODAS is 1-km and the 

system integrates ground-based hydrometerological data, satellite observations, 

numerical weather prediction models, and an energy and mass balance snow model.  

We extracted co-located data from the 800-m resolution PRISM products and 1-

km resolution SNODAS products for each of the 200 study sites. The same thermal 

summaries as assessed for HOBO data were done using daily PRISM data. However, 

given the daily resolution of the PRISM data versus the sub-daily nature of the HOBO 

data, we calculated the number of total and consecutive days of maximum (and 

minimum) temperatures above (and below) the thresholds. Three measures of moisture 

were also incorporated: (i) growing season (April-September) precipitation, (ii) annual 

precipitation, and annual climatic water deficit. Annual climatic water deficit was 

estimated following Dobrowski et al. (2013) using a monthly Thornthwaitte water 

balance model that incorporates a snow layer. We estimated monthly reference potential 
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evapotranspiration following Allen et al.(1998) and downward surface solar radiation 

flux and 10-m wind speed derived from NLDAS-2 (Mitchell et al. 2004). 
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APPENDIX C 

 

TABLES OF RAW DATA VALUES FOR OCCUPIED AND UNOCCUPIED SITES 
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Predictor Variable Minimum Median Maximum 

Occupied Talus Patches (N=151)   

Elevation (m) 1,462 2,432 3,429 

Relative Density  0.06 0.40 2.15 

Count 1.00 5.00 28.00 

Transects  3.00 13.00 16.00 

Aspect 0.33 162.00 358.00 

Slope (percent) 18.33 50.67 74.00 

Solar Insol - 0.54 0.19 0.58 

Gram 0.00 2.67 38.33 

Forb 0.00 2.50 25.00 

Moss 0.00 0.00 36.33 

Tree 0.00 3.75 48.67 

Shrub 0.00 3.33 70.00 

NPP 0.50 18.00 97.00 

Mesic 0.25 8.60 50.00 

Xeric 0.00 8.33 72.00 

Chem 0.25 13.28 82.00 

Gram:Forb 0.05 1.00 28.17 

Gram:Chem 0.01 0.25 25.41 

Xeric:Mesic 0.04 1.00 25.51 

HomeRng 3.00 75.00 15,332 

Estimated % Optimal 17.00 78.00 100.00 

Area (m2) 1,125 45,000 20,200,000 

Distance to Road (km) 0.00 2.13 17.50 

Largest Diameter (m) 0.20 1.50 10.00 

Diameter (m) 0.001 0.75 8.00 

Talus Depth (m) 0.00 0.50 2.50 

MODIS Mean NDVI 0.06 0.38 0.65 

MODIS Max NDVI 0.11 0.52 0.77 

PDSI -3.89 -2.29 -1.22 

PRISM CCS DJF (°C)* -9.00 -3.70 1.60 

PRISM CCS DJF (°C)+ -10.92 -5.23 -0.60 

PRISM CCS DJF (°C)# -13.10 -4.00 1.50 

PRISM CCS NDJFM (°C)* -8.50 -2.80 2.20 

PRISM CCS NDJFM (°C)+ -9.77 -4.20 0.25 

PRISM CCS NDJFM (°C)# -11.10 -2.80 2.10 

PRISM CHS JJA (°C)* 7.00 13.20 17.00 

PRISM CHS JJA (°C)+ 6.81 12.91 16.60 

PRISM CHS JJA (°C)# 5.80 13.40 17.60 

Grow PPT (mm)* 148.80 308.30 674.30 

Grow PPT (mm)+ 180.70 357.50 689.50 

Grow PPT (mm)# 164.70 294.90 672.50 

Annual PPT (mm)* 443.50 856.10 1,932.60 

Annual PPT (mm)+ 467.90 969.6 2,204.00 

Annual PPT (mm)# 437.70 892.70 2,124.30 

CWD (mm)* 11.80 344.90 610.00 

CWD (mm)+ 40.27 306.41 541.86 

CWD (mm)# 0.00 312.7 597.5 

SNODAS Days* 14.00 185.00 245.00 

PRISM Hot Run 20 (°C)* 1.00 12.00 55.00 

PRISM Hot Run 20 (°C)+ 0.86 17.71 58.43 

PRISM Hot Run 20 (°C)# 0.00 13.00 54.00 

PRISM Cold Run -5 (°C)* 11.00 23.00 63.00 

PRISM Cold Run -5 (°C)+ 12.17 26.17 103.17 

PRISM Cold Run -5 (°C)# 10.00 17.00 152.00 

Occupied Talus Patches with Sensors (N= 94)    

Sensor CHS JJA (°C) 6.70 13.75 22.10 

Sensor CCS DJF (°C) -10.60 -4.45 1.80 
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Sensor CCS NDJFM (°C) -8.40 -3.60 2.30 

Senor Cold Run -10 (°C) 0.00 5.00 249.00 

Senor Cold Run -5 (°C) 0.00 184.00 1,782.00 

Sensor Hot Run 26 (°C) 0.00 0.00 75.00 

Sensor Hot Run 20 (°C) 0.00 7.00 214.00 

Sensor Snow  0.00 170.00 254.00 

Sensor ACS -10 (°C) 0.00 5.50 544.00 

Sensor ACS -5 (°C) 0.00 578.30 1,781.00 

Sensor AHS 20 (°C 0.00 43.50 1,011.00 

Sensor AHS 26 (°C) 0.00 0.00 344.00 

Table 9. Raw data values for all predictor variables of pika occupied 

talus patches collected. Minimum, median, and maximum values are 

displayed for each variable. Not all variables were used in constructing 

model suites or for analysis. Predictor variables with *= current 

climate conditions, + = prevailing climate conditions, and # = 1-year 

lagged climate conditions.  
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Predictor Variable Minimum  Median Maximum 

Unoccupied Talus Patches (N=49)    

Elevation (m) 1,355  2,358 2,964 

Transects  5.00  12.00 16.00 

Aspect 28.00  188.00 358.00 

Slope (percent) 30.00  52.50 72.00 

Solar Insol -0.53  -0.01 0.51 

Gram 0.00  3.00 50.00 

Forb 0.00  1.00 35.00 

Moss 0.00  0.00 5.50 

Tree 0.00  0.00 50.00 

Shrub 0.00  8.00 53.00 

NPP 0.00  33.00 87.00 

Mesic 0.00  9.00 52.00 

Xeric 0.00  13.00 65.00 

Chem 0.00  18.00 86.50 

Gram:Forb 0.06  1.18 48.14 

Gram:Chem 0.01  0.19 22.07 

Xeric:Mesic 0.06  1.00 52.43 

HomeRng 2.00  20.00 2,779.00 

Estimated % Optimal 10.00  65.00 96.00 

Area (m2) 1,200  25,000 3,000,000 

Distance to Road (km) 0.00  1.50 6.55 

Largest Diameter (m) 0.25  1.30 5.00 

Diameter (m) 0.10  0.75 2.25 

Talus Depth (m) 0.05  0.50 1.50 

MODIS Mean NDVI 0.13  0.35 0.66 

MODIS Max NDVI 0.24  0.45 0.73 

PDSI -3.76  -1.70 0.30 

PRISM CCS DJF (°C)* -7.50  -1.80 2.90 

PRISM CCS DJF (°C)+ -9.30  -3.17 0.33 

PRISM CCS DJF (°C)# -11.30  -2.60 1.20 

PRISM CCS NDJFM (°C)* -6.70  -1.00 3.70 

PRISM CCS NDJFM (°C)+ -7.92  -2.30 1.63 

PRISM CCS NDJFM (°C)# -9.10  -1.60 2.50 

PRISM CHS JJA (°C)* 9.50  14.00 20.50 

PRISM CHS JJA (°C)+ 9.43  13.43 19.11 

PRISM CHS JJA (°C)# 8.30  13.70 19.60 

Grow PPT (mm)* 145.70  272.30 454.90 

Grow PPT (mm)+ 118.60  325.30 471.40 

Grow PPT (mm)# 106.70  269.60 491.10 

Annual PPT (mm)* 328.90  802.80 1,097.20 

Annual PPT (mm)+ 297.40  862.20 1,336.90 

Annual PPT (mm)# 295.60  821.30 1,403.60 

CWD (mm)* 71.90  380.10 1,061.20 

CWD (mm)+ 133.80  359.60 957.70 

CWD (mm)# 45.20  357.0 1147.80 

SNODAS Days* 11.00  135.00 232.00 

PRISM Hot Run 20 (°C)* 5.00  12.00 92.00 

PRISM Hot Run 20 (°C)+ 5.57  21.74 78.86 

PRISM Hot Run 20 (°C)# 5.00  20.00 90.00 

PRISM Cold Run -5 (°C)* 9.00  15.00 43.00 

PRISM Cold Run -5 (°C)+ 11.00  16.00 72.83 

PRISM Cold Run -5 (°C)# 10.00  13.00 91.00 

Unoccupied Talus Patches with Sensors (N= 30)     

Sensor CHS JJA (°C) 9.00  15.05 23.70 

Sensor CCS DJF (°C) -6.40  -0.65 5.90 

Sensor CCS NDJFM (°C) -5.30  -0.85 5.70 

Senor Cold Run -10 (°C) 0.00  0.00 71.00 

Senor Cold Run -5 (°C) 0.00  21.00 780.00 
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Sensor Hot Run 26 (°C) 0.00  4.00 56.00 

Sensor Hot Run 20 (°C) 0.00  23.00 585.00 

Sensor Snow  0.00  187.00 252.00 

Sensor ACS -10 (°C) 0.00  0.00 141.00 

Sensor ACS -5 (°C) 0.00  54.00 872.00 

Sensor AHS 20 (°C) 0.00  266.50 1,144.00 

Sensor AHS 26 (°C) 0.00  5.50 418.00 

Table 10. Raw data values for all predictor variables of pika unoccupied talus 

patches collected. Minimum, median, and maximum values are displayed for 

each variable. Not all variables were used in constructing model suites or for 

analysis. Predictor variables with *= current climate conditions, + = prevailing 

climate conditions, and # = 1-year lagged climate conditions. 
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APPENDIX D 

 

OCCUPANCY PLOTS & MODEL PERFORMANCE 
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Figure 4. Predicted pika occurrence probability by a logistic function of climate water 

defect (averaged over six winters and seven summers) using all 200 patches surveyed. 

Open circles represent observed pika occurrence and predicted values are represented 

with the blue line and associated 95% confidence interval.  The model displayed is a 

univariate model, only containing climate water deficit (mm). 
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Figure 5. Predicted pika occurrence probability by a logistic function of the number of 

home ranges using all 200 patches surveyed. Open circles represent observed pika 

occurrence and predicted values are represented with the blue line and associated 95% 

confidence interval.  The model displayed is a univariate model, only containing the 

number of home ranges present on a talus patch.  
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Figure 6. Predicted pika occurrence probability by a logistic function of PRISM average 

winter temperature between November and March (averaged over six winters and seven 

summers) using all 200 patches surveyed. Open circles represent observed pika 

occurrence and predicted values are represented with the blue line and associated 95% 

confidence interval. The model displayed is a univariate model, only containing the 

PRISM average winter temperature.  
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Figure 7. Predicted pika occurrence probability by a logistic function of climate water 

defect using the 94 patches with completed sensor time series. Open circles represent 

observed pika occurrence and predicted values are represented with the blue line and 

associated 95% confidence interval. The model displayed is a univariate model, only 

containing climate water deficit (mm). 
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Figure 8. Predicted pika occurrence probability by a logistic function of sensor average 

winter temperature between November and March, using the 94 patches with completed 

sensor time series. Open circles represent observed pika occurrence and predicted values 

are represented with the blue line and associated 95% confidence interval. The model 

displayed is a univariate model, only containing sensor average winter temperature.  
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Figure 9. Predicted pika occurrence probability by a logistic function of sensor average 

winter temperature between December and February, using the 94 patches with 

completed sensor time series. Open circles represent observed pika occurrence and 

predicted values are represented with the blue line and associated 95% confidence 

interval. The model displayed is a univariate model, only containing sensor average 

winter temperature.  
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Figure 10. Predicted pika occurrence probability by a logistic function of PRISM average 

summer temperature between June and August (averaged over 7 summers and 6 winters), 

using all 200 patches surveyed. Open circles represent observed pika occurrence and 

predicted values are represented with the blue line and associated 95% confidence 

interval. The model displayed is a univariate model, only containing PRISM average 

summer temperature.  
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Figure 11. Predicted pika occurrence probability by a logistic function of sensor average 

summer temperature between June and August, using the 94 patches with completed 

sensor time series. Open circles represent observed pika occurrence and predicted values 

are represented with the blue line and associated 95% confidence interval. The model 

displayed is a univariate model, only containing sensor average summer temperature.  
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Figure 12. Predicted pika occurrence probability by a logistic function of PRISM 

growing season precipitation (averaged over 7 summers and 6 winters), using all 200 

patches surveyed. Open circles represent observed pika occurrence and predicted values 

are represented with the blue line and associated 95% confidence interval. The model 

displayed is a univariate model, only containing PRISM growing season precipitation.  
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Figure 13. Predicted pika occurrence probability by a logistic function of growing season 

precipitation, using the 94 patches with completed sensor time series. Open circles 

represent observed pika occurrence and predicted values are represented with the blue 

line and associated 95% confidence interval. The model displayed is a univariate model, 

only containing growing season precipitation.  
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Figure 14. Predicted pika occurrence probability by a logistic function of climate water 

deficit using prevailing climate conditions at three quantile levels (Q = .025, .5, .975) of 

home ranges using the all 200 patches. The predicted values are represented with the 

black line and associated 95% confidence interval. Covariates used were from our top 

model of our PRISM based occupancy model suite.  

 

 



  71 

 

  

 
Figure 15. Predicted pika occurrence probability by a logistic function of sensor average 

winter temperature using the 94 sites with completed sensor time series at three quantile 

levels (Q = .025, .5, .975) of climate water deficit (mm). The predicted values are 

represented with the black line and associated 95% confidence interval. Covariates used 

were from our top model of our sensor based occupancy model suite.  
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Figure 16. A receiver operator curve (ROC) for the top model in our sensor based 

analyses of occupancy using the 94 sites with completed sensor time series. AUC 

represent the area under the curve.   
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Figure 17. A receiver operator curve (ROC) for the top model in our PRISM based 

analyses of occupancy using prevailing climate conditions from all 200 sites surveyed. 

AUC represent the area under the curve.   

 


