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Abstract 

Recent studies conducted by Colorado Parks and Wildlife have identified an alarming decline in  
elk populations in the Eagle and Roaring Fork valleys of Colorado (Boyd 2018). Based on elk 
censuses for the area conducted by Colorado Parks and Wildlife, the population decline was 
more than 50% from 1999 to 2015, exacerbated by an increase in hunting pressure in 2003-4, 
followed by a failure to recover as expected when that pressure was reduced. Even more 
alarming, the rate of elk calf production per cow has decreased to a level that suggests 
populations may not recover, and may decline still further. This paper applies measures of 
human influence on the landscape, including habitat fragmentation and landscape connectivity, 
to the study area in a time series from 1981 to 2017, to identify possible correlations with elk 
population changes during that period. Additional variables thought likely to contribute to elk 
population change, including hunting pressure, phenological patterns, and human population 
change, were also analyzed using linear regression. Because elk utilize different habitats 
seasonally and these habitats may not be uniformly affected by human or phenological 
processes, I differentiated among these seasonal habitats in my analysis where possible. 
Because data required to measure habitat fragmentation and loss of connectivity were not 
available for the entire 1981 to 2017 period, I explored the use of a recently published building 
development index as a proxy. It proved to correlate strongly (R-squared value 0.76 to 1.00 
depending on measure) with the direct measures of habitat fragmentation and connectivity 
loss, and thus served as useful proxy for those measures. This study finds that, when a 
threshold of accumulated landscape influence is reached, the relationship among predictor 
variables and elk population growth rate changes. I conclude that human influence on the 
landscape has reduced the equilibrium calf to cow ratio, and thus increased the effect of 
hunting and other human activities on the growth rate of the elk population in the Roaring Fork 
and Eagle valleys, lessening the population’s resilience and possibly establishing a new 
equilibrium population. In order to manage this elk population to prevent further decrease, 
wildlife managers will need to account for the effect of these landscape level changes in the 
study area when setting hunting targets and evaluating other human uses of public lands. 
 
 

Introduction 
 
Over the last twenty years, research on the effects of human changes to the landscape has 
increasingly emphasized the impacts of habitat fragmentation and loss of landscape 
connectivity on the continued viability of wildlife populations. Development, in the form of 
roads, trails and other infrastructure, can have negative effects on habitat suitability and 
wildlife more generally. Impacts include changes in wildlife behavior and activity due to an 
increase in human presence; reduced species abundance; loss of habitat and spread of invasive 
species; increased forms of pollution, including noise and light; species’ loss of access to crucial 
habitat and resources due to road and human avoidance; decreased population viability; and, 
increased potential for human-wildlife conflicts; and direct wildlife mortality (for example, 
Benítez-López et al. 2010; Bennett et al. 2011; Gelbard and Belnap 2003; Jaeger et al. 2005; 
Jones et al. 2015; Mortensen et al. 2009; Trombulak et al. 2000).   
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Landscape connectivity and habitat fragmentation, while distinct concepts, both affect wildlife 
access to critical habitat. Habitat fragmentation occurs when a large, contiguous area of 
uniform habitat “is transformed into a number of smaller patches of smaller total area, isolated 
from each other by a matrix of habitats unlike the original” (Wilcove et al. 1986, p. 237).  
Wilcove’s definition “implies four effects of the process of fragmentation on habitat pattern: (a) 
reduction in habitat amount, (b) increase in number of habitat patches, (c) decrease in sizes of 
habitat patches, and (d) increase in isolation of patches” (Fahrig 2003, p. 491). While 
fragmentation is not always driven by human activity, development and resource extraction are 
important causes, in addition to “natural” factors such as fire and insect activity. While reducing 
the amount and connectivity of habitat, fragmentation has the effect of altering the relative 
proportions of edge and core habitat, which results in disproportionate effects on different 
species (Bennett and Saunders 2010). Ever-smaller habitat patches are less resilient in the face 
of drought, fire, disease, and other unpredictable events that are likely to increase as a result of 
global climate change.  
 
Landscape connectivity most commonly refers to permeability of the landscape to the 
movement of terrestrial vertebrates (Bissonette and Cramer 2008; Theobald et al. 2012). 
Connectivity permits animals to disperse into new territories, access seasonal resources and 
breeding habitat, and maintain the flow of individuals and genes across the landscape (Manel 
et al. 2003; Rudnick et al. 2012). Much as in the case of fragmentation, impediments to 
connectivity may be natural, but increasingly come in the form of human-caused change to the 
landscape. Continued landscape connectivity is critical to sustaining species richness and 
populations, and becomes increasingly important as fragmentation grows and climate change 
alters habitat distribution (Heller and Zavaleta 2009).  
 
This study evaluates changes over time in measures of habitat fragmentation and landscape 
connectivity as predictors of changes in elk population in a single landscape, whereas prior  
studies of habitat fragmentation and landscape connectivity have most commonly 
characterized a single landscape (or collection of landscapes) at a moment in time or compared 
two otherwise similar landscapes differing in those variables (see, for example, Dickson et al. 
2016; Fernandez at al. 2018; Jaeger et al. 2005; McClure et al. 2017; Watson et al. 2005; but, 
see Haddad et al. 2015). While in some cases a time series analysis has been applied to habitat 
fragmentation or landscape connectivity, the analysis has not generally focused on evaluating 
the correlation between these variables and empirically-measured species population (see, for 
example, Bishop-Taylor et al. 2018; Jaeger et al. 2007; Santini et al. 2019).  
 
Elk populations in the Roaring Fork and Eagle valleys of Colorado from 1981 to 2017 have failed 
to recover from substantial population declines in the last two decades, despite efforts by the 
Colorado Department of Parks and Wildlife to manage for population growth. This decline in 
population may be correlated with reduced connectivity and increased habitat fragmentation in 
the region, suggesting that human influence may have altered the resilience and/or stability of 
this population. To address this possibility, I tested the following hypothesis: 
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Failures of elk populations in the Roaring Fork and Eagle valleys of Colorado to recover 
from substantial population declines are correlated with, and possibly a result of, 
changes to connectivity and habitat fragmentation over recent decades, after 
accounting for other possibly contributing variables (e.g., hunting pressure, 
precipitation, and vegetative health). 

 
 

Methods 
 
Study Area 
 
The Roaring Fork and Eagle Rivers are tributaries of the Colorado River located in the Rocky 
Mountains in the west central region of Colorado (see Figure 1). Both flow through public and 
private lands around the White River National Forest, and their watersheds include the resort 
towns of Vail and Aspen as well as wilderness areas. The rivers’ valleys and surrounding 
watersheds provide habitat for a variety of wildlife, and in particular are home to elk herds 
totaling more than 10,000 individuals. My study area consists of two “Data Analysis Units” 
(DAUs) designated by Colorado Parks and Wildlife as E-15 and E-16, totaling 576,633 hectares. 
Each DAU corresponds to the entire range of a single elk herd, and these two roughly 
correspond to the Roaring Fork and Eagle Valleys. My habitat fragmentation and connectivity 
analyses included a 25-kilometer buffer around the DAUs, for a total analysis area of 1,602,080 
hectares. In addition to considering the study area in terms of elk herd DAUs, my analysis 
considered the landscape in terms of (1) seasonal elk habitat and (2) land ownership. The 
Roaring Fork and Eagle valleys are dominated by federally-owned lands; 432,510 hectares 
(75.00%) of the study area falls within the White River National Forest, and an additional 48,186 
hectares (8.35%) is managed by the Bureau of Land Management. 
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Figure 1: Map of the study area, with study area delineated in red and the buffer zone in 
orange. Data Analysis Units E-15 and E-16 are contained within the southwestern and 
northeastern parts, respectively, of the study area and are separated by the Roaring Fork River. 
Map data:  ESRI; United States Geological Survey. 

The herds in each of these DAUs increased in population from the late 1980s into the 1990s, 
peaking in 1995 at an estimated 20,036 elk in the combined DAUs. Concerned that these 
population levels might result in starvation events or habitat degradation, CPW issued larger 
numbers of hunting licenses, particularly for cow elk, in response (Petch 2019). The reduction in 
population exceeded what CPW intended, so it subsequently—and indeed, to this day—issued 
fewer hunting licenses; based on models and past population trends, CPW anticipated that 
population would trend upward toward prior levels. From 2010 to the present, the total elk 
population has fluctuated between 9,000 and 11,500. 
 
During the study period, human population and human infrastructure have increased 
substantially in the study area. Human population of the study area, as estimated from U.S. 
Census Bureau figures, increased by more than 150% between 1990 and 2018. From 1990 to 
2000, the period of most rapid growth, the increase exceeded 55%. Statistics measuring habitat 
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fragmentation, building construction, and landscape connectivity all showed increasing human 
influence over the landscape during the 1981-2017 period; given that 75% of the study area is 
within the White River National Forest, where human population is very small and new 
construction has been greatly limited, the increase on the remaining 25% of the landscape is of 
higher intensity than the overall statistics suggest. 
 
Overview of Approach 
 
To understand the causes of elk population decline in the study area, I used two tools of 
landscape ecology to understand changes in habitat fragmentation and loss of connectivity in 
the study area from 1990 to present. To understand habitat fragmentation, I used FRAGSTATS 
software (McGarigal et al. 2012); to understand changes in connectivity, I used Circuitscape 
software (McRae et al. 2008, 2013; www.circuitscape.org). Both of these tools are described in 
detail below. In addition to the data required for these tools, I considered data regarding 
hunting pressure, precipitation, and vegetative health to evaluate the contribution of other 
variables.  
 
To evaluate the effect of human influence on elk population across different seasonal habitats 
as well as on the entire landscape, I used polygon shapefiles published by the Colorado 
Department of Parks and Wildlife (CPW) that classify the study area into seasonal elk habitat 
types (Colorado Department of Parks and Wildlife 2018). Reflecting the tendency of elk to use 
some areas during more than one season and prefer certain areas within seasonal habitat, 
these polygons overlap substantially. To create a raster permitting analysis with other datasets, 
I classified each 30 meter by 30 meter cell based on the perceived highest value seasonal use. 
For example, if a location fell within both the “Production Area” (used for calving and calf-
rearing) and general summer range, I classified it as “Production Area.” CPW also provided elk 
population data, including estimated annual population, and the hunting data, including 
number of hunting licenses, and kills by bull, cow and calf (see Appendix 1 for complete data).  
 
My analysis of habitat fragmentation considered seasonal elk habitat as delineated by CPW, 
and focused on roads, motorized trails, and nonmotorized trails as the basis for evaluating 
human contribution to habitat fragmentation. To characterize landscape connectivity, I 
constructed a surface approximating resistance to movement by elk based on the inverse of an 
existing habitat model based on land cover type and proximity to roads (Colorado Division of 
Wildlife 2006), with further resistance provided by slope, major rivers, and road crossings. I 
considered both mean resistance by each elk seasonal habitat type and the results of a 
Circuitscape analysis of this surface. 
 
Fragmentation Analysis 
 
FRAGSTATS is the most widely used software tool for calculating fragmentation-related metrics 
(McGarigal et al. 2012). It is capable of producing dozens of metrics of fragmentation, but many 
of them are largely duplicative.  In addition, landscape level metrics may not be able to 
differentiate among within-landscape patterns—for example, the mean habitat patch size of a 
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landscape with numerous equal-sized patches might be similar to that of a landscape with a 
broad range of patch sizes. Riiters et al. (1995), sought to distill these measures to a few key 
categories, each represented by a single metric. Despite considerable research in the field since 
1995, their approach remains relevant, although some of the metrics they recommend have 
since been further refined and recategorized (see McGarigal 2015). 
 
Fragmentation analysis using FRAGSTATS requires a land cover dataset as its primary input. I 
used the GAP/LANDFIRE National Terrestrial Ecosystems 2011 dataset from the U.S. Geological 
Survey (GAP 2011), which characterizes vegetation cover/habitat type at a spatial resolution of 
30 meters, which is well suited to the scale of analysis. The land cover categories can be 
evaluated at 7 different levels of increasing specificity, ranging, for example, from “Shrub & 
Herb Vegetation” to “Western Great Plains Foothill and Piedmont Grassland” or from “Forest & 
Woodland” to “Rocky Mountain Lodgepole Pine Forest.” To consider the fragmenting effect of 
roads and trails, which are not included in GAP 2011, I used current and historic data regarding 
their locations. For state and municipal roads, I used 1990-2017 TIGER data from the US Census 
Bureau and Colorado Department of Transportation data. Reliable data on road construction 
dates from earlier time periods were not available, and so my fragmentation and connectivity 
analyses were limited to the 1990 to 2018 period. TIGER data may not be complete for roads 
without human habitation and is of inconsistent positional accuracy in earlier periods. Because I 
used a buffered area around road centerlines as the zone of fragmenting effect, small 
discrepancies in positional accuracy are unlikely to be significant. Roads and trails in the 
National Forest were identified from the United States Forest Service (USFS) Transportation 
Line dataset, which is derived from USFS and USGS data that is supplemented with local, 
county, and state data to create the best available dataset of transportation feature in National 
Forests (USFS 2018). Because the latter dataset is compiled from multiple sources of different 
vintages, my analysis was unable to track some changes within the National Forest. As new 
construction of roads and trails within the National Forest, particularly in designated 
Wilderness Areas, have been restricted throughout the study period, this may not be a major 
limitation. Figure 2 shows the uneven distribution of fragmentation among different seasonal 
habitats as of 2018. Fragmentation is most notable in winter habitat areas, which tend to be at 
lower altitudes along valley floors. Appendix 5, Figure 1 and Appendix 5, Figure 2 show closeup 
views of the fragmentation of the Roaring Fork and Eagle valleys, respectively, and further 
highlight the degree of fragmentation along the valley floors. 
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Figure 2: Fragmentation by elk habitat type as of 2018. Fragmenting roads and trails depicted in 
white. Elk Data: Colorado Parks and Wildlife. 

To provide a broad view of the effects of fragmentation and to allow fragmentation to be 
distinguished from habitat loss, I chose measures provided by FRAGSTATS that reflected both 
changes in the total amount of different habitat classes and changes in the structure of that 
habitat. I analyzed the data based on the elk seasonal habitat classes discussed above, as well 
as at a landscape level. No single measure combines a complete characterization of 
fragmentation, but together they describe both the degree and kind of fragmentation that has 
occurred. For a complete description of the metrics considered in this study, see Appendix 2. To 
avoid edge effects, I included a 25-kilometer buffer zone around the study area in my analysis; 
habitat within the buffer zone was included for purposes of considering adjacency and similar 
factors regarding the study area itself.  I selected Core Area Index and Proximity Index for 
summer concentration and migration areas as candidate predictor variables for modeling 
because they displayed the greatest change over the study period, perhaps because winter 
habitat areas had already become highly fragmented in earlier periods. 
 
Connectivity Analysis 
 
Most connectivity research involves creating a “resistance surface” raster in which each cell is 
assigned a value based on the ease or difficulty of wildlife movement across it. Typical 
parameters for constructing a resistance surface might include, for example, human-built 
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infrastructure, vegetation type, distance to water, slope, etc. Some researchers have 
successfully employed a landscape integrity approach that posits that landscape suitable for 
residence and for movement are not necessarily the same, and that human alteration to the 
landscape is the largest factor in resistance to movement. (see, e.g., Belote et al. 2016; 
Theobald 2013; Krosby et al. 2015). Given the smaller area of landscape to be considered in my 
capstone project, the more limited range of human activities occurring there, and the focus on 
a single species, I based my resistance surface on an inverse of an elk habitat suitability model, 
then applied various penalty factors. 
 
The Colorado State Wildlife Action Plan’s “Making Connections for Wildlife” program was an 
interagency effort that assembled a team of biologists and GIS experts to model wildlife 
movement corridors based on habitat suitability parameters for a variety of species, including 
elk, that are specifically applicable to the Colorado portion of the Rocky Mountains (Colorado 
Division of Wildlife 2006). The resulting habitat suitability model, based on vegetation cover 
type and distance to nearest road, was created through expert consultation and has the 
advantage of having been used successfully in prior research. The data required to transform 
this habitat suitability model into my final resistance surface included the GAP 2011 and 
road/trails data discussed above under Fragmentation Analysis. In addition, I used USGS NHD 
Plus datasets for hydrographic data to assign resistance to major rivers (USEPA/USGS 2012). I 
also used USGS 3DEP digital elevation data, at a spatial resolution of 1/3 arc seconds (~10 
meters), downsampled to 30 meter resolution, to create a slope resistance layer (USGS 2017). 
 
I modeled connectivity using the open source software Circuitscape, which simulates running 
electric current across the resistance surface, based on the premise that wildlife movement will 
flow across the landscape in the same fashion (McRae et al. 2008). In particular, I used a 
relatively novel approach to Circuitscape, known as Omniscape, that measures overall flow 
across the landscape, rather than simply between predetermined locations (McRae et al. 2016; 
McClure et al. 2017). By avoiding arbitrary selection of movement start and end points required 
by other approaches to evaluating connectivity, Omniscape presents a broader view of the 
possibilities of movement available to wildlife.  
 



 

9 
 

 
Figure 3: Resistance layer as of 2018 for the study area and buffer zone. 

 
Figure 4: Results of Circuitscape/Omniscape analysis of the study area for 2018.  
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Figure 3 shows the resistance layer created for 2018; Figure 4 shows the results of Omniscape 
analysis of that layer. As expected, areas of high resistance correspond to areas of rugged 
terrain, rivers, roads, and other human developments. While the Omniscape analysis provided a 
visual depiction of movement potential that can also be compared to empirical wildlife 
movement data where available and can also be used to identify critical connectivity areas, it is 
not well-suited to comparing connectivity changes over time, as it does not produce meaningful 
numeric data. My analyses evaluating connectivity against other variables contributing to elk 
population thus used resistance surface data, in the form of a mean value for each year for the 
study area, rather than Circuitscape output. 

Fragmentation and Connectivity Data Limitations 

While the elk population for the entire 1981 to 2017 study period was available annually, 
measures of habitat fragmentation and landscape connectivity were subject to limitations:  (1) 
all measures were available less frequently than annually; (2) FRAGSTATS and connectivity 
metrics were available for only a portion of the study period; (3) human population was an 
indirect proxy for landscape changes; (4) measures varied in degree of spatial resolution from 
census block group to 30 meters; and (5) FRAGSTATS and connectivity measures metrics were 
constructed from data that did not capture all change over time. Appendix  highlights these 
characteristics for the habitat fragmentation and landscape connectivity measures used in this 
study. In addition to these limitations, resistance value did not display substantial variability 
among habitat classes; I therefore used the mean value across the study area for analysis. U.S. 
Census population data was not available at adequate spatial resolution to permit analysis 
based on habitat class or indeed to include only areas within the precise study area boundaries, 
so I used best estimate values for the study area based on evaluation of census block groups. 

To address the unavailability of direct measures of habitat fragmentation and landscape 
connectivity prior to 1990, I used the recently-developed Built-up Intensity measure as a proxy 
(Leyk and Uhl 2018). Built-up Intensity is reported on a 1 to 15 scale for the conterminous 
United States at five year intervals for the period 1810 to 2015. Higher scaled scores are 
assigned to each 250 meter pixel based on the number of square feet of human construction 
within the pixel. To permit analysis of the dependent variables relating to habitat fragmentation 
and landscape connectivity with the annual elk data, I used linear interpolation between 
measurement dates for each independent variable to provide annual values. In the case of the 
Built-up Intensity, which was last produced for 2015, I used linear extrapolation based on the 
slope from 2010 to 2015 to produce values for 2016-18. 
 
Other Variables and Data Sources 
 
I considered other datasets that measured variables with the potential to affect elk population, 
including hunting pressure, phenology, precipitation, and human presence in the study area: 
 

1) Elk Data: Colorado Parks and Wildlife provided records of annual elk population and 
herd structure estimates from 1981 to 2018, and also annual hunting license and 
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harvest data from 1996 to 2018. Elk population and herd structure estimates were 
based on data collected annually, but years prior to 2018 were re-modeled by Colorado 
Parks and Wildlife staff using their most current modeling approach, ensuring 
comparability of data. 
 

2) Phenology: To evaluate possible effects relating to forage quality, I used data from the 
United States Geological Survey’s Remote Sensing Phenology (RSP) collection, which 
includes a variety of NDVI-based metrics based on data from the Advanced Very High 
Resolution Radiometer (AVHRR) and the Moderate Resolution Imaging 
Spectroradiometer (MODIS) (USGS 2001-17). This dataset (or comparable data) is not 
available for years prior to 2001, but as it was not included in any of the preferred 
models for the 2001 to 2017 period, I did not seek to evaluate phenology for earlier 
periods. 
 

3) Precipitation: In addition to its effect on phenology, precipitation may directly affect elk 
population based on the amount of snow and other precipitation occurring during the 
year. Snowfall may affect access to preferred habitat areas and may restrict access to 
food even in reachable areas. These effects are dependent on both the total snowfall 
and its timing. Total precipitation, regardless of form, may affect availability of drinking 
water and may, through the impact of runoff on stream flows, limit connectivity. The 
Colorado Climate Center provides historic weather data from several stations in the 
study area, but only the Aspen 1SW station provides consistent data for the entire study 
period of 1981 to 2018 (Colorado State University, 1981-2018). 

 
Results 

Prior to statistical analysis, I reviewed the elk population and other data to review trends that 
might inform model selection. As an initial matter, I considered the pattern of elk population 
and population growth rate over time (Figure 5). Consistent with anecdotal reports, the elk 
population more than doubled from the late 1980s through the late 1990s, then declined 
rapidly from 2000 through 2015. An increase in growth rate commenced in 2013, leading to a 
climb in population from 2016 to the present. To understand these trends, I identified possible 
predictor variables from the datasets described above. 
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Figure 5: Elk population and population growth rate from 1981 to 2018. Note that the growth 
rate was less than one (declining population) for most of the period 2000 to 2015. Data: 
Colorado Parks and Wildlife. 

Correlation among Human Influence Variables 
 
To understand the covariance of these habitat fragmentation and landscape connectivity 
variables and their abilities to serve as proxies for one another, I constructed a Pearson 
correlation matrix (see Table 1) covering the period for which all measures were available, 1990 
to 2018.  As Table 1 shows, there is a high degree of correlation between these variables, 
suggesting that they are suitable proxies for one another, most importantly in the case of Built-
up Intensity when considering periods prior to 1990. 
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Population 1       

Built-up Intensity 
(Mean) 

0.97 1      

Resistance (Mean) 0.94 0.99 1     

Core Area Index (Mean 
Migration Corridors) 

-0.96 -1 -0.99 1    

Proximity Index (Mean 
Migration Corridor) 

-0.96 -1 -0.99 1 1   

Core Area Index (Mean 
Summer Concentration) 

-0.76 -0.80 -0.89 0.79 0.81 1  

Proximity Index (Mean 
Summer Concentration) 

-0.85 -0.89 -0.95 0.89 0.90 0.99 1 

 

Table 1: Pearson matrix showing correlation among direct and indirect measures of habitat 
fragmentation and landscape connectivity. 

 
 
Predictor Variable Selection by Evaluating Correlation 
 
Based on these results, I chose to include Built-up Intensity in my modeling, as it serves as a 
useful proxy for habitat fragmentation and landscape connectivity loss and covers the entire 
study period. BUI does show an inverse correlation with the following year’s growth rate (see 
Figure 6, although that correlation weakens at higher levels of BUI—which also correspond with 
more recent years. I also included measures of hunting pressure in my model, as control of 
hunting licenses and resulting deaths is the management technique perhaps most widely used 
by wildlife agencies. While elk deaths due to hunting (“harvest”) have an obvious direct effect 
on population, its correlation with the following year’s growth rate (and also when lagged to 
second and third years) proved negligible. To the extent that population and harvest are 
correlated, the causation may run in both directions; harvest does reduce population, but 



 

14 
 

Colorado Parks and Wildlife may issue fewer licenses in response to reduced population (see 
Appendix 5, Figure 3). On the other hand, the proportion of the harvest comprised of cow elk 
showed a clear inverse correlation with the following year growth rate (see Appendix 5, Figure 
4).  
 

 
Figure 6: Chart showing the correlation of the Built-up Intensity with the following year growth 
rate for 1981 through 2017. Data: Colorado Parks and Wildlife; Leyk and Uhl 2018. 

 
Due to the complexity of the relationships among these and other possible predictor variables, I 
used R to construct a Pearson correlation matrix to evaluate the correlations of more than 
thirty variables regarding elk population structure, hunting pressure, human influence on the 
landscape, weather, and phenology among one another and with following year population 
growth rate (R Core Team 2019). Using the rcorr function from the Hmisc package allowed this 
matrix to include p-values for each correlation coefficient (Harrell et al. 2019). Figure 7 shows a 
correlogram produced using this process. I then selected a subset of these predictor variables 
to use in modeling based on their degree of correlation with following year growth rate, the p-
value of that correlation, and consistency with factors believed to influence elk population 
growth.  
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Figure 7: Correlogram showing candidate predictor variables. Color and size of circles indicate 
the strength and direction of correlation. Blank squares indicate correlations with a p-value of 
greater than 0.05. 

 
Built-up Intensity and Elk Population as Key Model Variables for 1981 to 2017 
 
I used the stepAIC function from the MASS R package, which allows for simultaneous 
consideration of multiple models using a stepwise process, to identify candidate linear 
regression models to explain following year elk population growth rate (Venables and Ripley 
2002). This function constructs models from all submitted predictor variables and tests them 
against the designated dependent variable, then returns the models with the best Akaike 
information criterion (AIC) values. Because of the differing availability of predictor variables for 
different time periods and in order to explore the possibility of models performing differently 
over different time periods, I applied this approach to different chronological subsets of my 
data. To address AIC’s tendency to overfit models with small sample sizes, as is the case in this 
study, I also performed exploratory linear regression with the identified models to determine if 
models with similar r-squared and multiple r-squared values could be obtained when omitting 
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one or more predictor variables (Bedrick and Tsai 1994). Although this study’s goal is not to 
predict future growth rates, I applied the predictive r-squared value to further limit the 
possibility of overfitting. The predictive r-squared is based on iteratively removing an 
observation from the dataset, determining the regression equation from the remaining 
observations, then applying it to the removed observation (Minitab Blog 2013).  
 
The model for 1981 to 2017 (the last year for which the following year’s growth rate is 
available) with best fit (Model A) resulted from applying linear regression to the following 
baseline year variables:  calf to cow ratio, total precipitation, the third degree polynomial of the 
total elk population, and the third degree polynomial of the Built-up Intensity. This model 
returned a multiple R-squared value of 0.7727, an adjusted R-squared value of  0.697, and a 
predictive R-squared value of 0.551 (see Appendix 5, Table 1). Note that annual license 
numbers and phenology data, as well as direct measures of resistance and fragmentation, were 
not available for the entirety of this time period; the Built-up Intensity stood in for the human 
influence variables, but license numbers and phenology were omitted. Both the plot of actual 
versus predicted following year growth rate (Appendix 5, Figure 5) and absolute residual value 
versus predicted next year growth rate (Appendix 5, Figure 6) show that the model as a whole 
lacks a systematic error relating to growth rate, suggesting it does not suffer from serious 
heteroskedastic errors. There is a tendency toward more variability for growth rate values 
closer to one, however.  

Considering that the effects of the population structure variables in the preceding models have 
high p-values and are in one case inconsistent with anticipated ecological processes, I applied 
the model omitting those variables (Model B). I also eliminated precipitation as a predictor 
variable, as it was both low in significance and of limited contribution to the goodness of fit. 
The only two remaining variables were the third degree polynomials of elk population and of 
Built-up Intensity. The resulting model returned a multiple R-squared value of 0.7264, an 
adjusted R-squared value of 0.6716, and a predictive R-squared value of 0.5534 (see Appendix 
5, Table 2). 

Variables Subject to Threshold Effects 

Statistical models of ecological phenomena are of limited value unless the predictor variables 
can be persuasively associated with ecological processes. In the case of the models described 
above, population structure variables such as calf per cow ratio and proportion of cows 
harvested were expected to influence population growth rate; adding other such variables to 
the model, including the ratio of bulls to cows, unexpectedly did not improve fit. Indeed, the 
population structure variables used in the models above have p-values high enough to suggest 
their exclusion, as shown by Model B. The negative effects of a higher cow harvest, shown in 
Appendix 5, Figure 4, obviously reduce the following year’s potential calf population (and thus 
growth rate), but the negative effect of a higher calf to cow ratio (whether lagged or not) is less 
straightforward to explain. Given that female calves have long been thought to typically begin 
breeding in their third year, the lagged calf to cow ratio would seem more likely to predict an 
increased growth rate (see, e.g., Kittams 1953 regarding age of first breeding for elk). The small 
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number of observations in the underlying dataset, the low significance of this variable, 
nonlinearity, and covariance with other variables may explain this unexpected result. More 
broadly, the strong influence of elk population and human influence on the landscape may 
render the effect of other variables difficult to distinguish from noise.  

To understand the variation in, and influence of, the calf to cow ratio, I applied the R package 
“segmented” to find breakpoints for the ratio that might better explain its possible nonlinear 
effect (Muggeo 2008). Analysis showed that when the calf per cow ratio was less than 0.4808, 
the mean following year growth rate was 0.971483; when the calf per cow ratio was greater 
than or equal to 0.4808, the mean following year growth rate was 1.034469 (see Figure 8).  

 
Figure 8:  Whisker plot showing range of following year growth rates assuming a calf per cow 
ratio breakpoint of 0.4808. Elk Data: Colorado Parks and Wildlife. 

Most notably, this breakpoint marks the difference between a declining and increasing 
population, and suggests an important positive relationship between calf to cow ratio and 
growth rate not evident in a linear regression analysis. All of the years of lower calf to cow ratio 
(and lower growth rate) except 1997 occur between 2001 and 2017 (excluding 2004), 
suggesting a temporal aspect to its variance, and possible covariance with a variable that also 
varies temporally. Figure 9 illustrates the strong negative correlation between the calf to cow 
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ratio and the Built-up Intensity, which has a consistent temporal trend. One possible 
interpretation of this covariance is that the range of variation of the calf to cow ratio becomes 
depressed when the Built-up Intensity crosses a threshold value. Based on the calf to cow ratio 
dipping below the breakpoint of 0.4808 between 2000 and 2001, this BUI value would be in the 
range of roughly 978 to 1017; at higher BUI values, other variable(s) would presumably explain 
variance within the lower range of calf to cow ratios and following year growth rates. 

 
Figure 9:  Scatterplot showing the correlation between calf to cow ratio and Built-up Intensity 
for 1981 to 2017. Note the increased variability of the calf to cow ratio at higher BUI values, 
which corresponds to more recent years. Data: Colorado Parks and Wildlife; Leyk and Uhl 2018. 

The negative effect of the total elk population on following year growth rate in Models A and B 
is consistent with the finding by Taper and Gogan (2002) that Yellowstone elk growth rate was 
negatively affected by increased population density. Figure 10 suggests that the correlation is 
relatively weak at lower population levels, but that the mean growth rate is depressed when 
population approaches 20,000. In the case of this variable, it may be that the negative effect is 
negligible until a threshold value is reached.  
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Figure 10: Scatterplot showing the third order polynomial model of the effect of total elk 
population on the following year growth rate. Elk Data: Colorado Parks and Wildlife. 

To understand the variation in the relationship between the elk population and following year 
growth rate, I again performed breakpoint analysis using the “segmented” R package (Muggeo 
2008); none of the generated breakpoints operated consistently throughout the study period. 
Reviewing the suggested breakpoints did, however, reveal that the relationship had a strong 
temporal element, and that applying different coefficients for different time periods provided a 
better explanation of the variation in correlation. High degrees of correlation exist between elk 
population and following year growth rate when considered separately for the periods 1993 to 
2008 (mean following year growth rate 1.014) and 2009 to 2017 (0.9800) (see Appendix 5, 
Figure 7 and Appendix 5, Figure 8). The latter period’s negative correlation is 50% stronger, 
suggesting that the limiting effect of population may have increased over time. 

Increased Influence of Hunting Variables: Modeling 2001 to 2017 

To better understand more recent trends in elk population, I applied both Model A and Model B 
as devised for 1981-2017 to observations from 2001 to 2017 only. While the multiple R-squared 
score of 0.84 and the adjusted R-squared score of 0.8074 suggest even better fit of Model A for 
this time period, the predictive R-squared value of -0.1805 implies some weaknesses in the 
model; the simpler Model B produced similar results. While a good compromise fit for the 
entire period, changes over time in the relationship between predictor variables (including the 
threshold effects discussed above) may reduce the overall model’s usefulness when analyzing 
shorter and, particularly, more recent time frames. Given my findings regarding the changes 
over time in the behavior of calf per cow ratio and elk population, I used the broader array of 
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predictor variables available for more recent years to construct a new model, again using the 
stepAIC function in R and exploratory linear regression. 
 
Eliminating years prior to 1990 allowed adding direct resistance and fragmentation measures to 
the model, while eliminating years prior to 1996 allowed adding hunting licenses. Finally, 
eliminating years prior to 2001 allowed the use of phenology data from the United States 
Geological Survey’s Remote Sensing Phenology (RSP) collection. In this case, the use of the 
stepAIC function was not useful, as the models it rated highest based on AIC were inconsistent 
with any reasonable ecological interpretation (e.g., increased resistance led to increased 
following year growth rate). Exploratory linear regression yielded a model with strong R-
squared and p values that resulted from applying linear regression to the preceding year elk 
population, the proportion of cows (vs. bulls and calves) in the total harvest in the preceding 
year, the mean resistance in the preceding year, the Core Area Index for summer concentration 
areas in the preceding year, and the number of hunting licenses issued in the preceding year 
(Model C). This model resulted in a multiple R-squared value of 0.871, an adjusted R-squared 
value of 0.8124  and a predictive R-squared value of 0.6952579 (see Appendix 5, Table 3). 
Appendix 5, Figure 9 and Appendix 5, Figure 10 confirm that the model fit is good, although 
with a wide range of residuals at lower predicted values of following year growth rate.  
 

Discussion 
 

Examination of elk population trends in the study area from 1980 to 2018 shows substantial 
variation that is not fully explained by the expected predictor variables of elk population 
structure or hunting pressure (see Monello et al. 2014; Raithel et al. 2007; Hebblewhite 2000). 
Rather, as hypothesized, variables relating to human influence on the landscape and to elk 
population structure explain a substantial portion of the variability in elk population growth in 
the Eagle and Roaring Fork valleys, either directly or through their apparent effect on the 
behavior of other variables, particularly calf to cow ratio. Models A, B, and C all incorporated 
one or more variables measuring some aspect of human influence on the landscape:  habitat 
fragmentation, resistance, or Built-up Intensity. Given the substantial number of available 
predictor variables, the parsimony and goodness of fit of Model B—which considered only elk 
population and Built-up Intensity—was surprising. 
 
Analysis over the period 1990 to 2015 further demonstrates that four measures of human 
influence—total population, resistance, habitat fragmentation, and Built-up Intensity—are also 
highly correlated with one another. This correlation permitted modeling the effect of human 
influence on elk population growth as far back as 1981, whereas reliance on other measures 
would have limited the analysis to periods after 1990, missing important trends during a period 
of rapid elk and human population growth.  
 
The degree of variability over time of various habitat fragmentation metrics differed when 
applied to different seasonal habitat classes (Appendix 4). All seasonal habitat classes showed 
increased fragmentation during the study period, but summer concentration areas and 



 

21 
 

migration corridors displayed the largest changes overall. While the negative effect of winter 
disturbance of elk population has been stressed historically (see, e.g., Kittams 1953), there is 
increasing concern over the effect of summer disturbance (Canfield et al. 1999). This study 
suggests this concern is warranted, as the changes in summer concentration areas and 
migration corridors evidenced higher correlation with variation in growth rate than did other 
seasonal habitats. These metrics were not available prior to 1990, so it is possible that severe 
winter, winter concentration, and production areas had been disproportionately fragmented in 
earlier periods, limiting the potential for their further fragmentation. 
 
As mentioned above, breakpoint analysis showed a segmentation in the relationship between 
calf to cow ratio and following year growth rate, with calf to cow ratios below 0.48 showing a 
substantially lower growth rate. This breakpoint is largely temporal, with most ratio values 
above it occurring prior to 2001 and most values below it occurring thereafter. This result, 
when combined with the high degree of correlation (R-squared = 0.7695) between calf per cow 
ratio and Built-up Intensity, strongly suggests that human influence on the landscape may have 
a depressing effect on elk population growth. With the exception of proportion of cows in 
harvests, harvest data was not strongly correlated with population growth rate. For years after 
2000, however, the number of hunting licenses issued did show correlation, suggesting that 
mere human presence during hunting season may play a larger role than the number of elk 
killed in at least some circumstances.  
 
Phenology and precipitation are also widely considered to be predictive of elk population 
growth (Lubow and Smith 2004; Hebblewhite 2000). However, none of the evaluated models 
that included one or more phenology variables produced a p value of 0.05 or better for those 
variables, and the explanatory value of variables relating to precipitation was also weak. Data 
regarding overall precipitation, snowfall, and phenology, were not prerequisites for modeling 
population growth rate during the study period; it is possible that these variables take on 
importance only at (i) levels of elk population not reached during the study period or (ii) in the 
case of phenological variables, for elk population levels not reached during the period of data 
availability. 

The changes over time in the relationships between expected predictor variables such as calf to 
cow ratio and elk population and the dependent variable of population growth rate point 
toward possible changes in the stability and resilience of elk populations in the Roaring Fork 
and Eagle valleys. Holling (1973) formalized the understanding of resilience and stability as 
distinct, but related, concepts. He proposed that “resilience determines the persistence of 
relationships within a system and is a measure of the ability of these systems to absorb changes 
. . . and still persist” rather than move toward extinction, while stability describes “the ability of 
a system to return to an equilibrium state after a temporary disturbance” (Holling 1973, p. 17). 
In the present case, the elk population seems unstable, as it has fluctuated substantially in 
response to changes in the ecosystem; whether it is resilient remains to be seen, but the 
changes in the behavior of predictor variables over the last two decades suggest otherwise. It 
instead seems likely that changes in the landscape have resulted in a change to the equilibrium 
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population of elk in the study area that may be sustainable, or that may be below the extinction 
threshold (Hanski and Ovaskainen 2002; Levins 1969).  

Certainly, close monitoring of population trends is warranted by this possibility. While this 
study found changes in the behavior of calf per cow ratio and elk population occurring during 
the period 2000 to 2008 that seems correlated with human influence on the landscape, it is not 
clear whether the relevant threshold for this effect was crossed at that time or earlier. 
Elaborating on the concept of extinction thresholds, Tilman et al. (1994) coined the term 
“extinction debt” to refer to the cumulative effect of habitat destruction that sets a species on 
an inexorable path to extinction over the course of multiple generations. In the case of the elk 
of the Roaring Fork and Eagle valleys, it is not clear if such an extinction threshold has been 
crossed, but the cumulative debt of connectivity loss and habitat fragmentation seems to have 
reached a level that has increased the limiting effect of other factors on elk populations.  

The increased predictive value after 2000 of variables related to hunting pressure suggests that 
the elk population in the region may no longer support levels of hunting that were previously 
thought to be sustainable; as noted above, the fact that number of hunting licenses issued each 
year seems to have an effect independent of harvest level implies a negative effect on growth 
rate relating to human presence outside of developed areas. This effect begs the question of 
whether other forms of recreational activity have a similar negative effect on growth rate. 
Unfortunately, the majority of elk habitat in the study area is located on National Forest land 
for which no systematic data on recreational use is collected. The lack of information on the 
construction date of trails may also understate the degree of change in habitat fragmentation 
and loss of connectivity from 1980 to 2018. Recreational use of these lands on a year-round 
basis is anecdotally reported to have increased in recent years, but in the absence of data it is 
unclear to what extent this growth is correlated with other measures of human influence—and 
thus at least partially accounted for in the models above—or if it has an independent trend not 
accounted for by these models. 

Conclusion 

Understanding the effects on elk population of increasing human influence on the landscape 
over time presents practical and methodological challenges. Perhaps the largest practical 
challenge is finding temporally accurate data on the construction of human infrastructure that 
has been collected in a consistent fashion over the relevant time period and with sufficient 
frequency to require minimal interpolation. The Built-up Intensity index covers a broad range of 
time with a shorter sampling frequency than other data sources; this study demonstrates its 
strong correlation with measures of habitat fragmentation and connectivity, and its potential as 
a valuable resource for time-based studies. From a methodological standpoint, this study shows 
that the relationship between human influence on the landscape and elk population growth 
rate in the study area cannot be adequately described through purely linear modeling. This 
study instead suggests that, when a threshold of accumulated landscape influence is reached, 
the relationship among various predictor variables and elk population growth rate changes. 
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Further study using other modeling techniques may allow for a better understanding of this 
relationship. 

This study has shown that habitat fragmentation, loss of landscape connectivity, and related 
human impacts on the landscape have played a major role in the variation of elk population 
growth rate in the Roaring Fork and Eagle valleys from 1981 to 2017. To the degree that these 
human impacts are less directly predictive for the most recent periods, that may because their 
accumulated effects are expressed in a new equilibrium state in which other variables play a 
larger role in explaining variation. In addition, the region’s elk population may have lost 
resilience in the face of other variables, including long-studied ones like hunting pressure and 
others, like recreational pressure, that have not yet been accounted for. Future management of 
elk populations in the Roaring Fork and Eagle valleys by the Forest Service and the Colorado 
Department of Parks and Wildlife should be based on an understanding that previously valid 
assumptions about the anticipated population growth rate of elk herds in response to changes 
in hunting and other variables may no longer hold true.  
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Elk Population and Hunting Data, 1981 to 2018 
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Appendix 2 

Fragmentation Metrics 

 

Measures of Overall Habitat Loss and Structural Change 

Total Class Area:  While this metric does not strictly measure fragmentation, it does illustrate 

the habitat loss caused by roads and trails. Because of their surrounding zones of disturbance, 

roads and trails have a particular harsh effect on classes composed of small patches, many of 

which may be rendered uninhabitable.  

Percent Landscape:  This metric, which is simply the percentage of the total landscape 

comprised by each habitat class, highlights the structural changes in landscape composition 

caused by road/trail-based habitat loss. While all habitat classes will experience reduction as 

the road/trail disturbance zones reduce available habitat, the classes are differentially affected 

depending on the size and distribution of their patches. 

Fragmentation Metrics 

Many of these metrics are reported as means over the entire landscape or on a per habitat 

class basis, as these are the levels of analysis considered for this study. Large patches have a 

disproportionate effect on fragmentation at the landscape and habitat class level, so I evaluate 

the area-weighted mean, which gives more weight to larger patches, as well as the simple 

mean. Most metrics, other than those involving means, can be considered at the individual 

patch, class, or landscape level, as indicated with each description. 

1. Patch Size and Shape Metrics 

Mean Patch Area:  This metric is simply the mean of the size of all patches, and can be 

measured for the entire landscape or by habitat class. Decreased patch size has a negative 

effect on both species richness and population and is thus useful despite its simplicity. In 

addition, it is used in the calculation of a number of other metrics (McGarigal 2015). (class and 

landscape) 

Shape Index (area-weighted mean):  This metric addresses the complexity and compactness of 

patch shape and uses the ratio of patch perimeter to area. Higher values indicate more 

complex, less compact shapes. Geometry dictates that, regardless of shape, this ratio is lower 

for patches of greater area. Shape Index normalizes that ratio against the ratio of a perfect 

square of equal area, so the metric is comparable across different patch sizes (McGarigal et al. 

2012; see also Riiters et al. 1995). (class and landscape) 
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2. Core Habitat Metrics 

Total Core Area/Core Area Percent of Landscape:  For purpose of this measure, core habitat 

includes that portion of a habitat patch that is at least 100 meters from the patch edge, 

including edges with other habitat classes or with roads or trails. While this distance is 

somewhat arbitrary, using a single distance avoids attempting to make more nuanced, species-

specific, and debatable distinctions between different habitat borders. Because fragmentation 

has the effect of introducing more edges into the landscape, core habitat is more severely 

reduced by roads and trails than overall habitat. (class and landscape) 

Mean Core Area/Mean Core Area (area-weighted): These metrics are calculated for each 

habitat class. The first metric is simply the mean core area per patch (including patches too 

small to have any core area), while the second weights the mean based on patch area. 

Distinguishing core areas by habitat class allows a better understanding of which species may 

be affected by fragmentation (McGarigal et al. 2012). (class and landscape) 

Core Area Index:  This metric simply provides the percentage of each habitat class that is 

composed of core habitat, calculated on an area-weighted basis. (class) 

3. Isolation Metric 

Proximity Index/Proximity Index (area-weighted):  This metric aims to measure the isolation of 

patches of a habitat class—that is, the extent to which it consists of scattered small patches 

versus patches of mixed sizes that tend to clump together. For each patch of a habitat class, this 

metric identifies all patches of the same habitat class with edges that are within a user-

designated distance; the area of each such patch is then divided by the square of the distance 

to the target patch. Finally, these values are summed over the entire habitat class. This 

approach is intended to highlight the greater ecological contribution of neighboring patches 

that are large and nearby versus smaller and more distant patches (McGarigal et al. 2012). 

(class)   
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Appendix 3 

Measures of Habitat Fragmentation and Landscape Connectivity 
 
 

Variable Measure Interval Time 
Period 

Direct 
Measure 

Spatial 
Resolution 

Other 
Limitations 

Habitat 
Fragmentation 

FRAGSTATS 
analysis 

~10 
years 

1990-
2018 

Yes 30 meters 
Based primarily 
on TIGER road 
data 

Connectivity 
Resistance 
surface 

~10 
years 

1990-
2018 

No 30 meters 
Based primarily 
on TIGER road 
data 

Fragmentation 
and 

Connectivity 

U.S. Census 
Population 

5 to 10 
years 

1980-
2015 

No 
Census 
block 
group 

Poor spatial 
resolution 

Fragmentation 
and 

Connectivity 

Built-up 
Intensity 

5 years 
1980-
2015 

No 250 meters 
Untested 
measure 
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Appendix 4 

Selected FRAGSTATS results, 1990 to 2018 



 

 

Appendix 5 

Additional Figures and Tables 
 
 

 

  
 

Appendix 5, Figure 1: Left: Elk seasonal habitat areas in the Roaring Fork Valley. Right: 
Fragmenting roads and trails as of 2018 are depicted in white. Elk Data: Colorado Parks and 
Wildlife. 
 
 

  
 

Appendix 5, Figure 2: Left: Elk seasonal habitat areas in the Eagle Valley. Right: Fragmenting roads and trails as of 2018 are 
depicted in white. Elk Data: Colorado Parks and Wildlife. 
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Appendix 5, Figure 3: Trends in elk population and total harvest for the period 1996 to 2018. 
While correlation is apparent, the causal relationship is less clear. Data: Colorado Parks and 
Wildlife. 

 
Appendix 5, Figure 4: Chart showing the correlation of proportion of the harvest comprised of 
cow elk with the following year growth rate for 1981 through 2017. Data: Colorado Parks and 
Wildlife. 

 



 

37 
 

Following Year Growth Rate ~ poly(ElkPop, 3) + poly(BUI, 3) + Calf per Cow + Cow Harvest 
Proportion + Precipitation 

 
Residuals: 

      Min         1Q Median 3Q Max  
-0.068243  -0.025881   0.004741   0.025926   0.063760  
 
Coefficients: 

 Estimate Std. Error t value Pr(>|t|)   

(Intercept) 1.276936 0.138301 9.233 7.64E-10 *** 

poly(Elk Pop 1) -0.671383 0.258130 -2.601 0.014901 * 

poly(Elk Pop 2) -0.076085 0.048013 -1.585 0.124682  

poly(Elk Pop 3) -0.095656 0.043873 -2.180 0.038124 * 

poly(BUI 1) -0.584709 0.102428 -5.708 4.58E-06 *** 

poly(BUI 2) -0.522123 0.227218 -2.298 0.029544 * 

poly(BUI 3) 0.288485 0.066710 4.324 0.000187 *** 

Calf per Cow -0.396354 0.226833 -1.747 0.091946 . 

Cow Harvest Prop -0.279545 0.231219 -1.209 0.237142  

Precipitation -0.002316 0.002144 -1.081 0.289454  

--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 0.03823 on 27 degrees of freedom 
Multiple R-squared:  0.7727  Adjusted R-squared:  0.697 Predictive R-squared:  0.5510011 
F-statistic:  10.2 on 9 and 27 DF,  p-value: 1.186e-06 
 
Appendix 5, Table 1:  Table showing results of the linear regression of Model A, the best fit 
model for 1981 - 2017. Elk Data: Colorado Parks and Wildlife. 
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Appendix 5, Figure 5: Actual and predicted next year growth rates using Model A for 1981-2017 
show relatively high goodness of fit. The gray band represents the 95% confidence interval. Elk 
Data: Colorado Parks and Wildlife. 

 

 
Appendix 5, Figure 6: Absolute value of residuals by predicted next year growth rates using 
Model A for 1981-2017 show a slight increase in variability for central values of the predicted 
next year growth rate. The gray band represents the 95% confidence interval. 
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Following Year Growth Rate ~ poly(Elk Pop, 3) + poly(BUI, 3) 

Residuals: 

      Min         1Q Median 3Q Max  
-0.08006  -0.02598  -0.00350   0.02409   0.07762  

Coefficients: 

 Estimate Std. Error t value Pr(>|t|)   

(Intercept) 1.00553 0.006542 153.693 2.00E-16 *** 

poly(Elk Pop 1) -0.965148 0.19807 -4.873 3.34E-05 *** 

poly(Elk Pop 2) -0.101419 0.044148 -2.297 0.028757 * 

poly(Elk Pop 3) -0.078271 0.041545 -1.884 0.06929 . 

poly(BUI 1) -0.487703 0.065311 -7.467 2.53E-08 *** 

poly(BUI 2) -0.749764 0.186469 -4.021 0.000361 *** 

poly(BUI 3) 0.355254 0.062217 5.71 3.14E-06 *** 

--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 0.0398 on 30 degrees of freedom 
Multiple R-squared:  0.7264, Adjusted R-squared:  0.6716  Predictive R-squared:  0.5533755 
F-statistic: 13.27 on 6 and 30 DF,  p-value: 2.716e-07 
 
Appendix 5, Table 2: Table showing results of the linear regression of Model B, the final model 
for 1981-2017. 
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Appendix 5, Figure 7: Scatterplot showing correlation between elk population and following year 
growth rate for 1993 to 2008. Elk Data: Colorado Parks and Wildlife. 

 

 
 

Appendix 5, Figure 8: Scatterplot showing correlation between elk population and following year 
growth rate for 2009 to 2017. Elk Data: Colorado Parks and Wildlife. 
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Following Year Growth Rate ~ Elk Pop + Cow Kill Proportion + Resistance +  Core Area Index 
Summer Conc + Licenses 

Residuals: 

      Min         1Q Median 3Q Max  
-0.034280  -0.009275  -0.002074   0.009536   0.033757  

Coefficients: 

 Estimate Std. Error t value Pr(>|t|)   

(Intercept) 1133.000000 295.600000 3.832000 0.002785 ** 

Elk Pop -0.000100 0.000019 -5.302000 0.000252 *** 

Cow Kill 
Proportion 

-2.016000 0.409800 -4.920000 0.000457 *** 

Resistance -224.100000 58.560000 -3.828000 0.002805 ** 

Core Area Index 
Summer Conc 

-3.182000 0.839800 -3.789000 0.003001 ** 

Licenses 0.000031 0.000012 2.660000 0.022198 * 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 0.02241 on 11 degrees of freedom 
Multiple R-squared:  0.871, Adjusted R-squared:  0.8124  Predictive R-squared:  0.6952579 
F-statistic: 14.86 on 5 and 11 DF,  p-value: 0.000142  
 
Appendix 5, Table 3:  Table showing results of the linear regression of the model selected for 
2001-2017 (Model C). 
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Appendix 5, Figure 9:  Actual and predicted next year growth rates of the model selected for 
2001-2017 show relatively high goodness of fit. The gray band represents the 95% confidence 
interval. Elk Data: Colorado Parks and Wildlife. 

 

 
Appendix 5, Figure 10:  Absolute value of residuals by predicted next year growth rates using of 
the model selected for 2001-2017 show a slightly improved accuracy for higher values of the 
predicted next year growth rate. The gray band represents the 95% confidence interval. 


