
ABSTRACT 

BURKE, CONNER RICHARD.  Predicting Available Hunting Land and Hunter Density in 

North Carolina.  (Under the direction of Dr. M. Nils Peterson). 

 

 

Urbanization, parcelization, and shifting landowner demographics warrant additional 

research into hunting occurrence on private lands.  We extend this research with a survey of 

non-industrial private landowners in North Carolina, USA (n=1,843).  We used model 

selection to choose the best social and geographic variables for predicting whether a property 

was hunted and hunter density.  Increasing property size, male property ownership, longer 

duration of property ownership, property being used to earn income, and landowners who 

grew up in a rural environment were positively related to whether a property was hunted. 

Conversely, properties with older landowners and properties surrounded by higher housing 

and road density had lower odds of being hunted.  Hunter density was negatively related to 

property size, duration of property ownership, and a landowner or family member hunting 

the property.  Hunter density was greatest on small properties (< 2 hectares).  These results 

indicate a shift toward greater proportions of female landowners may reduce the percent of 

properties hunted in the future.  Additionally, greater hunter density on small properties may 

facilitate the continued use of recreational hunting in maintaining hunted species at intended 

population levels, even at the exurban-suburban interface.  We also present predictive 

modelling techniques that can be used to map and quantify the hunting landscape, which will 

improve indices of hunted species density by providing a more rigorous denominator of land 

that is actually hunted.  
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CHAPTER 1 

Predicting Private Landowner Hunting Access Decisions and Hunter Density 

 

 

 

ABSTRACT Urbanization, parcelization, and shifting landowner demographics warrant 

additional research into hunting occurrence on private lands.  We extend this research with a 

survey of non-industrial private landowners in North Carolina, USA (n=1,843).  We used 

model selection to choose the best social and geographic variables for predicting whether a 

property was hunted and hunter density.  Increasing property size, male property ownership, 

longer duration of property ownership, property being used to earn income, and landowners 

who grew up in a rural environment were positively related to whether a property was 

hunted.  Conversely, properties with older landowners and properties surrounded by higher 

housing and road density had lower odds of being hunted.  Hunter density was negatively 

related to increasing property size, longer duration of property ownership, and a landowner 

or family member hunting the property.  Hunter density was greatest on small properties (< 2 

hectares).  These results indicate a shift toward greater proportions of female landowners 

may reduce the percent of properties hunted in the future.  Additionally, greater hunter 

density on small properties may facilitate the continued use of recreational hunting in 

maintaining hunted species at intended population levels, even at the exurban-suburban 

interface. 
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INTRODUCTION 

Rapidly declining hunting access on private lands during the early 1900s spurred 

some of the earliest human dimensions of wildlife research.  Complex dynamics arise 

between landowners and hunters because wildlife resources are legally declared the property 

of both, but landowners hold the power to restrict access to those resources on their land 

(Morrow 1950).  Starting in the 1930s, the value of private land available for hunting and the 

number of hunters increased relatively quickly, and wildlife agencies began tracking a 

general transition from tolerance of unrestricted hunting on private lands towards prohibition 

or exclusion of many hunters (Short 1939, Morrow 1950).  Control and limitation of hunting 

access was supported by economic incentives associated with the commodification of 

hunting (Mell 1938, Marks 1991, Chazkel and Serlin 2010), political-economic shifts 

(Serenari and Peterson 2016), and increased hunting demand from less trusted “outsiders” 

who used improved transportation and road networks to enter new hunting areas (Short 

1939).  Wildlife agencies formulated a two-pronged approach for responding – they 

attempted to alleviate private landowner concerns by creating safety zones around buildings, 

enforcing trespassing rules, and educating landowners about liability (Short 1939), and they 

simultaneously developed hunter education programming that placed a priority on showing 

respect to landowners (Peterson 2014).   

While the impact of wildlife agency responses is debatable and varies by region, the 

United States continues to experience an overall decline in land available for hunting (Wright 

et al. 2001, Alig et al. 2004, Storm et al. 2007, Responsive Management 2011).  Factors 

beyond landowner restrictions likely play an integral role in constricting the hunting 
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landscape.  Previous research has directly linked urban parcelization to a reduction in hunter 

access and a decline in huntable land (Harden et al. 2005, Jagnow et al. 2008, Poudyal et al. 

2008, Campa et al. 2011).  In urban landscapes, discharging firearms is prohibited by 

ordinance.  Parcelization affects hunter access in a more subtle way, whereby smaller 

properties outside urban areas may legally be hunted, but a lower percentage actually are, 

relative to larger properties (Storm et al. 2007, Lovely et al. 2013).  Research on hunting 

access is especially important in urbanizing regions because exurban sprawl has been the 

fastest growing type of human development in the United States since the 1950s (Hansen et 

al. 2005).  Exurban sprawl often retains habitat where huntable wildlife persist, and 

sometimes thrive, but typically limits hunter access (Storm et al. 2007). 

Hunting access on private land influences wildlife management by shaping hunter 

density and harvest levels.  Most wildlife agencies have been tasked with abating 

overabundant wildlife populations, and have responded by liberalizing harvest (Kilpatrick 

and Walter 1997).  For example, registered hunters around Cornell University in New York, 

USA were legally allowed to harvest two antlerless white-tailed deer (Odocoileus 

virginianus) per day throughout white-tailed deer hunting seasons (Siemer and Decker 2015).  

However, hunter interest in this program waned rapidly due to limited hunting access on 

private land.  This example illustrates how liberalizing harvest may be rendered ineffective 

by refuges created when landowners prohibit hunting.  Some scholars view the issue of 

huntable wildlife overabundance as a self-correcting problem (Brown and Lauber 2000), 

wherein the escalation of negative interactions with huntable wildlife will lead more people 

to allow hunting on their land.  Negative interaction with huntable wildlife, however, is only 
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one of many considerations for landowners deciding whether or not to allow hunting on their 

property (Wright et al. 1988, Jagnow et al. 2006, Zhang et al. 2006, Storm et al. 2007, 

Golden et al. 2013), and did not seem to persuade landowners to permit or increase access in 

the Siemer and Decker (2015) study. 

Previous studies addressing hunting access on private land reveal a conspicuous 

omission of smaller properties and lack emphasis on examining landscape-level geographic 

variables.  Instead, most studies focused on larger properties and socio-psychological 

attributes of landowners.  Yet, as forest parcelization continues (Sampson and DeCoster 

2000), landowner decisions regarding hunting access on small properties will become more 

important.  Further, parsing out landscape-level geographic variables (e.g., housing and road 

density), rather than using urbanization as a proxy, allows for individual examination of 

potentially key aspects involved with predicting whether a property is hunted.  Notably, if 

landscape-level geographic variables surrounding a property play a pivotal role in predicting 

whether it’s hunted, then spatial predictive models of huntable land could be created at lower 

costs than landowner survey data, using extant and typically free geographic data.  

We explored the knowledge gap associated with small properties and landscape-level 

geographic variables with a case-study in North Carolina.  We expanded on previous 

research related to hunting access and occurrence in three ways: 1. by examining all property 

sizes, including those < 2 hectares, 2. by evaluating the effects of landscape-level geographic 

attributes around properties while simultaneously considering the suite of social drivers 

typically assessed in isolation, and 3. by examining hunter density across the landscape.  

Based on previous studies, we expected positive relationships between a property being 
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hunted and landowners who were male, younger, less-educated, who grew up in a rural 

environment, whose property was used to earn income, and whose property was owned for 

longer durations (Wright et al. 1988, Jagnow et al. 2006).  We expected that hunter density 

would have a negative relationship with a landowner and/or their family hunting the property 

(Wright et al. 1988).  We examined how the percent of properties hunted and hunter density 

varied by property size, and expected smaller properties to be hunted at a lower rate (Lovely 

et al. 2013).  We hypothesized that hunter density would be greatest on small properties. 

Although we expected the percentage of small properties hunted to be low, previous research 

has suggested that huntable wildlife density, and harvest density, were greatest on smaller 

properties (Kretser et al. 2008, Lovely et al. 2013).  Therefore, it seems logical that hunters 

would want to hunt on properties where their chance of success is greatest.  We hypothesized 

that landscape-level geographic variables would play a role in predicting whether a property 

was hunted.  We posit that landscape-level geographic variables contribute to the suite of 

underlying causes that create landowner safety concerns associated with hunting, thus 

factoring into decisions of whether or not to have hunting occurring on their land.  

STUDY AREA 

We studied the hunting landscape on non-industrial private land outside 

municipalities in North Carolina (Figure 1).  Municipalities were excluded from our study 

because they almost universally have ordinances against discharging firearms.  North 

Carolina provides a good case-study because the state has struggled to maintain hunting 

access to private lands in the face of extremely rapid urban sprawl.  North Carolina is 

approximately 90% privately owned (Sharpe 2010), and urbanization rates are among the 
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highest in the country (Ewing et al. 2011, Allen et al. 2012, Peterson et al. 2012).  Further, 

hunter participation rates increased by 14% during 2001-2011, creating a situation where 

more hunters have less land to hunt (USFWS 2011).  The potential incompatibility between 

increasing trends in urbanization and hunter participation have catalyzed an exigency for 

evaluating the contemporary hunting landscape in North Carolina.  

METHODS 

Sampling 

We mailed self-administered surveys to 8,000 randomly selected non-industrial 

private landowners in North Carolina.  We used a stratified random sample, and surveyed 

1,600 landowners in each of five property size strata: 0.01-0.4, 0.41-2.02, 2.03-4.05, 4.06-

8.1, > 8.1 hectares (< 1, 1.01-5, 5.01-10, 10.01-20, >20 acres, respectively), to ensure 

adequate coverage of landowners controlling all key property sizes.  We obtained the state-

wide and publicly-available sample frame from the North Carolina Department of 

Agriculture and Consumer Service, which annually compiles county parcel databases used 

for updating tax information associated with properties that change ownership.  We used the 

most recent and complete database for our sample frame (2014).  We used either county 

land-use and zoning attributes (if available) or a code that searched for, and separated 

property types using an industrial keyword list, to omit all industrial properties except for 

limited liability corporations (LLC’s) - which were included to avoid excluding hunting clubs 

and larger farms (Cecil et al. 1995).  For sampling purposes, we removed duplicate listings to 

prevent oversampling of landowners with multiple properties.   
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We mailed a pre-notice letter all landowners describing the objectives of this 

research, followed by the 1st questionnaire envelope, a reminder postcard, and finally a 2nd 

questionnaire envelope, if necessary, at one, two, and two-week intervals, respectively.  The 

2nd questionnaire envelope was mailed only to landowners who had not yet completed the 

first.  Each questionnaire envelope in the 2nd and 4th mailings contained a cover letter 

explaining the study, a questionnaire, a consent form, and a pre-stamped envelope for return 

mailing (Dillman et al. 2014).  Of the 8,000 questionnaires mailed, 26 (0.3%) were 

undeliverable, and 1,843 usable questionnaires were returned for an overall response rate of 

23%.  To evaluate the extent of non-response bias, we randomly selected and telephoned 54 

non-respondents and asked them a sub-set of questions (Chaves et al. 2005).  We achieved a 

65% response rate in the non-respondent sample.  We used 2-sample z-tests to detect 

potential bias between respondent and non-respondent populations.  The variables used to 

test for non-response bias were whether the property was hunted, duration of property 

ownership, if the landowner grew up in a rural environment, gender, age, highest level of 

education achieved, and annual household income.  No significant differences (P≤ 0.05) 

between respondents and non-respondents were detected. 

Questionnaire Design 

After developing the original questionnaire, we conducted cognitive interviews 

(n=10) to identify and correct issues associated with wording, question comprehension, and 

skip patterns (Dillman et al. 2014).  We used a pre-test of 300 randomly selected (60 from 

each property strata) non-industrial private landowners in North Carolina to further evaluate 

the questionnaire draft and data distributions (n=26).  In the final questionnaire (Appendix 
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A), all respondents were asked whether their property was hunted (yes = 0, no = 1), and 

several other property description and demographics questions: how long the property had 

been in their immediate or extended family ( 1 = < 5 years, 2 = 5-10 years, 3 = 11-20 years, 4 

= 21-30 years, 5 = > 30 years), if the property was used to earn income (yes= 1, no = 0), if 

they lived on the property (yes = 1, no = 0), gender (male = 0, female = 1), age, highest level 

of education achieved (1= < high school, 2 = high school or GED, 3 = vocational or trade 

school, 4 = associates degree, 5 = bachelor’s degree, 6 = professional degree), if they ever 

lived on a farm, ranch, or rural property outside of a town or city before they turned 18 (yes = 

1, no = 0), and their annual household income before taxes (1 = < $25,000; 2 = $25,000 - 

$50,000; 3 = $50,001 - $75,000; 4 = $75,001 – 100,000; 5 = $100,001 – $125,000; 6 = 

$125,001 - $150,000; 7 = > $150,000).  We included duration of property ownership in the 

models as a binary variable (0 = less than or equal to 30 years, 1 = more than 30 years), 

because half of respondents (49.5%) had owned their property for more than 30 years.  We 

also included education in the models as a binary variable (0 = less than college degree, 1 = 

college degree or higher) because a college degree was the most meaningful division within 

education level categories (Hayes et al. 2015).  Finally, annual household income was 

converted to a continuous variable in the models using the midpoint of a respondents self-

selected income category and reported in units of $1,000 (e.g., respondents who selected the 

$50,001 to $75,000 income bracket were coded as 62.5).  Respondents who had hunting 

occurring on their property were asked if themselves or family members hunted the property 

(yes= 1, no = 0), if they leased property hunting rights (yes = 1, no = 0), and to estimate the 

total number of hunters that hunted their property.   
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Data Analysis 

We initially selected 15 independent variables to be evaluated for inclusion in the 

model selection process for predicting whether a property was hunted.  Eight of the 

independent variables (duration of property ownership, if the property was used to earn 

income, if the landowner lived on the property, gender, age, highest level of education 

achieved, if they grew up in a rural environment, and their annual household income) were 

derived from survey data, and 7 of the independent variables (distance to nearest city, 

property size, distance to nearest city * property size interaction, region,  population density, 

housing density, and road density) were calculated using ArcGIS 10.2 (ESRI, Red-lands, 

CA).  Housing and population data were obtained from the U.S. Census Bureau, and road 

network data was obtained from the North Carolina Department of Transportation.  Multi-

collinearity of all independent variables was assessed using collinearity matrices.  Population 

and housing densities were collinear (Pearson Correlation Coefficient = 0.98), so we 

removed population density from the model selection process.  We defined cities as any 

municipality with 50,000 or more residents (U.S. Census Bureau).  We explored the distance 

to nearest city and property size interaction term to see if properties of the same size were 

hunted at similar rates across the spectrum of human development.  We found no distinct 

differences, so the interaction term was excluded from the model selection process, while 

keeping lower-order effects. We used data transformations (i.e. log, cubic, quadratic) on the 

distance to nearest city variable to examine potential non-linear relationships.  We evaluated 

the effect of each transformation on the dependent variable individually, and included the 

variant with the lowest Akaike Information Criterion (AICc) value in the model selection 
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process (Burnham and Anderson 2004).  We determined the log transformation to be the best 

fit for this variable because it normalized the effects of highly skewed data associated with 

many properties being relatively close to city boundaries and few properties being extremely 

rural (Figure 1).  We created a region variable to explore the possibility of spatial non-

stationarity, breaking North Carolina into coastal plains, piedmont, and mountain regions.  

We did not detect differences among hunted property rates or hunter density for the region 

variable once property size was controlled for, so we removed this variable from the model 

selection process. 

When incorporating landscape-level geographic variables into a model, it is crucial to 

evaluate their effects at multiple spatial scales (Piorecky and Prescott 2006, Altmoos and 

Henle 2010, Wang et al. 2012).  We calculated density values for landscape-level geographic 

variables (i.e., housing density, road density) around each sample property, at 5 spatial scales 

(0.25, 0.5, 1, 2, 5 km radius).  To select the spatial scale at which the landscape-level 

geographic variables had the greatest effect on predicting whether a property was hunted, we 

fit full logistic regression models that included all combinations of housing and road 

densities (5 spatial scales for housing density X 5 spatial scales for road density = 25 model 

combinations) and chose the full model with the combination of housing and road density 

that had the lowest AICc score.  

Then, we ran all possible variable combinations (Table 1) of the most parsimonious 

full model (12 independent variables = 4,096 possible models), with the exception of 

interaction terms, and used AICc criteria to determine the optimal model.  Any models within 

a AICc < 2 were considered candidate models.  Because the optimal model contained 
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geographic variables, it was necessary to test for spatial autocorrelation on model residuals 

(Carl and Kuhn 2007).  We ran a Global Moran’s I test in ArcGIS 10.2 (ESRI, Red-lands, 

CA) on optimal model residuals to test for spatial autocorrelation, but it was not present.   

The same multi-step model selection process was used with ordinary least squares 

(OLS) regression to predict hunter density (step 1: 25 full linear regression models to 

determine the best spatial scale for landscape-level geographic variables in predicting hunter 

density and step 2: every possible variable combination (Table 1) of the most parsimonious 

full model, with the exception of interaction terms), with the addition of two independent 

variables (if the landowner or their family hunted their property, and whether they leased 

their property hunting rights) derived from survey data (14 independent variables = 16,384 

possible models).  Hunter density models included all hunters for all hunted species, across 

all hunting seasons, in a given year.  

We used analysis of variance (ANOVA) with Tukey-Kramer multiple comparison 

correction to determine if the percent of properties hunted and hunter density differed by 

property size strata.  We analyzed data using JMP Pro 12 software (SAS Institute Inc., Cary, 

NC).  This research was approved by the North Carolina State University Institutional 

Review Board for the Protection of Human Subjects in Research (IRB # 5680, March 2015). 

RESULTS 

Hunting occurred on less than half (41.7%) of all non-industrial properties.  The mean 

age of respondents was 62 years old and 67% were male.  Over half (59%) of respondents 

had a college education (Associates degree or higher) and the median annual household 

income was between $75,001 and $100,000.  The socio-demographic attributes of non-
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industrial private landowners in North Carolina (e.g., age, education, and household income) 

were similar to other studies conducted in the southeastern Unites States (Daley et al. 2004, 

Measells et al. 2005, Jarrett et al. 2009).  

Analyses used to determine the best spatial scale for housing and road density in 

predicting whether a property was hunted produced two candidate models.  The most 

parsimonious full model contained the combination of housing density at a 0.5-km (radius) 

spatial extent and road density at a 2-km (radius) spatial extent.  A candidate model ( AICc 

= 0.94) contained the combination of housing density at a 1-km (radius) spatial extent and 

road density at a 2-km (radius) spatial extent.  Analyses used to determine the best spatial 

scale for housing and road density in predicting hunter density produced 25 candidate 

models.  The most parsimonious full model contained the combination of housing density at 

a 0.25-km (radius) spatial extent and road density at a 0.5-km (radius) spatial extent. 

All possible models analysis for predicting whether a property was hunted produced 

four candidate models (Table 2).  In the optimal model for predicting whether a property was 

hunted, the odds that hunting occurred on a property increased as property size increased, if 

the landowner was male, if the landowner grew up in a rural environment, if the property was 

used to earn income, and if the property has been owned more than 30 years (Table 3).  For 

example, the odds of a landowner who grew up in a rural environment having hunting 

occurring on their current property were 1.42 times greater than the odds of a landowner who 

did not grow up in a rural environment (Table 3).  Conversely, the odds of hunting occurring 

on a property decreased as landowner age, housing density, and road density increased 

(Table 3).  For example, the odds of a 65 year old landowner having hunting occurring on 
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their property were 0.97 times the odds of a 64 year old landowner (Table 3).  In terms of 

relative importance, property size was the strongest predictor of whether a property was 

hunted (Standardized odds ratio [SOR = 2.64]), followed by gender [SOR = 1.84] and 

duration of property ownership [SOR = 1.50]; (Table 3).  Only 10% of properties in the 

0.01–0.4 hectare strata were hunted, increasing up to 70% hunted for the greater than 8.1 

hectare strata (Table 4).   

All possible models analyses for predicting hunter density produced three candidate 

models (Table 2).  Hunter density was negatively related to property size, duration of 

property ownership, and if the landowner and/or their family members hunted the property 

(Table 3). For example, hunter density decreased by 0.15 hunters per hectare on properties 

that had been owned more than 30 years (Table 3).  In terms of relative importance, a 

landowner and/or their family members hunting their property was the strongest predictor of 

hunter density (standardized coefficient [SC = -0.27]), followed by property size [SC = -

0.15] and duration of property ownership [SC = -0.07]; (Table 3).  Hunter density decreased 

with increasing property size (Table 4).   

DISCUSSION 

Our research highlights a novel interpretation of how small properties may shape the 

role of hunting as a wildlife management tool at the exurban-suburban interface.  We 

estimate that over 100,000 hectares of land in parcels 2 hectares or smaller are being hunted 

in North Carolina, despite the low percent of small parcels where hunting occurs.   

Additionally, hunter density was greatest on extremely small parcels.  Although this finding 

is novel, Lovely et al. (2013) suggested that white-tailed deer harvest density was greatest on 
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2.0-4.0 hectare property sizes despite less than 30% of land in that size class being hunted.  

These results can be explained in part by the rapid growth in the number of small properties 

associated with areas of declining parcel size creating a situation with more hunters per 

hectare in urbanizing regions, despite the lower percent of hunted properties.  To illustrate 

this point, we present a theoretical example of two 5-km2 areas (5 km2 = 500 hectares), one 

in a rural area where properties tend to be larger (> 8.1 hectare range) and one at the exurban-

suburban interface where properties tend to be smaller (0.41-2.02 hectare range).  Using a 

mean property size of 20 hectares for the rural area and 1.25 hectares for the exurban-

suburban area, and the percent hunted by property strata from our results, 76 properties in the 

exurban-suburban area would be hunted versus 18 properties in the rural area.  Further, using 

hunter density by property strata from our results, 325 hunters would hunt the exurban-

suburban landscape, whereas 95 hunters would hunt the rural landscape – in a given year.  

Although hunter density was almost four times greater on the smallest properties than the 

largest properties, hunter density probably does not have a deterministic relationship with 

hunter efficiency or hunting pressure.  Other factors (e.g., hunter skills and tactics, time spent 

in the field, vigilance of hunted species, extent and distribution of refuges for hunted species) 

may shape how efficient hunters are at harvesting wildlife.  Future research could explore 

why so many hunters are utilizing small properties within fragmented landscapes.  Similarly, 

future research should examine whether landowner motivations for allowing hunting differ 

between urbanizing and rural areas (e.g., tradition versus managing animal damage).   

Our findings contribute to previous research on hunter access issues by demonstrating 

landscape-level geographic variables impacted hunter access, but not hunter density.  
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Multiple explanations (e.g., geometry or cognitive tricks that skew risk perception) for these 

findings could be tested with future research.  First, landowner risk perception associated 

with landscape-level geographic variables (e.g., housing density) may shape their decision-

making about whether to have hunting on their land, but not the number of hunters they 

allow per hectare - once they ultimately decide to allow hunting.  Landowners who choose to 

allow hunting may have low risk perceptions for hunting as a practice (Stout et al. 1993, 

Mozumder et al. 2007), and thus would not perceive significant risks associated with greater 

hunter density on their land.  Second, the aforementioned geometry associated with 

extremely small properties may promote greater hunter density on the landscape (i.e. across 

multiple properties) that individual landowners are not aware of.   

Our results suggest ongoing gender role changes in land ownership and management 

may present unique challenges to the future of hunting as a wildlife management tool, 

because the odds of women having hunting on their land were much lower compared to men.  

Hunting may occur less often on properties with female decision-makers because they have 

fewer hunters in their social networks than men, because women have more humanistic and 

moralistic value-orientations towards wildlife than men (Kellert and Berry 1987), or because 

women are more opposed to hunting than men (Wright et al. 1988), though future research is 

needed to establish the veracity of these hypotheses.  Irrespective of the mechanisms 

involved in the gender gap in allowing hunting, the ultimate outcome may be problematic for 

wildlife management.  Women in the United States are more likely than men to acquire land 

through inheritance (Effland et al. 1993, Eells 2010), and gender role transformation trends 
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suggest women will have larger influence over household decision-making in the future 

(Bianchi et al. 2006, Spain and Bianchi 1996), even for properties with shared ownership.  

Other property attribute and landowner demographic predictors of whether a property 

was hunted largely support results from previous studies (Wright et al. 1988, Jagnow et al. 

2006).  Property size was the strongest predictor of whether a property was hunted, which 

can potentially be explained by economy of scale (e.g., Hanson 1964, Demsetz 2000).  In this 

context, we extend economic theory to posit that a landowner’s cost per unit area associated 

with having or allowing hunting decreases as properties get larger.  The benefits reported by 

landowners who allow hunting (e.g., money generated by leases, reduced wildlife damage), 

typically increase on larger properties (Zhang et al. 2006, Storm et al. 2007, Golden et al. 

2013).  Conversely, the costs (e.g., stress, time devoted to managing hunters, concern about 

property damage or theft) do not necessarily decrease on smaller properties (Jagnow et al. 

2006, Zhang et al. 2006).  Duration of property ownership was a strong predictor of whether 

land was hunted, which has potentially problematic implications for wildlife management as 

land ownership turnover rates increase in many areas experiencing urbanization and 

increasing property values (Clawnson 2013).  Although rural residents are more likely to 

hunt themselves, or at least support hunting (Stedman and Heberlein 2001, Ryan and Shaw 

2011); our analysis suggests that urban/rural property location was relatively unimportant in 

terms of whether a property was hunted, perhaps due to low cost transportation options for 

hunters and the fact that many hunters will hunt wherever they can gain access to huntable 

land.  Rural upbringing of a landowner, however, was an important predictor of whether their 

current property was hunted, suggesting the influence of a rural background persists despite 
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factors including geographic mobility potentially making the current location of a property 

owner less important than it may have been in the past (Ryan and Shaw 2011). 

The exclusionary theory outlined by Wright et al. (1988) may explain why hunter 

density was lower on properties where the landowner or their family members hunt.  This 

theory submits that landowners who hunt may choose to keep the natural resources of their 

property for their own enjoyment.  Hunter density was also lower on properties that have 

been owned for longer durations, which lends credence to the Jagnow et al. (2006) assertion 

that landowners may selectively exclude hunters after a single negative experience.  

Logically, the probability of having a negative interaction with an irresponsible hunter 

increases the longer a property has been owned.   

MANAGEMENT IMPLICATIONS 

Wildlife managers hoping to promote hunting on private land should frame hunting 

access advocacy programs in ways that will likely engage and appeal to female landowners 

(e.g., Grunig et al. 2000), because they are less likely to have hunting occurring on their 

property, but are more likely to be making land-use decisions in the future (Bianchi et al. 

2006, Spain and Bianchi 1996).  Where parcelization is inevitable, greater hunter densities on 

smaller properties coupled with the greater total number of smaller properties hunted may 

more than compensate for the low percent of properties that are actually hunted.  This would 

enable recreational hunting to persist as a management option in urbanizing areas.  Many 

wildlife management agencies combine harvest data with estimates of land where hunting is 

legal to create indices of hunted species density (Downing 1980).  Such estimates, however, 

will violate underlying assumptions of indices until corrections in the amount of hunted land 
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are implemented.  This study provides empirical evidence that geographic variables (i.e. 

property size, housing and road density) may play an important role in predicting whether a 

property is hunted, highlighting the value in quantifying and mapping huntable land using 

predictive modelling.  These data would facilitate the development of improved indices of 

hunted species density by providing a more rigorous denominator of land that is huntable. 
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Figure 1. Respondents’ properties and municipal boundaries for the study area, North 

Carolina, USA, 2015 (n=1843). 
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Table 1. Independent variables used as predictors of whether a non-industrial property was 

hunted and hunter density on non-industrial properties in North Carolina, USA, 2015. 

Variable Description Mean Std. Dev. 

Property size Landowners property size in hectares 7.90 15.36 

Distance to 

nearest city (log 

transformed) 

Log distance in kilometers from 

landowners property edge to nearest city 

4.92 

 

4.30 

Housing density Housing units within specified kilometer 

radius extent of landowners property 

(0.25 = 0.25 km radius spatial extent, 0.5 

= 0.5 km radius spatial extent, 1 = 1 km 

radius spatial extent, 2 = 2 km radius 

spatial extent, 5 = 5 km radius spatial 

extent)  

0.25 = 

12.02 

0.5 = 33.11 

1 = 107.23 

2 = 394.90 

5 = 2492.89 

 

0.25 = 

16.76 

0.5 = 41.97 

1 = 133.09 

2 =  488.77 

5 = 2975.16 

 

Road density Road length in kilometers within 

specified kilometer radius extent of 

landowner property (0.25 = 0.25 km 

radius spatial extent, 0.5 = 0.5 km radius 

spatial extent, 1 = 1 km radius spatial 

extent, 2 = 2 km radius spatial extent, 5 

= 5 km radius spatial extent) 

0.25 = 2.87 

0.5 = 5.45     

1 = 12.92      

2 = 36.48      

5 = 180.10 

0.25 = 1.93 

0.5 = 2.80 

1 = 5.71 

2 = 15.94 

5 = 82.79 

 

Age Age in years 62.1 12.7 

Income Annual household income before taxes 

in 2014 (12.5 = < $25,000; 37.5 = 

$25,000 - $50,000; 62.5 = $50,001 - 

$75,000; 87.5 = $75,001 – 100,000; 

112.5 = $100,001 – $125,000; 137.5 = 

$125,001 - $150,000; 162.5 = > 

$150,000); midpoint of income bracket 

was used  

78.7 44.9 

  Proportion of positive 

responses 

Property 

ownership length 

How long the property has been owned 

by landowner or their family (0 = < 30 

years, 1= > 30 years) 

0.50 

Gender Gender of respondent (male = 0, female 

= 1) 

0.33 

   
Property used to 

earn income 

Landowner used the land to generate 

income (no = 0, yes = 1) 

0.29 

Rural/Urban 

upbringing 

If the landowner lived on a farm, ranch, 

or in a rural area outside of a town 

before they turned 18 (no = 0, yes = 1) 

0.36 
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Table 1. (continued) 

 

Variable 

 

Description 

 

Proportion of positive 

responses 

Education  Highest level of education completed (0 

= no college degree, 1 = college degree 

0.59 

Landowner lives 

on property 

Landowner resides on this property (no 

= 0, yes = 1) 

0.68 

Landowner or 

family hunts the 

property* 

The landowner or family member (e.g., 

spouse, child, relative) hunts the 

property (no = 0, yes = 1) 

0.67 

Landowner leases 

property hunting 

rights* 

Landowners leases hunting rights to 

their property (no = 0, yes = 1) 

0.03 

*= Independent variables used as predictors only for hunter density models. 
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Table 2. Candidate models from all possible models analysis to predict whether a non-

industrial property was hunted and hunter density on non-industrial properties in North 

Carolina, USA, 2015.  

Hunting occurrence models AICc  AICc 

Model 1: Property size + Gender + Property ownership length + 

Age + Property used to earn income + Housing density + Road 

density + Rural/Urban upbringing 

1679.05 - 

Model 2: + Distance to nearest city 1679.25 0.20 

Model 3: + Income 1680.25 1.20 

Model 4: + Education 1681.01 1.96 

Hunter density models AICc  AICc 

Model 1: Landowner or family hunts property + Property size + 

Property ownership length 

9097.67 - 

Model 2: + Landowner leases property hunting rights 9098.08 0.41 

Model 3: + Property used to earn income 9099.14 1.47 
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Table 3. Optimal models for predicting whether a non-industrial property was hunted (AICc 

= 1679.05) and hunter density on non-industrial properties (AICc = 9097.67) in North 

Carolina, USA, 2015. Independent variables ranked by relative importance. 

Hunting occurrence model Coefficient Odds ratio 

Standardized 

odds ratio 

Property size (hectares) 0.06** 1.06 2.64 

Gender [male] 0.65** 3.67 1.84 

Property ownership length [> 30 years] 0.41** 2.27 1.50 

Property used to earn income [yes]                     0.30** 1.83 1.31 

Age -0.02** 0.97 0.73 

Housing density (0.5 km) -0.006* 0.99 0.77 

Road density (2 km) -0.01** 0.98 0.80 

Rural/Urban upbringing [rural]  0.17** 1.42 1.18 

Hunter density model   Coefficient   Standardized coefficient 

Landowner or their family hunts their 

property [yes] 

-0.64** -0.27 

Property size (hectares) -0.06** -0.15 

Property ownership length [> 30 years] -0.15** -0.07 

**P ≤ 0.01 

*P ≤ 0.05 
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Table 4. Percentage of non-industrial properties hunted and mean hunter density on non-

industrial properties, by property size strata in North Carolina, USA, 2015. 

Property 

size 

(hectares) 

Percent hunted 

(sig. letter) 

Mean hunter 

density 

(sig. letter) 
Hunter density  

std. dev. 

Total no. 

parcels 

0.01-0.4 10% (A) 0.93 (A) 0.12 284 

0.41-2.02 19% (A)   0.65 (AB) 0.12 302 

2.03-4.05 38% (B)   0.42 (BC) 0.10 385 

4.06-8.1 51% (C)   0.33 (BC) 0.10 411 

>8.1 70% (D) 0.19 (C) 0.10 461 
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CHAPTER 2 

 

 

Modelling the Hunting Landscape on Private Lands Handbook 

 

 

INTRODUCTION 

 

Recreational hunting is the primary population management tool for most huntable 

wildlife.  However, societal views of hunting are changing (Peterson 2004) and hunters have 

become a minority (Ryan and Shaw 2011, USFWS 2011).  Population management 

alternatives to recreational hunting (both lethal and non-lethal) have been formulated and 

explored, especially in urbanizing communities where hunted species often are overabundant 

and hunting is limited.  These alternatives to hunting include contraception/sterilization (e.g., 

Rudolph et al. 2000) and targeted culling.  However, these non-traditional techniques would 

require a concerted public education effort before public support was high enough for wide-

spread implementation (Stewart 2011).  Recreational hunting likely remains the most 

effective and socially acceptable huntable wildlife population management technique 

(Stewart 2011).  

Hunting is a key funding source for wildlife management agencies.  Founded in 1937, 

the Federal Aid in Wildlife Restoration Act (commonly known as the Pittman-Robertson 

Act) put in place an excise tax on hunting and shooting equipment.  Since its inception, this 

act has been the primary funding source for state wildlife agencies.  These essential funds are 

used well beyond just managing and conserving species that people hunt. Funds generated by 

hunters indirectly support habitat enhancement, recreational access to public and private 

lands, wetlands protection, and soil and water conservation.  However, trends in hunting 
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participation do not project increased revenue for wildlife agencies (USFWS 2011).  If 

current trends persist, wildlife agencies will need to develop new sources of revenue to offset 

those traditionally generated by hunters (Dalrymple et al. 2012).  Further, recently proposed 

alternatives to recreational hunting (e.g., contraceptives, government culling programs) all 

act as revenue-sinks on agencies, whereas recreational hunting remains the only option that 

acts as a revenue-source. 

Threats to the viability of hunting as the primary means of game species management 

have spurred significant research, focusing primarily on demand side issues (e.g., increasing 

recruitment and retention of hunters) and not on supply side issues (e.g., increasing or 

maintaining land that is available for hunting).  Ryan and Shaw (2011) provide several 

important recommendations for increasing hunting demand: 1. Hunting should be promoted 

as an activity that facilitates a connection with nature and allows for quality time spent with 

family and friends, 2. Promote hunters’ contributions to conservation and the economy, 3. 

Hunters should be more inclusive and welcoming to newcomers, and 4. Mentoring programs 

should be implemented to provide an avenue for individuals who do not have hunters within 

their social circles.   

Hunter retention research suggests a link between reductions in access and hunter 

attrition.  The United States is losing huntable land at notable rates, resulting in hunters who 

are unsatisfied with their level of access to private lands for hunting (Wright et al. 2001, Alig 

et al. 2004, Storm et al. 2007, Siemer and Decker 2015).  For example, a study of hunter 

access in an exurban area of Illinois concluded that only 19% of properties within their study 

area were being hunted (Storm et al. 2007).  Similarly, a pilot program to reduce an 
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overabundant white-tailed deer (Odocoileus virginianus) population around Cornell 

University in New York also faced challenges related to hunting access on private land. 

Fifty-five percent of hunters who did not re-register in the program cited lack of access to 

private land as their main reason (Siemer and Decker 2015).  Lastly, a study conducted by 

Wright et al. (2001) reported that 60% of state wildlife agency chief executives believed that 

lack of access to private land was having an adverse effect on hunting license sales.  When 

such a large percentage of the constituency is affected (84% of hunters hunted on private 

lands at some point in 2011 – USFWS 2011), the issue cannot be ignored.  

Research on supply side issues of hunting is needed because massive shifts in 

urbanization, land parcelization, and landowner preferences suggest major threats to the 

amount of private land available for hunting.  Sampson and DeCoster (2000) highlighted a 

decreasing trend in family forest size, contributing to parcelization.  Land parcelization 

presents two major challenges with respect to hunted species population management: 1. 

Increased densities of huntable wildlife due to increased ecotones (especially for white-tailed 

deer), which may exacerbate negative human-wildlife interactions, and 2. Decreased hunter 

access (Harden et al. 2005).  Also, reverse migration (defined in this context as the 

movement of people from urban to rural communities) may play a role in the decline of lands 

available for hunting.  During 1994-1997, 80% of new housing construction occurred outside 

of urban areas (Campa 2011).  During 2005-2009, Rupasingha (2015) reported a net 

domestic migration of 100,000 annually from metropolitan to non-metropolitan areas of the 

United States.  Urbanites relocating to rural communities will inherently bring with them 
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values that differ from those found in traditional rural landscapes, such as a general support 

for hunting (Stedman and Heberlin 2001).   

The idea of huntable land has been important for decades (Kozicky 1977), but has 

rarely if ever been defined as a measureable variable.  Poudyal et al. (2008) came close by 

modeling demand for hunting in the southeastern United States, determining that suburban 

sprawl drastically reduced demand for hunting in counties throughout the region.  Although, 

this does not explain how suburbanization or other variables actually impact the land area 

that is available for hunting.  Hunted species are not susceptible to harvest on many, known, 

public lands, but biologists believe hunting does not occur on many more private lands where 

hunting is legal.  Without knowing the amount and distribution of unhuntable land, the 

efficacy of recreational hunting as a management tool in many areas is essentially unknown.   

To better understand the contemporary hunting landscape, the first logical step is to 

create a spatial predictive model to project where hunting could occur.  In this manual, we 

describe best practices for modeling the hunting landscape on private land, using extant and 

typically free geographic data.  Extant and free geographic data should be readily-available to 

anyone and is a much cheaper alternative to social survey data.  The methods described in 

this manual will allow for the creation of a baseline model of huntable land that can be 

monitored and updated as new spatial data becomes available.  Further, the modelling 

approach we describe will facilitate improved indices of hunted species density by providing 

a more rigorous denominator of land that is actually hunted.  
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Where is this useful? 

 

Modelling the hunting landscape is especially relevant in regions with extensive tracts 

of private property because huntable lands are defined by how landowners respond to both 

physical and social aspects of their surrounding environment.  However, the predictive 

modelling platform outlined in this manual can be extended to any region or state interested 

in mapping huntable land in the contexts of a changing landscape.  

Use of spatial predictive models in similar contexts  

 

Spatial predictive models have been used in parallel fields of research for many years, 

with applications ranging from archaeology to invasive plant management.  Although, the 

advent of geographic information systems (GIS) in the 1990s vastly improved the capabilities 

of spatial modelling.  More analogous to the field of wildlife biology, predictive modelling 

has been used to map the distribution of species (Raxworthy et al. 2003) and to predict 

invasions of invasive species (Thuiller et al. 2005, Vaclavik and Meentemeyer 2009).  By 

combining presence/absence data with digital records of environmental variables, predictive 

models have had a profound impact on the efficacy of species distribution research. 

The primary focus of predictive modeling within wildlife management is to identify 

the environmental conditions where populations can be sustained.  We deploy the same basic 

principles in our analysis, with the only difference being we wish to identify the geographic 

conditions that allow hunting to persist on an urbanizing landscape. 
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METHODS 

 

Step 1: Procure a spatial database of study area 

 

The first step is to procure or compile the most recent and complete spatial 

database(s) for your study area, which includes every property and its attributes (e.g., 

landowner(s) name and contact information).  Typically, these databases can be obtained 

from a government agency.  In North Carolina, we procured a state-wide database of 

properties from the North Carolina Department of Agriculture and Consumer Services, which 

annually compiles county parcel databases used to keep track of changing landownership for 

tax purposes.   

Note - The processes and tools described in this manual are associated with ArcGIS software 

(ESRI, Red-lands, CA), unless otherwise noted.  It is suggested that file geodatabases be used 

throughout the duration of the project, because of their superior application (e.g., easier file 

sharing, capable of larger file size) over other spatial file types in ArcGIS. 

Step 2: Designate public land as hunted or not hunted 

 Based on laws and regulations, biologists already have a clear understanding of where 

hunting occurs on public lands.  Information about where hunting occurs on public land 

within a state typically can be found at the states wildlife agency’s website.  Therefore, all 

public land in the spatial database can be designated as hunted (100% probability) or not 

hunted (0% probability).  Now, isolate all public lands into a new feature class - which will 

become useful again in step 16. 
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Step 3: Separate industrial private land from non-industrial private land  

 

To appropriately model the hunting landscape on private lands, these parcels will 

need to be separated into industrial and non-industrial properties.  Although both of these 

property types are contained within the same sample frame database, best practices for 

surveying them differ (step 6: for more information).  Non-industrial private land can be 

considered any property owned by private citizen(s).  Industrial private land can be 

considered any property not owned by government entities or private citizen(s) (e.g., 

companies, churches, restaurants).  There are two options for separating these two categories 

of property, and both may have to be used – depending on available data.  

Option 1) whenever possible, the easiest way to separate these property categories is by 

using zoning or land-use attributes.  In some cases, zoning and land-use designations will be 

displayed by codes or acronyms within the database attribute table, so you’ll need to track 

down what they represent by navigating through county planning websites.  Create two lists 

that differentiate property categories by these attributes, and separate accordingly.  

Option 2) in other cases, digital records of zoning and land-use designations will not be tied 

to properties in the spatial database.  Here, it is necessary to write a code that loops through 

properties to separate out the two property categories.  Foundational MATLAB code to 

complete this task is provided (supplemental information – section 1a), but certain alterations 

will be necessary (e.g., input file names).  First, scan through the spatial database attribute 

table, looking specifically at the landowners name field, and compile a comprehensive list of 

keywords associated with industrial properties.  We have provided a keyword list in 

supplemental information (section 1b) to be utilized, but this list should be updated 
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periodically.  Once you are satisfied with a list of industrial keywords, it can be used in the 

code (supplemental information – section 1a) to loop through each property and label it in a 

new field as either ‘0’ for non-industrial or ‘1’ for industrial.  

Note – this method will not perfectly separate out the two categories.  For example, if a non-

industrial landowners name includes the letters “bank”, in that order, it will be coded as 

industrial (assuming “bank” is included in your industrial keyword list).  However, after 

consulting numerous GIS analysts, it was determined this was the best option under the 

circumstances (i.e., for properties without digital zoning or land-use attributes).  

Step 4: Delete duplicates for sampling  

 

At this point, private land should be divided into an industrial feature class and a non-

industrial feature class.  To eventually create a spatial predictive model of huntable lands, 

you’ll need ground-truth survey data (step 6) from a subset of landowners addressing 

whether their property is hunted.  To start this process, remove duplicate landowners from 

the original feature classes (both industrial and non-industrial).  To delete duplicate 

landowners from non-industrial properties, start by using the ‘find identical’ tool with 

landowner(s) name as the target attribute.  This will present a table of all properties with 

landowners of the same name.  When dealing with a large area, there will be instances where 

different landowners (e.g., different people) have the same name (e.g., John Smith).  To only 

delete duplicate properties for a specific person, use the mailing address attribute as 

insurance criteria because private citizens owning multiple properties usually only have one 

mailing address tied to all properties (i.e., their main residence).  To delete duplicate 

industrial properties, use the ‘delete identical’ tool with landowner name as the target 
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attribute. As a precaution against trademark infringement, industrial properties owned by 

different entities will rarely have the same name (especially within the same state).  

Therefore, using the delete identical tool suffices for industrial properties.  These steps will 

ensure a random sample needed to run the ground-truth survey to find out which properties 

are hunted.   

Step 5: Stratify by property size 

 

Calculate the area of properties, using the ‘calculate geometry tool’.  Next, stratify 

properties by property size.  Property strata should be defined by your specific objectives, but 

it is good practice to ensure that all key property sizes in your study area are adequately 

represented.  This allows for comparisons of percent hunted by property strata.  The last 

required step before running surveys is to pull a random sample from each property strata. 

This needs to be done for both industrial and non-industrial properties and can be 

accomplished in ArcGIS (sampling design toolbox) or by converting attribute tables into 

Excel files.  Based on relatively low expected response rates (Dillman et al. 2014), it is 

suggested that your sample size for each strata be large enough for the analysis to hold up 

under statistical scrutiny. 

Step 6: Huntable land surveys 

 

The foundation of the spatial predictive model of huntable lands is ground-truth 

information on whether or not properties are hunted (the dependent variable).  Independent 

variables to be evaluated (e.g., population/housing/road densities, property size, distance to 

nearest town or city) can be calculated using ArcGIS.  If resources are limited, simply asking 

a statistically appropriate number of industrial and non-industrial landowners whether their 
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property is hunted will suffice for the spatial predictive model.  However, this would also be 

an opportune time to collect other data from landowners. For example, we ran a huntable 

lands survey for non-industrial properties in North Carolina, USA and collected various 

landowner and property information.  The questionnaire we developed is provided in 

Appendix A and was created using the Dillman et al. (2014) survey protocol.  Using 

traditional mail or telephone questionnaires is suggested over email or in-person 

questionnaires, because a comprehensive database of emails does not yet exist for 

landowners and in-person interviews are particularly expensive when respondents are 

randomly distributed across the entire study area.  We administered the non-industrial survey 

through traditional mail channels because this method has been shown to have the highest 

response rate for general populations (Dillman et al. 2014).  However, little research has been 

conducted as it pertains to hunting occurrence on industrial private land (Wright 1986); but 

we decided a telephone survey would be best practice, so that we could manage a relatively 

large sample while ensuring we gathered information from someone directly involved with 

land-use decisions for that property.   

Before running the surveys, each questionnaire should be assigned its own unique 

identifier that is tied to a specific property.  This ensures that completed questionnaires can 

be isolated from the sample and spatially linked back to a specific property in the feature 

classes.  Once the surveys are complete, use the unique identifiers from the questionnaires to 

create feature classes of sample properties.  One feature class will be created for industrial 

properties and one for non-industrial properties.  It is important that these feature classes 

contain a field addressing whether or not each property is hunted (coded as binary).  These 
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feature classes and their geographic attributes will facilitate the creation of the spatial 

predictive model.  

Step 7: Gather geographic variable values for sample properties  

 

When incorporating landscape-level geographic variables into a model (e.g., 

population, housing, and road density), it is crucial to evaluate their effects at multiple spatial 

scales (Piorecky and Prescott 2006, Altmoos and Henle 2010, Wang et al. 2012).  Previous 

research has shown that the spatial scale around a property or study area that has the greatest 

modelling effect will differ based on the variable of interest and region-specific data.  Start 

by buffering sample properties by the spatial scales you think may have an effect on 

determining whether the property is hunted.  For instance, when we created a spatial 

predictive model of huntable land for non-industrial properties in North Carolina, we selected 

5 spatial scales to evaluate using expert opinion (0.25, 0.5, 1, 2, 5 km radius). 

Population and Housing Density: Raw population and housing data can be obtained from 

the U.S. Census Bureau (https://www.census.gov/geo/maps-data/data/tiger-line.html).  

Gather the most recent TIGER shapefiles that aggregate population and housing data at the 

census block level (smallest unit used to report this data).  The process of calculating 

population and housing densities is essentially the same, so housing density is used as an 

example here.  The process is not as simple as dividing the number of housing units by 

census block area, and then multiplying that by the property size of interest.  This is because, 

in many cases, properties will overlap multiple census blocks - especially when spatial scales 

are added to the size of the property.  First, calculate the area of the sample properties with 

their newly added spatial extents chosen in step 7 (e.g.,1kmScale_hectares).  For example, if 
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you chose 5 spatial scales, then you will calculate 5 areas for each sample property.  Then, 

calculate housing density for each census block by dividing total housing units by total area.  

To account for property overlap on multiple census blocks, divide the properties by census 

block using the ‘intersect tool’.  Next, calculate the area of the newly divided parcels. To 

calculate percent overlap of properties between census blocks, create a new field using the 

‘field calculator’ (e.g., percent_overlap = subsection of property/entire property size).  The 

original FID (unique identifier used by ArcGIS) of each property should have carried over 

after the intersect, so multiple entries (but the same FID number) for properties that overlap 

more than one census block should be visible.  Run a ‘spatial join’ (“join data from another 

layer based on spatial location”) with the intersected feature class as the target feature and the 

census block feature class as the join feature.  This will result in a feature class that has the 

census block housing density joined to the appropriate subdivided parcels.  Use the ‘field 

calculator’ to multiply the subdivided parcel area by the census block housing density.  This 

generates the number of housing units per subdivided parcel.  Lastly, use the ‘dissolve tool’ 

to combine the subdivided parcels back into their original size.  In the ‘dissolve dialogue 

box’, the dissolve field will be the original FID and the statistics field will be the housing 

density field tied to each subdivided parcel.  For statistics type, use the “sum” option, which 

will add the housing density from each subdivided parcel with the same FID number, 

generating a final number of housing units on and around (i.e., including your selected spatial 

scale) each sample property. Whichever unit of measure is used for this analysis (e.g., acres 

or hectares), make sure to be consistent throughout.  Repeat the same process for housing 

density at each chosen spatial scale. Repeat the same basic process to calculate population 
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density, at each spatial scale, substituting population-related terms wherever housing terms 

were used. Lastly, run this process for both industrial and non-industrial feature classes.  

Road Density: Obtain a comprehensive file of road networks for your study area.  If 

possible, avoid using road files that only include primary and secondary roads, as this will 

omit thousands of kilometers of road that will be crucial in creating a useful predictive 

model.  Comprehensive and ArcGIS compatible road network files typically can be obtained 

from a State Department of Transportation.  First, use the ‘clip tool’, with the road file as the 

input feature and the buffered properties (i.e., spatial scales) as the clip feature.  This will clip 

roads to include only those on the sample properties and within the specified spatial scale 

(Figure 1).  Next, run a ‘spatial join’ with the sample property feature class as the input 

feature and the road clip feature class as the join feature.  The “sum” option will produce an 

attribute field of road density within the specified spatial scale for each property.  This 

process will need to be run for every spatial scale you selected for evaluation and for both 

industrial and non-industrial feature classes.   

 
Figure 1. Example of clipping roads to various spatial scales around a sample property. 
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Distance to nearest city: Values can be generated relatively easily using the ‘near tool’.  

Run this tool with your original sample property feature classes (not the buffered feature 

classes representing various spatial scales) as the input feature and a feature class containing 

all cities in your study area as the target feature.  In the dialogue box, be sure to designate 

“edge” as the property reference point rather than the centroid, so that property size is 

controlled for.  This process will create a new attribute field (e.g.,Nearest_Distance) that 

measures the distance from a sample property to the nearest city. Run this process for both 

industrial and non-industrial feature classes.   

When we generated these values in North Carolina, we decided to use distance to 

nearest city rather than distance to any municipality. The U.S. Census Bureau defines an 

urban area (i.e., a city) as having over 50,000 residents, which we believed was an 

appropriate level to evaluate whether urban areas had an effect on the surrounding hunting 

landscape.  The alternative (distance to all municipalities) would have included villages with 

25 people for example, which would bias the intention of this variable.  We also evaluated a 

distance to nearest city * property size interaction term to examine whether properties of the 

same size were hunted at similar rates across the spectrum of human development.  

Region: If your study area is relatively large, it is suggested that a region variable be created 

to explore the possibility of spatial non-stationarity.  If spatial non-stationarity exists, include 

the region variable in your model as a random effect.  In North Carolina, we broke our study 

area up into coastal plains, piedmont, and mountains regions.  
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Step 8: Test for collinearity 

At this point, geographic variable values should be calculated for every industrial and 

non-industrial sample property, and at each selected spatial scale for landscape-level 

variables (e.g., housing density).  Create collinearity matrices to examine independent 

variables.  If a set of variables are collinear, one will need to be excluded from the modelling 

process.  Run this process separately for industrial and non-industrial feature classes.  In our 

case, we found population and housing density to be collinear, so population density was 

removed from the modelling process.  

Step 9: Evaluate spatial scales 

 

To determine at which spatial scale your landscape-level geographic variables best 

predict whether a property is hunted, fit logistic regression models for every combination of 

landscape-level geographic variables (at all selected spatial scales).  Include all other 

geographic variables of interest in all models even though they do not differ by spatial scale.  

The model with the lowest AICc value will reveal which spatial scales are best for landscape-

level geographic variables because any change in model fit between models can be attributed 

to changing effects of spatial scales.  Run this process separately for industrial and non-

industrial feature classes.  When we ran this process in North Carolina, our landscape-level 

geographic variables of interest were housing and road density (after population density was 

taken out in step 8).  We fit 25 logistic regression models (5 spatial scales for housing density 

X 5 spatial scales for road density), and found that housing density at a 0.5-km (radius) 

spatial scale and road density at a 2-km (radius) spatial scale had the greatest effect on 

predicting whether a property was hunted.  
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Step 10: Build the predictive model 

 

Using the best model from step 9 (i.e., model with the lowest AIC value) as the 

starting point, run an all possible models analysis (including the property size * distance to 

nearest city interaction, but excluding all other interactions), and assess the models using 

AIC to determine which variables to include in the optimal model.  Run this process 

separately for industrial and non-industrial feature classes.  For non-industrial properties in 

North Carolina, property size, housing density (0.5-km radius), and road density (2-km 

radius) were components in our optimal model. Population density was taken out because of 

collinearity.  Property size * distance to nearest city interaction was not significant in the 

optimal model, so we evaluated lower-order effects separately.  Distance to city, although 

significant on its own, was not included in the optimal model.  Region effects were not 

detected once property size was controlled for.   

Step 11: Test for spatial autocorrelation (SAC) 

 

Models containing geographic variables need to be tested for SAC, using optimal 

model residuals (Augustin et al. 1996, Piorecky and Prescott 2006, Carl and Kuhn 2007, 

Dormann et al. 2007, Vaclavik et al. 2012).  First, model residuals need to be calculated for 

each data point (i.e., sample property).  R-code is provided in supplemental information 

(section 1c) to help with generating these.  Next, run a Global Moran’s I test on model 

residuals to assess for SAC.  If SAC is present in your data, a spatial autocovariate will need 

to be generated and incorporated into the optimal model.  R-code for generating a spatial 

autocovariate is provided in supplemental information (section 1d).  If SAC is not present, 
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continue on with the optimal model from step 10.  Run this process separately for industrial 

and non-industrial feature classes. 

Step 12: Model validation 

 

The first step of model validation is to assess spatial predictions using either an 

independent dataset or data partitioning (Guisan and Zimmermann 2000, Araujo and Guisan 

2006, Jeschke and Strayer 2008).  For this type of data, obtaining an independent dataset will 

rarely be feasible (i.e., it would require another survey of industrial and non-industrial 

properties).  Therefore, data partitioning can be utilized by sub-setting 70-80% of your data 

to build the predictive model and 20-30% to validate it.  Sub-setting data in this manner will 

allow for examination of your predictive model on properties with known outcomes (from 

the surveys).  Most statistical software programs are capable of data partitioning.  Once your 

data has been partitioned, re-run the model with the newly added validation component 

(Figure 2), and save the prediction formula.  The prediction formula will visually let you 

compare the predicted probability to the known binary outcome of whether a property is 

hunted.  However, in most cases, the sample will be too large to use this method in any 

meaningful way.   
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Figure 2. Example of using data partitioning to validate predictive model. 

 

Step 13: Model assessment 

A good method for assessing model performance when the prediction outcome is 

probability, is area under the curve (AUC) of the receiver operating characteristic (ROC), 

which can be run by most statistical software programs (Fielding and Bell 1997, Piorecky 

and Prescott 2006, Vaclavik and Meentemeyer 2009).  Area under the plotted line is the 

AUC statistic, which provides a single discriminant measure of model accuracy (Figure 3).  

An AUC statistic of 0.5 is considered no better than random, and an AUC statistic of 1 is 

considered excellent predictive power.  Predictive modelling efforts in various natural 

resources fields tend to generate AUC statistics in the 0.7-0.9 range (e.g., Piorecky and 

Prescott 2006, Vaclavik and Meentemeyer 2009). 
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Figure 3. Assessing model performance using area under the curve of the receiver operating 

characteristic. 

 

 

Step 14: Gather geographic variable values for every property in the study area 

 

Based on the predictive model outcome (step 10), gather values of geographic 

variables that play a role in predicting whether a property is hunted (refer to step 7 for 

details).  For landscape-level geographic variables, values need only be calculated for the 

spatial scale that has the greatest effect (step 9).  This process needs to be run for every 

property in the study area (not just sample properties anymore).  Further, run this process 

separately for industrial and non-industrial properties, using the feature classes created in 

step 3 (before you deleted duplicate properties for sampling purposes). 

 Note – ArcGIS software limitations may present themselves at this step, particularly at the 

spatial join phase.  For instance, when we modeled the hunting landscape for non-industrial 
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properties in North Carolina, trial and error revealed that ArcGIS could not handle spatially 

joining geographic variable values for more than 100,000 properties at once.  Therefore, the 

state-wide feature class (2,709,338 non- industrial properties) had to be broken down to the 

county level, run, and then merged back together – which was a tedious process.  Upgrading 

ArcGIS processing from 32 to 64 bit (add-in package available for download) did improve 

speed to a degree; but perhaps another GIS software (e.g., GRASS GIS or QGIS) or 

statistical software with spatial analytic capabilities (e.g., R) could handle larger datasets 

more efficiently.  

Step 15: Run predictive model on entire study area  

 When all necessary geographic variable values have been calculated, create a new 

attribute field (prediction). Using the ‘field calculator’, insert the predictive model equation 

(i.e. output from step 10) and run it.  This will generate the odds of a property being huntable.  

Finally, use the equation below to transform odds of huntable into the probability that a 

property is huntable. Run this process separately for industrial and non-industrial feature 

classes.  

Equation that transforms odds to probability:  1 / (1 +Exponent ([prediction])) 

 

At this point, you should have a probability of huntable for every single private 

property in your study area.  The intuitive threshold for separating huntable and “unhuntable” 

parcels is a 50% probability, right?  However, this is not always the optimal cut-point based 

on utility demand theory (Hartley et al. 2006).  In this context, the basic principle is to find 

the optimal cut-point that minimizes overall misclassification error and produces the best 

balance between the predictive models commission and omission rates.  Most statistical 
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software programs allow you to alter the cut-point and create confusion matrices for each cut. 

Compare the metrics outlined above (i.e. overall misclassification error and 

commission/omission rates) to determine which cut-point is optimal for your data. Run this 

process separately for industrial and non-industrial feature classes. 

 For instance, when we ran this analysis on the non-industrial predictive model in 

North Carolina, we found the optimal cut-point to be 40% probability.  Meaning that every 

non-industrial property above the 40% threshold should be considered huntable.  The change 

from the 50% cut-point to the 40% cut-point substantially decreased our overall 

misclassification rate and identically balanced our commission and omission rates.  

Step 16: Merge public, industrial, and non-industrial feature classes  

Use the ‘Merge tool’ to merge public, industrial, and non-industrial feature classes 

back together.  This creates a seamless spatial database for mapping, quantifying, and 

monitoring the hunting landscape of your study area!  

MANAGEMENT IMPLICATIONS 

 

Using predictive modeling to map the huntable landscape provides several key 

benefits to wildlife management agencies.  First, the creation of a spatial predictive model 

establishes a baseline of huntable land and allows for periodic adjustments as new spatial 

data becomes available.  Similar to work conducted on wildlife populations, we can now 

monitor how the hunting landscape changes from a spatiotemporal standpoint.  Second, 

quantifying huntable land facilitates the development of improved estimates of hunted 

species density by providing a more rigorous denominator of land that is huntable.  Many 

wildlife management agencies combine harvest data with estimates of land where hunting is 
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legal to create indices of hunted species density (Downing 1980).  Such estimates could 

violate underlying assumptions of indices because the error between harvest numbers and 

population estimates is constant, but the error between estimates of hunted land and the 

actual hunted land is growing due to urban sprawl.   

FUTURE RESEARCH 

 

Wildlife management agencies would gain more precise insight from the creation of 

predictive models of huntable land for each specific hunted species.  For instance, geographic 

thresholds (e.g., property size, housing and road density around a property) that produce 

unhuntable land presumably differ between bear hunting and small game hunting.  Once 

individual models were created for each hunted species, additional components such as land-

cover (habitat) data could be incorporated to further refine the hunting landscape. 
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SUPPLEMENTAL INFORMATION 

 

1a) MATLAB code to separate non-industrial properties from industrial properties. In 

MATLAB, % denotes a comment. 

 

clear all; close all; 

% location of county files 

indir = 'F:\ExcelTablesNoZoning_ByCounty'; 

% root directory 

indir1 = 'F:\'; 

% read file that gives each filename and data location information specific to each file 

[raw2,text2] = xlsread(fullfile(indir1,'excelTableforCoding')); 

% read in the list of industrial property keywords to be searched for 

[raw1,text1] = xlsread(fullfile(indir1,'searchwords')); 

% number of counties 

noCo = numel(text2(:,1)); 

% lists filenames 

filename = text2(2:noCo,1); 

col = raw2(:,1); 

row = raw2(:,2); 

words = zeros(numel(text1),1); 

words = char(text1); 

 

% adds a space to beginning and end of each word (or phrase) in keyword list 

for i = 1:numel(text1) 

    wordsfin(i,:)= horzcat(' ',words(i,:),' '); 

end 

 

% code segment that tells MATLAB to loop through each county 

for k = 30:noCo 

    clear raw; clear text; clear zones; clear zonest; 

    clear zonefin; clear reasonword; clear commorres; 

[raw,text] = xlsread(fullfile(indir,char(filename(k)))); 

% tells MATLAB to code properties as industrial ('1') or non-industrial ('0') using owner 

name as the search column 

zones = text(row(k):size(text,1),col(k)); 

 

zonest = zeros(numel(zones),1); 

zonest = char(zones); 

 

% adds a space to the beginning and end of each owner name 

for i = 1:numel(zones) 

zonefin(i,:) = horzcat(' ',zonest(i,:),' '); 
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end 

 

% loops through every owner name in each county to see which contain industrial keywords 

reasonword = zeros(numel(zones),1); 

commorres = zeros(numel(zones),1); 

for i = 1:numel(text1) 

    for j = 1:numel(zones) 

        if commorres(j)== 0 

% if owner name contains an industrial keyword then it is coded as '1' or industrial 

            yesorno = numel(regexpi(zonefin(j,:),wordsfin(i,:))); 

            if yesorno > 0 

                commorres(j)=1; 

                reasonword(j)= i; 

            end 

        end 

    end 

end 

 

% new output file with each property coded as non-industrial ('0') or industrial ('1') 

output = strcat('F:\Commercial_1_res_0\',char(filename(k)),'_2.xls'); 

xlswrite(output,commorres) 

 

end 

 

1b) Keyword list for separating industrial and non-industrial properties 

 

business 

company 

co 

co. 

corporation 

corp 

corp. 

incorporated 

inc. 

inc 

properties 

conservancy 

industrial 

restaurant 

tavern 

diner 

bar 
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resort 

bnb 

bed 

breakfast 

burger 

hotel 

motel 

museum 

apartment 

complex 

duplex 

triplex 

townhouse 

building 

gas 

station 

bank 

credit 

commercial 

store 

cemetery 

park 

parks 

university 

school 

home 

nursing 

retirement 

board 

trustee 

trustees 

market 

church 

night 

club 

warehouse 

home 

homes 

investors 

investment 

fire 

department 

dept 
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dept.  

fellowship 

golf 

estate 

estates 

trust 

plumbing 

heating 

brothers 

sons 

logging 

funeral 

sand 

gravel 

quarry 

paint 

boutique 

salon 

barber 

maintenance 

timber 

sewer 

treatment 

facility 

lodge 

ski 

contractor 

contractors 

united 

states 

America 

us 

us. 

usa 

government 

gov. 

govt 

gov 

govt. 

city 

town 

village 

municipality 
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park  

state 

county 

federal 

university 

school 

education 

learning 

police 

military 

camp 

base 

association 

technology 

builders 

merchants 

steak 

seafood 

italian 

chinese 

mexican 

japanese 

pizza 

food 

fast 

life 

daycare 

shop 

real 

partners 

partnership 

general 

broker 

garage 

sales 

insurance 

usfs 

north 

carolina 

nc 

college 

elementary 

school 
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high 

middle 

development 

group 

mountain 

cabin 

products 

electric 

power 

product 

brewery 

vineyard 

distillery 

holdings 

petroleum 

auto 

 

 

1c) R-code to test for spatial autocorrelation on model residuals. In R, # denotes a 

comment 

 

# read-in file with model components 

spatial=read.csv("Autocovariate.csv", header=TRUE) 

# ensure data read-in correctly 

head(spatial) 

# required library to generate model residuals 

require(spdep) 

# build logistic regression model with significant parameters 

spatial.glm=glm(HuntYesZero~Area_Hec+HalfHouse+Sum_DistKM_Two,data=spatial,fami

ly="binomial"(link=logit)) 

# check model output 

summary(spatial.glm) 

# gives coordinates spatial properties 

xy<-SpatialPoints(xy) 

#calculates model residuals  

res<-residuals(spatial.glm,"pearson") 

# creates new file with column of model residuals. Link residuals to specific properties in 

ArcGIS using Unique ID’s from sample properties 

write.csv(res,file="residuals.csv") 
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1d) R-code for generating spatial auto-covariate. In R, # denotes a comment. 
 

# Read in database 

spatial=read.csv("Autocovariate.csv", header=TRUE) 

# Ensure database read in correctly 

head(spatial) 

#Load spdep package needed to calculate autocovariate 

require(spdep) 

# Run normal logistic regression with significant variables included 

spatial.glm=glm(HuntYesZero~Area_Hec+HalfHouse+Sum_DistKM_Two,data=spatial,fami

ly="binomial"(link=logit)) 

# Summary statistics output from logistic regression 

summary(spatial.glm) 

# Spatially link coordinate points from each survey property 

xy<-cbind(spatial$POINT_X,spatial$POINT_Y) 

xy<-SpatialPoints(xy) 

# Plot spatial points to check 

plot(xy) 

# Define neighborhood size 

nb<-dnearneigh(xy,0,1000000) 

# Check neighborhood values 

print(nb) 

# Link neighborhood to xy coordinates 

nbd<-nbdists(nb,xy) 

# Allows properties with no neighbors to be assigned value of 0 

lw<-nb2listw(nb, style="B",zero.policy=TRUE) 

# function that generates the spatial auto-covariate 

spatialauto<-autocov_dist(spatial$HuntYesZero,xy,nbs=1000000,style="B",type="one") 

# summary output of auto-covariate function 

summary(spatialauto) 

print(spatialauto) 

# Run auto-logistic regression that incorporates auto-covariate term 

spatial2.glm<-

glm(HuntYesZero~Area_Hec+HalfHouse+Sum_DistKM_Two+spatialauto,data=spatial,fami

ly="binomial"(link=logit)) 

# summary output of autologisitc regression model 

summary(spatial2.glm) 
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APPENDIX 
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Appendix A 

North Carolina Non-Industrial Private Landowner Survey 

 
North Carolina State University 

RESEARCH INFORMATION LETTER 
 
 

Title of Study: Survey to Learn Where Hunting Occurs in North Carolina 
 

Principal Investigator:     Faculty Advisor: 
Conner Burke                   M. Nils Peterson 
M.S. student, NCSU                   Assistant Professor, NCSU 
crburke2@ncsu.edu    nils_peterson@ncsu.edu 
919-307-9645     919-515-7588 

 
 
I am a Master’s student at North Carolina State University working on a research project that 
examines why hunting occurs on some properties and not others. The information you provide will 
be used to determine the total land area where hunting occurs in North Carolina, as well as to 
improve wildlife population estimates. You are part of a small, select group of North Carolina 
landowners that have been asked to participate in this project.  This is a cooperative project with 
the North Carolina Wildlife Resources Commission (NCWRC). By agreeing to participate in this 
survey, you are providing the NCWRC with scientific data to better manage wildlife.  
 
Participation in this project is voluntary, and you can decline to participate at any time. Each 
participant will be assigned a unique ID code with their survey. This code will be used by researchers 
to avoid sending reminder cards and surveys to people who respond, and will be removed once all 
data collection is complete.  All information collected in the study will remain confidential to the full 
extent of the law. No individual responses will be used for public reports. If you agree to participate, 
please complete the survey and return it in the provided paid postage envelope. We ask that you do 
not write your name or address on the survey or the return envelope. 
 
If you have any questions, please email me at crburke2@ncsu.edu, or call me at 919-307-9645. If at 
any point you feel your rights have been violated by this study, please contact the Institutional 
Review Board at NCSU at 919-515-4515.  
 
Thank you, 
 
Conner Burke 
Master’s student 
North Carolina State University 
 
 

mailto:crburke2@ncsu.edu
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Survey to Learn Where Hunting Occurs in        

North Carolina 
 

 
Image from visitnc.com 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

We are interested in the opinions of all North Carolina landowners, 

regardless of whether or not they are particularly interested in 

hunting. You are part of a small, select group of North Carolina 

landowners that have been chosen to participate in this survey. The 

purpose of this study is to determine the total area where hunting 

occurs in North Carolina. All responses to this survey will remain 

confidential. This survey is voluntary, and you can decline to complete 

the survey at any time. 
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Instructions: For the entire survey, all questions refer to the property you own of (Mail-

merge) acres in (Mail-merge) County, NC.  
 

1. Does hunting occur on your property described above? (Check one) 

 

     Yes (Please continue to question 2)     

     No (Please skip to question 16) 

 

 

 
 
 

2. Please indicate the extent to which you agree or disagree with each of the following statements, 

about why hunting occurs on your property.  

(Circle choice for each) 

 

Hunting occurs on my 

property: 

Strongly 

Disagree 

 

-2 

 

-1 

Neutral 

 

 

0 

 

1 

Strongly 

Agree 

 

2 

To provide my family with the 

opportunity to enjoy the 

outdoors 

-2 -1 0 1 2 

To provide my family with the 

opportunity to harvest meat 
-2 -1 0 1 2 

To provide other hunters with 

the opportunity to enjoy the 

outdoors.  

-2 -1 0 1 2 

To provide other hunters with 

the opportunity to harvest meat  
-2 -1 0 1 2 

To support the tradition of 

hunting 
-2 -1 0 1 2 

To generate lease income -2 -1 0 1 2 

To reduce trespassing -2 -1 0 1 2 

To reduce property damage 

caused by wildlife 
-2 -1 0 1 2 

To reduce human disease risk 

 (e.g., rabies) 
-2 -1 0 1 2 

To manage wildlife populations -2 -1 0 1 2 

To improve wildlife habitat -2 -1 0 1 2 

Other (please specify below) -2 -1 0 1 2 

        Other:  
 
 
 

 

 

 

 

 

 

    
    

PART I: For landowners who have hunting occurring  

on their property 
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3. Has hunting always occurred on your property, while you owned it? (Check one) 
 

      Yes (Skip to question 5) 

      No (Continue to question 4) 

 

4. Please describe why hunting started to occur on your property, while you owned it. 

 
 

 

  
 
 

5. Do you, or other family members (immediate or extended), hunt on your property? (Check one) 
 

     Yes (Continue to question 6)  

      No (Skip to question 8) 

 

6. Approximately what percentage (%) of your property is open to hunting for family 

members?                      
                                                                                         
 

  7. Do you charge family members to hunt on you property?  

(Check one)  
 

      Yes 

      No 

 

8. Do you allow NON-family members to hunt on your property? (Check one) 
 

      Yes (Continue to question 9)  

      No (Skip to question 13) 

 

9. Approximately what percentage (%) of your property is open to hunting for NON-family 

members? 

                                                                    % 

 

10. Do you charge NON-family members to hunt on your property? 
 

      Yes (Continue to question 11)  

      No (Skip to question 13) 

 

 

 

 

 

 

 

 

 

 

    
    

    
    

% 
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11. What types of lease agreements do you have with hunters? (Check all that apply) 

     Annual 

     Seasonal 

     Other: (Please specify) 

 

12. Please indicate approximately how much you charge per acre.                       

                  $/Acre 

 

13. Please fill out the table below about hunted species and hunter numbers on your property. (Start 

with the far left column) 

 

Please circle 

each species 

that is hunted 

by any hunter 

on your 

property. 

Please estimate the total 

number of hunters that hunt 

each species on your property. 

(Total = you, or anyone else 

who hunts on your property) 

If you set a daily limit 

on the number of 

hunters that can hunt 

this species, please 

share that number here.  

Deer  

     Deer Hunters 

 
            Hunters per day 

Bear  

   Bear Hunters 

 
            Hunters per day 

Turkey  

       Turkey Hunters 

 
            Hunters per day 

Waterfowl 
 

             

              Waterfowl Hunters 

 
            Hunters per day 

Dove  

     Dove Hunters 

 
            Hunters per day 

Small Game 

(e.g., rabbits, 

squirrels) 

 

            

                Small Game Hunters 

 
            Hunters per day 

 

14. Please indicate whether or not you allow hunters to use the following weapons to hunt on your 

property. (Check Yes or No) 

 

 Yes No 

Bow and Arrow [   ] [   ] 

Crossbow [   ] [   ] 

Shotgun [   ] [   ] 

Rifle or Muzzleloading Rifle [   ] [   ] 
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15. Do you allow hunting with dogs on your property, for the following species? (Circle all that 

apply) 

 

Deer Bear Fox/Coyote Raccoon 
Small Game 

(e.g., rabbits, squirrels) 
 

Now, please skip to question 20 

 

 

 

 

 

 

16. Please indicate the extent to which you agree or disagree with each of the following statements, 

about why hunting does not occur on your property. (Circle choice for each.) 

 

 Strongly  Neutral  Strongly 

 Disagree    Agree 

Hunting does not occur on 

my property because: -2 -1 0 1 2 

There are too many roads on or 

around my property 
-2 -1 0 1 2 

There are too many houses on 

or around my property 
-2 -1 0 1 2 

There are too many people 

living on or around my 

property 

-2 -1 0 1 2 

My Home-Owners or 

Property-Owners Association 

does not allow hunting 

-2 -1 0 1 2 

Hunting rules and regulations 

are too complicated 
-2 -1 0 1 2 

There are not enough access 

points to my property  

(e.g., place to park a vehicle) 

-2 -1 0 1 2 

My property is too close to a 

town or city 
-2 -1 0 1 2 

My property is too small for 

hunting to occur 
-2 -1 0 1 2 

There is not enough wildlife 

on my property for hunting to 

occur 

-2 -1 0 1 2 

I do not agree with the idea of 

hunting 
-2 -1 0 1 2 

I do not know hunters that 

want to hunt on my property 
-2 -1 0 1 2 

I am concerned about wildlife 

being injured by hunters 
-2 -1 0 1 2 

 

 

 

 

PART II: For landowners who DO NOT have hunting occurring on their property 
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                    Question 16 Continued… 
I am concerned about liability 

from hunting 
-2 -1 0 1 2 

I am concerned about hunters 

damaging my property 
-2 -1 0 1 2 

I am concerned about hunters 

reducing my privacy 
-2 -1 0 1 2 

I am concerned about safety 

issues associated with hunting 
-2 -1 0 1 2 

I am concerned about noise 

associated with hunting 
-2 -1 0 1 2 

Other (Please specify below) -2 -1 0 1 2 

        Other:  
 

 
 

17. Has hunting ever occurred on your property, while you owned it?  

(Check one) 
 

     Yes (Continue to question 18) 

     No (Skip to question 19) 

 

18. Please describe why hunting was stopped on your property, while you owned it? 
 

 

 
 

 

 

19. Would you decide to allow hunting on your property under any of the following conditions?       

(If YES, check the box to the right of the question). 
 

If hunting lease rates were high enough: If checked, indicate the 

payment per acre. $  

 

[   ] 

If hunters only used bow and arrow [   ] 

If hunters only used bow and arrow or shotgun  

(a shot that travels a short distance compared to rifles) 
[   ] 

If huntable wildlife (e.g., deer, bear) were damaging my property [   ] 

If huntable wildlife posed a human disease risk (e.g., rabies) [   ] 

If a family member asked for permission to hunt on my property [   ] 

If a friend asked permission to hunt on my property [   ] 

I would never consider allowing hunting on my property [   ] 

Other (please specify below) [   ] 

Other:  

 

 

 

 

 
20. How long has your property been in your immediate or extended family? (Check one) 
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     Less than 5 years          

     5-10 years 

     11-20 years 

     21-30 years 

     More than 30 years 

21. Is your property used to earn income? (Check one) 
 

      Yes      

      No 

 

22. Do you live on your property? (Check one) 
 

      Yes      

      No 

 

23. Does anyone besides your immediate family have a home on your property? (Check one) 
 

      Yes (Continue to question 24)  

      No (Skip to question 25)  
 

24. How many other homes are on your property?                Home(s)                    
 

25. Do you think landowners around your property allow hunting on their property? (Check one) 

 

      Yes, I think all of them do 

      Yes, I think more than half of them do 

      Yes, I think about half of them do 

      Yes, I think less than half of them do 

      No, I think none of them do 

      Unsure    
 

 

 
 

 

26. What is your gender? (Check one) 

  
      Male  

      Female 

 
27. In what year were you born?  
 

 

28. Please indicate the highest level of education you have achieved. (Check one) 
 

      Less than High School 

      High school/GED 

      Vocational or Trade School 

      Associates Degree 

      Bachelor’s Degree 

      Professional Degree 

       
    
    
    
    

    
    

    
    

    
    

    
    
    
    
    
    

PART IV: Respondent Background 
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29. Did you ever live on a farm, ranch, or rural property outside of a town, before you turned 18? 

(Check one) 
 

     Yes (Continue to question 30)  

     No (Skip to question 31) 

 

30. How many years did you live on a farm, ranch, or rural area outside of a town, before 

you turned 18?  

                                                                 Years 

 

31. Which of the following best describes your annual household income, before taxes? (Check one) 
 

     Less than $25,000 

     $25,000-$50,000 

     $50,001-$75,000 

     $75,001-$100,000 

     $100,001-$125,000 

     $125,001-$150,000 

     Greater than $150,000 

 

Thank you for taking the time to complete this survey.  

Your help is greatly appreciated! 
 

Additional Comments:  

 

    
    
    
    
    
    

 


