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Careful utilization of natural resources to meainlan demands is the pivotal
concern of the evolving discipline of “human dimiems of natural resources”. In the
USA, government agencies such as the Nebraska @adhearks Commission (NGPC)
regularly offer state-wide programs to manage wedksuch as controlling the abundance
of deer species through licensed hunting. Hunsrani outdoor activity for all kinds of
citizens, and generates revenue to support manageigame species. Agencies often
conduct surveys to better understand stakeholgerseptions for planning better
management strategies.

An online survey included a discrete choice expentr{DCE) was planned to
elicit hunters’ preferences who hunt in Nebraskauoblicly accessible land for hunting.
The current research describes the design andsisalythe DCE portion of the survey.

Discrete choice experiments (DCES) are based atoranutility theory. In DCEs,
distinct choice sets, each with at least two atteves, were constructed. Every
alternative is based on some combination of ateguvhere each attribute is measured
and/or observed with different levels. A group bbice sets is offered to every
respondent to choose the alternative which heikbe the most. This multivariable

approach better describes tradeoffs between agsliban uni-dimensional approaches



such as nominal and/or Likert-scale questions. apjaroaches for designing discrete
choice experiments, Yong Method (2-Level desigm) Street-and-Burgess Method (3-
Level design), were compared. Further, three contynesed analysis approaches for
analyzing the discrete choice data are brieflyaeed. These are Multinomial Logit
Models (MNL), Mixed Logit Models (MXL), and Lateir@lass Models (LCM).

DCEs generated from the 2 and 3 level designs ameaig/zed with each of MNL,
MXL and LCM. Design and analysis methods of DCEgg®st that careful consideration

of both is necessary to effectively address theaieh objectives.
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CHAPTER 1 - DISCRETE CHOICE EXPERIMENTS FOR NATURAL
RESOURCES

Introduction

Humans live in and interact with their environmantliverse ways, and it is
unlikely that each person has exactly the sameid¢titoward natural resources. Human
preferences for natural resources vary across depbig characteristics and different
geographies, affecting how humans respond to mamagfeactions. For example, people
living near a forest would have certain prefereriogsard the forest resource. If their
preference is to consume trees for fire (heatinggaes) rather than using other energy
sources such as hydro, wind, or gas, then morstfaranagement actions such as
restrictions on tree cutting and fines may be nexgLiiOn the other hand if a community
cares for the resource using conservation appreadifeerent management actions will
be required. The study of human preferences farrabtesource management is an
aspect of “human dimensions of natural resourdeg’important to understand
variation in human preferences toward natural resgsufor effective planning (Gibson et
al. 2000).

Social scientists have developed methods and agipeedor effectively
measuring human preferences. To understand pegpkfarences about a certain issue,
e.g. wildlife hunting opportunities, researchengidglly use a survey and ask yes/no or
Likert scale questions. For example, a Likert scateing from 1 to 5 (strongly disagree
to strongly agree) asking “how likely would you farea hunting area close to home?”

and “how likely would you prefer a hunting arealwihany target species?” Most people



would answer 5, strongly agree, for both of thesestjons. However, this would not
really tell us how people tradeoff these preference. when forced to choose between
the two which do they prefer. Understanding tratfeisfimportant because managers
may not be able to provide hunting opportunitieselto everyone with many target
species. Therefore, scale-based questions ofdHisue less helpful for planning.

There are two ways to determine tradeoffs amonglp&opreferences, by either
measuring stated or revealed preferences. Inedspaeference (SP) survey, respondents
are usually asked to choose a scenario or attglnfta scenario that they prefer the most
— before they actually experienced the produceorise. In contrast, a revealed
preference (RP) survey asks for respondents’ behatfter they have used and/or
experienced a certain good and/or service. Botar8PRP are about the type of data
used and when it’s collected, rather than indicpéirspecific elicitation technique
(Carson and Louviere 2011). For example, Windk Ralf (2014) applied two
commonly used elicitation methods: Contingent VabmaMethod (CVM) and Discrete
Choice Experiment (DCE) for estimating the visit@taited preferences about off-beach
facilities and beach maintenance likely to be pitediat a beach in Australia. Kempen et
al. (2009) used a RP survey to investigate willegmof households in rural Guatemala
to abstain (an indirect way to measure about vgiess to pay) from buying illegal
firewood. Often researchers used both SP and Rieisame study. Earnhart (2001)
combined both approaches to study household prefesefor environmental amenities of

coastal wetlands in Fairfield, Connecticut.



Advanced countries, such as the USA and Canada,diierent research
institutes and government agencies for planningisapiementing wildlife management.
In Nebraska, one of these agencies is the Neb@akae and Parks Commission
(NGPC), and one of their main goals is to provigpartunities for and manage
recreational hunting. Recreational hunting is apantant management tool for keeping
populations of game species (e.g., deer) in chBo&.agency collaborates on a regular
basis with university social scientists, ecologiatsd statisticians to estimate the public’s
perceptions (general and/or specific) toward wigdlpredict population dynamics of
wildlife, such as white tailed deeD{locoileus virginianus and other projects.

Unfortunately, there is a decline in hunting andleny participation across the
United States (Kendall et al. 2013). This decliniremnd is an important issue for
agencies like NGPC for whom hunting and anglingrige fees are a significant source of
revenue, in addition to the value of recreationaiting as an important management
tool. From 1990 to 2006, there was a decline irtihgrfrom 14.1 million to 12.5 million
people across the US (USFWS, 2006, 2011). Thismatirend is also reflected in
hunting participation in Nebraska, where huntingipgation declined approximately
23% from 1990 to 2006. The reasons why individpaldicipate in hunting mainly
include getting a trophy (trophy in this case refiera head or skin or other artifact from
an animal, not a reward in a competition), and iobtg high quality meat (Perea et al.
2014). Hunting activities also contribute to thememic welfare of local communities
(Pennisi and Kill 2012). One postulated reasortierdecline in hunting participation is

difficulty in finding land on which to hunt (Holzger 11 2009). In Nebraska, 97% of the



land is privately owned, so hunters need to ganhpssion prior to hunting on a particular
piece of land. The small amount of public land Elde for hunting receives a high level
of hunting pressure as a result.

In 2011, a two-year program was started by NGPCRirehsants Forever, called
Open Fields and Waters (OFW). The objective of ithigtive is to increase public
access for hunting on privately owned land. The GB\Ah important program not only
for hunters who hunt in Nebraska, but it also pidesgibenefits for local landowners.
With this in mind, NGPC conducted an online surireg011 to learn about hunters who
hunted on OFW land in Nebraska during 2011. Thedailye of this survey was to
estimate the impact of OFW on hunters’ recruitnaend retention. This survey measured
hunters’ attitude/preferences using Likert and Liitike scales: 2-point e.g., YES/NO; 5-
point e.g., options from strongly-disagree to sgtgragree or choosing option(s) from a
given range of possible offers. The Likert-scalsdohsurvey showed strong preferences
for most items but all preferences were considaseolated preferences, i.e. asked as
individual items. Therefore there is no informatedvout how hunters would tradeoff
preferences such as a large areas to hunt or elaser to home. Thus, it is difficult to
decide what the best possible set of practices imdanagement because hunters choose
the best for every given question provided throtigkert scale” based items. The
hunters emphasized that maintaining OFW programinvpsrtant for retention and
recruitment, especially for promoting upland bitthting (Pennisi and Kil 2012).

To better understand tradeoffs among preferencas,vay based on a discrete

choice experiment (DCE) can provide multi-attributiormation. DCEs are mainly used



in the field of marketing research, environmentaremics, and medical health facilities
(Louviere et al. 2010; Bekker-Grob et al. 2012)e furpose of this research is to
implement a DCE for getting better estimates oftars preferences, which will be
helpful for NGPC to more effectively plan futurertting land investments for improving
the OFW program and hunter recruitment and retenfibe focus of the present research
is to review approaches to design and analyze &Pottéained through a DCE, and
empirically compare two DCE design approaches ¢ondgich method works best to

elicit preferences. This will be done using a stofifiunters’ preferences in Nebraska.

Importance of Discrete Choice Experiments

This section is helpful to understand the mechamgdiscrete choice
experiments as compared to nominal and Likert scdle decide more realistic and
practical approaches for future hunting policieslevbptimizing available resources,
officials need to understand how hunters traddwdirtpreferences among various
combinations of possibilities. The approach sudablthis endeavor is to provide each
respondent with a set of choices and ask theml¢otsane. There are different terms
used in the literature, such as “forced choicequesfces,” “stated preference” or “choice
experiment”. In this manuscript, the term “discretwice experiment (DCE)” will be
used (Carson and Louviere 2011). The usage of D€Eiasreasing in the field of natural
resources and environmental management. Thereamgr® published articles using
DCE until 2000, with publications increasing in tw@ming years (Figure 1-1).

The difference between a Likert scale survey abdC& based survey can be

explained with a simple example. Consider therdlaee attributes of interest and each



has three different levels (there could be any remolb attributes and each attribute can
have any number of levels). For example, the &tstbute “number of individual target
species present” could have 3 levels of presenegy‘few target species present,”
“average number of target species present” andugmdarget species present to fill bag
limit”. The second attribute, “access-days” has\&ls: “limited to 2-3 designated days
per week,” “limited to 2-6 days to hunt per monérid “unlimited days to hunt at a given
site.” The third attribute “number of sites” hagéés: “4-8 other sites within a 20 miles
radius,” “more than 10 sites within a 20 mile redaf the site” and “no other sites within
a 20 mile radius.” When asking about these atiiedusing nominal scale approach, a
respondent has to choose the preferred optiorefdr gem. This makes it difficult to
precisely estimate the relative importance of thesen response within respondent and
between respondents across all the attributeshar avords, it makes it difficult to weigh
the relative importance of each response compar#tetothers (Figure 1-2). Similarly,
the questionnaire could be based on Likert scatest(Figure 1-3). Here, respondents
can provide their level of preference for each itamit is still be difficult to estimate the
relative importance of all options within a respentland between respondents across all
attributes.

In DCE, the same case can be presented in a nmuétidiional style, where
plausible combinations of all levels of the givettributes are arranged in sets called
alternatives or options. Two or more of these atigves are then grouped together where
each group of alternatives makes up a choiceRespondents are presented each choice

set and asked to choose the most preferred aliteznaithin a given choice set (Figure 1-



4). Now, respondents are required to make tradetwffg€hoose the most preferred
alternative. For example, a choice set with twerakitives, Site A and Site B (Figure 1-4),
Site A has more than 10 other hunting sites nedmlityhas fewer target species. A
respondent who places greater value on having sites nearby over target abundance
would likely prefer Site A over Site B. Data colied in this way will provide better
understanding of how and which respondents’ selestmaximize their underlying desire.
This type of data collection is more likely to pide insights for effective policy making
to accommodate a majority of respondents (huntesg)er available resources (species’
presence, pressure, and number of sites) in actebemanner.

DCEs help to find reasonable estimates of the redgrats’ perceptions about
their tradeoffs among the attributes in the givenas alternatives. However, failure to
carefully construct choice sets can lead to probleith excessive respondent burden
and imprecise estimates of utility variance. Resieom burden mainly increases with
increasing number of attributes and/or by the nurob&evels per attribute, as well as the
number of choice sets presented to respondents éW\4t. 2009). This is problematic
mainly because respondents have to read, compdreoatrast much more than what is
usually required in a traditional survey questiareahus increasing respondent fatigue
or burden.

Johnston et al. (2003) examined relationships anpoefgrences of rural
residents and policy implications in southern Navwgland using both Likert-scale
assessments and stated preferences. Their findkpigined key limitations for eliciting

preferences based on Likert-scale. For instaneg, ftbund that support based on Likert-



scale estimates for land use policy options doésisgure about enhancing welfare. As
an example, they found strong support that houdewvglopers should “conserve open
space as part of residential development” by usiegn rating of Likert-scale. They also
revealed lower preferences for “open space locadggtent to residential development.”
Therefore, this study told that discrete choice et®dre better for eliciting information
about the marginal utility of management outcomeshsas public’'s preferences toward
open space in residential area.

Discrete choice experiments (DCESs) are based olkestlblished behavioral
theory called random utility theory (RUT), propodsdThurstone (1927). RUT states
that “an individual derives utility by choosing alternative” (Walker and Ben-Akiva,
2002). So RUT “models a respondent’s preferencestematives by drawing a real-
valued score on each alternative (typically indeleerly) from a parameterized
distribution, and then ranking the alternativesoagding to scores” (Soufiani et al. 2012).

Decisions by different individuals are not neceidgareighted (or rated) the same
even when each person has the same number oftdealéernatives. Such variability is
referred to as heterogeneity. To understand teati@hoices of individuals, behavioral
economics emphasizes the behaviors of individuatfioosing their preferences. For
example, one can prefer personal conveyance ritaeriding on public transport.
There could be more than one conveyance type (Boggle, car) and means of transport
(e.g., bus, train), and there could be many reagwrehoosing such alternatives. The
challenge of a choice analyst is to set up theqatore that maximizes the amount of

measured variability or observed heterogeneityramimizes the amount of unmeasured



