
ABSTRACT 

LUTZEYER, SANJA. Essays in Offshore Wind Energy Development. (Under the direction 
of Dr. Laura O. Taylor). 
 

The US is second only to China in terms of installed land-based wind energy, but no 

commercial offshore wind energy facilities exist in the US to date. Numerous states are in the 

offshore wind planning process, among them North Carolina (NC). Among East Coast states, 

NC has the largest share of offshore wind resources (23%). This, together with low predicted 

production costs and a large electricity market, puts NC in a unique position to develop 

offshore wind energy. 

Substantial resources have been invested in estimating wind resources, examining 

legal and geological frameworks and exploring possible shipping, military and environmental 

conflicts with wind energy development. Economic analysis to date has focused almost 

exclusively on levelized cost of energy generation. While visual impacts are the most cited 

reason for opposition to wind farms, no quantification of the possible viewshed externalities 

resulting from wind farm development have been conducted. Moreover, while job creation 

and carbon reduction are frequently mentioned as benefits resulting from offshore wind 

energy development, no information exists to date on how these aspects impact resident 

willingness to pay to have wind energy augment the grid. 

This study uses the economic valuation method of choice experiments (CE) to 

estimate the willingness to pay (WTP) for different offshore wind energy scenarios in NC to 

better understand the economic trade-offs that accompany such development. This is 

achieved through two separate surveys. The first, the vacation rental (VR) survey, focuses on 

coastal tourism and examines the change in WTP for vacation property rentals located close 



to beaches where ocean views are impacted by wind facilities. The second survey, the 

General Population (GP) survey, is administered to a random sample across the state of NC 

to estimate the WTP to have offshore wind energy augment the grid, and examine how this 

WTP depends on the visual impacts, job creation and carbon reduction accompanying 

offshore wind farm construction. Both surveys consist of two treatments to examine 

differences in preferences given different sets of information. The VR survey examines the 

impact of providing respondents with both daytime and nighttime visualizations. All previous 

studies have only included daytime images, a potentially important omission since turbines 

are lit at night. The GP survey investigates how respondent WTP differs depending on 

whether respondents were told that offshore wind farm development would take place off a 

developed coastal town or off the Cape Hatteras National Seashore. Both applications allow 

for unobserved preference heterogeneity across respondents by employing latent class 

models. 

Results of both surveys suggest that viewshed impacts of offshore wind farms are an 

unambiguous disamenity, both for the beach rental market in NC, as well as for the NC 

population in general. Moreover, welfare impacts are significantly higher if nighttime images 

are included in the survey or the wind farm location is specified to be off the Cape Hatteras 

National Seashore. For the rental market specifically, results from the VR survey suggest that 

the construction of wind farms within view would result in approximately 55% of 

respondents no longer renting in the area and another 24% would require substantial 

discounts in rentals prices to continue renting in the area if turbines are placed close to shore. 

However, the disamenity impact of visible wind farms is found to decreases with distance. 

Given costs of construction and operation increase with distance from shore, these results 



suggest that the optimal location of wind farms is likely within a visible distance from the 

shore. Moreover, results from the GP survey suggest that the visual disamenity can be offset 

to some extent by the job creation and carbon reduction that accompanies offshore wind 

energy production.  
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Chapter 1: Introduction 

With rising confidence that anthropogenic greenhouse gas emissions are contributing 

to climate change, both citizens and policy makers are increasingly looking toward policies 

to help address the issue of climate change. Among these is a move toward renewable 

energy. It is increasingly recognized that the largely undeveloped resource of global offshore 

wind energy has the potential to supply a significant part of world energy needs. According 

to US Department of Energy estimates, more than 900,000 MW of potential wind energy 

exists off the coasts of the United States – roughly equivalent to the entire current installed 

electrical capacity in the country (MMS 2006).  

Offshore wind farms have been established successfully in waters off the coast of 

northwestern Europe including the United Kingdom, Denmark, Ireland, Wales, Holland and 

Sweden (Lynn 2011). Although there are currently no operational offshore wind parks in the 

United States, several projects exist which are at varying stages of planning and 

development.1 Large onshore wind parks are already operational throughout the United 

States – with the US being second only to China in terms of total installed capacity (Fried 

2013). Offshore wind parks, however, offer the benefits of both stronger and more consistent 

wind resources. Moreover, higher initial capital costs associated with offshore projects are 

increasingly being offset by economies of scale as improvements in technology allow 

                                                 
1 Numerous proposals are currently under consideration, with states like Texas, Rhode Island, Delaware, 
Massachusetts, Michigan, Ohio, Wisconsin, Maine, Maryland, New York, New Jersey and Virginia all currently 
considering developing offshore wind power facilities (OffshoreWind.net 2012). 
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construction of larger and more efficient turbines as well as more expansive multi-turbine 

projects (Lynn 2011; Larsen et al. 2005; MMS 2006).  

Although no national goal for renewable energy production is in place in the United 

States, fal agencies are called upon by the US National Energy Policy Act of 2005 to increase 

their proportion of renewable energy use. Moreover, the US Department of Energy in 2008 

published a plan for increasing wind energy’s share of the nation’s electricity to 20% by 

2030 (US DOE 2008). Many states, including North Carolina (NC), are moving forward to 

increase their wind-power capacity – both on land and offshore. 

According to the National Renewable Energy Laboratory, the East Coast holds 

around 30% of the offshore wind resource potential of the United States.2 Of the East Coast 

wind resources, North Carolina is the state with the largest share of offshore wind resources 

(23%). If it is taken into account that shallow water (up to 30meters depth) is still one of the 

most important factors for near-term offshore wind development (CleanEnergy Footprints 

2011; Pearce & Oezdemiroglu 2002), North Carolina’s share of wind resources increases to 

26% of East Coast potential (NREL 2010). North Carolina has also been identified as one of 

the least expensive states in the US for new offshore wind construction costs. This factor, 

combined with the fact that North Carolina has one of the East Coast’s largest electricity 

markets makes North Carolina ideally suited for initial offshore wind energy development 

(US DOE 2010). 

 

                                                 
2 This statistic is for areas with annual average wind speeds of 7.0m/s or greater at 90-m elevation and within 50 
nautical miles of the shoreline. The ‘East Coast’ is defined to include New England, the Mid-Atlantic States, 
and the South Atlantic Bight. 
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The University of North Carolina at Chapel Hill (UNC) was commissioned in 2009 to 

evaluate the offshore wind power potential for NC, conduct an environmental impact 

statement and suggest feasible areas for wind farm construction. Although certain hurdles 

such as insufficient infrastructure and legal barriers are identified, the study concludes that 

the coast of NC, as well as possibly the eastern Pamlico Sound, offer potential for utility-

scale wind energy and recommends that the State should aggressively pursue wind farm 

construction (UNC 2009). 

Substantial resources were put into estimating wind resources, examining legal and 

geological frameworks, and exploring possible wind energy development conflicts with 

birds, bats, marine life, military use zones and ocean shipping lanes, among others (UNC 

2009). The economic analysis done for the report was, however, limited in scope. Focus is 

almost exclusively on the “levelized cost of generation.”3 As such, capital costs, operation 

and maintenance expenditures, tax treatments and financing structures were considered, but 

the study does not take into account the externalities which would result from a change in the 

viewshed accompanying offshore wind power development (UNC 2009). 

On December 12th 2012, the Bureau of Ocean Energy Management (BOEM)  

announced the release of a Call for Information and Nominations to gauge industry interest in 

entering into commercial wind leases for three areas identified as potential future wind 

energy development areas (Department of the Interior 2012a). Together with the release of 

the call areas, BOEM released a notice of intent to prepare an environmental assessment that 

considers the environmental and socioeconomic consequences associated with potential 
                                                 
3 “Levelized cost of generation is that constant price per MWh of generation in nominal dollars that results in 
the recovery of all project costs including the after tax cost of equity” (UNC 2009). 
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future issuance of commercial wind leases and the subsequent approval of site assessment 

plans done by the lessee (Department of the Interior 2012b). Aesthetics and visual impacts 

are among the socioeconomic factors to be considered in the environmental assessment 

(Krevor 2013). BOEM simultaneously released the results of an Offshore Wind Visualization 

Study for Offshore North Carolina to help evaluate potential visual impacts of offshore wind 

turbines.4 While these visualizations were released in time for the public comment period 

(starting on December 13 2012 and ending March 7, 2013), no quantification of economic 

value of visualizations has yet been conducted or even proposed (BOEM 2012). 

 A rigorous economic evaluation, in which the costs and benefits of offshore wind 

power are considered, should account for the potential externality of changes in the viewshed 

resulting from offshore wind turbines. Although this type of externality is absent in the direct 

calculus of markets, its presence in social accounting is nevertheless critical from an 

efficiency standpoint. Visual intrusion is the most cited reason for opposition to wind farms 

(Lynn 2011; MMS 2007). Moreover, according to the Cape Wind Environmental Impact 

Report, visual effects of offshore wind projects pose the most significant source for adverse 

effects on tourism and recreational areas (MMS 2009). 

Supporting jobs for 200,000 NC residents and generating $18 billion across the state 

in domestic traveler spending in 2011,  tourism is one of North Carolina’s largest industries 

(NC Department of Commerce 2012). In 2011, more than 20 percent (approximately 7.5 

million person-trips) of North Carolina visitors traveled to the Coastal Region, with 93% of 

                                                 
4 The study examines 18 sites along the NC coast with views of 200 turbine wind projects at 10, 15 and 20 
nautical miles offshore. Visualizations are created for both the Siemens 3.6MW and the Vestas 7MW wind 
turbine models. 
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overnight visitors stating leisure reasons as their purpose for travel (NC Division of Tourism 

Film & Sports Development 2012).5  Due to the role of tourism as a major contributor to 

coastal economies in NC, it is critical to assess the impact that utility-scale wind farm 

facilities may have on tourism.  

This study uses the economic valuation method of choice experiments (CE) to 

estimate the willingness to pay (WTP) for different offshore wind energy scenarios in NC to 

better understand the economic trade-offs that accompany such development. The broader 

goals of this study are twofold. First, I hope to contribute missing, but critical, information 

needed to construct offshore wind energy at the least social cost. While visual disamenities 

can be reduced, or even eliminated, by locating wind farms further from the coast, costs per 

kWh produced increase significantly as distance from the coast and water depth are increased 

(European Environment Agency 2009). As such, a critical part of the economic analysis of 

studying the feasibility of establishing wind farms involves studying the trade-off between 

minimizing visual disamenities on the one hand, and keeping capital costs of power 

generation as low as possible. To do this, it is necessary to identify and quantify both the 

preferences of NC residents regarding different offshore wind energy development options, 

as well as the impact that changes to the seascape resulting from offshore wind farm 

development would have on the recreation choices of both NC residents as well as tourists to 

the NC coast. 

Second, I wish to estimate the changes in electricity prices which North Carolina 

citizens would be willing to face to have wind energy augment the grid, and how this 
                                                 
5 “For marketing purposes, The Coastal Region is made up of twenty-eight most eastern counties of North 
Carolina”(NC Division of Tourism Film & Sports Development 2012). 
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willingness to pay for green energy varies depending on the visual, social and environmental 

impacts associated with different offshore wind development options. While improvements 

in technology are likely to continue to reduce wind energy prices, it is likely that in the near 

future, costs per KWh will remain above conventional energy sources (Weiss et al. 2013). 

Understanding people’s willingness to pay for wind energy, and how this changes given 

different impacts of different wind farm development scenarios, will provide valuable 

information to policy makers during the offshore wind planning and development phase. To 

accomplish the two broad goals above, I conducted two separate surveys, one of tourists who 

have rented along the North Carolina coast during the summer 2011 season, and one of a 

random sample of NC citizens throughout the state. 

The first, referred to as the vacation rental (VR) survey, focuses on coastal tourism. In 

particular, the aim of this survey is to estimate the change in willingness to pay for vacation 

property rentals located close to beaches where the ocean views are impacted by wind 

facilities. This is done by partnering with three realtors along the NC coast and surveying 

people who have rented a beach house along the NC coast during the last summer season. 

Realty agencies were chosen so as to have representation from each of the potential offshore 

wind development areas identified as feasible in the NC offshore wind feasibility study 

(UNC 2009).6 Respondents are asked to imagine that they are re-renting the same beach 

house they rented during the 2011 peak-season and are then asked a series of questions in an 

effort to determine how their rental choices might have changed had there been a wind farm 

in view of the beach closest to their rental house. While to date no economic study exists 

                                                 
6 Potential offshore wind farm development sites will be examined in the next section.   
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which unambiguously suggests that offshore wind farm development would impact the 

tourism industry, knowledge of the economic costs or benefits associated with such 

development is critical for policy makers, wind farm developers and tourist industry 

stakeholders alike. By means of a split sample, the VR survey also examines whether the 

impact of seeing visualizations of what offshore wind farms look like both during the day 

and at night is different from when respondents are only presented with daytime 

visualizations – an impact never before tested in the literature. 

The second survey, referred to as the general population (GP) survey, is administered 

to a random sample of NC residents. The aim of this survey is to determine NC residents’ 

willingness to pay to have offshore wind energy augment the grid, and how this willingness 

to pay changes when wind farms are located at different distances from shore. By presenting 

survey respondents not only with offshore wind farm scenarios at different distances from the 

coast, but also with information regarding the emissions reductions and job creation that 

accompany different development scenarios, the extent to which increases in carbon 

reduction and job creation could offset the visual disamenities associated with wind farms are 

examined. In addition, preferences related to the visual impacts resulting from different 

development scenarios are compared between coastal and inland residents to examine 

possible differences between the two. Finally, a split sample is conducted to determine 

whether a difference in preferences for offshore wind farm development scenarios exists 

according to whether the wind farm is located at a visible distance from a developed coastal 

town or the Cape Hatteras National Seashore. This is particularly important as the Cape 

Hatteras National Seashore has among the best wind resources along the North Carolina 
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coastline, yet given the preservation status of the Hatteras seashore, preferences regarding 

offshore wind farm development may be different for this area. 

While a number of studies have analyzed attitudes and perceptions towards wind 

power (Bishop & Miller 2007; Firestone & Kempton 2007; Firestone et al. 2008; Grady & 

Cousino 2004), very few economic valuation studies have assessed the external cost 

associated with the visual disamenities of offshore wind farms located at different distances 

from the shore (Krueger 2007; Ladenburg & Dubgaard 2007; Landry et al. 2012; Westerberg 

et al. 2011). Moreover, only two of these studies are based on US experience (Krueger 2007; 

Landry et al. 2012).  

This research will contribute to the existing literature and expand upon past research 

in the following ways: 

1) The surveys used in in this study are the first in this area of research to employ a 

best-worst-format in eliciting preferences, allowing for more information to be 

obtained about preferences of each respondent. All other offshore wind farm 

related choice experiment studies have used tradition discrete choice methods in 

which respondents were only asked to pick their most preferred choice. 

2) The surveys provide a novel and innovative way of modeling the status-quo. By 

measuring preferences for visual disamenity reductions relative to a status-quo 

option in which no wind energy is produced, Westerberg et al. (2011) and 

Landry et al. (2012) confound preference estimates with a general preference for 

wind energy. Krueger et al. (2007) and Ladenburg and Dubgaard (2007) prevent 

this confounding effect by estimating parameters relative to another wind farm 
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alternative.7 These authors are, however, not able to estimate the willingness to 

pay to move wind farms too far out to see. By specifying the status-quo as a 

scenario in which the same amount wind energy is built as in the other 

hypothetical scenarios, but at a distance at which they are no longer visible, the 

VR survey provides an innovative way to allow estimation of moving turbines 

out of view, without confounding this estimate with a preference for wind 

energy. While explicit estimation of moving turbines too far out to see is not 

possible in the GP survey (as here the status-quo also included different 

attributes beside the distance and size of wind turbines), by specifying carbon 

reduced as an attribute in the choice questions, preferences for or against wind 

energy are explicitly estimated rather than potentially biasing viewshed 

preference estimates. 

3) These surveys are the first surveys valuing visual externalities of offshore wind 

farms which include nighttime visualizations. All survey versions of the GP 

survey include both daytime and nighttime visualizations, while a split sample is 

conducted for the VR survey to examine the impact of including nighttime 

visualization. During the focus groups conducted for these surveys, participants 

indicate that seeing a nighttime visualization has a definite impact on preferences 

– with most people expressing an increased disutility from wind turbines located 

closer to the shore. If this turns out to be the case (once data is collected), this 

                                                 
7 While Krueger (2007) has an opt-out which specifies an expansion of coal and natural gas is specified, 
distance parameters in the study are calculated relative to another wind farm alternative. No opt-out option is 
given in Ladenburg and Dubgaard (2007). 
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would suggest that results of other studies are biased downward and that optimal 

placement of wind farms might be further offshore than previously thought. 

4) The GP survey will be the first choice experiment looking at how preferences for 

reduced visual disamenities of offshore wind farms change depending on the 

amount of emissions offset and the number of permanent jobs created. 

5) This research provides information important to future offshore wind energy 

policy making in North Carolina. While Landry et al. (2012) examined both the 

attitudes of NC residents toward offshore wind energy development in the state 

as well as calculating the demand for visual impact reductions, this study 

expands and improves the information relevant for policy making in a number of 

ways. First, the distances of offshore wind farms examined in Landry et al. 

(2012) (1 mile and 4 miles) are not policy relevant as “[o]ffshore waters within 

approximately 4 miles of the coastline are excluded from development because 

of significant conflicts with birds, fishing and marine species, and with sediment 

transport processes along the shoreface” (UNC 2009:358). Moreover, as argued 

above, it is likely that the ‘distance from the shore’ parameter is confounded with 

a wind value element in the study, suggesting possibly biased estimates. Finally, 

as the Landry et al. (2012) survey was only administered to coastal counties in 

NC, it is possible that the preferences discovered in the study are not 

representative of the state as a whole. The GP survey is administered to all 

counties in NC, allowing not only the views of the entire State to be represented, 
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but also allowing for the comparison of preferences between coastal and inland 

counties in NC. 

6) This is the first study to examine the impact of offshore wind farm development 

on the rental market in Coastal North Carolina. While Landry et al. (2012) 

examined the impact of offshore wind farm development in NC on coastal 

tourists, their survey was only administered to local NC coastal tourists, and 

choice experiment questions were only focused on day-trips. As such, this study 

will be the first study to look at the impact of offshore wind energy development 

in NC on rental choices. The rental market is an important component of coastal 

tourism in NC, with lodging constituting the second highest category of travel 

spending in NC after spending on the food and service industry (NC Department 

of Commerce 2012).  

In sum, I hope to advance the knowledge of a topic that is not only important to future 

energy policy in North Carolina, but, important for the energy policy future of the US East 

Coast. The rest of this dissertation is structured as follows. Chapter 2 opens with a brief 

overview of offshore wind energy to provide a context of this study for the reader. Wind 

turbines used in this study, foundational technologies of turbines and the limitations 

accompanying these, as well as feasible locations for offshore wind development in North 

Carolina are discussed. The chapter then continues to provide an overview of recent literature 

relevant to the topic at hand. This section gives an overview of studies examining preferences 

regarding offshore wind energy, studies examining impacts on tourism, and most 

importantly, an overview of existing studies using the method of choice experiments to 
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estimate the impacts of changes in the viewshed resulting from offshore wind energy 

development.  

Chapter 3 provides a brief introduction to choice experiments and then continues to 

describe survey development and how choice attributes and levels were chosen. This chapter 

also provides an overview of the survey administration process. Chapter 4 gives an 

introduction to random utility theory and choice experiments to put into context the rest of 

this chapter, which focuses on the experimental design underlying the surveys. Chapter 5 

discusses the econometric models utilized to estimate preference parameters for both of the 

applications at hand, as well as formalizing how willingness to pay measures are computed 

for the surveys. Chapter 6 and Chapter 7 summarize the results of the Vacation Rental survey 

and the General Population survey, respectively. These chapters begin by presenting basic 

summary statistics and then proceed to model preferences and calculate welfare measures for 

the two samples examined. Finally, Chapter 8 concludes this dissertation. 
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Chapter 2: Offshore wind energy and the existing literature 

This chapter is composed of two main sections. In the first section, a broad overview 

of offshore wind energy is given and potential areas for its development in NC are explored. 

This is done both to ‘set the scene’ for the reader, as well as introduce certain concepts that 

will be used later in this study. The second section gives an overview of recent literature 

relevant to the topic at hand. While literature examining preferences relating to offshore wind 

energy will be briefly examined, the main focus of the literature review will be on studies 

using choice experiments, the method used in this study, to estimate and quantify the 

viewshed impacts brought about by offshore wind energy development.  

2.1 An Introduction to Offshore Wind Energy 

A wind turbine is a device that “convert(s) the kinetic energy of wind into mechanical 

or electrical energy that can be used for power” (Encyclopedia Britannica 2012). Put simply, 

a wind turbine is made up of a rotor, a nacelle and a tower. By rotating, the rotor converts the 

wind’s energy into rotational energy to drive a generator which is housed in a structure called 

the nacelle. The nacelle, which contains the entire drive train, is located on top of a tower. An 

illustration of the basic components of a wind turbine is given in Image 2.1. 
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Image 2.1: Wind Turbine 

Source: Encyclopedia Britannica, Inc. (2012) 

 
 

An offshore wind farm, as the name illustrates, is a collection of wind turbines located in 

ocean waters. While different types of turbine foundations exist, and much development is 

taking place to advance offshore wind turbine installation, most of the world’s offshore wind 

farms are installed using monopile foundations, which are feasible in waters of less than 30 

meter (approximately 100 feet) depth. Foundations in deeper waters require larger 

substructures to handle increased overturning forces. While new advances in technology 
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make it technically possible to install turbines at depths of 30-60 meters, monopiles are still 

around 30% cheaper to construct than underwater foundations. For this reason, most 

feasibility studies to date only focus on shallow waters (EWEA 2011; International Quality 

& Productivity Centre 2011). An illustration of onshore-, monopile-, jacket- and floating 

turbine foundations is given in Image 2.1. 

 
 

   

 

 

 

 

 

 

 

 

 

 

 

Image 2.2: Substructure technology classes for offshore wind turbines 

Source: Encyclopedia Britannica, Inc. (2012) 

 

 
While turbines are typically arranged in a grid pattern, the exact layout depends on 

the project at hand. The turbines are connected to one another by transmission cables that are 



 

16 

buried below the ocean floor, and lead together into one or more offshore substations. From 

the offshore substation(s), energy is then transmitted to the onshore power grid. 

The ability of a device to generate electricity is measured in watts. As watts are very 

small units, the term megawatt (MW, 1 million watts) is more commonly used to describe the 

capacity of wind turbines. The output, in terms of MW generated, depends on a turbine’s size 

and the wind speed through the rotor. The performance of a wind turbine depends crucially 

on wind speeds, with different size turbines having different wind speeds at which they reach 

optimal performance. Wind turbines of varying sizes and generation capacities are available. 

Most of the turbines in use today possess a generating capacity of between 500kW to 3MW. 

However, in order to take into account the rapid development wind turbine technology, as 

well as give a realistic description of future development, 5MW turbines were used in this 

study. These capacity wind turbines are already installed in certain parts of Europe.8 5MW 

turbines have nacelles which stand 328 feet out of the ocean and have a wing span of 393 

feet, giving them a total height of 520 feet above sea level (REpower Systems 2012). To give 

survey respondents an idea of the size of these turbines, Image 2.3 below was used in the GP 

survey, showing a 5MW turbine next to the RBC/PNC building in downtown Raleigh (for 

scale). 

  

                                                 
8 Beatrice wind farm in Scotland and the Alpha Ventus wind farm in Germany. 
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Image 2.3: Dimensions of a 5MW offshore wind turbine (shown next to RBC/PNC tower) 

 
 

 
For the 5MW turbines used in this study, the “cut-in” speed (the minimum wind 

speed at which the turbine will start generating usable electricity), is around 7.8 miles per 

hour (mph). Its “rated-speed” (the minimum wind speed at which the turbine will generate 

it’s designated rated power, in this case 5MW) is around 31mph.9 As wind speeds vary 

throughout the year, this suggests that calculations of total energy produced by an offshore 

wind farm are not as simple as multiplying the specified MW rating of a turbine by the 

number of hours in a year. 

                                                 
9 When wind speeds get to around 55 miles per hour in a strong storm or hurricane, wind turbines are designed 
to automatically shut down by turning the nacelle and adjusting the blades so as to minimize wind forces. 
Moreover a brake is applied to prevent the rotor from turning (NC Offshore Wind Coalition 2012). 
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The capacity factor of a wind farm is a productivity measure of the wind farm. It is 

the ratio of the actual power production of a wind farm over a period of time to its theoretical 

maximum. As such, when examining potential areas for offshore wind energy development, 

the capacity factor is the average power output estimated using previously collected wind 

time series data and then dividing this by the rated capacity of the turbine, as shown in 

Equation 2.1 (UNC 2009).10 The estimated spatial distribution of capacity factors off the 

coast of NC can be found in  Image 2.4 below.  

Average estimated power output of turbine
Capacity Factor of turbine =                       (2.1)

Rated capacity of turbine
 

Once geological, ecological and use conflicts were considered and areas of conflict 

removed, the UNC (2009) study identified a number of areas for potential utility-scale 

production off the coast of North Carolina.11 These areas, as well as their wind capacity 

factors are illustrated in Image 2.5 below. Survey administration for both surveys, but in 

particular the VR survey, focused on the feasible areas identified. 

                                                 
10 The ‘rated’ or ‘nameplate’ capacity of a wind turbine is the intended maximum sustained output of a wind 
turbine. This capacity is generally found in the name of a turbine – e.g. 5MW turbine.  
11 Areas of conflict identified include bird and bird habitat conflicts, fishery and fish habitat conflicts, military 
airspace and use conflicts, transportation corridors, cultural resources, reef habitats as well as the foundation 
suitability based on geology and geologic dynamics (UNC 2009). 
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  Image 2.4: Spatial distribution of capacity factor for a typical 3-3.6 MW wind turbine  

  Source: UNC 2009:30
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Image 2.5: Feasible areas for utility-scale offshore wind energy production in NC 

Source: Shirley (2011)  
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On the 12th of December 2012, after both surveys had already been administered, the 

Bureau of Ocean Energy Management (BOEM) announced the release of a Call for 

Information and Nominations to gauge industry interest in entering into commercial wind 

leases for the potential call areas identified. A map of the call areas, now known as Call Area 

Kitty Hawk, Call Area Wilmington-East and Call area Wilmington-West can be found in 

Image 2.6 below. The boundary of Call Area Kitty Hawk starts six nautical miles 

(approximately seven miles) from the shore, while those for the Call Area Wilmington-West 

and Call Area Wilmington-East begin at seven nautical miles (approximately eight miles) 

and 13 nautical miles (approximately 15 miles), respectively (Department of the Interior 

2012a). 
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Image 2.6: North Carolina Call Areas 

Source: BOEM 2013 
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2.2 Literature Review 

Grady and Cousino (2004) were the first to examine public attitudes toward offshore 

wind energy in North Carolina – and in the US as a whole. Grady and Cousino completed 

404 telephone interviews of North Carolina residents. When asked about attitudes toward 

coastal turbine placement, respondents showed a substantial support for offshore wind 

energy, with 68.6% and 63.6% of respondents saying that wind turbines should not be 

prohibited from being put in the ocean or in the North Carolina sounds respectively. Only 

13.9% and 16.6% of respondents said that they should be prohibited in these areas. Support 

was stronger amongst those respondents who had actually seen a wind turbine before. 

Support for locating wind turbines offshore stayed as high as 66.6%, even if the wind 

turbines were visible from respondents’ homes (20% of respondents disapproved). When 

asked to identify problems with placing wind turbines offshore, environmental and wildlife 

impacts rather than aesthetics proved to be the biggest concern.  

A number of studies led mainly by Firestone and Kempton analyzed public opinion of 

offshore wind power establishment in Cape Cod (Cape Wind project), Massachusetts, as well 

as in Delaware (Bluewater Wind project) (Firestone & Kempton 2007; Firestone et al. 2008; 

Firestone et al. 2009; Kempton et al. 2005). In earlier publications about the Cape Cod 

project, the authors analyzed a series of structured interviews held between 2003 and 2004 

(Kempton et al. 2005), as well as a detailed survey of 500 local residents conducted in 2005 

(Firestone & Kempton 2007). This research was augmented by a semi-structured interview 

and mail survey of around 950 residents of the State of Delaware – in which the sample was 

segmented into three distinct strata – ‘Bay,’ ‘Ocean’ and ‘Inland’ residents (Firestone et al. 
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2008).12 While the Cape Cod survey pertained to actual plans to build the wind farm, the 

Delaware study was based on a hypothetical project. Moreover, contrary to the Cape Cod 

survey, which was conducted after the wind project had received substantial public debate 

and media coverage, the Delaware survey was conducted before offshore wind energy 

became part of the public agenda. The findings of these papers were then drawn together, 

contrasted and compared in Firestone et al. (2009). Responses from the Cape Cod survey 

revealed that while 25% of Cape Cod residents supported offshore wind farm development, 

42.4% opposed the project, and this percentage increased to more than half when individuals 

who had not fully made up their mind were asked to which side they were leaning. On the 

other hand, 77.8% of respondents in Delaware supported an offshore wind farm, with 

opposition of only 4.2%. Moreover, supporters outnumbered opponents by more than three to 

one in all three of the sample strata. Even if only the Ocean sample is considered, Delaware 

residents were found to be clearly more supportive about offshore wind energy developments 

than residents at Cape Cod. While in the Cape Cod study support was found to increase with 

age, the opposite is found to be true in the Delaware study (Firestone et al. 2008). 

Ladenburg and Dubgaard (2007) were the first to quantify willingness to pay (WTP) 

for locating wind farms further offshore. By means of a mail survey, the authors use choice 

experiments (CE) to elicit the willingness to pay for reducing visual disamenities associated 

with future offshore wind farms in Denmark – a country viewed as a forerunner in offshore 

wind farm establishment. Factors used in the choice experiments include number of wind 

farms, varying wind farm sizes, distance from the shore and an annual per household lump 

                                                 
12 The same survey is used in Krueger’s dissertation (Krueger 2007), discussed below. 
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sum cost to be paid on top of the electricity bill (Ladenburg & Dubgaard 2007). In each 

choice question, respondents were given the choice between two hypothetical wind farm 

scenarios (an opt-out option was not included). Visualizations were created for each of the 

wind farm scenarios using 5MW wind turbines. Ladenburg and Dubgaard (2007) find that 

the “Danish population” in general would prefer to decrease visual disamenities associated 

with future wind farms. Certain subgroups – notably respondents older than 30, middle and 

higher income households, as well as respondents who can see offshore wind farms from 

their residence or summerhouse – have an even stronger preference for siting wind farms 

further offshore. Using a fixed effects logit model, Ladenburg and Dubgaard estimate the 

average WTP to move wind farms to 12, 18 and 50km off the coast (relative to a baseline of 

8km) to be approximately $58, $121 and $153 per household per year respectively (2006$) 

(Krueger et al. 2011).13 Thus, while the results indicate that people have a clear preference 

for reducing visual disamenities associated with offshore wind farms, the marginal WTP 

decreases as wind turbines are moved further offshore (Ladenburg & Dubgaard 2007). 

Ladenburg and Dubgaard expanded the above analysis in 2009 to show that preferences vary 

with usage of the coastal zone – such as whether respondents visit the beach more frequently, 

or use the coast for angling or recreational boating. Frequent users of the coastal zone were 

found to be willing to pay approximately double the amount that non-frequent users would be 

willing to pay to move wind farms further off the coast (Ladenburg & Dubgaard 2007; 

Ladenburg & Dubgaard 2009).  

                                                 
13 Distances examined convert to approximately 7.5, 11 and 31 miles; relative to a 5 mile baseline. WTP values 
in the original study are reported in Euros as 46, 96 and 125 Euros/household/year respectively. Dollar values 
were taken directly from the Krueger (2011:270) study in order to make the values comparable to monetary 
values obtained in their study, discussed later. 
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Krueger (2007) uses a CE mail survey to assess the demand for offshore wind parks 

in the state of Delaware, relative to a new coal-fired plant.14 The survey used by Krueger is 

set up to allow the hypothetical wind farms to vary with regard five different characteristics: 

the geographic location of the wind farm; its distance to the shore; the amount of royalties 

paid to Delaware; the royalty fund into which royalties should be channeled; and a monthly 

renewable energy fee to be added to households’ electricity bill for a period of three years. 

Project size was held constant at 500 turbines and turbines with a height of 440 feet were 

used to make visualizations of wind farms at different distances. As mentioned, three distinct 

populations in Delaware were represented in the sample – two of the samples represented 

respondents living near the coastline (Ocean and Bay sample) and the third sample 

represented people living in inland Delaware (Inland sample). Each choice set consisted of 

two hypothetical wind farm scenarios as well as an opt-out scenario which entailed 

expansion of existing coal and natural gas generated power. Using a mixed logit model, 

Krueger (2007) finds that while external costs decrease with distance from the shore for all 

three population groups, the strength of the preferences was very heterogeneous between the 

three samples examined with WTPOcean > WTP Bay > WTPInland. The willingness to pay ($ per 

month for three years) to move turbines from a baseline of 0.9 miles to 3.6, 6, 9, 12, 15, or 20 

miles offshore are found to be approximately $9, $13, $16, $18, $19 and $21 for the Inland 

sample, $17, $23, $28, $31, $34 and $37 for the Bay sample, and $41, $56, $68, $76, $83 and 

$91 for the Ocean Sample. This suggests that respondents living in the ocean or bay area 

perceive the visual disamenity associated with wind parks to be larger than people living 

                                                 
14 Same survey as used in Firestone et al. (2008), discussed above. 
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inland, and so would receive a greater increase in utility if wind farms were moved further 

away from the coast. Nevertheless, offshore wind power development is viewed very 

positively throughout the sample; with statewide expressed support being 18.5 times higher 

than opposition. Even in the ocean sample, support outnumbers opposition 3.33 to 1 

(Krueger, 2007). Thus, although aesthetics are a significant concern of citizens, other 

concerns seem to dominate, demonstrated by a consistent support for offshore wind over coal 

or natural gas, even if the wind farms are visible from the shore.15 Krueger also calculates 

marginal WTP estimates and finds that they decrease as distance from the shore increases, 

leveling off at around 9 miles. 

A number of studies have also examined the potential effect of offshore wind farms 

on tourism. While a negative effect on tourism is almost always raised as a concern when 

public opinion about offshore wind developments is elicited, there has been little evidence, 

and none definitive, of the effect of wind farms on tourism. While studies tend to find that a 

number of tourists will be discouraged from visiting a beach due to the change in viewshed 

caused by the offshore wind parks, the wind parks also seem to evoke a certain “curiosity 

factor,” inducing tourists to visit unfamiliar beaches once a wind farm is built.  

Aitchinson (2004) conducted a study in North Devon, England, to gather information 

on the impact of wind farms on visitor numbers and tourist experience. Aitchinson found that 

while a wind farm would discourage a small percentage (6.2%) of respondents from visiting 

                                                 
15 Krueger also finds that the $30 bound of the range of monthly household utility fees for wind power 
suggested in the study was probably too low – with many residents, particularly those from the ocean sample, 
willing to pay more than $30 a month. Krueger suggests that future studies should include a higher range of fees 
for wind power and should allow the time period for the fee to span over longer time periods, possibly the 20-25 
year lifespan of an offshore wind project (Krueger, 2007). 
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an area, 7.2% of respondents would actually be encouraged to visit. Kuehn (2005) 

investigated the attitudes toward offshore wind farms before and after construction, and 

found that neither tourist numbers nor summer rental prices had decreased a year after the 

Horns Rev Offshore Wind Farm in Denmark was erected. A study by the British Wind 

Energy Association (BWEA 2009) found that an impressive 30,000 people visited the UK’s 

Scroby Sands Wind Farm Information Centre within the first six months of the center’s 

opening. A number of other studies also purport that wind power has no adverse effects on 

tourism (Mills & Rosen 2006; MORI Scotland 2002; NFO WorldGroup 2003). Most of these 

studies have, however, been criticized either for being potentially biased, or for non-

randomness of sample choice (M. B. Lilley et al. 2010; Strachan 2006). Moreover, the lack 

of valid counterfactuals in the analyses above precludes definitive conclusions about the 

effect of the construction of wind farms on tourism. 

The Delaware survey discussed in the literature above was also used to examine the 

effect of wind power installations on coastal tourism by asking respondents how their beach 

visitation patterns would change if a 500 turbine wind farm was erected six miles off the 

coast. While around 88% of respondents indicated that they would continue to visit the same 

beach, approximately 12% of respondents stated that they would either visit a different beach 

or no longer visit a beach at all. However, when asked whether they would visit an unfamiliar 

beach at least once if a wind farm was built there, almost 83% of respondents answered 

affirmatively (Firestone & Kempton 2007). Due this overpowering ‘curiosity effect,’ 

Firestone et al. (2009) hypothesize that the proposed wind park development would boost 

beach tourism rather than reducing it. The authors argue that this overpowering ‘curiosity 
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effect’ could then be used to further boost tourism by offering new beach services and 

activities related to the wind energy development (Firestone & Kempton 2007). 

More complete data was collected in a 2007 University of Delaware / National 

Oceanic and Atmospheric Administration (NOAA) Sea Grant funded survey of more than 

1,000 out-of-state visitors to Delaware beaches. Respondents were given photo simulations 

of wind farms at various distances from the shore, and consequently asked about the effect 

which such development would have on visitation (M. B. Lilley et al. 2010). General 

attitudes toward offshore wind energy were found to be positive, with a total of 86% of 

respondents stating that ocean siting of wind turbines should be allowed either in appropriate 

circumstances (51%), or they should be encouraged and promoted (35%). At six miles from 

the shore, approximately 26% of respondents mentioned that they would switch beaches, 

with beach avoidance diminishing as wind farms were located further offshore.16 In line with 

the earlier Firestone et al. (2007) study discussed above, authors find that the avoidance 

effect is outweighed by the tourism boost expected to result from people drawn to the chosen 

beaches to view the new offshore wind turbines. This emphasizes the importance of not 

examining the beach avoidance question in isolation from other tourism effects that are likely 

to result from offshore wind power developments. Moreover, a coal or natural gas power 

plant located at six miles inland, would reduce visitation rates by 12.5% more than a wind 

farm located six miles offshore – although the wind farm would most likely be more 

intrusive to the viewshed (M. B. Lilley et al. 2010). 

                                                 
16 Beach avoidance rates for offshore distances of 1.5km, 10km, 22km and ‘out of site’ were approximately 
45%, 26%, 6% and 0.6% respectively. 
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The newest studies relevant to this study are those of Westerberg et al. (2011) and 

Landry et al. (2012). These papers examine the impact of offshore wind energy development 

on tourism, but do so in a CE context and so add to the Ladenburg & Dubgaard (2007) and 

Krueger (2007) papers as the only existing studies that address the distance-value gradient of 

offshore wind farms. 

Westerberg et al. (2011) conduct in-person interviews and use CE to examine the 

impacts of offshore wind farm development on tourism in the Languedoc Roussillion (LR) 

region of France. By including ‘wind farm associated recreational activities’ and ‘sustainable 

tourism by the local municipality’ as attributes in the choice experiment, the authors test 

whether visual disamenities of offshore wind farms could potentially be offset by these 

factors. Visualizations of 3.6MW turbine wind farms at 5km, 8km and 12km are examined in 

this study with changes in the weekly accommodation price being used as the price attribute. 

Accommodation price changes examined were (€/week) {-€200, -€50, -€20, -€5, +€20, +€50, 

+€200}. Each choice question consisted of two hypothetical wind farm scenarios and an opt-

out alternative which was specified as the current vacation destination with no wind farms 

and no coherent environmental policy. Using a latent class model, Westerberg et al. (2011) 

divide respondents into three segments depending on age, nationality, degree of loyalty to the 

coastal resort community, and motivation for the choice of the particular vacation spot.17 All 

three segments examined express negative preferences for siting a wind farm at 5km from the 

shore. The second and first segment, however, receive a slight positive utility from wind 

                                                 
17 Respondents in segment 1 were most likely of French origin, visitors of family and friends in the region and 
loyal LR tourists. Respondents of segment 2 were most likely of Northern European origin, loyal LR tourists 
and culturally motivated. This group was also likely to be younger. Finally respondents in segment 3 were 
likely to be French, retired, culturally interested and landscape enthusiasts.  
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farm locations at 12km. Moreover, the disutility of siting wind farms at all three distances is 

completely offset by a sound environmental policy for both the first and second segment. The 

authors find that, all things equal, the tourism industry in LR would suffer only if wind farms 

are built at 8km or closer to the shore. If a coherent environmental policy as well as wind 

farm associated activities are employed, however, even a wind farm at 5km from the shore is 

not likely to harm the tourism industry, with distances further out actually resulting in a rise 

in tourism-related activities. 

Landry et al. (2012) estimate the impact on local coastal tourism and recreation for 

residents of the north-eastern coastal counties of North Carolina by using a combination of 

telephone and web survey data. From the telephone survey, the authors find that if a 100 

turbine wind farm would be built at one mile from the shore of the current beach of 

preference, 89% of respondents would still visit the same beach, 6% would visit a different 

beach and 5% would no longer make a beach trip – suggesting that offshore wind energy 

development would have little impact on aggregate recreational visitation. Approximately 

half of respondents surveyed indicate that a wind farm could enhance coastal views. 

Moreover, under a scenario of widespread coastal wind energy development, in which a 

similar wind farm as above is built at each of the 31 major beach towns in NC, the consumer 

surplus of coastal residents is found to remain virtually unchanged. In the internet survey, the 

authors use CE to determine the demand for reducing the visual impact of offshore wind 

turbines. Approximately 10% of respondents of the initial sample that was used for the 

telephone interviews participated in the online survey. Attributes included in the CE were 

included wind farm location (either offshore or in sound waters), distance of wind farm from 
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the coast (1 mile or 4 miles), as well as beach congestion levels, onsite parking fees and 

travel distances to the beach (the final attribute is modeled to determine travel cost). In each 

choice question, individuals had to choose between three hypothetical beach sites with and an 

opt-out alternative (specified as staying at home). Visualizations of different scenarios were 

included as part of the choice questions. Using a mixed logit model, Landry et al. (2012) 

show that locating wind farms further from shore is preferred to closer locations, but these 

results are not statistically significant for locations in the sound. For offshore locations, 

locating wind farms at one mile from the shore significantly reduces the probability of 

visiting the beach in question, but respondents seem to be indifferent between beaches where 

wind farms are located at four miles and those without wind energy.  

In their review of the literature, Ladenburg and Lutzeyer (2012) compare the four 

previously discussed papers that assess visual disamenities of offshore wind farms located at 

different distances from the shore. While results of different studies are not directly 

comparable due to disparities in survey design, Ladenburg and Dubgaard (2007), Krueger 

(2007), Westerberg et al. (2011), as well as Landry et al. (2012) find that, ceteris paribus, 

visible offshore wind farms generate visual disamenities, with respondents preferring 

offshore wind farm scenarios at distances further from the shore. All papers do, however, 

report heterogeneity in preferences among respondents. Some of the most prominent sources 

of heterogeneity were found to be age, income, level of education, beach related recreational 

patterns, experience with wind farms as well as respondents’ residential proximity to the 

coast. Ladenburg and Lutzeyer (2012) also compare how marginal WTP changes as wind 

farms are moved further away from the coast. Both Ladenburg and Dubgaard (2007), as well 
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as Krueger (2007), find that marginal WTP for moving wind farms further from the coast is a 

decreasing function of distance and accordingly, that the benefits of moving a wind farm one 

mile further offshore are greater at near shore locations than at locations further offshore. 

These results suggest that unless the costs of moving wind farms further offshore are small, it 

may not be socially optimal to completely remove the visual impact resulting from the 

offshore wind farms (Ladenburg 2009). 
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Chapter 3: The making of the surveys 

As discussed in Chapter 1 of this study, this research is based on two surveys. The 

VR survey focuses solely on visual disamenities of offshore wind farms and the impact of 

these disamenities on coastal tourism in NC. The GP survey examines NC residents’ 

willingness to pay for wind energy, and how this depends on the siting of the wind farm as 

well as the emissions reduction and job creation associated with different offshore wind 

development scenarios. 

This chapter consists of three sections. The first section gives a brief introduction to 

choice experiments and their underlying theory. The next sections explain the survey design 

and how different attributes and levels were chosen for the experimental design based on 

policy questions relevant at the time of writing. This is done for both the VR- as well as the 

GP survey. The actual experimental design used to construct the final choice questions is the 

topic of the next chapter. The final section explains the survey administration process that 

was followed for both surveys. 

3.1 Choice experiments – a brief introduction 

If the underlying demand for a non-market good cannot in some way be linked to the 

demand of one or more market goods, the economic impact of a change in supply of the good 

can only be elicited by directly asking the relevant population about their preferences 

regarding such changes. Such preference elicitation is generally carried out using a stated 

preference survey (Ladenburg et al. 2010). The stated preference method used in this study is 

choice experiments (CE). The method of CE is based mainly on two fundamental theories: 
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Lancaster’s theory of consumer demand and random utility theory (Bergmann et al. 2006). 

While this section gives an overview of Lancaster’s theory, random utility theory will be 

discussed in the experimental design chapter (Chapter 4). 

 Lancaster’s consumer theory in essence provides the structural model of behavior on 

which the method of CE is based. This theory posits that the consumer receives utility from 

the characteristics of the good rather than the good itself (Lancaster 1966). Changing one of 

the attribute levels in essence changes the ‘good’ at hand. Choice modeling is based on the 

recognition that any good can be described in terms of its characteristics/attributes and the 

levels which these attributes take and aims to identify the utility that individuals receive from 

the different attributes which make up the good in question. This is accomplished by asking 

respondents to choose between a finite set of alternatives. These alternatives are defined in 

terms of their key attributes, which are in turn described by varying levels of that attribute.18 

Two types of alternatives are generally used in choice experiments. The first, are those that 

are created by the researcher by combining different attribute level, and are hence referred to 

as “designed alternatives.” To reflect real world choice making behavior, respondents are 

also usually given one alternative or option that allows them to keep things the way that they 

are. This alternative, which is described by attributes at their current levels, is referred to as 

the status quo, or baseline alternative. By making choices across alternatives, individuals 

implicitly make trade-offs between attributes and attribute levels. Assuming that individuals 

will choose the scenario that provides them with the highest utility, this allows researchers to 

                                                 
18 In the present study, the “good” at hand is an offshore wind farm. An attribute of this good would be, for 
example, the distance that the wind farm is located from the shore. The levels of this attribute would then be the 
different distances under examination – for example 5 miles, 8 miles, 12 miles and 18 miles.   
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estimate the relative utility associated with different attributes. Moreover, if one of the 

attributes is measured in monetary terms, this allows for the estimation of respondent’s 

willingness to pay for the attributes in question by examining the marginal rate of 

substitution between the monetary attribute and the non-monetary attribute examined 

(Louviere et al. 2000). 

3.2 Survey Development 

This study followed the experimental design process of focus groups, focused 

interviews, survey pretesting and the development of an efficient design as outlined by 

Hensher et al. (2005). As is required in the procedure for developing a good experimental 

design, a significant amount of effort was spent on stimuli refinement – the process of 

identifying and refining the attributes and levels to be used in the design (Hensher et al. 

2005). Moreover, a key challenge faced in designing the surveys was to identify relevant 

information about offshore wind energy needed to give participants an appropriate context 

from which to answer the choice questions, while simultaneously keeping the survey precise 

and simple.  

Both of the above challenges were overcome through the use of structured focus 

groups. Focus group discussions aided the narrowing of information, the ordering of the 

survey sections, as well as the addition of facts respondents deemed necessary to answer the 

survey. Details of the focus groups as well as the nature of the final choice question elements 

chosen for each survey are discussed below. 
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3.2.1 Vacation Rental (VR) Survey 

Visual externalities are the number one reason for opposition to wind farms (Lynn 

2011). The aim of the VR survey was to determine what impact the potential change in 

seascape resulting from the development of offshore wind energy off the coast could have on 

the rental market of beach houses along the NC coastline. While the extent of the problem of 

‘visual-intrusions’ is a highly subjective issue, it has been found to depend largely on the 

number, size and geographic location of the wind farm (Lynn 2011).  

As the size of wind turbines was held constant at 5MW across scenarios, only three 

attributes were varied across choice questions: changes in the rental price, number of turbines 

visible from the shore and distance (in miles) of visible turbines from the shore. The last two 

attributes determined the viewshed in each of the designed alternatives.  

To determine the levels of the above mentioned attributes, a preliminary focus group 

(with graduate students in the Environmental Economics Department at NCSU), four official 

focus groups, and five in-depth personal interviews were held in order to finalize the VR 

survey. Administrative staff from different departments at NCSU was recruited for both the 

official focus groups, as well as the in-depth interviews. Staff members were recruited by 

obtaining lists of staff members in different departments and then visiting the staff members 

in their office with an official invitation to attend a focus group.  

To approximate the population that would finally be surveyed, potential focus group 

participants were asked to fill in a number of screening questions and only staff who had 

rented a beach house along the NC coast in the last 5 years were asked to attend focus groups 
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and personal interviews. Lunch and soft drinks were offered as an incentive to attend the 

focus groups. Focus group dates and participant numbers can be found in Table 3.1. 

While the first two focus groups were mainly used to test the realism of visualizations 

generated (the process of this is discussed below), the second and third focus groups were 

mainly used to generate priors for the experimental design used in the survey (discussed in 

Chapter 4). The in-depth personal interviews took place between 1-7th of November 2011 

and were held in the offices of the respective participants. These interviews were done to 

ensure clarity and understanding of all elements of the survey, test the final layout and 

formulation of the choice questions, and time how long the survey takes to answer. 

Participants were offered a $10 incentive to participate in these interviews. 

Discussions from the above focus groups led to the final choices of attribute levels. 

Levels for the attribute ‘Distance of visible turbines from the shore’ were specified as 5, 8, 12 

and 18 miles. These levels were chosen on the basis of two factors. First, distances were 

chosen in line with potential future locations of wind farms relative to the shore. Due to 

significant conflicts with birds, marine species and sediment transport processes along the 

shoreface, offshore waters within approximately four miles of the coastline are excluded 

from offshore wind energy development (UNC 2009). Accordingly, five miles was chosen as 

the closest distance that wind farms could be located from the shore. Although discussions 

with industry experts revealed that companies were unlikely to construct wind farms very 

close to shore, the aim of this survey was to create a price gradient of the WTP to move wind 
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farms further offshore.19 To have the most relevant price gradient, all feasible distances 

where wind farms would be visible from the shore had to be considered. Moreover, based on 

the findings in previous literature (Krueger 2007; Ladenburg & Dubgaard 2007) it is likely 

that the price gradient will be steepest at distances closer than 10 miles to the shore. 

Distances of 8 miles, 12 miles and 18 miles from the shore were viewed as realistic potential 

distances, while approximately 30 miles is the technical distance at which 5MW turbines 

cannot be seen from the shore due to the curvature of the earth (Nielsen 2003).20 The distance 

of 18 miles was chosen as the furthest distance from the shore as beyond this distance, the 

visual impact of turbines is minimal – even on a clear summer day. Moreover, it is virtually 

impossible to distinguish turbines beyond 18 miles on a 4x8 inch print quality image as used 

in the survey. Second, given feasible distances, attribute levels were chosen to be similar to 

those used in Krueger (2007) and Ladenburg and Dubgaard (2007) to make results of the 

study comparable. To the best of our knowledge, these were the only two comparable studies 

available at time of generating visualizations.  

The levels for the ‘number of turbines visible from the shore’ attribute were chosen to 

be 64, 100 and 144 turbines. This choice were based on three factors: (1) advice from 

industry experts about likely offshore wind farm project sizes in North Carolina, (2) sizes of 

currently proposed projects in the rest of the US, and (3) practical considerations. 

Due to the economies of scale associated with offshore wind energy development, it 

was unlikely that initial projects will be smaller than 350MW (70 turbines). While the upper 

                                                 
19 Brian O’Hara, president of the North Carolina Offshore Wind coalition was interviewed on 8/25/2011 and 
Rob Propes, President of Apex Wind, was interviewed on 11/17/2011. 
20 Due to relatively shallow waters resulting from the presence of the continental shelf, siting turbines at a 
distance of 30 miles from the shore is technically feasible in the Outer Banks. 
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limit on possible wind farm size was not yet clear, it was viewed as unlikely that projects 

much over 1,000MW would be constructed in the early stages of offshore wind farm 

development, and that a 144 turbine project would be a good representation of a big project 

in the first stages of development.21 A 144 turbine wind farm was also in accordance with the 

600MW project proposed by Apex Offshore Wind for their first phase of development in 

North Carolina.22  

The visible wind farm sizes used in this study are also chosen to be similar to the 

number of turbines planned in other potential US offshore wind farms – Cape Wind project, 

MA (130 turbines), Garden State Offshore Energy, NJ (96 turbines), Bluewater Wind 

Delaware (60-200 turbines), Deepwater Wind, RI (100) and Galveston Offshore Wind in 

Texas (50 turbines) (OffshoreWind.net 2012; NREL 2010). 

Finally, the exact numbers chosen for the levels were based on the consideration of 

wind farm layouts. The arrangement, or layout, of wind turbines can follow a number of 

patterns – including linear, grid, arced, feathered and random layouts. From a research 

perspective, it would be interesting to include different layouts of wind farms as part of the 

attributes considered in the choice experiment to examine which layout is the least visually 

intrusive. To simplify the choice task, however, wind farm layout was kept as fixed attribute. 

Moreover, feasibility of different layouts was not known at the time of study. As such, a 

                                                 
21 Brian O’Hara, personal communication 8/28/11. 
22 Rob Propes, personal communication, Nov 17, 2011 
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standard quadratic layout was used in the survey.23 The number of turbines per wind farm, 

therefore, are 82, 102, 122. 

Given the final levels chosen for the ‘distance of visible turbines from the shore’ and 

‘number of turbines visible from the shore’ attributes, final visualizations are of either a 64, 

100 or 144 turbine wind farm, laid out in a grid at 5, 8, 12 or 18 miles from the shore. The 

visualizations were developed using the software WindPRO (EMD International 2011). 

Photos to use as image backgrounds were taken on 4th of May 2010 from the beach in 

Kill Devil Hills. Photos were taken by a NCSU photographer with a Nikon D700 camera 

using a Nikon 24-70mm f2.8 lens. The focal length setting for all photos was chosen at 

32mm in an attempt to approximate normal human eyesight. Because a direct comparison 

between respondents from different rental areas in along the NC coast was desired, a generic 

seascape photo was used as the background for the visualizations. This photo shows a section 

of a beach, two people sitting in beach chairs on the beach (for scale), an expanse of open 

ocean, as well as a horizon line. Care was taken not to include any landmarks or landscape in 

the photo that would suggest a particular location. This shot was chosen as it could represent 

a shoreline view in any of the possible respondent locations and so would be realistic for 

respondents all along the NC coast. Pictures were taken both at noon and at late dusk to 

provide background images for both daytime and nighttime visualizations. Both daytime and 

nighttime pictures were taken at exactly the same location, with exactly the same two people 

in the same two chairs that had not been moved. Further details on how visualizations were 

                                                 
23 According to wind farm developers ELSAM and ENERGI E2, a quadratic layout is the most appropriate to 
use in offshore wind farm visual valuation studies (Ladenburg & Dubgaard 2007). Moreover, this layout is 
viewed as one of the least visually intrusive layouts (UK DTI 2005).  
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created can be found in Appendix A. As eluded to in the introduction of this study, the VR 

survey entailed a split sample in which half of the respondents received a survey with only 

daytime visualizations (referred to as the “daytime treatment”), while the other half obtained 

both daytime and nighttime visualizations (henceforth called the “nighttime treatment”). This 

was done to examine whether the inclusion of nighttime visualizations in addition to daytime 

visualizations has an impact on preferences for siting wind farms at different locations from 

the shore.  

‘Change in the rental price’ was the final attribute developed for the VR survey. To 

get an accurate understanding of individuals WTP to move offshore wind farms to different 

distances, the following percentage changes in rental price were chosen: {+5%, 0%, -5%,      

-10%, -15%, -20%, -25%}. As both expectations and previous literature suggest that 

visibility of offshore wind turbines is a negative externality, only one rental price increase 

was considered (Krueger 2007; Ladenburg & Dubgaard 2007; Westerberg et al. 2011). From 

the focus groups it became apparent that, broadly speaking, two types of respondents existed. 

Those who would accept a wind farm in view for some rental discount and those who would 

not choose a wind farm in view no matter what the size of the rental discount. The latter 

group expressed that they would simply switch vacation beaches if wind turbines were 

visible from their current beach of preference. From the focus groups it was learned that a 

25% decrease in rental price was large enough to capture all those people who were in the 

former group. This was also the largest decrease in rental price which researchers believed 

remotely realistic. 
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During the first focus groups, it was discovered that presenting rental price changes in 

percentage terms was not feasible. While it was attempted to use price tables which 

converted percentage changes into absolute dollar amounts for different rental prices, it was 

clear that different focus group participants viewed these percentage changes differently. 

Some respondents did the mathematical conversions in their heads, others used the tables 

presented, while a third group made choices based on the actual percentage figures seen. As 

it was not clear that everyone made choices based on the same absolute price, absolute price 

changes were used in the final survey. Due to the large range of rental prices faced by the 

final population surveyed, it was not possible to use one set of absolute price changes, as 

these price changes would not be relevant to all price categories.24 As such, the beach houses 

chosen for surveying were divided into price ranges based on their peak season rental price.  

Catalogues of rental houses were obtained from all three realty agencies and excel 

sheets of properties were compiled for each realtor. Each realtor’s excel sheet consisted of all 

the properties, the peak-season rental price of that property, the general geographic area in 

which the home was located, as well as whether the property was an oceanfront, ocean-view 

or ocean-side property.25 Given that oceanfront renters would be most impacted by potential 

offshore wind energy development, oceanfront rentals were oversampled to represent 51% of 

the total sample. The price quartiles for each realty agency can be found in Table 3.2. 

                                                 
24 The utility change associated with a $200 price increase would not be comparable between a survey 
respondent who had rented a beach house for $2,000 and a survey respondent who had rented a beach house for 
$10,000. 
25 The ‘Ocean Front’ classification contains only ocean front homes for all three realtors. The ‘Ocean View’ 
classification contains the semi-oceanfront classified homes of Carolina Designs, the ocean-view homes of 
Sloane Realty and the second row homes of Emerald Isle Realty. Finally, the ‘Ocean Side’ category contains 
ocean-side properties for Carolina Designs, second row and mid-island (3rd & 4th rows from beach) properties 
for Sloane Realty and middle row properties from Emerald Isle Realty. 
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After carefully analyzing the price ranges and distributions for each realty agency, a 

price range which was common for all realty agencies was used: $2,000-$10,000. In order to 

have survey respondents face price ranges relevant to the rental price they paid, properties 

were divided into six price categories. As most observations fell in the $2000-$7000 range, 

five of the price categories were placed in this range and one additional price category was 

used to capture the more expensive houses. The minimum, maximum and median house 

price of the different houses is shown in Table 3.3. 

Price ranges were chosen in such a way that that the absolute percentage price faced 

by the cheapest and most expensive house was within two percentage points of the originally 

specified attribute level percentage.26 Each price category consisted of between 18 and 21 

houses as it was hoped to get around six addresses per beach house for the rental season 

(which is 10 weeks long).  

During the final focus groups, not one out of the 19 participants chose an alternative 

in which the rental price increased and a wind farm was visible from the shore. Accordingly, 

it was debated whether the price increase level should be removed from the analysis, to not 

take up unnecessary design space. In the end, however, the researchers did not feel 

comfortable to infer from the focus groups that visible wind farms would be a negative 

externality for the rental population at large, and so it was decided to keep both the ‘no price 

change’ option as well as the option of a small, 5% increase on the rental price as levels in 

the price attribute. 

                                                 
26 For instance, a 10% decrease in rental price for the median price of price range one is approximately $240. 
For the cheapest rental in the price range ($2,310), however, a $240 reduction in rental price is effectively a 
10.39% reduction, while for the most expensive rental in this range ($2,695) it is only an 8.91% reduction. Both 
10.39% and 8.91% lie within 2 percentage points of the originally specified 10% change. 
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 Final choice question attributes and levels for the VR survey, as well as an example 

choice question are presented in Table 3.4 and  Figure 3.1.  

3.2.2 General Population (GP) Survey 

Besides the viewshed, the aim of the second survey was to discover preferences and 

opinions about other impacts of offshore wind farm development – especially those that were 

often discussed in the media and so were most likely more familiar to survey respondents. 

For a choice experiment study, meaningful variation in levels of the attributes is essential in 

order to be able to establish relevant trade-offs between the attributes and the prices. The 

first, most obvious impact of offshore wind energy is the avoided greenhouse gas emissions 

that result from wind energy displacing traditional fuel types. To be as neutral as possible, 

the survey avoided the term ‘greenhouse gas emissions’ and simply referred to the attribute 

as ‘carbon reduced.’ The second attribute included in the survey was the number of jobs 

created – an often discussed benefit of pursuing energy development.  

Finally, a common consideration in offshore wind energy construction is the effect of 

turbines on marine and bird life. These issues were also frequently brought up during focus 

groups. Accordingly, it was debated whether to include this attribute in the study. In an effort 

to determine the possible impact on bird and marine life of a NC offshore wind farm, local 

experts Professor Pete Petersen and Harvey Seim were contacted.27 Both interviewees stated 

                                                 
27 Pete Petersen is a Professor at UNC’s Institute of Marine Sciences. Petersen has lead  both the report Risks to 
Birds and Wildlife from Offshore Wind Farms (Peterson 2011) as well as the Environmental Impacts, Synergies, 
and Use Conflicts section of the UNC feasibility study of offshore wind turbines off the North Carolina Coast 
(UNC 2009). A phone interview was conducted with Petersen on 11/29/11. Harvey Seim is Professor of Marine 
Sciences at UNC. Seim was team leader on the Wind Power Estimation section of the UNC feasibility study of 
offshore wind turbines off the North Carolina Coast (UNC 2009). A phone interview was conducted with Seim 
on 11/29/11. 
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that wind farms located more than three miles from the shore were unlikely to have a major 

impact on birds or bats. The only uncertainty was that around passerine birds, but this danger 

could be avoided by avoiding the migratory routes of these species. With regards to marine 

life, the impacts were more complicated as the changes in ecosystems that would result from 

placing offshore wind structures in offshore waters were still unclear. While the creation of 

artificial reefs resulting from monopole foundations of wind turbines construction were 

expected to have a positive impact on marine life such as sea turtles (especially Loggerheads) 

and reef fish (such as snappers, groupers, black sea bass and other hard bottom habitat fish), 

this shift could lead to changes in certain ecosystem functions and fishing patterns and so 

outcomes were inconclusive and hard to predict. Petersen also mentioned that while a 

temporary displacement of certain marine mammals such as bottlenose dolphins could occur 

during the wind farm construction phase, this impact could be minimized by choice of the 

right season in which to pursue construction. As the possible impacts on marine and bird life 

were ill-defined, and potentially small, these factors were not included as attributes in the 

experimental design. 

Because many elements of this survey were focus grouped previously (such as visualizations 

of offshore wind farms), only three focus groups were conducted for the GP survey. 

Recruitment, incentives and the nature of the participants (NCSU administrative staff) were 

the same as for the VR survey. Focus groups dates and participant numbers are summarized 

in Table 3.5.  

All of the above focus groups were used to help clarify the section of the survey in 

which the attributes and their levels were explained to participants. Moreover, the second and 
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third focus groups were used to obtain priors for the final experimental design. Final 

attributes chosen as well as reasons behind these choices will be discussed next.  

As the same visualizations were used for this survey as in the VR survey, the attribute 

levels of ‘distance of visible turbines from shore’ and ‘number of turbines visible from the 

shore,’ as well as the rationale behind these, stays the same. The same visualizations were 

used to allow a level of comparability between the results of the two studies. The only 

difference, in terms of visualizations, between the GP survey and the VR survey, is that all 

survey versions in the GP survey were made both with day- and nighttime visualizations. 

When determining the amount of carbon offset due to offshore wind energy 

production, the capacity factor (examined in Chapter 2) as well as the operating margin 

(discussed below) play an important role. Capacity factors off the NC coast are above 35% 

for most offshore locations examined (see  Image 2.4 in Chapter 2). In the UNC report 

chapter on carbon reduction, a capacity factor of 40% is used to estimate the carbon 

reduction potential of a hypothetical offshore wind farm (Arneman 2009). In correspondence 

with Harvey Seim, Seim stated that a 35% capacity factor was a reasonable average capacity 

factor to use for feasible areas.28 As such, this more conservative estimate was used in our 

study. 

The operating margin is the second important concept when examining carbon 

reduction potential. For this, it is important to take a step back and look at power generation 

in North Carolina. Power generation, and accordingly the associated emissions, is highly 

variable over time. Variability results from both the moment-to-moment load changes 

                                                 
28 An interview with Seim was conducted on 1/3/11. 
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resulting from daily, weekly and seasonal cycles, as well as from long-term growth and 

build-out. Individual power plants are organized and managed together in such a way as to 

scale communal output to meet power demand. The moment-to-moment mix of generation 

capacity is known as the “operating margin” and it is the composition of this mix that affects 

the carbon impact of power generation at a specific point in time (Arneman 2009).29 Wind 

power generation is also highly variable as the wind blows at different speeds during 

different times of the day. As such, in order to know the carbon impact of wind energy, it is 

important to understand the types of traditional fuels that are used during the most productive 

wind energy hours.30  

A large portion of North Carolina’s electricity is generated by carbon-free nuclear 

power, with nuclear power plants operating consistently throughout the day. The operating 

margin is largely generated by coal, with peak demand being met by burning natural gas. As 

such, wind power generation is likely to reduce the burning of fossil fuels, with little impact 

on nuclear generation (Arneman 2009). What exact mix of fossil fuels would be displaced by 

offshore wind energy production, however, depends on the time of day that wind power 

augments the grid. In 2005, the most recent eGrid emissions data available at the time, the 

Virginia / Carolina sub region emitted an average of 0.52 metric tons of CO2 equivalent per 

                                                 
29 The operating margin is that portion of electricity that is generated over and above the baseload. The baseload 
is the amount of power required to meet minimum electricity demands based on expectations of customer 
requirements. 
30 It is assumed in this study that the “build margin” (the ability of wind power installation to offset future 
power plant construction) as well as the secondary and tertiary integration effects of wind power on carbon 
producing infrastructure (the additional fossil-fueled infrastructure needed to compensate for variations in wind 
power) are negligible. For justifications of this assumption, see Arneman (2009:332-333). 
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megawatt hour.31 This is the lower bound of possible carbon reduction. Due to the necessity 

to match varying loads, the marginal emissions rate was much higher, at 0.81 metric tons of 

CO2 equivalent per megawatt hour. As the operating margins of power fluctuations are 

generated mainly by fossil fuels, this is viewed as the upper limit of possible carbon 

reduction (Arneman 2009).32 

Given the assumption of an average capacity factor of 35% a hypothetical 64 turbine 

wind farm (320MW project) would produce 981,120 MWh of power per year 

(320MW*0.35*8760 hr/yr). Assuming an operating margin of 0.52 metric tons of CO2 

equivalent per megawatt hour, this hypothetical wind farm would offset a total of around 

510,180 tons of CO2 equivalent per year. By a similar logic, a hypothetical 144 turbine wind 

farm would offset a total of around 1,147,910 tons of CO2 equivalent per year.33  

As it is difficult for most people to conceptualize or even understand numbers such as 

the above, the tons of CO2 equivalent offset per year were converted into a more 

understandable metric. The EPA offers a ‘Greenhouse Gas Equivalencies Calculator’ in 

which abstract greenhouse gas measurements can be translated into a number of everyday 

criteria (EPA 2011). It was decided that the unit of measurement that would be understood by 

the largest number of survey respondents would be “annual greenhouse gas emissions from 

                                                 
31 As hourly plant operation records are not openly available, the US EPA’s eGrid data was used to obtain 
average annual emission rates for the SRVC power pool sub-region (Sub-region Virginia / Carolina). 
32 While it is likely that the emission intensity of the average power mix will decrease over time due to national 
legislation imposing stricter laws on carbon emissions, this study assumed a constant carbon reduction per year 
to simplify choice tasks for respondents. Due to this simplification, the lower bound of possible carbon 
reduction was used to calculate the carbon reduction of different wind farm scenarios presented. 
33 144 turbines*5MW*0.35 capacity factor*8760 hr/yr*0.52 operating margin. 



 

50 

___ passenger vehicles.” In the survey this was translated into “same as not driving ___ cars 

each year.” Focus groups unanimously agreed that they liked and understood this metric. 

Choosing the levels of the carbon reduction attribute was a rather complicated 

process. The problem at hand was that the three wind farm sizes of which visualizations were 

available did not provide an appropriate range of carbon reductions to be used for the ‘carbon 

reduction’ attribute.34 As such, it was explained to respondents in the survey that each wind 

project consists of visible turbines as well as turbines that are too far out to see. 

Visualizations presented in the choice questions represented only the visible turbines. 

Respondents were told in the introduction that up to 200 turbines could be built too far out to 

see. They were further reminded in each actual choice question next to the ‘number of 

turbines visible from the shore’ attribute that some turbines were built too far out to see. The 

actual number of turbines built in each of the choice questions was not reported to avoid 

adding an unnecessary level of complexity to the choice questions. 

The levels of ‘carbon reduced’ chosen range between 100,000 ‘cars taken off the 

road’ in the case of the baseline, to 500,000 ‘cars taken off the road’ in the case of the largest 

‘carbon reduction’ level presented, with intermediate levels taking the form of 200,000, 

300,000 and 400,000. These levels were chosen, so that given different assumptions about 

                                                 
34 As explained in the first section of this chapter, in choice experiments, different levels of attributes are varied 
and put together to present different alternatives (combinations of attributes) to survey respondents. This means 
that unless one wishes to restrict a design, all levels of one attribute have to be relevant for all levels of another 
attribute used in the design. As such, all levels of the ‘carbon reduced’ attribute need to be relevant for all wind 
farm sizes. Existing visualizations showed wind farms of sizes 64, 100 and 144 turbines respectively. Given a 
capacity factor range of between 30-40% and an operating margin of between 0.52 and 0.81, the maximum 
number of ‘cars taken off the road’ for a 64 turbine wind farm is about 178,000 (assuming a capacity factor of 
40% and an operating margin of 0.81) and the minimum number of ‘cars taken off the road’ for a 144 turbine 
wind farm is around 193,000 (assuming a capacity factor of 30% and an operating margin of 0.52). As such, 
there was no way in which to logically justify a range of levels for the ‘carbon reduction’ attribute that would be 
relevant for these three sizes of wind farms. 



 

51 

the capacity factor and the operating margin, these levels translate to between 350MW and 

1000MW of constructed wind energy capacity for the designed alternatives. This covered the 

span of potential sizes of first stage offshore wind farm development. 

As no offshore wind farms currently exist in the US, job creation estimates in the 

literature were based either on European experience, or extrapolated from onshore wind 

energy projects. The most relevant and recent estimates of potential job creation resulting 

from offshore wind energy development at the time of writing were found in the NREL 

report ‘Large-Scale Offshore Wind Power in the United States: Assessment of opportunities 

and barriers’ (NREL 2010).35 The NREL report estimates that offshore wind will create 

approximately 20.7 manufacturing and construction job-years per installed MW and 

approximately 0.8 permanent operations and management jobs per cumulative MW of 

offshore wind in operation (NREL 2010). As the term ‘job-years’ is not a commonly used 

one, respondents were only presented with the attribute ‘permanent jobs created,’ a term with 

which most people are familiar.36 In order to provide a realistic variability in this attribute, 

the job-years estimate was converted into permanent jobs created. Unfortunately the 

literature provided no clear guidance of how job years translate into permanent jobs. In the 

Maryland Offshore Wind energy act of 2012 (Willemsen et al. 2012), manufacturing and 

construction jobs resulting from offshore wind energy development have been assumed to 

last 5 years. As such, it was assumed that the 20.7 job hours translated into between 0 and 4 

                                                 
35 At the time of writing, this report was the one used by the NC Department of Commerce in their public 
presentations on offshore wind (Shirley 2011). 
36 In choice experiments, it is important that interpretation of attributes and levels is as far as possible consistent 
across respondents. Attribute ambiguity ads to the unobserved variance in choices between alternatives without 
being able to explain this (Hensher et al. 2005). 
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permanent jobs per cumulative MW of offshore wind energy installed. This assumption, 

together with possible variation around the NREL (2010) estimate of 0.8 permanent jobs per 

cumulative MW of offshore wind energy in operation, resulted in an assumption of job 

estimates varying between 0.6 and 4.8 permanent jobs per MW of installed capacity. 

Given different assumptions about the operating margin and capacity factor 

associated with offshore wind energy project, the range of permanent jobs that are both 

relevant for the smallest and largest wind farm sizes considered in this study is between 

approximately 500 and 3,000 permanent jobs created.37 It was clear, however, from feedback 

of focus group respondents that levels near 3,000 permanent jobs were too high to be 

credible. As such, the levels of the ‘permanent jobs created’ attribute were chosen as 500, 

800, 1,100, and 1,400. Focus group respondents reported to find these levels of permanent 

job creation credible.38 

The levels for the ‘addition to the electricity bill’ attribute were based on attribute 

levels used in other studies in some way measuring consumers’ willingness to pay for ‘green 

energy’ (Borchers et al. 2007; Fimereli et al. 2008; Navrud & Bråten 2007). Focus groups 

were used to see if additions to the electricity bill were viewed as realistic. While initially six 
                                                 
37 Given the assumption of the lowest and highest operating margins and capacity factors, an offshore wind 
project that takes 200,000 cars of the road annually could range in size between a 360MW project (assuming an 
operating margin of 0.81 and a capacity factor of 40%) and a 750MW project (assuming an operating margin of 
0.52 and a capacity factor of 30%). As such, permanent job creation for this project could vary between 215 (a 
360 MW project assuming 0.6 jobs created per MW) and 2,980 permanent jobs created (a 750MW project 
assuming 4 jobs created per MW). Similarly, an offshore wind project that takes 500,000 cars of the road 
annually could range in size between a 900MW project and a 1,865MW project. As such, permanent job 
creation for this project could vary between 540 (a 900 MW project assuming 0.6 jobs created per MW) and 
7,465 permanent jobs created (a 1,865MW project assuming 4 jobs created per MW). The above provides an 
overlapping range of between approximately 500 and 3,000 permanent jobs created. 
38 During the first focus group which was presented with levels of 1,500, 2,000, 2,500 and 3,000 permanent jobs 
created, respondents reported that they did not find these levels credible. While 500 permanent jobs created for 
a wind farm of the size that reduces carbon emissions equivalent to taking 500,000 cars off the road is lower 
than would occur in reality, these levels seemed credible to focus group participants and so were kept as such. 
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price levels were used, it was learned from focus groups that most individuals were more 

willing to face tradeoffs when additions to the electricity bill were below $16. The desire to 

allow for more variation in the price attribute below this level, as well as an attempt to 

capture the extremes of the distribution, led to the final specification of eight levels for this 

attribute: {$2, $5, $8, $12, $16, $20, $25, $30}. Moreover, it was made sure that by the end 

of the focus groups, this attribute was specified so that there was no doubt that this fee would 

be removed from consumers’ electricity bill after a period of 3 years. 

A summary of the final attributes and attribute levels used in the NC study, as well as 

an example question, can be found in Table 3.6 and Figure 3.2.  

3.3 Final survey layout and administration 

The final survey consists of five main sections. In the first section, respondents are 

asked about their visitation patterns to the North Carolina coast, as well as their experience 

with both onshore and offshore wind energy. In the second section, respondents are given an 

introduction to offshore wind energy which includes all the facts that were identified as 

necessary for understanding choice questions during the focus groups. This section also 

explains in detail all the attributes and levels that individuals will be confronted with in the 

choice section, as well as giving an example question to familiarize respondents with the 

eight subsequent choice questions. The third section contains the choice experiment in which 

respondents are faced with eight questions in which they have to rank three scenarios in order 

of their preference. Two of the three scenarios are the designed scenarios which vary in every 

question, and the third is the baseline scenario which is the same across all choice questions. 

In the fourth section, respondents are asked follow up questions regarding their choices as 
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well as attitudinal questions. Follow-up questions are asked to test respondent understanding 

of the choice questions, identify potential protest behavior as well as identify possible non-

attendance to specific attributes. Attitudinal questions elicited respondents’ perceptions about 

the impacts of offshore wind farms, their environmental consciousness as well as their 

concerns about climate change (in the GP survey only). The final section asks for respondent 

demographics.39  

Surveying procedures were based on Dillman’s Tailored Design Method (Dillman 

2000). First, all respondents were sent survey packets consisting of (1) a cover letter stating 

the nature of the survey, the importance of the topic at hand, the importance of survey 

participation, how confidentiality of responses was ensured, as well as incentives provided 

for completed and returned surveys; (2) the survey; (3) a business reply envelope.40 Each 

version of the survey was identified by a tracking number. Approximately two weeks later, 

postcards were sent out to all respondents, thanking them for their participation and 

reminding those who had not yet completed the survey to please do so. Finally, two weeks 

after the reminder postcards were sent out, a second survey packet was sent out to those 

respondents who had still not completed and returned the original surveys. This second 

packet contained the same survey, but a modified cover letter, reaffirming the importance of 

the study as well as reassuring respondents of survey confidentiality. 

                                                 
39 The survey instruments can be found in Appendix J.  
40 For the VR survey, two incentives existed. All respondents who returned their surveys within the first four 
weeks of receiving the survey were entered into a draw to win a $100 gift card. All respondents who returned 
their survey within six weeks of receiving the first survey were entered into a draw to win a two-night, off-
season stay at the NC coast (many thanks to Carolina Designs Realty, Emerald Isle Realty and Sloane Realty 
for each sponsoring a weekend). For the GP survey, respondents who returned the survey within six weeks of 
receiving the survey were entered into a draw to win an iPad 3. 



 

55 

3.4 Tables and Figures 

 

Table 3.1: Dates and participant numbers of VR focus groups 

Focus Group number Date Number of participants 
1 7 March 2011 9 
2 27 April 2011 9 
3 16 September 2011 10 
4 22 September 2011 9 

  

 
 
Table 3.2: Summary of beach house prices – by realty and location 

Rental Agency Location of beach house 25% 50% 75% 
Carolina Designs Realty Ocean Front 7995 10495 14595 

Ocean View 5695 6645 6995 
Ocean Side 4145 5095 6345 

Emerald Isle Realty Ocean Front 2995 3995 7095 
Ocean View 1975 2750 4250 
Ocean Side 1315 1580 3395 

Sloane Realty Ocean Front 2355 3340 4690 
Ocean View 1725 1870 2840 
Ocean Side 1265 2225 2945 

 

 
 
Table 3.3: Summary of price ranges chosen for VR survey 

Price range Median Price Minimum Price Maximum Price 
1 2,422 2,310 2,695 
2 3,095 2,840 3,395 
3 3,995 3,795 4,140 
4 4,895 4,595 5,360 
5 6,495 6,050 6,975 
6 8,995 8,350 9,650 
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Table 3.4: Attribute levels used in VR survey choice sets 

Attribute Levels Status 
Quo 

Distance of visible turbines from the shore 5, 8, 12, 18 miles 30 
Number of turbines visible from the shore 64, 100, 144 turbines 0 
Change in rental price +5%, 0%, -5%, -10%, -15%,-20%, -25%a $0 
a These percentages were converted into absolute price changes for the choice questions in the survey. 
 
 
 
 
Table 3.5: Dates and participant numbers of GP focus groups 
Focus Group number Date Number of participants 

1 2 March 2012 4 
2 13 March 2012 9 
3 20 March 2012 11 
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Table 3.6: Attribute levels used in GP survey choice sets 

Attribute Levels Status Quo 

Distance of visible turbines from the shore 5,8,12,18 miles 30 
Number of turbines visible from the shore 64, 100, 144 0 
Carbon Reduceda 200,000, 300,000, 400,000, 500,000 100,000 
Permanent jobs created 500, 800, 1100, 1400 300 
Addition to electricity billb $2, $5, $8, $12, $16, $20, $25, $30 $0 
a The amount of carbon dioxide equivalent reduced due to offshore wind farm construction, converted to the equivalent number of cars removed from  
the road each year for 20 years (lifetime of project) 
b The dollar amount added to each month’s electricity bill for three years. 
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Figure 3.1: Example VR survey choice question 
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Figure 3.2: Example GP survey choice question41 

                                                 
41 The actual choice questions in the GP survey have both daytime and nighttime visualizations and so the 
layout of the choice question above is different to the actual questions. It was not possible to fit a full example 
onto one letter size page. The presentation of the different scenarios is, however, the same. 
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Chapter 4: Experimental Design 

In the previous chapter, the general design of the surveys was discussed. The 

attributes and levels chosen during the survey design process need to be put together in such 

a way to produce realistic and relevant choice sets to include in the surveys given to 

respondents. This is done by means of the experimental design. In this chapter, elements 

relevant to the experimental design, as well as design generation process itself will be 

discussed. The experimental design generation is broken into three pieces. The first describes 

the experimental design process relevant to both surveys. The second and third piece discuss 

experimental design specific to the VR survey and the GP survey, respectively. Before 

discussing each of these pieces in detail, a broad overview of both the utility theoretic basis 

for choice modeling as well as the nature of the experimental design process and steps that 

are generally followed to create a design will be given. This is done both to give the reader a 

basic introduction of more complex topics that follow, as well as to set terminology used in 

later sections. 

4.1 Random utility theory and an introduction to experimental design 

Random utility theory (RUT) was first eluded to by Thurstone (1927) and later 

developed by Marschak (1960). In short, RUT suggests that not all determinants of the utility 

that an individual obtains from making choices are observable to the researcher, but that 

there is also an indeterminate, unobservable element of which determines preferences. 

Assume that a decision maker n, is confronted with a finite set of J alternatives 

(j=1,2…J). The individual is expected to obtain a certain amount of utility from each 
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alternative, denoted as njU . Under the assumption of utility maximization, the individual will 

choose the alternative that provides the greatest amount of utility. As such, the individual will 

choose alternative j, if and only if,  .nj niU U j i    

While njU  is fully known by the decision-maker, it is not observable by the 

researcher. The researcher only observes the explicit attributes of the alternatives, labeled as

njx j , as well as some attributes of the decision-maker, labeled nz . These observed factors 

can be related to the decision-maker’s utility by means of a function denoted by 

  ,  z  nj nj nV V x j  . njV  is often referred to the systematic component of utility and is 

generally specified to be linear in parameters such that ' 'nj nj nV x z   . The aspects that 

are not observed by the researcher are captured by nj , also known as the random or error 

component of utility. As such, utility is decomposed as:  nj nj njU V   . 

The above decomposition is fully generalizable, as nj  is simply the difference 

between the true, overall utility, and that part which is observed by the researcher. As such, 

nj  is treated as random. The joint density of the random error vector 1( ,..., )n n nJ   is 

denoted ( )nf  . Given this density, probabilistic statements about the decision-makers choice 

can be made. The probability that decision maker n chooses alternative j is given by:  

 = (  )  (   – ) , ,     (4.1)nj nj ni nj nj ni ni nj ni ni njP Prob U U Prob V V Prob V V j i              

which states that the probability of individual n choosing alternative j over alternative i is 

equal to the probability that the difference in random utility between alternatives j and i is 
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smaller than the systematic difference in utility between these two alternatives. njP  can be 

expressed as a cumulative probability: 

Pr( ) ( ) ( ) ,                       (4.2)nj nj ni ni nj nj ni ni nj n nP V V j i I V V j i f d


                  

where ( )I   is an indicator function taking the value of one if the respondent indeed chooses 

alternative j, and ( )nf  represents the density function of the random component. Which 

discrete choice model is eventually implemented empirically depends on the assumptions 

made about the distribution of the unobserved portion of utility (Train 2003).  

The generation of a stated choice experiment can be broken down into three principal 

steps, illustrated in Figure 4.1. First, all parameters that need to be identified are determined 

and a complete model specified. This step is important as the number of parameters in the 

model determine, among other things, the minimum number of choice tasks in the design. 

Each additional parameter in the model represents an extra degree of freedom, and the 

number of choice tasks in the experimental design need to be greater than or equal to the 

degrees of freedom.42 To specify a model, however, the researcher must first determine 

which attributes or characteristics will be used to describe the ‘good’ at hand, and which 

attribute levels to assign to each attribute. It is important to choose attribute levels that are 

realistic, policy relevant and span the range over which respondents are expected to have 

preferences (Bateman et al. 2002).  

                                                 
42 “A degree of freedom is defined here as the total number of parameters (excluding the constants), plus 1. All 
constants are accounted for in the ‘plus 1’”(Rose et al. 2011). 
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Second, an experimental design type needs to be chosen and the design generated 

based on the model specified in step one. Finally, a questionnaire is created in which the 

underlying experimental design is converted into choice questions faced by respondents. This 

survey is then used to collect data.  

Both the statistical power of an experiment as well as the ability to determine the 

impact of each attribute on final choices may be determined by the way in which the levels of 

design attributes are distributed across an experiment. While the statistical power of an 

experimental design may not matter given a large enough sample size, for most sample sizes 

used in practice the ability to detect statistically significant coefficient estimates may be 

compromised given a poor design. As such, the experimental design underlying the choice 

experiment can impact the final results obtained in a study. When designing an experiment, 

the analyst is thus faced with the problem of how to allocate a chosen set of attributes and 

attribute levels across an experiment, and accordingly, which type of design to use. 

Designs can be broadly classified into two groups: full factorial designs and fractional 

factorial designs. Fractional factorial designs can be further subdivided into a host of 

different types of designs, the most commonly employed ones being orthogonal designs and 

efficient designs. In this study, an efficient design is used. To understand this design, as well 

as its advantages over other designs, a broad overview of the full factorial design, the 

fractional factorial design and the orthogonal design will be given below. 

A full factorial design combines each attribute level with every level of all other 

attributes, resulting in the collection of all choice situations possible. Table 4.1 shows the full 
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factorial design in the case of three attributes (A, B, and C) with two, two and three levels 

respectively. 

Assume for a moment that each respondent n (n = 1,...,N) faces all S choice situations. 

In each choice situation s (s = 1,...,S), each alternative j (j = 1,...,J) has jK associated 

attributes ( 1,..., )jk K , each with different attribute levels jksl . Given this specification, the 

total number of choice situations in the full factorial design is:  

1 1

.                                                                                                                    (4.3)
jKJ

jk
j k

S l
 

  

For the VR survey, for example, where individuals are presented with two hypothetical 

alternatives each having three attributes with {4, 4 and 6} levels, the full factorial design 

would consist of (4x4x6) x (4x4x6) = 9,216 choice questions. For the GP survey, in which 

the number of attributes increases to five, with {4, 4, 4, 4 and 8} levels, the full factorial 

would consist of 4,194,304 choice questions. As is evident from this example, the number of 

choice questions increases exponentially as the design increases in complexity. For most 

studies, it is not feasible to let a single respondent face all these choice situations. 

For this reason, most studies rely on fractional factorial designs in which only a 

subset of S choice situations are shown to each respondent. There are a number of different 

design types within this class of designs. Subsets of choices from the full factorial design can 

be selected at random or divided equally among respondents with the first respondent 

receiving the first S/N choice situations, the second the second S/N choice situations etc. 

Clearly, however, this could result in biased outcomes if, for example, one individual is 
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asked only choice situations with very low or very high values of a certain attribute. 

Orthogonal designs and efficient designs select choice situations in a more structured way. 

Historically the criterion of orthogonality has been the most commonly used criterion 

to generate fractional factorial designs. The criterion of orthogonality relates to the 

correlation structure between attributes of the design, with a design being orthogonal when 

attribute levels for each attribute column are uncorrelated. As such, the sum of the inner 

products of any two columns must be zero: 

1 1 2 2 1 1 2 2
1

0,    ( , ) ( , ).                                                                                (4.4)
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An orthogonal design with three attributes (A, B, and C) each having two levels (1 and -1) is 

shown in Table 4.2.43 

It is often the case that it is not possible to find an orthogonal design with the 

minimum number of choice tasks, resulting in potentially large designs.44 In situations where 

it is not possible to give a single respondent all the choice situations of an orthogonal design, 

the procedure of blocking is useful. Blocking splits the design into smaller designs while still 

ensuring that attribute level balance is satisfied in each block.45 While each block in itself is 

not orthogonal, orthogonality is retained in the combination of all blocks. Blocking is 

typically done by adding an additional uncorrelated column with the number of levels equal 

                                                 
43 Note, the orthogonal codes are later replaced with actual attribute levels when constructing the questionnaire. 
44 If for example, an orthogonal design is needed for a case with five attributes each having three levels, the 
smallest number of choice situations that satisfy the degrees of freedom restriction are six. The smallest 
orthogonal design for this problem, however, consists of 18 choice questions. 
45 The attribute level balance property ensures that each attribute level appears an equal number of times for 
each attribute. This ensures that respondents don’t only face low or high attribute levels for certain attributes.  
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to the number of blocks to the design. Table 4.3 shows how a nine choice situation design 

with three attributes of three levels each is blocked into three blocks of three questions each. 

The popularity of orthogonal designs can be attributed to two main factors. First and 

foremost, these designs allow the influence of each attribute on an individual’s choice to be 

independently estimated. Second, orthogonal designs are usually rather easy to construct or 

obtain from software packages or published sources. Besides these reasons, the common use 

of orthogonal designs in stated choice studies can also largely be ascribed to historical 

inertia. In the past, the experimental design literature has been mainly concerned with linear 

regression models in which orthogonality is considered important. Orthogonality prevents 

multicollinearity and minimizes the variances of parameter estimates. Minimization of the 

variances is desirable as it results in the smallest possible standard errors and accordingly 

maximizes t-ratios on coefficients in the model. As such, for linear models, orthogonal 

designs can be considered to be “good” designs. 

While historically the criteria of orthogonality has been the most commonly used to 

allocate attribute levels across a design, there has been an increasing trend away from this 

criteria (Román et al. 2010; Scarpa & Rose 2008). While the principal argument for using 

orthogonal designs is their ability to produce unconfounded parameter estimates due to the 

statistical independence between attributes in the design, it must be remembered that 

parameters are eventually estimated from the data sets acquired through the stated choice 

experiment surveys, not the design itself. It is only in the rarest cases that data obtained from 

an orthogonal design will actually retain the characteristics of orthogonality. There are 

several reasons why orthogonality may be lost in the survey process. 
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First, orthogonality in data may be lost if some choice situations are missing because 

respondents with these choice questions did not respond.46 Further, when using a blocked 

design, orthogonality is lost when not all blocks are represented equally in the data set. If, for 

example two respondents completed blocks one and two, but only one respondent completed 

block three, then the data obtained from this sample is correlated. Second, the inclusion of 

fixed, demographic variables also usually results in the loss of orthogonality as standard 

sampling practices don’t ensure orthogonality between the design attributes and other 

variables in the data. As such, covariates collected are unlikely to be orthogonal, both with 

one another and possibly with other design attributes. Third, when orthogonal codes (such as 

{-1, 0, 1} used above) are replaced with quantitative attribute levels (such as {$2, $5, $10}), 

orthogonality will only be retained if attribute levels are equidistantly spaced, a phenomenon 

not often observed in policy relevant applications. Finally, the enforcement of orthogonality 

does not ensure against choice situations which are either implausible, or in which one 

alternative is clearly preferred to the others available (this is called a dominated alternative). 

Dominated choice questions provide little to no information about the trade-offs between 

attributes of alternatives and are hence often deleted by researchers. When rows of designs 

are deleted, designs are no longer orthogonal. In sum, the fact that the data obtained from 

orthogonal designs is in most cases not orthogonal has led to the questioning of the 

importance of the principle of orthogonality.  

Researchers have also increasingly begun to question the appropriateness of 

orthogonal designs for stated preference studies involving the estimation of non-linear 

                                                 
46 This is called survey non-response. 
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models (Scarpa & Rose 2008; Train 2003). This line of thought has stressed the importance 

of examining the tradeoff between the ability to independently assess each attribute’s 

influence on choice (which is not important for nonlinear models which, based on prior 

information, begin with the assumption of a nonzero parameter estimates) and the statistical 

power of the design measured by its ability to detect statistical relationships for given sample 

sizes (Cooper et al. 2012).  

The class of designs making this tradeoff is known as efficient designs. Rather than 

simply looking at the correlation structure between attribute levels, these designs aim to 

maximizing the amount of information obtained by each choice situation and thus produce 

data capable of generating parameter estimates with the smallest possible standard errors. 

The standard errors of the final data can be predicted by determining the asymptotic variance 

covariance (AVC) matrix based on the underlying experiment as well as prior information 

available about parameter estimates. To the extent that approximation of the AVC depends 

on accuracy of the prior information available for parameter estimates, efficient designs are 

reliant on the verity of prior information available. While the veracity of priors is valid 

concern, any prior information, even just knowledge of the parameter sign, generally results 

in efficient designs outperforming orthogonal ones (Rose et al. 2011). Moreover, in cases 

when certainty of prior parameters is low, Bayesian efficient designs can be used. Instead of 

assuming fixed prior parameters, these designs allow priors to be random parameters, 

increasing the stability of the designs as there is less reliance on the accuracy of priors. A 

Bayesian efficient design was used in this study, generated with the software Ngene 1.1.0 

(ChoiceMetrics Pty Ltd 2011).  
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4.2 Experimental design relevant to both surveys 

In this section, the development and the characteristics of the experimental design 

common to both surveys will be discussed. Design developments specific to each of the two 

surveys will be done in the following sections. A Bayesian efficient design was used to 

generate the experimental designs for the surveys used in this study.  

There are a number of efficiency measures on the basis of which to evaluate efficient 

designs. Of these, the D-error is the most widely used measure. This measure examines the 

determinant of the asymptotic variance covariance matrix,  . In generating a D-efficient 

design, different attribute level combinations are compared and the attribute level 

combinations resulting in a lower D-error are viewed as statistically more efficient designs. 

These designs are generated to maximize the t-ratios for the design parameters (Cooper et al. 

2012). Three types of D-errors are found in the literature, depending on the nature of prior 

parameters used. In the case where no prior information is available, the Dz-error (‘z’ from 

zero) is appropriate. In cases where good, and relatively accurate, approximations of prior 

parameters are available, the resulting error is the Dp-error (‘p’ from ‘priors’). Finally, if 

priors are not known with certainty (as is most often the case), priors parameter estimates 

may be specified to follow a given probability distribution, resulting in the calculation of the 

Bayesian D-error statistic, or Db-error statistic, represented by: 

1
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where k is the number of parameters to be estimated and   are the Bayesian priors with the 

joint probability function of ( | )   and given parameters .47 

Besides the D-error, the utility balance of a design is important. Utility balance as a 

criteria guards against choice tasks with dominated alternatives. Dominated alternatives 

occur in a choice task when the attribute levels of the alternatives on offer are such that one 

alternative has a probability of one of being chosen. To illustrate, an example of a dominated 

choice scenario relevant to this study is shown in Table 4.4. Scenario B has a smaller visual 

impact of wind turbines, more carbon reduced, more permanent jobs created and requires a 

lower monthly fee to be paid than Scenario A, making it clearly the preferred alternative. If 

this choice were given to respondents, little information would be gained as Scenario B 

“dominates” this choice situation. Information will only be gained from choices when the 

respondent actually has to make a clear tradeoff between the different attributes presented in 

the choice alternatives. 

The concept of utility balance was first introduced by Huber and Zwerina (1996) and 

refers to the case where alternatives presented in a choice set are equally attractive to a 

respondent. While the example in Table 4.4 suggests that a high degree of utility balance is 

desirable, this is only the case when respondents actually possess a certain amount of 

preference certainty, and are able to make tough choices. If alternatives in a choice have an 

equal observed utility, an individual is likely to be indifferent between alternatives and make 

                                                 
47 To make the D-error independent of the size of the problem, the kxk AVC matrix is normalized by the power 
1/k. 
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choices at random. If this occurs, the unobserved component of utility dominates and no 

information is obtained. 

As such, to increase statistical performance when respondents are uncertain about 

their choices, a good efficient design possesses both difficult choice tasks and choices that 

are not as difficult to make (Olsen et al. 2011). The utility balance the individual choice 

questions as well as the design as a whole can be expressed as a percentage. Take, for 

example, a specific choice situation s. If all j alternatives within this choice situation had an 

equal probability of being chosen, that is Pjs = 1/J, then this choice situation would have 

perfect utility balance. As such, the utility balance of choice situation s can be defined as: 

1

1
100%.                                                                                                  (4.6)
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The overall utility balance of design, B, can hence be determined by averaging across all 

choice situations (Kessels et al. 2006): 
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While there is no clear consensus in the literature about the optimal value for utility 

balance of a design, it is assumed to lie in the range of 70-90% (Rose et al. 2011). The 

criterion of utility balance, specified as the B-error in Ngene, can be included in the 

algorithm for finding an efficient design.  

In this research a model averaging approach was used to generate the efficient design. 

This was done to incorporate both the measures of D-efficiency and utility balance discussed 

above. Both models defined in the experimental design were specified as multinomial logit 
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models (MNL) with Bayesian priors, but the first model was based on the efficiency criteria 

of the Db-error, while the second model was based on the efficiency criterion of the B-error.48 

As the utility criteria was only introduced to force trade-offs between alternatives in choice 

questions (and not as an efficiency criteria to pursue in itself), the weight on the second 

model was specified to be only a fraction of the weight on the first model based with the     

D-efficiency criterion.49 

Besides determining the most appropriate experimental design to generate choice 

questions, an important consideration in any choice experiment survey is how many choice 

questions to ask in a survey. There is a large literature examining choice task complexity and 

the optimal number of choice tasks to include in a survey. The tradeoff at hand is to obtain 

the maximum amount of information possible from each respondent, while also preventing 

respondent fatigue (Breffle & Rowe 2002; DeShazo & Fermo 2002; Hensher 2001; Swait & 

Adamowicz 2001). It is apparent from the literature that the optimal number of choice tasks 

depends on the application. More recent literature, however, suggests that there is no 

concrete proof for respondent fatigue and that respondents can do a larger number, and more 

complex choice tasks with little loss of reliability or validity (Louviere et al., 2008). 

This particular application, however, is based on respondent evaluation of detailed 

visualizations of wind turbines in which respondents have to carefully consider alternatives 

offered in each scenario. Respondents in the focus group reported paying less attention to 

                                                 
48 The exact code used for the experimental design can be found in Appendix D.  
49 Although it was assumed a priori that a different model would eventually be used to analyze the data, the 
design was optimized assuming a MNL model following Bliemer & Rose 2010; Scarpa et al. 2007 and Scarpa 
& Rose 2008. In addition, Rose et al. (2011) suggest that a MNL be used to generate initial designs as it is much 
easier to identify problems in the design than with more complex models. 
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different attribute levels when faced with 12 to 16 choice tasks.50 As such, a conservative 

approach was taken and the number of choice tasks per respondent was limited to eight. 

Recall, in each choice question respondents were asked to review three alternatives 

consisting of two hypothetical alternatives as well as one alternative that closely resembled 

the status quo (the baseline alternative). 

There is an increasing consensus in the literature that stated choice studies should 

include a status quo (SQ) alternative. This alternative is also referred to as the ‘no choice,’ 

‘opt-out,’ or ‘baseline’ alternative – although interpretations of different names differ 

slightly. Arguments to use the SQ alternative include the fact that having a status quo 

alternative results in more realistic choice tasks (Louviere & Woodworth 1983; Carson et al. 

1994), improves the statistical efficiency of parameter estimates obtained from discrete 

choice models (Adamowicz & Boxall 2001), and increases the external validity of welfare 

estimates derived from stated choice experiments (Anderson & Wiley, 1992; Louviere, 

Hensher & Swait, 2000). Moreover, inclusion of the SQ is viewed as critical for obtaining 

welfare estimates that are consistent with demand theory (Birol et al. 2006). 

While the inclusion of a SQ alternative was viewed as desirable in this study, the 

inclusion of a SQ in the traditional sense (which is mostly understood as an option reflecting 

“no choice” or an option to keep things “at their current level”) was problematic. A 

traditional SQ option for this study would have been an option in which no wind farm is 

constructed, the view of the ocean remains the same and there is no change in prices. While 

keeping costs at zero for the SQ was not problematic, having no wind energy in the SQ was, 
                                                 
50 In an effort to collect priors for the final design, 16 choice questions were included in the VR survey’s third 
and fourth focus groups and 12 questions were included in the GP survey’s second and third focus groups. 
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as then a choice between the SQ and a designed (non-SQ) alternative would entail a choice 

for or against wind energy. Accordingly, preferences for the viewshed would be confounded 

with a preference for or against wind energy. 

As such, it was necessary to also have wind energy present in the SQ alternative, 

resulting in a SQ that can be viewed more as a “reference alternative” than a traditional SQ. 

While a reference alternative is similar to a traditional SQ in the sense that utility remains 

fixed across choice situations (at least for each respondent), it differs in that attribute levels 

of the alternative need not be absent and utility need not be zero (as is often assumed for the 

traditional SQ). Having specific attributes associated with the status quo, however, can result 

in certain modeling complications, especially if these attributes are not also found in the 

designed alternatives. These complications, as well as how they are handled are discussed in 

Appendix B. 

As valuation of different elements of the viewshed was the principal aim of the choice 

experiment in the VR survey, the amount of wind energy produced was the same in all 

alternatives offered (144 turbines were always built). The SQ was specified as a scenario in 

which rent did not change and the all 144 wind turbines were built too far out to see. In the 

GP survey, the aim was not only to value the viewshed, but also value different attributes 

associated with the construction of offshore wind energy – in particular, the amount of 

carbon reduced and the number of permanent jobs created. As different amounts of wind 

energy were needed to result in credible variability in the ‘carbon reduced’ attribute, the total 

number of turbines built was not held constant in this study. For the GP survey, the SQ was 

one in which a wind farm was built that resulted in the reduction of carbon dioxide 
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equivalent to 100,000 cars being taken off the road each year for 20 years and 300 permanent 

jobs being created. For comparison, the lowest level of designed alternatives in which some 

turbines are in view is 200,000 cars taken off the road each year and 500 permanent jobs 

created. It was, however, viewed as desirable to keep attributes that more directly impacted 

individuals consumption decisions constant, and so the wind farm was specified as being 

built too far out to see, and there was no addition to the electricity bill associated with this 

wind farm construction. 

When presenting the hypothetical alternatives and the status quo to respondents in a 

choice question, the method of preference elicitation has to be decided upon. In ‘traditional’ 

discrete choice experiments (DCEs), respondents are simply asked to indicate their most 

preferred option from a set of options. Lately, however, there has increasingly been a move 

to ask respondents to choose both the best and the worst option from a set of alternatives. 

Framing a choice experiment question in this way is referred to “best-worst scaling” 

(BWS).51 The major advantage that BWS has over traditional discrete choice methods is that 

more information about respondent preferences is obtained from each question answered, at 

minimal additional effort. In the case where only three options are available to choose from, 

a full ranking of preferences across alternatives in the set is obtained (Marley & Louviere 

2005). Similarly to traditional discrete choice experiment and ranking models, choices made 

in Best-Worst Scaling (BWS) questionnaires are also modeled using the random utility 

framework. 

                                                 
51 This choice format was first proposed by Finn and Louviere (1992). 
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After the second focus group, the choice format was changed from the traditional 

DCE format to BWS due to the advantages of this choice elicitation method. Unfortunately 

focus group respondents seemed to be confused about what exactly was expected from them 

when choices were presented in BWS manner. After a number of different ways of phrasing 

the choice question were tested in focus groups, a ranking format was chosen in which 

respondents were asked to rank the scenarios available in order of their preference.52 Because 

only three alternatives were used in the choice questions in both surveys, the ranking 

structure is observationally equivalent to using traditional BWS.53 

Caparrós, Oviedo & Campos (2008) use a similar design as in this study (a pairwise 

comparison together with a status quo) to test possible differences between traditional choice 

experiments in which respondents are asked to only choose their most preferred of three 

alternatives, and ranking experiments when the first rank is assumed to be the preferred 

option. The authors find no significant differences between the regression results of the 

traditional choice elicitation sample and the ranking sample. Moreover, a likelihood ratio test 

fails to reject the hypothesis of differences in scale parameters between the samples and so 

demonstrates that the valuation tasks are derived from the same cognitive process. Finally, 

the authors show that welfare measures (both per attribute as well as for aggregated welfare) 

are not distinguishable between the two methods. 

  

                                                 
52 The development of the choice questions is explained in more detail in Appendix C. 
53 Inconsistencies in ranking methodology when more than three alternatives are present has been described by 
a number of studies (Morrison & Boyle 2001; Boyle et al. 2001; Mogas & Riera 2001). As all these studies ask 
respondents to rank more than three alternatives, the findings are not applicable to this study. 
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4.3 Experimental design specific to the VR survey 

While the broad nature of the experimental design used in this survey is discussed 

above, a number of elements of the design are specific to the problem at hand. This section 

describes the experimental design process that was followed for the VR survey.  

Given the absence of similar studies, focus groups were used to obtain priors for the 

VR survey experimental design. While the first two focus groups were used mainly to test the 

layout of the survey as well the realism of the visualizations, the third and fourth focus 

groups were used to inform priors for the final design. To maximize the amount of 

information obtained from these focus groups, participants were each assigned 16 choice 

questions, but informed that this was not be the case in the final survey. 

Due to the close correspondence between efficient designs with zero priors (Dz-

optimal designs) and orthogonal designs in the case of no prior information, an orthogonal 

design was generated for the focus groups (Bliemer & Rose 2005). The code of this design, 

as well as an explanation of how dominant alternatives were handled can be found in 

Appendix D. As it had become apparent from the first two focus groups that using percentage 

changes in rental price led to confusion, percentage changes were converted to absolute price 

changes for the final focus groups. Three different survey versions were created for the focus 

groups – relevant for low, medium and high-priced rental houses respectively. This was done 

to obtain priors relevant for the entire rental price range faced by the final survey 

respondents. Survey versions were designed for rental prices of $2,000, $4,000 and $8,000 

respectively. Focus group respondents were randomly assigned to survey versions and asked 

to assume that they had faced the specified rental price. 
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Not all participants in the third focus group understood the framing of the best-worst 

questions and so only the data obtained from the fourth focus group was used for priors, 

resulting in a total of nine usable surveys (144 choice situations) from which to generate 

priors.54 Due to both the rather small number of focus group participants used to obtain priors 

for the final design, as well as the fact that focus group participants were not directly drawn 

from the population to be sampled, Bayesian priors were used for the final design to account 

for the uncertainty about true parameter estimates. Details of the design are presented in 

Appendix D. 

The initial experimental designs generated resulted in the pairing of the extremes of 

the attribute level ranges.55 This was especially apparent in the price attribute in which 

alternatives with the price increase level (only one price increase was used in the design) 

were almost always paired with alternatives with the largest price decrease level available. 

This was problematic as these choice tasks were not forcing sufficient trade-offs between 

viewshed impacts and prices. To avoid this, the design was modified to the model averaging 

design discussed in the first part of the experimental design section. This allowed the 

inclusion of the utility balance criterion and resulted in choices that forced respondents to 

make sufficient trade-offs between alternatives.56 Both the code of the initial design, as well 

as the final code can be found in Appendix D. 

  

                                                 
54 A rank-ordered logit model was estimated in STATA 11 to generate priors. 
55 The pairing of extremes was most likely attributable to the large standard deviations on prior parameter 
estimates resulting from the small number of focus group participants that were used to inform priors. This 
uncertainty, together with an attempt to satisfy within attribute balance, lead to Ngene always pairing attribute 
level extremes in an attempt to obtain the most information out of choices and so increase design efficiency. 
56 The author is very grateful for the advice and code provided by John Rose during this process. 
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4.4 Experimental design specific to the GP survey 

Given information obtained from the VR survey as well as information obtained from 

the first focus group for the GP survey, an efficient design was used to generate choice 

questions for the final focus groups. From the second and third focus, a total of 21 surveys 

and 252 choice occasions were obtained to generate priors for the experimental design of the 

GP survey.57  

The pooled data obtained from the focus groups suggested that the coefficient on 

‘permanent jobs created’ was negative and insignificant. While it was expected that the 

coefficient be insignificant (not only due to the small number of observations of focus group 

participants, but also because participants in the focus groups expressed that the number of 

jobs didn’t really influence their choices), it was clear from discussions with focus group 

respondents that job creation did not reduce the probability of choosing an alternative. As 

such, the negative coefficient on ‘permanent jobs created’ was disputed not only on the basis 

of common knowledge, but also on the fact that focus group participants explicitly expressed 

the desirable nature of this attribute. Accordingly, it was decided to adhere to prior 

qualitative rather than quantitative information and assume a prior on jobs that was an 

insignificant, but positive number. Using the priors obtained, different designs were 

generated and the final design was chosen on the basis of D-efficiency, utility balance, as 

well as researcher judgment. The code for this design as well as steps followed in choosing 

the final design can be found in Appendix D. 

 
                                                 
57 The code used to generate the efficient design for these focus groups can be found in Appendix D. A rank-
ordered logit was estimated in STATA 11 to estimate the priors. 
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4.5 Tables and Figures 

 

Table 4.1: Example of a full factorial design 

Choice # A B C 
1 -1 -1 -1 
2 -1 -1 0 
3 -1 -1 1 
4 -1 1 -1 
5 -1 1 0 
6 -1 1 1 
7 1 -1 -1 
8 1 -1 0 
9 1 -1 1 

10 1 1 -1 
11 1 1 0 
12 1 1 1 

 

Source: Rose et al. 2011 

 
 
 
Table 4.2: An orthogonal design with three attributes 

 

Source: Rose et al, 2011 
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Table 4.3: Blocking an orthogonal design into three blocks 

 

Source: Rose et al. 2011 

 
 
 
Table 4.4: Example of a dominated choice scenario58 
 Scenario A Scenario B 
Distance of visible turbines from shore 8 18 
Number of turbines visible from shore 100 64 
Carbon Reduced 300,000 500,000 
Permanent Jobs Created 500 1,400 
Monthly addition to Electricity Bill for three years 14 3 
I choose:   
 

  

                                                 
58 Note, this choice question is not in the same format as presented to survey respondents, but rather resembles 
the format of the design given by Ngene. 
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Figure 4.1: Steps in designing a stated choice experiment 

Source: Rose et al. 2011 
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Chapter 5: Econometric Estimation 

In this section I provide a summary of the econometric models utilized to estimate 

preference parameters. While two separate surveys were implemented in this study, the 

surveys have a common form. In both surveys, respondents are asked to provide a ranking of 

three alternatives that vary by three (VR survey) or five (GP survey) attributes, including 

price. Accordingly, the same econometric methods are relevant to both. As is common in 

discrete choice modeling, I will begin with the logit model. This model allows for the 

estimation of the mean taste weights ascribed to the attributes examined in the survey by the 

sampled individuals and provides a simple and intuitive method to understand average tastes 

of the sample at hand. As individuals within a sample normally have different preferences, 

however, more complex models are needed to model this heterogeneity and increase the 

realism of the model. As such, after providing an overview of the theory of the logit model 

and a discussion of its advantages and disadvantages of this model, an examination of more 

complex models that are used to model heterogeneity, including mixed logit and latent class 

models, will follow. 

5.1 The logit and rank ordered logit model 

The simplest and most commonly used discrete choice model is logit. The logit model 

is obtained by assuming that the random component of utility, nj , is distributed 

independently, identically extreme value. Other names for the distribution are Gumbel and 

type I extreme value (EV1). The reason for the popularity of this assumption is that the 
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probability of an individual i choosing alternative j is given by the following closed-form 

expression: 

1

exp( )
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where njV  is the observed portion of utility as discussed in Section 4.1. Recall, njV  is 

generally specified as linear in parameters such that 'nj njV x , where njx  is a vector of both 

observed attributes relating to alternative j, and characteristics of individual n. Under this 

specification, the logit probability above can be re-written as: 
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This expression has a number of desirable properties, among others that njP always falls 

between zero and one (as is required for a probability) and that the choice probabilities for all 

alternatives sum to one. 

It is worth noting at this point that the extreme value distribution is characterized by 

two parameters: the preference parameter (as captured by   in Equation 5.2) as well as a 

scale factor. As such, the parameters, , do not correspond to the true  as specified in njV , 

but rather are an estimate of   where  is the scale factor for a particular data set. This 
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scale factor is inversely related to response variance,59 and accordingly relates to the amount 

of certainty in respondent choices. The scale factor is, however, confounded with the vector 

of utility parameters and so cannot be separately identified in a single data set. As such, the 

scale parameter is usually set to one for estimation (Swait & Louviere 1993; Train 2003). 

While the standard logit model is useful for examining data from discrete choice 

experiments in which only the most preferred alternative is elicited from respondents, the 

rank ordered logit model, a simple extension of the standard logit model, is appropriate for 

analyzing ranked data as obtained in this study (Train 2003). 

The rank-ordered logit (ROL) model maintains the assumptions of the standard logit 

model and the probability of observing a particular ranking of alternatives from best to worst 

is simply represented as the product of logit probabilities. For example, assume that given a 

choice between alternatives A, B, C and D, a respondent ranked the alternatives C, B, D, A, 

where C is the first or most preferred choice. If the error term for each of the alternatives is 

iid extreme value, then the probability of observing the ranking above can be expressed as 

the logit probability of choosing alternative C from the set {A, B, C, D}, multiplied by the 

logit probability of choosing alternative B from the remaining alternatives A, B and D, 

multiplied by the logit probability of choosing alternative D from the remaining alternatives 

A and D (Train 2003). So, if we let 'nj nj njU x   for , ...,j A D with nj  iid extreme 

value, then:60 

                                                 
59 In the logit model, specifically, the scale parameter is given by =/sqrt(6). 
60 Individual characteristics, zn are temporarily dropped here for ease of exposition. 
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Equation 5.3 is attributable to the specific form of the extreme value distribution and 

is not a generalizable result. The functional form implies that the ranking of the four 

alternatives is equivalent to three independent choices by the respondent. These three 

independent choices are referred to as pseudo-observations. Said another way, a complete 

ranking from one observation can be written in the form of multiple observations. When the 

input file for logit estimation is created, J-1 pseudo-observations are identified. As such, the 

rank-ordered logit model is often referred to as an exploded logit (Punj & Staelin 1978), 

since, for estimation, each observation is exploded into a number of pseudo-observations 

(Train 2003). An example of this is provided in Appendix E. 

It is worth mentioning that although the rank ordered logit model is the most intuitive 

and straightforward method to analyze data obtained from best-worst scaling (BWS), its 

application to BWS data has been criticized due to its assumption of a very particular 

psychological model of choice. In particular, it assumes that an individual chooses the best 

option among a set of alternatives, then chooses the best of the remaining set of alternatives 

once the first best alternative has been removed, and so forth. This is not likely a good 

representation of choice behavior in a BWS survey (Flynn 2010). BWS methods were 

developed based on the notion that the ranking structure is cognitively difficult and thus 

specifically asks respondents to only indicate their best and worst alternative. As such, the 

ordered process implied by the ROL would be an incorrect characterization of the choice 
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process. However, as discussed earlier, a rank over 3 choices is, by default, equivalent to 

choosing best and then choosing 2nd best of the remaining two options. In other words, after 

the most preferred rank is written, the choice among the remaining two alternatives is 

equivalent to choosing best (rank =2) or worst (rank = 3) of the remaining two options. As 

such, the ROL may be reasonably applied. 

While the standard logit model is mathematically very pleasing, it does have a 

number of limitations when modeling choice behavior. First, while the logit can handle taste 

variation relating to observed characteristics of the decision maker, unobserved taste 

heterogeneity cannot be modeled. Second, logit implies proportional substitution across 

alternatives, otherwise known as the independence of irrelevant alternatives (IIA) property. 

This property implies that the relative odds between two alternatives are the same, 

independent of what other alternatives are available, making the  (for a detailed explanation 

of the IIA property see Train, 2003:54). To allow for more flexible forms of substitution, 

other models are needed. 

Despite these shortcomings, the logit model has been found to be relatively robust to 

misspecifications (Train 2003). Given this, together with the logit’s popularity and the 

desirability of certain logit properties, the ROL is the first model utilized to estimate average 

taste and the impact of observable heterogeneity in the sample populations. 

5.2 Methods for modeling unobserved heterogeneity 

Increasing attention within environmental and resource economics has been paid to 

unobserved heterogeneity in sample populations. Heterogeneity among sample populations 

can be broadly divided into two categories; taste- and scale heterogeneity. As both of these 
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are important for the applications at hand, the discussion about model selection below will be 

based on a model’s ability to accommodate both of these forms of heterogeneity. 

The first form of heterogeneity to be examined is taste heterogeneity. In the logit 

model, the only way to incorporate taste heterogeneity is by linking socio-demographic 

indicators to marginal utility coefficients either through continuous interactions, or by 

estimating separate coefficients for distinct subgroups of the sample population (Hess, Ben-

Akiva, et al. 2011). 

Unobserved taste heterogeneity across a population implies that preference 

parameters vary randomly in the population. Following Lancaster’s theory of consumer 

demand, the random preferences for the attributes of the good at hand inform the distribution 

of preferences, also called the mixing distribution.61 To model unobserved heterogeneity, the 

mixing distribution can either be modeled to be continuous, or discrete.  

Assuming for a moment that the distribution of preferences is continuous, the choice 

probability takes the form: 

( ) ( ) ( | ) ,                                                                                     (5.4)P K f d     
 

where the probability conditional on preferences β is given by kernel ( )K  , and the mixing 

distribution ( | )f    is the distribution of preferences in the population, which depends on 

parameters θ, such as the mean and covariance of the distribution. In the mixed logit model, 

the most commonly used model for continuous distributions of unobserved taste 

                                                 
61 More technically, in the statistics literature the weighted average of several functions is called a mixed 
function, and the mixing distribution is then the density that provides the weights (Train 2003). 
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heterogeneity, the kernel above is the logit formula.62 To model the mixing distribution, 

researchers typically specify a parametric distribution and then estimate its parameters. Given 

the need for distributional assumptions, methods assuming continuously distributed 

preferences are referred to as parametric methods. 

If the mixing distribution is modeled to be discrete rather than continuous, no 

distributional assumptions about preferences need to be made, resulting in a group of non-

parametric methods. In latent class analysis, a type of non-parametric method, the mixing 

distribution is discrete, with β taking a finite set of distinct values, ,  1,..., .q q Q   The choice 

probability then becomes: 

1

( ) ( ),                                                                                                           (5.5)
Q

q q
q

P H K 



 

where ( | )q qH f   is the share of the population that has coefficients q and the kernel is 

again the logit formula.63 Given the similarity between the two formulations, the latent class 

model has at times been referred to as a mixed logit model with a discrete mixing distribution 

(Train 2008).64 

Both mixed logit, as well as latent class models, have their advantages and 

disadvantages. Latent class models have, for example, been criticized for understating the 

extent of heterogeneity in choice data by relying on a limited number of classes (Allenby & 

                                                 
62 When dealing with multiple observations for each respondent, the kernel for the logit is simply the product of 
logits for repeated choices by the individual (Train 2008).  
63 While class shares are here specified to be fixed, they can be specified to depend on individual characteristics, 
as will become clear in later discussion. 
64 Hensher and Greene (2003) even go as far as to interpret the discrete distributions of the latent class model as 
nonparametric estimates of the continuous distributions of the mixed logit model. 
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Rossi 1998; Hess, Ben-akiva, et al. 2011; Lenk & DeSarbo 2000). In this sense, mixed logit 

models provide much greater flexibility in representing taste variations. They are, however, 

not without their own shortcomings. The most apparent of these is the need to specify an 

empirically tractable distribution. The most common distributional assumption made for the 

mixed logit model is normally distributed coefficients. This assumption is often 

inappropriate, however, as it allows for the possibility of coefficient values with counter-

intuitive signs. While lognormals have at times been used to avoid incorrect signs, these 

distributions have relatively thick, boundless tails implying implausibly large values of 

attributes for certain parts of the population. Finally, in an effort to ensure the correct sign 

while also avoiding unrealistically large values, triangular distributions, with the spread 

constrained to the mean, have been used. This approach, however, has been criticized for 

being overly restrictive given the use of one parameter for two purposes (Train 2008). 

Moreover, distributions assumed in the mixed logit may not accurately represent taste 

preferences in the population under examination, especially when these preferences are 

“lumpy” in nature. Lumpy preferences manifest themselves through multi-modal empirical 

distributions of taste intensity which result when a sample is composed of different groups of 

individuals with different tastes. As will be seen in Chapters 6 and 7, casual inspection of 

summary statistics for the two surveys administered show evidence of discrete groups of 

responses. Specifically, a significant number of respondents always chose the baseline 

alternative as their most preferred scenario and another large group of respondents never did. 

This suggests that a group of respondents is present in the sample which has a markedly 

higher willingness to pay than others. In cases such as these, a finite-mixture or latent class 
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approach based on endogenous segmentation of these distributions is an appropriate 

modeling choice. Other than the number of classes to use in the model, no a priori 

assumptions are made in latent class models about the shape of the distribution of tastes 

(Greene & Hensher 2003; Scarpa & Thiene 2005).  

Furthermore, distributional assumptions of the mixed logit model can result in 

difficulties in computing and interpreting willingness to pay measures. Since the distribution 

of the marginal willingness to pay (MWTP) in mixed logit models is derived from the 

distribution of the ratio of the individual coefficients at hand, its distribution depends to a 

large extent on the distribution of the cost coefficient. Depending on the distribution chosen 

for the cost coefficients, and the range implied by this distribution, the resulting distribution 

of the MWTP may not have finite moments (Daly et al. 2009; Scarpa et al. 2012; Louviere 

2006).65 By endogenously assigning respondents to classes with identical preferences and 

simultaneously estimating the probability of membership to each class, MWTP measures 

computed from latent class models are relatively more intuitive to interpret (Scarpa & Thiene 

2005). 

Finally, while correlations between coefficients are implicit in latent class models, 

mixed logit models are most commonly estimated with uncorrelated coefficients. In mixed 

logit models, the question of whether to allow for correlations across coefficients is an 

empirical one that can be tested by comparing two models with and without correlated 

                                                 
65 One solution to this problem is fixing the cost coefficient. This assumption is in most cases, however, not 
realistic as significant heterogeneity in preferences regarding the cost coefficient cannot be ruled out (Hole 
2008). Specifying all coefficients to be log-normally distributed provides another potential solution to the 
problems related to the assumption of normally distributed coefficients. The log-normal distribution has, 
however, been criticized because of the unrealistic willingness to pay estimates that can result from the long 
right tail of this distribution (Hensher & Greene 2003; Sillano & Ortuzar 2005). 
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coefficients using a log likelihood test. Increasing modeling flexibility to allow for correlated 

coefficients comes at a cost, however, with the number of parameters increasing by K(K-1)/2 

where K is the number of randomly distributed coefficients in the model. As a correlation 

between attributes such as distance of visible turbines from the shore and number of visible 

turbines is likely, allowing for correlations is a desirable model feature. 

The second element of response behavior that is important in this study is scale 

heterogeneity. While unobserved heterogeneity across respondents is usually attributed to 

unobserved preference heterogeneity, heterogeneity may also arise from scale differences 

across respondents (Louviere & Meyer 2008; Louviere & Eagle 2006; Fiebig et al. 2009). As 

the scale parameter discussed in Section 5.1 is explained in terms of the variance in observed 

responses, scale heterogeneity refers to the differences in response certainty across 

respondents. Given that the scale parameter is confounded with the parameter estimates of 

choice models, it is usually normalized to one. In models where parameter coefficients are 

assumed equal across respondents, this is not problematic as the scale parameter is then 

similarly constant across respondents. When comparisons between estimated utility 

parameters are made across individuals or groups, as is the case when s are allowed to vary 

across the population, however, the effect of the scale parameter needs to be isolated to allow 

for meaningful comparison. 

Scale heterogeneity may be particularly pertinent in settings where respondents have 

poorly developed preferences, such as might be the case with new or unfamiliar goods 

(Louviere & Meyer 2008). It could be argued that the valuation of impacts related to offshore 

wind energy in the United States is a situation in which scale heterogeneity is apparent since 
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most respondents are not familiar with offshore wind energy and may lack information about 

consequences of the construction of wind farms. While many of these consequences are not 

directly applicable to the viewshed element valued in this study, numerous comments 

received by survey respondents suggest that they did have impacts of offshore wind farm 

development (such as those on marine life, tourism, etc.) in mind when answering the survey. 

Accordingly, choices among alternative offshore wind energy scenarios may not only be 

characterized by different preferences, but may also be prone to differences in response 

certainty across respondents (Thiene et al. 2012). This suggests that in order to adequately 

model preferences for the good at hand, an approach is needed that allows for both 

preference heterogeneity and varying degrees of certainty in making choices – i.e. scale 

heterogeneity (Thiene et al. 2012). 

Both the mixed logit as well as latent class models have been used as basis for 

expanded and more complex models that allow for the modeling of both scale- as well as 

preference heterogeneity. In the case of the mixed logit, the Generalized Multinomial Logit 

(G-MNL) nests both the multinomial logit model with scale heterogeneity and the mixed 

logit model (Keane 2006; Fiebig et al. 2009)66. In the case of the latent class models, the 

scale adjusted latent class model extends the former to allow for the incorporation of scale 

into the finite mixing distributions. While both models have their advantages, in the context 

of this study, the G-MNL was not viewed as the appropriate model to use. First, as the        

G-MNL is a special category of the mixed logit, it suffers from similar shortcomings related 

to the need to specify an empirically tractable distribution. Second, it can be argued that the 
                                                 
66 In the G-MNL, preference heterogeneity is assumed to be normally distributed while scale heterogeneity is 
assumed to follow a lognormal distribution. 
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G-MNL as well as any mixed logit model with normal coefficients is not well suited to 

model choices between scenarios in which the attribute levels are expected to worsen (or 

improve) from the status quo. In such cases, coefficients should be strictly positive or 

negative, while a normal distribution spans the real line. In this application, almost all 

scenarios presented imply a change in the viewshed – which is expected a priori (from focus 

groups and existing literature) to result in disutility to respondents (Scarpa et al. 2012). 

Finally, the G-MNL has been associated with a number of computational issues such as 

sensitivities to starting values as well as difficulties in modeling deterministic choice 

behaviors (Louviere 2011). 

In sum, both finite and continuous distributional assumptions come with their own 

advantages and the decision on which is superior, depends largely on the application at hand. 

Given the possibility of lumpy preferences of renters along the NC coastline, latent class 

models are employed. In order to incorporate the ability to capture scale heterogeneity, scale 

adjusted latent class models are used. The details and workings of latent class modeling are 

explained in the next section based on a general conceptual framework based on Swait 

(1994). 

5.3 The latent class model 

Assume we observe the choices of N individuals drawn from a population of Q 

segments, where segments are defined as groups of individuals within a population that have 

similar preferences. These segments are latent, or unobservable, and we know only that Q 

lies somewhere between one and the number of individuals in the population, N. Further we 

assume that each segment potentially has different utility functions, but that it is not possible 
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to unequivocally assign individuals to their true segment due to the latent nature of these 

segments. As such, to correctly estimate the utility functions associated with the different 

segments, classification of individuals into segments and the explanation of their choices has 

to be done simultaneously. 

A path diagram of the underlying structural model representing the choice process 

can be found in Figure 5.1. Rectangular objects represent observable variables, while the 

structural latent variables are displayed by elliptical objects. Observable variables are those 

obtained directly from the survey data, such as attributes of the choices, sociodemographics 

characteristics, indicators of attitudes, and each respondent’s choice behavior given a set of 

alternatives offered. 

Following Figure 5.1, the choice mechanism occurs as follows: 

1) General perceptions and attitudes (which are reflected in the observed attitudinal 

indicators gathered in the opinion questions of the survey), as well as 

sociodemographics characteristics together form a latent segment membership 

likelihood function for an individual. 

2) This membership likelihood function then determines the latent class to which an 

individual belongs through a latent segment classification mechanism. 

3) A respondents’ fixed preferences for wind farm attributes, his/her characteristics, 

as well as the latent class to which he/she belongs informs respondent preferences 

with respect to the set of wind farm development alternatives.  

4) These preferences are processed via a decision protocol which eventually leads to 

the outcome of interest, the observed choice behavior. 
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Note that this framework assumes that the respondent is a member of a group of individuals 

that has certain preferences independent of the choice problem being analyzed. Given we 

observe choices by the individual, we are then able to infer both preferences and latent 

segment membership. To operationalize this model, classical probability theory as well as 

random utility theory are used, as shown next. 

5.3.1 The choice process given a latent segment 

Suppose that individual n belongs to latent class q ( 1, ..., )q Q . The individuals’ 

utility  for alternative j ( 1,..., )nj J  at choice situation s ( 1, ..., )s S  is given by 

| |'                                                                                                           (5.6)nsj q q nsj nsj qU x  
 

where q is the utility parameters column vector for class q, njsx  is the column vector of 

alternative and individual characteristics and njs  is the random component of the utility. For 

the sake of notation to come, we define 

 ,                                                                                                                   (5.7)att pre
njs njs njsx z z

 

where att
njsz  represents the vector of attributes or characteristics of the alternatives presented 

in the survey, and pre
njsz  represents individual characteristics entering the utility function, 

henceforth referred to as predictors. Given the assumption of utility maximization, 

conditional on class membership we will observe the choice of alternative j if and only if 

| | ,  ,  ,nsj q nsi q nU U i j i j J    . Assuming that the |nsj q  are IID Gumbel, the probability of 
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observing individual n choosing alternative j at choice situation s given membership to class 

q is given by the logit response probability:67 

|

1

exp( ' )
( | , , ) .                                                               (5.8)

exp( ' )
n

q nsjatt pre
ns njs njs nsj q J

q nsj
j

x
P y j q z z P

x






  


 

Assuming that given a specific class assignment, the Sn choice occasions are independent, the 

contribution of individual n to the likelihood for the given class is the joint probability of 

observing the sequence  as given by 

| |
1

.                                                                                                                    (5.9)
nS

n q nsj q
s

P P



 

5.3.2 Membership in a latent segment 

Assume for the moment that the number of classes in the population, Q, is known. 

Then given our structural choice process model presented in Figure 5.1, there is an 

unobservable latent class membership likelihood function, nqC , that is used to classify 

individuals into classes. Figure 5.1, shows that nqC is a function of general attitudes and 

perceptions as well as sociodemographics characteristics. This relationship is given by the 

following set of structural relationships: 

' 'att att soc
nq q n n nqC G G                     (5.10) 

'att att att
n n nG B G                       (5.11) 

                                                 
67 For the moment, we normalize the scale factor, , implicit in the logit formula to one. The topic of the scale 
factor will be addressed in detail at a later point in this section. 
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where nqC is the membership indicator function for individual n and segment q, att
nG is the 

vector of latent attitudes and soc
nG is a vector capturing sociodemographic characteristics of 

individual n. att
nG is vector of observed attitudinal indicators capturing the latent att

nG for 

individual n and nq and att
n are error terms. As such, at the individual level, we denote the 

class membership indicator function as: 

cov' ,  1,...,nq q n nqC z q Q                              (5.12) 

where  

cov ,  ( , ).att
n nq nq nG

att
n
soc
n

Gz v      


               (5.13) 

The vector cov
nz now contains both the attitudinal constructs as well as the sociodemographics 

data for individual n.68 The latent class segmentation mechanism that is used places 

individual n in class q if and only if  max ,  , 1,..., .nq npC C q p q Q    

As the membership likelihood function is a random variable, a distributional 

assumption needs to be made about the random terms to make probabilistic statements 

concerning the occurrence of events involving this function. Assuming the nqv  are 

independent (across individuals and segments, as well as independent of nq and att
n ) and 

Gumbel, the probability of n’s membership in class q takes the logistic form and is denoted 

by: 

                                                 
68 Covariates here are also denoted by z as they are very similar to the predictors discussed earlier. Similarly to 
predictors, covariates can include individual characteristics such as sociodemographics, but they can also 
include attitudes and perceptions – which are generally not included in the response probability equation due to 
endogeneity problems. Predictors can accordingly be seen as a subset of covariates. 



 

99 

cov
0

cov 1

cov
0

1 1

exp( )
( | ) ,    1,..., ,

exp( )

R

q rq n
r

nq n Q R

q rq n
q r

z
H H q z q Q

z

 

 



 


  





 
            (5.14) 

where 0q  denotes the intercept corresponding to class q and rq  is the effect of the rth 

covariate on class q.69 Note that for the sake of identification,  

1

0
Q

rq
q




                   (5.15) 

which amounts to using effects coding.  

Note that, as the covariates included in the cov
nz  vector in Equation 5.14 predict class 

membership, these covariates are commonly referred to as active covariates. Due to the 

simultaneous estimation of the choice probability equation and the class membership 

equation, active covariates have the ability to influence model results, and changing the 

covariates included in the membership probability equation requires model re-estimation and 

accordingly may result in model building problems.70 As such, it is common in choice 

experiment applications to not include active covariates in the model, in which case the class 

membership function is simply function of class specific constants, 0q , resulting in a class 

membership probability given by qH  (Hu et al. 2004; Scarpa & Thiene 2005). In these 

cases, it is still possible to examine the nature of respondents in different classes by 

                                                 
69 The scale factor embedded in the membership function as a direct consequence of assuming the Gumbel 
distribution is set to unity. 
70 Model building problems include the dilemma about whether to decide on the optimal number of classes with 
or without covariates. Moreover, inclusion of multiple covariates may result in the model not converging 
(Vermunt & Magidson 2005; Hu et al. 2004). 
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examining inactive covariates post regression analysis (Vermunt & Magidson 2005; 

Sebastian 2008).71 

5.3.3 The joint model of latent segment membership and product choice 

The probability density associated with the responses of individual n can now be 

expressed in terms of the two probabilities we have defined previously as: 

cov
|

1 11

( | ) ( | , ) .
nSQ Q

n n ns ns nq n q
q qs

P H q z P y q x H P
 

                (5.16) 

In turn, the log likelihood for the sample is thus simply: 

cov
|

1 1 1 1 11

ln ln ln ( | ) ( | , ) ln .
nSQ QN N N

n n ns njs nq n q
n n q n qs

L P H q z P y q x H P
    

   
     

   
               (5.17) 

Maximization of the log likelihood above with respect to Q parameter vectors q and Q-1 

latent class parameter vectors, q is a standard problem in maximum likelihood estimation.  

Note, however, that when discussing membership to a latent class segment, it was 

assumed that the number of latent classes in the population, Q, was known. The reason for 

this is that it is necessary for the researcher to exogenously specify the value of Q in order to 

estimate the parameters of interest in the model; β and θ. To find the optimal number of 

latent classes, the subsequent steps are followed (McFadden 1986): 

1) Estimate the parameters of the general attitudinal latent constructs (as given by 

Equation 5.11), if general attitudes are used as covariates in the class membership 

equation. If covariates are not used, proceed to step 2. 

                                                 
71 Examining inactive covariates entails running the desired latent class model, using posterior membership 
probabilities to assign respondents to latent classes and then investigating the association between class 
membership and inactive covariates using cross-tabulations or multinomial logistic regression analysis. 
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2) Given a trial value of Q and consistent estimates of att
nG , estimate the βs and θs in 

Equation 5.16 using maximum likelihood. 

3) Search for the optimal number of classes based on the model fit as measured by 

some criterion.72 

5.3.4 Determining the optimal number of latent class segments. 

Standard statistical tests to evaluate differences in model fit between models with 

different numbers of segments are, unfortunately, not available. Specifically, the likelihood 

ratio test, and the Walt and Langrange Multiplier test counterparts to the likelihood ratio test 

fail to meet the regularity conditions required for a limiting chi-square distribution (Scarpa & 

Thiene 2005). Accordingly, different information theoretic criteria are normally used as a 

guide. The most commonly used guides include the BIC, AIC, AIC3 and CAIC.73  All these 

criteria follow the general formula of 2 *C LL penalty K   , where LL is the log likelihood 

at convergence and K is the number of parameters in the model. Specifically, we compute the 

information criteria as: 2 (log ) *BIC LL N K   ; 2 2*AIC LL K   ; 3 2 3AIC LL K    

and 2 [log 1]*CAIC LL N K    . While each of these measures has its merits, it can be 

seen from the above formulas that as the sample size increases above 20 respondents, the 

penalty for an increasing number of parameters is larger for the BIC and the CAIC than the 

AIC and AIC3 criteria. As such, the AIC has at times been criticized for not adequately 

penalizing the increasing number of parameters that accompany an increase in the number of 

                                                 
72 The implication of this sequential form of estimation is that consistent, but not efficient, parameter estimates 
will be obtained from LC modeling (Swait, 1994). 
73 As there is still no consensus in the literature on the most adequate selection criteria to identify optimal class 
numbers and models, the most commonly used selection criteria are discussed here (Thiene et al. 2012). 
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classes, resulting in an over-estimate of the optimal number of preference classes (Scarpa & 

Thiene 2005). Accordingly, while all measures are reported in this paper, more weight will 

be given to the BIC and CAIC criteria. 

As these are only guides, however, researcher judgment as well as prior information 

and parsimony and interpretability of the model play a vital role in guiding the optimal 

number of segments (Ruto et al. 2008). As suggested by Swait (1994), researchers should 

avoid choosing a larger number of segments if doing so does not add to the understanding of 

the underlying behavioral process.  

5.3.5 Extending the model to allow for scale 

An interesting extension of the above model is the scale-adjusted latent class model 

(SALCM). As discussed when examining the logit model, parameter estimates of choice 

models, latent class models not excluded, are inherently confounded by a scale parameter. To 

recap, the scale parameter, , is inversely related to response variance. As response variance 

may be viewed as a measure of uncertainty, a larger scale parameter captures greater 

response certainty. Traditional latent class choice models assume that the scale factor is the 

same for all respondents, regardless of the latent class to which they belong. This was also 

implicitly assumed in the choice probability equation (Equation 5.8) where the scale factor 

was set to unity. If a difference in certainty across respondents does exist, however, it is 

possible to misinterpret the differences in parameter estimates resulting from a difference in 

scale as differences in the true underlying parameters. Therefore, if scale is not directly 

modeled, the results obtained by latent class models could contain errors as well as potential 
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bias. To illustrate the potential bias that may arise from not controlling for scale in latent 

class models, two examples are given in Appendix F. 

The SALCM accommodates the possibility that each latent class is comprised of a 

subset of respondents that has the same preference part-worth utilities (i.e. utility 

parameters), but may differ in their level of certainty in making choices and thus have 

different scale parameters. The SALCM is implemented by jointly estimating the relative 

scale parameters as well as the preference classes and associated preference parameters. 

Accordingly, under the SALCM, the random utility of option j for individual n now depends 

on both the latent preference class 1, ...,q Q and the unobserved scale class ,  1,..., .t t T   

As explained in Swait and Louviere (1993), it is not possible to estimate all T scale factors 

1{ ,..., }T  . The class level scale factors can only be identified under the assumption that 

1 2 ... q       , implying that the scale classes are the same for each latent class. 

Moreover, for the purposes of identification, 1  is normalized to unity and the remaining 

scale parameter estimates are ratios of this reference scale class. The probability of individual 

n choosing alternative j in choice situation s, conditioning on preference class q and scale 

factor class t is now given by: 

,
| ,

,
1

exp( ' )
P .

exp( ' )
n

t q ns j
ns q t J

t q ns j
j

x
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74                   (5.18) 

                                                 
74 I assumes that scale and preference class membership are independent. This implies that the probability of an 
individual n belonging to latent class q and scale class t is a product of the marginal membership probabilities: 
Pr(q,t)=Pr(q)xPr(t). 
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Once again, a logit format is assumed to model the probability of individual n’s membership 

in scale class t, Gt, as: 

1

exp( )

exp( )

t
t T

t
t

G








                 (5.19) 

 where for the sake of identification: 

1

0.
T

t
t




                   (5.20) 

In the equation above, t is a class-specific constant for scale classes 2,3,…,T. For the ease of 

interpretation, values of Gt rather than the individual  values are generally reported in 

estimation results.  

Given we have now defined individual probability of membership to latent class q and scale 

class t, the unconditional probability of observing a set of choices, 1 2[ , ,... ],n n n nSy y y y for 

individual n is obtained by taking the expectation over all q latent- and all t scale classes and 

is now given by: 

| ,
1 1

.
Q T

n nq t n q t
q t

P H G P
 

                             (5.21) 

The overall log likelihood for the SALCM is (Burke et al. 2010; Campbell et al. 2011; Scarpa 

& Thiene 2005): 

| ,
1 1 1 1 1

ln ln ln[ ( )]
nSQN N T

n nq t ns q t
n n q t s

L P H G P
    

                              (5.22) 
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5.4 Willingness to pay 

An objective that is common in the use of discrete choice models is the derivation of 

measures designed to estimate the amount of money that individuals are willing to forfeit to 

obtain some benefit from the endeavor of a specific action. Such welfare measures are 

generally referred to as measures of willingness to pay (WTP).  

Assuming a utility maximization framework, improvements to one attribute can be 

defined in terms of an equivalent deterioration in another attribute along an indifference 

curve (i.e. a compensatory decision process is assumed to hold utility constant). A 

consumer’s WTP is then measured by the Hicksian consumers’ surplus attached to the 

equivalent price change (Hicks 1939; Diamond & McFadden 1974; Varian 1984). If, as 

discussed in Section 4.1, indirect utility is specified to be linear in parameters, Hicksian and 

Marshallian measures of consumer surplus are equivalent and preferences can be aggregated 

to a population level (Chipman & Moore 1990; McFadden 1999). In this case the total WTP 

(TWTP) for a particular intervention compared to some baseline is (Dehlavi et al. 2010): 

 0 1

1
.i i

price

TWTP V V


                     (5.23) 

where price  is the marginal utility of income and 0 1and i iV V represent the indirect utility 

functions before and after the change, respectively.75 

Moreover, the marginal value of a change for a single attribute can be represented as 

the ratio of two coefficients, which represents respondents’ willingness to give up some 

                                                 
75 The absolute value of the coefficient of the monetary attribute in the choice model is assumed to be an 
estimate of the marginal utility of income. 
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amount of one attribute to obtain more of another, i.e. the ratio estimates the marginal rate of 

substitution between attributes in question. If jhx is a continuous attribute of alternative j, 

then /nj jhU x  represents the degree to which changes in the attribute x affect the aggregate 

respondent indirect utility njU . The marginal rate of substitution between attributes 

 and jh jkx x is then given by (Ryan et al. 2008): 

/
.

/
nj jh jh

nj jk jk

U x
MRS

U x




 
 
 

                 (5.24) 

 When one of the attributes considered is price, then the ratio at hand is respondent marginal 

willingness to pay (MWTP) for a change in the attribute x and is given by a reduced version 

of Equation 5.24: 

.x

price

MWTP



                   (5.25) 

As the parameters used to calculate WTP measures are estimated and hence are 

random variables, resulting WTP variables are similarly random. To reflect uncertainty 

related to the WTP estimate, confidence intervals are constructed (Haab & McConnell 2002). 

The main approaches used to calculate WTP intervals in studies applying DCEs to 

environmental and resource economics are the “Delta” and the “Krinsky and Robb” method 

(Thiene et al. 2012; Hu et al. 2004; Lagarde 2013). The delta method, however, hinges on the 

assumption that WTP is symmetrically distributed. As WTP measures are almost always 

non-linear functions of the estimated parameters, this is assumption is frequently violated. 

Confidence intervals based on Krinsky and Robb simulations methods allow for non-
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symmetric WTP estimates, and so this approach is used to calculate class specific WTP 

esimtates (Hole 2007; Jeanty 2007; Haab & McConnell 2002). The precise steps followed in 

the Krinsky and Robb procedure, as outlined in Jeanty (2007), are given by the following: 

1) Estimate the model of interest. 

2) Obtain the vector of parameter estimates   and the variance-covariance 

(VCV) matrix ( )V  . 

3) Calculate the Cholesky decomposition, C, of the VCV matrix such that 

' ( )CC V  . 

4) Randomly draw from standard normal distribution a vector x with k 

independent elements, where k is the number of elements in the   vector. 

5) Calculate a new vector of parameter estimates KR  such that 'KR C x   . 

6) Use the new vector KR  to calculate the WTP measures of interest.  

7) Repeat steps four, five, and six R times (>=5,000) to obtain an empirical 

distribution of WTP.  

8) Sort the R values of the WTP function in ascending order.  

9) Obtain a 90% confidence interval around the mean by dropping the top and 

bottom 5% of the observations. 

The above procedure is executed as follows. First, information on parameter 

estimates as well as the parameter covariance output are exported from Latent Gold 4.0 and 

are imported into Matlab R2010b. Matlab R2010b is then used to take random draws from a 

multivariate normal distribution with the variance-covariance matrix and vector of parameter 
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estimates imported from the Latent Gold file. Random draws are then imported to STATA 11 

and are used to construct Krinsky and Robb confidence intervals around the WTP measures. 
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5.5 Tables and Figures 

 
Figure 5.1: Structural model of choice and latent segment membership 

Source: adapted from Figure 1, Swait (1994) 
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Chapter 6: Vacation Rental Survey: Data and Results 

Addresses for the Vacation Rental (VR) survey were obtained from three realty 

agencies, each serving different regions along the NC coast: Carolina Designs Realty 

representing the Northern Outer Banks (NOBx) area, Emerald Isle Realty representing the 

Southern Outer Banks (SOBx) area, and Sloane Realty representing the southern Brunswick 

county islands (SBI) area.76 These realty firms were chosen to have representation of one 

major realty company in each of the areas identified as feasible for utility-scale offshore wind 

farm development by the UNC (2009) feasibility study. A total of 792 surveys were mailed 

out for the VR survey. On January 11th 2012, 283 surveys were mailed to the addresses 

obtained from Emerald Isle Realty and 249 surveys were mailed to the addresses obtained 

from Sloane Realty. On January 12th 2012, 260 surveys were mailed to the addresses 

obtained from Carolina Designs Realty. Conditional on the rental price paid by renters that 

were surveyed, the four survey versions that existed for each of the six price ranges were 

randomly distributed among the realty companies.77 On January 27th, a reminder postcard 

was mailed to all three regions, asking survey participants who had not yet returned their 

survey to please do so. Postcards were sent to 198 respondents from Carolina Designs Realty, 

187 respondents from Emerald Isle Realty and 150 respondents from Sloane Realty. On 

January 31st, a drawing for a $100 gift card was held for the 301 surveys that had been 

                                                 
76 For this survey, the portion of the northern Outer Banks that we surveyed vacation rentals stretched from 
Corolla to Nags Head, with the majority of homes being from Corolla, Duck and Nags Head; the southern Outer 
Banks were represented by Emerald Isle vacation rentals, and the southern Brunswick islands were represented 
by Ocean Isle Beach rental properties. 
77 The VR survey consisted of 24 survey versions. These 24 versions are a product of six price ranges and four 
survey versions (two treatments – ‘daytime only visualizations’ and ‘daytime and nighttime visualizations’ – 
and two blocks of choice questions. The concept of blocking is discussed in Chapter 4). 
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returned in the first two weeks. A second and final survey was sent to 420 addresses between 

February 17th and February 21st. On March 29th, the drawing for the free weekends at the 

beach took place, and the realties were each informed of their respective winners. By May 

1st, a total of 484 surveys had been received, implying a response rate of 62.27%.  

6.1 Summary statistics VR study 

Of the 792 surveys that were sent out for the VR study, a total of 484 surveys were 

returned for an overall response rate of 62%. Response rates by area of the NC coastline 

surveyed varied from a 56% response rate from NOBx renters to 60% and 67% from the 

SOBx and SBI renters, respectively. With respect to response rate by location relative to the 

ocean, 54% of returned surveys were from renters who had rented an oceanfront home.78 

Approximately 26% of the surveyed renters were from North Carolina. The largest 

proportion of respondents came from Virginia (30%). The remaining 44% of the sample 

came from a wide variety of states from all regions of the country including the midwest 

(e.g., Illinois, Ohio, Minnesota and Michigan) and the western US (e.g., Arizona, Colorado 

and California).  

The demographic characteristics of the survey respondents are summarized across 

three different panels in Table 6.1. Eighty-eight percent of respondents had at least a college 

degree, half of which also had a post-graduate degree. The mean age of the survey 

respondents was 57 years, and the vast majority of respondents were white (96.5%). The 

                                                 
78 Recall, from the survey development section, that oceanfront renters were oversampled in the survey (51% of 
the total surveys were mailed out to oceanfront renters). 



 

112 

mean income of the sample was $141,400, well above the national average.79 While not 

reported in Table 6.1, the majority of survey respondents were female (42.1% of the 

respondents were male).  

6.1.1 Experience with wind energy and the NC coastline 

The introductory section of the survey gathered information on the respondents’ 

experience with the NC coastline. Results indicate that 56% of respondents had visited the 

NC coast each year since 2007. Eighty percent of survey respondents indicated they usually 

visit the same general location, and 31% indicate that they usually rent the exact same house 

from year to year. The vast majority of respondents rent only for one week at a time (96%), 

and about half of respondents indicated that they shared the cost of the home with other 

households (49%). The number of people that stayed in the homes rented by the survey 

respondents varied from two to 30 individuals, with the latter being a house with a maximum 

occupancy of 36 people according to the rental company. Lastly, only 13 respondents, or 3% 

of the total, indicated that they owned a beach house along the NC coastline. 

The vast majority of survey respondents also indicated that they mainly spent time on 

the beach directly in front of or in walking distance of their rental house. Only six survey 

respondents indicated that they went to beaches that were a mix of walking and driving 

distance from their rental home. Of the activities that the survey respondents undertook, 24% 

indicate that they undertook water sports while at the beach (e.g., surfing, windsurfing, 

boogie-boarding); 29% surf- or pier-fished; 18% boated (either for fishing or general 

recreation); and 5% went golfing in the area. 

                                                 
79 Median national household income (2007-2011) is $52,762 (US Census Bureau 2012). 
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After gathering information about the respondent’s experience with the NC coastline, 

the respondent was asked about their experience with offshore wind farms. Fifty-three 

percent indicated they had seen a wind farm (of more than ten turbines). Of those who had 

seen a wind farm, only 18 people indicated that they had seen an offshore wind farm. 

Further, the majority of respondents were not familiar with discussions about building 

offshore wind farms in NC (67%). When considering only the respondents who were from 

NC, only 39% were not familiar with discussions about building offshore wind farms in NC. 

6.1.2 Respondent opinions and attitudes 

The survey also asked respondents their opinion about whether wind energy should 

be developed in NC’s ocean waters. This question was placed in Section B of the survey 

before the respondent was presented with information on the technical aspects of a wind farm 

or presented with the choice questions and photos of different wind farm scenarios (see 

question B.3 in Section J.1, Appendix J). Importantly, this question was also asked at the end 

of the survey (question D.6) to see if respondent opinion had changed after having gone 

through the survey materials. The distribution of responses to this question both before and 

after the choice questions were answered are summarized in Figure 6.1. As can be seen in 

Figure 6.1, prior to completing the survey, the modal response is “not sure / no opinion” with 

33% of respondents choosing this answer. The next most frequent choice indicated that 

respondents felt offshore wind energy should be encouraged, but not supported by state or 

federal taxes. After completing the survey, the number of respondents who answered “not 

sure / no opinion” declined by 12 percentage points and the number of respondents who 

chose the category indicating offshore wind should be encouraged, but not supported by state 
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or federal taxes increased by six percentage points, making this the modal response category. 

Both these changes are statistically significant. There was a three percentage point increase in 

the number of respondents who felt offshore wind energy in NC should be discouraged or 

prohibited after completing the survey. A total of 21% of the respondents changed their 

responses between the first and the second time they were asked this question. 

To illustrate how respondent answers changed between questions B.3 and D.6, Table 

6.2 reports a cross-tabulation of the responses. Numbers on the diagonal indicate respondents 

who did not change their response to this question when it was asked again after the choice 

question section. Off-diagonal numbers indicate the number of respondents who changed 

their answer away from the first category chosen. For instance, Table 6.2 reports that of the 

49 individuals who chose category 4 (Discouraged or prohibited) at the beginning of the 

survey, four changed their response to category 3 (Encouraged, but should not be supported 

by taxpayer funds (state or federal)) and three changed their response to category 5 (Not sure 

/ No opinion). Table 6.2 is also useful for understanding the change in opinion by individuals 

who were unsure or had no opinion on the development of offshore wind energy in NC upon 

receiving the survey. Of the 151 individuals who indicated they were unsure of their opinion, 

46 individuals (30%) changed their response to one of the categories indicating that wind 

energy should be encouraged after completing the survey and being exposed to the 

visualizations. However, of these 46 people, only seven (15%) of the initially unsure 

respondents indicated that the use of NC tax dollars should be used to encourage wind 

energy. Thirteen individuals (28%) thought the use of federal subsidies were appropriate 

after completing the choice questions, and 26 of the 46 individuals (57%) indicated that wind 
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energy should be encouraged, but state or federal tax dollars should not be involved. Sixteen 

of the 151 respondents (11%) who were initially unsure of their opinion felt that offshore 

wind energy should be discouraged or prohibited when asked their opinion the second time. 

Finally, two further questions in Section D helped elucidate respondent opinions on 

wind farms and environmental issues. It should be noted here that these questions were asked 

toward the end of the survey and so respondents had already been informed about the 

technical aspects of wind farms and had seen all the visualizations offered in the survey. The 

first relevant question asked survey respondents about their interest in the environment and 

environmental issues. Of the 478 respondents that answered this question, 255 (53%) 

reported to be “very interested” and 215 respondents (45%) reported to be “somewhat 

interested.” Only 8 individuals (2%) surveyed responded that they were “not very interested” 

in the environment and environmental issues.  

The second question of interest is one that asked respondents about what impact they 

thought a wind farm would have on a number of environmental and economic issues (see 

Section J.1, Appendix J for the exact format of question D.8). Table 6.3 summarizes 

respondent views on the different impacts examined by reporting the number of respondents 

who checked each box. As indicated in Panel A of Table 6.3, the largest proportion of 

respondents were unsure about the environmental impacts of offshore wind energy. The 

exception is the impact of an offshore wind farm on climate change, in which 47% of 

respondents felt there would be no impact on climate change as a result of the development 

of an offshore wind farm. For other environmental impacts, the percentage of respondents 

who chose “Not Sure” ranged from 25% in response to recreational boating/fishing impacts 
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to 37% being unsure about the impacts of an offshore wind farm on marine life. Among the 

environmental impacts listed, respondents felt that bird life would be most negatively 

impacted (47% indicated a somewhat negative or negative impact), followed closely by 

recreational boating and fishing (43% expected a somewhat negative or negative impact). 

Twenty-seven percent of respondents felt marine life would be at least somewhat negatively 

impacted. 

Panel B of Table 6.3 reports the responses to the potential economic impacts of 

offshore wind energy development in NC. Here respondents showed more certainty than for 

expected environmental impacts, with the “not sure” category only being the largest for two 

of the six items examined. Thirty-seven percent of respondents were unsure about the impact 

of offshore wind farm development on commercial fishing revenues and 39% were unsure 

about the impact on government spending. Sixty-six percent of respondents felt an offshore 

wind farm would result in at least somewhat of an increase in permanent jobs and 46% felt 

there would be at least somewhat of an increase in government spending as a result of 

developing wind energy off the NC coast. Fifty-five percent of respondents felt electricity 

prices in NC would at least somewhat decrease as a result of offshore wind energy 

development. A large proportion of respondents (52%) also believed that commercial fishing 

revenues would decrease if offshore wind energy were pursued. Very few respondents felt 

there would be an increase in coastal tourism, electricity prices, coastal property values or 

commercial fishing revenues as a result of developing offshore wind energy. 

Finally, of particular interest are the responses to the questions relating to the focus of 

the survey, the impact of offshore wind energy development on coastal tourism and property 
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values. After taking the survey, less than 20% of respondents indicated they were unsure 

about the impacts of offshore wind energy development on coastal tourism and property 

values. Of the remaining 80% of respondents, 33% felt that felt offshore wind energy 

development would have no impact on coastal tourism and 19% felt it would have no impact 

on coastal property values. However, 45% and 59% of respondents felt that offshore wind 

energy development would have at least somewhat of a negative impact on coastal tourism 

and coastal property values, respectively. As indicated earlier, very few respondents felt that 

offshore wind energy development would have at least a somewhat positive impact on 

coastal tourism and property values (6% and 2%, respectively). 

6.1.3 Choice question summary 

While a detailed econometric analysis of respondent viewshed choices will be 

examined later, a broad overview of the responses is presented first. To recap, each 

respondent was asked to answer 8 choice questions. Each of the eight choice questions 

consisted of 3 scenarios that respondents were to rank with a 1, 2, or 3 for their most 

preferred to least preferred scenario, respectively. Of the 484 respondents, eight are not 

included in the analysis because they left more than two choice questions blank or answered 

the choice questions incorrectly (e.g., ranked two scenarios within the same choice question 

with the same rank). 

Figure 6.2 summarizes responses by the number of times a designed scenario was 

chosen as the most preferred one. As indicated in Figure 6.2, 42% of respondents always 

chose the baseline option with no turbines in view and no change associated with the rental 

price as their most preferred option. This percentage is quite high, especially given that the 



 

118 

rental price discount offered to respondents was as high as 25% in some scenarios. Indeed, of 

the 202 respondents that always chose the baseline view, 80 (40%) also indicated in follow-

up questions that (i) the rental reduction was not important in their decision-making process 

when choosing among alternatives and (ii) they would still not choose a rental with a view of 

an offshore wind farm, even if it were offered at a more substantial discount than what they 

saw in the survey. In other words, these respondents strongly objected to having wind 

turbines in view of their rental property. We also see from Figure 6.2 that 80 respondents 

(17% of the sample) always chose a view option as their most preferred scenario, while 41% 

sometimes did.  

Table 6.4 cross-tabulates the number of times a respondent chose the baseline 

scenario as the most preferred option with (i) whether the respondent was a NC resident or 

not, (ii) whether the respondent rented an oceanfront or non-oceanfront beach house and (iii) 

whether the respondent received a survey with only daytime visualizations of offshore wind 

farms (daytime treatment) or day- and nighttime visualizations (nighttime treatment). 

Focusing only on the respondents who always chose the baseline scenario as their most 

preferred option, we see that 38% of NC residents always chose the baseline scenario, while 

44% of non-NC residents always did. These are not statistically significantly different 

proportions. There is, however, a significant difference in the proportion of respondents that 

always chose the baseline according to whether or not their rental home was oceanfront or 

not, and whether the respondents received only daytime-, or daytime and nighttime 

visualizations. Among respondents that rented an oceanfront home, nearly 47% always chose 

the baseline, while among respondents that rented non-oceanfront homes, only 37% always 
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chose the baseline scenario. Of the respondents that were in the nighttime treatment, 47% 

always chose the baseline scenario as their most preferred option, while only 38% of 

respondents that were in the daytime treatment did. Both these differences are statistically 

significant. The difference in the proportion of respondents always choosing a view option as 

their most preferred scenario (never choosing the baseline) is not significantly different 

between any of the categories examined in Table 6.4. 

Table 6.5 and Table 6.6 recast the information in Table 6.4, by considering how the 

frequencies vary with the respondent’s attitudes and opinions regarding the potential impacts 

of offshore wind energy development on environmental and economic factors respectively. 

Not surprisingly, there is a correlation between the percentage of respondents that always 

chose the baseline view and their opinions about the economic and environmental impacts of 

offshore wind energy development. As indicated in Table 6.5, those who stated that they 

thought offshore wind energy development would have a negative impact on coastal tourism, 

permanent job creation, electricity prices, coastal property values and commercial fishing 

revenues were significantly more likely to have always chosen the baseline view than those 

who thought offshore wind energy development would have a positive or neutral impact on 

these economic indicators. Focusing specifically on the categories of particular interest in 

this study, we see that 62% and 54% of respondents who felt offshore wind energy 

development would have a negative impact on coastal tourism or coastal property values, 

respectively, always chose the baseline scenario as their most preferred option. Only 23% 

and 17% of those who thought offshore wind energy would have either no impact or a 
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positive impact on coastal tourism or coastal property values always chose the baseline view, 

respectively. 

Similarly, those who felt offshore wind energy development would have a negative 

impact on marine life, bird life, recreational boating/fishing and climate change were in the 

category “always chose the baseline view” in significantly greater proportions (56%, 53%, 

51% and 69% respectively) as compared to those who felt wind energy development would 

have no impact or a positive impact on these things (37%, 27%, 38% and 42% respectively), 

as can be seen in Table 6.6. 

Not surprisingly, the proportion of individuals always choosing a designed scenario 

as their most preferred option also varies according to respondent opinions on the possible 

impacts offshore wind energy development. A smaller proportion of respondents always 

chose a view with turbines in it if they thought offshore wind energy development would 

have a negative impact on environmental and economic indicators as compared to 

respondents who thought it would have no impact or a positive impact on these indicators. 

These differences are statistically significant for all indicators except climate change. 

A number of debriefing questions were asked after the choice questions in an effort to 

get an understanding of respondent choices. The first question asked respondents to imagine 

there was an offshore wind farm visible from a beach which was a 30 minute drive from their 

next beach rental and asked how likely they were to drive and visit this beach, at least once, 

to see the wind farm.80 Responses to this question are cross-tabulated by the number of times 

a respondent chose the baseline scenario as the most preferred option and are presented in 

                                                 
80 For the exact phrasing of the question, see Section J.1, Appendix J, question D.1. 
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Table 6.7. We see from Table 6.7 that, as expected, respondents that always picked the 

baseline as their most preferred scenario are significantly less likely than both respondents 

that sometimes chose a view scenario as well as those who always did, to state that they were 

very likely to visit an offshore wind farm. Moreover, respondents that sometimes picked a 

view scenario are significantly less likely than those that always chose a view scenario to 

state that they were very likely to visit an offshore wind farm. The reverse also holds true for 

respondents stating it is very unlikely that they would visit a wind farm, with respondents 

being significantly less likely to tick this category the more times a view option was chosen 

as the most preferred scenario. 

Questions D.2 and D.3 were aimed specifically at understanding the preferences of 

respondents that either never or always picked a view option as their most preferred scenario, 

respectively.81 Respondents that always chose the baseline as their most preferred option 

were asked whether they would have chosen a scenario with a wind farm in view over the 

baseline view if the price discount that they saw would be more substantial than the ones 

seen in the survey. Responses to this question reveal that 155 of the 200 respondents that 

answered this question (78%) were very unlikely to have chosen a view option even if the 

price discount offered on the rental was over 25%, revealing a very strong aversion to having 

turbines in view. When asked why they always picked a designed scenario as their most 

preferred option, 12 (15%) of the 80 respondents that did so stated that they liked the way 

wind turbines look, 49 (61%) of the respondents stated that they did not mind seeing wind 

                                                 
81 For the exact phrasing of these questions, see Section J.1, Appendix J. 
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turbines if they were offered a price discount on their beach house rental and 33 (41%) of the 

80 respondents reasoned that they were strong supporters of wind energy. 

Finally, respondents were asked to report on a 1-5 scale – where 1 is extremely 

important and 5 is not important at all – how important the choice question attributes 

(changes in rental prices, number of turbines visible from shore and distance of the visible 

turbines from the shore) were in their decision-making process (see question D.4 in Section 

J.1, Appendix J). Table 6.8 reports the frequency of these answers. The table is split into 

three panels. Panel A examines these answers for all survey respondents, Panel B examines 

answers only of the respondents who always chose the baseline view as their most preferred 

scenario, and Panel C examines the answers of survey respondents who always chose a 

scenario with a view of turbines as their most preferred scenario. 

As indicated in Table 6.8, overall, only 21% of respondents ranked price as extremely 

important in their decisions (Panel A, first row, first entry). However, 54% of all respondents 

ranked the distance of the visible turbines from shore as extremely important in their 

decision-making process. The distribution of these responses changes dramatically when 

only considering those respondents who always ranked the baseline view as their first choice 

as compared to only those who always chose a view with turbines in sight as their first 

choice. As indicated in Panel B, only 7.4% of respondents who always chose the baseline 

view as their first choice ranked price as extremely or very important (the sum of the 1 and 2 

categories). However, for these respondents, the number of turbines visible from the shore 

and the distance of visible turbines from the shore were very important, with 71.5% and 

80.8% of respondents ranking these two attributes in the 1 or 2 category of importance, 
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respectively. For respondents who always chose a scenario with turbines in sight as their 

most preferred scenario, a very different picture emerges. For these respondents, 56.6% of 

respondents ranked price in the 1st or 2nd category of importance, while only 9.7% and 27% 

ranked the number of turbines or their distance from shore in the 1st or 2nd category, 

respectively. 

A number of interesting observations about respondent preferences can further be 

made upon analyzing individual choice questions answered. As mentioned previously, eight 

of the initial 484 respondents had to be dropped from the analysis of the choice questions due 

to either leaving more than two choice questions unanswered, or due to answering the choice 

questions incorrectly. Another 25 respondents are not included in the discussion here because 

they only provided a rank for their first choice by placing a “1” by the most preferred option, 

but leaving the other two options blank. While this type of response behavior is not 

problematic for econometric estimation, we cannot their least preferred option which is 

important for the discussion below. The remaining 459 respondents answered 3,624 choice 

questions, summarized next.82 

As explained in Chapter 3, alternatives with wind turbines in view could be 

associated with a price increase of 5%, no price change (0%), or a price decrease of 5%, 

10%, 15%, 20% or 25%. Table 6.9 presents summary statistics relating to the number of 

times an option was chosen that included a view of wind turbines accompanied by an 

increase in rental price or no change in rental price. Panel A reports these statistics across 

different views, while Panel B summarizes the number of times an option with a 5% price 
                                                 
82 While each respondent faced 8 choice questions, some respondents skipped one or two choice questions 
resulting in less than 3672 (459x8) available choice questions. 
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increase was chosen given different distances of visible turbines from the shore. These 

summary statistics are interesting because the baseline view (no turbines in sight) also had no 

change in rental price, but includes the same amount of wind energy produced as the 

alternatives with turbines in view.83 Accordingly, respondents ranking an option with 

turbines in view accompanied by no change in rental price or an increase in rental price as 

their most preferred option unambiguously prefer the ocean view with offshore wind turbines 

in it.84 As indicated in Table 6.9, across all surveys, there were 913 choice questions that 

included an alternative with a 5% price increase in the rental price. Of these 913 questions, 

the alternative with a 5% increase was ranked first by respondents 36 times (4%). Further, 

there were 1,080 choice questions that included an alternative with no change in rental price 

accompanying a view of turbines. Of these 1,080 questions, the alternative with a no price 

change and a view of turbines was ranked first by respondents 76 times (7%). As certain 

survey versions included multiple questions with a price increase or no price change, the 

number of respondents choosing a view of turbines at a price increase or no change in rental 

price does not equal the number of times these options were chosen across choice questions. 

As reported in Table 6.9, 28 (6%) of the total number of respondents chose a view combined 

with a price increase, and 61 (13%) of respondents chose a view of turbines combined with 

no change in rental price as their most preferred scenario at least once. Overall, for 77 (17%) 

respondents, seeing turbines was a preferred alternative to not seeing turbines. Note, 

however, although not reported in Table 6.9, this percentage drops dramatically when view 

                                                 
83 Wind turbines in the baseline scenario were built too far out to see. 
84 While from the focus groups it seemed like respondents did not have any trouble understanding that the same 
amount of wind energy was constructed in all scenarios including the baseline, the possibility exists that 
respondents examined here did not understand this. 
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options with turbines placed at five miles from shore are considered. Alternatives where a 

5% increase in price or no change in rental price were paired with a view of turbines at five 

miles from shore, were ranked first by only four people, highlighting the importance of how 

near or far the visible turbines are from the beach. 

6.2 Empirical model 

As described in the experimental design section, respondents faced eight choice sets 

each consisting of three alternatives: two designed alternatives (where some or all of the 

offshore wind turbines were constructed in view of the shore and rental price could change) 

and a status quo alternative (in which all turbines were located too far out to see and the 

rental price was kept unchanged). While the empirical model used when discussing random 

utility theory in Chapter 4 was specified in general terms, survey specific model specification 

will now be examined. Assume an individual n¸ chooses alternative j if and only if individual 

n’s indirect utility from alternative j, Unj, is greater than the utility provided by the other two 

alternatives offered in the choice question. In the simplest empirical model, in which only the 

main effects of design attributes are modeled, utility from alternative j is given by: 

3 2

1 1

,   nj d dj g gj j j nj
d g

U Dist Size p ASC    
 

                       (6.1) 

where the effects coded variables djDist  and gjSize  represent the distance of visible wind 

farms from the shore and the number of turbines visible from the shore, respectively, while 

the coefficients of these variables, d  and g , capture the utility increment associated with 

these particular attribute levels. A detailed description of the logic of effects codes and the 
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motivation for choosing this coding mechanism is given in Appendix B. The price change 

associated with alternative j is represented by pj, and  represents the negative of the 

marginal utility of income. The alternative specific constant, ASCj, takes the value of one for 

the two designed alternatives and zero for the status quo alternative. By modeling the ASC in 

this fashion, the utility associated with the status quo is equal to zero, which sets the origin of 

the utility scale. Thus, the coefficient  can be interpreted as a constant which captures the 

utility change resulting from choosing a designed attribute – irrespective of the size and 

distance specifications associated with the visible turbines in the scenario. By default of the 

attributes being effects coded in the model, this coefficient is equal to the grand mean utility 

of all observations, which can simply be interpreted as the utility associated with the ‘average 

designed scenario,’ or in this case ‘an average wind farm view.’ Finally, nj represents the 

unobserved component of utility. 

The above model represents an average preference model as it only includes main 

effects and accordingly parameters in the model do not vary across individuals or survey 

treatments. This basic model can however be easily generalized by allowing for interactions 

between the attributes, as well as by allowing ω,  and  to vary systematically with 

individual specific attributes: 

3 2 6

1 1 1

,   nj dn dj gn gj v dj gj j n j nj
d g v

U Dist Size Dist Size p ASC     
  

                    (6.2) 

where dn  and gn  are systematically varying parameters that vary with nz , a vector of 

variables describing respondent n. In other words, ' ,  '  and ' .dn d n gn g n n nz z z         



 

127 

Based on the model above, total willingness to pay (TWTP) for a visible turbine 

combination j, characterized by attribute levels  and dj sjDist Size , relative to the status quo, is 

given by: 

( ) 

( )
          .

dn dj gn gj v vj vj n j
j

dn gn v n

Dist Size Dist Size ASC
TWTP

   


   


   



  




              (6.3) 

The second equality in Equation 6.3 follows since Dist and Size are effects coded and 

the ASC is dummy coded and so these variables equal to one when visible turbine 

combination j is considered. 

Since distance and size attributes are effects coded, the ratio 

18miles

price




                    (6.4) 

is interpreted as the willingness to pay for moving visible turbines from the distance of the 

“average visible wind farm scenario” presented in the choice questions to 18 miles from the 

shore. More intuitive measures are the marginal willingness to pay (MWTP) to move from 

one attribute level to another, holding all else constant. Since the MWTP to move visible 

turbines from one distance from the shore to another depends on the number of turbines that 

are visible from the shore, the MWTP is given by: 

( )|

( ) ( )
MWTP  = .

( )
e g e g d g d g

d e g

dist size dist size dist size dist size

dist dist size
price

     



    


            (6.5) 

As described in Chapter 5, latent class models will be used to estimate willingness to 

pay measures. Development of the model specification – i.e. how attributes, demographics 
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and attitudes enter utility on average across the population – proceeds as follows. First, a 

main effects rank ordered logit is estimated to explore how choice question attributes affect 

utility. Second, the rank ordered logit is expanded to account for heterogeneity as given in 

Equation 6.2. Results from this second step help guide the choice of latent class specification 

by informing both the interactions between the attributes that are relevant, as well as the 

possible heterogeneity that should be examined in the choice probability and the class 

membership equations. Results for the rank ordered logit model will be presented first, 

followed by the latent class models. 

6.3 Model results: rank ordered logit 

The results of the main effects logit model are given in Table 6.10. As discussed in 

Appendix B, the interpretation of the effects codes is that the utility associated with the base 

level is equal to the negative sum of the estimated coefficients, while the utility associated 

with each of the other levels is simply the coefficient on the respective level. Assuming 5 

miles is used as the base level for the distance attribute, the coefficient for this level is 

calculated simply as: 

5 8 12 18 .miles miles miles miles       85                 (6.6) 

As can be seen in Table 6.10, all main effects are statistically significant. Moreover, 

we can see that as turbines are moved further offshore, respondent utility increases. For the 

size attribute, the relative magnitude of the attribute levels is not as intuitive. While the 

largest number of visible turbines (144) is associated with the largest level of disutility, the 

                                                 
85 Note that the results are the same no matter what level is specified as the baseline. Standard errors and p-
values are calculated using the nlcom command in STATA 11. 
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results suggest that having 100 turbines visible is preferred to having only 64 turbines visible 

– a result which goes against a priori expectations. A Wald test on the equality of the two 

parameters, however, fails to reject the hypothesis that the coefficients on 64 turbines and 

that on 100 turbines are the same.86 

As two treatments were administered in this survey, the main effects regression is 

also estimated separately for the daytime and the nighttime treatment. The results of these 

regressions are given in Table 6.11. While all main effects remain significant for the daytime 

treatment, the coefficients on the distance level of 8 miles and the size level of 64 visible 

turbines become insignificant in the nighttime treatment. Scale tests reject parameter equality 

between the two treatments, suggesting that samples of the two treatments cannot be pooled 

and should be examined separately. The methodology and results of the scale tests can be 

found in Appendix G.  

6.3.1 Examining heterogeneity in the rank ordered logit model 

To explore significant sources of heterogeneity in the data, a model with a full suite 

of covariates is estimated. Sources of heterogeneity examined in this model are guided by 

intuition, past research, policy relevance as well as from prior information obtained during 

focus groups. First, variables that are a product of survey design and administration are 

viewed as critical to include. These variables include whether a respondent received a survey 

with both daytime and nighttime visualizations (nighttime treatment) or only daytime 

visualizations (daytime treatment), as well as whether the house was an oceanfront rental or 

not. Due to the important nature of these variables, they are interacted with both the choice 

                                                 
86 Chi2(1)=1.66. Prob>chi2 = 0.1977. 
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attributes, to allow preferences for attribute levels to vary across different groups of 

respondents, as well as with the ASC to allow these variables to impact whether an individual 

would be more or less likely to choose the status quo. 

Second, important sociodemographic variables such as age, income and education are 

included in the model by interacting them with the ASC. Whether a respondent is from North 

Carolina, and the general area in which the respondent rented (NOBx, SOBx or SBI) is also 

viewed as possibly important in determining respondent preferences for the status quo 

scenario relative to the designed ones, and so location specific variables are also included as 

interactions with the ASC.  

Third, a number of variables reflecting beach going habits are interacted with the 

ASC to examine whether these habits impacted respondent preferences for the status quo. 

Specifically, variables are included to control for whether respondents reported that they or 

their family engaged in fishing or boating activities while at the beach. All other activities 

examined in the survey were shore based and thus would all be impacted in a similar way if 

offshore wind farms are constructed. Fisherman and boaters might have different preferences 

due to their expectations on how a wind farm might affect these activities, however. 

Moreover, the number of times a respondent had rented a beach house at the NC coast in the 

last five years is included as a measure of affinity and familiarity with the good at hand. 

While a number of other questions were elicited from respondents, these are either viewed as 

endogenous, or do not display enough variability to provide any meaningful information. 

Questions in the former category included those eliciting opinions about the impact of 

offshore wind energy on different environmental and economic factors, while questions in 
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the latter category included questions that examined the level of interest in environmental 

issues. Because almost all respondents claimed to be interested in environmental issues, not 

enough meaningful variation is available to justify inclusion in the model. 

The regression results for the full model is found in Table 6.12. Regression results are 

displayed separately for the full samples of the nighttime and daytime treatment (first and 

third column) as well as only for the participants of the two treatments that are “in the 

market” and didn’t always choose the baseline as their most preferred option (second and 

fourth column). As can be seen from the estimates, heterogeneity is manifested in different 

ways in the different treatments and subsamples. The only variables that show prediction 

strength across both the treatments and their subsamples are the distances of visible turbines 

from the shore, the number of turbines visible from the shore, a number of the interactions 

between the distance and the size attributes, as well as the price variable.  

Interesting differences between the two treatments are also apparent from Table 6.12. 

When considering the full sample, a number of interactions are significant for the nighttime 

treatment, but not for the daytime treatment. Specifically, interactions between oceanfront 

location and turbine attributes are significant for the nighttime but not for the daytime 

treatment. This finding is interesting in and of itself, as it suggests that oceanfront renters 

don’t have significantly different preferences than non-oceanfront renters when only shown 

daytime visualizations, but that this difference becomes significant once nighttime 

visualizations are included in the survey. A similar finding is observed in that loyal visitors to 
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NC beaches (as measured by the number of times rented), are more likely to choose the 

baseline as their most preferred scenario when nighttime visualizations are included.87 

The results from Table 6.12 provide a number of useful insights about average 

preferences of the respondents in the different samples. In particular, the main survey 

attributes (distance, size and price), interactions between distance and size attributes, as well 

as possibly interactions with an oceanfront location should be examined when considering 

the more complex models, examined next.  

6.4 Modeling heterogeneity: Latent class models 

When modeling underlying heterogeneity using latent class models, the researcher 

needs to determine the number of segments to appropriately represent the population at hand. 

As this decision is not informed by the maximization procedure used to determine parameter 

estimates, the standard procedure involves estimating the desired model for a sequentially 

increasing number of segments and then deciding on the optimal number of segments based 

on both the model fit (as measured by the information criteria discussed in Section 5.3.4), as 

well as parsimony and interpretability. As such, to find the optimal number of classes, it is 

necessary to specify the desired model, or the model which is thought to best fit the data, 

which, as discussed in Chapter 5, involves specifying the arguments for both the choice 

probability equation: 

                                                 
87 Models were also estimated using population weights. As oceanfront rentals were oversampled, the 
proportion of oceanfront to non-oceanfront rentals offered by each realty were used as population weights for 
the sample. While there are modest changes in the magnitudes of the coefficients, none of the differences are 
statistically different. Accordingly, latent class modeling proceeds without weights. 
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as well as the class membership equation: 
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In practice, the above procedure is complicated by the fact that specification of the 

optimal model depends to some extent on the number of classes examined, Q, while 

inversely, the optimal number of classes should be determined using the final model 

specification. As such, the procedure followed here is to examine the results of the base 

specification model (no interactions or heterogeneity) for different numbers of latent classes, 

briefly examine the intuitiveness of the classes formed in each case and then proceed to 

optimal model specification using the number of classes that resulted in the most intuitive 

class composition for the baseline specification. The number of classes is a priori restricted to 

lie between three and five classes, as two classes do not allow for sufficient examination of 

heterogeneity, while interpretability of results is lost when more than five classes are 

examined. Upon initial examination of estimation results for the base specification model 

with three to five classes, the three class model is found to have the most intuitive class 

composition. Thus Q=3 in Equation 6.9 when developing the model specification. After the 

final specification for cov and njs nx z  are chosen, the selection of the number of classes is 

revisited using the final model. 



 

134 

6.4.1 Specifying the class membership equation 

Traditional methods of incorporating heterogeneity into the membership likelihood 

function of latent class models focus almost exclusively on sociodemographics (Hu et al. 

2004; Scarpa & Thiene 2005; Thiene et al. 2012). Theory, however, also points to the 

importance of attitudes and perceptions in influencing preference structures (Wind 1978; 

Boxall & Adamowicz 2002). Recognizing the prospect of using latent variables in 

understanding choice behavior as early as 1986, McFadden notes that “the critical constructs 

in modeling the cognitive decision process are perceptions or beliefs regarding the products, 

generalized attitudes or values, preferences among products, decision protocols that map 

preferences into choices, and behavioral intentions for choice” (McFadden, 1986: 276). It is 

for this reason that both attitudinal indicators as well as a priori important sociodemographics 

variables are examined in the cov
nz  vector of the class membership function (Equation 6.9).  

To incorporate attitudes and perceptions of respondents, a factor analysis is conducted 

with question D.8 of the survey, in which respondents were asked to rate their perceived 

impact of offshore wind energy development on a range of environmental and public factors. 

Factor analysis is a statistical method used to describe variability among a number of 

observed and usually correlated variables of interest in terms of a smaller number of 

unobserved variables called factors. As such, factor analysis provides a convenient method of 

summarizing a collection of questions in a succinct way by capturing the most important 

elements of preferences in the factors. Question D.8 is chosen as it gives the greatest insight 

about respondent perceptions while also having sufficient variation among respondents. 

Summary statistics for question D.8 are presented in Section 6.1.2, Table 6.3. To obtain 
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factor scores of the nine questions examined in question D.8, “not sure” responses are coded 

as “no impact,” after which a factor analysis is done using principal component analysis with 

varimax rotation.88 To determine a suitable factor range to adequately capture respondent 

opinions, Cattell’s scree test is used in which the different components are plotted on the X-

axis and their corresponding eigenvalues on the Y-axis (Cattell 1966).89 The scree plot of the 

eigenvalues can be found in Figure 6.3. As the number of components increase, the 

eigenvalue associated with these components drop. When the sharp drop in eigenvalues stops 

and the graph displays a kink as it moves to a less steep decline, Cattell’s scree test suggests 

dropping all components after the one starting the kink. As can be seen from Figure 6.3, this 

procedure results in the choice of two factors. The rotated factor loadings resulting from the 

analysis can be found in Table 6.13. These factor loadings represent the correlation between 

the items included in the analysis and the respective factor (UCLA: Statistical Consulting 

Group 2012). As such, we see, for example that that the perceived impact on marine life is 

captured mainly by Factor 1 as the correlation between perceived impact on marine life and 

Factor 1 is 0.75, while the correlation between this item and Factor 2 is only 0.02. From 

Table 6.13, we observe that Factor 1 captures the perceived impact of offshore wind farm 

development in NC on marine life, bird life, recreational fishing, climate change, tourism, 

property values and fishing revenues. As these elements are all related to environmental 

wellbeing in one way or another, this factor is named the “environmental factor.” Factor 2 

                                                 
88 Other options of recoding the “not sure” responses were to code them as missing. As this would result in the 
loss of multiple observations during the analysis, it was decided not to use this method. Principal component 
analysis was conducted using the factor command in STATA 11. As is standard practice in factor analysis, 
coordinates of the principal component analysis were rotated so as to maximize the variance of the squared 
loadings within factors, a rotation method known as varimax rotation (StataCorp 2009). 
89 The eigenvalues capture the variance of the factor (UCLA: Statistical Consulting Group 2012). 
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captures perceived impact on jobs, electricity prices and government spending and so is 

called the “public factor.” Scores for the two factor variables are calculated for each 

individual in the sample, yielding two factor variables to be included in the covariates of the 

latent class models. 

Besides the two factors above, a number of sociodemographic variables are examined 

as active covariates in the model. Sociodemographic variables are chosen based on a priori 

perceived importance and included age, income, the area of the coast that respondents had 

rented at, as well as NC residency. Upon examination of results, it is found that none of the 

sociodemographic covariates seem to be good predictors of class membership and so these 

variables are examined as inactive covariates post analysis. The two factors, however, have 

significant power in explaining class membership. As such, the final class membership 

equation is given by:90 
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               (6.9) 

where 0 1 2,  and q q q   are the latent class specific coefficients for the class specific constant 

and the environmental factor and public factor covariates, respectively.  

6.4.2 Specifying the choice probability equation 

After defining the class membership equation, the choice membership equation is 

defined. To increase the degrees of freedom, the njsx  vector is kept as parsimonious as 

                                                 
90 The coefficient estimates of the entire set of active covariates examined can be found in Appendix H. While 
this result was initially obtained using the entire sample, regression output is shown for the final models chosen 
to demonstrate that results hold in the final model specification.  
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possible.91 To prevent model misspecification, however, an initial three class model is 

estimated in which all potentially important attributes of the survey as well as important 

artifacts of the survey design and administration are included.92 Variables examined in the 

model include distance, size, price, the ASC, interactions between size and distance, 

interactions of size and distance with whether a respondent had rented an oceanfront rental or 

not, as well as an interaction between the ASC and the general geographic area in which 

respondents had rented the beach house (NOBx, SOBx or SBI). Output from the latent class 

models including these interactions can be found for both the nighttime as well as the 

daytime treatment in Appendix H. It is apparent from Table H.3 and Table H.4 that size is 

not a sufficiently important variable to be interacted with whether or not a respondent had 

rented an oceanfront rental. Moreover, interactions of the ASC with the general location of 

the beach rental do not seem to contribute to model results. The removal of both these 

interactions results in a lower BIC, AIC, AIC3 and CAIC statistic. To keep the model as 

parsimonious as possible, these interactions are removed from the analysis. While the 

interaction between distance and oceanfront location is only significant in the nighttime 

treatment, it is kept in the daytime treatment to allow for comparison between the two 

treatments. Thus, the final choice probability equation is given by: 

| 3

1

exp( )
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        (6.10) 

                                                 
91 The degrees of freedom in latent class models is given by N-(X*Q)-(Z*(Q-1))-(Q-1)-(-1) where N are the 
number of respondents in the sample, Q are the number of latent classes specified, X are the number of 
parameters specified in the choice probability equation, Z are the number of active covariates specified in the 
class membership equation and  are the number of scale classes specified. 
92 Importance of variables here was informed by the predictive ability of variables in the full rank ordered logit 
model examined in Section 6.3.1. 
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where 
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and , ,  and dq gq vq lq    represent the class-specific coefficients on the distance attribute 

levels, the size attribute levels, the distance-size level interactions and the interactions 

between the distance attribute levels and oceanfront location, respectively. The class-specific 

coefficients for price, the ASC and the interaction between the ASC and oceanfront location, 

are given by ,  and q q q   . 

6.4.3 Determining the optimal number of latent class segments. 

Recall that the model specification process above was conducted with a three class 

model, as three classes had resulted in the most intuitive class composition for the baseline 

specification. Given the final model specified, it is necessary to re-examine the optimal 

number of latent classes to model the data.  

To explore the optimal number of latent classes, a series of latent class models are 

estimated.93 The values of selected information criteria of the different models estimated can 

be found in Table 6.14 for both the daytime and nighttime treatment. As can be seen from 

Table 6.14, allowing for scale heterogeneity as well as covariates results in superior model 

performance in both the nighttime as well as the daytime treatment, as seen by lower values 

on the information criteria. Moreover, based on both the BIC as well as the CAIC criteria, the 

                                                 
93 To avoid local maxima, estimation was always done with a large number of random starting values as well as 
iterations. All latent class models were estimated using the Latent Gold Choice 4.5 Syntax module. 
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scale adjusted latent class model is preferred to the other models regardless of the number of 

segments. For the nighttime sample, the BIC and the CAIC both suggest that three is the 

optimal number of classes. For the daytime treatment, the statistics are less conclusive in that 

the BIC continues to decline, being lowest at five classes, while the CAIC suggests that three 

classes is the optimal number. Closer examination of multiple runs of the four-class model 

reveals, however, that for both treatments, the results of the four-class models are unstable 

and not robust to the starting seed. Running the models with different starting seeds results in 

different model fits as well as different class compositions, suggesting difficulty in finding a 

global optimum. The three class model, on the other hand, is robust to the starting seed and 

number of iterations and always converged to the same result. Moreover, the class 

composition of the four class split is different between the daytime treatment and the 

nighttime treatment, making comparison between the two treatments more cumbersome. 

Thus, the three class latent class model is retained and results are presented next for the 

nighttime and daytime treatment separately. 

6.4.4 Nighttime treatment: Latent class results 

Equations 6.9 and 6.10 are estimated simultaneously using maximum likelihood. 

Before presenting the coefficient estimates, it is useful to understand the general composition 

and preferences of respondents in each latent class. As such, after model estimation, posterior 

class membership probabilities are computed for each individual in the sample and 

individuals are placed into one of the three classes based on the largest probability. Once 

individuals are allocated to classes, summary statistics of the choices of the individuals in 

each of the classes are examined to understand differences among the classes and to facilitate 
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interpretation of coefficient estimates of the latent class model. Table 6.15 reports how many 

times, on average, respondents in each class chose a view option as their most preferred one. 

Table 6.15 indicates that latent class 1 (LC1) captures almost 85% of respondents that 

always chose a view option (i.e. one with visible turbines) as their most preferred scenario. In 

addition, this class captures 93% of respondents that chose a view option as their most 

preferred choice seven out of eight times. As such, this group will be referred to as the “All 

View” class. Latent class 2 (LC2) on the contrary captures all the respondents that never 

chose a view option as their most preferred scenario (these respondents always ranked the 

baseline as their most preferred scenario), as well as a number of people who chose a view 

option as their most preferred choice less than 3 times – revealing a strong preference for the 

status quo. Accordingly, this class will be referred to as the “Never View” class. Finally, 

latent class 3 (LC3) contains the majority of respondents that sometimes picked a view 

option as their most preferred scenario, as well as a few of those who always did. Given these 

choices, this class will be referred to as the “Some View” class. The final row in Table 6.15 

indicates that 21% of the respondents are found in the All View class, 55% in the Never 

View class and a 24% in the Some View class. 

Latent class regression results are examined in Table 6.16. Panel A presents estimates 

of the utility parameters for each class. As indicated in the first column of the results, only 

the price coefficient is significant for the All View class, suggesting that the size and distance 

attributes did not play a large role in determining the choices of respondents in this class. 

Moreover, the absolute magnitude of the price coefficient of this class is largest among the 

classes, suggesting that the marginal utility of income is largest for this group. 
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The utility parameter estimates for the Never View class stand in stark contrast to 

those of the All View class. Many coefficient estimates are statistically significant and the 

coefficient on the ASC is very large, negative and highly significant, reflecting a strong 

preference for the status quo and a large disutility associated with the choice of any designed 

scenario. We also observe that the size and the distance attributes, as well as a number of 

size-distance interactions are statistically significant for this class, reflecting the importance 

of the view in informing respondent choices. Respondents in the Never View class show a 

clear preference for moving turbines further offshore, with the relative utility increasing as 

the distance of visible turbines from the shore increases. Similarly, these respondents show a 

preference for reducing the number of turbines visible from the shore, as can be seen by 

relatively larger coefficients on 64 turbine and 100 turbine levels than on the 144 turbine 

level. We also see that oceanfront location impacts the preference for the distance of visible 

turbines from the shore for this class, with respondents who had rented an oceanfront rental 

showing more extreme preferences for moving wind farms further offshore. This is reflected 

by the lower utility relative to the non-oceanfront rentals for the nearby distances 

(particularly 8 miles) and the higher relative utility for the further distances (in particular 18 

miles). While the price coefficient is also significant for the Never View class, the magnitude 

of the coefficient on price is small relative to those of the other classes, as would be expected 

given that respondents in this class mostly chose the baseline option over a designed 

scenario, even when the price discount offered for the vacation rental was substantial. 

Finally, for the Some View class, we observe that the distance of visible wind farms 

from the shore influenced respondent choice, with respondents in this class showing a clear 
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preference for moving visible turbines further offshore. For the size attribute, only the 64 

turbine level is significant. Recalling the interpretation of effects coded coefficients, this 

suggests that respondents prefer the smallest number of visible turbines over the average 

wind farm scenario shown in the choice questions. Oceanfront location also impacted 

respondent utility in the Some View class. From the highly significant and negative 

coefficient on the five mile distance level we note that the disutility from close-in wind farms 

is larger for oceanfront renters than from those who had rented non-oceanfront beach houses. 

Moreover, the negative and significant interaction between the ASC and an oceanfront 

location suggests that respondents in this class are less likely to choose a designed scenario 

as their most preferred scenario if they had rented an oceanfront rental in 2011. Finally, 

similarly to the Never View class, the coefficient on the ASC is negative and highly 

significant, albeit not as large in magnitude as in the Never View class. Given the choices 

observed by these respondents, this suggests that while respondents in this class have a 

preference for not seeing wind turbines, they are willing to do so when offered a price 

discount on their beach house rental.  

Panel B in Table 6.16 highlights the active covariates that are included in the 

membership probability equation. We see here that both the environmental factor and the 

public factor are highly significant and give some interesting and intuitive insights into 

respondent class allocation. From the sign of the coefficients on the covariates in Table 6.16, 

we see that respondents who believe that offshore wind energy will have a positive impact on 

the environmental and public factors specified in the survey are less likely to be in Never 

View class and more likely to be in the All View class, as would be expected. The belief of a 
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positive impact on environmental factors also makes respondents somewhat less likely to be 

in the Some View class. 

Finally, Panel C in Table 6.16 presents the scale class estimates for the nighttime 

sample. The relative scale parameter is significantly smaller for respondents in the second 

scale class (SC2), indicating that these respondents have a higher error variance and are less 

consistent in their choices than the reference scale class (scale class one (SC1)). Specifically, 

respondents in SC2 show almost four times (1/0.269) as much variability in their choice 

behavior as the respondents in the reference scale class. The implication of the relative scale 

parameter is that, to obtain the true coefficients for respondents in SC2, coefficients on the 

variables displayed in Table 6.16 need to be multiplied by the relative scale factor. Since this 

relative uncertainty is constant across preference parameters within a class, however, scale 

differences do not impact welfare estimates. Forty-six percent of respondents are predicted to 

be in the second, more uncertain, scale class.94 

The inactive covariates specified describe the characteristics of respondents in each of 

the latent classes. Table 6.17 indicates that 21% of respondents who had rented in the NOBx 

area were in the All View class, 56% were in the Never View class and 22% were in the 

Some View class. Interestingly, the only statistical difference in inactive covariates across 

latent classes is gender, with females being significantly more likely to be in the Some View 

class than males. This suggests that, in general, class membership is determined almost solely 

by preferences and is not a function of observable individual characteristics.  

                                                 
94 As discussed in Section 5.3.5, scale classes are the same across latent classes. 
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6.4.5 Daytime treatment: Latent class results 

The results for the daytime treatment are presented in a similar fashion to those of the 

nighttime treatment. First, a choice summary for respondents in each class is provided in 

Table 6.18. Second, latent class regression results are displayed in Table 6.19, and finally a 

summary of inactive covariates specified in Table 6.20. 

Table 6.18 illustrates that the nature of the three classes formed, in terms of choice 

summary, is very similar to the nighttime treatment and accordingly classes will be named in 

a similar fashion. Latent class 1 consists almost exclusively of respondents that sometimes 

chose a view option and sometimes the status quo as their most preferred scenario, hence 

being named the “Some View” class. Latent class 2 again captures all the respondents who 

always picked the baseline as their most preferred scenario as well as a large proportion of 

those respondents that only picked a view option as their most preferred scenario three or less 

times. Accordingly, this class is named the “Never View” class. Finally, latent class 3 is 

made up of respondents who chose a view option as their most preferred scenario either all 

the time, or more than five times out of the eight choice questions offered, making this the 

“All View” class. From the final row in Table 6.18, we see that 25% of respondents fall into 

the Some View class, 46% are captured by the Never View class and a 29% are in the All 

View class.  

From Panel A of the latent class regression results in Table 6.19, it is evident that 

while for the nighttime treatment only the price coefficient is significant for the All View 

class, many more coefficients are statistically significant for this class in the daytime 

treatment. This suggests that respondents in the All View class of the daytime treatment have 
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more nuanced preferences over other attributes in the model than their All View nighttime 

treatment counterparts. We see, for example, that the All View class considered the view 

when making choices with most of the distance attribute levels and the largest size attribute 

level showing statistical significance. While respondents show a relative distaste for having 

the visible turbines located very close to the shore (seen by the negative coefficient on 5 

miles), coefficients on the further distance levels suggest that subjects in this class enjoy 

seeing wind turbines if they are located slightly further out. This is demonstrated by a 

significantly larger coefficient on the 12 mile distance level than on the 18 mile distance 

level. Respondents in the All View class also demonstrate a disutility for having 144 turbines 

visible from the shore relative to the average visible wind farm scenario seen in the choice 

questions. Similar to the nighttime treatment, the absolute magnitude of the price coefficient 

is the largest for this class, suggesting the highest relative marginal utility of income for 

respondents in this class.  

The Never View class again indicates a very large and statistically negative 

coefficient on the ASC suggesting a strong preference for the status quo. We also observe a 

price coefficient that is small in absolute magnitude, suggesting that marginal utility of an 

extra dollar saved in rental costs is small for this group. Similar to the nighttime treatment, 

we again see a strong preference for moving visible turbines further offshore, shown by the 

highly significant distance coefficients that increase in relative magnitude as distance from 

the shore increases. We also see, as expected, a preference for seeing fewer, rather than more 

turbines visible from the shore. Interestingly, contrary to the nighttime treatment, oceanfront 

location does not influence preference for the distance attribute in the daytime treatment. We 
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do see, however, a positive and significant coefficient on the interaction between the ASC 

and an oceanfront location. While slightly counterintuitive, this suggests that respondents in 

the Never View class are less likely to choose the status quo as their most preferred option if 

they had rented an oceanfront beach house in 2011, when compared to respondents who had 

rented a beach house that was not oceanfront. 

We see from Table 6.19 that, similar to the nighttime treatment, the view of turbines 

influences respondent choices in the Some View class, with most of the distance and size 

variables being highly significant for this class. The relative magnitudes of both the distance 

and size attributes are intuitive, with respondents showing a preference for both fewer visible 

turbines, as well as locating visible turbines further offshore. Contrary to the nighttime 

treatment, oceanfront location does not seem to influence respondent preferences for distance 

of visible turbines from the shore, nor does an oceanfront location tend to change respondent 

preferences for the status quo in this class. Similar to the nighttime treatment, respondent 

preference for the status quo is reflected by a negative and strongly significant coefficient on 

the ASC, but again this preference is not near as strong as for the Never View class.  

Panel B of Table 6.19 again shows the ability of the active covariates specified to 

predict class membership. Similar to the nighttime treatment, both the environmental and the 

public factor are strong predictors of class membership for the All View and the Never View 

class. Again, belief in a positive impact of offshore wind energy development on 

environmental and public factors made respondents more likely to be in the All View class 

and less likely to be in the Never View class. Beliefs about the impacts of offshore wind 

energy did not seem to influence class membership for the Some View class. 
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Finally, Panel C of Table 6.19 indicates that, similarly to the nighttime Treatment, 

some respondents in the daytime treatment are significantly more uncertain about their 

choices than others. In particular, respondents in scale class 2 (SC2) show almost four times 

(1/0.272) as much variability in their choice behavior than subjects in scale class 1 (SC1). It 

is interesting to note, however, that for the daytime treatment, the proportion of respondents 

falling into the less certain scale class is only 35%, while it was 46% for the nighttime 

treatment. 

The inactive covariates in Table 6.20 again illustrate that there is no systematic 

difference between respondents in different classes. The only significantly different 

proportion is that respondents from NC are less likely to be in the Never View class than 

respondents from other states. 

6.4.6 Summary of Vacation Rental Survey results 

A number of further observations and remarks are useful when examining the results 

of the models of the two treatments. First, the latent class regression results indicate that, for 

both treatments, the distance of visible turbines from the shore plays a much larger role in 

influencing respondent utility than the number of turbines visible from the shore 

Second, while classes between the two treatments are not exactly comparable, it is 

interesting to note that in the nighttime treatment, 55% of respondents fell into the Never 

View class, which showed a strong disutility for scenarios with wind turbines in the 

viewshed, while in the daytime treatment, only 46% of the respondents fell into this class. In 

a similar vein, the daytime treatment contained more respondents in the All View class 

(29%) than the nighttime treatment (21%). This suggests that when respondents are shown 
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nighttime visualizations together with daytime ones, they are more likely to prefer the status 

quo and less likely to always choose a view option. 

Third, for both daytime and nighttime treatments, the proportion of respondents who 

always chose the status quo is high (approximately 42%). This behavior is referred to as 

serial non-participation and is often interpreted as respondents’ protests against a valuation 

scenario or a result of respondents not wishing to engage with survey complexity. In this 

context, other interpretations of this behavior might be that respondents may simply not wish 

to vacation at a location with an altered view, or their responses might be driven by concerns 

about other impacts possibly accompanying the viewshed change in question. The possibility 

of “serial nonparticipation” confounding a true understanding of underlying preferences is a 

concern widely expressed in the literature (Thiene et al. 2012; Morey & Thiene 2012; Flynn 

et al. 2010). However, this issue is likely mitigated in this application. First, the latent class 

models allocated virtually all “non-participants” into one class, allowing for the 

representation of the preference structure of these individuals separately from preference 

structures of other respondents. Second, by virtue of the survey design, respondents were 

asked to rank all three scenarios offered and accordingly, preferences of “non-respondents” 

over the remaining two scenarios in which wind turbines were in view are captured and 

inform coefficient estimation. While inclusion of these respondents would be problematic if 

they had simply randomly assigned preferences over the remaining two scenarios, this does 

not seem to be the case here as all attribute coefficients are significant for the Never View 

class in both treatments, suggesting a well-defined preference structure in this group. Third, 

while larger status quo parameters have in past literature been identified with non-
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compensatory behavior (Adamowicz et al. 2011), this does not seem to be the case at hand, 

as the price attribute coefficient is highly significant in both treatments for the Never View 

class. 

6.5 Welfare Measures: Willingness to Pay 

Willingness to pay (WTP) estimates for both treatments are presented in the 

following order. First, total willingness to pay (TWTP) for selected wind farm scenarios will 

be examined both for oceanfront and non-oceanfront renters. These values will be put into 

context by presenting the average rental prices for respondents in different classes. Second, 

marginal willingness to pay (MWTP) to move visible wind turbines from one distance to 

another for the different number of wind turbines visible from the shore are presented for 

oceanfront and non-oceanfront renters separately. Finally, MWTP estimates for changes in 

the number of visible wind farms from the shore, given different distances from the shore are 

explored. As interactions between oceanfront location and the number of visible turbines 

from the shore are not included in the model, no distinction by location is made for this 

attribute. 

6.5.1 Nighttime Treatment 

To obtain a broad understanding of the preferences of the different latent classes for 

different wind farm scenarios, total willingness to pay (TWTP) measures are examined 

first.95 TWTP estimates to move from specific visible wind farm scenarios to the status quo 

                                                 
95 As explained in Appendix B, WTP measures for the specific attribute levels of the baseline scenario cannot 
be calculated as the levels of the attributes in the baseline scenario do not vary in the designed alternatives and 
so are perfectly confounded with the status quo. 
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(SQ) are examined in Table 6.21 for oceanfront rentals and in Table 6.22 for non-oceanfront 

rentals.96 TWTP estimates shown in the tables are calculated from the coefficient estimates of 

the latent class model presented in Table 6.16. Standard deviations, 90% confidence interval 

as well as 25th and 75th percentiles shown for each estimate are calculated based on 5,000 

draws taken using the Krinsky and Robb procedure.97 Asterisks on specific TWTP estimates 

indicate that the 90% confidence interval (which is labeled “5% / 95%” and is reported in the 

third row in every panel) calculated for the respective estimate does not overlap with zero, 

suggesting statistical significance at the 10% level.98 

Oceanfront Nighttime TWTP 

Panel A of Table 6.21 indicates that the TWTP to move from a view of a 64 turbine 

wind farm at 18 miles (the wind farm scenario with the least visual impact) to no view of 

turbines is not statistically significant for both the All View and the Some View classes. This 

suggests that respondents in these classes are indifferent between not seeing turbines and 

seeing a small wind farm far out on the horizon. Accordingly, respondents in these classes 

                                                 
96 Note that while no turbines are in view in the baseline scenario, this is because they are constructed too far 
out to see. As such, the same amount of wind energy is produced in each of the scenarios offered. Recall also 
that the assumed utility of the SQ is set to zero to facilitate TWTP calculations. Since utility is ordinal, this 
assumption does not affect WTP estimates. Finally, the coefficient estimate is added to the utility estimates of 
the specific wind farm scenarios examined. 
97 Large variations in the price coefficient for the All View group resulted in 101 draws in which the price 
coefficient for this class was positive. In line with economic reasoning, these draws were excluded from the 
analysis, leaving 4899 draws from which to compute standard deviations and percentile values. Median MWTP 
values based on the Krinsky and Robb draws were almost identical to point estimates calculated based on latent 
class coefficient estimates and so are not included in the WTP tables. Given the very large WTP estimates 
resulting from draws in which the price coefficient was close to zero, the mean MWTP measure (also not 
reported in the tables) was generally larger than both the median and the reported point estimate. The difference 
between the mean and median WTP measures confirm, however, that WTP is indeed not symmetric and that the 
Krinsky and Robb procedure was the appropriate method to use for calculating confidence intervals (Hole 
2008). 
98 Given the non-symmetric nature of the WTP estimates as well as the large standard deviations resulting from 
price draws which are close to zero, the traditional p-value is not very useful when examining statistical 
significance. 
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would most likely not change renting locations if wind farms were located so that they were 

barely visible. 

TWTP for the Never View class on the contrary suggests that respondents in this 

class are willing to pay $8,795 to move far out turbines out of sight completely. The average 

rental price for oceanfront renters in the Never View class of the nighttime treatment is 

$5,539 (see Table 6.23).99 This suggests that respondents in this category would not rent a 

beach house if a wind farm were visible – to any extent – on the horizon. Even when looking 

at the lower bound of the 90% confidence interval, we see that the 5th percentile of the Never 

View group would still require an 80% discount on their beach house rental to accept the 

view at hand, a scenario which would never be observed in the marketplace.100 Given these 

findings, it is likely that if wind farms were constructed in sight of a beach, respondents the 

Never View class would either change their beach holiday destination to a beach in an area 

from which wind turbines were not visible, or would change their choice of vacation 

destination completely. 

Panel B of Table 6.21 examines the other end of the view impact spectrum and 

reports the TWTP for moving from the wind farm scenario with the most visual impact (144 

visible turbines at 5 miles) to the status quo. While the TWTP for the All View class is still 

not significant, the Some View class is willing to pay a total of $3,202 to avoid the view 

change in question. The mean rental price for oceanfront respondents in the Some View class 

                                                 
99 Although exact rental prices were not available, catalogue rental prices for the houses rented by respondents 
were. While catalogue rental prices do not include taxes, fees, or insurance paid by renters, they nevertheless 
provide a general estimate. 
100 Models used in this paper impose that utility is linear in income which implies that willingness to pay and 
willingness to accept measures are necessarily symmetric. 
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is $4,769 (see Table 6.23), suggesting that this group of respondents would require a 67% 

reduction in rental price to accept moving 144 visible wind farms from 30 miles (too far out 

to see) to 5 miles. As it is unfeasible for rental agencies to provide that size rental price 

discount, we would expect respondents in this class to change the location of their beach 

holiday if wind farms were built this closely to shore. The TWTP to avoid the view with the 

greatest visible impact is three times larger than the mean rental price for the Never View 

class, again indicating that this group would not choose a beach home from which wind 

turbines are visible. 

Given that the call areas for potential offshore wind farm development in North 

Carolina are located six, seven and thirteen miles offshore for the Kitty Hawk, Wilmington 

East and Wilmington West call areas, respectively, Panel C of Table 6.21 examines TWTP to 

move from the baseline to 144 visible wind turbines at 8 miles.101 While no policy relevant 

changes in TWTP are observed for the Some View and the Never View class, we see that the 

TWTP for the some view class decreases to $1,859 (as compared to 144 turbines at five 

miles), or 39% of the average rental price. 

Non-oceanfront Nighttime TWTP 

Table 6.22 replicates the information in Table 6.21, except for non-oceanfront renters. 

Similar to the oceanfront renters examined, none of the TWTP estimates for the All View 

class are statistically significant. Moreover, large and statistically significant TWTP 

estimates for the Never View class suggest that, again, these respondents are not likely to 

rent at a beach if wind turbines, at any distance, are visible from the shore. For the Some 
                                                 
101 A discussion of the current locations (as of March 2013), under consideration by the Bureau of Ocean 
Energy Management (BOEM) is presented in Section 2.1. 
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View class, a number of differences to oceanfront renters are observed. First, the TWTP to 

move turbines from a wind farm scenario with the least visual impact (64 turbines at 18 

miles) to no view of turbines is now significant for the Some View class, suggesting this 

class is willing to pay $176 to obtain the visual impact change proposed. Given the mean 

rental price of $3,357 for this class (see Panel C in Table 6.23), this suggests that a 5% 

reduction in rental price would be necessary for respondents in this class to continue renting 

the same house if the proposed wind farm scenario were developed. Panel B and C show that 

TWTP to move visible turbines out of sight for the Some View class is $2,444 (73% of mean 

rental price) if 144 visible turbines are located at five miles and $1,605 (48% of mean rental 

price) if they are located at eight miles from the shore. Following a similar logic to that 

applied for oceanfront renters, these values suggest that respondents in the Some View class 

are unlikely to continue renting in an area if large wind farms were constructed close within 

eight miles from the shore, as rental prices would not drop sufficiently to accommodate these 

renters. 

Marginal willingness to pay (MWTP) measures to move visible turbines from one 

distance to another for the different number of wind turbines visible from the shore are 

presented in Table 6.24 for oceanfront renters and in Table 6.25 for non-oceanfront renters. 

In line with TWTP estimates, MWTP estimates shown in the tables are calculated from the 

coefficient estimates of the latent class model presented in Table 6.16. Standard deviations, 

90% confidence interval as well as 25th and 75th percentiles shown for each estimate are 

calculated based on 5,000 draws taken using the Krinsky and Robb procedure. Asterisks on 

specific TWTP estimates indicate that the 90% confidence interval (which is labeled “5% / 
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95%” and is reported in the third row in every panel) calculated for the respective estimate 

does not overlap with zero, suggesting statistical significance at the 10% level. 

Oceanfront Nighttime MWTP 

The key results of Table 6.24 are as follows. First, none of the MWTP estimates for 

the All View class are statistically significant, suggesting that respondents in this class are 

indifferent to the view. This is not surprising, however, given that the MWTP measure is a 

ratio of a number of coefficients and the only coefficient with statistical significance for the 

All View class in the latent class model is the price coefficient (see Table 6.16), suggesting 

that respondents in this class did not base their choices on the view displayed in the 

scenarios. Second, MWTP estimates to move visible turbines further offshore for the 

remaining two classes is always significant for 144 visible turbines and usually significant 

for 64 and 100 visible turbines. Finally, the magnitude of significant MWTP estimates across 

classes for any given distance change is always NeverView SomeView AllViewMWTP MWTP MWTP  , 

as is expected a priori. 

The apparent disutility of an ocean view with offshore wind turbines for the Never 

View class is again evident from the very high MWTP to move wind turbines further 

offshore – for each combination of visible turbine numbers and distance from the shore 

examined. Given that offshore wind turbines at 12 miles from the shore are already very 

small, it is insightful to examine the MWTP of this class for moving 64 visible wind turbines 

(the smallest number examined in the survey) from 12 to 18 miles. Even for this small 

decrease in visual impact of offshore wind farms, respondents are willing to pay $2,202. To 
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put this MWTP into context, the mean rental price for respondents in this group is $5,195 and 

so they would require a 43% discount in rental price for this small view change.  

When discussing the MWTP measures for the Never View class, however, a caveat is 

in order. All respondents that always chose the status quo as their most preferred scenario are 

located in this class (see Table 6.15) and make up 87% of the Never View latent class. The 

remaining 13% of respondents in the Never View class chose a view option as their most 

preferred scenario at some point in the survey. Given this choice behavior, the variation in 

the data that allows estimation of preference parameters for this latent class comes from the 

forced “choice” over the second and third ranked choice. While MWTP measures on 

marginal distance changes can be calculated, it is unlikely these respondents make decisions 

at the margin. It is more likely that, rather than making a price-view tradeoff, these 

respondents would simply not rent a beach house at a beach with an ocean view of a wind 

farm (i.e. they would exit the specific rental market). As such, little emphasis will be placed 

on MWTP measures estimated for this class. 

The MWTP estimates in Table 6.24 indicate that respondents in the Some View class 

have a preference for moving turbines further offshore, as well. Interestingly, the confidence 

intervals of the MWTP estimates for each number of visible turbines overlap for each 

distance change examined, except for the move from eight to twelve miles. This suggests that 

for distance changes close or far from the coast, the number of visible turbines did not 

influence choices. When examining movements at moderate distances (eight to twelve 

miles), however, respondents distinguished between 100 and 144 visible turbines, suggesting 

that at these distances 144 visible turbines still seem like a lot, while the impact of 100 
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visible turbines is more greatly diminished by moving turbines further offshore. At distances 

further than 12 miles offshore, visual impacts of all visible wind turbine numbers are again 

equally diminished. 

Given that the impact of visible wind farm sizes was not significantly different, Table 

6.24 indicates that respondents in the Some View class are willing to pay, on average, $1,950 

to prevent moving visible turbines from eight to five miles. As indicated by Panel B of Table 

6.23, this amounts to around 41% of mean rental price of $4,769. When examining a move 

from eight to twelve miles, we note that the MWTP is not significant for 64 visible turbines, 

but is $420 and $1,155 for 100 and 144 visible turbines respectively. Renters in the Some 

View class would require, on average a 11% ($788) discount in their rental price to be 

indifferent between having turbines at 12 miles relative to having them at 18 miles from the 

shore. 

Finally, it is worth addressing the fact that a number of standard deviations shown in 

the table are very large – particularly for the All View and the Never View class. The reason 

for this is that the standard deviations are calculated based on the random draws obtained 

using the Krinsky and Robb procedure. The price coefficient estimated for the Never View 

class is extremely small (-0.001, see Table 6.16), resulting in a number of random draws in 

which the price coefficient for this class was very close to zero, giving rise to very large 

MWTP measures. The price coefficient for the All View class, while larger, is rather 

imprecisely estimated, again resulting in many draws close to zero. The large MWTP outliers 

resulting from these small price coefficients draws results in large standard deviations for 

MWTP presented in Table 6.24 and tables to follow. Accordingly, the 25th and 75th 
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percentiles are also presented in Table 6.24 to demonstrate that the bulk of the MWTP 

distribution lies in a reasonable space.  

Non-oceanfront Nighttime MWTP 

Table 6.25 contains the same information as Table 6.24 except that now only 

respondents that had rented an oceanfront beach house in the summer of 2011 are included in 

the analysis. Key results discussed for the oceanfront renters are also applicable to the non-

oceanfront renters examined here. Moreover, the trends in welfare estimates are very similar 

to those observed for the non-oceanfront respondents. None of the MWTP estimates for the 

All View class are significant, while we know from the TWTP estimates in Table 6.22 that 

respondents in the Never View class are unlikely to make decisions at the margin. 

From Table 6.25 we see that once again, confidence intervals for the MWTP 

estimates for different wind farm sizes for the Some View class overlap for both the distance 

change of five to eight miles, as well as that from eight to twelve miles. Given this, the 

average MWTP for respondents in the Some View is $1,446. The mean rental price for 

respondents in this group is $3,357 (see Table 6.23), suggesting that these respondents would 

pay 43% of the average rental price to move visible turbines from five to eight miles 

offshore. Similar to the oceanfront sample, the MWTP estimate for moving turbines from 

eight to twelve miles is not significant for 64 visible turbines. Given 100 and 144 visible 

turbines, however, respondents would need to be compensated $279 and $1,014, 

respectively, to make them indifferent between seeing wind turbines at eight miles relative to 

seeing them at twelve miles from the shore. Finally, average MWTP to move a visible wind 

farm from 12 to 18 miles is $454, or 14% of the average rental price. 
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Table 6.26 examines the MWTP for changes in the number of visible wind farms 

from the shore, given different distances from the shore. As interactions between oceanfront 

location and the number of visible turbines from the shore are not included in the model, no 

distinction by location is made for this attribute. The first thing that is notable about this table 

is the lack of significance of the MWTP estimates reported for changes in the number of 

visible turbines. This is not surprising, however, given that differences in the number of wind 

turbines visible were already found not to be very important in the previous tables examining 

welfare estimates for changes in the distance attribute levels. None of the MWTP estimates 

for the All View group are statistically significant at the 10% level, suggesting again that the 

view of turbines did not significantly influence the choices of respondents in this class. 

Moreover, the majority of significant MWTP estimates are found for the Never View class. 

Given that respondents in this class are unlikely to make marginal tradeoffs in the view, these 

numbers are not very useful from a policy perspective. Finally, when examining significant 

MWTP estimates for the Some View group, we see that respondents in this group are willing 

to pay $670 more for their rental if a wind farm at five miles consisted of 64 visible turbines 

relative to if it consisted of 100 visible turbines. From Panel A of Table 6.23, we see that the 

average rental price for respondents in the Some View class is $4,021, suggesting these 

renters would need a 17% reduction in their rental price to see 100 turbines rather than 64 

turbines at five miles. At eight miles, these respondents would be willing to pay $903 (22% 

of the average rental price) more for their beach house if 100 turbines were visible than if 

144 turbines were visible. At further distances from the shore, the difference in the number of 

visible turbines no longer seems to have a significant impact on respondent preferences. 
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Given that the MWTP for having fewer wind turbines at 5 and 8 miles is on average 20% of 

the average rental price of respondents in the sample, however, the size of wind farms at 

closer distances should not be disregarded when policy decisions about optimal wind farm 

placement are made.  

6.5.2 Daytime Treatment 

Willingness to pay measures for the daytime treatment are discussed in the same way 

as for the nighttime treatment. WTP measures for these tables are calculated using the 

coefficient estimates of the latent class model presented in Table 6.19, while standard 

deviations, 90% confidence intervals and 25th and 75th percentiles are calculated using 5,000 

draws of the estimated coefficients using the Krinsky and Robb procedure.102  

Oceanfront Daytime TWTP 

Table 6.27 reports TWTP to move from different wind farm scenarios to the status 

quo (SQ) for oceanfront renters. Panel A illustrates that, analogous to the nighttime 

treatment, TWTP for the All View and the Some View classes for moving from the wind 

farm scenario with the least visual impact (64 turbines at 18 miles) to no view of wind 

turbines as in the baseline scenario is not statistically significant, again suggesting 

indifference to seeing wind turbines, if they are only barely visible on the horizon.  

For the Never View class, we see that the TWTP to move turbines from being slightly 

visible to having them out of sight is $6,082. Panel B in Table 6.28 reports that the mean 

                                                 
102 Similarly to the draws from the nighttime treatment, a number of draws were excluded from the analysis due 
to the positive price coefficient present in these draws. In particular, 13 draws resulted in a positive price 
coefficient for the Never View class and 1 draw resulted in a positive price coefficient for the Some View draw, 
leaving a total of 4,986 draws for the analysis. 
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rental price for respondents in this class is $5,567, suggesting that respondents in the Never 

View class would no longer rent in an area where offshore wind farms were at all visible 

from the beach. This finding is in line with what was found for the nighttime treatment. 

When examining the TWTP to move from the wind farm scenario with the most 

visual impact (144 turbines visible at 5 miles) in Panel B of Table 6.27, we see that now even 

the All View class has a statistically significant, positive WTP to move the turbine out of 

sight, suggesting an aversion to having large wind farms that close to the shore. Specifically, 

respondents in the All View class would need approximately a 4% or $204 discount for an 

oceanfront rental in order to be indifferent between seeing this wind farm scenario relative to 

not seeing any turbines from the shore. For the Some View class, TWTP to move a 144 

turbine offshore wind farm array from 5 miles out of sight is $2,658, or 51% of the average 

rental price. This large TWTP value suggests that, similar to the nighttime treatment, 

respondents in the Some View class are unlikely to continue renting in the same area if wind 

farms are constructed at five miles from the shore. 

Interestingly, when a scenario with 144 visible turbines at eight miles rather than five 

miles is examined, there is enough of a decrease in the visual impact of the turbines so that 

the All View class is again indifferent to seeing the turbines. Thus it would appear that 

visible turbines only impact choices in this class when they are closer than eight miles from 

the shore. For the Some View class, on the other hand, respondents would still need to be 

compensated $1,362 (26% of the average rental price) to accept this view of turbines and 

continue renting the same beach house. 
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Non-oceanfront Daytime TWTP 

Table 6.29 contains the same information as Table 6.27, except for non-oceanfront 

renters. Similar to the nighttime treatment, the TWTP to move from the wind farm scenario 

with the least visual impact to the status quo is not significant for the All View class, 

suggesting that these respondents are indifferent to the view examined. Moreover, the Some 

View class now has a positive and significant TWTP to avoid seeing 64 turbines at 18 miles. 

Specifically, we see from Panel A of Table 6.29 that respondents are willing to pay $159 

more for their beach house for having the wind turbines out of sight relative to having them 

slightly visible. The average rental price for non-oceanfront respondents in the Some View 

class is $4,046 (Table 6.28), suggesting that these respondents would require approximately a 

4% price discount to make them indifferent between seeing this wind farm scenario rather 

than not seeing it. For the Never View class, the TWTP to avoid having the turbines only 

barely visible on the horizon is $9,078. Given the mean rental price of $4,159 these 

respondents, this reaffirms that respondents in this class would under no condition rent in an 

area from which turbines were visible from the beach. 

When examining TWTP to move from a wind farm scenario with the most visual 

impact (144 visible turbines at five miles) to the status quo, we observe that, similar the 

oceanfront sample, non-oceanfront respondents in the All View class now have a positive 

and significant TWTP not to see the wind farm at hand. Specifically, respondents would need 

to be compensated $276 (7% of the average rental price) to be indifferent between seeing 

visible turbines at five miles relative to not seeing them. Respondents in the Some View 
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class, on the other hand, would need to be compensated $2,470 (61%) to be indifferent 

between the two scenarios.  

Panel C of Table 6.29 indicates that TWTP to move from a wind farm scenario where 

144 turbines are constructed at 8 eight miles from the shore to having no turbines in view is, 

similarly to the oceanfront sample, insignificant for the All View class. Respondents in the 

Some View class on the other hand, are willing to pay $1,346 (33% of the average rental 

price) to avoid seeing the scenario at hand. 

Oceanfront Daytime MWTP 

Marginal willingness to pay (MWTP) measures for oceanfront renters to move visible 

turbines from one distance to another for the different number of wind turbines visible from 

the shore are presented in Table 6.30. Similar to oceanfront renters of the nighttime 

treatment, we again see that the magnitude of significant MWTP estimates across classes for 

any given distance change is always NeverView SomeView AllViewMWTP MWTP MWTP  . Unlike for 

oceanfront respondents in the nighttime treatment, however, we see that now not some of the 

MWTP estimates of the All View class are insignificant. Moreover, while this is mostly true 

in the nighttime treatment, we now observe that the confidence intervals of the significant 

MWTP estimates for each number of visible turbines overlap for each distance change 

examined.  

Interestingly, Table 6.30 illustrates that only the marginal distance changes from eight 

to twelve miles seem to significantly impact the welfare of respondents in the All View class. 

Specifically, these respondents are, on average, willing to pay $150 to move visible turbines 

from 8 to 12 miles. Table 6.28 reports that the average rental price for respondents in this 
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class is $5,027, suggesting that these respondents would, on average, need to be given a 

discount of 4% on their beach house rental to be indifferent between seeing turbines at eight 

or at twelve miles.  

For the Some View class, we again observe a consistent positive MWTP to move 

visible wind turbines further offshore. Moreover, we see that while MWTP estimates to 

move turbines from five to eight and from eight to twelve miles are significant for all wind 

farm sizes examined, the MWTP to move turbines from 12 to 18 miles is only significant for 

144 visible turbines, suggesting that respondents in this class are indifferent to seeing 100 or 

less visible turbines if these are further than 12 miles from the coast. Respondents in the 

Some View class are, on average, willing to pay $1,216 (23% of the average rental price) to 

move visible turbines from five to eight miles, while this value drops to $663 (13% of the 

average rental price) when a distance change from eight to twelve miles is examined. Finally, 

Some View respondents need to be compensated around $282 (5% of the average rental 

price) to be indifferent to seeing 144 visible turbines at 12 miles or at 18 miles. 

Non-oceanfront Daytime MWTP 

Table 6.31 replicates Table 6.30, except that now MWTP estimates for non-

oceanfront respondents are examined. General trends and comparisons to the nighttime 

treatment discussed for oceanfront respondents are again observed here for non-oceanfront 

renters.  

Table 6.31 indicates that now MWTP estimates for the All View class are significant 

both for distance changes from five to eight miles as well as for distance changes from eight 

to twelve miles. As can be seen from the overlapping confidence intervals for the MWTP 
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estimates, these estimates are not significantly different from one another. Respondents in the 

All View class are willing to pay, on average, $165 for the decrease in visual impacts 

accompanying a move of visible turbines from five to eight miles. Panel C in Table 6.28 

reports that the mean rental price for respondents in this class is $4,133, suggesting that All 

View renters require, on average, a 4% discount on their beach rental so as to be indifferent 

between the two views. The same discount in rental price would be needed to make these 

respondents indifferent to seeing 100 or 144 visible wind turbines at eight miles versus 

seeing them at 12 miles. All View respondents seem to be indifferent to moving visible 

turbines from eight to twelve miles if only 64 turbines are visible. At distances further than 

12 miles from the shore, no compensation is needed for All View respondents to continue 

renting in the same area, regardless of the number of turbines visible.  

Respondents from the Some View class are willing to pay $1,044, $617 and $279 to 

move visible wind turbines from five to eight, eight to twelve and twelve to eighteen miles, 

respectively. Given the average rental price of $4,046 for this group, these estimates are 26%, 

15% and 7% if the mean rental price, respectively.  

Finally, Table 6.32 reports the MWTP for changes in the number of visible wind 

farms from the shore, given different distances from the shore. Akin to the nighttime 

treatment, most of the MWTP measures examined here are not significant, reflecting the 

relative importance of the distance attribute relative to the number of turbines visible. 

Moreover, we again observe that none of the MWTP estimates for changes in the number of 

visible turbines are significant for turbines located at 12 miles and beyond, implying that, 

within the range examined in the survey, the size of a wind turbine array only really matters 
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if the turbines are built closer than 12 miles to the shore. For the All View group, we see that 

reducing the number of visible wind turbines at 8 miles from 100 to 64 turbines results in 

positive MWTP of $117. Given the mean rental price for this class is $4,524 (Panel A of 

Table 6.28), this suggests that, on average, respondents would need to receive a 3% discount 

on their rental price so as to be indifferent between seeing 64 and 100 turbines at 8 miles. For 

the Some View class, only a change in turbine size from 144 to 100 turbines seems to matter 

with results suggesting that respondents would need to be given, on average, a 13% decrease 

in rental price so as to be indifferent between these wind farm sizes at 5 and 8 miles. 

6.6 Summary and policy implications 

A number of interesting observations and policy implications can be made from the 

above findings. As discussed previously, given the levels examined in this survey, the 

distance of visible wind turbines from the shore has a much greater influence on respondent 

WTP than the number of wind turbines visible, especially when wind farms are located 

closer than 12 miles from the shore. When located closer than 12 miles to shore, however, 

the size of the wind farm array does have a significant impact on welfare estimates and so 

should be taken into consideration when policy decisions are made.  

The distance of visible wind farms from the shore consistently has a significant 

impact on respondent preferences, even at large distances from the shore. Moreover, in line 

with previous studies, it is found that the MWTP to move visible turbines further offshore 

decreases the further from the coast the wind farm is situated. These findings suggest two 

things. First, given the increased capital costs that result from constructing wind farms 

further offshore, a decreasing MWTP suggests that while visual impacts are a clear 
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disamenity for renters along the coast, constructing wind farms out of sight is most likely not 

the optimal policy decision. It is more likely that the costs of visual impacts are offset by 

increased construction costs at some visible distance from the shore. Second, these findings 

emphasize the importance of the capacity of the wind turbines examined. If, for example, 

3.6MW turbines are considered rather than 5MW ones, turbines could potentially be built 

closer to the shore. The opposite applies if 7MW turbines instead of 5MW would be chosen, 

in which case wind farms would need to be constructed further offshore. Accordingly, 

tradeoffs between possible increased efficiency of larger and fewer wind turbines needs to be 

weighed up against the cost of constructing these turbines further offshore, given a desired 

amount of generated electricity. 

Interestingly, the MWTP for moving turbines further offshore does not depend on 

whether respondents had rented an oceanfront beach house or one that was not oceanfront. 

When comparing MWTP estimates for moving wind turbines further offshore for the 

nighttime treatment (Table 6.24 and Table 6.25) as well as for the daytime treatment (Table 

6.30 and Table 6.31), we notice that none of the measures for each treatment are significantly 

different between oceanfront renters and non-oceanfront ones. This can be seen by the 90% 

confidence intervals which overlap by a large margin for each of the estimates. In fact, even 

when examining only the observations that lie between the 25th and the 75th percentile, we 

note that the bulk of the MWTP distribution overlaps for all the marginal changes examined. 

This finding suggests that it is not so much the view from the actual beach house that 

influences respondent preferences, but rather the view from the beach closest to the rental, 

where respondents indicated they spend most of their time. Given that the mean rental price 
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for oceanfront houses is significantly higher than the mean rental price for non-oceanfront 

ones, this implies that the absolute reduction in rental price that will be needed to compensate 

respondents for having turbines in view of the beach, as a percentage of the rental price, is 

higher for the non-oceanfront homes than for the oceanfront ones. 

Another notable difference in welfare measures is the difference in MWTP values 

between the daytime and the nighttime treatments. While it is not possible to compare 

welfare of the different latent classes of the two treatments directly due to differences in class 

composition, it is nevertheless insightful to revisit the findings of the two treatments above 

and compare the results. To highlight differences between the two treatments, the average 

MWTP estimates for the Some View class to move visible turbines further offshore are given 

in Table 6.33. Only estimates for the Some View class are compared between the treatments 

since respondents from the Never View class are unlikely to continue renting in an area if 

visible turbines are constructed offshore, and none of the MWTP estimates for the All View 

class of the nighttime treatment are significantly different from zero.  

To facilitate comparison, MWTP estimates are converted into percentages of the 

mean rental price for the respondents in the respective categories. As can be seen from Table 

6.33, MWTP estimates for the nighttime treatment are larger than those for the daytime 

treatment for each of the marginal distance changes examined. We see, for example, that the 

MWTP of oceanfront respondents to move visible wind turbines from 5 to 8 miles is 41% of 

the average rental price for the nighttime treatment and only 23% for the daytime treatment. 

A similar trend is observed for the non-oceanfront sample of the two treatments. Across the 
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estimates examined, nighttime MWTP estimates are between 1.3 and 2.2 times the size of the 

daytime MWTP estimates. 

A similar trend is also observable in the TWTP measures summarized as a percentage 

of the mean rental price in Table 6.34. TWTP for the Some View class to move from the 

least visual wind farm scenario to the status quo is 5% of the mean rental price for non-

oceanfront respondents of the nighttime treatment and 4% for non-oceanfront renters of the 

daytime treatment.103 When examining TWTP to move from the wind farm scenario with the 

most visual impact to a viewshed without turbines, the TWTP for the Some View class of the 

nighttime treatment is 67% for oceanfront respondents and 73% for non-oceanfront 

respondents. The same TWTP measures for the daytime measures lie at only 51% and 61%, 

respectively. TWTP estimates to move from 144 visible turbines at 8 miles to the status quo, 

are 39% and 48% for oceanfront and non-oceanfront respondents of the nighttime treatment, 

while for the daytime treatment, the TWTP is only 26% for oceanfront renters and 33% for 

non-oceanfront renters. 

While statistically significant differences between parameter estimates of the daytime 

and nighttime treatment already became apparent during the scale test conducted in Section 

6.3, the examination of welfare estimates in this section highlights the economic importance 

of supplying respondents with full information about the visual impacts of offshore wind 

farms when conducting impact assessments of potential projects. The large and highly 

significant difference in welfare estimates between the two treatments also suggests that 

previous economic studies which examined the visual impacts of offshore wind farms are 

                                                 
103 TWTP estimates for oceanfront renters were not significantly different from zero and so not compared here. 
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likely to have significantly underestimated the intensity of preferences for minimalizing 

visual impacts of offshore wind farms given that these studies were conducted using only 

daytime visualizations (e.g., Ladenburg & Dubgaard 2007; Ladenburg & Dubgaard 2009; 

Krueger 2007; Westerberg et al. 2011; Landry et al. 2012). 

The choice experiment conducted is capable of estimating individual tradeoffs 

between the rental price they are willing to pay for a beach house and the viewshed 

associated with the rental. As such, we understand individual responses to changes in rental 

conditions, but cannot predict changes in equilibrium market prices without additional 

information. A model that is capable of determining aggregate demand and supply responses 

to changes in the visual amenities at one location is needed. From the choice experiment 

alone, changes in equilibrium market prices for rentals affected by a visual wind farm cannot 

be determined. Nevertheless, market impacts can be approximated in a partial equilibrium 

context to examine both an upper and a lower bound on the likely impact of offshore wind 

farm development on the beach rental market in NC. These bounds necessarily assume that 

stated preferences fully reflect true willingness to pay (i.e., there are no biases present in the 

data generated process) and that the models estimated are correct and thus lead to unbiased 

utility parameter estimates. 

To compute an upper bound on the welfare impacts of the development of an offshore 

wind farm in NC, assume that no substitutes for chosen beach houses and location exist and 

that respondents only have the choice between continuing to rent the same beach house, or 

not renting along the coast. Moreover, assume that the market for beach rentals consists only 

of respondents that have previously rented a beach house. 
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Given such a scenario, if a 144 turbine wind farm were constructed within visible 

distance from the shore, a large number of respondents would no longer rent beach homes in 

areas from which the wind farms were visible. Because, once built, respondents would have 

full information on the visual impacts of the offshore wind farms, we assume that results 

from the nighttime treatment more closely mirror what would be observed in reality. Given 

this assumption, approximately 55% of the previous renters would no longer consider renting 

in the same area if offshore wind farms would be visible, substantially decreasing the 

demand for beach houses in the impacted area. Moreover, 24% of renters (the Some View 

class) could require a substantial reduction in rental price in order to continue renting in the 

same area, with the discount needed depending on the distance from the shore at which 

visible turbines would be built. Only approximately 21% of previous renters (the All View 

class) appear to be largely unaffected by a change in the viewshed, and would only require a 

small rental price discount (around 4%) to stay in the area if wind turbines were built closer 

than eight miles from the shore.104 

When examining the Some View class, which contains the respondents that could be 

kept in the area if reductions in rental prices were given, respondents would need 

approximately a 5% price discount to accept a move from the baseline scenario to the least 

visually intrusive one at 18 miles. Moreover, to make these respondents indifferent to having 

turbines located at 12 rather than 18 miles, respondents would need to pay about 13% less for 

their rental in the former scenario. Another way to state this is that these respondents would 

                                                 
104 The price discount needed by All View respondents to move from the status quo to a 144 turbine wind farm 
at 5 miles was insignificant for respondents in the nighttime treatment (see Table 6.21 and Table 6.22) and 
ranged between 4-7% of the average rental price for respondents from the daytime treatment (see Table 6.27 
and Table 6.29), 
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need approximately an 18% reduction in rental price so as to continue renting in the same 

area if visible turbines are at 12 miles from the shore rather than out of sight. If turbines are 

built at 8 miles from the shore, rather than out of sight, the needed rental price discount 

needed would be more than 40%. In sum, locating wind turbines anywhere closer than 18 

miles from shore implies a substantial impact for rental companies and home owners who 

rely on rental incomes. Further, decreases in rental prices might depreciate housing values 

which in turn would decrease property tax revenues for local jurisdictions. It is important to 

note, however, that rental prices are not likely to decrease as much as implied by these 

estimates if wind turbines were constructed in view due to resorting of rental customers, a 

point examined next. 

To approximate a lower bound of the market impact, assume now that all rental 

locations along the NC coast are perfect substitutes and that the cost of changing vacation 

location is negligible for renters. Given that the price discount needed by All View 

respondents to move from the status quo to a 144 turbine wind farm at five miles was 

insignificant for respondents in the nighttime treatment (see Table 6.21 and Table 6.22) and 

ranged between 4-7% of the average rental price for respondents from the daytime treatment 

(see Table 6.27 and Table 6.29), a small discount in rental prices would result in the 

movement of All View respondents that had previously rented at other locations, into the 

area. Given the small share of the beach rental market impacted by a single wind farm and 

the assumptions that locations are perfectly substitutable, the amount of All View 

respondents in the unimpacted market share would be large enough to completely offset the 

decrease in demand resulting from the exodus of Never View renters. Accordingly, a lower 
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bound for the rental price impact which the development of a 144 turbine wind farm at five 

miles would have on rental prices is approximately a 4% decrease. If wind farms were 

constructed at eight miles or further from the shore and all rental locations across the NC 

coast are prefect substitutes for each other, a negligible price discount would be sufficient to 

offset the decrease in demand, making the lower bound of the rental price impact, effectively 

zero. 

In reality, however, beaches and beach houses along the NC coastline are not perfect 

substitutes. The rental prices for comparable beach houses in the NOBx, for example, are 

significantly higher than those in the SBI area, suggesting that substitution possibilities 

between these areas are limited by place-based attributes. As such, the market impact 

resulting from the construction of an offshore wind farm is expected to lie somewhere 

between the upper and lower bounds examined here.  
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6.7 Tables and Figures 

Table 6.1: Summary statistics of survey respondents’ demographic characteristics 

Panel A: Summary of respondent education, age and race/ethnicity 

Education Level % respondents Age % respondents Race / Ethnicity % respondents

High School or Less 2.2% 18-25 0.2% White 96.5% 

Some College 10.1% 26-35 3.5% African American 1.3% 

College 43.2% 36-45 15.6% Hispanic or Latino 0.7% 

MA 28.6% 46-55 29.6% Asian 0.9% 

Ph.D. 15.9% 56-65 27.7% Other 0.7% 

  66-75 17.7%   

  76+ 5.8%   

Total Responses: 465  463  462 

Panel B: Summary of respondent employment status and income 

Employment Status % respondents Income % respondents 

Employed 52.4% < $40,000 2.1% 

Self-employed 12.1% $40,000-$55,000 2.3% 
Not working, but seeking 
employment 

0.2% $55,001-$70,000 6.5% 

Not working by choice 7.4% $70,001-$85,000 9.5% 

Student 0.4% $85,001-$100,000 12.3% 

Retired 27.5% $100,001-$125,000 14.1% 

  $125,001-$150,000 12.5% 

  $150,001-$200,000 15.5% 

  > $200,001 25.2% 

Total Responses: 462  432 

Panel C: Summary of household composition 

Adults in household % HH Children in household % Households 

1 7.8% 0 62.5% 

2 77.4% 1 10.3% 

3 9.3% 2 15.7% 

4 4.1% 3 8.6% 

5 1.3% 4 2.2% 

6 0.2% 5 0.4% 

  8 0.2% 

Total responses = 464 Total responses = 464 

Average # Adults = 2.1 Average # Children = 0.8 
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Table 6.2: Cross-tabulation of responses to the question “The development of wind energy in 
North Carolina’s ocean waters should be…” before (“First Response”) and after (“Second 
Response”) completion of the survey 

  Second Response   
First Response 1 2 3 4 5 Total

1 92 1 3 2 1 99
2 3 38 6 0 2 49
3 0 5 104 6 1 116
4 0 0 4 42 3 49
5 7 13 26 16 89 151

Total 102 57 143 66 96 464
Notes: The question asked was: “The development of wind energy in North Carolina’s ocean waters should be:” 
and the response categories were: 1 =Encouraged, even if it requires subsidies from the federal government or 
NC citizens via state taxes; 2 = Encouraged, but not if it requires subsidies from NC citizens via state taxes; 3 = 
Encouraged, but should not be supported by taxpayer funds (state or federal); 4 = Discouraged or prohibited; 5 
= Not sure / no opinion. 
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Table 6.3: Summary of respondent’s opinions of the impacts of offshore wind energy 

Panel A: Potential Environmental Impacts of an Offshore Wind Farm 

Category 
Positive
impact

 
No 

impact 
 

Negative 
impact 

Not 
sure 

Na 

Marine life 20 
(4%) 

26 
(5%) 

130 
(27%) 

56 
(12%)

70 
(15%) 

176 
(37%) 

478 
 

Bird life 14 16 76 100 126 144 476 
 
Recreational boating  

(3%) 
16 

(3%) 
27 

(16%) 
110 

(21%)
108 

(26%) 
97 

(30%) 
120 

 
478 

   and fishing 
Climate change 
 

(3%) 
42 

(9%) 

(6%) 
45 

(9%) 

(23%) 
224 

(47%) 

(23%)
9 

(2%)

(20%) 
8 

(2%) 

(25%) 
149 

(31%) 

 
477 

 
Panel B: Potential Economic Impacts of an Offshore Wind Farm 

Category Increase  
No 

impact
 Decrease 

Not 
sure 

Na 

Coastal tourism 6 24 156 105 107 75 473 
 
Creation of permanent jobs 

(1%) 
135 

(5%) 
180 

(33%) 
42 

(22%) 
4 

(23%) 
12 

(16%) 
105 

 
478 

 
Electricity prices in NC 

(28%) 
26 

(5%) 

(38%) 
36 

(8%) 

(9%) 
58 

(12%) 

(1%) 
89 

(19%) 

(3%) 
173 

(36%) 

(22%) 
94 

(20%) 

 
476 

Coastal property values 7 6 92 137 143 90 475 
 
Commercial fishing 
revenues 

(1%) 
5 

(1%) 

(1%) 
11 

(2%) 

(19%) 
145 

(30%) 
 

(29%) 
68 

(14%) 

(30%) 
72 

(15%) 

(19%) 
176 

(37%) 

 
477 

Government spending 115 
(24%) 

103 
(22%) 

59 
(12%) 

7 
(1%) 

7 
(1%) 

185 
(39%) 

476 
 

a N is the number of respondents who answered the question. Percentages across categories may not sum to 100 
due to rounding. 
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Table 6.4: Summary of respondent choices 

 Frequency (percent) 

Times 
baseline 
rank #1 

Total 
NC  

Residents 
Only 

Non-NC 
Residents

Oceanfront
Renters 

Non-
Oceanfront

Renters 

Nighttime 
treatment 

Daytime 
treatment 

Always 
202 

(42.4) 
47 

(37.6) 
155 

(44.1) 
120 

(46.5) 
81 

(37.1) 
105 

(46.9) 
97 

(38.5) 
 
 
Never 
 
 

80 
(16.8) 

25 
(20.0) 

55 
(15.7) 

37 
(14.3) 

44 
(20.2) 

33 
(14.7) 

47 
(18.6) 

Sometimes 
194 

(40.8) 
53 

(42.4) 
141 

(40.2) 
101 

(39.1) 
93 

(42.7) 
86 

(38.4) 
108 

(42.9) 

Total 
476 

(100) 
125 

(100) 
351 

(100) 
258 

(100) 
218 

(100) 
224 

(100) 
252 

(100) 
Notes: Always = always chose the baseline view as most preferred scenario; Never = always chose a scenario 
with wind turbines in view as most preferred scenario (never chose baseline as most preferred); Sometimes = 
sometimes chose the baseline scenario and sometimes a scenario with wind turbines in view as the most 
preferred option. A total of 476 respondents are included in the analysis. Eight of the original 484 respondents 
are not included in this analysis as these respondents left more than two choice questions blank or answered the 
choice questions incorrectly (e.g., ranked two scenarios within the same choice question with the same rank). 
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Table 6.5: Summary of respondents’ choices by respondent opinions of offshore wind energy 
development impacts on economic factors 

Category 
 

All baseline 
view 

All view of 
turbines 

Sometime 
choose view 

Total 

Coastal 
Tourism 
 

Negative 131 
(61.8%) 

12 
(5.7%) 

69 
(32.5%) 

212 
(100%) 

Positive or Neutral 42 
(23.2%) 

54 
(29.8%) 

85 
(47.0%) 

181 
(100%) 

Permanent 
Jobs 

Negative 12 
(75.0%) 

0 
(0.0%) 

4 
(25.0%) 

16 
(100%) 

Positive or Neutral 126 
(35.7%) 

68 
(19.3%) 

159 
(45.0%) 

353 
(100%) 

Electricity 
Price 

Negative 81 
(31.1%) 

54 
(20.8%) 

125 
(48.1%) 

260 
(100%) 

Positive or Neutral 62 
(51.7%) 

16 
(13.3%) 

42 
(35.0%) 

120 
(100%) 

Coastal 
Property 
Values 
 

Negative 152 
(54.3%) 

25 
(8.9%) 

103 
(36.8%) 

280 
(100%) 

Positive or Neutral 18 
(17.7%) 

29 
(28.4%) 

55 
(53.9%) 

102 
(100%) 

Commercial 
Fishing 
Revenues 

Negative 78 
(55.7%) 

11 
(7.9%) 

51 
(36.4%) 

140 
(100%) 

Positive or Neutral 50 
(31.6%) 

36 
(22.8%) 

72 
(45.6%) 

158 
(100%) 

Government 
Spending 

Negative 4 
(28.6%) 

6 
(42.9%) 

4 
(28.6%) 

14 
(100%) 

Positive or Neutral 116 
(41.9%) 

40 
(14.4%) 

121 
(43.7%) 

277 
(100%) 

Notes: Respondents who were unsure about the impacts are excluded from this table. Eight respondents are not 
included in this analysis. These respondents left more than two choice questions blank or answered the choice 
questions incorrectly (e.g., ranked two scenarios within the same choice question with the same rank). 
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Table 6.6: Summary of respondents’ choices by respondent opinions of offshore wind energy 
development impacts on environmental factors 

Category 
 

All baseline 
view 

All view of 
turbines 

Sometime 
choose view 

Total 

Marine life 
 

Negative 70 
(56.0%) 

7 
(5.6%) 

48 
(38.4%) 

125 
(100%) 

Positive or Neutral 64 
(37.0%) 

40 
(23.1%) 

69 
(39.9%) 

173 
(100%) 

Bird life 
 

Negative 120 
(53.3%) 

25 
(11.1%) 

80 
(35.6%) 

225 
(100%) 

Positive or Neutral 28 
(27.2%) 

22 
(21.3%) 

53 
(51.5%) 

103 
(100%) 

Recreational 
boating/fishing 

Negative 103 
(50.5%) 

19 
(9.3%) 

82 
(40.2%) 

204 
(100%) 

Positive or Neutral 56 
(37.6%) 

33 
(22.1%) 

60 
(40.3%) 

149 
(100%) 

Climate Change 
 

Negative 11 
(68.7%) 

1 
(6.3%) 

4 
(25.0%) 

16 
(100%) 

Positive or Neutral 128 
(41.6%) 

56 
(18.1%) 

124 
(40.3%) 

308 
(100%) 

Notes: Respondents who were unsure about the impacts are excluded from this table. 
Eight respondents are not included in this analysis. These respondents left more than two choice questions blank 
or answered the choice questions incorrectly (e.g., ranked two scenarios within the same choice question with 
the same rank). 
 

 
 
Table 6.7: Cross-tabulation of responses to the question “Imagine there is an offshore wind 
farm visible from a beach which is a 30 minute drive from your next beach rental. How likely 
are you to drive and visit this beach, at least one time, to see the wind farm?”  
 Response summary  

Likelihood of 
visiting wind farm All baseline view 

All view of 
turbines 

Sometime choose 
view 

Total 

Very likely 
27 37 48 112 

(13.43%) (47.44%) (25.13%) (23.83%) 

Somewhat likely 
43 21 57 121 

(21.39%) (26.92%) (29.84%) (25.74%) 

Somewhat unlikely 
34 9 30 73 

(16.92%) (11.54%) (15.71%) (15.53%) 

Very unlikely 
97 11 56 164 

(48.26%) (14.1%) (29.32%) (34.89%) 

Total 
201 78 191 470 

(100%) (100%) (100%) (100%) 
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Table 6.8: Respondent reported attribute importance 

 Panel A: All Respondents 
 1 2 3 4 5 Total 
Rental Price Change 93 

(20.9%) 
51 

(11.4%)
144 

(32.3%) 
58 

(13.0%) 
100 

(22.4%) 
446 

(100%)
 
Number of Turbines 

 
172 

 
61 

 
120 

 
31 

 
61 

 
445 

     visible from shore 
 
Distance of visible 

(38.6%) 
 

251 

(13.7%)
 

70 

(27.0%) 
 

82 

(7.0%) 
 

18 

(13.7%) 
 

42 

(100%) 
 

463 
   turbines from shore (54.2%) (15.1%) (17.7%) (3.9%) (9.1%) (100%)

 Panel B: Respondents always choosing the baseline view 
 1 2 3 4 5 Total 
Rental Price Change 9 

(4.8%) 
5 

(2.6%)
47 

(25.0%) 
40 

(21.3%) 
87 

(46.3%) 
188 

(100%)
 
Number of Turbines 

 
118 

 
18 

 
33 

 
7 

 
14 

 
190 

     visible from shore 
 
Distance of visible 

(62.1%) 
 

142 

(9.4%) 
 

18 

(17.4%) 
 

26 

(3.7%) 
 

2 

(7.4%) 
 

10 

(100%) 
 

198 
   turbines from shore (71.7%) (9.1%) (13.1%) (1.0%) (5.1%) (100%)

 Panel C: Respondents always choosing a view with turbines 
 1 2 3 4 5 Total 
Rental Price Change 41 

(55.4%) 
9 

(12.2%)
15 

(20.3%) 
3 

(4.0%) 
6 

(8.1%) 
74 

(100%)
 
Number of Turbines 

 
1 

 
6 

 
24 

 
13 

 
28 

 
72 

     visible from shore 
 
Distance of visible 

(1.4%) 
 

10 

(8.3%) 
 

10 

(33.3%) 
 

22 

(18.1%) 
 

11 

(38.9%) 
 

21 

(100%) 
 

74 
   turbines from shore (13.5%) (13.5%) (29.7%) (14.9%) (28.4%) (100%)

Notes: Frequencies indicate the number of respondents choosing the category shown. Percentages are indicated 
below frequencies. Categories allowed respondents to indicate how important each attribute was in their 
decision-making process, where the 5-point scale was defined as: 1=Extremely important; 3 = Somewhat 
important; 5 = Not important at all. See question D.4 in Section J.1, Appendix J.  
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Table 6.9: Summary of choice question responses when a view of turbines was accompanied 
by a price increase or not change in rental price 

Rental price 
change 

Questions including a 
view of turbines paired 

with price change  
indicated 

Times option was 
ranked #1 (%) 

People ranking  
option #1  
(% of 459 

respondents) 

Panel A: Total across views 

+ 5% 913 36 (3.8%) 28 (6.1%) 
+ 0%  (no change  
     in rental price) 

1,080 76 (7.0%) 61 (13.3%) 

Total (+5% or +0)a 1,849 112 (5.6%) 77 (16.8%) 

Panel B: Price increase by view 
+ 5% and turbines  
    at 5 miles 

113 4 4 

+ 5% and turbines  
    at 8 miles 

116 4 4 

+ 5% and turbines  
    at 12 miles 

381 19 16 

+ 5% and turbines  
    at 18 miles 

344 9 9 
a Total is less than the sum of individual categories because some respondents answered surveys that included 
choice questions that had multiple questions including either a price increase or no change in price. Also, a price 
increase could be paired with an option having no change in price (but with turbines in view) or also a price 
increase within a single choice question. 
 
 
 
 
Table 6.10: Main effects regression 
 All Respondents 
 Coeff Std. Err. P>z 
Distance    

5 miles -0.989 0.055 0.000 
8 miles -0.062 0.023 0.007 
12 miles 0.293 0.031 0.000 
18 miles 0.758 0.044 0.000 

Size    
64 turbines 0.061 0.028 0.028 
100 turbines 0.119 0.022 0.000 
144 turbines -0.180 0.022 0.000 

Price -0.001 0.000 0.000 
ASC -1.206 0.085 0.000 
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Table 6.11: Main effects regression by treatment 

 Nighttime treatment  Daytime treatment 
 Coeff Std. Err. P>z  Coeff Std. Err. P>z 
Distance  

5 miles -1.059 0.089 0.000  -0.942 0.071 0.000 
8 miles -0.021 0.034 0.534  -0.099 0.032 0.002 
12 miles 0.265 0.046 0.000  0.326 0.043 0.000 
18 miles 0.815 0.068 0.000  0.714 0.057 0.000 

Size  
64 turbines 0.034 0.041 0.410  0.079 0.038 0.036 
100 turbines 0.152 0.031 0.000  0.096 0.031 0.002 
144 turbines -0.186 0.032 0.000  -0.175 0.031 0.000 

Price -0.001 0.000 0.000  -0.001 0.000 0.000 
ASC -1.364 0.131 0.000  -1.080 0.113 0.000 
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Table 6.12: Full model 

 Regression Coefficients (Standard Error) 
 Nighttime treatment Daytime treatment 
 All 

respondents
Only “in market” 

respondents 
All 

respondents 
Only “in market” 

respondents 
5 miles -1.038*** -1.099*** -0.901*** -1.062*** 

 (0.1) (0.12) (0.08) (0.1) 
8 miles -0.043 -0.073 -0.123*** -0.131** 
 (0.04) (0.06) (0.04) (0.05) 

12 miles 0.240*** 0.307*** 0.329*** 0.508*** 
 (0.05) (0.08) (0.05) (0.07) 
18 miles 0.842*** 0.865*** 0.694*** 0.685*** 

 (0.08) (0.11) (0.06) (0.08) 
64 turbines 0.045 -0.078 0.100** 0.059 
 (0.05) (0.07) (0.04) (0.05) 

100 turbines 0.167*** 0.247*** 0.083** 0.139*** 
 (0.03) (0.05) (0.03) (0.05) 
144 turbines -0.212*** -0.17*** -0.183*** -0.197*** 

 (0.04) (0.06) (0.04) (0.05) 
5miles*64turbines 0.253** 0.186 0.244*** 0.266*** 
 (0.1) (0.13) (0.08) (0.1) 

5miles*100turbines -0.037 0.039 -0.008 -0.067 
 (0.1) (0.13) (0.07) (0.1) 
5miles*144turbines -0.216** -0.225* -0.236** -0.2 

 (0.11) (0.14) (0.1) (0.12) 
8miles*64turbines -0.028 0.103 0.073 0.118 
 (0.07) (0.1) (0.06) (0.08) 

8miles*100turbines 0.226*** -0.06 0.111 0.102 
 (0.08) (0.1) (0.07) (0.09) 
8miles*144turbines -0.198** -0.043 -0.185** -0.22** 

 (0.1) (0.14) (0.09) (0.11) 
12miles*64turbines -0.042 0.018 -0.166** -0.082 
 (0.08) (0.12) (0.08) (0.11) 

12miles*100turbines -0.097 0.008 -0.059 -0.056 
 (0.07) (0.11) (0.07) (0.1) 
12miles*144turbines 0.138** -0.026 0.225*** 0.139 

 (0.06) (0.08) (0.06) (0.09) 
18miles*64turbines -0.184** -0.308** -0.151* -0.302*** 
 (0.08) (0.12) (0.08) (0.1) 
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Table 6.12 (continued) 
 
 Regression Coefficients (Standard Error) 
 Nighttime treatment Daytime treatment 
 All 

respondents 
Only “in market” 

respondents 
All 

respondents 
Only “in market” 

respondents 
18miles*100turbines -0.092 0.013 -0.044 0.021 
 (0.07) (0.11) (0.06) (0.09) 
18miles*144turbines 0.276*** 0.295*** 0.196*** 0.281*** 
 (0.07) (0.11) (0.07) (0.09) 
5miles*oceanfront -0.188* -0.129 -0.139* -0.234** 
 (0.1) (0.13) (0.08) (0.1) 
8miles*oceanfront -0.122*** -0.141** -0.021 -0.031 
 (0.04) (0.06) (0.04) (0.05) 
12miles*oceanfront 0.128** 0.116 0.073 0.115 
 (0.05) (0.08) (0.05) (0.07) 
18miles*oceanfront 0.182** 0.154 0.086 0.151* 
 (0.08) (0.12) (0.07) (0.09) 
64turbines*oceanfront 0.137*** 0.106 -0.028 -0.019 
 (0.05) (0.07) (0.04) (0.05) 
100turbines*oceanfront -0.070** -0.046 0.026 0.012 
 (0.03) (0.05) (0.03) (0.05) 
144turbines*oceantfront -0.067 -0.06 0.002 0.008 
 (0.04) (0.06) (0.03) (0.05) 
Price -0.001*** -0.001*** -0.001*** -0.001*** 
 (0) (0) (0) (0) 
ASC -1.557* -1.303 -0.864 -0.076 
 (0.91) (0.96) (0.78) (0.86) 
ASC*oceanfront -0.412*** 0.003 -0.121 -0.15 
 (0.15) (0.15) (0.13) (0.12) 
ASC*SOBx area -0.167 -0.129 -0.078 0.02 
 (0.19) (0.18) (0.17) (0.16) 
ASC*SBI area 0.429** 0.169 0.077 0.227 
 (0.2) (0.22) (0.21) (0.21) 
ASC*gradschool -0.027 0.157 0.304 0.088 
 (0.27) (0.26) (0.26) (0.27) 
ASC*income 0 0 -0.000* 0 
 (0) (0) (0) (0) 
ASC*times_rented -0.282*** -0.271*** -0.104 -0.046 
 (0.1) (0.1) (0.08) (0.08) 
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Table 6.12 (continued) 
 
 Regression Coefficients (Standard Error) 
 Nighttime treatment Nighttime treatment 
 All 

respondents
Only “in market” 

respondents 
All 

respondents 
Only “in market” 

respondents 
ASC*age 0.019 0.022* 0.008 -0.001 
 (0.01) (0.01) (0.01) (0.01) 
ASC*NorthCarolina -0.011 -0.037 0.222 0.017 
 (0.15) (0.16) (0.16) (0.16) 
ASC*boater -0.011 -0.181 -0.457* 0.197 
 (0.2) (0.21) (0.27) (0.28) 
ASC*fisher -0.033 -0.079 0.193 0.11 
 (0.14) (0.15) (0.15) (0.15) 
N 196 105 218 136 
Notes: Statistical Significance at the 1%, 5%, and 10% level are represented by ***,**,and *, respectively. 
 
 

 

Table 6.13: Rotated Factor Loadings 

 Factor 1 Factor 2 
Marine life 0.7524 -0.0212 
Bird life 0.6062 0.1005 
Recreational boating & fishing  0.7996 -0.12 
Climate change 0.1561 0.0842 
Coastal tourism 0.6289 0.3794 
Creation of permanent jobs 0.1826 0.5706 
Electricity prices in NC 0.1213 -0.7293 
Coastal property values 0.602 0.4115 
Commercial fishing revenues 0.7296 0.0675 
Government spending -0.1529 -0.4435 
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Table 6.14: Information criteria values of estimated models 

Classes 
Log 

Likelihood BIC AIC AIC CAIC Parameters R² 
Nighttime Treatment 
a.) Nighttime treatment: Preference heterogeneity and covariates 

2 -1638.8 3476.3 3351.5 3388.5 3513.3 37 0.54 
3 -1413.7 3133.5 2941.3 2998.3 3190.5 57 0.69 
4 -1366.0 3145.5 2886.0 2963.0 3222.5 77 0.72 
5 -1318.0 3157.0 2830.1 2927.1 3254.0 97 0.73 

b.) Nighttime treatment: Preference- and two scale heterogeneity and Covariates 
2 -1522.8 3255.1 3123.7 3162.7 3294.1 39 0.61 
3 -1369.8 3056.4 2857.6 2916.6 3115.4 59 0.73 
4 -1318.0 3060.2 2793.9 2872.9 3139.2 79 0.74 
5 -1271.4 3074.5 2740.8 2839.8 3173.5 99 0.76 

c.) Nighttime treatment: Preference- and two scale heterogeneity 
2 -1647.0 3494.3 3368.0 3405.0 3531.3 37 0.61 
3 -1493.7 3285.0 3097.4 3152.4 3340.0 55 0.72 
4 -1442.8 3280.6 3031.6 3104.6 3353.6 73 0.73 
5 -1398.0 3288.4 2977.9 3068.9 3379.4 91 0.75 

Daytime Treatment 
a.) Daytime treatment: Preference heterogeneity 

2 -2079.3 4361.8 4232.5 4269.5 4398.8 37 0.55 
3 -1839.9 3992.9 3793.8 3850.8 4049.9 57 0.66 
4 -1754.1 3931.1 3662.2 3739.2 4008.1 77 0.69 
5 -1692.1 3917.0 3578.1 3675.1 4014.0 97 0.72 

b.) Daytime treatment: Preference and two scale heterogeneity and Covariates 
2 -1968.3 4150.8 4014.5 4053.5 4189.8 39 0.59 
3 -1756.1 3836.3 3630.2 3689.2 3895.3 59 0.69 
4 -1693.6 3821.2 3545.3 3624.3 3900.2 79 0.72 
5 -1635.3 3814.4 3468.6 3567.6 3913.4 99 0.76 

c.) Daytime treatment: Preference- and two scale heterogeneity 
2 -2062.3 4329.3 4198.7 4235.7 4366.3 37 0.5897 
3 -1850.1 4004.2 3810.1 3865.1 4059.2 55 0.6949 
4 -1787.4 3978.4 3720.8 3793.8 4051.4 73 0.7161 
5 -1726.1 3955.4 3634.2 3725.2 4046.4 91 0.7351 
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Table 6.15: Summary of choices by latent class, Nighttime treatment 

 
Number of times view 
option chosen as most 
preferred scenario 

All View 
(LC1) 

Never View
(LC2) 

Some View
(LC3) 

Total 

Never 0 103 0 103 
   (%) (0) (100) (0) (100) 
1 0 9 1 10 
   (%) (0) (90) (10) (100) 
2 0 5 2 7 
   (%) (0) (71.43) (28.57) (100) 
3 0 1 10 11 
   (%) (0) (9.09) (90.91) (100) 
4 0 0 10 10 
   (%) (0) (0) (100) (100) 
5 3 0 12 15 
   (%) (20) (0) (80) (100) 
6 6 0 11 17 
   (%) (35.29) (0) (64.71) (100) 
7 13 0 1 14 
   (%) (92.86) (0) (7.14) (100) 
Always 24 0 4 28 
   (%) (85.71) (0) (14.29) (100) 
Total 46 118 51 215 
   (%) (21.4) (54.88) (23.72) (100) 
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Table 6.16: Final scale adjusted latent class model, Nighttime Treatment 

 All View (LC1) Never View (LC2) Some View (LC3) 
 Coeff Std error Coeff Std error Coeff Std error 

Panel A: Preference classes 
5 miles -1.944 1.735 -4.575*** 0.957 -6.877*** 1.072 
8 miles 0.557 0.568 -0.571 0.353 0.066 0.433 
12 miles 0.978 0.972 1.284*** 0.294 2.317*** 0.412 
18 miles 0.41 0.496 3.862*** 0.855 4.495*** 0.554 
64 turbines 0.086 0.333 0.613*** 0.230 0.467* 0.264 
100 turbines 0.131 0.355 0.36* 0.203 0.166 0.387 
144 turbines -0.217 0.462 -0.973*** 0.272 -0.633 0.424 
5miles*64 turbines 0.922 0.858 1.459** 0.598 1.064 0.749 
5miles*100 turbines 0.307 0.642 -0.716* 0.395 -1.851** 0.787 
5miles*144 turbines -1.229 1.268 -0.743 0.475 0.787 1.168 
8miles*64 turbines -0.452 0.477 -0.551 0.596 0.717 0.470 
8miles*100 turbines -0.636 0.837 1.65*** 0.564 1.41 0.491 
8miles*144 turbines 1.088 1.068 -1.098* 0.655 -2.127 0.655 
12miles*64 turbines -0.334 0.715 -0.706 0.641 -0.984** 0.422 
12miles*100 turbines 0.222 0.944 0.169 0.376 0.496 0.462 
12miles*144 turbines 0.111 0.606 0.536 0.534 0.488 0.406 
18miles*64 turbines -0.136 0.576 -0.202 0.394 -0.798** 0.326 
18miles*100 turbines 0.107 0.528 -1.103** 0.528 -0.055 0.441 
18miles*144 turbines 0.03 0.475 1.305*** 0.474 0.853 0.538 
5miles*oceanfront -0.559 0.689 -0.256 0.559 -2.26*** 0.872 
8miles*oceanfront 0.054 0.294 -0.744** 0.312 0.158 0.414 
12miles*oceanfront 0.214 0.358 0.203 0.211 0.835 0.332 
18miles*oceanfront 0.291 0.350 0.797* 0.430 1.268 0.470 
Price -0.012** 0.006 -0.001*** 0.000 -0.005*** 0.001 
ASC -0.001 0.618 -15.39*** 3.019 -5.01*** 0.876 
ASC*oceanfront -0.455 0.440 -1.994 1.328 -1.375** 0.649 

Panel B: Covariates 
Environmental Factor 0.709*** 0.182 -0.488*** 0.133 -0.221* 0.131 
Public Factor 0.644*** 0.158 -0.758*** 0.142 0.115 0.139 

Panel C: Scale classes 
 Coeff Std error Class size  
Scale(1) 1 Fixed 0.54  
Scale(2) 0.269*** 0.043 0.46  
Notes: Statistical Significance at the 1%, 5%, and 10% level are represented by ***,**,and *, respectively. 
N=215; lnL=-1369.79 
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Table 6.17: Inactive covariates by Latent- and Scale Class, Nighttime treatment 

Latent Class Scale Class 
All View 

(LC1) 
Never View 

(LC2) 
Some View 

(LC3) 
SC1 SC2 

Area rented in 
NOBx 0.21 0.56 0.22 0.56 0.44 
SOBx 0.19 0.56 0.25 0.61 0.39 
SBI 0.23 0.52 0.24 0.46 0.54 

Gender 
female 0.19 0.53 0.29 0.57 0.43 
male 0.26 0.56 0.18 0.51 0.49 

Residence in North Carolina 
Not from NC 0.22 0.53 0.25 0.58 0.42 
From NC 0.19 0.58 0.22 0.46 0.54 

Retirement status 
Not retired 0.19 0.56 0.25 0.57 0.43 
retired 0.26 0.52 0.23 0.47 0.53 

Annual Income 
< $150,000 0.2 0.54 0.26 0.53 0.47 
> $150,000 0.24 0.55 0.21 0.56 0.44 

Notes: Pairs of bold proportions indicate that proportions are significantly different at the 10% level, as 
calculated using Fisher’s exact test in STATA 11.  
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Table 6.18: Summary of choices by latent class, Daytime treatment 

Number of times view 
option chosen as most 
preferred scenario 

Some View 
(LC1) 

Never View 
(LC2) 

All View 
(LC3) 

Total 

Never 0 93 0 93 
   (%) (0) (100) (0) (100) 
1 0 9 0 9 
   (%) (0) (100) (0) (100) 
2 5 3 0 8 
   (%) (62.5) (37.5) (0) (100) 
3 7 6 0 13 
   (%) (53.85) (46.15) (0) (100) 
4 15 0 0 15 
   (%) (100) (0) (0) (100) 
5 15 1 2 18 
   (%) (83.33) (5.56) (11.11) (100) 
6 10 0 11 21 
   (%) (47.62) (0) (52.38) (100) 
7 6 0 21 27 
   (%) (22.22) (0) (77.78) (100) 
Always 2 0 37 39 
   (%) (5.13) (0) (94.87) (100) 
Total 60 112 71 243 
   (%) (24.69) (46.09) (29.22) (100) 
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Table 6.19: Final scale adjusted latent class model, Daytime Treatment 
 
 Some View (LC1) Never View (LC2) All View (LC3) 
 Coeff Std error Coeff Std error Coeff Std error

Panel A: Preference classes 
5 miles -4.49*** 0.824 -3.364*** 0.5 -1.355*** 0.355 
8 miles -0.418 0.325 -0.716*** 0.277 0.144 0.188 
12 miles 1.987*** 0.378 0.959*** 0.25 0.758*** 0.213 
18 miles 2.921*** 0.53 3.121*** 0.549 0.453*** 0.160 
64 turbines 0.439 0.341 0.353** 0.176 0.216 0.135 
100 turbines 0.589*** 0.174 0.156 0.17 0.109 0.149 
144 turbines -1.028** 0.471 -0.51*** 0.178 -0.325** 0.159 
5miles*64 turbines 1.225* 0.684 0.742** 0.297 0.625 0.406 
5miles*100 turbines -0.389 0.266 0.016 0.263 0.067 0.345 
5miles*144 turbines -0.836 0.613 -0.758** 0.344 -0.692 0.425 
8miles*64 turbines -0.128 0.466 -0.175 0.339 0.607** 0.305 
8miles*100 turbines 0.652* 0.356 0.247 0.279 -0.352 0.285 
8miles*144 turbines -0.524 0.557 -0.072 0.328 -0.255 0.425 
12miles*64 turbines -0.397 0.377 -0.465 0.305 -0.88*** 0.329 
12miles*100 turbines -0.284 0.365 0.145 0.301 0.443 0.307 
12miles*144 turbines 0.681*** 0.247 0.319 0.294 0.437 0.274 
18miles*64 turbines -0.699* 0.36 -0.103 0.351 -0.353 0.297 
18miles*100 turbines 0.021 0.278 -0.408 0.421 -0.158 0.262 
18miles*144 turbines 0.679** 0.315 0.511 0.376 0.511* 0.278 
5miles*oceanfront -0.636 0.512 -0.483 0.351 0.367 0.434 
8miles*oceanfront 0.036 0.305 0.029 0.167 -0.007 0.171 
12miles*oceanfront 0.216 0.307 0.213 0.204 -0.003 0.239 
18miles*oceanfront 0.384 0.48 0.241 0.316 -0.357** 0.155 
Price -0.004*** 0.001 -0.001*** 0 -0.009*** 0.001 
ASC -3.28*** 0.763 -13.36*** 2.939 -0.136 0.297 
ASC*oceanfront -0.096 0.692 3.055* 1.629 0.288 0.249 

Panel B: Covariates 
Environmental Factor 0.044 0.123 -0.625*** 0.119 0.581*** 0.149 
Public Factor 0.176 0.11 -0.543*** 0.118 0.366*** 0.126 

Panel C: Scale classes 
 Coeff Std error Class size   
Scale(1) 1 Fixed 0.65   
Scale(2) 0.272*** 0.047 0.35   
Notes: Statistical Significance at the 1%, 5%, and 10% level are represented by ***,**,and *, respectively. 
N=243; lnL=-1756.98 
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Table 6.20: Inactive covariates by Latent- and Scale Class, Daytime treatment 

Latent Class Scale Class 
Some View 

(LC1) 
Never View 

(LC2) 
All View 

(LC3) 
SC1 SC2 

Area rented in 
NOBx 0.27 0.45 0.28 0.58 0.42 
SOBx 0.24 0.47 0.30 0.72 0.28 
SBI 0.25 0.46 0.29 0.64 0.36 

Gender 
female 0.25 0.44 0.30 0.69 0.31 
male 0.25 0.47 0.29 0.60 0.40 

Residence in North Carolina 
Not from NC 0.24 0.49 0.27 0.62 0.38 
From NC 0.29 0.36 0.35 0.75 0.25 

Retirement status 
Not retired 0.24 0.48 0.27 0.66 0.34 
retired 0.27 0.38 0.34 0.60 0.40 

Annual Income 
< $150,000 0.26 0.43 0.31 0.65 0.35 
> $150,000 0.24 0.50 0.26 0.64 0.37 

Notes: Pairs of bold proportions indicate that proportions are significantly different at the 10% level, as 
calculated using Fisher’s exact test in STATA 11.  
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Table 6.21: TWTP, Oceanfront rentals, Nighttime Treatment 

Panel A: Least visual impact (64 turbines at 18 miles) to status quo 
 All View (LC1) Never View (LC2) Some View (LC3) 
TWTP -17 8,795* 199 
Std Dev 1,607 9,316 148 
5% / 95% -227 / 78 4,382 / 18,520 -59 / 424 
25% / 75% -65 / 20 6,679 / 11,688 96 / 286 

Panel B: Most visual impact (144 turbines at 5 miles) to status quo 
 All View (LC1) Never View (LC2) Some View (LC3) 
TWTP 383 17,093* 3,202* 
Std Dev 5,668 12,942 568 
5% / 95% -474 / 838 11,258 / 30,189 2,279 / 4,150 
25% / 75% 171 / 555 14,304 / 20,819 2,851 / 3,583 

Panel C: 144 turbines at 8 miles to status quo 
 All View (LC1) Never View (LC2) Some View (LC3) 
TWTP -89 14,835* 1,859* 
Std Dev -138 16,349 1,857 
5% / 95% -368 / 114 9,578 / 26,446 1,392 / 2,327 
25% / 75% -170 / -20 12,302 / 18,275 1,675 / 2,037 
Notes: * indicates that the 90% confidence interval does not overlap zero. The standard deviation and 
percentiles for TWTP estimates are calculated using the Krinsky and Robb procedure. TWTP measures are 
point estimates obtained from the coefficients on the latent class model. 
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Table 6.22: TWTP, Non-oceanfront rentals, Nighttime Treatment 

Panel A: Least visual impact (64 turbines at 18 miles) to status quo 
 All View (LC1) Never View (LC2) Some View (LC3) 
TWTP -31 7,941* 176* 
Std Dev 1,277 8,378 81 
5% / 95% -212 / 35 4,331 / 16,090 40 / 307 
25% / 75% -70 / -3 6,194 / 10,302 119 / 227 

Panel B: Most visual impact (144 turbines at 5 miles) to status quo 
 All View (LC1) Never View (LC2) Some View (LC3) 
TWTP 295 15,486* 2,444* 
Std Dev 6,501 11,694 468 
5% / 95% -537 / 664 10,559 / 27,050 1,704 / 3,233 
25% / 75% 103 / 444 13,115 / 18,743 2,166 / 2,759 

Panel C: 144 turbines at 8 miles to status quo 
 All View (LC1) Never View (LC2) Some View (LC3) 
TWTP -124 12,880* 1,605* 
Std Dev -183 14,177 1,615 
5% / 95% -417 / 67 8,564 / 22,674 1,261 / 1,986 
25% / 75% -202 / -56 10,797 / 15,734 1,460 / 1,758 
Notes: * indicates that the 90% confidence interval does not overlap zero. The standard deviation and 
percentiles for TWTP estimates are calculated using the Krinsky and Robb procedure. TWTP measures are 
point estimates obtained from the coefficients on the latent class model. 
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Table 6.23: Catalogue rental prices by latent class, Nighttime Treatment 

 Panel A: Entire sample (N=215) 

Summary Statistic All View (LC1) Never View (LC2) Some View (LC3)

Mean 4,900 5,195 4,021 

Median 3,898 4,533 3,435 

Std Dev 2,376 2,261 1,868 

25% / 75% 3,075 / 6,495 3,295 / 6,750 2,475 / 4,675 

min / max 2,180 / 9,495 2,180 / 9,650 2,180 / 8,995 

 Panel B: Oceanfront respondents (N=125) 

Summary Statistic All View (LC1) Never View (LC2) Some View (LC3)

Mean 5,424 5,539 4,769 

Median 2,605 2,384 2,264 

Std Dev 4,970 4,855 3,770 

25% / 75% 3,100 / 8,350 3,170 / 7,400 3,048 / 6,710 

min / max 2,180 / 9,225 2,180 / 9,650 2,180 / 8,995 

 Panel C: Non-oceanfront (N=90) 

Summary Statistic All View (LC1) Never View (LC2) Some View (LC3)

Mean 4,377 4,524 3,357 

Median 2,045 1,848 1,098 

Std Dev 3,695 3,995 2,930 

25% / 75% 3,010 / 4,695 3,443 / 4,895 2,475 / 4,395 

min / max 2,310 / 9,495 2,225 / 9,495 2,225 / 6,645 
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Table 6.24: MWTP for moving visible wind turbines further offshore by number of visible turbines: Oceanfront homes, Nighttime 
Treatment 

64 turbines 100 turbines 144 turbines
All View 

(LC1) 
Never View

(LC2) 
Some View 

(LC3) 
All View

(LC1) 
Never View

(LC2) 
Some View 

(LC3) 
All View

(LC1) 
Never View

(LC2) 
Some View 

(LC3) 
5-8 miles 

MWTP 151 1,076 1,878* 189 4,202* 2,630* 472 2,258* 1,343* 

Std Dev 4,023 2,335 502 405 2,718 580 4,428 1,319 543 

5% / 95% -247 / 327 -307 / 3,040 1,108 / 2,751 -72 / 429 2,733 / 6,890 1,730 / 3,639 -338 / 937 938 / 4,460 471 / 2,258 

25% / 75% 56 / 223 502 / 1,696 1,554 / 2,212 110 / 260 3,518 / 5,060 2,265 / 3,029 269 / 642 1,676 / 2,966 1,009 / 1,706

 8-12 miles 

MWTP 61 1,890* 256 125 943* 420* -34 3,168* 1,155* 

Std Dev 2,184 1,236 200 1,858 849 212 1,614 1,812 231 

5% / 95% -63 / 293 433 / 3,688 -78 / 589 -351 / 552 51 / 2,224 76 / 776 -288 / 165 1,892 / 5,146 797 / 1,547 

25% / 75% 12 / 118 1,315 / 2,518 125 / 383 -13 / 263 581 / 1,354 277 / 554 -108 / 37 2,644 / 3,819 1,008 / 1,309

 12-18 miles 

MWTP -25 2,626* 583* -53 1,358* 429* -50 2,815* 620* 

Std Dev 612 2,174 163 1,458 823 200 1,974 1,258 137 

5% / 95% -177 / 90 1,206 / 4,570 307 / 843 -356 / 429 139 / 2,662 121 / 778 -139 / 182 2,054 / 3,880 404 / 852 

25% / 75% -67 / 15 2,047 / 3,282 479 / 691 -162 / 82 915 / 1,863 298 / 561 -87 / 6 2,498 / 3,176 532 / 714 
Notes: * indicates that the 90% confidence interval does not overlap zero. The standard deviation and percentiles for MWTP estimates are calculated using 
the Krinsky and Robb procedure. MWTP measures are point estimates obtained from the coefficients on the latent class model.  
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Table 6.25: MWTP for moving visible wind turbines further offshore by number of visible turbines: Non-oceanfront homes, 
Nighttime Treatment 

64 turbines 100 turbines 144 turbines

 
All View 

(LC1) 
Never View

(LC2) 
Some View 

(LC3) 
All View

(LC1) 
Never View

(LC2) 
Some View 

(LC3) 
All View

(LC1) 
Never View

(LC2) 
Some View

(LC3) 
5-8 miles 

MWTP 98 1,425* 1,374* 135 4,551* 2,126* 419 2,607* 839* 
Std Dev 4,526 2,240 311 734 2,718 393 5,106 1,600 450 
5% / 95% -291 / 244 319 / 3,306 891 / 1,910 -48 / 276 3,102 / 7,511 1,521 / 2,786 -399 / 868 979 / 5,327 108 / 1,579
25% / 75% 9 / 162 949 / 1,978 1,176 / 1,576 83 / 180 3,861 / 5,464 1,871 / 2,393 214 / 587 1,898 / 3,467 555 / 1,142
 8-12 miles 
MWTP 47 1,214 115 111 267 279* -48 2,492* 1,014* 
Std Dev 1,947 1,183 171 2,047 733 157 1,834 1,653 212 
5% / 95% -56 / 228 -173 / 2,773 -156 / 398 -321 / 469 -675 / 1,377 28 / 546 -327 / 150 1,172 / 4,280 698 / 1,396
25% / 75% 7 / 96 673 / 1,769 6 / 230 -10 / 230 -110 / 659 176 / 382 -123 / 21 1,974 / 3,092 875 / 1,152
 12-18 miles 
MWTP -32 2,202* 492* -59 933 339* -56 2,391* 530* 
Std Dev 989 1,946 123 1,349 811 176 1,621 1,087 127 
5% / 95% -163 / 68 993 / 3,955 289 / 687 -353 / 404 -173 / 2,118 80 / 649 -135 / 151 1,696 / 3,441 331 / 743 
25% / 75% -69 / 4 1,716 / 2,770 411 / 576 -167 / 72 525 / 1,381 224 / 455 -90 / -7 2,103 / 2,727 451 / 616 
Notes: * indicates that the 90% confidence interval does not overlap zero. The standard deviation and percentiles for MWTP estimates are calculated using 
the Krinsky and Robb procedure.  MWTP measures are point estimates obtained from the coefficients on the latent class model. 
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Table 6.26: MWTP for having fewer visible turbines by distance of visible turbines from the shore, Nighttime Treatment 

100 to 64 turbines 144 to 100 turbines 
All View  

(LC1) 
Never View  

(LC2) 
Some View  

(LC3) 
All View  

(LC1) 
Never View  

(LC2) 
Some View  

(LC3) 
5 miles 

MWTP 50 1,735* 670* 164 971* -383 
std dev 2,220 888 277 4,374 610 529 
5% / 95% -83 / 348 711 / 3,211 218 / 1,123 -369 / 403 161 / 1,880 -1,240 / 505 
25% / 75% -6 / 114 1,320 / 2,227 493 / 854 34 / 262 679 / 1,305 -728 / -33 

8 miles 
MWTP 12 -1,391 -82 -120 2,915* 903* 
std dev 1,970 927 172 400 2,035 259 
5% / 95% -158 / 147 -2,907 / -287 -364 / 197 -376 / 120 1,567 / 4,940 517 / 1,365 
25% / 75% -37 / 55 -1,890 / -939 -199 / 28 -195 / -46 2,343 / 3,546 742 / 1,080 

12 miles 
MWTP -52 -444 -246 40 690* 168 
std dev 1,783 1,488 137 1,519 879 124 
5% / 95% -358 / 363 -2,023 / 794 -477 / -24 -320 / 389 84 / 1,624 -23 / 382 
25% / 75% -157 / 63 -996 / 39 -339 / -158 -70 / 149 421 / 1,004 90 / 255 

18 miles 
MWTP -25 824 -92 37 -768 -23 
std dev 1,120 1,096 165 864 894 161 
5% / 95% -292 / 121 -210 / 1,950 -393 / 145 -114 / 253 -1,817 / 352 -263 / 268 
25% / 75% -95 / 31 416 / 1,229 -205 / 13 -15 / 98 -1,147 / -352 -124 / 88 
Notes: * indicates that the 90% confidence interval does not overlap zero. The standard deviation and percentiles for MWTP estimates are calculated using 
the Krinsky and Robb procedure. MWTP measures are point estimates obtained from the coefficients on the latent class model. 
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Table 6.27: TWTP, Oceanfront rentals, Daytime Treatment 

Panel A: Least visual impact (64 turbines at 18 miles) to status quo 
 Some View (LC1) Never View (LC2) All View (LC3) 
TWTP 85 6,082* -12 
Std Dev 201 16,799 62 
5% / 95% -82 / 381 1,532 / 21,661 -126 / 74 
25% / 75% 15 / 179 3,998 / 9,958 -56 / 25 

Panel B: Most visual impact (144 turbines at 5 miles) to status quo 
 Some View (LC1) Never View (LC2) All View (LC3) 
TWTP 2,658* 14,015* 204* 
Std Dev 1,149 25,277 101 
5% / 95% 2,045 / 4,238 8,130 / 35,955 52 / 386 
25% / 75% 2,376 / 3,087 11,366 / 19,525 144 / 270 

Panel C: 144 turbines at 8 miles to status quo 
 Some View (LC1) Never View (LC2) All View (LC3) 
TWTP 1,362* 10,520* 32 
Std Dev 1,122 20,615 92 
5% / 95% 719 / 2,965 5,416 / 29,177 -136 / 164 
25% / 75% 1,063 / 1,803 8,243 / 15,226 -33 / 89 
Notes: * indicates that the 90% confidence interval does not overlap zero. The standard deviation and percentiles for TWTP estimates are calculated using 
the Krinsky and Robb procedure. TWTP measures are point estimates obtained from the coefficients on the latent class model.  
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Table 6.28: Catalogue rental prices by latent class, Daytime Treatment 

 Panel A: Entire sample (N=243)
Summary Statistic Some View (LC1) Never View (LC2) All View (LC3) 
Mean 4,684 5,001 4,524 
Median 4,483 4,395 3,795 
Std Dev 1,910 2,329 2,107 
25% / 75% 3,205 / 5,100 3,088 / 6,645 2,895 / 6,295 
min / max 2,180 / 9,225 2,180 / 9,650 2,180 / 9,295 
 Panel B: Oceanfront respondents (N=112)
Summary Statistic Some View (LC1) Never View (LC2) All View (LC3) 
Mean 5,207 5,567 5,027 
Median 2,360 2,554 2,412 
Std Dev 4,855 5,005 3,995 
25% / 75% 3,115 / 6,750 3,435 / 8,695 3,095 / 6,650 
min / max 2,180 / 9,225 2,180 / 9,650 2,180 / 9,100 

 Panel C: Non-oceanfront (N=131)
Summary Statistic Some View (LC1) Never View (LC2) All View (LC3) 
Mean 4,046 4,159 4,133 
Median 807 1,638 1,770 
Std Dev 4,014 3,855 3,585 
25% / 75% 3,295 / 4,595 2,945 / 4,695 2,895 / 4,745 
min / max 2,595 / 5,695 2,225 / 8,995 2,225 / 9,295 
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Table 6.29: TWTP, Non-oceanfront rentals, Daytime Treatment 

Panel A: Least visual impact (64 turbines at 18 miles) to SQ 
 Some View (LC1) Never View (LC2) All View (LC3) 
TWTP 159* 9,078* -20 
Std Dev 163 23,999 50 
5% / 95% 29 / 385 3,407 / 29,470 -113 / 52 
25% / 75% 105 / 230 6,414 / 14,033 -54 / 10 

Panel B: Most visual impact (144 turbines at 5 miles) to SQ 
 Some View (LC1) Never View (LC2) All View (LC3) 
TWTP 2,470* 16,353* 276* 
Std Dev 720 32,187 96 
5% / 95% 2,052 / 3,387 9,264 / 43,228 129 / 445 
25% / 75% 2,296 / 2,758 13,125 / 22,941 216 / 342 

Panel C: 144 turbines at 8 miles to SQ 
 Some View (LC1) Never View (LC2) All View (LC3) 
TWTP 1,346* 13,323* 63 
Std Dev 781 27,848 74 
5% / 95% 923 / 2,420 6,896 / 36,939 -66 / 172 
25% / 75% 1,158 / 1,637 10,412 / 19,120 11 / 108 
Notes: * indicates that the 90% confidence interval does not overlap zero. The standard deviation and percentiles for TWTP estimates are calculated using 
the Krinsky and Robb procedure. TWTP measures are point estimates obtained from the coefficients on the latent class model. 
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Table 6.30: MWTP for moving visible wind turbines further offshore by number of visible turbines: Oceanfront homes, Daytime 
Treatment 

64 turbines 100 turbines 144 turbines
Some View 

(LC1) 
Never View

(LC2) 
All View

(LC3) 
Some View 

(LC1) 
Never View 

(LC2) 
All View

(LC3) 
Some View 

(LC1) 
Never View

(LC2) 
All View

(LC3) 
5-8 miles 

MWTP 869* 2,038* 122 1,483* 3,082* 78 1,296* 3,495* 172 

Std Dev 706 3,184 142 725 4,710 94 288 4,991 159 

5% / 95% 375 / 1,823 925 / 4,902 -78 / 381 1,055 / 2,494 1,888 / 7,211 -52 / 252 875 / 1,730 2,128 / 7,808 -56 / 467

25% / 75% 651 / 1,158 1,539 / 2,865 35 / 217 1,286 / 1,764 2,566 / 4,143 22 / 142 1,144 / 1,459 2,878 / 4,635 81 / 279 

 8-12 miles
MWTP 594* 1,426* -96 423* 1,597* 155* 972* 2,046* 144* 

Std Dev 580 1,474 85 254 1,239 73 885 2,464 85 

5% / 95% 94 / 1,480 192 / 2,595 -253 / 24 71 / 771 731 / 2,870 47 / 288 450 / 2,287 1,128 / 4,379 13 / 290 

25% / 75% 388 / 882 1,072 / 1,882 -152 / -43 296 / 555 1,302 / 2,008 111 / 206 728 / 1,319 1,669 / 2,703 89 / 200 

 12-18 miles 
MWTP 205 2,320* -15 361 1,489* -139 282* 2,166* -64 

Std Dev 338 3,151 65 688 3,005 85 309 1,867 68 

5% / 95% -42 / 694 1,293 / 5,218 -110 / 100 -5 / 1,301 415 / 4,170 -296 / -24 40 / 712 1,183 / 4,073 -189 / 31

25% / 75% 97 / 352 1,877 / 3,129 -57 / 29 185 / 609 1,040 / 2,213 -197 / -88 180 / 412 1,815 / 2,773 -111 / -24
Notes: * indicates that the 90% confidence interval does not overlap zero. The standard deviation and percentiles for MWTP estimates are calculated using 
the Krinsky and Robb procedure. MWTP measures are point estimates obtained from the coefficients on the latent class model.  
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Table 6.31: MWTP for moving visible wind turbines further offshore by number of visible turbines: Non-oceanfront homes, 
Daytime Treatment 

64 turbines 100 turbines 144 turbines
Some View 

(LC1) 
Never View

(LC2) 
All View

(LC3) 
Some View 

(LC1) 
Never View 

(LC2) 
All View

(LC3) 
Some View

(LC1) 
Never View

(LC2) 
All View

(LC3) 

5-8 miles 

MWTP 697* 1,574* 163* 1,311* 2,618* 119* 1,124* 3,030* 213* 

Std Dev 553 2,727 89 566 4,322 76 321 4,712 130 

5% / 95% 299 / 1,452 671 / 4,081 37 / 332 1,001 / 2,086 1,584 / 6,327 9 / 254 608 / 1,541 1,715 / 7,054 21 / 449 

25% / 75% 525 / 927 1,166 / 2,271 110 / 223 1,170 / 1,533 2,166 / 3,559 71 / 171 957 / 1,294 2,456 / 4,101 137 / 303

 8-12 miles

MWTP 548* 1,259* -96 377* 1,430* 155* 926* 1,878* 144* 

Std Dev 483 1,353 77 221 1,222 68 786 2,490 82 

5% / 95% 147 / 1,260 167 / 2,412 -242 / 14 51 / 605 555 / 2,844 58 / 277 515 / 2,015 1,040 / 4,180 18 / 288 

25% / 75% 380 / 778 942 / 1,691 -149 / -47 273 / 472 1,118 / 1,868 115 / 202 738 / 1,216 1,526 / 2,532 90 / 197 

 12-18 miles

MWTP 162 2,294* 24 318* 1,462* -100 239* 2,140* -25 

Std Dev 198 3,278 64 472 2,750 73 159 1,852 58 

5% / 95% -88 / 469 1,239 / 5,181 -70 / 139 57 / 974 479 / 4,016 -234 / 1 27 / 475 1,133 / 3,994 -130 / 55

25% / 75% 63 / 276 1,852 / 3,115 -16 / 67 195 / 490 1,028 / 2,159 -150 / -55 161 / 323 1,774 / 2,745 -65 / 10 
Notes: * indicates that the 90% confidence interval does not overlap zero. The standard deviation and percentiles for MWTP estimates are calculated using 
the Krinsky and Robb procedure.  MWTP measures are point estimates obtained from the coefficients on the latent class model. 
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Table 6.32: MWTP for having fewer visible turbines by distance of visible turbines from the shore, Daytime Treatment 

100 to 64 turbines 144 to 100 turbines 
Some View 

(LC1) 
Never View 

(LC2) 
All View 

(LC3) 
Some View 

(LC1) 
Never View 

(LC2) 
All View 

(LC3) 
5 miles 

MWTP 375 840* 73 529* 1,308* 131 
std dev 321 1,274 78 250 2,737 89 
5% / 95% -70 / 660 117 / 2,116 -50 / 203 120 / 794 447 / 3,466 -10 / 282 
25% / 75% 231 / 488 570 / 1,227 23 / 125 401 / 643 934 / 1,912 76 / 193 

8 miles 
MWTP -239 -204 117* 716* 895 37 
std dev 390 1,228 54 574 2,462 72 
5% / 95% -831 / 73 -1,601 / 669 40 / 215 350 / 1,545 -79 / 3,246 -86 / 151 
25% / 75% -424 / -104 -645 / 125 85 / 152 548 / 942 469 / 1,546 -11 / 82 

12 miles 
MWTP -67 -375 -134 167 447 48 
std dev 245 2,200 89 402 1,223 65 
5% / 95% -294 / 319 -2,255 / 499 -298 / -9 -438 / 426 -311 / 1,556 -58 / 156 
25% / 75% -164 / 48 -883 / 10 -194 / -81 -1 / 289 165 / 803 8 / 91 

18 miles 
MWTP -223 457 -10 246 -230 -26 
std dev 270 2,070 57 195 1,915 56 
5% / 95% -580 / -21 -1,287 / 1,550 -96 / 89 -10 / 522 -1,342 / 1,874 -119 / 65 
25% / 75% -332 / -137 -11 / 905 -46 / 28 148 / 341 -682 / 359 -62 / 10 
Notes: * indicates that the 90% confidence interval does not overlap zero. The standard deviation and percentiles for MWTP estimates are calculated using 
the Krinsky and Robb procedure. MWTP measures are point estimates obtained from the coefficients on the latent class model. 
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Table 6.33: Comparing MWTP estimates of the Some View class for nighttime and daytime 
treatment 

 Panel A: Nighttime treatment 
 Oceanfront Non-Oceanfront 
5-8 miles 41% 43% 
8-12 miles 17% a 20%a 

12-18 miles 11% 14% 
 Panel B: Daytime treatment 
 Oceanfront Non-Oceanfront 
5-8 miles 23% 26% 
8-12 miles 13% 15% 
12-18 miles 5% a 7% a 
Notes: a indicates that only two out of the three MWTP estimates were significant for the distance change 
examined. For example, for oceanfront respondents of the nighttime treatment, the MWTP of 17% to move 
visible turbines from eight to twelve miles is calculated as the average of the MWTP values for the 100 and 144 
visible turbines, as the MWTP estimate on 64 turbines was not significant for this distance change. Note that 
MWTP measures here are shown as percentages of the mean rental price of respondents in each category. 
 
 
 
 
 
Table 6.34: Comparing TWTP estimates of the Some View class for nighttime and daytime 
treatment 
 Panel A: Nighttime treatment 
 Oceanfront Non-Oceanfront 
64 turbines at 18 miles to SQ - a 5% 
144 turbines at 5 miles to SQ 67%  73% 

144 turbines at 8 miles to SQ 40% 48% 
 Panel B: Daytime treatment 
 Oceanfront Non-Oceanfront 
64 turbines at 18 miles to SQ - a 4% 
144 turbines at 5 miles to SQ 51% 61% 
144 turbines at 8 miles to SQ 26%  33%  
Notes: a TWTP estimates for these categories were not significantly different from zero and so are not reported 
here. Note that TWTP measures here are shown as percentages of the mean rental price of respondents in each 
category. 
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Notes: A total of 464 respondents are included in the analysis. Numbers at the top of each bar represent the 
number of survey respondents in each category. 
 
Figure 6.1: Distribution of responses to the question “The development of wind energy in 
North Carolina’s ocean waters should be…” before (“First Response”) and after (“Second 
Response”) completion of the survey 
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Notes: A total of 476 respondents are included in the analysis. Eight of the original 484 respondents are not 
included in this analysis as these respondents left more than two choice questions blank or answered the choice 
questions incorrectly (e.g., ranked two scenarios within the same choice question with the same rank). 
Numbers at the top of each bar represent the number of survey respondents in each category. 
 
Figure 6.2: Number of times a designed scenario was not chosen as the most preferred option 
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Figure 6.3: Scree plot of eigenvalues resulting from factor analysis  
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Chapter 7: General Population survey: Data and Results 

The General Population (GP) survey was designed to quantify the preferences of 

North Carolina residents for different wind farm development scenarios. Preferences for 

visual impacts as well as the job creation and carbon reduction elements of offshore wind 

energy development are explored and quantified using changes in electricity prices as a 

monetary attribute in the choice experiment. To explore whether the specific location of 

possible offshore wind energy development sites impacted preferences, the sample was aplit 

and one-half of respondents were told that the wind farm would be constructed off the coast 

of the Cape Hatteras National Seashore (Hatteras Treatment), while the other half was told 

that development would take place off a developed coastal town with a tourism economy 

(Town Treatment). 

Addresses for the GP survey were purchased from the company ‘Marketing Systems 

Group.’ Coastal counties were oversampled to allow for testing differences in preferences 

between respondents from coastal counties and respondents from inland counties. The 

following eight counties with direct coastlines were oversampled: Currituck, Dare, Hyde, 

Carteret, Onslow, Pender, New Hannover and Brunswick. Furthermore, a separate sample 

strata was generated for Dare-, Currituck-, Carteret- and Brunswick County since the UNC 

(2009) feasibility study identified major feasible areas for offshore wind development in 

these counties.  

The final mailing of the GP survey consisted of 1,050 surveys administered to three 

different county strata: 175 surveys were sent to addresses in Dare-, Currituck-, Carteret- and 

Brunswick County (stratum 1), 175 surveys were sent to addresses in Hyde-, Onslow-, 
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Pender- and New Hannover County (stratum 2) and 700 surveys were sent to addresses in the 

remaining NC counties (stratum 3). Given the six versions of the GP survey, 175 ID numbers 

were created for each version and were randomly distributed within each stratum rather than 

across the sample as a whole to prevent the possibility that a specific survey version would 

be mainly represented by a specific stratum.105 One thousand and fifty surveys were mailed 

out on April 13th, 2012. On April 27th, a reminder postcard was sent out to the 890 

respondents who had not yet returned the survey, asking them to please do so. Finally, on 

May 15th, a second and final survey was sent out to 740 addresses from which no survey had 

been received to date. By the 4th of September, 303 out of the 1,050 surveys had been 

returned, and 145 surveys were returned as undeliverable to the address specified – resulting 

in a response rate of 33%.  

The next section examines summary statistics of the questions answered in the 

survey. A detailed description of the model specification process is then presented, followed 

by a discussion of the average preferences of the population as estimated with logit models. 

Heterogeneity in the sample is then investigated through the use of latent class models, the 

results of which will be used to compute and analyze welfare estimates of the offshore wind 

farm attributes.  

  

                                                 
105 The GP survey consisted of two information treatments. One treatment was told that the offshore wind farm 
would most likely be developed off the Cape Hatteras Seashore, while the other treatment was told that the 
offshore wind farm would most likely be developed off the coast of a developed coastal town. Moreover, three 
blocks of choice questions were generated in the experimental design. 
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7.1 Summary statistics of the GP survey 

The response rate varied by version of the survey, with a 54% response rate for the 

Hatteras Treatment and a 46% response rate for the Town Treatment. With respect to 

response rate by location, 32% of the total surveys returned were from households residing in 

a coastal county. 

The demographic characteristics of the survey respondents are summarized across 

three different panels in Table 7.1. Seventy percent of respondents had at least a college 

degree, of which more than a third (36%) also had a post-graduate degree. The mean age of 

the survey respondents was 55 years, and the majority of survey respondents were white 

(85%). The mean income of the sample was $78,557, almost 50% higher than the median 

national household income.106 While not directly reported in Table 7.1, the majority of 

survey respondents were male (53%). As such, similar to the VR sample, the GP survey 

respondents are generally white, highly educated and have household incomes above the 

national average.  

7.1.1 Experience with wind energy and the NC coastline 

The introductory section of the survey gathered information on the respondents’ 

experience with the NC coastline and familiarity with wind energy. This information is 

displayed in Table 7.2. Results indicate that 81% of respondents had visited the NC coast at 

some point in the past 5 years, and 90% had visited at some point in the past 10 years. Forty-

five percent of respondents indicate that they visited the coast one or fewer times per year 

over the past five years. Approximately 36% of respondents are very frequent visitors to the 

                                                 
106 Median national household income (2007-2011) is $52,762 (US Census Bureau 2012). 
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coast, visiting at least four times per year on average. Further, 168 respondents or 61% of the 

sample indicated they have visited the Cape Hatteras National Seashore.  

After gathering information about the respondent’s experience with the NC coastline, 

the respondents were asked about their experience with offshore wind farms. Table 7.2 

reports that 38% of respondents indicated they had seen a wind farm (of more than ten 

turbines), less than in the VR survey. Of the 106 respondents who indicated they had seen a 

wind farm, only 10 indicated they had seen offshore wind farms. The majority of respondents 

were at least familiar with discussions about building offshore wind farms in NC (57%). The 

GP sample was also less familiar with discussions about offshore wind farms than the NC 

citizens that had rented a beach house in the VR survey sample. In the VR survey, only 39% 

of NC residents were not familiar with discussions about building offshore wind farms in 

NC, while 43% of the GP survey sample was not familiar with these discussions. 

7.1.2 Respondent opinions and attitudes 

Unlike the VR survey, respondents were not asked their opinion on whether wind 

energy should be developed in NC’s ocean waters in the introductory section of the survey 

due to space limitations. They were, however, asked this question and their opinion on where 

wind energy development in NC should be done at the end of the survey (see questions D.8 

and D.9 in Section J.2, Appendix J). Figure 7.1 and Figure 7.2 present the distribution of 

responses to these questions, separated by whether the respondent lives in a coastal county or 

not. 

As indicated in Figure 7.1, responses to how development of offshore wind energy in 

NC should be encouraged are quite similar between coastal county residents and the rest of 
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the state, with the majority of respondents indicating that it should be encouraged (Categories 

1, 2, or 3 in Figure 7.1). The exception is the percentage of respondents who felt that wind 

energy development should be discouraged, a statistically higher percentage of coastal 

county residents (11% vs. 5%) felt this to be the case. For the remaining categories, 

approximately 34% of respondents felt encouragement of offshore wind energy could include 

subsidies by NC citizens via state taxes (Category 1), while approximately 49% of 

respondents felt encouragement should not include subsidies via state taxes (Category 2 or 3 

in Figure 7.1). Twenty-three percent of respondents felt wind energy should be encouraged, 

but no state or federal subsidies should be involved (Category 3). Lastly, approximately 11% 

of respondents were not sure or had no opinion to about how or whether offshore wind 

energy should be developed in NC (Category 5). 

As indicated in Figure 7.2, there is a difference in the preferred areas for wind energy 

development depending on whether respondents reside in a coastal county. This difference is 

statistically significant for all of the wind energy development areas examined. 

Approximately 67% of coastal respondents agreed that wind energy should be developed in 

North Carolina’s ocean waters and/or mountains. However, respondents from non-coastal 

counties were more enthusiastic about placement of wind energy in coastal waters (77%) and 

less enthusiastic about placing wind energy in the NC mountains (45%). Respondents from 

coastal counties were significantly more likely to indicate that wind energy should be 

developed either in other states besides NC (38% vs. 28% for residents not from coastal 

counties) or not in the eastern US at all (12% vs. 5% for residents not from coastal counties). 
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Finally, before describing how respondents generally answered the choice questions, 

respondent opinions on the potential environmental and economic impacts of offshore wind 

energy development and about policy actions that should or should not be undertaken to 

reduce carbon dioxide emissions in NC are summarized.107 Table 7.3 replicates question 

D.11 and reports the number of respondents who checked each box. As indicated in Panel A 

of Table 7.3, when considering the impacts of offshore wind energy on marine and bird life, 

the largest proportion of respondents were unsure about the impacts (32% and 31% 

respectively). The majority of the remaining respondents indicated that they thought it would 

either have no impact on marine and bird life (26% and 23% respectively) or that it would 

have at least somewhat of a negative impact (26% and 35% respectively). Similar to the VR 

survey, 44% of respondents felt that an offshore wind farm would have no impact on climate 

change, followed by 27% who were unsure about the impact of a wind farm on climate 

change. A comparison of Table 7.3 and Table 6.3 for the VR survey indicates that overall, 

the general citizens of NC had a less negative view of the potential environmental impacts of 

an offshore wind farm as compared to the VR survey. In other words, fewer respondents in 

the GP survey checked “somewhat negative” or “negative” as compared to the VR survey. 

Note, the responses of respondents of the GP survey living in coastal counties tended to be 

more similar to responses of the non-coastal county GP survey respondents rather than the 

VR survey respondents. 

Panel B of Table 7.3 reports the responses to the potential economic impact of an 

offshore wind farm. It is interesting to contrast these responses to those given in the VR 

                                                 
107 See questions D.11 and D.12 in Section J.2, Appendix J for an exact phrasing of the questions. 
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survey, given the different focuses of the two surveys. While it is clear that the attributes 

examined in the respective surveys will influence respondent opinions about the likely 

impacts of offshore wind energy, a comparison of results is nevertheless informative. In the 

GP survey, most respondents thought an offshore wind farm would have no impact on 

coastal tourism (50%) and nearly 40% felt it would have no impact on coastal property 

values.108 This stands in contrast to the VR survey where 45% felt there would be a negative 

impact on tourism and nearly 60% felt that the development of offshore wind energy in NC 

would have a negative impact on coastal property values. Furthermore, as indicated in Table 

7.3, most respondents felt an offshore wind farm would result in an increase in permanent 

jobs (83%), significantly more than in the VR survey which was silent on the issue of jobs. 

Interestingly, approximately 41% of respondents to the GP survey thought offshore wind 

would increase energy prices and 22% thought it would decrease energy prices. In the VR 

survey, which did not discuss energy prices at all, only 13% felt prices might increase and 

55% through prices might decrease. Finally, inspection of Table 7.3 and Table 6.3 indicates 

that the distribution of opinions about how government spending might change was about the 

same among the GP and VR survey respondents. 

Because of the broader focus of the GP survey, respondents were also asked their 

opinions about the policy options that could be used to reduce carbon emissions. Table 7.4 

replicates question D.12 and reports the number of respondents who checked each box. As 

indicated in Table 7.4, the majority of respondents thought that expansion of nuclear, solar, 

                                                 
108 The proportion of respondents that thought an offshore wind farm would have no impact on coastal tourism 
and coastal property values is not significantly different between respondents from coastal and noncoastal 
counties. 
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and wind energy are actions that could be taken in NC, at least to some extent. Support for 

expansion of nuclear energy was significantly less than for solar and wind with only 23% of 

respondents supporting a significant expansion of nuclear energy, while 49% and 46% of 

respondents supported a significant expansion of solar and wind energy, respectively. 

Respondents were not supportive of levying a carbon tax on industry and households to 

reduce carbon emissions. Approximately 51% of respondents indicated this action should not 

be taken at all, and only 7% felt that this action could be pursued aggressively. However, 

when considering a tax only on industry, leaving out households directly, support for a 

carbon tax increased significantly with 48% of respondents indicating this action could be 

pursued at least to some extent, and only 34% indicating this action should not be taken at 

all.  

7.1.3 Choice question summary 

To obtain a broad overview of respondent responses to the choice questions, a 

summary of responses to the choice questions are again examined. Of the 303 respondents, 

32 are not included in the analysis because they left more than two choice questions blank or 

answered the choice questions incorrectly (e.g., ranked two scenarios within the same choice 

question with the same rank), leaving a total of 271 respondents for analysis. 

Figure 7.3 summarizes respondent responses by the number of times the baseline 

scenario was not chosen as the most preferred one. As is evident from Figure 7.3, 

approximately 35% of respondents always ranked the baseline as their first, most preferred 

scenario, significantly fewer than the number of respondents doing so in the VR survey 

(42%). Likewise, more respondents in the GP survey always chose an option with wind 
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turbines in view (27%), which is statistically significantly more than the proportion of 

respondents who always chose an option with wind turbines in view in the VR survey (17%). 

A number of debriefing questions were asked after the choice questions in an effort to 

get an understanding of respondent choices. The first two questions following the choice 

questions (questions D.1 and D.2 in Section J.2, Appendix J) were aimed specifically at 

understanding the preferences of respondents that either never, or always, picked a view 

option as their most preferred scenario, respectively. Panel A of Table 7.5 summarizes the 

choice-making behavior displayed in Figure 7.3, while Panel B and C more carefully 

examine respondent motivations for either never or always choosing a view option as the 

most preferred one. 

Panel B of Table 7.5 focuses on just the respondents who always chose the baseline 

view. Of the 94 respondents who always chose the baseline view, 92 answered the debriefing 

question. A list of potential reasons for why one might always choose the baseline view was 

presented to the respondents and they were asked to check all reasons that applied to their 

decision making. Panel B indicates that very few (9%) always chose the baseline because 

they prefer no wind energy at all. However, 63% of these respondents felt that wind turbines 

should not be seen from shore. Nearly half also indicated that the reason they chose the 

baseline was because they could not afford more in electricity costs (note, the baseline view 

always had no additional energy costs). 

Lastly, Panel C and D focus on the respondents who always chose an option with 

wind turbines in view. Of these 72 respondents, 61 answered the relevant debriefing question 

(see question D.2 in Section J.2, Appendix J). As indicated, most respondents chose options 
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with wind turbines in view not because they like the way they look (only 16% indicated this 

was the case), but because they felt it important that NC pursue wind energy and they are 

generally a strong supporter of wind energy. The job creation associated with options did not 

seem to motivate respondents to choose these options, with only 8% of respondents 

indicating this was a reason they always chose an option with wind turbines in view. Finally, 

we see in Panel D of Table 7.5 that of the respondents that always ranked a view option as 

their preferred scenario, the majority (74%) always ranked the baseline last among the three 

alternatives offered.  

Table 7.6 cross tabulates the number of times a respondent chose the baseline 

scenario as the most preferred option with (i) whether the respondent resided in a coastal 

county a NC resident or in some other NC county and (ii) whether the respondent received a 

survey informing them that the offshore wind farm would most likely be developed off the 

Cape Hatteras Seashore (Hatteras Treatment) or whether they were told that the offshore 

wind farm would most likely be developed off the coast of a developed coastal town (Town 

Treatment).  

When examining the respondents who always chose the baseline view as their most 

preferred option, we see that 40% of respondent residing in coastal counties always chose the 

baseline view, while 32% of respondents residing in non-coastal counties always did. These 

are not statistically significantly different proportions. The number of respondents that 

always picked a view option as their most preferred scenario was likewise similar between 

these two groups. When examining respondents from the different treatments, however, a 

different picture emerges. Among respondents who were in the Hatteras Treatment, almost 
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40% always chose the baseline view, while among respondents who were in the Town 

Treatment, only 30% chose the baseline view. Moreover, only around 22% of respondents 

from the Town Treatment always ranked a view option as their preferred scenario, while 

32% of respondents from the Town Treatment did so. Both these differences are statistically 

significant.  

Besides the choice specific debriefing questions examined above, all respondents 

were asked to report on a 1 to 5 scale – where 1 is extremely important and 5 is not important 

at all – how important the choice question attributes were in their decision-making process 

(see question D.3 in Section J.2, Appendix J). The frequency of these responses is reported in 

Table 7.7. Besides reporting the average stated attribute importance for all respondents 

(Panel A), stated attribute importance is also examined separately for those respondents that 

always chose the baseline as their most preferred scenario (Panel B) and those that always 

chose a view option (Panel C). 

As indicated in Panel A of Table 7.7, the attribute that seemed to most influence 

respondent choices was the addition to the electricity bill, with 42% of respondents claiming 

that this attribute was extremely important in influencing their choices. The view of visible 

turbines from the shore, the amount of carbon reduced and the number of permanent jobs 

created also played an important role in choice making behavior with 37%, 34% and 35% of 

respondents indicating that these attributes were “extremely important” in influencing choice 

making behavior, respectively. Interestingly, when examining the amount of respondents that 

ranked attributes as either extremely or very important (the sum of the 1 and 2 categories), 

the amount of carbon reduced and the number of permanent jobs created actually become the 
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most important attributes, with 63% and 64% of respondents attributing at least some 

importance to each of these variables, respectively. In comparison, the addition to the electric 

bill and the view of turbines from the shore were indicated to be very or extremely important 

by 51% and 60% respectively. While not directly an attribute of the choice questions (this 

variable was constant across choices), respondents were also asked how important the 

location near a tourism-dependent town (Town Treatment) or near the Cape Hatteras 

National Seashore (Town Treatment) was in influencing respondent choices. Thirty-four 

percent of respondents stated that turbine location was very or extremely important in 

influencing their choices. 

The distribution of these responses changes dramatically when one considers only 

those respondents who always ranked the baseline view as their first choice as compared to 

only those who always chose a designed scenario as their first choice. As indicated in Panel 

B, the addition to the electric bill and the view of turbines from the shore were the main 

driving forces behind the choices of those respondents that always chose the baseline as their 

most preferred option, with 66% and 73% of these respondents indicating that these attributes 

were very or somewhat important in influencing choice, respectively. Of the respondents that 

always ranked a view option as their most preferred one, only 21% and 32% indicated that 

these attributes were either very or somewhat important; a statistically significant difference. 

For these respondents, in contrast, the amount of carbon reduced and the number of jobs 

created played a very large role in determining choices with 85% and 83% indicating that 

these attributes were very or extremely important. This compares to 38% and 45% for the 

respondents that always chose the baseline as their most preferred scenario. Again, this 
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difference is statistically significant. Interestingly, the location of the offshore wind farm also 

played a significantly larger role for the respondents that always indicated preference for the 

baseline with 55% of these respondents stating that wind farm location was either very or 

extremely important in determining choices, while only 21% of those respondents that 

always chose a view option as their preferred choice did. 

7.2 Empirical model 

Respondents in the GP survey faced eight choice sets each containing three 

alternatives. The first two scenarios – again referred to as the “designed alternatives” – were 

characterized by the construction of a specific number of turbines in view of the shore. 

Besides being informed about the distance of the visible turbines from the shore and the 

number of visible turbines, respondents were also told about the carbon reduction and 

permanent job creation that would result as a consequence of the construction of the given 

wind farm scenario, as well as the addition to the electricity bill resulting from the 

construction. In the survey, the addition to the electricity bill was specified as “$x/month 

(same as $x/year) for three years.” In the analysis that follows, the value used was the yearly 

addition to the electric bill. The third scenario, the baseline scenario, had the smallest number 

of wind turbines built, all out of sight, had the lowest carbon reduction and job creation 

amounts, and there was no addition to the electricity bill.  

The final model specification chosen was one in which the distance, size, jobs and 

carbon attributes enter in logarithmic form.109 This specification was chosen as it fit the data 

                                                 
109 For ease of exposition, the “number of visible turbines from the shore” is referred to as the size attribute. 
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better than entering these variables linearly or as effects codes.110 Given the log-linear 

specification, individual n’s indirect utility from alternative j is given by: 

1 2 3 4

5

ln(Distance ) ln(Size ) ln(Jobs ) ln(Carbon )

        

nj j j j j

j j nj

U

P ASC

   

  

   

  
            (7.1) 

where ln(Distance j), ln(Size j), ln(Jobs j) and ln(Carbon j) represent the natural logarithm of 

the distance of visible wind turbines from the shore, the number of turbines visible from the 

shore, the amount of permanent jobs created, and the amount of carbon reduced as a result of 

the development of the wind farm at hand, respectively. The yearly addition to the electricity 

bill change associated with alternative j is represented by Pj, and 5 represents the negative of 

the marginal utility of income.111 The alternative specific constant, ASCj, takes the value of 

one for the two designed alternatives and zero for the status quo alternative and captures any 

deterministic utility that respondents obtain from choosing a designed alternative that is not 

explained by the attributes.112 

Three types of WTP measures are examined in this study. First, the MWTP for a ten 

percent increase in the level of each of the attributes is examined to allow for comparisons 

across attributes. Using the distance attribute as an example, this MWTP measure is 

calculated as: 
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5 5
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110 See Appendix I for a detailed discussion on how the log-linear model was chosen as the final specification. 
111 Note, the natural logarithm of the price variable is not taken, as this would make the marginal utility of 
income dependent on the specific price level examined, which would complicate welfare analysis. 
112 Contrary to the VR study, the actual design values of the attributes of the status quo are coded into the 
logarithmic attribute variables. Accordingly, the ASC does not contain any information about the designed 
attributes at the status quo. 
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 Second, in a similar vein to the VR survey, WTP to move from one attribute level to 

another are examined. Again using the distance attribute as an example, this WTP measure is 

approximated by: 

1
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e d





                  (7.3) 

Finally, given the BOEM call areas along the NC coast have been designated (see 

Section 2.1), total willingness to pay (TWTP) to move from a designed scenario at the closest 

distance examined in each of the three call areas to the baseline scenario examined in the 

survey is calculated. Recall that in the baseline scenario all turbines are located at 30 miles so 

that none of the turbines are visible. Moreover, 200 permanent jobs are created and carbon is 

reduced by an equivalent of taking 100,000 cars of the road each year for 20 years. Assuming 

a designed scenario characterized by distance e, number of visible turbines f, permanent jobs 

created g and carbon reduced h, TWTP is given by:113 
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All WTP measures examined in this study are in terms of yearly addition to the electricity 

bill for three years. 

 

 

                                                 
113 As the attribute values of the SQ are coded into the continuous attribute variables, the ASC does not contain 
information about economic tradeoffs among attributes examined and, as such, is not included in the TWTP 
calculations. 
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7.3 Modeling average preferences: the logit model 

  While latent class models will be used to estimate WTP measures, basic model 

specification is explored in the context of the rank ordered logit model and is executed as 

follows. First, the feasibility of pooling data from the two treatments is examined by looking 

at possible scale differences between the different sets of data. Second, a main effects rank 

ordered logit is estimated to explore how survey attributes affect utility. Third, the rank 

ordered logit is expanded to allow for observable heterogeneity. Results from the second and 

third steps help guide the choice of latent class specification by informing the extent of 

observable heterogeneity that should be included in the choice probability and the class 

membership equations.  

7.3.1 Examining scale differences between the two treatments 

As explained in the introduction to this chapter, the NC survey consisted of two 

information treatments. One group of respondents, the Hatteras Treatment, was given basic 

information about the Cape Hatteras National Seashore and was asked to assume that the 

wind farms presented in the scenarios were built in view of one of the undeveloped beaches 

of this national seashore. The second group of respondents, the Town Treatment was asked to 

assume that the wind farms shown in the choice questions were built off the coast of a beach 

town that was characterized by a tourism-based economy. Given the difference in 
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information that the two treatments received, it is necessary to examine possible scale- and 

parameter differences between the two treatments to test if pooling of the data is possible.114  

The scale test (Swait & Louviere 1993) was first conducted on a model which 

included all reasonably exogenous covariates in order to remove all identifiable sources of 

systematic heterogeneity from the error term.115 Results of the scale test can be found in 

Table 7.8. As is evident from the results, the hypothesis of parameter equality between the 

two treatments (hypothesis H1A) is clearly rejected suggesting that pooling the data of the two 

treatments is not possible. Recognizing that including more variables to be scaled in the 

regression decreases the likelihood that proportionality will hold between all variables across 

the two data sets, the scale test was also conducted on a reduced model in which only 

significant variables were kept in the regression to ensure that the finding of parameters 

differences between the treatments was robust to model specification (Swait & Louviere 

1993).116 As can be seen in the second row of Table 7.8, the hypothesis of parameter equality 

between the two treatments is again rejected, confirming the conclusion that data analysis 

should be conducted separately for each treatment. 

                                                 
114 While here the scale test is reported before model specification, the processes of model specification and the 
examination of scale differences were actually simultaneously executed as it is not possible to examine 
differences in scale if model specification is not yet known.  
115 Variables included in the model were all the design attributes, an ASC, as well as the following covariates 
interacted with the ASC: number of visits to the NC coastline in the last 5 years, engaging in boating activities 
while at the coast, engaging in fishing activities while at the coast, experience with seeing wind turbines, 
familiarity with public discussions about offshore wind development in NC, estimated electric bill in a typical 
hot summer month, ownership of a beach house, graduate school education, retirement status, residence in a 
CAMA county, as well as income. While only the results of the scale test for the full and reduced log model 
will are examined here, the scale test was also conducted for the full and reduced effects coded models. Scale 
test runs for all model specifications lead to the same conclusion, suggesting that scale test findings reported in 
this section are not dependent on model specification. 
116 Only those interactions with the ASC were kept which were significant in the full model of either treatment: 
(1) engaging in boating activities while at the coast, (2) experience with seeing wind turbines, and (3) estimated 
electric bill in a typical hot summer month. 
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7.3.2 Main effects only logit model 

First, a parsimonious conditional logit model is estimated in which only the main 

attributes are included with log transformation.117 Table 7.9 presents the results and indicates 

that all attributes examined in the Hatteras Treatment are significant, while in the Town 

Treatment only distance, carbon and price are significant. This suggests that, on average, all 

of the attributes presented influenced respondent choices in the Hatteras Treatment, while 

respondent choices in the Town Treatment were mainly driven by the levels of distance, 

carbon and price. From the relative magnitudes of the coefficients on the logarithmic 

attributes, we see that, on average, respondent utility in the Town Treatment was most 

influenced by the distance attribute, followed by the carbon attribute. For the Hatteras 

Treatment, distance and size played the largest role in determining respondent utility, 

followed by the jobs attribute, and finally carbon. Moreover, a relatively larger absolute 

value of the price coefficients for the Town Treatment suggests that respondents in this 

treatment were somewhat more sensitive to changes in the electricity bill proposed in the 

choices. A more detailed discussion of model results will follow after a final model 

specification is chosen. 

7.3.3 Examining heterogeneity in the rank ordered logit model 

To examine relevant heterogeneity in the data, a full model is estimated in which all 

reasonable interactions with the ASC are included together with the main design attributes.118 

                                                 
117 See Appendix I for a detailed discussion on how the log-linear model was chosen as the final specification. 
118 Given the lack of explanatory power of the size attribute discovered during the model specification process 
(see Appendix I), interactions between distance and size are not included in the model. No a priori reason was 
found to interact other survey attributes. 
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Interactions with the ASC can be grouped into two main categories. The first includes 

standard socio-demographic characteristics of the respondent such as respondent income, 

education level, residence in a coastal county, and whether the respondent is retired or not. 

The second category of interactions focuses on respondent characteristics important to this 

survey and include: the number of times the respondent had rented along the NC coast in the 

last five years, whether boating or fishing activities were undertaken, experience with having 

seen wind turbines in operation, awareness about public discussions regarding the 

development of offshore wind energy in NC, ownership of a beach house, and finally the 

respondents estimated electricity bill in a typical hot summer month. The results of the full 

model can be found in Table 7.10.  

Table 7.10 indicates that adding heterogeneity to the model results in the 

insignificance of the size and carbon attributes, as well as the ASC in the Hatteras Treatment. 

The significance of main effects in the Town Treatment remains unchanged when increased 

heterogeneity is added to the model. The interactions with the ASC indicate that respondent 

engagement in boating activities significantly decreases the utility associated with choosing a 

designed alternative in the Hatteras Treatment, but not in the Town Treatment. Experience 

seeing wind turbines significantly decreases the utility obtained from the ASC (i.e., a 

designed alternative relative to the status quo) in the Hatteras Treatment, but significantly 

increases the utility for respondents in the Town Treatment. Finally, in the Hatteras sample, 

respondents with higher average electricity bills tend to have a greater preference for 

designed alternatives than those with lower electricity bills. Given that additions to the 

electricity bill suggested in the survey would constitute a smaller share of the monthly 
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electricity price for respondents using, on average, more electricity, this is a rather intuitive 

result.119 

Table 7.10 illustrates that while potential preference heterogeneity for the status quo 

exists, especially in the Hatteras Treatment, none of the sources of heterogeneity examined 

consistently predict preferences across treatments. As such, more complex latent class 

models will be used to further explore unobserved preference heterogeneity using the main 

effects, log-linear specification examined in Equation 7.1. 

7.4 Modeling heterogeneity: Latent class models 

To explore a richer representation of heterogeneity in the data, latent class modeling 

is employed. As explained in Chapter 5, the two primary tasks that confront the researcher 

when latent class modeling is employed are to choose a final model specification and to 

determine the optimal number of latent class segments to represent the tastes of the 

population. Given that no obvious sources of important preference heterogeneity were found 

in the conditional logit model, as well as the reduction in sample size when socioeconomic 

characteristics are included, a parsimonious main effects model without active covariates is 

used to determine the optimal number of latent classes (see Equation 7.1).120 After 

determining the optimal number of classes, the impact of adding sources of heterogeneity in 

the form of active covariates in the class membership probability equation is explored to 

                                                 
119 Models were also estimated using population weights. As coastal counties were oversampled, the proportion 
of respondents sampled, given the total number of available addresses of the county stratum was calculated for 
the three strata and used as population weights for the sample. While there are modest changes in the 
magnitudes of the coefficients, none of the differences are statistically different. Accordingly, latent class 
modeling proceeds without weights. 
120 As discussed in the Section 5.3.2, active covariates have the ability to influence optimal class selection. To 
prevent the dependence of model results and welfare analysis on the selection of covariates, optimal class 
numbers are explored before examining the relative strength of covariates. 



 

228 

arrive at the final class membership equation. The model specification process is followed by 

a discussion of the results of the chosen latent class model for both treatments. Finally, the 

preferred model is used to estimate willingness to pay measures for each class. 

7.4.1 Determining the optimal number of latent class segments 

To determine the optimal number of classes, a series of main effects only models with 

different class numbers are estimated for each treatment and the resulting models are 

evaluated based on parsimony, interpretability as well as select information criteria discussed 

in Section 5.3.4. Consistent with what was found in the VR study, incorporating scale 

heterogeneity in the model results in a significant scale factor and model improvement for 

each treatment and class number examined. This suggests that respondents from both 

treatments were made up of two groups: those who were more certain in their choices and 

those who were less so. As such, the class search presented here is based on the main effects 

log-linear model with two scale heterogeneity and no covariates. 

Class numbers are increased until at least one of the selected information criteria 

increased, suggesting a worsening of model fit. Table 7.11 presents the information criteria 

for each of the models and suggests that model fit for both treatments improves according to 

all information criteria up to six classes. Even though the information criteria suggest that a 

six-class model might be considered, it is not because tractability of results is lost if the 

number of classes is increased beyond five. Moreover, a two class model does not 

sufficiently reflect heterogeneity in the data. Lastly, for comparability across treatments, the 

final number of classes will be constrained to be equal between the two treatments. 
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Expanding the number of classes beyond three resulted in counterintuitive class 

groupings and weak power in the models to identify preference parameters. The three class 

model on the other hand resulted in an intuitive allocation of respondents to classes, a strong 

revelation of preferences within each class, as well as comparability across treatments given 

the nature of the classes formed. As such, the three class model is used in this application to 

model preference heterogeneity. The results for the three class, four class and five class 

models as well as a more detailed discussion of each is found in Appendix I. 

7.4.2 Specifying the latent class model 

Given the choice of the three class model, the impact of incorporating preference 

heterogeneity in the model is explored. Recall that no important sources of observed 

preference heterogeneity were found when modeling average preferences in Section 7.3 and 

including interactions reduced sample size significantly. As a result of these two 

considerations, the final choice probability equation is specified using main effects only: 
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where the probability of individual n choosing alternative j in choice situation s given 

membership to class q, is a function of the distance, size, jobs and carbon attributes, as well 

as the price of the alternative and a dummy that equals one if a designed alternative is chosen 

(ASC). 

Recall from the class membership equation (Equation 5.14 in Section 5.3.2) that 

individual class membership probability can be specified to depend on general attitudes and 
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perceptions as well as sociodemographics characteristics by including these variables in the 

vector of active covariates, cov
nz . From the full logit model discussed in Section 7.3.3 we 

know that boating, previous experience with seeing wind turbines, as well as respondent 

electric bill on a typical hot summer month significantly impacted respondent preferences for 

the designed scenarios in one or both of the treatments. Accordingly, these items are 

examined as potential active covariates.  

Following the structure of the VR survey, the relevance of perceptional indicators as 

potential active covariates is also explored. Questions D.11 and D.12 capture respondent 

perceptions about offshore wind energy development and respondent disposition toward 

environmental action, respectively. A factor analysis is conducted on each of these questions 

resulting in four factors that are included in the search for active covariates: the 

environmental factor, the public factor, the renewable factor and the controversial factor. The 

details of these factor analyses and the nature of these factors is discussed in Appendix I. 

Of the active covariates examined, engagement in boating activities, the 

environmental factor, and the public factor significantly influence class membership for 

different model specifications. Inclusion of these active covariates, however, results in the 

loss of statistical significance of a number of important attributes specified in the choice 

model. Given that the lack of explanatory power in the choice model compromises welfare 

estimates, active covariates are left out of the final class membership equation, and class 

membership is specified to be a function of only class-specific constants, 0 q : 



 

231 

3
0

03
1

0
1

exp( )
,      0.

exp( )

q
q q

q
q

q

H



 



 


                 (7.6) 

Given the final choice probability and class membership equations (equations 7.5 and 

7.6, respectively), results of the scale adjusted latent class model are based on the 

maximization, with respect to q , of the following log likelihood function: 
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                      (7.7) 

where qH  and |nsj qP  are specified as in Equations 7.9 and 7.10, respectively, and the scale 

class membership probability, tG , is specified as in Equation 5.19. 

7.4.3 Town Treatment: latent class results 

To obtain a full understanding of the latent class models estimated, a number of 

results are presented. First, posterior membership probabilities are used to tabulate latent 

classes with a variable capturing the number of times a respondent chose a designed option 

as their most preferred one, to get an overview of the general preferences of the respondents 

in the different latent classes. These results are shown in Table 7.12. Next, regression results 

of the coefficient estimates and of the final scale adjusted latent class model for the Town 

Treatment are presented in Table 7.13. Finally, the inactive covariates specified in the model 

are displayed in Table 7.14. 

As indicated in Table 7.12, 98% of respondents that always chose a view option as 

their most preferred class are in latent class 1 (LC1). This class also contains 38% of the 

respondents that sometimes chose a view option as their most preferred scenario. None of the 
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respondents in LC1 that sometimes ranked a view option as their first choice chose the 

baseline as their most preferred option more than three times. As such, this group of 

respondents is named the All View class. As can be seen from the last row of Table 7.12, 59 

of the 128 respondents in the Town Treatment (46%) fall into the All View class.  

Latent class 2 (LC2) on the other hand contains 78%  of respondents that always 

ranked the baseline view as their most preferred scenario, 26% of respondents that sometimes 

favored a view option and one respondent who always picked the view option as his/her most 

preferred scenario. Given that the vast majority of respondents in this class (68%) have a 

clear preference for the status quo, this class is called the Never View class, and constitutes 

34% of the sample. 

Finally, 36% of respondents that sometimes picked a view option as their most 

preferred scenario, as well as 22% of those that never did are assigned to latent class 3 (LC3). 

Since 69% of this latent class is composed of respondents that varied between choosing a 

view option and the baseline as their most preferred option, this class is named the Some 

View class. As seen from the last row of Table 7.12, 26 respondents (20%) of respondents in 

the Town Treatment are in the Some View class. 

Table 7.13 reports the latent class regression results for the Town Treatment. From 

the utility parameter estimates presented in Panel A, we see that all coefficient estimates of 

the All View class are statistically significant, suggesting that respondents in this class traded 

off all attributes when making their decisions. From the relative magnitudes and the standard 

deviations on the coefficient estimates, we see that percentage changes in the distance, 

carbon and jobs attributes had the largest impact on respondent utility for the All View class, 



 

233 

but that this impact was not significantly different for the three attributes. Changes in the size 

attribute, however, had significantly smaller impact on respondent utility than the other 

attributes, respectively. 

Interestingly, all coefficient estimates except the distance estimate are statistically 

significant for respondents in the Some View class. Impacts of changes in the significant 

wind farm attributes are not significantly different from one another, however. When 

comparing the All View and the Some View class, we note that respondents in both classes 

have a similar preference for the designed scenarios offered in the choice questions, as seen 

by the coefficients on the ASC. When comparing the price coefficients of the two classes, 

however, we see that the absolute magnitude of the price coefficient of the Some View class 

is larger than that of the All View class, suggesting that the Some View class was more 

sensitive to changes in electricity prices, which could explain the difference in choice 

behavior observed in Table 7.12.  

Finally, only the price and the distance coefficients are significant for the Never View 

class. From the summary of respondent choices in Table 7.12 we know that this class has a 

strong preference for the status quo. Given that the nature of the status quo,121 this class most 

likely captures respondents with either a disutility of seeing turbines, or respondents that 

have a high marginal utility of income and were not willing or able to pay higher electricity 

prices. As the price coefficient for the Never View class is approximately the same as for the 

All View class, however, this suggests that these respondents did not have a particularly high 

marginal utility of income and so it is more likely that it was the absence of visible turbines 
                                                 
121 Recall, the status quo is described by no view of turbines, a carbon reduction equivalent to taking 100,000 
cars of the road for 20 years, 300 permanent jobs created and no addition to the electricity bill. 
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that explains the choice behavior for this group. Nevertheless, statistical significance of the 

price coefficient suggests that price did play a role in respondent choice making. Lack of 

statistical significance of the number of visible turbines variable suggests that, similarly to 

what was found in the VR survey, the distance of visible turbines from the shore has a greater 

impact on respondent perception of the view than the number of turbines visible. 

Panel B of Table 7.13 reports the details of the scale classes. We see that the relative 

scale parameter (normalized to one for Scale Class 1 (SC1)) is significantly larger for 

respondents in Scale Class 2 (SC2), implying that respondents in this scale class show only 

0.12 times (1/8.39) as much variability in underlying responses as the respondents in SC1, 

reflecting greater certainty in choice making.122 Fifty-six percent of respondents are found in 

this more certain scale class.  

Inactive covariates are reported in Table 7.14. The rows in Table 7.14 illustrate the 

proportion of respondents with the characteristics specified that fall into each of the latent 

classes. When examining respondent gender, for example, we see that 50% of female 

respondents are in the All View class, 30% are in the Never View class and 20% are in the 

Some View class. The numbers in the scale class columns are interpreted in the same way. 

Fourty-five percent of females are in the less certain scale class (SC1), and the remaining 

55% are in the more certain scale class (SC2). While the proportions show the relative 

likelihood of respondents being in different latent and scale classes, statistically significant 

differences in proportions will be highlighted next.123 

                                                 
122 A larger scale parameter is equivalent to a smaller error variance. 
123 Probabilities of class membership between respondents with different sociodemographics characteristics are 
compared in STATA 11 using Fisher’s exact test and the tabi command. 
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Income, for example, is correlated with class membership with respondents with 

annual incomes of over $250,000 being significantly more likely to be in the Never View 

class and significantly less likely to be in Some View class than respondents earning less 

than $250,000 per year. Moreover, as expected from the regression analysis done previously, 

both experience with seeing wind turbines and engaging in boating activities while at the 

coast are good predictors of class membership. Table 7.14 reports that respondent who have 

previously seen wind turbines are significantly more likely to be in the All View class and 

significantly less likely to be in the Some View class than respondents without previous wind 

turbine experience. Furthermore, respondents engaging in boating activities while at the coast 

are significantly more likely to be in the Never View class and significantly less likely to be 

in the All View or the Some View class than respondents who do not boat while at the sea.  

7.4.4 Hatteras Treatment: latent class results 

Regression results for the Hatteras Treatment are presented in the same manner as 

those for the Town Treatment and can be found in Table 7.15, Table 7.16 and Table 7.17. 

Posterior class membership is cross tabulated with the number of times a view option was as 

the most preferred scenario in Table 7.15. Similar to the Town Treatment, latent class 1 

(LC1) again contains almost all (97%) of the respondents that always picked a designed 

scenario as their most preferred one. Thirty-one percent of respondents that sometimes 

indicated a view scenario as their favorite are also in this class. Respondents in LC1 that did 

not always prefer the view option chose the baseline as their most preferred scenario at most 

three out of the eight times. Accordingly, this class is named the All View class. The last row 
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of Table 7.15 indicates that 47 of the 143 respondents in the Hatteras Treatment (33%) are in 

the All View class. 

Latent class 2 (LC2) contains the majority of respondents (72%) that never chose a 

view option as their scenario of preference, 36% of those that sometimes did, and 3% (one 

respondent) of those that always did. As the majority of respondents in this class always 

ranked the baseline as their favored alternative, this class is called the Never View class. 

Forty-three percent of respondents of the Hatteras Treatment are in the Never View class.  

Finally latent class 3 holds 28% of respondents that never ranked a view option as 

their most preferred one as well as 33% of respondents that sometimes did. Given that 53% 

of the 34 respondents in this group sometimes ranked a view option as their preferred 

scenario, this class is named the Some View class. Twenty-four percent of respondents in the 

Hatteras Treatment are in the Some View class. 

When examining the latent class regression output in Table 7.16, we see that similar 

to the Town Treatment, all the coefficients on the attributes examined are statistically 

significant for the All View treatment. Contrary to the Town Treatment, however, Table 7.16 

now shows clear differences between the impacts of different wind farm attributes on 

respondent utility. Specifically, changes in the jobs and distance attributes have the largest 

impact on utility.124 This impact is significantly larger than the impact of a change in carbon, 

which in turn is significantly higher than the impact of a change in size, the attribute with the 

least impact on respondent utility. 

                                                 
124 The difference between the impact of a change in distance and a change in jobs on utility is not statistically 
significant. 
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For the Some View treatment, all attributes besides carbon seem to significantly 

influence respondent choices. Impacts of changes in the significant wind farm attributes are, 

however, not significantly different from one another. When comparing the All View and the 

Some View class, we see that, similar to the Town Treatment, respondent preference for the 

status quo scenario is approximately the same, while respondents in the Some View class 

have a significantly higher marginal utility of income. 

Only the distance attribute displayed statistical significance for the Never View class, 

which explains why the majority of respondents in this class always chose the baseline as 

their most preferred scenario, in which there is no view of turbines. Moreover, insignificance 

of the price coefficient suggests that respondents in this class based their decision solely on 

the view, and ranked the scenarios at hand in order of decreasing visual impacts, irrespective 

of the electricity price.  

Similarly to the sample of the Town Treatment, Panel B of Table 7.16 suggests that 

one group of respondents (59% of the sample) are much more certain in their choices than 

the rest of the respondents. This is clear from the highly significant scale parameter which 

suggests that respondents in SC2 show only 0.17 (1/5.82) times as much variability in their 

responses as SC1. 

Inactive covariates presented in Table 7.17 suggest that respondents with a graduate 

school education are significantly less likely to be in the Some View class than respondents 

without a graduate school education. Similar to the Town Treatment, engagement in boating 

activities is strongly correlated with class membership with respondents that reported 

engaging in boating activities while at the coast again being significantly less likely to be in 
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the All View class and significantly more likely to be in the Never View class than those 

respondents not reporting participation in such activities. While no significant correlations 

between respondent characteristics and scale class membership were found in the Town 

Treatment, a number exist for the Hatteras Treatment. Respondents older than 56 years are 

significantly more likely to be in SC2, suggesting that these respondents were more certain 

when making their choices. Similar observations can be made about respondents with a 

graduate education relative to those without one and respondents that were unemployed 

relative to those that were, with more educated and unemployed respondents expressing more 

choice certainty, respectively. 

7.4.5 Latent class results: General observations 

While a direct comparison of the latent classes between two treatments is not possible 

due to differences in class composition, the similarity of general choice behavior in the 

classes across the treatments suggests that the general nature of the classes is similar for both 

treatments. 

Given this observation, we note that the largest class in the Town Treatment is the All 

View class (46% of the sample) and the Never View class is the second largest (34% of 

respondents). The opposite is true for the Hatteras Treatment, in which the Never View class 

is the largest (43% of the sample), followed by the the All View class ( 33% of respondents). 

This suggests that if respondents are told that offshore wind farm development is to take 

place off the Cape Hatteras Seashore rather than off the coast of a developed town, 

respondents are more likely to be in the Never View class and less likely to be in the All 

View one. 
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Secondly, we note that while both the distance and the price coefficient are 

statistically significant for the Never View class in the Town Treatment, only the distance 

coefficient is significant for the Never View class of the Hatteras. While not conclusive, this 

suggests that while Never View respondents in the Town Treatment were willing to trade off 

viewshed impacts and electricity prices, Never View respondents in the Hatteras Treatment 

were less willing to do so. The economic significance of these findings will become clear 

upon examining willingness to pay estimates for these classes, which is done next. 

7.5 Welfare Measures: Willingness to pay 

Three willingness to pay (WTP) measures are presented for each of the treatments. 

First, marginal willingness to pay (MWTP) for a 10% increase in the levels of each of the 

attributes is presented, followed by WTP estimates to move from one designed level to 

another. Finally, total willingness to pay (TWTP) to move from possible future wind farm 

scenarios to the status quo will be calculated. All WTP measures examined in this section are 

in terms of yearly additions to the respondent electricity bill for three years.  

7.5.1 Town Treatment 

MWTP, Town Treatment 

Marginal willingness to pay (MWTP) for a 10% increase in the levels of the different 

attributes is presented in Table 7.18 based on the coefficient estimates presented in Table 

7.13. Medians, standard deviations, 90% confidence interval as well as 25th and 75th 

percentiles shown for each estimate are calculated based on 5,000 draws using the Krinsky 
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and Robb procedure (see Chapter 5, Section 5.4 for more details).125 Asterisks on specific 

MWTP estimates indicate that the 90% confidence interval (which is labeled “5% / 95%” and 

is reported in the fourth row in every panel) does not overlap with zero, suggesting statistical 

significance at the 10% level. 

Panel A reports that respondents in the All View class are WTP $13.31 a year in 

additional electricity prices for three years to move turbines 10% further offshore. This 

MWTP increases to $33.02 for the Never View class, highlighting the importance of the 

viewshed for this class. To put this value into context, we note that the average reported 

electric bill on a typical hot summer month is $190 for respondents in the Town Treatment. 

The average residential electricity bill in North Carolina for 2011 was $118 (EIA 2012), 

suggesting that the average electric bill in the Town sample is between $118 and $190, or 

roughly $155. Accordingly, respondents in the Never View class are WTP between about 2% 

extra on their monthly electricity bill to move visible turbines 10% further offshore. The 

MWTP to move turbines 10% further offshore is not statistically significant for the Some 

View class. 

The MWTP to decrease the size of visible wind turbines by 10% is given in Panel B. 

Both the All View class and the Some View class have a significant MWTP to reduce the 

number of turbines visible from the shore, and these estimates are not significantly different 

from each other at the 10% level. On average, respondents in the All View and Some View 

                                                 
125 Variations in the price coefficient resulted in 49 draws with a positive price coefficient for the All View class 
and 33 draws with a positive price coefficient for the Never View class. In line with economic reasoning, these 
draws were excluded from the analysis, leaving 4,918 draws from which to compute standard deviations, 
medians and percentiles. 
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classes would be WTP $3.24 extra yearly in their electricity bill to have the number of visible 

turbines decreased by 10%, only about 0.2% of the average monthly electricity bill. 

Panel C indicates that the MWTP to increase the number of permanent jobs created 

by 10% is only significant for the All View and Some View class. Respondents in the All 

View class are WTP $10.91 extra per year in electricity prices for three years to increase the 

number of permanent jobs resulting from offshore wind energy development by 10%. This 

suggests that respondents in this class are only willing to face an increase of between 0.5 and 

1% in their monthly electricity bill to increase the number of permanent jobs created by 10%. 

Respondents from the Some View class are WTP only $3.04 yearly for three years for this 

attribute change. Similar MWTP trends are seen for the carbon attribute in Panel D of Table 

7.18. Respondents in the All View and Some View classes are WTP $7.06 and $2.31 yearly 

for three years to increase carbon reduced by 10%, respectively. Estimates for the Never 

View respondents are again not statistically significant. 

Overall, the pattern in Table 7.18 indicates that the MWTP of respondents in the All 

View class is approximately the same for a 10% increase in each of the attributes examined, 

except size, where the MWTP is significantly lower. For the Never View class, we observe 

that, similarly to the VR survey, respondents in this class care only about distance. 

Interestingly, for the Some View class, we observe significance of the size rather than the 

distance attribute. Moreover, MWTP for a 10% increase in the size, jobs and carbon 

attributes is approximately the same for this class. 
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Discrete WTP, Town Treatment 

WTP estimates to move between attribute levels examined in the survey are presented 

in Table 7.19 to Table 7.22. For each of these tables, the level of one attribute is varied, while 

the levels of all other attributes are assumed fixed. WTP point estimates are again based on 

the coefficient estimates in Table 7.13, while medians, standard deviations and percentiles 

are based on WTP draws taken using the Krinsky and Robb procedure.  

Table 7.19 reports the WTP to move visible turbines further offshore, following the 

discrete designed distances used in the visualizations (5, 8, 12 and 18 miles). WTP estimates 

are significant for respondents in both the All View and the Never View classes. 

Interestingly, WTP for respondents in the Never View class is almost three times greater 

than, and significantly different to, the WTP of respondents in the All View class.  

Moreover, we see that confidence intervals for all the discrete distance intervals 

overlap. This equivalence of WTP estimates is explained by the fact that discrete distance 

changes all represent approximately the same relative increase in distance, which, given the 

log-linear functional form will by definition result in the same WTP estimates. For the 

designed, discrete changes in distance, respondents in the Never View class are WTP on 

average $12.33 a month extra in their electricity bill for three years, an increase of around 8% 

of the average electricity bill. This amount falls to $4.97 per month (approximately 3% of the 

average electricity bill) for the All View class. 

WTP estimates for changes in the size attribute are reported in Table 7.20. In line 

with MWTP estimates for size changes, we note that WTP estimates in Table 7.20 are 

statistically significant for the All View and Some View classes, but these two classes are not 
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significantly different from each other. Moreover, the confidence intervals for the two 

discrete size changes overlap for each class. On average, respondents in these classes are 

WTP $13.78 to move to the next smallest turbine size. Again, on a monthly basis, this is 

$1.15, less than 1% of the average NC electric bill. 

Table 7.21 illustrates that, again, the WTP to move between different levels of the 

permanent jobs attribute was only significant for the All View and Some View classes. WTP 

for the All View class is approximately three times that of the Some View class and these 

estimates are significantly different at the 10% level. WTP for both classes decreases as the 

baseline number of jobs increases, but these estimates are not significantly different from 

each another. Respondents in the All View class are WTP on average $39.27 per year to 

move between the job levels, while this amount decreases to $10.95 per year for the Some 

View class. 

Finally, estimates of the WTP to move between levels of the carbon attribute are 

reported in Table 7.22. WTP for the All View class is significantly higher than that of the 

Some View class, with respondents in the All View class expressing a WTP that is 

approximately three times that of the Some View class. Even for the All View class, 

however, the WTP for discrete carbon changes are relatively modest – on average $22.63 per 

year or $1.89 per month, which is less than around 1% of the summer electric bill or 2% of 

the average monthly electricity bill in NC. 

TWTP, Town Treatment 

Finally, TWTP estimates to move between the status quo (SQ) alternative and 

possible future wind farm development scenarios are examined in Table 7.23. Future policy 
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scenarios are based on the call areas identified by the Bureau of Ocean and Energy 

Management (BOEM) NC State Task Force (see Section 2.1 for a discussion of the current 

BOEM call areas). The Kitty Hawk, Wilmington West and Wilmington East call areas have 

feasible turbine distances at approximately seven, eight and fifteen miles from shore, 

respectively. I assume 144 turbines for a potential wind farms, the largest size included in our 

visualizations, since recent visualizations off the NC coast by BOEM used 200 turbines 

(BOEM 2012). Given 144 turbines and assuming a capacity factor of 40% and an operating 

margin of 0.6, a 144 turbine array would result in the reduction of 1,324,512 metric tons of 

carbon dioxide equivalent, or the same as taking approximately 300,000 cars off the road 

each year for 20 years (Arneman 2009).126 Assuming that 1.1 permanent jobs per installed 

MW of offshore wind capacity are created, a 144 (720MW) offshore wind farm would 

generate approximately 800 permanent jobs. Thus, the three policy scenarios are based on 

144 turbine wind farm arrays, generating 800 permanent jobs, resulting in carbon dioxide 

reduction equivalent to taking 300,000 cars off the road each year for 20 years, placed at 

either seven, eight or fifteen miles from shore. Recall that the SQ examined in the survey was 

one in which all turbines were built 30 miles from the shore, 300 permanent jobs were 

created and carbon dioxide reduction was equivalent to taking 100,000 cars off the road for 

20 years. 

Table 7.23 reports the TWTP estimates to move from the different policy scenarios 

examined to the SQ alternative. Panel A and Panel B indicate the TWTP to move from the 

Kitty Hawk Scenario and the Wilmington West Scenario to the SQ. Since the wind farms in 
                                                 
126 See Section 3.2.2 for a discussion of how carbon and jobs created are calculated based on wind farm 
capacity. 
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these scenarios are located at seven and eight miles from the shore, respectively, TWTP 

estimates are approximately the same for these two scenarios. Respondents in the Never 

View class are willing to pay approximately an extra $520 extra per year for three years on 

their electricity bill to move from the either of these scenarios to the SQ. This translates to 

about $43 per month, or between 23% and 37% of average electricity bills; a substantial 

increment. For respondents from the Some View class the TWTP is $120 per year or $10 per 

month, which is between 5 to 9% of the monthly electricity bill. TWTP estimates for the All 

View group were not statistically significant, possibly suggesting that the increase in the jobs 

and carbon levels resulting from the policy change at hand were sufficient to offset any 

externalities in the view that resulted from locating turbines closer to shore. 

Panel C of Table 7.23 reports the TWTP to move from the Wilmington East wind 

farm scenario at 15 miles to the SQ. Respondents from the Some View class are now WTP a 

total of $111 per year ($9.25 per month) extra on their electricity bill for three years to move 

from the Wilmington East scenario to the SQ, while respondents in the Never View class are 

WTP $276 per year ($23 per month) for this change. 

7.5.2 Hatteras Treatment 

WTP estimates for the Hatteras Treatment are discussed in the same way as for the 

Town Treatment. WTP estimates are calculated using the coefficient estimates of the latent 

class model presented in Table 7.16, while standard deviations, 90% confidence intervals and 



 

246 

25th and 75th percentiles are calculated using 5,000 draws of the estimated coefficients using 

the Krinsky and Robb procedure.127 

MWTP, Hatteras Treatment 

Table 7.24 reports MWTP estimates for a 10% increase in the levels of the different 

attributes. As indicated in Panel A, MWTP to move turbines 10% further offshore is $17 for 

the All View class and $4.78 for the Some View class, suggesting that respondents in the All 

View class are WTP almost four times as much as respondents in the Some View class for 

moving turbines further offshore, ceteris paribus. To put this value into context, we note that 

the average reported electric bill on a typical hot summer month is $176 for respondents in 

the Hatteras Treatment. Given the average NC residential electricity bill in 2011 was $118 

(EIA 2012), this suggests that the average electric bill in the Hatteras sample is between $118 

and $176, or roughly $150. As such, even for the All View class, MWTP is only less than 1% 

of the average monthly electricity bill.  

While it is clear from the latent class analysis in Section 7.4.4 that distance was the 

most important attribute for respondents in the Never View class, MWTP estimates for 

moving turbines further offshore are not statistically significant for this class. The reason for 

                                                 
127 Large variations in the price coefficient resulted in 982 out of 5,000 positive price draws for the Never View 
class. In line with previous WTP calculations as well as economic reasoning, these positive price draws were 
excluded from the analysis leaving 4,018 draws from which to compute medians, standard deviations and 
percentiles. While for the VR survey this action did not change the interpretation of results, interpretation of the 
WTP values relevant for the distance attribute for the Never View class changes for the Hatteras Treatment (no 
other WPT measures are affected enough to change interpretation). Specifically, the confidence interval 
suggests significance of the WTP estimate for distance after excluding the draws, while this is not the case 
when the draws are kept. As latent class regression results for the Hatteras Treatment suggest that respondents 
in the Never View class were not willing to make financial trade-offs and only cared about the distance of 
visible turbines from the shore, significance of WTP estimates for this class are misleading. Accordingly, WTP 
estimates for the distance attribute of the Never View class are displayed both for all draws, as well as for the 
triaged draws, but discussion will be based on the former. 
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this is that, as reported in Table 7.16, only the distance attribute is significant for this class – 

price was not statistically significant. Given the insignificance of the price attribute for this 

class, it is not possible to obtain significant WTP estimates for the Never View respondents. 

Panel B illustrates that respondents in the All View and Some View classes have 

similar MWTPs to decrease the number of turbines visible from the shore by 10%. 

Respondents are WTP on average $4.36 per year or $0.36 a month to decrease size by 10% - 

approximately 0.2% of the average electricity bill.  

Panel C reports the MWTP for a 10% increase in permanent jobs created. Again we 

observe that the MWTP is significantly higher, and approximately four times larger, for the 

All View class than for the Some View class. Respondent MWTP for a 10% increase in jobs 

is less than $1 a month for the All View class and only around $0.25 per month for the Some 

View class. From Panel D, we note that MWTP for a 10% decrease in carbon reduction is 

only statistically significant for the All View class, who are WTP $8.08 a year extra on their 

electric bill for three years. 

Overall trends in Table 7.24 suggest that respondents in the All View class are WTP 

for marginal changes in each of the attributes examined. Moreover, respondent WTP for a 

10% increase in the distance attribute is significantly higher than it is for the size and carbon 

attributes. MWTP for a 10% change in the size, jobs and carbon attributes are not 

significantly different across attributes for this group and are, on average, $8.10 per year for 

three years. Respondents in the Some View class have a significant MWTP for a 10% change 

in the distance, size and jobs attributes of, on average, $3.84 per year or $0.32 per month. 

MWTP estimates across attributes are not significantly different from each other. The 
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MWTP for each attribute is only about 0.2% of the average monthly electricity bill. As 

discussed above, none of the MWTP estimates are significant for the Never View Class. 

Discrete WTP, Hatteras Treatment 

WTP estimates to move between attribute levels examined in the survey are presented 

in Table 7.25 to Table 7.28. As in the Town Treatment, in each of these tables the level of 

one attribute is varied, while the levels of all other attributes are assumed fixed. WTP point 

estimates are based on the coefficient estimates in Table 7.16, while medians, standard 

deviations and percentiles are based on WTP draws taken using the Krinsky and Robb 

procedure.  

Table 7.25 reports that the average WTP to move visible turbines between the 

discrete designed distances analyzed in the survey is $76.18 per year for the All View class 

and $21.42 for the Some View class.128 This suggests that respondents in the All View class 

are WTP approximately four times more than respondents in the Some View class to increase 

the distance of visible turbines from the shore. This difference is statistically significant.  

Table 7.26 illustrates that for the size attribute, WTP to decrease the number of 

visible turbines from 144 to 100 or from 100 to 64 is not significantly different for both the 

All View class and the Some View class. Moreover, estimates between the two classes are 

not significantly different at the 10% level. Respondents in these two classes are WTP on 

average $18.53 per year, or $1.54 per month (1% of the average electricity bill) to decrease 

size from one discrete level examined to another. 

                                                 
128 Recall that, given discrete distance changes are more or less proportionately equivalent, WTP estimates are 
not significantly different between different discrete changes examined. 
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As indicated by Table 7.27, WTP to move between discrete levels of jobs differs for 

the All View and the Some View class. Respondents in the All View class express a WTP of 

$54.76 per year ($4.56 per month) to increase the number of permanent jobs created from 

500 to 800. This amounts to about a 3% increase on the monthly electricity bill. This WTP 

decreases to $28.1 per year ($2.34 per month) to increase jobs from 1,100 to 1,400. The WTP 

to increase jobs from 800 to 1100 is not significantly different from either of these estimates. 

For the Some View class on the contrary, WTP estimates are not significantly different 

across different discrete change examined, with respondents expressing an average WTP of 

$11.30 per year, or about $1 per month for three years to increase jobs at each level. This 

corresponds to less than a 1% increase in the average electricity bill. 

Finally, Table 7.28 illustrates that WTP between different carbon levels examined is 

only significant for the All View class. WTP estimates for this class are not significantly 

different across changes examined and amount to, on average, $25.91 per year or $2.16 per 

month for three years, equivalent to about 1.5% of the monthly electric bill. 

TWTP, Hatteras Treatment 

TWTP estimates to move between the status quo (SQ) alternative and policy 

scenarios described in Section 7.5.1 are reported in Table 7.29. In line with previous WTP 

estimates, TWTP is not significant for the Never View class due to the lack of significance of 

the price attribute for this group of respondents. As the distance of the wind farms from the 

shore is approximately the same for the Kitty Hawk and the Wilmington West scenarios, the 

TWTP estimates between these classes are not significantly different. Interestingly, TWTP 

estimates to move from each of these wind farm scenarios to the SQ is also not significantly 
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different between the Some View and the All View classes, and amounts to approximately 

$264 per year or $22 per month extra in electricity costs for three years. Given the average 

electricity bill of around $150 for respondents in this sample, this suggests respondents are 

WTP almost 15% extra each month in electricity costs for three years to move from the 

scenarios at hand to the SQ. Similar to the Town treatment, only respondents in the Some 

View class are WTP to move from the Wilmington East scenario to the SQ. Specifically, 

respondents are WTP $185 per year or $15.42 per month extra for this change (10% of the 

average electricity bill).  

7.6 Conclusions 

A number of observations can be made upon comparing the WTP estimates between 

the Town Treatment and the Hatteras Treatment. From Table 7.18 and Table 7.24 we see that 

respondents in the All View class of both treatments have a significant MWTP for a change 

in each of the wind farm attributes examined. For the Some View class, respondents in the 

Town Treatment had a significant MWTP for all attributes except for the distance, while for 

the Hatteras Treatment all MWTPs were significant except for carbon attribute. Moreover, 

upon comparison of the magnitudes of the statistically significant MWTP values in tables 

Table 7.18 and Table 7.24, we note that MWTP estimates are not significantly different 

between the Town Treatment and the Hatteras Treatment for the All View and the Some 

View classes.129 

                                                 
129 Given the functional form used, similar comparisons hold when WTP estimates for moving between discrete 
attribute levels are compared.  
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A noteworthy difference between the two treatments is that MWTP for changes in the 

distance attribute is significant for the Never View class in the Town Treatment but not in the 

Hatteras Treatment. Recall, the Never View class are respondents that primarily chose the 

baseline as their most preferred option. Focusing on the Town Treatment, Table 7.18 reports 

that this class has the highest MWTP to move offshore wind turbines further offshore. As this 

group always chose the baseline scenario as their most preferred scenario, we deduce that 

this class does not value additional carbon reduced or permanent jobs created that result from 

larger wind farms, if the additional wind turbines constructed are constructed within view of 

the coast. This finding is supported by the lack of statistical significance for the coefficient 

estimates on both jobs and for the Never View class in Table 7.13.  

Contrary to the above, Table 7.24 reports a larger, but not statistically significant 

MWTP point estimates for respondents in the Never View class of the Hatteras treatment to 

move turbines further offshore. Given that the coefficient for distance was significant in 

Table 7.16, insignificance of MWTP measures is attributable to insignificance of the price 

attribute for this class. This suggests that insignificance of the MWTP estimate for changes in 

the distance attribute most likely does not imply that respondents are indifferent to the 

location of the wind farm, but rather that they are unwilling to face tradeoffs between visual 

impacts of wind farms and possible monetary compensation.  

The above comparison of MWTP estimates between the two treatments suggests that 

if wind farms were constructed off a developed coastal town, it would be possible to offset 

the disutility of visual impacts for all respondents through reductions in electricity prices. 

Furthermore, for 66% of respondents (those in the All View and the Some View classes), the 
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utility impacts of visual wind farms could be offset if the wind farm results in significant 

increases in permanent jobs or carbon reduction. If the wind farm were constructed off the 

Cape Hatteras National Seashore, the disutility of visual impacts could also be offset by 

either reductions in electricity prices or increases in permanent jobs or carbon reduction, but 

now only for approximately 57% of the population (those in the All View and Some View 

classes). The remaining 43% of the population would most likely protest developing visible 

wind farms off the Cape Hatteras Seashore, irrespective of the impact of such development 

on electricity prices, job creation or carbon reduction. 

TWTP estimates also provide some interesting insights. We note from Table 7.23 and 

Table 7.29 that respondents in both treatments are willing to face substantial increases in 

electricity prices to avoid locating offshore wind farms as described for the Kitty Hawk and 

the Wilmington West scenario. Given lease blocks off the coast of the Cape Hatteras 

National Seashore are not included in the call areas released by BOEM (Department of the 

Interior 2012a), examination of the TWTP estimates of the Town Treatment are more 

informative. Note that 46% of respondents (the All View class) are indifferent between the 

status quo scenario and the suggested policy scenarios, however, the remaining 54% of 

respondents are willing to face an a substantial increase in electricity prices for three years to 

have the status quo scenario built rather than the Kitty Hawk or the Wilmington West 

scenario. Of these 54% of respondents, 63% would be willing to pay approximately 28% 

more in electricity prices, while the other 37% would be willing to pay about 7% more. If 

wind farms were instead developed as far offshore as suggested in the Wilmington East 
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scenario, this willingness to pay decreases to between 6 and 15% of the average electric bill 

for three years. 
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7.8 Tables and Figures 

Table 7.1: Summary statistics of survey respondents’ demographic characteristics 

Panel A: Summary of respondent education, age and race/ethnicity 

Education Level % respondents Age % respondents Race / Ethnicity % respondents 

High School or Less 8.9% 18-25 2.8% White 84.5% 

Some College 21.0% 26-35 12.1% African American 10.0% 

College 44.3% 36-45 11.4% Hispanic or Latino 1.4% 

MA 17.2% 46-55 21.4% Asian 0.7% 

Ph.D. 8.6% 56-65 26.6% American Indian 1.0% 

  66-75 16.6% Other 2.4% 

  76+ 9.3%   

Total Responses: 291  290  290 

Panel B: Summary of respondent employment status and income 

Employment Status % respondents Income % respondents 

Employed 43.1% < $10,000 5.5% 

Self-employed 12.1% $10,000-$14,999 2.9% 

Not working, but seeking 
employment 

3.1% $15,000-$24, 999 5.2% 

Not working by choice 4.1% $25,000-$49,999 21.3% 

Student 1.4% $50,000-$74,999 25.7% 

Retired 36.2% $75,000-$99,999 13.2% 

  $100,000-$149,999 14.3% 

  $150,000-$199,999 6.6% 

  > $200,000 5.2% 

Total Responses: 290  272 
Panel C: Summary of household composition 

Adults in household % HH Children in household % Households 

1 19.0% 0 76.8% 
2 64.5% 1 7.9% 
3 13.1% 2 11.3% 
4 2.8% 3 3.8% 
5 0.7% 4 0.7% 

Total responses = 290 Total responses = 291 
Average # Adults = 2.0 Average # Children = 0.4 
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Table 7.2: Respondents’ familiarity with NC coast and wind energy. 

Variable Summary Statistic 
In the past 5 years, number of respondents who indicated they have 
visited the NC coast (N=226): 
          1 to 5 times 

 
 

102 (45%) 
          6 to 20 times  42 (19%) 
          21 to 100 times  34 (15%) 
          more than 100 times  48 (21%) 
  
Number of respondents who indicate they have visited the NC coast in 
the past 10 years (N=271) 

245 (90%) 

  
Number of respondents who indicate they have visited the Cape
Hatteras National Seashore (N=274) 
          if received the Hatteras version of the survey 
          if received the developed beach town version of the survey 
 

168 (61%) 
 

95 (66%) 
73 (56%) 

Number of respondents who indicate they have seen an onshore or
offshore wind farm (more than 10 turbines) (N=281) 
         of which have seen an offshore wind farm 
 

106 (38%) 
 

10 (4%) 

Number of respondents who indicated their familiarity with news 
about offshore wind development in NC is (N=281): 
         closely follow the news 

 
 

15 (5%) 
         somewhat follow the news 145 (52%) 
         not aware of the discussions 121 (43%) 
 
Number of respondents who own property on the NC coast (N=295) 

 
47 (16%) 

a N indicates the number of respondents who provided information for each question. The number 
 of respondents varies across demographic characteristics due to item nonresponse. 
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Table 7.3: Summary of respondent’s opinions of the impacts of offshore wind energy 

Panel A: Potential Environmental Impacts of an Offshore Wind Farm 

Category 
Positive
impact  

No 
impact  

Negative 
impact 

Not 
sure 

Na 

Marine Life 
25 20 73 42 32 91 283 

(9%) (7%) (26%) (15%) (11%) (32%) 

Bird Life 
18 14 65 50 49 87 283 

(6%) (5%) (23%) (18%) (17%) (31%) 
Recreational boating & 
fishing 

19 17 96 45 40 62 279 
(7%) (6%) (34%) (16%) (14%) (22%) 

Climate Change 
42 24 121 1 13 76 277 

(15%) (9%) (44%) (0%) (5%) (27%) 
Panel B: Potential Economic Impacts of an Offshore Wind Farm 

Category Increase
 

No 
impact  

Decrease 
Not 
sure 

Na 

Coastal tourism 
11 14 137 31 38 45 276 

(4%) (5%) (50%) (11%) (14%) (16%) 

Creation of permanent jobs 
162 71 18 0 2 28 281 

(58%) (25%) (6%) (0%) (1%) (10%) 

Electricity prices in NC 
61 53 41 30 32 63 280 

(22%) (19%) (15%) (11%) (11%) (23%) 

Coastal property values 
15 12 103 42 47 59 278 

(5%) (4%) (37%) (15%) (17%) (21%) 
Commercial fishing 
revenues 

8 10 95 28 48 90 279 
(3%) (4%) (34%) (10%) (17%) (32%) 

Government Spending 
90 55 36 4 5 87 277 

(32%) (20%) (13%) (1%) (2%) (31%) 
a N is the number of respondents who answered the question. Percentages across categories may not sum to 100 
due to rounding. 
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Table 7.4: Summary of respondent’s opinions on actions that should be taken in NC to 
reduce carbon dioxide emissions. 

Action Significantly
To some
extent 

Not at all Not sure Na 

Expand and invest in nuclear energy 62 74 85 53 274 
(23%) (27%) (31%) (19%) 

Expand and invest in solar power 136 94 29 21 280 
(49%) (34%) (10%) (8%) 

Expand and invest in wind power 130 102 28 21 281 
(46%) (36%) (10%) (7%) 

Implement a carbon tax on both 
industry and households 

20 56 143 59 278 
(7%) (20%) (51%) (21%) 

Implement a carbon tax on industry 
only 

58 75 94 49 276 
(21%) (27%) (34%) (18%) 

a N is the number of respondents who answered the question. Percentages across categories may not sum to 100 
due to rounding. 
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Table 7.5: Summary of choice question responses and motivations 

   N     (%)

Panel A:  Of the 271 respondents answering choice questions correctly, number who:a 

    always chose the baseline view. 94 (35%)
    sometimes chose the baseline view. 105 (39%)
    always chose an option with a view of wind turbines. 
 

72 (26%)

Panel B:  Of 92 respondents who answered why they always chose the baseline view, 
                  number who indicated they did so because they:  

   prefer no wind energy at all. 8 (9%)
   think turbines should not be seen from shore. 58 (63%)
   can't afford to pay extra electricity costs. 44 (48%)
   think everyone should choose their energy source & those who do not wish 
   to, should not pay for wind energy. 

33 (36%)

   have doubts about offshore wind energy (e.g., bird or tourism impacts). 15 (16%)

Panel C:  Of the 61 respondents who answered why they always chose a view with wind
                 turbines present, number who indicated they did so because they: 

    like the way they look. 10 (16%)
    think NC should invest in a sound energy supply, even if more expensive 33 (54%)
    are a strong supporter of wind energy as a renewable energy source. 44 (72%)
    because these options came with increased job creation. 5 (8%)
 
Panel D:  Of the 72 respondents that always chose an option with a view of wind turbines, 
                 number that:  
    always ranked the baseline as their least preferred alternative: 
 

53 (74%)
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Table 7.6: Summary of respondent choices 

 Frequency (percent) 
Times baseline 
rank #1 

Total Coastal County Rest of NC 
Hatteras 

Treatment 
Town  

Treatment 

Always 
94 

(34.7) 
34 

(40.0) 
60 

(32.3) 
57 

(39.8) 
37 

(28.9) 
 
 
Never 
 
 

72 
(26.6) 

22 
(25.9) 

50 
(26.9) 

31 
(21.7) 

41 
(32.0) 

Sometimes 
105 

(38.7) 
29 

(34.1) 
76 

(40.8) 
55 

(38.5) 
50 

(39.1) 

Total 
271 

(100) 
85 

(100) 
186 

(100) 
143 

(100) 
128 

(100) 
Notes: Always = always chose the baseline view as most preferred scenario; Never = always chose a scenario 
with wind turbines in view as most preferred scenario (never chose baseline as most preferred); Sometimes = 
sometimes chose the baseline scenario and sometimes a scenario with wind turbines in view as the most 
preferred option. 
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Table 7.7: Respondent reported attribute importance 

Importance in choice making behavior 

1 2 3 4 5 Total 

 Panel A: All Respondents 

View of turbines from  
    the shore 

92 34 58 21 43 248 
(37.1%) (13.71%) (23.39%) (8.47%) (17.34%) (100%)

Amount of carbon  
    reduced 

85 71 67 9 15 247 
(34.41%) (28.74%) (27.13%) (3.64%) (6.07%) (100%)

Number of permanent  
     jobs created 

86 73 65 13 12 249 
(34.54%) (29.32%) (26.1%) (5.22%) (4.82%) (100%)

Addition to electricity  
    bill 

107 42 60 25 15 249 
(42.97%) (16.87%) (24.1%) (10.04%) (6.02%) (100%)

Location (near  
    Hatteras or Town) 

52 32 71 34 58 247 
(21.05%) (12.96%) (28.74%) (13.77%) (23.48%) (100%)

Panel B: Respondents always choosing the baseline view 

View of turbines from  
    the shore 

53 0 7 11 9 80 
(66.25%) (0%) (8.75%) (13.75%) (11.25%) (100%)

Amount of carbon  
    reduced 

15 15 30 6 11 77 
(19.48%) (19.48%) (38.96%) (7.79%) (14.29%) (100%)

Number of permanent  
     jobs created 

18 18 26 9 8 79 
(22.78%) (22.78%) (32.91%) (11.39%) (10.13%) (100%)

Addition to electricity  
    bill 

44 14 15 4 2 79 
(55.7%) (17.72%) (18.99%) (5.06%) (2.53%) (100%)

Location (near  
    Hatteras or Town) 

29 14 20 3 12 78 
(37.18%) (17.95%) (25.64%) (3.85%) (15.38%) (100%)

Panel C: Respondents always choosing a view with turbines 

View of turbines from  
    the shore 

8 6 29 10 14 67 
(11.94%) (8.96%) (43.28%) (14.93%) (20.9%) (100%)

Amount of carbon  
    reduced 

41 17 7 1 2 68 
(60.29%) (25%) (10.29%) (1.47%) (2.94%) (100%)

Number of permanent  
     jobs created 

36 20 12 0 0 68 
(52.94%) (29.41%) (17.65%) (0%) (0%) (100%)

Addition to electricity  
    bill 

11 11 25 13 8 68 
(16.18%) (16.18%) (36.76%) (19.12%) (11.76%) (100%)

Location (near  
    Hatteras or Town) 

7 7 24 10 19 67 
(10.45%) (10.45%) (35.82%) (14.93%) (28.36%) (100%)

Notes: Frequencies indicate the number of respondents choosing the category shown. Percentages are shown 
below frequencies. Categories allowed respondents to indicate how important each attribute was in their 
decision-making process, where the 5-point scale was defined as: 1=Extremely important; 3 = Somewhat 
important; 5 = Not important at all. See question D.3 in Section J.2, Appendix J. 
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Table 7.8: Results of scale test 

Sample 
Hatteras  TownL  HatterasL  L A  1Reject ?AH

Full model 0.31 -1319.043 -1162.981 -2530.83 97.60a Yes 
Reduced model 0.28 -1434.722 -1342.808 -2808.24 61.43b Yes 
a The chi-squared statistic for 18 d.f. and 95% confidence interval is 28.87 
b The chi-squared statistic for 10 d.f. and 95% confidence interval is 18.31. 
 
 
 
 
Table 7.9: Main effects regression, by treatment 

 Town Treatmenta Hatteras Treatmentb 

 Coeff Std error Coeff Std error 
Ln(Distance) 0.47*** 0.124 0.543*** 0.101 
Ln(Size) 0.123 0.123 -0.198* 0.109 
Ln(Jobs) 0.129 0.082 0.167** 0.077 
Ln(Carbon) 0.177** 0.08 0.125* 0.075 
Price -0.003*** 0 -0.002*** 0 
ASC 0.043 0.636 1.008* 0.524 

Notes: Statistical Significance at the 1%, 5%, and 10% level are represented by ***,**,and *, respectively. 
a n = 128, LL = -1,782.66 
b n = 143, LL = -1,927.00 
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Table 7.10: Full model, by treatment 

 Town Treatmenta Hatteras Treatmentb

 Coeff Std error Coeff Std error 
Ln(Distance) 0.553*** 0.159 0.621*** 0.140 
Ln(Size) 0.147 0.151 -0.089 0.152 
Ln(Jobs) 0.129 0.102 0.235** 0.099 
Ln(Carbon) 0.251*** 0.091 0.083 0.103 
Price -0.003*** 0.001 -0.002*** 0.001 
ASC -0.467 0.964 0.163 1.140 
ASC*times visited -0.002 0.003 0 0.003 
ASC*boater -0.798 0.485 -1.21** 0.483 
ASC*fisher -0.027 0.440 -0.294 0.488 
ASC*experience seeing turbines 0.673* 0.384 -0.728* 0.415 
ASC*follow news 0.526 0.400 0.179 0.378 
ASC*own beach house 0.157 0.569 -0.548 0.560 
ASC*electricity bill 0.001 0.002 0.005* 0.003 
ASC*income 0 0.000 0 0.000 
ASC*education 0.04 0.247 0.087 0.256 
ASC*CAMA -0.129 0.606 -0.008 0.574 
ASC*retired 0.134 0.407 -0.123 0.470 
Notes: Statistical Significance at the 1%, 5%, and 10% level are represented by ***,**,and *, respectively. 
a n = 98, LL = -1,319.04 
b n = 89, LL = -1,162.98 
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Table 7.11: Information criteria values of estimated latent class models 

Classes 
Log 

Likelihood 
BIC AIC AIC CAIC Parameters R² 

Town Treatment: Preference- and two scale heterogeneity  
2 -1274.0 2615.9 2576.0 2590.0 2629.9 14 0.42 
3 -1198.9 2499.7 2439.8 2460.8 2520.7 21 0.45 
4 -1128.3 2392.4 2312.5 2340.5 2420.4 28 0.54 
5 -1090.5 2350.8 2251.0 2286.0 2385.8 35 0.55 
6 -1066.7 2337.2 2217.4 2259.4 2379.2 42 0.60 
7 -1049.1 2336.0 2196.2 2245.2 2385.0 49 0.62 

Hatteras Treatment: Preference- and two scale heterogeneity 
2 -1336.1 2741.7 2700.2 2714.2 2755.7 14 0.46 
3 -1259.7 2623.6 2561.3 2582.3 2644.6 21 0.47 
4 -1200.5 2539.9 2457.0 2485.0 2567.9 28 0.52 
5 -1169.8 2513.2 2409.5 2444.5 2548.2 35 0.57 
6 -1143.2 2494.7 2370.3 2412.3 2536.7 42 0.63 
7 -1127.9 2499.0 2353.8 2402.8 2548.0 49 0.64 
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Table 7.12: Summary of choices by latent class, Town Treatment 

Number of times view 
option chosen as most 
preferred scenario 

LC1 LC2 LC3 Total 

Never 0 29 8 37 
   (%) (0) (78) (22) (100) 
1 0 0 0 0 
   (%) (0) (0) (0) (100) 
2 0 1 4 5 
   (%) (0) (20) (80) (100) 
3 0 0 3 3 
   (%) (0) (0) (100) (100) 
4 0 3 2 5 
   (%) (0) (60) (40) (100) 
5 2 7 8 17 
   (%) (12) (41) (47) (100) 
6 6 1 1 8 
   (%) (75) (13) (13) (100) 
7 12 1 0 13 
   (%) (92) (8) (0) (100) 
Always 39 1 0 40 
   (%) (98) (2) (0) (100) 
Total 59 43 26 128 
   (%) (46) (34) (20) (100) 
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Table 7.13: Final scale adjusted latent class model, Town Treatment 

 All View (LC1) Never View (LC2) Some View (LC3) 

 Coeff Std error Coeff Std error Coeff Std error 

Panel A: Preference classes 

Class size 59 (46%) 43 (34%) 26 (20%) 
Ln(Distance) 0.293** 0.144 0.52*** 0.130 0.158 0.151 
Ln(Size) -0.075* 0.041 -0.029 0.046 -0.387*** 0.136 
Ln(Jobs) 0.24*** 0.063 0.057 0.041 0.383*** 0.084 
Ln(Carbon) 0.156*** 0.036 0.031 0.033 0.291*** 0.103 
Price -0.002** 0.001 -0.002** 0.001 -0.012*** 0.002 
ASC 1.321** 0.573 0.023 0.274 1.336** 0.669 

Panel B: Scale classes 

 Coeff Std error Class size    

Scale(1) 1 Fixed 56 (44%)    
Scale(2) 8.39*** 1.298 72 (56%)    

Notes: Statistical Significance at the 1%, 5%, and 10% level are represented by ***,**,and *, respectively. 
N=128; lnL=-1,198.89.  
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Table 7.14: Inactive Covariates by Latent- and Scale Class, Town Treatment 

 Latent Class Scale Class 
Covariate LC1 

All 
View 

LC2 
Never 
View 

LC3 
Some 
View 

SC1 SC2 

Age 
18-55 0.41 0.37 0.22 0.49 0.51 
> 56 0.48 0.31 0.21 0.40 0.60 

Gender 
Female 0.50 0.30 0.20 0.45 0.55 
Male 0.39 0.37 0.23 0.44 0.56 

Graduate school education 
No 0.44 0.33 0.23 0.46 0.54 
Yes 0.47 0.36 0.17 0.40 0.60 

Employment and retirement status 
Not employed 0.46 0.31 0.22 0.42 0.58 
Employed 0.44 0.35 0.21 0.47 0.53 
Not retired 0.44 0.37 0.19 0.45 0.55 
Retired 0.47 0.28 0.25 0.44 0.56 

Annual Income 
< $250,000 0.46 0.27 0.28 0.44 0.56 
> $250,000 0.47 0.39 0.13 0.44 0.56 

Residence in coastal county 
No 0.46 0.34 0.21 0.43 0.57 
Yes 0.45 0.32 0.23 0.49 0.51 

Electric bill on typical hot summer month 
<$150 0.44 0.30 0.26 0.53 0.47 
$150-$200 0.40 0.44 0.16 0.45 0.55 
>$200 0.51 0.29 0.20 0.38 0.62 

Experience with seeing wind turbines 
No 0.40 0.33 0.27 0.41 0.59 
Yes 0.53 0.34 0.13 0.53 0.47 

Engagement in boating activities while at the coast 
No 0.51 0.25 0.24 0.43 0.57 
Yes 0.36 0.54 0.10 0.47 0.53 

Notes: Pairs of bold proportions indicate that proportions are significantly different at the 10% level, as 
calculated using Fisher’s exact test in STATA 11.  
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Table 7.15: Summary of choices by latent class, Hatteras Treatment 

Number of times view 
option chosen as most 
preferred scenario 

LC1 LC2 LC3 Total 

Never 0 41 16 57 
   (%) (0) (72) (28) (100) 
1 0 1 5 6 
   (%) (0) (17) (83) (100) 
2 0 0 2 2 
   (%) (0) (0) (100) (100) 
3 0 5 2 7 
   (%) (0) (71) (29) (100) 
4 0 4 3 7 
   (%) (0) (57) (43) (100) 
5 2 4 4 10 
   (%) (20) (40) (40) (100) 
6 7 4 2 13 
   (%) (54) (31) (15) (100) 
7 9 2 0 11 
   (%) (82) (18) (0) (100) 
Always 29 1 0 30 
   (%) (97) (3) (0) (100) 
Total 47 62 34 143 
   (%) (33) (43) (24) (100) 
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Table 7.16: Final scale adjusted latent class model, Hatteras Treatment 

 All View (LC1) Never View (LC2) Some View (LC3) 
 Coeff Std error Coeff Std error Coeff Std error 

Panel A: Preference classes 
Class size 47 (33%) 62 (43%) 34 (24%) 
Ln(Distance) 0.517*** 0.155 0.67** 0.269 0.552** 0.271 
Ln(Size) -0.156* 0.083 -0.149 0.119 -0.415*** 0.160 
Ln(Jobs) 0.338*** 0.073 0.025 0.079 0.362* 0.203 
Ln(Carbon) 0.246*** 0.065 0.026 0.070 0.053 0.131 
Price -0.003*** 0.001 -0.001 0.001 -0.011*** 0.002 
ASC 2.061*** 0.662 0.41 0.645 1.944*** 0.715 

       
Panel B: Scale classes 

 Coeff Std error Class size    
Scale(1) 1 Fixed 59 (41%)    
Scale(2) 5.82*** 0.665 84 (59%)    

Notes: Statistical Significance at the 1%, 5%, and 10% level are represented by ***,**,and *, respectively. 
N=143; lnL=-1,259.67. 
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Table 7.17: Inactive Covariates by Latent- and Scale Class, Hatteras Treatment 

 Latent Class Scale Class 
Covariate LC1 

All 
View 

LC2 
Never 
View 

LC3 
Some 
View 

SC1 SC2 

Age 
18-55 0.30 0.42 0.28 0.49 0.51 
> 56 0.36 0.41 0.22 0.36 0.64 

Gender 
Female 0.27 0.45 0.28 0.49 0.51 
Male 0.38 0.39 0.23 0.37 0.63 

Graduate school education 
No 0.32 0.39 0.29 0.47 0.53 
Yes 0.35 0.48 0.16 0.32 0.68 

Employment and retirement status 
Not employed 0.31 0.44 0.25 0.35 0.65 
Employed 0.34 0.40 0.26 0.48 0.52 
Not retired 0.33 0.40 0.27 0.46 0.54 
Retired 0.33 0.44 0.23 0.35 0.65 

Annual Income 
< $250,000 0.32 0.41 0.27 0.47 0.53 
> $250,000 0.36 0.42 0.23 0.36 0.64 

Residence in coastal county 
No 0.35 0.39 0.26 0.47 0.53 
Yes 0.29 0.48 0.23 0.35 0.65 

Electric bill on typical hot summer month 
<$150 0.34 0.44 0.22 0.40 0.60 
$150-$200 0.28 0.40 0.32 0.46 0.54 
>$200 0.32 0.43 0.25 0.44 0.56 

Experience with seeing wind turbines 
No 0.35 0.38 0.27 0.45 0.56 
Yes 0.28 0.45 0.27 0.39 0.61 

Engagement in boating activities while at the coast 
No 0.38 0.36 0.26 0.48 0.52 
Yes 0.19 0.58 0.23 0.37 0.63 

Notes: Pairs of bold proportions indicate that proportions are significantly different at the 10% level, 
 as calculated using Fisher’s exact test in STATA 11.  
 

  



 

270 

Table 7.18: MWTP for a 10% change in the attributes, Town Treatment 

  Latent Class  
 All View (LC1) Never View (LC2) Some View (LC3) 
 Panel A: Distance 

MWTP 13.31* 33.02* 1.26 
Median 13.43 34.35 1.26 
Std Dev 5.96 130.85 1.18 
5% / 95% 8.23 / 18.34 23.81 / 68.43 -0.79 / 3.07 
25% / 75% 11.82 / 14.91 29.19 / 41.94 0.47 / 2 
 Panel B: Size 
MWTP 3.4* 1.83 3.07* 
Median 3.39 1.86 3.04 
Std Dev 6.39 20.94 1.06 
5% / 95% 0.75 / 7.53 -5.45 / 6.19 1.33 / 4.85 
25% / 75% 2.46 / 4.51 -0.11 / 3.54 2.36 / 3.76 
 Panel C: Jobs 
MWTP 10.91* 3.59 3.04* 
Median 10.85 3.72 3.01 
Std Dev 16.93 19.47 0.63 
5% / 95% 7.49 / 24.54 -0.83 / 8.6 2.04 / 4.1 
25% / 75% 9.18 / 13.7 2.22 / 5.26 2.62 / 3.43 
 Panel D: Carbon 
MWTP 7.06* 1.98 2.31* 
Median 7 2 2.32 
Std Dev 14.71 11.87 0.79 
5% / 95% 4.29 / 19.09 -2.06 / 6.84 1.01 / 3.6 
25% / 75% 5.62 / 9.32 0.66 / 3.49 1.78 / 2.84 

Notes: * indicates that the 90% confidence interval does not overlap zero. The median, standard deviation, and 
percentiles for MWTP estimates are calculated using the Krinsky and Robb procedure. MWTP measures are 
point estimates obtained from the coefficients on the latent class model. 
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Table 7.19: WTP for changes between distance attribute levels, Town Treatment 

  Latent Class  
 All View (LC1) Never View (LC2) Some View (LC3) 

 Panel A: 5 to 8 miles 
WTP 65.62* 162.81* 6.2 
Median 66.23 169.41 6.24 
Std Dev 29.41 645.25 5.84 
5% / 95% 40.58 / 90.46 117.44 / 337.47 -3.89 / 15.14 
25% / 75% 58.28 / 73.54 143.93 / 206.81 2.31 / 9.84 
 Panel B: 8 to 12 miles 
WTP 56.61* 140.45* 5.35 
Median 57.13 146.15 5.38 
Std Dev 25.37 556.64 5.04 
5% / 95% 35.01 / 78.04 101.31 / 291.13 -3.35 / 13.06 
25% / 75% 50.28 / 63.44 124.17 / 178.41 1.99 / 8.49 
 Panel C: 12 to 18 miles 
WTP 56.61* 140.45* 5.35 
Median 56.61 140.45 5.35 
Std Dev 57.13 146.15 5.38 
5% / 95% 25.37 556.64 5.04 
25% / 75% 35.01 / 78.04 101.31 / 291.13 -3.35 / 13.06 

Notes: * indicates that the 90% confidence interval does not overlap zero. The median, standard deviation, and 
percentiles for WTP estimates are calculated using the Krinsky and Robb procedure. WTP measures are point 
estimates obtained from the coefficients on the latent class model. 
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Table 7.20: WTP for changes between size attribute levels, Town Treatment 

  Latent Class  
 All View (LC1) Never View (LC2) Some View (LC3) 
 Panel A: 100 to 64 visible turbines 

WTP 15.94* 8.57 14.39* 
Median 15.87 8.7 14.23 
Std Dev 29.93 98.05 4.98 
5% / 95% 3.53 / 35.25 -25.51 / 28.99 6.21 / 22.73 
25% / 75% 11.5 / 21.1 -0.5 / 16.55 11.06 / 17.61 
 Panel B: 144 to 100 visible turbines 
WTP 13.02* 7 11.76* 
Median 12.97 7.11 11.63 
Std Dev 24.45 80.11 4.07 
5% / 95% 2.89 / 28.8 -20.84 / 23.68 5.07 / 18.57 
25% / 75% 9.39 / 17.24 -0.4 / 13.53 9.04 / 14.39 

Notes: * indicates that the 90% confidence interval does not overlap zero. The median, standard deviation, and 
percentiles for WTP estimates are calculated using the Krinsky and Robb procedure. WTP measures are point 
estimates obtained from the coefficients on the latent class model. 
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Table 7.21: WTP for changes between jobs attribute levels, Town Treatment 
  Latent Class  
 All View (LC1) Never View (LC2) Some View (LC3) 
 Panel A: 500 to 800 permanent jobs created 

WTP 53.78* 17.7 14.99* 
Median 53.49 18.35 14.85 
Std Dev 83.48 96 3.12 
5% / 95% 36.93 / 121.02 -4.08 / 42.4 10.04 / 20.23 
25% / 75% 45.25 / 67.57 10.95 / 25.95 12.9 / 16.94 
 Panel B: 800 to 1100 permanent jobs created 
WTP 36.44* 12 10.16* 
Median 36.24 12.43 10.06 
Std Dev 56.56 65.04 2.11 
5% / 95% 25.02 / 82 -2.77 / 28.73 6.8 / 13.71 
25% / 75% 30.66 / 45.78 7.42 / 17.58 8.74 / 11.48 
 Panel C: 1100 to 1400 permanent jobs created 
WTP 27.6* 9.08 7.69* 
Median 27.45 9.42 7.62 
Std Dev 42.83 49.26 1.6 
5% / 95% 18.95 / 62.1 -2.1 / 21.75 5.15 / 10.38 
25% / 75% 23.22 / 34.67 5.62 / 13.31 6.62 / 8.69 
Notes: * indicates that the 90% confidence interval does not overlap zero. The median, standard deviation, 
and percentiles for WTP estimates are calculated using the Krinsky and Robb procedure. WTP measures are 
point estimates obtained from the coefficients on the latent class model. 
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Table 7.22: WTP for changes between carbon attribute levels, Town Treatment 

  Latent Class  
 All View (LC1) Never View (LC2) Some View (LC3) 
 Panel A: 200,000 to 300,000 cars taken off the road for 20 years 

WTP 30.04* 8.41 9.84* 
Median 29.76 8.51 9.88 
Std Dev 62.56 50.51 3.37 
5% / 95% 18.25 / 81.19 -8.75 / 29.1 4.29 / 15.31 
25% / 75% 23.9 / 39.65 2.82 / 14.83 7.58 / 12.08 
 Panel B: 300,000 to 400,000 cars taken off the road for 20 years 
WTP 21.32* 5.96 6.98* 
Median 21.12 6.04 7.01 
Std Dev 44.39 35.84 2.39 
5% / 95% 12.95 / 57.61 -6.21 / 20.65 3.04 / 10.86 
25% / 75% 16.96 / 28.13 2 / 10.52 5.38 / 8.57 
 Panel C: 400,000 to 500,000 cars taken off the road for 20 years 
WTP 16.53* 4.63 5.41* 
Median 16.38 4.68 5.44 
Std Dev 34.43 27.8 1.86 
5% / 95% 10.05 / 44.68 -4.81 / 16.02 2.36 / 8.43 
25% / 75% 13.15 / 21.82 1.55 / 8.16 4.17 / 6.65 

Notes: * indicates that the 90% confidence interval does not overlap zero. The median, standard deviation, and 
percentiles for WTP estimates are calculated using the Krinsky and Robb  procedure. WTP measures are point 
estimates obtained from the coefficients on the latent class model. 
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Table 7.23: TWTP for moving from different policy scenarios to the SQ, Town Treatment 

  Latent Class  
 All View (LC1) Never View (LC2) Some View (LC3) 
 Panel A: Kitty Hawk Scenario 

TWTP 187 540* 122* 
Median 191 559 120 
Std Dev 230 1214 57 
5% / 95% -86 / 342 297 / 1008 25 / 215 
25% / 75% 119 / 249 456 / 680 83 / 158 
 Panel B: Wilmington West Scenario 
TWTP 168 494* 120* 
Median 172 511 118 
Std Dev 226 1048 56 
5% / 95% -101 / 318 254 / 927 25 / 212 
25% / 75% 102 / 229 412 / 625 82 / 156 
 Panel C: Wilmington East Scenario 
TWTP 81 276* 111* 
Median 84 283 111 
Std Dev 213 479 53 
5% / 95% -174 / 213 7 / 569 23 / 198 
25% / 75% 20 / 136 193 / 377 76 / 146 

Notes: * indicates that the 90% confidence interval does not overlap zero. The median, standard  deviation, and 
percentiles for TWTP estimates are calculated using the Krinsky and Robb  procedure. TWTP measures are 
point estimates obtained from the coefficients on the latent class model. 
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Table 7.24: MWTP for a 10% change in the attributes, Hatteras Treatment 

 Latent Class 
 All View (LC1) Never View (LC2)  Some View (LC3) 
 Panel A: Distance‡ 
MWTP 17* 127.7* 4.78* 
Median 17.24 94.44 74.23 4.63 
Std Dev 2.58 4,157.87 4,179.01 2.15 
5% / 95% 13.04 / 21.3 27.77 / 654.89 -503.79 / 552.28 0.91 / 7.92 
25% / 75% 15.71 / 18.73 57.75 / 174.47 32.15 / 145.59 3.21 / 5.96 
 Panel B: Size 
MWTP 5.11* 28.33 3.6* 
Median 5.13 20.81 3.51 
Std Dev 2.62 630.51 1.19 
5% / 95% 0.72 / 9.16 -7.4 / 156.54 1.45 / 5.38 
25% / 75% 3.57 / 6.61 9.35 / 40.56 2.73 / 4.29 
 Panel C: Jobs 
MWTP 11.11* 4.77 3.14* 
Median 11.2 3.88 3 
Std Dev 2.59 360.9 1.7 
5% / 95% 8.49 / 16.09 -31.17 / 46.6 0.19 / 5.72 
25% / 75% 10 / 12.74 -3.37 / 12.41 1.92 / 4.1 
 Panel D: Carbon 
MWTP 8.08* 4.86 0.46 
Median 8.2 4.36 0.48 
Std Dev 2.62 166.51 1.15 
5% / 95% 5.18 / 12.93 -23.87 / 39.36 -1.61 / 2.1 
25% / 75% 6.85 / 9.69 -2.1 / 11.14 -0.33 / 1.16 
Notes: * indicates that the 90% confidence interval does not overlap zero. The median, standard deviation, and 
percentiles for MWTP estimates are calculated using the Krinsky and Robb procedure. MWTP measures are 
point estimates obtained from the coefficients on the latent class model. 
‡ The median, standard deviation, and percentiles for MWTP estimates for the distance attribute of the Never 
View Class (LC2) are presented based on the Krinsky and Robb procedure that excludes draws with positive 
price coefficients (left column; 982 of 5,000 draws were a positive price coefficient in this one case) and that 
include draws with positive price coefficients (right column). 
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Table 7.25: WTP for changes between distance attribute levels, Hatteras Treatment 

 Latent Class 

 All View (LC1) Never View (LC2) ‡ Some View (LC3)

 Panel A: 5 to 8 miles 

WTP 83.86* 629.71* 23.58* 

Median 85.03 465.72 366.05 22.85 

Std Dev 12.71 20,503.75 20,607.99 10.58 

5% / 95% 64.32 / 105.03 136.93 / 3,229.44 -2,484.34 / 2,723.48 4.5 / 39.08 

25% / 75% 77.48 / 92.35 284.8 / 860.38 158.52 / 717.96 15.84 / 29.37 

 Panel B: 8 to 12 miles 

WTP 72.34* 543.24* 20.34* 

Median 73.35 401.77 315.78 19.71 

Std Dev 10.97 17,688.28 17778.2 9.13 

5% / 95% 55.49 / 90.61 118.13 / 2,785.99 -2143.21 / 2349.5 3.88 / 33.71 

25% / 75% 66.84 / 79.67 245.69 / 742.24 136.75 / 619.37 13.67 / 25.34 

 Panel C: 12 to 18 miles 

WTP 72.34* 543.24* 20.34* 

Median 73.35 401.77 315.78 19.71 

Std Dev 10.97 17,688.28 17,778.2 9.13 

5% / 95% 55.49 / 90.61 118.13 / 2,785.99 -2,143.21 / 2,349.5 3.88 / 33.71 

25% / 75% 66.84 / 79.67 245.69 / 742.24 136.75 / 619.37 13.67 / 25.34 
Notes: * indicates that the 90% confidence interval does not overlap zero. The median, standard deviation, and 
percentiles for WTP estimates are calculated using the Krinsky and Robb procedure. WTP measures are point 
estimates obtained from the coefficients on the latent class model. 
‡ The median, standard deviation, and percentiles for WTP estimates for the distance attribute of the Never 
View Class (LC2) are presented based on the Krinsky and Robb procedure that excludes draws with positive 
price coefficients (left column; 982 of 5,000 draws were a positive price coefficient in this one case) and that 
include draws with positive price coefficients (right column). 
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Table 7.26: WTP for changes between size attribute levels, Hatteras Treatment 
  Latent Class  
 All View (LC1) Never View (LC2) Some View (LC3) 
 Panel A: 100 to 64 visible turbines 

WTP 23.95* 132.64 16.85* 
Median 24.02 97.46 16.43 
Std Dev 12.28 2,952.33 5.58 
5% / 95% 3.35 / 42.89 -34.65 / 733 6.79 / 25.2 
25% / 75% 16.72 / 30.96 43.77 / 189.91 12.78 / 20.08 
 Panel B: 144 to 100 visible turbines 
WTP 19.56* 108.37 13.77* 
Median 19.62 79.63 13.43 
Std Dev 10.04 2,412.23 4.56 
5% / 95% 2.74 / 35.05 -28.31 / 598.9 5.55 / 20.59 
25% / 75% 13.66 / 25.3 35.76 / 155.17 10.44 / 16.41 

Notes: * indicates that the 90% confidence interval does not overlap zero. The median, standard deviation, and 
percentiles for WTP estimates are calculated using the Krinsky and Robb procedure. WTP measures are point 
estimates obtained from the coefficients on the latent class model. 
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Table 7.27: WTP for changes between jobs attribute levels, Hatteras Treatment 

  Latent Class  
 All View (LC1) Never View (LC2) Some View (LC3) 
 Panel A: 500 to 800 permanent jobs created 

WTP 54.76* 23.5 15.48* 
Median 55.22 19.15 14.8 
Std Dev 12.78 1779.73 8.39 
5% / 95% 41.87 / 79.36 -153.7 / 229.8 0.92 / 28.21 
25% / 75% 49.31 / 62.82 -16.62 / 61.2 9.46 / 20.24 
 Panel B: 800 to 1100 permanent jobs created 
WTP 37.11* 15.92 10.49* 
Median 37.41 12.98 10.03 
Std Dev 8.66 1205.87 5.68 
5% / 95% 28.37 / 53.77 -104.14 / 155.7 0.62 / 19.11 
25% / 75% 33.41 / 42.56 -11.26 / 41.46 6.41 / 13.72 
 Panel C: 1100 to 1400 permanent jobs created 
WTP 28.1* 12.06 7.94* 
Median 28.33 9.83 7.6 
Std Dev 6.56 913.19 4.3 
5% / 95% 21.48 / 40.72 -78.87 / 117.91 0.47 / 14.47 
25% / 75% 25.3 / 32.23 -8.53 / 31.4 4.85 / 10.39 
Notes: * indicates that the 90% confidence interval does not overlap zero. The median, standard deviation, 
 and percentiles for WTP estimates are calculated using the Krinsky and Robb procedure. WTP measures 
 are point estimates obtained from the coefficients on the latent class model. 
  



 

280 

Table 7.28: WTP for changes between carbon attribute levels, Hatteras Treatment 

  Latent Class  
 All View (LC1) Never View (LC2) Some View (LC3) 
 Panel A: 200,000 to 300,000 cars taken off the road for 20 years

WTP 34.39* 20.68 1.96 
Median 34.87 18.56 2.03 
Std Dev 11.13 708.36 4.88 
5% / 95% 22.03 / 55 -101.55 / 167.43 -6.83 / 8.95 
25% / 75% 29.14 / 41.23 -8.92 / 47.4 -1.39 / 4.94 
 Panel B: 300,000 to 400,000 cars taken off the road for 20 years
WTP 24.4* 14.67 1.39 
Median 24.74 13.17 1.44 
Std Dev 7.9 502.59 3.46 
5% / 95% 15.63 / 39.02 -72.05 / 118.79 -4.85 / 6.35 
25% / 75% 20.68 / 29.25 -6.33 / 33.63 -0.99 / 3.51 
 Panel C: 400,000 to 500,000 cars taken off the road for 20 years
WTP 18.93* 11.38 1.08 
Median 19.19 10.21 1.12 
Std Dev 6.13 389.84 2.69 
5% / 95% 12.13 / 30.27 -55.89 / 92.14 -3.76 / 4.93 
25% / 75% 16.04 / 22.69 -4.91 / 26.09 -0.77 / 2.72 

Notes: * indicates that the 90% confidence interval does not overlap zero. The median, standard deviation,  
and percentiles for WTP estimates are calculated using the Krinsky and 
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Table 7.29: TWTP for moving from different policy scenarios to the SQ, Hatteras Treatment 

 Latent Class 
 All View (LC1) Never View (LC2) ‡ Some View (LC3)
 Panel A: Kitty Hawk Scenario 
TWTP 319* 3,322* 223* 
Median 320 2,415 1,854 218 
Std Dev 167 91,412 98,396 68 
5% / 95% 30 / 547 228 / 17,486 -13,144 / 14,846 102 / 320 
25% / 75% 223 / 413 1,328 / 4,601 481 / 3,828 172 / 261 
 Panel B: Wilmington West Scenario 
TWTP 295* 3,143* 216* 
Median 296 2,284 1,751 211 
Std Dev 165 85,654 92,681 65 
5% / 95% 8 / 520 164 / 16,616 -12,408 / 14,089 100 / 311 
25% / 75% 200 / 389 1,241 / 4,371 437 / 3,629 167 / 253 
 Panel C: Wilmington East Scenario 
TWTP 183 2,301 185* 
Median 184 1,668 1,262 180 
Std Dev 157 58,726 66,103 55 
5% / 95% -94 / 394 -68 / 12,168 -9,463 / 10,811 86 / 267 
25% / 75% 92 / 271 860 / 3,259 218 / 2,669 143 / 216 
Notes: * indicates that the 90% confidence interval does not overlap zero. The median, standard deviation, and 
percentiles for TWTP estimates are calculated using the Krinsky and Robb procedure.  TWTP measures are 
point estimates obtained from the coefficients on the latent class model. 
‡ The median, standard deviation, and percentiles for TWTP estimates for the distance attribute of the Never 
View Class (LC2) are presented based on the Krinsky and Robb procedure that excludes draws with positive 
price coefficients (left column; 982 of 5,000 draws were a positive price coefficient in this one case) and that 
include draws with positive price coefficients (right column). 
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Notes: A total of 292 respondents are included in the analysis, of which 92 resided in a coastal county and 200 
in the rest of NC. Numbers at the top of each bar represent the number of survey respondents in each category. 
 
Figure 7.1: Distribution of responses to the question “The development of wind energy in 
North Carolina’s ocean waters should be…” by county of residence 
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Notes: A total of 288 respondents are included in the analysis, of which 91 resided in a coastal county and 197 
in the rest of NC. Numbers at the top of each bar represent the number of survey respondents in each category. 
Respondents could agree with more than one of the categories presented. 
 
Figure 7.2: Preferences of respondents regarding where wind energy should be developed, by 
county of residence 
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Notes: A total of 271 respondents are included in the analysis. Thirty-two of the original 303 respondents are 
not included in this analysis as these respondents left more than two choice questions blank or answered the 
choice questions incorrectly (e.g., ranked two scenarios within the same choice question with the same rank). 
Numbers at the top of each bar represent the number of survey respondents in each category. 
 
Figure 7.3: Number of times a designed scenario was not chosen as the most preferred option 
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Chapter 8: Conclusion 

The US is second only to China in terms of installed land-based wind energy, but no 

commercial offshore wind energy facilities exist in the US to date. Numerous states are in the 

offshore wind planning process, however, North Carolina, with substantial offshore wind 

resources, low predicted production costs and large electricity markets, is in a potentially 

unique position among Atlantic states to develop offshore wind (NREL 2010; US DOE 

2010). 

On the 12th of December 2012, the Bureau of Ocean and Energy Management 

(BOEM) released a Call for Information and Nominations for three potential offshore wind 

leasing areas identified on the outer continental shelf offshore North Carolina (Department of 

the Interior 2012a). Two of the areas are between Myrtle Beach and Wilmington and are 

known as the Wilmington-West and Wilmington-East call areas. The third lies across from 

Kitty Hawk, Nags Head and Manteo and is commonly referred to as the Kitty Hawk call area 

(see Image 2.6 in Chapter 2 for a map of these call areas). The Call for Information and 

Nominations for commercial leasing is one of the steps in the first of four key phases in the 

offshore wind energy planning, leasing and development process on the outer continental 

shelf. After leases are issued, the lessees site assessment plan and construction and operations 

plan have to be approved, after which construction of offshore wind farms can take place 

(Department of the Interior 2012b). 

This research uses choice experiments to estimate the willingness to pay for different 

wind farm development scenarios in NC to provide a greater understanding of the economic 

trade-offs that result from this development. To accomplish this goal, two surveys are 
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administered. The first, the Vacation Rental (VR) survey, focusses on coastal tourism and 

examines how renting decisions for beach houses along the North Carolina coastline would 

change if wind farms were constructed within a visible distance from the shore. The second 

survey, the General Population (GP) survey, is administered to a random sample of 

households across NC to estimate the willingness to pay to have offshore wind energy 

augment the grid, and examine how this willingness to pay depends on the visual impacts, 

job creation and carbon reduction accompanying offshore wind farm construction.  

Both surveys consist of two treatments to examine differences in preferences given 

different sets of information. The VR survey examined the impact of providing respondents 

with both daytime and nighttime visualizations, rather than only with daytime ones as done 

in all previous literature to date. The GP survey investigated how respondent WTP differed 

depending on whether respondents were told that offshore wind farm development would 

take place off a developed coastal town or off the Cape Hatteras National Seashore. In both 

surveys scale differences were found between the respective treatments, resulting in the 

separate analysis of each of the treatments.  

Modeling for both applications allowed for unobserved preference heterogeneity 

across respondents by employing latent class models. Latent class models have the advantage 

over continuous mixture models that they avoid the need to make distributional assumptions 

and allow for lumpy preferences, a phenomenon observed in the samples at hand. In each of 

the surveys three latent classes were found to optimally model unobserved preference 

heterogeneity in the data. Interestingly, in both of the surveys the classes are generally not 

related to observable characteristics, but rather are related to choice behavior of the 
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respondents. Broadly, three types of respondents were identified. The first type of 

respondents is characterized by almost always choosing a designed option (i.e. one with a 

view of wind turbines) as their most preferred scenario, and hence is labeled the All View 

class. The second group, named the Never View class, is characterized by a strong preference 

for the status quo, with the majority of the respondents in this class always choosing the 

status quo as their most preferred scenario. Finally, the last group consisted of respondents 

that sometimes chose a designed scenario and sometimes the baseline as their most preferred 

option, and so was named the Some View class. 

Summary of Vacation Rental survey results & Implications for Policy 

The results of the VR survey suggest that viewshed impacts of offshore wind farms 

are an unambiguous disamenity for renters along the NC coastline, with respondents across 

the sample expressing a WTP to locate turbines further offshore when 5MW turbines are 

within 8 miles of the shore. Moreover, the distance of visible turbines from the shore plays a 

much larger role in determining viewshed impacts than the number of turbines visible from 

the shore. Furthermore, consistent with previous studies (Ladenburg & Dubgaard 2007; 

Krueger 2007), the marginal benefit of moving visible wind farms further offshore is found 

to decreases with distance. Given the increased capital costs associated with wind farm 

development further from the coast, this suggest that the optimal location of wind farms is 

likely within a visible distance from the shore. 

The inclusion of nighttime visualizations in the choice questions is found to have a 

large impact on respondent preferences – both at the extensive and intensive margin. At the 

extensive margin, we observe that if shown nighttime visualizations, a significantly larger 
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percentage of respondents are allocated to the Never View class. Willingness to pay 

estimates for the Never View class suggest that respondents in this class would not be willing 

to rent in an area in which wind farms were visible from the beach, irrespective of the degree 

of visual impacts or the amount of price discount offered. At the intensive margin, we 

observe that the MWTP for moving wind turbines further offshore is significantly higher for 

the Some View class of the nighttime treatment. Given that the Some View class represents 

the group of respondents that is most likely to make tradeoffs at the margin, this suggests that 

MWTP estimates from all previous studies that use only daytime visualizations are biased 

downward (Ladenburg & Dubgaard 2007; Krueger 2007; Westerberg et al. 2011; Landry et 

al. 2012). 

Given the three BOEM call areas (Kitty Hawk, Wilmington-West and Wilmington-

East; see Image 2.6 in Chapter 2), WTP calculations for policy specific scenarios can be 

made. As wind turbines are assumed to be constructed 0.5 miles apart, a 144 turbine wind 

farm would be approximately six miles long and six miles wide. Given that the boundary of 

Kitty Hawk call area begins at six nautical miles (approximately seven miles) and extends 34 

nautical miles (approximately 39 miles) seaward, it is possible to construct a 144 turbine 

wind farm too far out to see. The same is true for the Wilmington-East call area which begins 

at 13 nautical miles (approximately 15 miles) and extends roughly 28 nautical miles 

(approximately 32 miles) seaward. For the Wilmington-West call area, the closest a wind 

farm could be constructed is seven nautical miles (approximately eight miles) and, given the 

call area extends roughly 11 nautical miles (approximately 13 miles) out to sea, the furthest 

out a wind farm could be constructed is at 15 miles from the shore.  
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When examining specific policy relevant changes, WTP measures of the nighttime 

treatment are examined as full information is assumed. Recall that locating wind farms at 

eight miles or further offshore would result in approximately 55% of respondents no longer 

renting in the area and a further 21% being willing to rent in the area at the same rental price 

as before. The only class making marginal decisions at policy relevant wind farm distances, 

therefore, is the Some View class (24% of respondents). 

For a 144 turbine wind farm development in the Kitty Hawk area, built at eight miles 

rather than too far out to see, the Some View class would need reductions in rental price 

ranging between approximately 40% and 48% to accept the view of turbines (see Table 8.1). 

For offshore wind farm development in the Wilmington-West area, Table 8.2 suggests that 

respondents in the Some View class would need a rental price discount of between 31% and 

38% if 144 wind turbines were located at eight miles, rather than 15 miles from the shore.130  

Finally, we examine the Wilmington-East scenario. The closest distance feasible for 

the Wilmington-East scenario (15 miles) was not examined as a design level in the survey. 

Accordingly, WTP to move a wind farm from 15 miles to too far out to see is approximated 

by half of the WTP to move 144 visible turbines from 12 to 18 miles and the WTP to move 

144 visible turbines located at 18 miles to the SQ. As reported in Table 8.3, this suggests that 

                                                 
130 The MWTP to move wind farms from the closest feasible distance of eight miles to 15 miles is approximated 
by adding the MWTP estimate of moving 144 turbines from eight to 12 miles to half of the MWTP estimate of 
moving 144 visible turbines from 12 to 18 miles. Average rental prices for the Some View class of the 
nighttime treatment were $4,769 for oceanfront renters and $3,357 for non-oceanfront renters. Different 
percentages reported are for oceanfront and non-oceanfront renter, respectively. 
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respondents in the Some View would need a rental price discount of between 8% and 10% to 

continue renting in the area if wind farms were constructed at the closest feasible location.131 

In sum, the closest lease blocks being considered in the BOEM call areas at Kitty 

Hawk and Wilmington-West could result in substantial decreases in rental prices for homes 

in the proximity of beaches with a direct view of turbines. Survey results indicate that 80% of 

respondents would either not return to that location or require a 30-40% reduction in rental 

price. These impacts are even larger if one considers 7MW turbines at seven or eight miles, 

which is visually equivalent to the 5MW turbines used in this survey at about six miles.132 

The Wilmington-East call area is relatively far offshore at its closest point, and thus impacts 

of visible turbines for this call area are relatively modest. 

Summary of GP survey results & Implications for Policy 

From the GP survey, two major conclusions can be drawn. First, respondents in both 

treatments express a significant WTP to move turbines further offshore. This finding is 

consistent with the VR survey and suggests that visual impacts of offshore wind farms are a 

clear disamenity. Second, the majority of the NC population expresses a significant WTP for 

the permanent job creation and carbon reduction that accompanies offshore wind energy. 

Given that regression results show that, on average, the number of turbines in view (size of 

the wind farm) was the least important for both treatments in the GP survey, this suggests 

that if a specific location for development is chosen (i.e. given a fixed distance from the 

                                                 
131 The average rental price for oceanfront and non-oceanfront respondents of the nighttime treatment was 
$4,769 and $3,357, respectively. 
132 The 7MW Vestas used in the BOEM NC visualization study have a minimum hub height of 345 feet and a 
rotor diameter of 270 feet , making them a total of 614 feet high. The 5MW turbines used in this study are 520 
feet high. 
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shore), a larger array is likely to be more efficient given that the increased utility from more 

jobs and carbon outweighs the additional disutility from seeing more turbines. 

A further interesting finding is that no difference in preference parameters is found 

between coastal residents and those living in inland counties. This implies that the disutility 

associated with visible wind farms does not depend on proximity of respondent residence to 

the coast.  

The two treatments administered also demonstrate that the location of the wind farms 

along the NC coast impacts respondent preferences. While respondents in all latent classes 

express a disutility associated with seeing wind farms, those in the All View and the Some 

View classes are willing to trade off utility impacts of visible wind farms with the job 

creation and carbon reduction. However, respondents in the Never View class are not willing 

to make this tradeoff. If wind farm development were to take place off the Cape Hatteras 

National Seashore, the Never View class would be larger than if development were to take 

place off the beaches of a coastal town. Moreover, given development off a coastal town, 

respondents in the Never View class would be willing to be compensated for visual impacts 

of wind farms with a decrease in electricity prices. This is not the case, however, if wind 

farm construction were to take place of Cape Hatteras, where an insignificant price 

coefficient suggests that these respondents are not willing to trade off changes in view with 

changes in electricity prices. In this case, it is more likely that this group of the population 

would protest the construction of visual wind farms. 

Policy relevant WTP estimates for the GP survey are reported Table 8.4 and Table 

8.5. Both tables report both the WTP estimates for each of the classes, and a population 
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weighted average across the classes, using the proportion of respondents in each class as 

weights. Given that all of the call areas are off a developed coastal town, estimates are 

calculated from the Town sample. Table 8.4 gives the WTP estimates to move a 144 turbine 

wind farm generating 800 permanent jobs and resulting in carbon dioxide reduction 

equivalent to taking 300,000 cars off the road each year for 20 years, from the closest 

feasible distance in the Kitty Hawk and Wilmington-East area, to 30 miles (Department of 

the Interior 2012a).133 

The last column in Table 8.4 reports that respondents as a whole are WTP 

approximately $415 extra per year in electricity prices for three years to have a 144 turbine 

wind farm off Kitty Hawk located too far out to see rather than at the closest feasible distance 

of seven miles. This translates to about $35 per month, or about 23% of respondent monthly 

electricity bills.134 Given development in the Wilmington-East area, respondents would be 

willing to pay on average $274 extra per year ($23 per month) to move turbines from 15 

miles to where they are no longer visible. 

In the Wilmington-West area it is not feasible to move turbines further than 15 miles 

offshore. Moreover, it is insightful to examine WTP to move turbines to a moderate distance 

offshore in the Kitty Hawk area, rather than completely out of sight. Table 8.5 reports both 

                                                 
133 One hundred and forty four turbines are assumed as recent visualizations off the NC coast by BOEM used 
200 turbines (BOEM 2012). Given 144 turbines and assuming a capacity factor of 40% and an operating margin 
of 0.6, a 144 turbine array would result in the reduction of 1,324,512 metric tons of carbon dioxide equivalent, 
or the same as taking approximately 300,000 cars off the road each year for 20 years (Arneman 2009). 
Assuming that 1.1 permanent jobs per installed MW of offshore wind capacity are created, a 144 (720MW) 
offshore wind farm would generate approximately 800 permanent jobs. 
134 The average residential electricity bill in North Carolina for 2011 was $118 (EIA 2012), suggesting that the 
average electric bill in the Town sample is between $118 and $190, or roughly $155. 
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class specific and average WTP to move a 144 turbine wind farm from the closest feasible 

distance in the Kitty Hawk and Wilmington-West area, to 15 miles.135 

For a wind farm constructed in the Wilmington-West call area, respondents would be 

WTP approximately an extra $10 per month for three years (6% of the average electricity 

bill) to move visible turbines from the closest feasible distance of eight miles, to 15 miles 

offshore. For the Kitty Hawk call area, respondents would be willing to pay $12 extra per 

month for three years (8% of the average electricity bill) to move visible turbines from seven 

to 15 miles. 

Comparisons of the GP survey with previous literature 

As discussed in the Chapter 2, four previous studies have used choice experiments to 

value visual disamenities associated with offshore wind (Ladenburg & Dubgaard 2007; 

Krueger 2007; Westerberg et al. 2011; Landry et al. 2012). None of these studies are 

comparable to the VR study due to differences in payment vehicles, type of market explored, 

and policy questions investigated.136 The nature of the GP survey offers greater scope for 

comparison with the previous literature. Westerberg et al. (2011) find that wind farms visible 

close to the shore are a disamentiy for the majority of vacationers in the Languedoc 

Roussillion region of France. Nevertheless, it is possible to offset visual impacts of turbines 

                                                 
135 Wind farms are again assumed to generate 800 permanent jobs and resul in carbon dioxide reduction 
equivalent to taking 300,000 cars off the road each year for 20 years, 
136 Only the Westerberg et al. (2011) uses a similar payment vehicle to the one of the VR study – changes in 
accommodation price. However, the VR survey focuses on weekly rentals of beach houses costing between 
$2,400 and $9,700 a week, while Westerberg et al. (2011) surveys individuals in France that were residing in 
camp sites (42% of the sample), hotels and B&Bs (8% of the sample), rented houses or apartments (26% of the 
sample) and boats and cars (7%). In addition, 17% of the sample stayed with friends and family and therefore 
faced very different tradeoffs. Moreover, the average accommodation price in the Westerberg et al. (2011) study 
was only $270 per week (2011$). The average accommodation price in the Westerberg et al. (2011) study was 
stated as €202. This amount was converted into 2011$ using the yearly average exchange rate of €0.748 to the 
dollar (IRS 2013). 
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with a coherent environmental policy. Specifically, they find that the presence of a coherent 

environmental policy, characterized by a favoring of “an extended network of bicycle lanes, 

public transport, solar and PV panels, energy and water saving devices and the use of local 

and organic produce” (Westerberg at al. 2011:10) can fully compensate for the visual impacts 

resulting from offshore wind farms at eight kilometers (five miles) from the coast. This 

finding is consistent with the finding in the GP survey where increases in job creation and 

carbon reduction could compensate approximately 60% of the respondents for viewshed 

impacts of visible wind farms. Accordingly, both the GP survey and the Westerberg et al. 

(2011) study suggest that given sufficient environmental or economic benefits, respondents 

would be more willing to face visual disamenities caused by the wind farm.137 

Similar to the GP survey, both Ladenburg and Dubgaard (2007) and Krueger (2007) 

use additions to the electricity bill as a payment vehicle to estimate respondent WTP to move 

turbines further offshore. While the three studies differ with respect to payment period, 

estimation techniques, turbine sizes, number of turbines and distances of turbines from the 

shore, a rough comparison can nevertheless be made.138 Appendix K discusses how WTP 

measures for the three studies are converted to a comparable metric. Moreover, only WTP for 
                                                 
137 WTP estimates from the GP survey are not comparable to the Westerberg et al. (2011) and the Landry et al. 
(2012) papers due to differences in survey designs and payment vehicles used. The GP survey uses changes in 
the electricity prices as the payment vehicle. Westerberg et al. (2011) use changes in weekly accommodation 
prices and Landry et al. (2012) use the travel cost method to impute a monetary metric. Moreover, both the 
Westerberg et al. (2011) and the Landry et al. (2012) paper estimate preference parameters for visual impact 
reductions relative to a scenario in which no offshore wind farms are constructed, confounding preferences for 
wind energy with viewshed preferences. The GP survey avoids this by having wind energy produced in the SQ.  
138 While a latent class modeling approach is used for the GP survey, Ladenburg and Dubgaard (2007) and 
Krueger (2007) use a fixed effect logit model and a mixed logit model respectively. Both the GP survey as well 
as the Krueger (2007) study use a monthly payment period over three years, while the Ladenburg and Dubgaard 
(2007) study uses an annual payment which continues indefinitely. Moreover, Ladenburg and Dubgaard use 
similar wind turbine sizes as in the GP survey (520 feet high), but turbines used in the Krueger (2007) study are 
only 440 feet high. The Ladenburg and Dubgaard (2007) study is conducted in Denmark, while the Krueger 
(2007) study is conducted in Delaware. 
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one year (the first year) is discussed to avoid problems associated with comparing different 

payment periods. 

Table 8.6 gives the average MWTP per household for one year (2006$) to move 

turbines one mile further out, at five miles and eight miles, respectively. Only the MWTP 

estimates for the Town Treatment are reported for because, first, none of the current BOEM 

call areas for potential wind development are off the Cape Hatteras National Seashore, and 

second, the Town Treatment more closely mimics the wind farm placement in the other 

surveys. The MWTP to move visible turbines from five to six miles is $26 per year for 

respondents in the Town Treatment of the GP survey, $23 per year for respondents surveyed 

by Ladenburg and Dubgaard (2007) and $15, $26 and $64 per year for the Inland, Bay and 

Ocean sample of the Krueger (2007) sample, respectively. The MWTP decreases for all 

studies and samples examined when moving visible wind turbines from eight to nine miles. 

MWTP for this distance change is $17 per year for the Town Treatment, $18 per year for the 

Ladenburg and Dubgaard (2007) respondents and $9, $17 and $41 per year for the different 

samples of the Krueger (2007) survey. Interestingly, MWTP to move wind turbines one mile 

further offshore for the Town Treatment is equivalent to the MWTP of the Bay sample of the 

Krueger (2007) study and very similar to the MWTP estimates of the Ladenburg study.  

Concluding comments 

Taken as a whole, the results of this dissertation suggest that the specific 

characteristics of the wind farm development option chosen matter. The visual impacts 

resulting from the construction of wind farms visible from the shore have potentially large 

welfare impacts, both on the beach rental market in North Carolina, as well as on the North 
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Carolina population in general. This suggests that a detailed examination of the social costs 

of the visual impacts of offshore wind farms should form an integral part of any 

environmental assessment conducted in response to lease issuance and specific industry 

development proposals. Nevertheless, we note from the GP survey that for a large proportion 

of respondents, the visual impacts can to some extent be offset by the job creation and carbon 

reduction aspects of offshore wind energy production. Both of these findings suggest that, to 

optimally exploit the offshore wind resources available along the North Carolina coast, 

public preferences should be incorporated when making placement decisions and the benefits 

of offshore wind energy should be clearly and concisely conveyed to the public.  
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8.1 Tables and Figures 

 

Table 8.1: TWTP estimates of the Some View class (24% of respondents), VR survey: 
nighttime treatment 

 Oceanfront Non-Oceanfront 
64 turbines at 18 miles to SQ - a 5% 
144 turbines at 5 miles to SQ 67%  73% 

144 turbines at 8 miles to SQ 40% 48% 
Notes: a TWTP estimates for these categories were not significantly different from zero and so are not reported 
here. Note that TWTP measures here are shown as percentages of the mean rental price of respondents in each 
category. 
 
 
 
 
 
Table 8.2: MWTP ($) for moving 144 visible turbines further offshore, VR survey: nighttime 
treatment, Some View class (24% of respondents) 

Oceanfront Non-oceanfront 

5-8 miles 
1,343* 839* 

543 450 
471 / 2,258 108 / 1,579 

1,009 / 1,706 555 / 1,142 
8-12 miles 

1,155* 1,014* 
231 212 

797 / 1,547 698 / 1,396 
1,008 / 1,309 875 / 1,152 

12-18 miles 
620* 530* 
137 127 

404 / 852 331 / 743 
532 / 714 451 / 616 

Notes: Estimates obtained from Table 6.24 and Table 6.25 (see Chapter 6). * indicates that the 90% confidence 
interval does not overlap zero. Percentiles are calculated using the Krinsky and Robb procedure. MWTP 
measures are point estimates obtained from the coefficients on the latent class model. 
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Table 8.3: WTP ($) estimates for Wilmington-East Scenario, VR survey: nighttime 
treatment, Some View class (24% of respondents) 

 Oceanfront Non-Oceanfront 
 WTP to move 144 turbines from 12 to 18 miles 
WTP 620* 530* 
Std Dev 137 127 
5% / 95% 404 / 852 331 / 743 
 WTP to move 144 turbines at 18 miles to SQ 
WTP 84 62 
Std Dev 74 57 
5% / 95% -223 / 346 -119 / 220 
 

 

 

Table 8.4: WTP in yearly electricity price increases for three years to move 144 turbine wind 
farm from closest distance feasible in call area to 30 miles, GP survey: Town Treatment 

  Latent Class   
 All View (LC1) 

(46%) 
Never View (LC2)

(34%) 
Some View (LC3) 

(20%) 
Average 

 Panel A: Kitty Hawk Scenario: 7 to 30 miles 
WTP 381* 600* 179* 415* 
Median 382 622 178 368 
Std Dev 382 1,156 63 735 
5% / 95% 207 / 636 345 / 1,098 75 / 282 108 / 862 
25% / 75% 322 / 452 511 / 747 137 / 219 208 / 553 
 Panel B: Wilmington East Scenario: 15 to 30 miles 
WTP 274* 336* 169* 274* 
Median 274 348 168 245 
Std Dev 355 515 58 370 
5% / 95% 121 / 505 49 / 647 73 / 266 78 / 542 
25% / 75% 222 / 337 250 / 442 131 / 206 170 / 342 
Notes: * indicates that the 90% confidence interval does not overlap zero. All WTP estimates are in $ per year 
and represent the addition to the electricity bill that respondents are willing to pay per year for three years. 
Percentiles are calculated using the Krinsky and Robb procedure. MWTP measures are point estimates obtained 
from the coefficients on the latent class model. Percentiles for the Average are calculated by averaging over the 
Krinsky and Robb draws of all three classes. TWTP point estimate for the Average is obtained by weighting the 
TWTP point estimates of the different classes by the class size. 
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Table 8.5: WTP in yearly electricity price increases for three years to move 144 turbine wind 
farm from closest distance feasible in call area to 15 miles, GP survey: Town Treatment 

  Latent Class   
 All View (LC1) 

(46%) 
Never View (LC2)

(34%) 
Some View (LC3) 

(20%) 
Average 

 Panel A: Kitty Hawk Scenario: 7 to 15 miles 
WTP 106* 264* 10 141 
Median 107 275 10 107 
Std Dev 48 1,046 9 621 
5% / 95% 66 / 147 190 / 547 -6 / 25 -0.1 / 387 
25% / 75% 95 / 119 233 / 335 4 / 16 16 / 235 
 Panel B: Wilmington West Scenario: 8 to 15 miles 
WTP 88* 218* 8 116 
Median 89 227 8 89 
Std Dev 39 863 8 513 
5% / 95% 54 / 121 157 / 451 -5 / 20 -0.1 / 319 
25% / 75% 78 / 98 193 / 277 3 / 13 13 / 193 
 
 
 
 
Table 8.6: Average MWTP per household in yearly electricity price increases for one year 
for moving turbines one mile further offshore (2006$) 

Study and sample 
Distance change

5 to 6 miles 8 to 9 miles
Krueger (2007) 
     Inland sample $15 $9 
     Bay sample $26 $17 
     Ocean sample $64 $41 
   
Ladenburg and Dubgaard (2007) $23 $18 
   
GP survey  
     Town Treatment $26 $17 
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Appendix	A:	 Generating	visualizations	
 

Visualizations of offshore wind turbines were created by using WindPRO 2.7 (EMD 

International 2011), currently the worlds most used software package for the design and 

planning of wind energy projects. WindPRO is used to superimpose information of different 

wind farm scenarios onto the background photos. 

First, background maps were loaded into WindPRO from the Online Map (MBI) 

source available in WindPRO. Contour lines as well as topography maps were also 

downloaded to facilitate accurate simulation of projects. Due to the incomplete nature of the 

contour data for the ocean surface, the height contour line object was edited to ensure that no 

height contour lines above zero meters existed across the ocean surface. The contour line 

running along the shoreline was also edited to ensure a zero meter contour line all along the 

shoreline. Moreover, custom settings of the camera data had to be altered by increasing the 

object distance limit to 25 miles rather than the base settings of 5,000km, to allow for 

visualization of the wind farm at 18 miles. 

The location where the background photos were taken was located on the loaded 

maps (+36° 0' 2.76", -75° 38' 50.16") and a line perpendicular to the coast was drawn as a 

reference along which to place wind farms. Perpendicular lines were then drawn at 5, 8, 12 

and 18 mile marks to mark the first line of wind turbines that would be generated at these 

distances. Different size wind farms were then added as layers to the project. In line with 

previous literature (Ladenburg & Dubgaard 2007) a quadratic layout for wind farms was 

chosen. The size of the layout was calculated by using a spacing of 0.5 miles between 
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turbines as recommended by experts at REpower. These wind farms were then ‘realized’ in 

turn to generate visualizations of the respective wind farms. Image A.1 below shows a screen 

shot of the program with 100 turbine wind farms active at 5 and 18 miles with only the 18 

mile wind farm realized (as shown by the red rather than the green turbines). 

 

Image A.1: Screen shot of the wind turbine generation process 

 
Five megawatt turbines from REpower were specified for use in the project, as this 

was the main manufacturer of 5MW turbines at the time of visualization generation. 

WindPRO read the date and time stamp from the photo that was input and automatically 

applied the light settings based on the time of day and the position of the sun. Both the sun 

and visibility settings in the manual light specification were set to normal. 

 While automization and detailed specification was possible for daytime 

visualizations in WindPRO, nighttime visualizations were significantly harder to generate as 
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WindPRO is not able to load light settings of different turbine marking lights, but leaves it up 

to the user to specify light settings. For the purpose of this study, it was assumed that, in line 

with regulation (Federal Aviation Administration 2007), only turbines on the project 

perimeter would be illuminated with red flashing medium intensity red lights mounted on the 

nacelle at night. As lighting of interior turbines is optional (and flashing of these turbines is 

often random), interior lighting was not included in the visualizations. As the flashing of the 

perimeter lights is assumed to be synchronized, visualizations of night time images show all 

perimeter lights to be illuminated. Moreover, while it is customary for offshore wind turbines 

to have coast guard amber navigation warning lights installed about 32 feet above the water’s 

surface on each turbine, these were not shown on the night-time renderings due to the effect 

of distance from the shore (Federal Aviation Administration 2007). To only specify lights on 

perimeter turbines, wind turbines were first “realized” and then each row was selected 

individually and the rows of turbines “split.” Once the wind farm was a collection of 

individual turbines rather than a wind park, it was possible to select individual turbines and 

only specify aviation lighting for perimeter turbines.  

While at the time of writing the FAA had not yet finalized lighting regulations, it was 

suspected that the FAA-L-864 lights would be prescribed based on the current European 

model (these lights were also assumed in the Federal Aviation Administration (2007) 

circulatory advisory). The processed used to specify the effective visual size of the aviation 

lights on the wind turbines, mirrored that of EDR companies, the company that generated 

both day and nighttime visualizations for the Cape Wind Environmental Impact study (MMS 

2009). The light size for a five mile visualization was specified in WindPRO to reflect the 
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size dimensions of the lights as seen on a photo of Fenner Tower (Image A.2 below), a tower 

on which FAA specified L864 lights were used. WindPro automatically decreased the light 

size as wind farms were moved further offshore. While the light sizes in Image A.2 do not 

decrease much with distance, this is due to the fact that photographs often result in a ‘halo’ 

around lights, which is not seen with the human eye. 

 

 

Image A.2: Photo of Fenner Tower in NY 

Source: EDR (2012) 
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Appendix	B:	 Effects	coding	–	mechanism	and	motivation	
 

Given the nature of the non-price attributes used in this study, modeling needed to 

allow for the possibility of nonlinearity in the marginal utilities between levels. Typically, 

these nonlinear relationships are represented using either dummy or effects coding. These 

coding structures are similar in nature in that both methods should provide the same choice 

probabilities as well as estimates of utilities for each alternative. This appendix will introduce 

both coding mechanisms, explain why effects coding was chosen as the mechanism of 

choice, and highlight the final “hybrid coding” mechanism used. 

B.1 Dummy and effects coding explained 

In dummy coding, a number of additional columns are created for each attribute level 

and a series of 0s and 1s is assigned in a manner shown in Table B.1 for the ‘Distance of 

visible turbines from the shore’ attribute. Effects coding is similar to dummy coding except 

that -1s are assigned to the base category, as shown in Table B.2. 

Effects coding offers a number of theoretical advantages over dummy coding. In 

dummy coding, the marginal utility of the omitted variable (or base category) is set to zero 

by default and the parameters of other variables will then be relative to this base category. 

The problem arises, however, when more than one attribute is dummy coded – as is the case 

in this study – as then all base categories will have the same marginal utility (zero) and so 

will be perfectly confounded with one another or with the model constant (in this case the 

ASC) (Rose et al. 2011). 
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By coding the base attribute level as -1s rather than 0s, effects coding allows unique 

estimation of each base level. Coefficients on the variables reflect the “treatment effect,” 

which indicates the deviation of a certain variable from the grand (or overall) mean. As such, 

the coefficient of each of the attribute levels is simply the difference between the attribute 

level and the grand mean, such that differences sum to zero. As such, given an L level 

attribute, once L-1 differences are calculated, the final difference is automatically defined as  

1
1

[ 1 ( )]j L
j L

  
 

                    (B.1) 

rather than taking on the value of zero, as in dummy variable coding. Because of this 

specification of the final omitted level, contrary to dummy codes, effects codes are 

uncorrelated with the grand mean (Louviere et al. 2000; UCLA 2012). Note that, given the 

above interpretation of coefficients, the t-test associated with each coefficient is a test of the 

attribute level coded “1” and the grand mean. This implies that if an attribute has no 

statistical effect on the choice variable, then the coefficients on each of the attribute levels (or 

‘marginal means’) will be non-significant. 

Besides the primary advantage of orthogonalizing the attribute effects to the constant, 

effects coding offers a number of further advantages over dummy coding. While 1,0 

dummies contrast estimates with the constant, effects codes contrast the coefficient estimates 

with one of the levels (the base level).139 Further, interactions resulting from effects coded 

variables are orthogonal both to other estimable interaction effects as well as their relevant 

main effects, whereas the same is not true for 1,0 coded dummies. Given the above 

                                                 
139 As the coefficients of each of the attribute levels are simply a comparison of treatment means, this implies 
that effects-coded variables are constantly correlated with one another (Louviere et al. 2000). 
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mentioned desirable estimation properties effects coding is used in this study (Adamowicz et 

al. 1994; Molin 2011).  

B.2 The hybrid coding mechanism 

An added complexity of the design used in this study is that the “30 mile” distance 

attribute level as well as the “no turbines visible from the shore” size level exists only in the 

baseline scenario. Accordingly, these attribute levels are perfectly confounded with the status 

quo effect and so the marginal utilities on these levels in not identifiable. As such, if 

‘Distance of visible turbines from the shore’ is coded as per Table B.2 this base level will be 

perfectly confounded with the baseline scenario and will effectively act as an additional ASC 

in the model. This is also true for other, non-linear attributes in the model. Given the levels of 

each effects coded attribute are correlated with one another, this would induce a correlation 

between other distance attribute levels and the ASC. As the main advantage of effects coding 

is to allow for unique estimation of the base level and prevent correlation with the grand 

mean, this method would be counterproductive. For this reason, a type of “hybrid coding 

approach” (first formalized in Cooper et al., 2012) with two base levels was used: one effects 

and one dummy base level. This coding structure is shown in Table B.3, where ‘5 miles’ was 

used as the effects-coded base level and ‘30 miles’ as the dummy coded base level. A similar 

coding structure was used for the ‘Number of turbines visible from the shore’ attribute, 

where ‘144 turbines visible’ was used as the effects-coded base level and ‘0 turbines visible’ 

as the dummy coded base level. While this method still does not allow for welfare 

calculations based on the attribute levels examined in the status quo scenario, it allows for 

unique estimation of the effects coded base levels specified.   



 

321 

B.3 Tables and Figures 

 

Table B.1: Dummy coding example 

 Dummy code 
Attribute levels 5 8 12 18 
5 miles 1 0 0 0 
8 miles 0 1 0 0 
12 miles 0 0 1 0 
18 miles 0 0 0 1 
35 miles 0 0 0 0 

 

 
 
Table B.2: Effects coding example 
 Effects code 
Attribute levels 5 8 12 18
5 miles 1 0 0 0 
8 miles 0 1 0 0 
12 miles 0 0 1 0 
18 miles 0 0 0 1 
35 miles -1 -1 -1 -1 

 

 
 
Table B.3: Hybrid coding example 
 Hybrid code 
Attribute levels 8 12 18
5 miles -1 -1 -1 
8 miles 1 0 0 
12 miles 0 1 0 
18 miles 0 0 1 
35 miles 0 0 0 
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Appendix	C:	 Development	of	the	Choice	Questions	
 

Initially, choice questions were phrased in a BWS manner, based on the structure 

used by the Centre for the Study of Choice (CenSoC) in many of their online surveys. An 

example of the first BWS outlay is provided below: 

 

 

 

 

Focus group participants seemed to be confused by the fact that there were three 

scenarios but that they only needed to indicate a preference next to two of these scenarios 

(the best and the worst.) To address this option, it was decided by reducing the number of 

columns in which preferences were to be indicated to one, such as in the following: 

 

 

 

 

Even with this layout, several focus group respondents were confused by the process 

as one of the scenarios above was left as “unlabeled.” As such, it was decided to let 

respondents write down their entire ranking, as the only difference between traditional BWS 

and the ranking option for three scenarios is that the “middle choice” is explicitly labeled, 

rather than implicitly assumed. After rephrasing the BWS as a ranking question, confusion 

seemed was virtually eliminated in future focus groups. The final layout chosen is given by: 
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Appendix	D:	 Experimental	Design	Runs	in	Ngene	
 

D.1 Code used for the VR survey’s focus group experimental design  	

Design 
;alts = alt1, alt2, alt3 
;rows = 16 
;orth=sim 
;block =2 
;foldover 
;model: 
U(alt1) = b1*Price[0,1,2,3,4,5,6,7] + b2*Size[0,1] + b3*Distance[0,1,2,3]   
          + b4*Size*Distance/ 
U(alt2) = b1*Price + b2*Size + b3*Distance + b4*Size*Distance $ 

 

In the above design, orthogonality is specified to hold simultaneously within each 

attribute as well as across alternatives. This is done by specifying ;orth=sim. The 

orthogonal design generated from the code above resulted in four clearly dominated choices 

in which the same view was offered in both designed alternatives, but the one alternative 

specified a higher rental price.140 These dominated alternatives were handled by cycling the 

distance attribute of the second alternative (this is done by replacing the orthogonal codes 

with the actual distance in the reverse order for the second alternative). The resulting design 

remained orthogonal, but was now void of clearly dominated choices.  

Moreover, while the size (number of turbines visible from the shore) attribute in 

actuality has only three levels, it was specified as four levels in order to keep the design size 

smaller.141 This was handled by transcribing both the orthogonal codes of 1 and 2 as 100 

                                                 
140 Choice situations in which one alternative had more and closer wind turbines (more of a visual impact) at a 
higher price were not counted as dominated choice questions. While it was expected that the coefficient on the 
distance and size attributes would be negative, some heterogeneity in preferences with regards to these 
attributes has been observed in previous literature (Westerberg, Jacobsen & Lifran, 2011). 
141 As the minimum design size for a balanced design is the smallest common divisor, a design with three 
attributes with eight, three and four levels respectively results in a minimum design size of 24 choice questions 
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turbines. The likely implication of this action is to decrease the standard error of the variable 

included twice relative to the other sizes. This was not viewed as problematic. 

D.2 Initial code used for the VR study experimental design	

Design 
;alts = alt1,alt2,sq 
;rows=16 
;block=2 
;eff= (mnl, WTP(ref1)) 
;WTP = ref1(*/b3) 
;model: 
U(alt1) = b1.effects[(n,-1.1972, 0.4214398)|(n, -0.07526, 0.1306902)|  
          (n,0.575179, 0.1345957)]*dist[5,8,12,18]  
          + b2.effects[(n,0.349623, 0.1744532)|(n,-0.36691,0.0840777)] 
          *size[64,100,144] + b3[(n,-0.0006, 0.0004707)] 
          *price[-600,-480,-360,-240,-120,0,120] / 
U(alt2) = b1*dist + b2*size +b3*price/ 
U(sq) = sq[(n,1.081916, 0.6181415)] * sq[1]   $ 

D.3 Final code used for the VR study experimental design 

Design 
;alts(m1) = alt1*,alt2*,sq 
;alts(m2) = alt1*,alt2* 
;rows=16 
;block=2 
;eff=M1(mnl,d) + 0.001*M2(mnl,b)  
;prop=lvlfreq(across),bal 
;alg = ga 
 
;model(m1): 
U(alt1) = b1.effects[(n,-1.1972, 0.4214398)|(n, -0.07526, 0.1306902)|  
                    (n,0.575179, 0.1345957)]*dist[5,8,12,18]  
         + b2.effects[(n,0.349623, 0.1744532)|(n,-0.36691,0.0840777)] 
         *size[64,100,144] + b3[(n,-0.0006, 0.00004707)] 
          *price[-600,-480,-360,-240,-120,0,120] / 
U(alt2) = b1*dist + b2*size + b3*price / 
U(sq) = sq[(n,1.081916, 0.6181415)]  
 
;model(m2): 
U(alt1) = b1[-0.095]*dist[5,8,12,18] + b2[-0.01]*size[64,100,144]  
         + b3[-0.0027]*price[-600,-480,-360,-240,-120,0,120] / 
 
U(alt2) = b1*dist + b2*size + b3*price $ 
                                                                                                                                                       
(as there is no number smaller than 24 that is divisible by eight, three and four). A design with three attributes 
with eight, four and four levels respectively, on the other hand, has a minimum design size of eight choice 
questions. 
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The above design was generated with the help of John Rose in the research version of 

Ngene. The code uses a model averaging approach between two models (m1 and m2). The 

second model is specified as utility being linear in the marginal parameters as the B-

efficiency criteria is not feasible for effects coded attributes in the current version of Ngene. 

Given the total of 16 choice situations together with the seven final price levels chosen, it 

was not possible to have a balanced design. While balance is viewed as a desirable design 

characteristic, it was viewed as more important to offer price ranges that were both realistic 

and which were significantly different enough from one another to ensure respondents were 

not indifferent between different price levels. Moreover, the unbalanced nature of the design 

was not problematic due to the completely generic nature of the attributes.142 As the VR 

survey constituted an unlabeled experiment, the alternatives were simply a generic collection 

of attributes with no independent meaning besides that afforded by the attribute levels. With 

a generic price parameter (the same for alternatives A and B), no obvious reason was found 

why it would be necessary to impose attribute balance within each alternative. Rather, it 

seemed more important to distribute levels so that they are balanced between the alternatives 

(such that each price level occurred an equal number of times in both alternatives) rather than 

within each separately, such that specific alternatives are not associated with specific 

attribute levels and they keep their generic nature. Between alternative balance was achieved 

by specifying the ;prop=lvlfreq(across) property in the final design. 

                                                 
142 An attribute is viewed as ‘generic’ when it is assumed to have the same parameter across alternatives. This is 
common for ‘unlabeled experiments’ – as used in this study – where the names of the alternatives are not 
meaningful beyond conveying the order of alternatives to respondents (e.g. Scenario A, Scenario B etc.). 



 

327 

D.4 Code used for the GP survey’s focus group experimental design 

Design 
;alts = alt1,alt2,sq 
;rows=16 
;block=2 
;eff=(mnl,WTP(ref1)) 
;WTP = ref1(*/b6) 
;model: 
U(alt1) = b2.effects[-0.1|-0.08|-0.06]*dist[5,8,12,18]+  

b3.effects[-0.03|-0.5]*size[100,144,64]+ 
b4.effects[0.05|0.07|0.09]*cars[300000,400000, 500000, 200000] + 
b5.effects[0.05|0.07|0.09]*jobs[2000,2500,3000,1500]+  
b6[-0.02]*fee[8,13,18,23,28,3] / 

U(alt2) = b2*dist + b3*size +b4*cars +b5*jobs +b6*fee/ 
U(sq) = sq[0.2]*sq[1] 
$ 

The above design was used as at the time of generating the surveys for the focus 

groups, as it was not yet known that it was possible to generate a very similar design as was 

used for the final surveys in the VR survey in the then current version of Ngene (version 

1.1.1). Priors for the dist (Distance of visible turbines from the shore) and size (Number of 

turbines visible from the shore) variables were based on the VR survey and adjusted to 

assume slightly milder preferences for the general NC public. In line with both logic as well 

as what was learnt from the first focus group, small positive coefficients were assumed on the 

Carbon Reduced (cars) as well as the Permanent Jobs attributes (jobs).  

Similar to the designs generated for the VR survey, four out of the 16 choice 

situations resulting from the above design were dominated. As such, these were deleted and 

the 12 remaining choice questions were used for the surveys presented to focus group 

respondents in the third and fourth focus group.  

D.5 Code for the final design used in the GP study 

Design 
;alts(m1)= alt1,alt2,sq 
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;alts(m2)= alt1, alt2 
;rows=24 
;block=3 
;eff= m1(mnl,d)+ 0.01*m2(mnl,b) 
;model(m1): 
 
U(alt1)= b2.effects[(n,-0.94329,0.194845)|(n,-0.04167,0.156817)| 

  (n,0.347576,0.139605)]*dist[5,8,12,18] +  
   b3.effects[(n,-0.0084,0.063759)|(n,-0.12212,0.061054)] 
               *size[100,144,64] + 
   b4[(n,0.000000443,0.000000501)]*cars[200000, 300000,400000, 
500000]+     
   b5[(n,0.00025,0.000325)]*jobs[500,800,1100,1400]+  
   b6[(n,-0.07041,0.021274)]*fee[2, 5, 8, 12, 16, 20, 25, 30] / 

U(alt2) = b2*dist + b3*size +b4*cars +b5*jobs +b6*fee/ 
U(sq) = sq[(n,-0.68138,0.484523)] 
 
;model(m2): 
U(alt1) = b2[(n,0.099014,0.021367)]*dist[5,8,12,18] + 

b3[(n,-0.00279,0.001203)]*size[100,144,64]+ 
b4[(n,0.000000321,0.000000484)]*cars[200000,300000,400000, 
500000]+ b5[(n,0.0003485,0.0002897)]*jobs[500,800,1100,1400]+  
b6[(n,-0.06408,0.021047)]*fee[2, 5, 8, 12, 16, 20, 25, 30] / 

U(alt2) = b2*dist + b3*size +b4*cars +b5*jobs +b6*fee $ 
 

The above code shows the final code that was run to generate the experimental design 

used in the final GP survey. The technical differences between this design and the one 

generated for the VR survey is the omission of ;prop=lvlfreq(across),bal and ;alg=ga 

as well as an increased weight on the second model.143 The omission of 

;prop=lvlfreq(across),bal and ;alg=ga were not problematic as the first is simply a 

new way to handle attribute level balance and the second is simply a new algorithm that is 

being tested in the research version of Ngene (J Rose, personal communication, Apr 3, 2012). 

In an effort to compensate for the absence of the ;prop=lvlfreq(across),bal 

specification, the weight on the second model (m2), specifying the efficiency criterion of 

balance, was increased from 0.001 to 0.01.  

                                                 
143 These commands were only available on the research version of Ngene at the time. It was not possible to 
specify these commands in the latest release version at the time of creating the design (Ngene 1.1.1).  
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Appendix	E:	 Example	data	explosion	for	exploded	logit	
 

Imagine a choice between four alternatives which vary by two attributes, each with 

four levels. Assume attribute X1 has levels given by {X1=200, 300, 400, 500} and the price 

attribute, X2, has the levels given by {X2=$5, $10, $15, $20}. Assume that an individual is 

asked to rank four different alternatives from one to four, with four being the most preferred. 

Possible alternatives as well as a possible ranking are given in Table E.1 and the exploded 

data for this ranking observation is given in Table E.2.  
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E.1 Tables and Figures 

 

Table E.1: Example preference rating over four alternatives 

 X1 X2 Ranking 
Alternative A 500 $10 1 
Alternative B 400 $5 2 
Alternative C 300 $15 3 
Alternative D 200 $20 4 

 

 
 
Table E.2: Exploded data for ranking observed in Table E.1 
Pseudo-observation Choice =1 if implied to be 

chosen based on rank 
X1 X2 

1 1 500 $10 
0 400 $5 
0 300 $15 
0 200 $20 

2 
 

1 400 $5 
0 300 $15 
0 200 $20 

3 1 300 $15 
0 200 $20 
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Appendix	F:	 Examples	of	scale	bias	in	latent	class	models	
 

Assume that all respondents in the sample have identical brand preferences over three 

brands: A, B and C. Specifically A=0.6, B=0.1 and C=-0.5 and so all respondents prefer 

brand A over brand B and brand B over brand C. Further, assume two subgroups of 

respondents exist – one with more certainty than the other when comparing several brands in 

a pair-wise fashion. Let the scale factors of the two groups be denoted by [1] and [2] 

respectively, where [2]> [1]. Normalizing [1] = 1 for the first subgroup, assume [2]=2 

for the second subgroup. This setup is summarized in Table F.1. 

Choice probabilities resulting from the parameters chosen above are obtained using 

the logit model equation (shown here only for Brand A) and are displayed in Table F.2. 

exp( [ ]* )
Prob(Brand=A|Subgroup s) =

exp( [ ]* ) exp( [ ]* ) exp( [ ]* )
A

A B C

s

s s s

 
      

           (F.1) 

Table F.2 illustrates that a larger scale parameter (as is observed in subset 2), results 

in more extreme choice probabilities. As latent class models group respondents into Q 

different classes with different part-worth parameters, the assumption of equality of scale 

between the two subgroups examined here would result in the mistaken identification of two 

different LC segments for the two subgroups examined – with the estimated preference 

parameters being given by the right most columns in Table F.1. The estimated preference 

parameters under this assumption would suggest that subgroup 2 prefers Brand A more than 

subgroup 1, which is incorrect given the true brand preference parameters are identical for 

the two subgroups examined. The only difference between the subgroups is that responses 
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obtained from subgroup 2 reflect greater uncertainty. As such, this setup would be better 

explained by a single homogenous segment with two different latent subgroups with different 

scale parameter values [1] ≠ [2]. 

While we would in theory get the same WTP estimates for the two groups examined 

above as the scale parameter falls away when estimating ratios of coefficients, the presence 

of more than two latent classes can result in the pooling of the wrong respondents in a 

specific preference class – resulting in a miscalculation in WTP estimates. For simplicity, 

assume that we have four respondents with preferences for different levels of “distance of 

visible turbines from the shore” (given by Dist_X variables) and “number of visible turbines 

from the shore” (given by Turbines_X variables) shown in the table underneath Figure F.1. 

We see from the preferences in Figure F.1 that respondents one and two have 

identical preferences that only differ in scale (with respondent one’s preference parameters 

being double that of respondent two). Exactly the same applies to respondents three and four 

– this time with respondent four’s preference parameters being double that of respondent 

three. Respondents one and two differ from respondents three and four, by having an extreme 

dislike for turbines located at five miles from the shore. As such, we have two segments of 

respondents, each with one respondent who is more certain and one who is less certain of 

responses. By minimizing within-class differences, however, a non-scale adjusted latent class 

model would most likely group respondents two and three together and separate them from 

respondents one and four. A scale adjusted latent class model on the other hand would 

recognize that preferences between respondents one and two and respondents three and four 

differed only by scale and would prevent this misclassification of preferences.  
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F.1 Tables and Figures 

Table F.1: True preference parameters and estimated preference parameters ([t]*) for each 
subgroup 

 
 True preference parameter () Estimated preference parameter ([t]*) 
Brand Subgroup t=1 Subgroup t=2 Subgroup t=1 

[1]=1 
Subgroup t=2 
[2]=2 

A 0.6 0.6 0.6 1.2 
B 0.1 0.1 0.1 0.2 
C -0.5 -0.5 -0.5 -1  
 
 
 
Table F.2: Choice probabilities of each subgroup examined 
 
 Choice Probabilities 
Brand Subgroup t=1 Subgroup t=2 
A 0.52 0.68 
B 0.31 0.25 
C 0.17 0.07 
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Figure F.1: Misinterpreting scale in a latent class example 
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Appendix	G:	 Examining	 scale	 differences	 between	 the	 daytime	 and	
nighttime	treatments	

 

As discussed in Section 5.1, the logit model (and so the rank ordered logit model) is 

obtained by assuming that the errors follow a type one extreme value distribution which is 

characterized by the utility parameters as well as the scale factor. While it is standard practice 

to set the scale parameter equal to one when estimating any particular model, this is 

problematic when, in the interests of pooling data, parameter estimates for two or more data 

sets or samples are compared, as coefficient estimates are confounded with relative scale 

factors. Accordingly, when differences in parameter estimates across samples are compared, 

standard statistical tests may not be appropriate, as it is not possible to distinguish variance 

from parameter estimates. As such, it must first be examined whether differences in scale 

exist between samples, before actual parameters are compared (Swait & Louviere 93). 

While the actual questions contained in the survey were the same for both daytime 

and nighttime treatments, it could be argued that the nighttime treatment had additional 

information to the daytime treatment (in the form of additional visualizations) and that this 

difference in information might have impacted the certainty with which choice questions 

were answered. As the scale factor is inversely related to the variance, differences in 

information, and so certainty, could lead to potential differences in scale between the two 

treatments. As such, possible scale differences between the treatments are examined. 

While the scale factor of any particular data set cannot be identified, the relative scale 

factor of one data set relative to another is identifiable. Swait and Louviere (1993) provide a 

simple and intuitive method for estimating scale factor ratios for pairs of data sets. Moreover, 
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if scale differences are found between data sets, this test conveniently provides a way for 

testing whether parameters differ between samples after accounting for differences in scale. 

Before delving into the mechanisms of the scale test, it is useful to examine the 

reasons why differences in observed parameter estimates can exist between samples. The 

first is simply the result of sampling error. In this case, while parameters may at first seem 

different, the underlying parameters and scale factors are actually the same in both 

populations (i.e. β1 = β2, μ1 = μ2). The second reason could be that the underlying parameters 

are actually the same, but it is a difference in scale results in apparent parameter differences 

(i.e. β1 = β2, μ1 ≠ μ2). Finally, it is possibly that there are real differences in the underlying 

parameters and/or scale factors (i.e. μ1 β1 ≠ μ2 β2). Because of the confounding of parameter 

vectors with the scale parameter in logit models, however, it is not possible to distinguish 

between real differences in parameters and / or scale factors (case three above) resulting from 

differences in parameters but equal scales (i.e. β1 ≠ β2, μ1 = μ2) and real differences resulting 

from differences in parameters and differences in scale (i.e. β1 ≠ β2, μ1 ≠ μ2). As such, what 

lies ahead is to test scale differences under assumed parameter equality and then continue by 

examining the assumption of parameter equality. 

G.1 Swait & Louviere (1993) scale test: Methodology 

The scale test outlined in Swait & Louviere (1993) suggests following a two-stage 

variant of the chow test to test the hypothesis 

 1 1 2 1 2:   .H and    
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In the first step, it is assumed that coefficients across two treatments are equal, while 

allowing the scale parameters between the treatments to differ. As such, we assume 

 1 1 2: .AH    
 

As the scale parameters of the two different treatments are not simultaneously 

identifiable, the scale parameter for one of the treatments, 1, (in this case the daytime 

treatment) is normalized to one, and the scale parameter of the second treatment, 2, (in this 

case the nighttime treatment) becomes the relative scale parameter. The data are then pooled 

and in an iterative grid search, the 2 which maximizes the log likelihood of this combined 

model, 2*, is found. Using this 2* to account for variance differences between the 

treatments, the assumption of parameter equality (H1A) is then tested by using the likelihood 

ratio test statistic 

 1 22[ ( )],A uL L L   
 

where Lu is the log likelihood value of the pooled model  corresponding to the point 

estimate 2*, L1 is the log likelihood corresponding to a separate model for treatment 1 and 

L2 the corresponding value of a separate model for treatment 2. This statistic is 

asymptotically chi-squared distributed with (K+1) degrees of freedom, where K is the 

number of parameters in each of the three models estimated and the extra degree of freedom 

results from the fact that 1 is allowed to vary under the alternative hypothesis. 

If H1A is rejected, the procedure is automatically stopped and H1 is also rejected. In 

this case 2* cannot be interpreted as a measure of heterogeneity of the error variance of the 
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two treatments, but is rather simply an average multiplier that optimally scales the data of the 

nighttime sample to offset the imposition of assumption H1A. 

 If H1A is not rejected, however, then the proposed procedure continues to second step 

to test whether the scale parameters between the two treatments are equal, i.e. 

 1 1 2: .BH    
 

The test statistic under H1B is: 

 
2[ ],B pL L   

 

where Lp is the log likelihood under H1B (i.e. the unrestricted model of pooling the data) and 

Lu is as previously defined. This test statistic is again asymptotically chi-squared distributed, 

but this time with 1 degree of freedom do to the restriction placed μ2 (i.e. μ1 = μ2). 

To apply the test to the data, care is taken to specify the utility function as completely 

as possible when testing for scale differences between Daytime and Nighttime treatments to 

remove all observable heterogeneity. While the utility function used is more fully specified 

than the one chosen in the final logit model, this is done in an effort to prevent erroneous 

conclusions about parameter inequality which may result from potential misspecification 

resulting from omitted variables.  

G.2 Code used to run the scale test 

The scale test is run in STATA 11 using the following code: 

file open gridsearch using "C:\...\data.txt", write text append 

/* suppose you have 2 treatments: treatment 1 and treatment 2 and 
you want to allow the scale factor to vary between the treatments. 
The gridsearch method simply tries different scale factors and 
records the log-likelihood (which stata knows as e(11)). By 
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adjusting the numlist you can refine your search. (The initial 
numlist is really coarse.)  This program simply scales the data for 
one treatment and not for the other (the nighttime treatment is 
scaled in this example). */ 

foreach kappa of numlist 0.7 0.75 0.8 0.85 0.9 1.0 1.1 1.2 1.3 { 

use "C:\...\data.dta”, clear 

foreach var of varlist _8miles _12miles _18miles  _64turbines 
_100turbines _8_64 _8_100 _12_64 _12_100 _18_64 _18_100  _8_ocf 
_12_ocf _18_ocf _64turbines_ocf _100turbines_ocf price ASC ASC_ocf 
ASC_emerald ASC_sloane ASC_educ_grad ASC_inc ASC_times_rented 
ASC_age ASC_nc { 

replace `var'=`var'/`kappa' if night==1 /* here scaling the 
nighttime variables*/ 

} 

rologit ranking _8miles _12miles _18miles  _64turbines _100turbines 
_8_64 _8_100 _12_64 _12_100 _18_64 _18_100  _8_ocf _12_ocf _18_ocf 
_64turbines_ocf _100turbines_ocf price ASC ASC_ocf ASC_emerald 
ASC_sloane ASC_educ_grad ASC_inc ASC_times_rented ASC_age ASC_nc, 
group(groupid) vce(cluster id) incomplete(0) nolog reverse 

file write gridsearch _col(2) %4.3f (`kappa') _col(11) %11.4f 
(e(ll)) _n 

}  

file close gridsearch 

clear 

*** Doing the Louviere test **** 

use "C:\...\data.dta”, clear 

rologit ranking _8miles _12miles _18miles  _64turbines _100turbines 
_8_64 _8_100 _12_64 _12_100 _18_64 _18_100  _8_ocf _12_ocf _18_ocf 
_64turbines_ocf _100turbines_ocf price ASC ASC_ocf ASC_emerald 
ASC_sloane ASC_educ_grad ASC_inc ASC_times_rented ASC_age ASC_nc, 
group (groupid) vce(cluster id) nolog reverse incomplete(0)  /* Lp*/ 
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rologit ranking _8miles _12miles _18miles  _64turbines _100turbines 
_8_64 _8_100 _12_64 _12_100 _18_64 _18_100  _8_ocf _12_ocf _18_ocf 
_64turbines_ocf _100turbines_ocf price ASC ASC_ocf ASC_emerald 
ASC_sloane ASC_educ_grad ASC_inc ASC_times_rented ASC_age ASC_nc if 
night==0, group (groupid) vce(cluster id) nolog reverse 
incomplete(0)  /* this produces L1 */ 

rologit ranking _8miles _12miles _18miles  _64turbines _100turbines 
_8_64 _8_100 _12_64 _12_100 _18_64 _18_100  _8_ocf _12_ocf _18_ocf 
_64turbines_ocf _100turbines_ocf price ASC ASC_ocf ASC_emerald 
ASC_sloane ASC_educ_grad ASC_inc ASC_times_rented ASC_age ASC_nc if 
night==1, group (groupid) vce(cluster id) nolog reverse 
incomplete(0)  /* this produces L2 */ 

foreach var of varlist _8miles _12miles _18miles  _64turbines 
_100turbines _8_64 _8_100 _12_64 _12_100 _18_64 _18_100  _8_ocf 
_12_ocf _18_ocf _64turbines_ocf _100turbines_ocf price ASC ASC_ocf 
ASC_emerald ASC_sloane ASC_educ_grad ASC_inc ASC_times_rented 
ASC_age ASC_nc { 

replace `var'=`var'/0.753 if night==1 /* here scaling the nighttime 
variables by the optimal u2 found in the grid search above*/ 

} 

rologit ranking _8miles _12miles _18miles  _64turbines _100turbines 
_8_64 _8_100 _12_64 _12_100 _18_64 _18_100  _8_ocf _12_ocf _18_ocf 
_64turbines_ocf _100turbines_ocf price ASC ASC_ocf ASC_emerald 
ASC_sloane ASC_educ_grad ASC_inc ASC_times_rented ASC_age ASC_nc, 
group (groupid) vce(cluster id) nolog reverse incomplete(0) /* Lu */ 

* test  = -2[Lu-[L1+L2]] * if reject, estimate of scale factor 
is NOT valid, as was premised on parameter equality. Implies that 
two treatments have underlying models with different parameters, 
which suggests each choice task measures a different cognitive 
process. 

G.3 Results of the scale test 

Initially, scale differences between Daytime and Nighttime treatments are tested 

using the entire sample. As can be seen in the first row of Table G.1, hypothesis H1A of 

parameter equality is rejected for the pooled sample. This implies that the estimate of the 
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scale factor obtained is not valid (as it was based on parameter equality), and, as outlined in 

the scale test description above, it is not possible to check for differences in scale between 

the treatments. This in turn indicates that the two treatments have underlying models with 

different parameters, suggesting that the choice tasks in the different treatments measure a 

different cognitive process. 

To address the possibility that those respondents always choosing the baseline as their 

most preferred scenario (from now on referred to as “non-participants”) have different 

preferences to those respondents who displayed a greater tendency to trade off attributes in 

the choice questions, the scale test is also conducted only for respondents who didn’t always 

choose the baseline as their most preferred option (from now on referred to as “in the 

market” respondents.) The results of this test are found in the second row of Table G.1. The 

likelihood ratio test of the difference between parameters for daytime and nighttime samples 

for respondents “in the market,” yields a chi-squared which clearly implies rejection of the 

hypothesis of equal parameters between daytime and nighttime treatments, suggesting again 

that the rank ordered logit model should be conducted separately for each treatment.  

G.4 The economic importance of parameter inequality 

While the scale test and the finding of parameter inequality between the two 

treatments is itself an interesting finding, the coefficient estimates obtained in the rank 

ordered logit model are not of direct policy relevance. What is of direct policy relevance, 

however, are the willingness to pay measures that result from coefficient estimates obtained 



 

342 

from the model. Accordingly, differences in willingness to pay estimates between daytime 

and nighttime samples are tested.144 

As effects codes were used to code the attribute variables, willingness to pay 

measures for individual attribute levels are most intuitive when compared to other attribute 

levels and accordingly, marginal willingness to pay estimates for moving from one scenario 

to another are compared. Moreover, to allow for different preferences for “non-participants,” 

comparisons are again made both for the sample as a whole, as well as only for people “in 

the market” (those respondents who did not always pick the baseline as their most preferred 

scenario). 

Comparisons of marginal WTP (MWTP) measures were made by estimating standard 

errors of these measures using the nlcom command in STATA 11 and then using a t-test for 

equal means to test for pairwise comparisons. The t-test for equal means is calculated as 

 

1 2

2 2
1 2

1 2
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x x
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 Comparisons for both the full sample, as well as for only respondents who were “in 

the market” can be seen in Panel A and Panel B of Table G.2, respectively. Differences in 

MWTP between the two treatments are significant for all the changes in attributes examined, 

in both the full sample as well as the “in the market” sample. Panel A in Table G.2 reports 

that the MWTP to move a wind farm from 5 miles to 8 miles offshore is $1,861 for the 

nighttime treatment and only $1,136 for the daytime treatment (for the full sample). The t-

                                                 
144 Note that willingness to pay estimates shown in this section are not final estimates, but are only used for 
examining differences between survey treatments. 
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statistic in the last column of the table illustrates that these differences are statistically 

significant. The MWTP for the same change in the distance level for only respondents “in the 

market” (Panel B) is $776 for the nighttime treatment and $673 for the daytime treatment. 

These differences are again statistically significant. In the last row of each panel, the 

coefficient on the ASC is used to calculate the marginal WTP to move from the “average 

view scenario” presented in the surveys to the baseline option. Difference between the 

nighttime and the daytime treatment MWTP values, both for the entire sample, as well as for 

only respondents that did not always choose a baseline as their most preferred scenario are 

again large.145 Statistically significant differences in marginal WTP estimates confirm scale 

test findings that nighttime and daytime treatments should be examined separately.  

  

                                                 
145 A comparison of MWTP estimates was also done for the more fully specified rank ordered logit model 
examined in the scale parameter test. MWTP estimates were similarly significantly different across the two 
treatments.  
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G.5 Tables and figures 

Table G.1: Results of Swait and Louviere (1993) scale test 

Sample 
*
night  dayL  nightL  L  A  Reject H1A?

Entire sample 0.753 -2714.74 -2269.95 -5032.3 95.22a Yes 
“In the market” 
respondents 

1.008 -1641.2 -1265.8 -2933.86 53.75a Yes 
aThe chi-squared statistic for 27 d.f. and 95% confidence interval is 40.11. 

 
 
 
 
Table G.2: Marginal WTP calculations by treatment 

 Panel A: All respondents 
 Nighttime treatment Daytime treatment  
 

Coeff 
Std 

error 
P>z Coeff 

Std 
error 

P>z t 

5 to 8 miles $1,860.99 311.81 0.000 $1,135.89 152.40 0.000 39.22
8 to 12 miles $512.62 131.38 0.000 $572.87 93.29 0.000 -9.24
12 to 18 miles $985.74 180.08 0.000 $522.35 104.41 0.000 45.99
100 to 64 turbines -$211.49 133.46 0.110 -$22.38 84.11 0.790 -26.37
144 to 100 turbines $604.51 131.34 0.000 $364.97 77.82 0.000 32.91
View option to baseline $2,444.45 420.50 0.000 $1,455.08 210.19 0.000 39.93
 Panel B: Only respondents “in the market” 
 Nighttime treatment Daytime treatment  
 

Coeff 
Std 

error 
P>z Coeff 

Std 
error 

P>z t 

5 to 8 miles $776.22 121.63 0.000 $673.47 90.53 0.000 12.16
8 to 12 miles $282.95 90.47 0.000 $440.60 78.73 0.000 -29.38
12 to 18 miles $379.37 97.02 0.000 $152.18 70.51 0.030 33.13
100 to 64 turbines -$218.85 78.81 0.010 -$87.50 58.74 0.140 -24.01
144 to 100 turbines $300.77 67.11 0.000 $262.06 51.47 0.000 8.49 
View option to baseline $464.56 100.86 0.000 $330.65 76.38 0.000 19.36
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Appendix	H:	 Finding	the	optimal	latent	class	Model,	VR	survey	
 

H.1 Tables and Figures 

Table H.1: Coefficient Estimates for different active covariates specified, Nighttime 
treatment 
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Table H.2: Coefficient Estimates for different active covariates specified, Daytime treatment 

 
 
  



 

347 

Table H.3: Full 3 class Latent class model, Nighttime treatment 



 

348 

Table H.3 (continued) 
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Table H.4: Full 3 class Latent class model, Daytime treatment 
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Table H.4 (continued) 
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Appendix	I:	 Model	Specification	process,	GP	survey	

I.1 Examining effects coded survey attributes 

To keep the model structure comparable to the analysis done for the VR survey, the 

first model specification explored is a main effects only conditional logit specification in 

which all design attributes are specified as non-linear effects codes. The results of this base 

model specification can be found in Table I.1. Examining the size of the estimated utility of 

the individual attribute levels allows for the investigation of the importance which the 

different attributes played in respondent decision making. The distance attribute had more 

than three times as much of an impact on utility as the size, jobs and carbon attributes in the 

Hatteras Treatment. A similar trend is observed in the Town Treatment, except that for this 

treatment the size of the visible wind farm played an even smaller role. 

The relative lack of importance of the attributes in determining respondent choices is 

reflected in the sparseness of statistical significance of most of the effects coded attribute 

levels. This is particularly true for the Town Treatment where only two of the four distance 

levels and one of the jobs levels are statistically different from the grand mean. None of the 

levels on the size or carbon attribute are statistically different from the average levels of these 

attributes seen by respondents in the survey. While for the Hatteras Treatment respondents 

seemed to distinguish between different levels of wind farm sizes and distances from the 

shore, only two of the four levels of the jobs attribute and none of the levels of the carbon 

attribute are statistically different from the grand mean. Moreover, many of the coefficients 

of the different attribute levels are counterintuitive in magnitude. In the Hatteras Treatment, 

for example, the utility of 500,000 jobs appears to be lower than that of both 300,000 jobs 
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and 400,000 jobs. Given that permanent job creation assumed to be a good rather than a bad, 

this result is counterintuitive. A number of further examples of this can be found in both the 

carbon attribute of the Town Treatment as well as the jobs attribute of both treatments.146 

Both the above findings suggest that the different levels of the permanent jobs created as well 

as the carbon reduced attributes do not in themselves have sufficient explanatory power to 

predict preferences, suggesting that a different model specification is necessary. Moreover, 

given the need to split the two treatments, sample sizes are relatively small.147 As a fully 

effects coded model results in the loss of a larger number of degrees of freedom than a model 

imposing more structure, both a linear as well as a log-linear specification of attributes were 

considered.148  Examination of the coefficient estimates of the effects coded models in Table 

I.1; however, suggest that willingness to pay measures for the attributes follow a convex 

trend. Accordingly, the logarithmic specification of attributes was chosen as the preferred 

model for analysis.  

I.2 Finding the optimal number of latent classes 

Unlike in the VR survey analysis, the results of the four and five class latent class 

models are robust to both the starting seed as well as to the number of iterations specified 

during the estimation process and as such each of the different class specifications are 

                                                 
146 While the discussion here focusses on this base conditional logit model, effects coded conditional logit 
models with more heterogeneity, as well as latent class models with effects codes were also examined and 
provided similarly counter-intuitive results. 
147 As discussed in the summary statistics (Section 7.1), after individuals with more than two unanswered choice 
questions and those with counter-intuitive rankings were removed from the analysis, 128 respondents remained 
for the Town Treatment and 143 for the Hatteras Treatment. 
148 While the number of degrees of freedom used in an effects coded model is not as critical in the one class 
conditional logit model, degrees of freedom nevertheless become an important constraint in latent class analysis 
where the number of parameters increases quickly given an increase in the number of classes examined. 
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examined here. The results of the three-, four- and five-class latent class models can be found 

in Table I.2, Table I.3 and Table I.4 respectively.149 In order to facilitate understanding of the 

nature of the classes formed, the number of times a respondent chose a designed scenario as 

his/her most preferred scenario is summarized by grouping this variable into three categories 

and examining it as an inactive covariate (inactive covariates are reported at the bottom of 

each table). The three groupings are (1) respondents that never chose a designed/view 

scenario as their most preferred scenario (these respondents always ranked the baseline as 

their favored alternative), (2) respondents that sometimes chose a view scenario as their most 

preferred option and finally, (3) respondents that always chose a designed scenario as their 

most preferred scenario.  

While increasing the number of classes results in a refined classification of 

preferences (as is expected in latent class models), increasing the class size to more than 

three classes results in a number of problems. The first is the formation of counterintuitive 

classes. Both in the four- and the five- class models, classes are formed in which the only 

attribute with statistical significance is distance, with respondents revealing a preference for 

locating wind farms further offshore. When examining the choice breakdown of these 

classes, however, the majority of respondents in these classes either always or sometimes 

picked a view option as their most preferred scenario. Given that in the status quo 

respondents had the option of having wind farms located too far offshore to see, without 

                                                 
149 To facilitate comparison between the treatments, the classes in the regression output are sorted and grouped 
by preference structures of the classes rather than by class numbers. In particular, classes are ordered by their 
revealed preference for the status quo – with those classes with a strong preference for the status quo being 
displayed first. This method of presentation results in classes which displayed similar characteristics and 
preferences structures are presented next to one another in the tables. P-values lower than 0.10 are highlighted 
to facilitate interpretability of models.  
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facing an increase in electricity prices, this choice behavior is counterintuitive. The second 

problem is that classes form in which only a few parameter estimates are statistically 

significant. Particularly problematic in these cases is an insignificant price coefficient. While 

it is possible that price was not relevant for these classes, welfare analysis of classes becomes 

ever more difficult as the number of significant coefficients in a class decrease. 

The three class model on the other hand resulted in a very intuitive allocation of 

respondents to classes, a strong revelation of preferences within each of the classes and a 

significant price coefficient for all except latent class three of the Hatteras sample.150 An 

additional advantage of the three class model was that the choice behavior, as reflected by the 

number of times respondents chose a view option as their most preferred scenario in each 

class, was very similar in both of the treatments, which was not the case in the models with 

more than three classes. The above findings, together with the recognition of the diminished 

ability of a model to predict preferences as the degrees of freedom decreased with an increase 

in the number of classes examined, resulted in the choice of the three class model as the 

model of choice.  

I.3 Specifying the class membership equation 

Question D.11 of the GP survey mirrors question D.8 of the VR survey and asked 

respondents to rate the impact that they thought offshore wind energy development in North 

Carolina would have on a range of environmental and public factors. Responses to this 

question are discussed in Section 7.1 and are summarized in Table 7.3. To obtain factor 

                                                 
150 This class was composed mainly of respondents who never chose a designed alternative as their most 
preferred scenario.  
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scores for the 9 components of question D.11 a principal component analysis with varimax 

rotation was performed in STATA 11.151 The scree plot of the eigenvalues resulting from the 

factor analysis can be found in Figure I.1. Given the sharp drop in the eigenvalues seen at 

two factors in the figure, Cattell’s scree test suggests that the attitudes captured in question 

D.11 can be summarized by two factors. As can be seen from the factor loadings presented in 

Table I.5, the first factor captures primarily the impact of potential offshore wind farm 

development on marine life, bird life, recreational fishing, tourism, jobs, property values and 

commercial fishing revenues.152 The second factor captured perceived impact on government 

spending, electricity prices as well as climate change. While not identical to the principal 

factors obtained in the VR study, most of the items were consistent across the factors of the 

two surveys. Accordingly, the first factor here will again be referred to as the “environmental 

factor” and the second factor, the “public factor.” 

A similar factor analysis was also conducted for question D.12 in which respondents 

were asked what actions they believed should be taken in order to reduce carbon dioxide 

emissions in North Carolina. Responses to this question are discussed in the Section 7.1 and 

are summarized in Table 7.4. The scree plot from the principle component analysis with 

varimax rotation conducted on this question is displayed in Figure I.2. While the scree plot 

for this question is not as conclusive as in previous factor analyses, it is generally accepted 

that factors with eigenvalues lower than one should not be included in the analysis (these 

                                                 
151 To prevent the loss of observations, “not sure” answers were coded as the same category as “no impact.”  
152 As discussed in the VR survey, factor loadings represent the correlations between the items examined and 
the respective factor. Accordingly, the factor with the highest factor loading for a specific item is primarily 
responsible for capturing preferences contained in that item. As the factor loading of Factor 1 for marine life is 
0.78 and that for Factor 2 is only 0.13 in absolute value, Factor 1 is seen as capturing perceived impact on 
marine life. 
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factors are automatically dropped by STATA), resulting in a further two factors. From the 

rotated factor loadings in Table I.6, we see that the first factor captures the opinions on 

expanding and investing in solar and wind power and accordingly is named the “renewable 

factor.” The second factor captures the opinions regarding the expansion of and investment in 

nuclear energy, as well as the opinions regarding carbon taxes. Due to the contentious nature 

of these items, it was named the “controversial factor.” Scores for the factors resulting from 

question D.11 and D.12 are calculated for each individual in the sample to allow the different 

factors to be examined as active covariates in the latent class model. 

To begin, these four factors together with variables capturing boating activities, 

previous experience with seeing wind turbines, and respondent electric bill on a typical hot 

summer month, are jointly specified as active covariates in the model. The coefficient 

estimates of the entire set of active covariates examined can be found in Table I.7 and Table 

I.8 for the Town Treatment and Hatteras Treatment, respectively. Most of the covariates are, 

however, not robust to different specifications of active covariates, with the statistical 

significance of coefficients changing depending on which covariates are included in the 

analysis. Table I.9 summarizes the number of classes for which active covariates examined 

significantly influence class membership for different models examined. The only active 

covariates that significantly impact class allocation across different model runs for both 

treatments are respondent engagement in boating activities while at the coast as well as the 

environmental factor. Robustness across specification suggests inclusion of these covariates 

in the analysis. As both the environmental as well as the public factor are needed to 

summarize question D.11, both factors are initially included in the analysis, resulting in a 
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total of three active covariates in the model: engagement in boating activities, the 

environmental factor, and the public factor. 

Upon inclusion of these covariates, however, the model results change from the 

model without covariates, with a number of coefficients loosing statistical significance upon 

inclusion of the active covariates. Model results from the three class latent class model with 

active covariates can be found in Table I.10. For the Town Treatment, we see that including 

the covariates assigns a greater number to the Never View category while fewer respondents 

are assigned to both the All View and the Some View categories. We also see that while the 

number of statistically significant coefficients in the Never View class increases, the reverse 

is true for the All View and Some View classes. Particularly problematic for the calculation 

of welfare estimates is that the price coefficient for both of the latter named groups become 

insignificant. Moreover, as the Never View class is less likely to make decisions at the 

margin, welfare calculations for this class are less informative than for the other two classes, 

making the increase in predictive power for this class less valuable. While class sizes are 

relatively similar to the model without active covariates for the Hatteras Treatment, a number 

of coefficients loose statistical significance in the Some View class, again reducing the 

ability to examine WTP estimates for this class. 
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I.4 Tables and Figures 

Table I.1: Effects coded main effects regression results by treatment 

 Town Treatment Hatteras Treatment 
Attribute Coeff Std error Coeff Std error 
Distance     

5 miles -0.372*** 0.108 -0.433*** 0.094 
8 miles -0.015 0.049 -0.027 0.050 
12 miles 0.3*** 0.065 0.104* 0.057 
18 miles 0.087 0.094 0.356*** 0.094 

Size     
64 turbines -0.056 0.057 0.046 0.053 
100 turbines 0.03 0.031 0.082*** 0.030 
144 turbines 0.026 0.052 -0.128** 0.052 

Jobs     
500 -0.122** 0.061 -0.112** 0.050 
800 0.087 0.058 -0.047 0.061 
1100 -0.005 0.053 0.09* 0.050 
1400 0.04 0.052 0.069 0.055 

Carbon     
200,000 -0.014 0.090 -0.112 0.096 
300,000 -0.121 0.087 0.024 0.090 
400,000 0.02 0.093 0.134 0.090 
500,000 0.115 0.095 -0.045 0.090 

Price -0.002*** 0.001 -0.002*** 0.001 
ASC 0.414** 0.200 -0.049 0.190 
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Table I.2: Three-class latent class model 

 

Town Treatment Hatteras Treatment

Coef. z‐value p‐value Coef. z‐value p‐value

Class 3 Class 3

Distance 0.5196 3.9981 0.000 Distance 0.6699 2.4952 0.013

Size ‐0.0288 ‐0.6324 0.530 Size ‐0.1486 ‐1.2527 0.210

Jobs 0.0565 1.3864 0.170 Jobs 0.025 0.3146 0.750

Carbon 0.0311 0.9503 0.340 Carbon 0.0255 0.3645 0.720

Price ‐0.0015 ‐2.4632 0.014 Price ‐0.0005 ‐0.8633 0.390

ASC 0.0225 0.0821 0.930 ASC 0.4095 0.6353 0.530

Class 1 Class 2

Distance 0.1583 1.0514 0.290 Distance 0.5519 2.0333 0.042

Size ‐0.387 ‐2.8466 0.004 Size ‐0.4154 ‐2.5931 0.010

Jobs 0.3827 4.5602 0.000 Jobs 0.3623 1.7836 0.074

Carbon 0.2912 2.8391 0.005 Carbon 0.0531 0.4059 0.680

Price ‐0.012 ‐7.282 0.000 Price ‐0.011 ‐6.7213 0.000

ASC 1.3361 1.9985 0.046 ASC 1.9444 2.721 0.007

Class 2 Class 1

Distance 0.2932 2.0407 0.041 Distance 0.5174 3.3316 0.001

Size ‐0.075 ‐1.8472 0.065 Size ‐0.1556 ‐1.8816 0.060

Jobs 0.2403 3.8088 0.000 Jobs 0.3379 4.649 0.000

Carbon 0.1556 4.3675 0.000 Carbon 0.246 3.8069 0.000

Price ‐0.0021 ‐2.2064 0.027 Price ‐0.0029 ‐3.6896 0.000

ASC 1.3213 2.3078 0.021 ASC 2.0608 3.1154 0.002

Scale Scale

Coef z‐value p‐value Coef z‐value p‐value

Scale(1) 1 . . Scale(1) 1 . .

Scale(2) 8.3896 6.462 1.00E‐10 Scale(2) 5.8205 8.7483 2.20E‐18

Class 1 2 3 Class 1 2 3

Class size 0.21 0.46 0.33 Class size 0.33 0.25 0.42

Times a designed alternative was chosen as most prTimes a designed alternative was chosen 

Never 0.26 0.00 0.74 Never 0.00 0.32 0.68

Always 0.00 0.96 0.04 Always 0.98 0.00 0.02

Sometime 0.35 0.38 0.27 Sometime 0.31 0.32 0.37
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Table I.3: Four-class latent class model 

 

 

 

Town Treatment Hatteras Treatment

Coef. z‐value p‐value Coef. z‐value p‐value

Class 3 Class 2

Distance 4.4156 3.5988 0.000 Distance 1.4471 2.5188 0.012

Size 0.3268 0.649 0.520 Size ‐0.4151 ‐2.2538 0.024

Jobs 0.4007 0.9419 0.350 Jobs 0.131 0.985 0.320

Carbon 0.715 1.6057 0.110 Carbon 0.119 0.8337 0.400

Price ‐0.0192 ‐2.7415 0.006 Price ‐0.0023 ‐0.949 0.340

ASC ‐19.6297 ‐3.6368 0.000 ASC ‐2.5095 ‐1.2272 0.220

Class 2 Class 1

Distance 0.304 0.4133 0.680 Distance 0.4237 1.5342 0.120

Size ‐0.0169 ‐0.0243 0.980 Size ‐0.3792 ‐2.4041 0.016

Jobs 0.7582 1.5215 0.130 Jobs 0.3493 1.7321 0.083

Carbon 0.6242 1.1132 0.270 Carbon 0.0254 0.2125 0.830

Price ‐0.0328 ‐2.4719 0.013 Price ‐0.0107 ‐5.8201 0.000

ASC 1.8876 0.3947 0.690 ASC 1.7302 2.3112 0.021

Class 1 Class 4

Distance 5.4215 2.7884 0.005 Distance 1.0279 4.0573 0.000

Size ‐0.7129 ‐0.548 0.580 Size 0.0695 0.5639 0.570

Jobs 1.1058 1.269 0.200 Jobs 0.0115 0.177 0.860

Carbon 0.5337 0.5918 0.550 Carbon 0.1688 1.4801 0.140

Price ‐0.0011 ‐0.503 0.620 Price 0 ‐0.0616 0.950

ASC 7.8298 1.2017 0.230 ASC 0.4085 0.6617 0.510

Class 4 Class 3

Distance 1.3318 1.234 0.220 Distance 0.5942 2.8178 0.005

Size ‐0.1846 ‐0.4741 0.640 Size ‐0.1906 ‐1.6859 0.092

Jobs 1.8406 3.6886 0.000 Jobs 0.4043 3.6808 0.000

Carbon 1.345 3.7682 0.000 Carbon 0.2882 3.3705 0.001

Price ‐0.0137 ‐2.1812 0.029 Price ‐0.0034 ‐3.1749 0.002

ASC 8.0985 2.1715 0.030 ASC 2.4782 2.61 0.009

Scale Scale

Coef z‐value p‐value Coef z‐value p‐value

Scale(1) 1 . . Scale(1) 1 . .

Scale(2) 0.302 4.545 0.000 Scale(2) 5.043 6.442 0.000

Class 1 2 3 4 Class 1 2 3 4

Class size 0.19 0.20 0.29 0.32 Class size 0.23 0.31 0.30 0.16

Times a designed alternative was chosen as most preferred Times a designed alternative was chosen as most pr

Never 0 0.0037 0.9963 0 Never 0.2429 0.757 0 0.0001

Always 0.1693 0.0009 0 0.8298 Always 0 0 0.9595 0.0405

Sometime 0.3514 0.5064 0 0.1422 Sometime 0.3517 0.0115 0.251 0.3857
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Table I.4: Five class latent class model 

 
  

Town Treatment Hatteras Treatment

Coef. z‐value p‐value Coef. z‐value p‐value

Class 3 Class 4

Distance 5.9833 2.6884 0.007 Distance 1.7603 2.6513 0.008

Size ‐0.3844 ‐0.4321 0.670 Size ‐0.4863 ‐2.2072 0.027

Jobs 0.6303 0.8653 0.390 Jobs 0.1377 0.8517 0.390

Carbon 0.3367 0.7658 0.440 Carbon 0.1553 0.9639 0.340

Price ‐0.015 ‐1.1065 0.270 Price ‐0.0027 ‐0.9571 0.340

ASC ‐14.8488 ‐1.9116 0.056 ASC ‐1.9415 ‐0.8295 0.410

Class 1 Class 2

Distance 0.4505 0.2394 0.810 Distance 0.8647 1.7739 0.076

Size ‐3.1113 ‐2.4838 0.013 Size ‐0.5825 ‐2.1284 0.033

Jobs 2.7086 2.7771 0.006 Jobs 0.4604 1.523 0.130

Carbon 2.4338 2.7684 0.006 Carbon 0.0412 0.1946 0.850

Price ‐0.0812 ‐3.7624 0.000 Price ‐0.0159 ‐3.7342 0.000

ASC 8.8713 1.3113 0.190 ASC 2.6896 1.9509 0.051

Class 4 Class 5

Distance 5.3344 3.0208 0.003 Distance 1.2315 4.6409 0.000

Size ‐0.699 ‐0.5937 0.550 Size 0.1017 0.6591 0.510

Jobs 1.0546 1.3434 0.180 Jobs 0.0045 0.0581 0.950

Carbon 0.5061 0.6 0.550 Carbon 0.1869 1.4492 0.150

Price ‐0.0012 ‐0.585 0.560 Price 0 ‐0.0364 0.970

ASC 7.791 1.3215 0.190 ASC 0.445 0.5901 0.560

Class 5 Class 3

Distance 0.1124 0.1567 0.880 Distance ‐0.0565 ‐0.2544 0.800

Size 0.5086 0.7438 0.460 Size ‐0.0076 ‐0.0577 0.950

Jobs 1.3549 1.6719 0.095 Jobs 0.4301 2.516 0.012

Carbon 0.2105 0.2407 0.810 Carbon 0.5756 3.8427 0.000

Price ‐0.0305 ‐4.9061 0.000 Price ‐0.0081 ‐3.6504 0.000

ASC ‐0.3931 ‐0.0944 0.920 ASC ‐0.2432 ‐0.2552 0.800

Class 2 Class 1

Distance 1.3067 1.1645 0.240 Distance 0.7955 2.4586 0.014

Size ‐0.1766 ‐0.4368 0.660 Size ‐0.2785 ‐1.3797 0.170

Jobs 1.8438 3.5099 0.000 Jobs 0.534 3.0661 0.002

Carbon 1.364 3.7086 0.000 Carbon 0.3905 3.0836 0.002

Price ‐0.0136 ‐2.1085 0.035 Price ‐0.0044 ‐3.0293 0.003

ASC 8.2359 2.0838 0.037 ASC 3.5236 2.0524 0.040

Scale Scale

Coef. z‐value p‐value Coef. z‐value p‐value

Scale(1) 1 . . Scale(1) 1 . .

Scale(2) 0.310 4.810 0.000 Scale(2) 3.972 6.286 0.000

Class 1 2 3 4 5 Class 1 2 3 4 5

Class size 0.12 0.32 0.22 0.20 0.15 Class size 0.27 0.17 0.10 0.30 0.17

Times a designed alternative was chosen as most preferred Times a designed alternative was chosen as most preferred

Never 0.2315 0 0.7684 0 0.0001 Never 0 0.2651 0.0001 0.7346 0.0001

Always 0 0.8259 0 0.17 0.0042 Always 0.9502 0 0.002 0 0.0478

Sometime 0.1353 0.1313 0 0.3603 0.3731 Sometime 0.168 0.1669 0.2502 0.0121 0.4028
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Table I.5: Rotated factor loadings, question D.11 

Variable Factor 1 Factor 2 
Marine life 0.7848 -0.1319 
Bird life 0.6516 0.0618 
Recreational boating / fishing 0.7045 -0.1409 
Climate change 0.2976 -0.3399 
Coastal tourism 0.7515 -0.0522 
Creation of permanent 0.4299 -0.0078 
Electricity prices in NC -0.049 0.7541 
Coastal property values 0.6353 -0.0553 
Commercial fishing revenues  0.5077 -0.248 
Government spending -0.0825 0.7501 
 

 
 
Table I.6: Rotated factor loadings, question D.12 

Variable Factor 1 Factor 2 

Expand & invest in nuclear energy 0.3564 -0.7222 
Expand & invest in solar power 0.8863 0.0737 
Expand & invest in wind power 0.8946 0.0657 
Implement a carbon tax on both industry & households 0.3885 0.6435 
Implement a carbon tax on industry only 0.3858 0.6927 
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Table I.7: Coefficient estimates for different active covariates specified, Town Treatment 

 LC1 LC2 LC3 
Active Covariate Coeff Std error Coeff Std error Coeff Std error
Experience seeing 
wind turbines 

1.286** 0.619 -0.869* 0.476 -0.417 0.479 

Engaging in boating 
activities 

1.32* 0.683 -0.229 0.486 -1.091* 0.557 

Average electric bill -0.002 0.004 0.001 0.003 0.001 0.003 
Environmental 
factor 

-0.338 0.362 -0.737*** 0.284 1.075*** 0.331 

Public factor -0.426 0.4 0.705** 0.277 -0.279 0.308 
Renewable factor 0.491 0.556 -0.632* 0.361 0.141 0.355 
Controversial factor 0.212 0.295 -0.256 0.218 0.044 0.268 
Notes: Statistical Significance at the 1%, 5%, and 10% level are represented by ***,**,and *, respectively. 

 
 
 
Table I.8: Coefficient estimates for different active covariates specified, Hatteras Treatment 
 LC1 LC2 LC3 
Active Covariate Coeff Std error Coeff Std error Coeff Std error 
Experience seeing 
wind turbines 

0.261 0.434 0.501 0.422 -0.761* 0.45 

Engaging in boating 
activities 

0.34 0.514 0.894* 0.479 -1.234** 0.618 

Average electric bill -0.001 0.003 -0.003 0.003 0.004 0.002 
Environmental factor -0.294 0.242 -0.183 0.242 0.477* 0.273 
Public factor 0.161 0.259 -0.339 0.259 0.178 0.234 
Renewable factor 0.188 0.256 -0.543** 0.217 0.354 0.224 
Controversial factor -0.039 0.233 -0.15 0.281 0.188 0.251 
Notes: Statistical Significance at the 1%, 5%, and 10% level are represented by ***,**,and *, respectively. 
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Table I.9: Covariate significance for different model specifications  

 Model 1 Model 2 Model 3 Model 4 Model 5 Model6 
 Panel A: Town Treatment 

Experience seeing wind turbines 2 2 - 1 2 - 
Engaging in boating activities 2 2 - 2 2 - 
Average electric bill 0 0 - 0 0 - 
Environmental factor 2 - 2 2 - 2 
Public factor 1 - 2 1 - 2 
Renewable factor 1 - 0 - 1 - 
Controversial factor 0 - 0 - 0 - 

 Panel B: Hatteras Treatment 

Experience seeing wind turbines 1 0 - 0 0 - 
Engaging in boating activities 2 1 - 2 2 - 
Average electric bill 0 0 - 0 0 - 
Environmental factor 1 - 1 1 - 1 
Public factor 0 - 0 0 - 1 
Renewable factor 1 - 1 - 1 - 
Controversial factor 0 - 0 - 0 - 
Notes: Numbers under the different models indicate for how many of the three classes the respective covariate 
influenced class membership. “-“ indicates that a specific covariate was not included in that particular run. 
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Table I.10: Three class latent class model with active covariates 
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Figure I.1: Scree plot of eigenvalues after factor analysis, question D.11 

 
 
 

 
 
Figure I.2: Scree plot of eigenvalues after factor analysis, question D.12. 
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Appendix	J:	 Survey	Instruments	

J.1 Vacation Rental survey 
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J.2 General Population survey 
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Appendix	K:	 Comparing	WTP	estimates	
 

This appendix shows how the WTP estimates of different studies were converted into 

a comparable measure. 

K.1 WTP from the Krueger (2007) study 

The wind turbines used in the Krueger (2007) visualizations are 440 feet high 

(3.6MW turbines) while turbines used in the visualizations of the Ladenburg and Dubgaard 

(2007) as well as in the GP survey are 520 feet high (5MW turbines). As 5MW turbines are 

simply larger and thus more visible given a specific distance from the shore, distances for 

which WTP measures are examined in the Krueger (2007) study are converted into 

comparable distances that would be relevant for a 5MW turbine by solving for x in the 

formula below:  

440 520
.

Distance feet

feet feet

x
  

Using the above formula, WTP estimates to move 3.6MW turbines from 0.9 miles to 

different distances from the shore (Krueger 2007:102) are converted into the WTP to move 

5MW turbines between relevant discrete distance changes. The relevant distances and WTP 

estimates for the Inland sample of the Krueger (2007) study are shown in Table K.1. 
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K.2 Computing MWTP per mile 

Table K.2 illustrates how average WTP of the Town sample are calculated. Average 

MWTP to move between discrete distance changes for the two treatments of the GP survey 

are calculated by weighting class specific, significant WTP estimates in Table 7.19 and Table 

7.25 by the class sizes. Average WTP estimates for the GP survey, are then converted to 

2006$ to make estimates comparable to those of the other studies (Bureau of Labor Statistics 

2013).  

MWTP estimates to move turbines one mile further offshore shown in Table 8.6. are 

calculated by dividing WTP estimates of each study by the corresponding discrete distance 

change for which the WTP estimates were calculated. This process is illustrated in Table K.3. 

While the payment periods examined differ between the surveys (both the GP survey as well 

as the Krueger (2007) survey use a monthly payment period over three years, while the 

Ladenburg and Dubgaard (2007) study uses an annual payment which continues 

indefinitely), WTP in 2006$ per household for one year (the first year) is reported, as 

calculated based on regression results. 
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K.3 Tables and Figures 

Table K.1: Converting WTP estimates from Krueger (2007) 

Change in distance 
(3.6 MW turbines) 

Comparable distance 
change for 5MW 
turbines (miles) 

Monthly MWTP 
(distance change) 

Yearly MWTP 
(distance change) 

3.6 to 6 miles 4.25 to 7.09 $3.46 $41.52 
6 to 9 miles 7.09 to 10.63 $2.74 $32.88 
9 to 12 miles 10.63 to 14.18 $1.95 $23.40 

Notes: Monthly MWTP is calculated by dividing the TWTP estimates from Kruger (2007:102) by the distance 
change relevant for 5MW turbines. Yearly MWTP = Monthly MWTP*12. 
 
 
 
Table K.2: Generating average WTP estimates for the GP survey, Town Treatment 
 
 

WTP by latent class (2011$) 
Average WTP 

(2011$) 
Average WTP 
 (2006$) 

 All View 
(46%) 

Never View 
(34%) 

Some View 
(20%) 

  

5 to 8 miles 65.62* 162.81* 6.2 86.78 77.78 
8 to 12 miles 56.61* 140.45* 5.35 74.86 67.09 
Notes: * indicates that the 90% confidence interval does not overlap zero. Average WTP (2011$) estimates are 
obtained by weighting WTP estimates of the different classes by the class size. Average WTP estimates are 
converted to 2006$ using a CPI Inflation Calculator (Bureau of Labor Statistics 2013). 
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Table K.3: Discrete and marginal WTP in yearly electricity price increases for the one year 
for different studies (2006$) 

Study and sample 
Discrete distance 

change (miles) 
WTP for discrete 
distance change 

Average MWTP 
per mile for 

discrete distance 
change 

Krueger (2007)    
Inland sample 4.25 to 7.09 $42 $15 
Inland sample 7.09 to 10.63 $33 $9 
Bay sample 4.25 to 7.09 $73 $26 
Bay sample 7.09 to 10.63 $58 $16 
Ocean sample 4.25 to 7.09 $180 $64 
Ocean sample 7.09 to 10.63 $143 $40 

Ladenburg & Dubgaard (2007) 5 to 7.5 $58 $23 
Ladenburg & Dubgaard (2007) 7.5 to 11 $63 $18 
GP survey    

Town Treatment 5 to 8 $78 $26 
Town Treatment 8 to 12 $67 $17 

Notes: Average MWTP per mile is calculated by dividing the estimate of the WTP for a discrete distance 
change (column three) by the discrete distance change (column two). WTP estimates for Krueger (2007) are 
calculated from Table 7.6 in Krueger (2007). WTP estimates in 2006$ for the Ladenburg study are obtained 
from Krueger et al. (2011). 


