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Abstract 

This paper is a contribution to the discussion of stability of preferences and willingness to pay-

estimates measured through nonmarket valuation. Such estimates are used by researchers 

conducting cost-benefit analyses of various policies, and their findings are often used by decision 

makers. The estimates thereby play an important part in discussions of policy implementations, 

which emphasizes that they should be valid and representative for the population in question. 

This thesis tests how sensitive estimated preferences are when exogenous shocks occur, to give an 

indication of their stability. The exogenous shock considered is the war outbreak in Ukraine, which 

led to an insecure energy supply, rocketing energy prices and overall energy uncertainty. The data 

consists of a pilot and main survey sample of a discrete choice experiment survey mapping 

Norwegian households’ attitudes towards land-based wind power. By using logit models, mean 

willingness to pay-estimates are measured for both survey samples. After comparing the estimates 

and checking for a statistically significant difference, a conclusion is drawn of whether the 

willingness to pay-estimates are stable when exogenous shocks, such as the war outbreak, occur.  

The findings indicate that the main survey sample is less positive to increased renewable energy 

than the pilot, yet more accepting of installation of new land-based wind turbines. Moreover, the 

results indicate that this difference between the pilot and main survey sample is statistically 

significant. This implies that estimated preferences are sensitive to exogenous shocks and should 

be used with caution. However, the difference could be explained through survey alterations 

between the piloting and main survey. Furthermore, the significant difference in mean willingness 

to pay could be a shock response to the war outbreak rather than a change in Norwegian 

households’ underlying preferences. Doing a re-testing of the main survey and checking for 

statistical difference to the initial main survey could aid in determining if the preferences did 

indeed change, which would strengthen the results found in this study. 
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1. Introduction 

Estimating preferences for environmental goods are often time-consuming and costly. For this 

reason, many researchers look to benefit transfer to incorporate already-found values from similar 

studies into their own study (Rosenberger & Loomis, 2017). This requires the researchers to find 

suitable studies to extract these values from in terms of the context of which they were estimated, 

which includes both the study site and good in question (Plummer, 2009).  

Additionally, it is important to assess how stable the estimates are. This includes not only how 

they change over time, but also how sensitive they are to changes and shocks. The preference 

estimates are often used by decision makers considering, for instance, implementation of new 

policies. Moreover, these preferences express the population’s tastes towards a good or service. 

Ensuring that the preferences that the decision makers consider are valid is therefore essential for 

their assessments and decisions to meet the population’s interests. Acknowledging the stability of 

these estimates are equally important as it shows how sensitive they are to shocks.  

This thesis is a contribution to the discussion of how stable estimated preferences and willingness 

to pay values are. This assessment is done by comparing the pilot and main version of a survey 

mapping Norwegian households’ attitudes towards land-based wind power through a discrete 

choice experiment. Firstly, the pilot survey was tested in January of 2022. After adjusting the pilot, 

the main survey was sent out a few months later in April. In the period between the two surveys, 

the war outbreak in Ukraine took place. This led to an overall energy uncertainty, which is 

considered an exogenous shock. Preferences and mean willingness to pay-estimates of Norwegian 

households towards land-based wind power prior to the war outbreak will be estimated by using 

the pilot sample. Similarly, the preferences and mean willingness to pay-estimates from the main 

survey sample will be representative of Norwegian households’ attitudes after the war outbreak. 

These will then be compared to evaluate whether the preferences changed between January and 

April, which will give an indication of the sensitivity and stability of preferences when exogenous 

shocks occur.  
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2. Background 

2.1. Wind power in Norway 

In 2017, the Ministry of Petroleum and Energy assigned the Norwegian Water Resources and 

Energy Directorate (NVE) the mission to design and develop the new national framework for land-

based wind power in Norway. The aim of the new framework was for it to be used for future 

concessions for land-based wind power, and to enable more careful consideration of affected 

aspects of the potential installations. Moreover, NVE was asked to map out the best areas for wind 

power installations based on the data and information gathered in the design process of the 

framework. To achieve a complex and thorough foundation for the framework, NVE cooperated 

with several scientists, departments and professionals within various relevant fields to obtain a rich 

foundation of insights (Jakobsen et al., 2019). 

Two years later, NVE published a report where the new national framework for land-based wind 

power was proposed. This included chapters concerning a range of affected categories that receive 

consequences from installations. Among these chapters were wildlife such as birds and reindeer, 

landscapes and cultural purposes, as well as business development and clean drinking water. 

Additionally, NVE proposed 13 areas that are suitable for new wind power installations. These are 

shown by the green areas in Figure 1 (Jakobsen et al., 2019). 

 

Figure 1: Map of proposed areas for land-based wind power installations 
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As the map shows, the areas are spread evenly throughout Norway. These locations are set with 

considerations to several aspects. Firstly, NVE seeks to reduce the potential for conflict by 

avoiding mountains and other locations that locals place value on for recreational or cultural 

purposes. Moreover, the map shows that there is a bigger density of proposed areas in southern 

Norway than in northern Norway. Although northern Norway is more suitable in terms of the 

conditions for power production, there is a lack of necessary transmission grids and infrastructure. 

Moreover, wind power installations can have significant consequences for reindeer husbandry. 

Consideration to reindeer husbandry is also seen by the proposed northern areas being relatively 

large, which leaves room for flexibility (Jakobsen et al., 2019).   

Despite NVE’s aim of reducing conflicts by including multiple considerations, their framework 

was met with discontent and initiated several conflicts both locally and nationally. Moreover, the 

basis of the framework was met with disapproval for lacking relevant considerations, such as the 

economic valuation of the considered areas. This led to the proposal eventually being discarded, 

which paused the current concession processes and caused a need for re-evaluation of the legal 

frameworks. Although this re-evaluation was necessary to improve the initial proposal, it led to a 

standstill for new concession applications up until the new framework was proposed in April of 

2022 (Lindhjem et al., 2022).  

Among several changes, the new framework includes a stronger dialogue between NVE and the 

affected municipalities, stricter requirements for early assessment of available grid capacity, and 

more attention to reindeer husbandry. Of particular relevance to this thesis is the strengthening of 

the decision basis used to estimate economic profitability of specific wind power installations. 

This includes the consideration of nonmarket values such as harm to recreational sites and 

biodiversity (Olje- og energidepartementet, 2020). The new and reviewed framework puts a 

stronger emphasis on economic evaluations, which is beneficial for the inclusion of environmental 

values that must be estimated through nonmarket valuation.  

At the same time as NVE began accepting concessions again in April, the war outbreak in Ukraine 

was impacting the energy supply in Europe. The uncertain energy supply evolved into an energy 

crisis, pushing the electricity prices up to record-breaking levels. Eventually, the Norwegian 

government saw a need for establishing an energy commission (Lindhjem et al., 2022). The aim 
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of this energy commission is to map energy needs and propose solutions for increased power 

production, with an underlying goal of maintaining a power production surplus in Norway and an 

adequate supply of renewable energy (Olje- og energidepartementet, 2022). 

Over the last years, Norwegian wind power has experienced a significant growth. Statistics 

Norway reports that the wind power production in 2020 was 79% higher than in 2019, with 2019 

also having a rapid growth from the previous year (Holstad, 2022b). The increasing production is 

explained through consistently large investments over the last years, which have contributed to the 

installation to new wind turbines. However, hydro power is still the dominating energy technology 

in Norway (Holstad, 2022a). In the upcoming years, NVE expects the power demand to increase 

past the power supply in the upcoming years, as a result of the expansion of electricity-intensive 

industries (Birkelund et al., 2021). Although this is the expected long-term development, NVE 

acknowledges that there are various factors that affect both the supply and demand for power. 

Among these factors are global economic development, as well as increasements in the power 

production capacity. Figure 2 shows the development of installed wind power capacity in Norway 

from 2000 up until 2022 (NVE, 2022).  

 

Figure 2: Installed wind power capacity in Norway from 2000 to 2022 
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As a response to the prediction of increasing power demand in the future, land-based wind power 

is a solution that is found to be an appropriate power technology for Norway. Firstly, there has 

been a cost reduction for wind power installations because of technology developments, and this 

development is predicted to continue in the upcoming years. This implies that potential land-based 

wind power expansion will be cheaper and that the new turbines will yield a higher power 

production. This development has led to land-based wind power being competitive with other 

power technologies, with the most important one being hydro power. As per 2019, hydro power 

was the power technology with the lowest production cost of 36 and 38 Norwegian øre/kWh for 

>10 MW and <10 MW respectively. Comparingly, land-based wind power had a production cost 

of 34 øre/kWh for the same year, making it competitive with the main power technology in Norway 

(Jakobsen et al., 2019). 

Moreover, NVE explains that Norway has strong winds because of our long west coast, where 

winds that travel unhindered across the open sea can roll over Norway. Additionally, Norway’s 

latitude often aligns with the polar front where there often is large atmospheric pressure, which 

causes powerful weather and strong winds. This places Norway in a better position to produce 

more wind power per turbine compared to other countries (Jakobsen et al., 2019). 

Although land-based wind power has both technological and financial advantages, there are 

several disadvantages that can decrease its net benefit. Among these are the consequences that 

locals receive because of their proximity to the turbines. These consequences include decreased 

aesthetic experience from the landscape and noise generated from the turbines. Moreover, the 

installations can pose a significant threat to surrounding vegetation and biodiversity. The damage 

that is caused by land-based wind power can be estimated through how they affect the ecosystem 

services that the area in question provides, as is further explained in chapter 3.1. 

2.2. Literature review 

The literature review for this thesis includes previous studies measuring acceptability of land-

based wind power and preferences towards increased renewable energy production. These provide 

an understanding and expectation of the estimates to be measured from the surveys used in this 

thesis. Moreover, the literature review contains studies of the temporal stability and sensitivity of 

estimated preferences and willingness to pay. This includes studies with test-retesting with a 
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certain time interval to assess the temporal stability, as well as studies comparing preferences and 

willingness to pay before and after the occurrence of an exogenous shock to investigate sensitivity.  

Dugstad et al. (2020) measured the willingness to accept land-based wind power expansion in 

Norway. Similar to this thesis, their methods include a discrete choice experiment and mixed logit 

models. In their study, Dugstad et al. (2020) compare the willingness to accept for Norwegians 

with proximity to wind farms with Norwegians who live further away. Additionally, the study 

investigates if Norwegians have positive willingness to pay for increased production of renewable 

energy in general. Finally, Dugstad et al. (2020) find that Norwegians are positive to increasing 

the production of renewable energy. Moreover, they find that the acceptance of land-based wind 

power is low (Dugstad et al., 2020).  

Similarly, Dugstad et al. (2023) assessed how place attachment affects preferences towards wind 

power by using a discrete choice experiment and mixed logit models. Place attachment includes 

both attachment to a place because of the recreational activities it enables, as well as the emotions 

that people have towards a place because of, for example, personal identification. Dugstad et al. 

(2023) hypothesized that people with strong place attachment have a higher willingness to accept 

compensation for negative impacts to a landscape, and that place attachment made more people 

choose no wind farm installation in the discrete choice experiment. Resultingly, the findings 

suggest that people have negative preferences towards wind power, and that these were enhanced 

when place attachment was included in the mixed logit model specification. Moreover, their 

findings show support to the hypothesis of place attachment leading to more people choosing no 

wind farm installations. The status quo alternative of no wind farm installations was also chosen 

by a large share of the sample, indicating a general resistance towards wind power expansion 

(Dugstad et al., 2023). 

In a study by Linnerud et al. (2022), the aim is to assess if the public’s acceptance of wind energy 

will change due to shifts in political focus. Among these shifts is the focus from onshore wind 

energy to offshore wind energy. The data is collected from a choice experiment with Norwegian 

individuals. Followingly, mixed logit models are specified to estimate preferences and willingness 

to pay to avoid outcomes that could occur due to the shift in political focus. Linnerud et al. (2022) 

find that the public is particularly concerned about having control over how Norwegian wind 
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energy resources are managed, which corresponds with the benefit of knowing how the yielded 

value is distributed and that environmental concerns are acknowledged. Of particular relevance to 

this thesis is the finding that Norwegians prefer both offshore and nearshore locations for wind 

power installations over land-based wind power (Linnerud et al., 2022). 

In a study by Meyerhoff et al. (2010), choice experiments from Germany were used to determine 

negative effects of land-based wind power installations. The study was conducted to assess 

acceptance for replacing older wind turbines with more modern turbines as part of increasing the 

share of renewable energy production in Germany. Their results showed that there would occur 

negative externalities from land-based wind power installations. Moreover, the findings from the 

choice experiment revealed that many German regions were resistant to replace older wind 

turbines, as well as to installing new wind turbines (Meyerhoff et al., 2010).  

Skourtos et al. (2010) studied how human preferences for ecosystem services change over time, 

and if the existing methods and data were adequate in accurately assessing these. To do this, they 

review various studies that aim to investigate stability in preferences. Skourtos et al. (2010) 

conclude that the existing evidence indicate that estimates of willingness to pay and preferences 

are somewhat stable in the short- to medium-term, yet less stable in the long-term. Moreover, they 

conclude that there could be improvements regarding assessment methods that align better with 

more complex and dynamic socioecological systems. Skourtos et al. (2010) here propose that 

combining different methods and pooling data is key to make the methods more dynamic (Skourtos 

et al., 2010). 

In a similar vein, Hynes et al. (2021) tested the stability of environmental preferences and 

willingness to pay before and after Covid-19. Their method is a discrete choice experiment across 

Canada, Norway and Scotland, conducted in late 2019 and then again in May 2020. The results of 

this analysis lead to a conclusion of stability in both preferences and willingness to pay, indicating 

that the environmental preferences are stable despite the exogenous shock of Covid-19 (Hynes et 

al., 2021). 

Lew and Wallmo (2017) conducted a similar study of temporal stability of stated preferences for 

protection of endangered species. The testing is done by using data from two identical discrete 

choice experiment surveys that have been done on different samples drawn from the same 
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population, but with a 17-month difference. Lew and Wallmo (2017) conclude that the preferences 

are stable, and that there is no statistical difference in willingness to pay. These findings indicate 

that preferences found through nonmarket valuation are stable over time, at least over shorter time 

spans (Lew & Wallmo, 2017). 

In a study by Brouwer (2006), the focus is on temporal stability of contingent values. This is done 

by comparing willingness to pay for good bathing water quality before and after the occurrence of 

extreme weather conditions causing drought. The initial expectation was that the willingness to 

pay would increase as a response to the drought, but with no change in underlying preferences. 

Brouwer (2006) concludes that the preferences are robust and stable, and therefore acceptable for 

benefit transfer. This implies that the initial expectation was valid, and that the occurrence of 

exogenous shocks does not change underlying preferences (Brouwer, 2006). 

Brouwer et al. (2017) tested the temporal stability of preferences, choices, and willingness to pay. 

This was done by using the methods of discrete choice experiment and open-ended willingness to 

pay elicitation, and by surveying the same sample three times throughout two years by presenting 

them with the same choice sets each time. This is done to maintain choice consistency between 

the tests. The study finds that having bigger differences between the alternatives and a low choice 

complexity is beneficial for the choice consistency, which is desirable for test-retesting. Finally, 

for the preferences gathered through willingness to pay elicitation methods, the study concludes 

that the preference parameters are stable over a two-year period. However, when using discrete 

choice experiment methods, the preferences differed significantly. This implies that the 

estimations gathered from discrete choice experiments are unsuitable for benefit transfer (Brouwer 

et al., 2017).  

2.3. Research questions and hypotheses 

The main objective of this thesis is to investigate whether Norwegian households’ attitudes 

towards land-based wind power and renewable energy in general changed after the war outbreak 

in Ukraine, and the resulting energy crisis, took place. This expresses the stability and sensitivity 

of the willingness to pay-estimates measured prior to the war outbreak. Furthermore, this objective 

is broken down into five research questions. 
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RQ1: Do Norwegian households prefer more land-based wind power? 

RQ2: Do Norwegian households prefer an increased renewable energy production, without 

land-based wind power? 

Research question one involves estimations of willingness to pay (WTP) for land-based wind 

power expansion. This is expressed as the attribute involving number of new wind turbines. 

Similarly, research question two requires estimation of WTP for the attribute of increase in 

renewable energy production. Assessing whether these are positive or negative will indicate if 

Norwegian households prefer more or less of the respective attributes. 

RQ3: What is the mean willingness to pay for increased renewable energy without land-

based wind power and new wind turbines of Norwegian households, prior to the war 

outbreak? 

RQ4: What is the mean willingness to pay for increased renewable energy without land-

based wind power and new wind turbines of Norwegian households, after the war outbreak? 

Research question three and four involve comparison of the WTP estimates for the respondents in 

the pilot survey and the main survey. The estimates from the pilot express the WTP prior to the 

war outbreak, while the estimates from the main survey express the WTP after the war outbreak. 

This leads to the fifth and final research question: 

RQ5: Is there a significant difference in the willingness to pay for increased renewable 

energy without land-based wind power and new wind turbines prior to and after the war 

outbreak? 

In addition to comparing the mean WTP estimates from the pilot and main survey, several 

approaches will be employed to test for significant difference between the two survey samples. 

These will collectively express if there is a difference in mean WTP of Norwegian households 

after the war outbreak and energy crisis occurred.  

Table 1: Research questions and hypotheses 

RQ1: Do Norwegian households prefer more land-based wind power? 
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H1.1: Norwegian households do not prefer more land-based wind power. 

RQ2: Do Norwegian households prefer an increased renewable energy production, 

without land-based wind power? 

H2.1: Norwegian households prefer an increased renewable energy production, without land-

based wind power. 

RQ3: What is the mean willingness to pay for increased renewable energy without land-

based wind power and new wind turbines of Norwegian households, prior to the war 

outbreak? 

RQ4: What is the mean willingness to pay for increased renewable energy without land-

based wind power and new wind turbines of Norwegian households, after the war 

outbreak? 

RQ5: Is there a significant difference in the willingness to pay for increased renewable 

energy without land-based wind power and new wind turbines prior to and after the war 

outbreak? 

H5.1: There is no significant difference in the willingness to pay before and after the war 

outbreak. 

3. Theory and concepts 

3.1. Ecosystem services 

Ecosystem services capture the benefits and utility that the human population receive from 

ecosystems. The term is not limited to the benefits that we can yield directly from ecosystems, 

such as fish caught from fishing or wild berries picked from the forest, but also the indirect benefits 

that humans receive. This includes the aesthetic experience of a conserved river or the preservation 

of a forest with the interest of your future children having the opportunity of experiencing it as 

well. Fisher et al. (2009) therefore propose defining ecosystem services as the aspects of 

ecosystems that are utilized, either actively or passively, to produce human well-being, as a means 
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of highlighting that the utility must be produced from ecosystems, and that they do not have to be 

direct (Fisher et al., 2009).  

Moving past how ecosystem services can be defined as a general term, the term can be categorized 

into four sub-services to provide a more in-depth and concise understanding of ecosystem services. 

These four categories were classified by the Millenium Ecosystem Assessment (MA) (2005), 

which is an international work that consists of more than one thousand scientists researching and 

mapping ecosystem services, as missioned by decision makers. Their main priority is human well-

being, and the goal is to create a scientific basis that can be used for matters concerning use of 

ecosystems and their direct and indirect benefits to humans (Millennium Ecosystem Assessment, 

2005). As part of this scientific basis, the MA classifies ecosystems services into four different 

categories based on what benefits they provide (Millennium Ecosystem Assessment, 2005). 

Table 2: Classification of ecosystem services 

Category Examples 

Provisioning services - Food 

- Fresh water 

- Wood and fiber 

- Fuel 

Regulating services - Climate regulation 

- Flood regulation 

- Disease regulation 

- Water purification 

Cultural services - Aesthetic 

- Spiritual 

- Educational 

- Recreational 

Supporting services - Nutrient cycling 

- Soil formation 

- Primary production 
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Table 2 displays the four categories of ecosystem services: provisioning, regulating, cultural and 

supporting. Provisioning services capture benefits that are obtained directly from the ecosystems, 

such as food as a product of crops or livestock, and wood collected from trees. This class thereby 

includes all benefits that humans extract directly from the ecosystem. Within the class of regulating 

services are the benefits that humans receive as a result of the regulatory activities that happen in 

the ecosystem naturally to regulate itself. Among these services are carbon capture in trees, and 

bees pollinating flowers. Respectively, these benefit humans through cleaner air and aiding plants 

used for food production. Cultural services capture services that are nonmaterial and benefit 

humans more indirectly. These go beyond the environmental and ecological benefits, and instead 

include services such as aesthetic experience and educational purpose. Finally, the last class is 

supporting services. As opposed to the three other classes, this includes benefits that are not 

directly used by humans, but rather required in order to maintain and support the continuation of 

the other ecosystem services. They include, among others, nutrient cycling, which is one of several 

services that are essential to sustain an ecosystem (Millennium Ecosystem Assessment, 2005). 

Moreover, the values that humans receive from ecosystem services can be divided into use values 

and non-use values. Firstly, use values are the values that are directly received from the 

ecosystems. This category of values can be split further into direct and indirect use values. The 

direct use values capture benefits that are received from extractive use of the ecosystem, such as 

chopping wood. However, direct use values can also be nonextractive, and include benefits derived 

from cultural services such as aesthetic experience. The direct use values are thereby the benefits 

humans receive from direct use of the ecosystems (Pascual et al., 2010). Secondly, the other 

category is indirect use values. These are typically received from regulating ecosystem services. 

In the case of wind power, a related example is that wind turbine installation on a mountain area 

could have consequences for the climate regulation it provides for the local habitants (Schirpke, 

2022). This climate regulation is provided through the mountain’s vegetation, as they can remove 

pollutants from the air and, in a local scale, lower the temperature (Petrović et al., 2017).  

Non-use values are the values that do not require direct or indirect use of the ecosystem service. 

Humans receive such values through the knowledge that the ecosystem is maintained, for instance 

by knowing that the biodiversity is conserved or that other humans are able to receive direct or 

indirect use values from the ecosystem. Non-use values can be split into the two categories of 
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bequest values and existence values. Firstly, bequest values include the values that humans receive 

from knowing that future generations will also be able to get benefits from ecosystems. This could 

be the knowledge that a recreational site is maintained and preserved so that it can be visited by 

other humans in the future. On the other hand, existence values are the benefits received simply 

from knowing that certain ecosystems and their biodiversity are upkept and continue to exist. 

Existence values could be obtained by knowing that the nature of an area is maintained as is and 

not being used for land-based wind power installations (Pascual et al., 2010). The majority of 

values obtained from the surveys used in this thesis therefore fall under the category of non-use 

values because most of the respondents do not use the areas considered for land-based wind power 

expansion for direct and indirect purposes, such as recreational. This is because the areas for wind 

power installations are selected with the intention to avoid conflict, as discussed in chapter 2.1.  

Continuing with the situation of land-based wind power installations, this would affect more than 

one category of ecosystem services. Firstly, it affects the biodiversity in the area that will be used 

for wind power production. Wind power installations demand area in terms of the turbines, 

especially if the plan is to establish a wind farm. Moreover, there must be made access roads to 

enable both the construction and maintenance of the turbines after they are installed. Additionally, 

installations require power transmission lines and substations, and if the plan is a large-scale 

expansion of wind turbines, there will be a need to develop large power transmission grids to 

transport the generated wind power. Because wind power installations are the most optimal on 

higher sites such as mountains because of steadier winds, which are typically located somewhat 

far away from where the electricity is demanded, these power transmission grids would need to be 

long. This means that wind power installations are demanding in area for both the actual turbines 

and the necessary transmission grids. Moreover, if the area that will be used for wind power is a 

mountain that is considered a recreational site, installations will harm its cultural services through 

damaging its aesthetic and recreational services. Additionally, the turbines can also be in the way 

of paths and hike trails in the mountain, which further decreases the cultural services that this 

mountain provides humans (Ledec et al., 2011).  

As well as affecting cultural services, wind power installation could also affect the supporting 

services by damaging biodiversity. The sites that are considered appropriate for wind power are 

typically rural, higher areas. Moreover, placing wind turbines further away from humans and city 
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centres is also in favour of the area’s cultural services because many consider the turbines to reduce 

the aesthetic experience. However, wind turbines can damage species and plants that are located 

on the site. This risk is especially significant when the considered area is very rural, because this 

often means that the concentration of such wildlife and plants is higher.  

An example of harm to local species happened in Norway in 2002. Statkraft planned wind power 

installations on the Norwegian island group Smøla, despite the International Council for Bird 

Preservation in 1989 designating Smøla an “Important Bird Area” (IBA). Smøla got this 

designation because they had one of the world’s highest concentration of breeding white-tailed 

eagles. The Norwegian government received several warnings from various conservation 

organisations saying that installations would threaten this eagle species, but the installations were 

approved and begun constructed (Ledec et al., 2011).  

These installations did in fact pose a significant threat to the white-tailed eagles. A study by Dahl 

et al. (2012) discovered that the breeding success were significantly lower after the wind turbines 

were installed. One of the causes was that before the installations, the density of these eagles was 

the highest at the windfarm area. Moreover, the white-tailed eagle is a species that is more sensitive 

to adult mortality because they take longer to mature and lay fewer eggs than other birds. The 

installations led to the eagles having to move to other areas, where the conditions were not as 

optimal for the birds’ chances of both survival and breeding. Moreover, the mortality of the white-

tailed eagles was significantly increased because of turbine collision. This study thereby emphasize 

that wind power installations can pose high risks to the biodiversity, and that the sites should be 

chosen with caution (Dahl et al., 2012).  

3.2. Random utility maximization model 

The random utility maximization model (RUM) is a model based on the random utility framework 

developed by McFadden (1974), and it can be employed to analyse discrete choices. The RUM 

model is then used to model the choices that respondents make when faced with choice sets with 

finite and exclusive alternatives. This method is often used by researchers who have performed a 

discrete choice experiment as a way to model how the participants of the experiment responded to 

the choice sets they were presented to (Mariel et al., 2021).  
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When presented with a choice set, an individual k is faced with a choice set of C alternatives to 

choose from. Moreover, each individual k receives a certain amount of utility by picking alternative 

i, which is denoted by Vik. In order to satisfy the assumption of utility maximizing behavior, the 

individual will choose the alternative that yields them the highest utility. Therefore, they will pick 

alternative i over alternative j in a choice set only if Vik > Vjk, ∀ j  i (Train, 2009). The utilities Vik 

and Vjk are the true utilities associated with each alternative for the individual. These utilities 

cannot be perfectly observed by the researcher and are therefore only known by the individuals 

themselves. The researcher is only able to observe utility through the attributes of the alternatives 

and the individuals, such as their sociodemographic characteristics. These observable components 

of the utility are captured in the term deterministic utility, which is denoted as vik for alternative i 

and individual k. Since the researcher cannot perfectly observe the true utility of the individuals, 

meaning that vik  Vik, there will be some error to the deterministic utility. The error term ik thereby 

include the unobservable components of the individuals’ utility. This implies that the utility of 

individual k can be specified as 

𝑉𝑖𝑘 = 𝑣𝑖𝑘(𝑍𝑖, 𝑦𝑘 − 𝑝𝑖) + 𝜀𝑖𝑘, (3.1) 

where Zi includes the attributes for alternative i, yk is the individual’s income, and pi is the cost 

associated with alternative i. This decomposition of utility is then used to model how the individual 

will choose between the presented alternatives. Because the RUM model assumes that individuals 

inhabit utility maximizing behaviour, they are assumed to choose the alternative that will yield 

them the highest utility (Train, 2009). Following this rationale, individual k will choose alternative 

i over alternative j if and only if 

𝑣𝑖𝑘(𝑍𝑖, 𝑦𝑘 − 𝑝𝑖) + 𝜀𝑖𝑘 > 𝑣𝑗𝑘(𝑍𝑗 , 𝑦𝑘 − 𝑝𝑗) + 𝜀𝑗𝑘; ∀𝑗 ∈ 𝐶. (3.2) 

Equation (3.2) specifies how the individual will choose between a discrete set of alternatives, but 

this modelling can be expanded to account for the stochastic component in the error term. Due to 

the stochastic component being unobservable, the researcher treats it as a random variable. This 

implies that the alternatives that the individuals are faced with will be associated with random 

utilities. The researcher can then model the probability that individual k chooses alternative i, 

which will be equal to the probability that alternative i is the alternative associated with the highest 
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utility out of all the alternatives in the choice set (Melo et al., 2023). This probability can thereby 

be expressed as 

𝑃𝑖𝑘 = 𝑃[𝑣𝑖𝑘(𝑍𝑖, 𝑦𝑘 − 𝑝𝑖) + 𝜀𝑖𝑘 > 𝑣𝑗𝑘(𝑍𝑗 , 𝑦𝑘 − 𝑝𝑗) + 𝜀𝑗𝑘]; ∀𝑗 ∈ 𝐶. (3.3) 

This probability modelling can then be used by the researcher to model the choice behaviour of 

individuals when presented with a choice set. Moreover, the RUM model is the basis for logit 

models (Train, 2009). For these models, the researcher needs to assume a distribution of the 

stochastic component in the error term. The most common assumption is that the error term follows 

a type 1 error extreme value distribution known as the Gumbel distribution (Mariel et al., 2021). 

The logit models are explained further in chapter 4.2.1. 

3.3. Hicksian welfare demand 

When a researcher is interested in estimating a household’s demand for an environmental good, 

one possible approach is to design a discrete choice experiment where the household is faced with 

several choice scenarios containing a set of alternatives with attributes of varying levels. This is a 

stated preference method within nonmarket valuation, as further explained in chapter 4.1. The 

Hicksian welfare demand functions are part of the economic theory which the nonmarket valuation 

methods are based upon, and they are therefore relevant to describe prior to the explanation of 

these methods. 

In microeconomic theory, utility maximization is not possible without expenditure minimization, 

which is known as the duality concept. This duality implies that an individual seeking to maximize 

their utility must also minimize their expenditure. Throughout this chapter we will consider the 

example of Norwegian households’ demand to maintain a recreational site that is considered for 

land-based wind power installations. This is expressed as the demand to maintain the initial quality 

of the recreational site. To start, the utility maximization problem and expenditure minimization 

problem can be expressed respectively as 

𝑚𝑎𝑥
𝑋

𝑈(𝑋, 𝑄, 𝑊, 𝑍) 𝑠. 𝑡.  𝑃 ∗ 𝑋 ≤ 𝑌 (3.4) 

𝑚𝑖𝑛
𝑋

𝑃𝑋 𝑠. 𝑡.  𝑈(𝑋, 𝑄, 𝑊, 𝑍) ≥ 𝑈0, (3.5) 
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where X is a vector containing the private market goods, Q is a set of nonmarket goods, W is the 

current quality of the recreational site, and Z captures the Norwegian households’ preferences. 

Moreover, the vector of market prices P and the vector of private market goods X are specified not 

to exceed the budget constraint Y, which is the households’ income. In the expenditure 

minimization problem, the constraint is the initial level of utility U0. This problem can be solved 

through the Hicksian demand function, which is a cost-minimizing demand function (Flores, 

2017). It expresses how demand for a good, such as maintaining the quality of the recreational site, 

will be affected by a set of prices, given that there will be an income adjustment so that the utility 

will remain the same. For this reason, the Hicksian demand function is sometimes referred to as a 

compensating demand function, as it estimates how much the income would need to be adjusted 

with for the household to maintain the initial utility level (Johansson, 1987). The Hicksian demand 

function can then be expressed as 

𝑋∗ = 𝐻(𝑃, 𝑊, 𝑄, 𝑍, 𝑈0). (3.6) 

The Hicksian demand is a function of prices P, the current state of the recreational site as measured 

by W, nonmarket goods Q, preferences Z, and the utility U0. Moreover, the expenditure function 

can then be derived by inserting the Hicksian demand into the minimization problem presented in 

Equation (3.5) as a substitute for X 

𝑃𝑋 = 𝑃𝐻(𝑃, 𝑊, 𝑄, 𝑍, 𝑈0) = 𝐸(𝑃, 𝑊, 𝑄, 𝑍, 𝑈0). (3.7) 

To illustrate the framework of the Hicksian welfare demand function, consider Norwegian 

households and the case of land-based wind power expansion. If this expansion were to take place, 

it would decrease the quality of the recreational site that would be designated for the wind turbines 

and transmission grids. This would be expressed as W0, which is at a decreased level compared to 

the initial W. This change can be specified as  

𝐸(𝑃, 𝑊, 𝑄, 𝑍, 𝑈0) = 𝐸(𝑃, 𝑊0, 𝑄, 𝑍, 𝑈0) + 𝑌1, (3.8) 

where the variable Y1 represents the new income level that the households would need as 

compensation in order to reach the initial utility level U0 if the turbine installations, and damage 

to the recreational site, were to happen. This same framework can also be used to measure 

environmental improvements, which would instead increase the quality from W to W1. As opposed 
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to with an environmental damage, this change would require the households to pay for the change 

to take place. The new income level Y1 would then be at a lower level than the initial income of Y, 

and the difference would express the amount of income that Norwegian households would have to 

give up in order to achieve the environmental improvement (Dugstad, 2018). These concepts are 

known as willingness to accept (WTA) and willingness to pay (WTP), which are further described 

in chapter 4.1.2. 

By using a Hicksian demand function to solve the duality problem and derive the expenditure 

function, a researcher can investigate the effect of a policy intervention that leads to more than 

simply one change in prices and quantity. This enables a more dynamic and complex analysis of 

how policies affect individuals and, resultingly, their utility and welfare. Moreover, the 

expenditure function is fundamental within welfare economics because of the objective of 

maintaining the initial utility level. 

3.3.1. Compensating surplus and equivalent surplus 

As a response to potential changes in prices, the concept of compensating and equivalent variation 

was developed. Compensating variation is a measure that would adjust the individual’s income to 

return them to the original utility that they had before the price change occurred. Equivalent 

variation would instead be the adjustment in income, given the initial price levels, needed to reach 

the new utility level that the price change would lead to, given the initial income level. Similar to 

these concepts are compensating and equivalent surplus, which instead are focused on changes in 

quantities (Flores, 2017).  

Compensating surplus (CS) and equivalent surplus (ES) are the adjustments in income that are 

needed to regulate an individual’s utility because of changes in the quantity or quality of a good. 

Both measures are derived from the expenditure function through a change happening with the 

quality, quantity, or combination of one or more nonmarket goods. Consider the same example as 

before, with the change in nonmarket goods being that wind turbines are installed at a recreational 

site in Norway and therefore damaging its quality to Norwegian households. Suppose an initial 

expenditure function equal to the one presented in Equation (3.7). In this framework, the decreased 

quality would be expressed as W0, where W0 > 1. Moreover, Y is the minimum income that the 
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household needs in order to keep the initial utility level, now noted as U. The CS and ES are then 

specified by 

𝐶𝑆 = 𝐸(𝑃, 𝑊, 𝑄, 𝑍, 𝑈) − 𝐸(𝑃, 𝑊0, 𝑄, 𝑍, 𝑈0) (3.9) 

𝐸𝑆 = 𝐸(𝑃, 𝑊, 𝑄, 𝑍, 𝑈0) − 𝐸(𝑃, 𝑊0, 𝑄, 𝑍, 𝑈0) (3.10) 

In Equation (3.9), the CS is the difference between the two expenditure functions because of the 

change in W, when utility is kept at the initial level of U. Compensating surplus is therefore the 

amount that should be paid to the household in order for them to get back to U. This amount 

expresses the households’ minimum willingness to accept (WTA) the damage. Equation (3.10) 

instead measures the difference given that the utility level is constant at U0, where U0 < U. This is 

the utility level that the household will have, given the environmental damage expressed in W0. 

The equivalent surplus is then derived by taking the expenditure function with the initial quality 

of W and subtracting the expenditure given the damaged quality W0. Moreover, the difference 

between these expenditure functions expresses the households’ maximum willingness to pay 

(WTP) to prevent the quality decrease W0 of happening. The concepts of WTA and WTP are both 

further explained in chapter 4.1.2. 

4. Method 

4.1. Nonmarket valuation 

Nonmarket valuation is the practice of valuing goods and services that are not traded in a market. 

The use of this method allows researchers to put a monetary value on environmental goods and 

services, such as the interest of not using an area for wind power installations in favour of 

preserving its biodiversity. Because of the inability to value these goods and services by how they 

are traded in the market, alternative methods must be used to estimate their demands. There are 

several approaches that can be employed, where they all fall under one of two methods: revealed 

or stated preferences (Segerson, 2017). 

Revealed preference method is a method where the researcher observes actual behaviours of 

individuals. This can be done through, for example, the travel cost method. This method allows 

researchers to estimate the economic value of a recreational site, for example a potential area for 

wind power installations that is commonly used for hiking, by analysing the total travel costs of 
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visiting this site. Total travel costs include the money needed for transportation, the time it takes 

to reach the site, and other encountered fees. Researchers can use total travel costs as an expression 

of the willingness to pay for the recreational site, and thereby indirectly valuate it as an 

environmental good (Graves, 2013). 

The stated preference method differs from revealed preferences, as the valuation happens through 

individuals’ stated responses, typically through surveys. Surveys used in these methods are 

intentionally designed with hypothetical questions and choice sets. In the choice sets, the 

individual is faced with a trade-off situation, and, assuming rational behavior, they will choose the 

option that yields them the highest utility. This principle enables researcher to estimate values of 

nonmarket goods and services through gathering information about individuals’ choices when 

faced with finite and exclusive options (Johnston et al., 2017). The following chapter goes into 

further detail about the use of stated preference. 

4.1.2. Stated preference method 

Stated preference (SP) method is a direct approach to estimate economic values by using survey 

responses. The practice of SP is currently the only method to estimate values for changes in 

environmental goods, such as land-based wind power, in situations where the researcher does not 

have information about the individuals’ revealed preferences. Because of this ability, SP is 

valuable in welfare analysis to estimate non-use values (Johnston et al., 2017). When employing 

this method, researchers take survey responses and use these to estimate values for the good or 

service in question as expressed by the respondents’ willingness to give up something else for it. 

This is known as the willingness to pay (WTP) (Holmes et al., 2017). 

WTP expresses the maximum amount of good Z that an individual is willing to give up in order to 

achieve the change X. This implies that the value of change X can be valued through the good Z, 

because the achievement of X is equal to the maximum amount of Z that the individual is willing 

to give up. Following this definition, the researcher knows that the more the individual is willing 

to give up of good Z, the higher they value change X. An example relevant to this thesis is to 

investigate the amount that an individual would be willing to pay to prevent a recreational site 

from becoming an area used for wind power. Moreover, there is no requirement of good Z being 
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monetary. Good Z can be any good that the individual is willing to give up in favour of the change 

X to happen (Segerson, 2017). 

In a similar vein as WTP, is the concept of WTA. Instead of expressing the amount of good Z that 

the individual is willing to give up to achieve change X, the WTA estimates the amount of good Z 

that the individual requires in order to accept change X. To continue with the example of a 

recreational site, the WTA could describe the amount of money that individuals would need as 

compensation if wind power expansion were to happen at a local recreational site. The two 

concepts WTP and WTA are therefore simply two ways of measuring a welfare change by the 

change in good Z, typically income, that makes individuals indifferent to change X (Mariel et al., 

2021).  

Although WTP and WTA both can be used to measure the same change, there should be some 

consideration by researchers before choosing between the two approaches. Because they measure 

the same change, the two estimates should theoretically be parallel. However, several studies have 

discovered that there is a disparity between the two measures, especially for nonmarket goods such 

as environmental goods (Tunçel & Hammitt, 2014). The disparity happens because WTA exceeds 

WTP, which could be explained by individuals typically valuing gains over losses. Moreover, if 

an individual pays for an environmental improvement, this would be a public good and an 

improvement that the community would benefit from unconditional of whether they contributed 

to paying for it. Contrastingly, if there was an environmental harm that the individuals were to be 

compensated for, this compensation would be transferred to the respective individuals and be spent 

on private goods instead. Following this rationale, the estimated WTA will exceed WTP. 

Moreover, the WTP is bound by the individual’s income level, as they state a certain amount of 

their money (or good Z) that they are willing to give up. This, as well as the risk of WTA exceeding 

WTP because of gains being preferred over loss, is part of the reason why WTP is currently the 

recommended practice for environmental valuation (Mariel et al., 2021).  

In the field of environmental valuation, discrete choice experiment (DCE) has become a common 

approach within stated preference methods (Mariel et al., 2021). DCEs are used to estimate 

economic values for the attributes or characteristics of an environmental good, such as its price. 

The DCEs are presented in surveys, and the respondents are asked to choose among a discrete 
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number of alternatives, where each alternative includes attributes of varying levels. The levels of 

the attributes differ between the choice sets within the experiment, but they are typically within a 

specific range of realistic values. Resultingly, the responses from the DCEs can be used to estimate 

preferences towards the respective environmental good through its attributes (Holmes et al., 2017). 

Contingent valuation (CV) is a stated preference method that is similar to DCE as it is also based 

on survey responses. The respondents are asked about their maximum willingness to pay for an 

improvement of an environmental good by being presented different prices that the 

improvement, hypothetically, would cost. Alternatively, the respondents could be asked what 

their minimum willingness to accept would be for an environmental damage (Boyle, 2017).  

A common version of the CV method is to use dichotomous choice, meaning that respondents 

can either accept the improvement for the given price, or decline and thereby accept the 

business-as-usual state of the good. For instance, the survey question could ask the respondent if 

they were willing to pay a price of x1 to increase renewable energy production. If the respondent 

accepted this payment, the following survey question would be similar but with price x2 instead, 

where x2 > x1. If the respondent had declined the initial price of x1, the following question would 

then propose price x0 instead, where x0 < x1. The objective of this method is to estimate the mean 

WTP for the improvement, or, alternatively, the WTA for the damage (Boyle, 2017). 

Although DCE and CV are somewhat similar approaches, using DCE can be more beneficial than 

other stated preference methods as they provide the researcher with richer information. This can 

be illustrated by comparing it to CV, where the respondent is asked to state their WTP for a product 

with a bundle of attributes that is already determined. Comparingly, discrete choice experiments 

can thereby provide a more dynamic insight of the respondent’s preferences and how the attributes 

are valued against each other (Liebe et al., 2016).  

Moreover, Boyle (2017) argues that DCE and CV methods are the most common techniques 

within nonmarket valuation. CV methods were the first of the two methods, while the DCE 

approach is being used increasingly. Although they are similar, there are some important 

distinctions between the two approaches. As explained, CV methods are typically dichotomous, 

where the respondent can choose between accepting the change for a given price or instead 

accepting the business-as-usual scenario. Additionally, the CV technique describes the change in 
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a written-out scenario to the respondents, while the DCE technique instead uses the varying 

levels of attributes to describe the change. This means that CV studies, because of the 

dichotomy, include one valuation question, while DCEs can include several valuation questions. 

In this sense, one could argue that DCE is a more dynamic approach as it allows for estimation 

of marginal values (Holmes et al., 2017). 

Although the possibility of estimating marginal values for various attributes can make DCE 

superior to CV, this is not the case for all studies. For instance, some goods are more challenging 

to define in terms of attributes, which makes the less complex CV technique more appealing. 

Moreover, Johnston et al. (2017) argue that there are three questions that the researchers should 

ask themselves in order to get a better understanding of what technique is most advantageous for 

their study. The first question is regarding the change that is being studied and whether it will 

affect the good in question in its entirety or only certain characteristics of it. If the whole good 

will be affected, CV will be a more appropriate approach. Alternatively, if only some of the 

good’s characteristics will be affected, Johnston et al. (2017) argue that DCE will be preferable. 

Secondly, the researcher should consider whether the respondents will value the change as a 

whole or in terms of its individual attributes. The choice between CV and DCE for this question 

follows the same rationale as for the first question, where a more holistic view of the good would 

imply that CV is more suitable and vice versa. Lastly, the third question asks in what way the 

format of the presented information affects the respondent’s understanding of the good. If the 

good to be studied is complex, breaking it down into several attributes can make it even more 

complex for respondents. This can lead to simplifying manners from the respondents because the 

good and characteristics are too overwhelming, which results in responses that do not necessarily 

align with utility maximization. Although the possibility of this issue can be more probable when 

using a DCE approach, similar complexity-caused problems can occur when using CV as well 

(Johnston et al., 2017).  

Despite there being some differences between the two approaches, DCE and CV are considered 

to be so similar that they should estimate equal values. Earlier studies have tried to compare the 

two methods to test their validity, but because of their differences in design, comparison has 

been a challenge. For example, CV methods include information presentation through text while 

DCE methods use tabular presentation. There is no clear-cut answer on which of the two 
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methods is most appropriate, which highlights the importance of having guidelines to follow, 

such as the ones proposed by Johnston et al. (2017).  

4.1.2.1. Validity and reliability 

As the source of data for this thesis is survey responses, it is relevant to consider how a survey 

should be structured to obtain valid and reliable responses. Both the pilot and the main survey use 

the DCE method. Although DCEs can be advantageous to use when collecting information, the 

researcher should take into account that there are potential pitfalls that can affect the reliability of 

the responses. To diminish this risk, one measure is to incorporate attitudinal questions into the 

survey. These serve as control mechanisms to the choice experiment and can thereby be used to 

validate the choices made by the respondent (Liebe et al., 2016).  

Moreover, the responses can be affected by a phenomenon called question context effects. Mariel 

et al. (2021) describe two sub-categories of these, namely directional and correlational context 

effects. The former can occur if responses to the target question is dependent on whether relevant 

attitudinal, or contextual, questions are asked prior to or after the target question. Secondly, 

correlational context effects can arise if the responses from the choice experiment is affected by 

the order of the questions in the survey. With regards to the possible question context effects that 

can decrease both validity and reliability of the collected responses, the researcher should be 

considerate when designing the survey (Mariel et al., 2021).   

In addition to the order and structure of the survey, there are other aspects that the researcher 

should consider with regards to validity and reliability. If the survey has many questions and/or 

choice sets, it will lengthen the completion time. While there might not be one standard length that 

is optimal for all types of surveys, Mariel et al. (2021) recommend the researcher to keep the 

completion time on the shorter side. This could potentially increase the participation rate. 

Moreover, it is probable that longer surveys lead to the respondent speeding up the completion 

nearing the end, thereby making the answers from the last questions less reliable than the earlier 

answers. This probability would likely be decreased if the completion time was shorter. 

Additionally, having an introduction in the survey can be beneficial for the respondents to make 

more educated choices in their responses, and simultaneously less likely to end the survey before 

completion. However, although introductory questions help equip the respondent in making more 
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informed choices, it can also negatively affect the validity of the responses by altering the view 

points of the respondents (Mariel et al., 2021).  

These potential pitfalls highlight a need to assess both the validity and reliability of the values 

estimated through nonmarket valuation. Bishop and Boyle (2017) illustrate how these two 

concepts of accuracy differ by using an example of shooting arrows at a target, where validity 

measures how close the arrow was to bullseye, while reliability measures if the arrows were shot 

and grouped closely together. Validity therefore captures the bias, while reliability captures the 

variance (Bishop & Boyle, 2017).  

In a scenario with perfect validity, the WTP estimates from using SP methods would be equal to 

the true WTP values in the population (Mariel et al., 2021). Because the true WTP values are 

unobservable for the researcher, the validity must instead be assessed through more indirect 

methods. As proposed by Bishop and Boyle (2017), one can assess the validity by splitting it into 

three different aspects: content validity, construct validity, and criterion validity. This framework 

is named “the three C’s of validity” (Bishop & Boyle, 2017). 

The first “C” in the framework of Bishop and Boyle stands for content validity. This aspect 

assesses whether the valuation method was adequately conducted to capture the values. This could 

be regarding the accuracy of the survey and how it was designed. Secondly, construct validity 

focuses on the data and results, and how these relate to other variables. The researcher often has 

expectations of how the true value is related to other variables before conducting the study, and 

these can be motivated by, for example, economic theory and empirical evidence from similar 

studies. For example, if previous studies found that people have a negative WTP for wind power 

installations, the researcher could have an expectation that an attribute describing increased 

installations of wind turbines to have a negative estimate. The third and last “C” stands for criterion 

validity, where the validity is assessed by comparing the WTP estimates with earlier WTP 

estimates for the same environmental good. The earlier study of which the WTP estimates are 

compared to must then have been obtained with a method considered to be of high validity, so that 

it works as a benchmark for the new WTP estimates (Bishop & Boyle, 2017). 

Based on “the three C’s of validity”, it is recommended that the researcher keeps all three concepts 

in mind all the way through formulating hypotheses based on initial expectations, designing and 
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structuring the survey, to analysing the obtained results and data. The objective with the framework 

is to prove to the end users that the obtained values are valid, and considering that the true values 

are unknown, careful consideration of the validity aspects can potentially replace comparison of 

true and estimated values as a validity assessment (Mariel et al., 2021). 

In addition to testing the validity, the choice experiment’s reliability should also be assessed. As 

illustrated by the arrow example, the reliability is concerned with variance and whether the arrows 

are grouped closely together. In many studies, the researcher only has one arrow to shoot, meaning 

that they can only do one single survey, which adds little to the reliability assessment. A common 

reliability test is therefore to conduct a test-retest study, where the same survey is repeated several 

times either with same test subjects or a different sample drawn from the same population. These 

types of test-retests are called, respectively, within-subject test-retests and between-subject test-

retests, and they allow the researcher to shoot several arrows at the target despite having only one 

survey. When using test-retest methods, the researcher should acknowledge that some 

characteristics within the sample can change between the repeated surveys. If several years pass 

between the test and retest, some subjects may have increased levels of education and thereby 

increased their income, which could alter their responses compared to in the initial test. On the 

other hand, if the researcher opts for a shorter interval between the tests to reduce such potential 

changes, they might encounter the issue of subjects remembering their responses from the previous 

test, which would weaken the observations’ independence. Finding the optimal interval between 

the test and retests can therefore be challenging (Mariel et al., 2021). 

Moreover, a common criticism is the risk of hypothetical bias among respondents. Hypothetical 

bias occurs when the value or attitude that a respondent states in a survey is not equal to what it is 

in reality. In the case of WTP to avoid wind power installations, hypothetical bias could occur if 

respondents report a WTP that exceeds the actual willingness. This leads to the estimated values 

being false and causing a hypothetical bias, and this misleading valuation gives consequences to 

decision makers and other actors that use and depend on these values (Loomis, 2011). 

4.1.2.2. Discrete choice experiment survey design 

The survey used in this thesis was developed by scientists from Statistics Norway, Menon 

Economics, the Norwegian University of Life Sciences, and the University of Stavanger. Their 
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aim was to estimate Norwegian households’ preferences and willingness to pay for land-based 

wind power expansion by using the stated preference method of discrete choice experiment. The 

survey was then conducted by the survey agency Kantar as an internet panel survey.  

To test the survey design, the survey was first piloted in late January of 2022. The pilot had a total 

of 460 responses and was lengthier than the final survey because it included more questions. 

Piloting revealed that the cost attribute in the choice experiment, which is described further in this 

chapter, was potentially set too low. This was discovered when many respondents tended to 

systematically choose alternative 1, which consistently involved increased renewable energy 

production without land-based wind power. Resultingly, the range was widened with a higher 

maximum value and lower minimum value, and with a different interval between the levels. After 

some adjustments, the main survey was sent out in April, three months after it was piloted. Survey 

invitations were sent out to a total of 11 103 households. From this sample, 4 057 respondents 

opened the survey and 3 412 of them completed it. This implies a response rate of approximately 

31%. Moreover, the median completion time was measured to be 19 minutes (Lindhjem et al., 

2022).  

To ease into the topic of land-based wind power, the survey starts off with some introductory 

questions. Firstly, the respondents are asked what political issues they believe should be 

prioritized, with the option to pick two issues among topics ranging from climate-related measures 

to social concerns. Following this opening question, the respondents are asked how they believe 

the increased demand for electricity should be met. After these two introductory questions, the 

respondents are presented with several statements in which they are asked to report the extent to 

which they agree, as well as rank the importance of certain effects of land-based wind power. The 

answers to these statements and importance rankings capture the respondents’ attitudes towards 

climate change, as well as how they feel about the relationship between economic activity and 

damage to ecosystems.  

The respondents were then given information about the objective of the survey. Additionally, they 

were informed that the survey was developed by scientists who would share the results with 

decision makers, so that the respondents would potentially contribute to assessments regarding 

land-based wind power expansion and other related interventions. Providing this information was 
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meant to enhance the incentive of completing the survey and give honest responses. When the 

respondents are informed about how their response will be used and for what purpose, they are 

given information about how their contribution is specifically valuable. This will give the 

respondents a perception of their response having actual consequences through influencing 

decision makers. Resultingly, this can enhance the validity of the SP estimates in two ways. Firstly, 

it can influence the respondents to put more effort and consideration into their responses because 

they are aware that they will be used for an actual purpose. Secondly, the respondents will realize 

that the considered policy might be implemented and that they therefore should respond carefully. 

This effect is especially relevant for the cost attribute, as the respondents themselves are also likely 

to be paying for the policy if implemented (Welling et al., 2022). This effect is called 

consequentiality, and this is part of the recommendations of Johnston et al. (2017) to enhance 

incentive compatibility and truthful responses. 

After the introductory part of the survey follows the choice experiment. The respondents are firstly 

informed that they are going to be presented several choice sets where they are asked to choose 

between two alternatives. In all the choice sets, alternative 1 will constantly include an increased 

production of renewable energy towards 2040, but without land-based wind power expansion. 

Alternative 2 will also consistently include a higher renewable energy production than alternative 

1, but with the inclusion land-based wind power expansion. Increase in renewable energy 

production is one of the three main attributes in the survey, and all three will be presented with 

varying levels between the different choice sets. However, all three attributes have a set range and 

interval that they follow, as described in Table 3.  

Table 3: Attributes and the respective levels and intervals 

Attribute Range Interval 

Increase in renewable energy without land-based 

wind (in TWh) 

10 – 40 10 

The number of new wind turbines 0 – 2 100 700 

Increase in annual grid fee the next five years for 

the household, pilot 

1 200 – 5 400 600 
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Increase in annual grid fee the next five years for 

the household, main 

1 000 – 8 000 1 000 

The first of the three attributes is increase in renewable energy without land-based wind (in TWh). 

When introduced to the respondents, the survey explains the domestic power production in 2020 

and how this was distributed across the different power technologies, as a means to inform the 

respondents about the current status of Norwegian power production. As seen in Table 3, this 

attribute varies within the range of 10 to 40 TWh. This range is motivated by the power market 

analysis for 2021 up to 2040, which was conducted and published by the Norwegian Water 

Resources and Energy Directorate (NVE) (Birkelund et al., 2021). The analysis is a prognosis of 

the power market in terms of production, consumption, and prices, for both Norway, Scandinavia, 

and Europe. In this analysis, NVE expects Norwegian power production to increase with 28 TWh 

leading up to 2040, where 26 TWh of these are from renewable energy sources. The prediction of 

a 26 TWh increase in renewable energy production is what motivated the scientists behind the 

survey to set the range from 10 TWh to 40 TWh. This predicted energy production development 

and the distribution between different technologies are illustrated in Figure 3 (Birkelund et al., 

2021).  

 

Figure 3: Increase in renewable power production in Norway 

The second attribute of the survey is the number of new wind turbines. In its presentation, the 

respondents were informed of how many wind turbines were currently installed as of 2022 and 
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how much power they provided, both measured in TWh and percentage of the total power 

production in Norway. This was complimented by a map that showed the respondents where these 

installations are, and where there were ongoing turbine installations. After having described the 

status quo of land-based wind power, the respondents were explained that expansion of land-based 

wind power can increase the domestic renewable energy production with 10 to 30 TWh. If the 

production were to increase with as much as 30 TWh, this would equal approximately 2 100 new 

wind turbines given the current wind power technology. Similarly, an increase of 10 TWh or 20 

TWh would imply 7 000 or 14 000 new wind turbines. This prediction of 10 to 30 TWh is the 

motivation behind the levels of wind turbines that the attribute varies between (Lindhjem et al., 

2022). Moreover, the respondents are presented the current number of wind turbines installed in 

Norway, a figure illustrating both positive and negative effects of wind turbines, as well as a picture 

example of how wind turbines affect their surrounding nature. The survey also shows the 13 areas 

that NVE has selected as appropriate for potential expansion, and then asks the respondents about 

their proximity to any wind farms. 

The wind turbine attribute is therefore particularly well explained, and because of its complexity, 

it has three sub-attributes that will be included in the choice sets. One of these is the area that is 

needed for new wind turbines, as the installations would demand large areas to be given up. The 

survey describes the area demand in terms of both construction roads, power lines and the actual 

area needed. Given the maximum of 2 100 wind turbines, the area needed goes up to 882 km2. 

Secondly, there is a sub-attribute that describes the avoidance of CO2 emissions that will happen 

as increased wind power will replace non-renewable power sources over time. As the survey states, 

10 TWh of Norwegian wind power will lead to a reduction of 5 million tonnes CO2 emissions from 

the European power sector yearly. This means that one Norwegian wind turbine alone would 

generate yearly emission reductions of approximately 7 150 tonnes. The range of this sub-attribute 

is also connected with the main attribute of wind turbines, where its maximum value of 15 000 

tonnes is the estimated emission reductions from 2 100 new turbines. Lastly, the third sub-attribute 

is the additional person-years and added-value that would be yielded from the land-based wind 

power expansion. One wind turbine is expected to provide Norway with eight person-years and 

nine million NOK in added-value. When estimated for the maximum of 2 100 new turbines, the 

maximum value of this sub-attribute is 16 800 person-years. 
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The last of the three main attributes is the cost attribute, which is expressed as an increase in annual 

grid fee for the households. The respondents are informed that alongside an increased renewable 

power production is the need to upgrade the power grid, which could be financed through an 

increased annual grid fee. Moreover, the survey explains that it is more challenging to estimate 

what this potential cost would be, which is why the range for this attribute is larger and including 

more levels than the other two. Finally, Figure 4 shows two example choice cards, one from the 

pilot survey and one from the main survey (Lindhjem et al., 2022). 

Attribute description Pilot Main 

   

Figure 4: Example of choice cards from pilot and main survey 

The blue column shows the three attributes and sub-attributes, while the two orange columns 

represent the two options. The levels of the increased annual grid fee illustrate the adjustments that 

happened with this attribute between the pilot and main survey. As stated earlier in this chapter, 

alternative 1 consistently includes no new wind turbine installations. In the example choice set for 

the main survey, alternative 2 includes the maximum number of new wind turbines, and an 

increased annual grid fee that is higher than alternative 1. Moreover, alternative 2 also includes the 

highest increase in renewable energy production of 30 TWh. The full main survey is included as 

Appendix Ⅰ, and the pilot survey is available upon request. 
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All 3 412 respondents were faced with a total of eight choice sets. However, the respondents were 

randomly divided into two blocks. The choice sets that were given to one block were different 

from the ones that were given to the other block. This meant that although all respondents were 

faced with only eight different choice sets, the two halves of the sample answered eight different 

choice sets and thereby doubled the total number of sets. Dividing the sample into two blocks 

allowed the scientists to gain a greater variation in the presented scenarios, which in turn leads to 

less bias in the estimates. 

To assess the survey, the recommendations of Johnston et al. (2017) can be used as a guideline. 

They propose several recommendations regarding all aspects of the survey, which should be 

considered when designing their survey to help achieve reliable and unbiased estimates. Seeing 

how the survey used in this thesis aligns with the recommendations of Johnston et al. (2017) can 

give an indication of the reliability of the survey responses and the values measured from it.   

The first recommendation is that the survey should have a clear presentation of the current status, 

what effects will be seen if the policy is implemented, and sufficient information about the policy 

itself and what it includes. The changes that follow the policy implementation should be described 

relative to the current status, and this description should be thorough enough so that the 

respondents are equipped to make choices that align well with their preferences and attitudes. As 

explained in this chapter, the survey that this thesis is based on explains the current status of land-

based wind power in Norway through the attribute descriptions. This provides the respondents 

with a basis that the estimated effects of wind power expansion can be compared to. Moreover, 

Johnston et al. (2017) recommend pretesting as a measure to ensure that the survey is 

understandable for the respondents, which in turn helps the developers get valid and reliable value 

estimates. Pretesting should be done by using a smaller sample drawn from the population of the 

main study, for instance by piloting the survey. This can provide the developers with insights of 

how effective the survey design is, as piloting can reveal parts that should be adjusted so that the 

effectiveness of the main survey will increase. This recommendation is followed by the developers 

of the survey used in this thesis, as they conducted a pilot to test their survey design (Johnston et 

al., 2017).  
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There is also a recommendation regarding the design of the choice experiment, which should be 

followed in order for it to yield unbiased estimates. The design should reflect back on discoveries 

from the pilot and consider previous studies of similar policies. Based on the recommendations of 

Johnston et al. (2017), the selection of attributes and their respective levels should be set with 

intention. As described earlier in this chapter, the choice of attribute levels is motivated by the 

power market analysis of NVE, which means that the attributes are set within a probable range of 

values. Secondly, the developers should put some consideration to how many alternatives they will 

have for each choice set and how many choice sets each respondent will be asked to answer. There 

were some consistent patterns that were continued through all the alternatives, such as alternative 

1 always involving increase in renewable energy production without land-based wind. Using two 

alternatives can therefore be beneficial when the developers want to the alternatives to carry such 

distinctions throughout all the choice sets. Moreover, all respondents were presented with eight 

different choice sets. To increase the number of scenarios in the experiment, all respondents were 

split into two groups, where each group was faced with eight different choice sets. This gave the 

developers responses to a total of 16 different choice sets without the respondents having to answer 

all 16 of them, thereby avoiding a potential risk of respondent fatigue (Johnston et al., 2017). 

Based on the correspondence between the survey and the recommendations from Johnston et al. 

(2017), the survey seems to be developed and designed with consideration to the proposed 

practices. This is beneficial for the upcoming values and estimates measured from the survey 

responses. However, the assessment of the survey done in this chapter only gives an indication of 

the survey’s reliability and validity, which will be further discussed in chapter 6. 

4.1.3. Benefit transfer 

Benefit transfer (BT) is a procedure which allows researchers to transfer valuation information 

from a previous study site to a new policy site (Dugstad & Navrud, 2022). This procedure can be 

applied to both revealed preference methods and stated preference methods. The valuation of 

ecosystem services is highly useful for conducting economic analyses, as well as for both 

management and conservation of the ecosystem in question. Although BT is hardly ever the 

optimal way for analyzing the economic value of a policy site, it is recognized as an acceptable 

alternative. Gathering primary and site-specific data will undeniably result in the most accurate 

estimates for the study site, but this process is both time-consuming and costly (Plummer, 2009).   
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Dugstad & Navrud (2022) identify three different types of BT, starting with unit value transfer. 

This method involves transferring the mean WTP estimates from the study site to the policy site, 

either with or without adjustments for potential differences in incomes between the two sites. 

Secondly, value function transfer is the process where a researcher transfers the WTP function 

from the policy site rather than the estimates. The WTP function can be a function of, for example, 

sociodemographic characteristics of the study’s respondents. Lastly, meta-analysis is a method 

where the researcher transfers WTP function estimates as a meta-regression function of data that 

is collected from multiple study sites rather than just one. The researcher can then choose several 

study sites that have similar characteristics as the policy site, and preferably that also aim to valuate 

a similar environmental good (Dugstad & Navrud, 2022). An example of such a study is a meta-

analysis conducted by Brouwer et al. (2022) to estimate the economic value of the environmental 

services provided by the Brazilian Amazon rainforest. The researchers identified relevant literature 

regarding Brazilian valuation studies, which were gathered from various databases, conservation 

sites and previous studies of similar or related topics. Resultingly, the researchers used a total of 

36 different studies covering almost 30 years of research on Amazon valuation research, which 

they used to estimate the economic value of the Brazilian Amazon rainforest’s ecosystem services 

(Brouwer et al., 2022). 

Although BT is recognized as an alternative to conducting new studies, there are several possible 

issues that a researcher can encounter if the BT is not performed properly. Arguably, the most 

important issue is lack of correspondence between the study site and the policy site. If the study 

site is a poor match, the transferred valuation information could lead to invalid results for the 

researcher. This highlights a need for proper guidance when performing BT, and to carefully 

consider the chosen study site and to what degree it applies to the policy site (Plummer, 2009).  

As a means of ensuring that the BT process is as valid and reliable as possible, Plummer (2009) 

describes three steps that the researcher should follow. Firstly, the characteristics of the policy site 

should be thoroughly described. This includes its biological diversity, physical traits, and what 

utility it provides for humans. Followingly, the proposed policy should be described, and the 

researcher should identify its impacts on the policy site. Carefully executing this first step of BT 

aids the researcher in the upcoming steps (Plummer, 2009).  
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Moreover, Plummer (2009) suggests that the researcher should then identify study sites that 

adequately match the policy site. The evaluation of matching sites should cover whether the sites 

are similar in terms of physical and biological characteristics, and if their provided utility, and 

extent of it, are somewhat the same. While considering the comparability of this utility, the 

researcher should also evaluate if the study site covers the same use/non-use values as is the aim 

to cover in the new policy site. Other than their correspondence and similarity in characteristics, it 

is important that the data quality of the earlier study is satisfactory to achieve the highest accuracy 

(Plummer, 2009).  

Finally, after deciding on a sufficient number of satisfactory studies, the last step is for the 

researcher to transfer relevant economic values and apply them to the policy site. This can be done 

in various ways, as illustrated by the three different types of BT that Dugstad and Navrud (2022) 

identifies. One of the most recognized and common methods is unit value transfer. Before 

transferring the values to one’s own study, it is recommended to calculate the transfer error (TE). 

This is found by taking the estimation from the study site and subtracting the estimation from the 

policy site, and then dividing this difference on the estimation from the policy site. The resulting 

percentage is the transfer error, which is used to assess the reliability of the values transferred from 

the study site. Equation (4.1) shows the formula for TE for WTP estimates, where WTPSS is the 

WTP estimate from the study site and WTPPS is the WTP estimate from the policy site (Dugstad 

& Navrud, 2022). 

𝑇𝐸 =  
𝑊𝑇𝑃𝑆𝑆 − 𝑊𝑇𝑃𝑃𝑆

𝑊𝑇𝑃𝑃𝑆

(4.1) 

In this thesis, the TE will be calculated between WTP estimates of the pilot and main survey 

sample. This way, the TE will give an expression of how suitable the pilot estimates are for BT 

when exogenous shocks like the war outbreak have occurred.  

4.2. Econometric approach 

4.2.1. Multinomial and mixed logit 

The logit model is a commonly used discrete choice model that allows the researcher to model 

choice probabilities. This chapter will describe two types of logit models that will be used in this 

thesis, starting with the multinomial logit. As is implied by the term multinomial, this model can 
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be used in situations where the respondents are faced with multiple alternatives to choose among, 

as a method to describe their choices. When using this model, the observed choices are explained 

by means of the individual’s characteristics, for example through sociodemographic variables such 

as age (Mariel et al., 2021). Moreover, the multinomial logit is derived based on three properties 

that need to be satisfied in order for the model to represent choice behaviour (Train, 2009). 

Firstly, the multinomial logit builds on the assumption that the unobserved utility is independent 

between the error terms. As mentioned in chapter 3.2, the RUM model is used to derive the logit 

model, hereunder the multinomial logit. The researcher must specify a certain distribution for the 

stochastic component in the error term. Recall that the stochastic component contains the 

unobserved utility, which in the RUM model was treated as random. When deriving the logit 

model, the researcher instead assumes that the error term follows a type 1 extreme value 

distribution, also known as the Gumbel distribution. This implies that each error term is 

independently, identically distributed extreme value. Moreover, having this distribution means that 

the stochastic components are independent over time, which enables the researcher to conduct 

repeated choice experiments (Train, 2009). 

Secondly, the multinomial logit model is derived under a property known as the independence 

from irrelevant alternatives (IIA) (Train, 2009). Consider a choice set of two alternatives i and j, 

and that the cost attribute in alternative i decreases. A cost decrease is viewed as an improvement 

for individual k, and therefore increases the probability of alternative i being chosen over 

alternative j. Because probabilities always sum up to 1, the two probabilities for the alternatives 

being chosen can be specified as shown in Equation (4.1). 

𝑃𝑖𝑘  +  𝑃𝑗𝑘  =  1 (4.1) 

(𝑃𝑖𝑘 + ∆𝑃𝑖𝑘)  +  (𝑃𝑗𝑘 − ∆𝑃𝑖𝑘)  =  1 (4.2) 

In order for the probabilities to sum up to 1, the probability Pjk must decrease when the probability 

Pik increases due to the cost attribute change. This is called a pattern of substitution and is shown 

in Equation (4.2). Such patterns are important when a researcher wants to assess how sensitive the 

choice probabilities are to changes in the attributes. The multinomial logit model uses a specific 

substitution pattern across the alternatives, which can be viewed as a restriction on the ratios of 

probabilities. This ratio of logit probabilities is known as the property of independence from 
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irrelevant alternatives (IIA), and is one of the main assumptions that the multinomial logit models 

are derived from (Train, 2009). Given the alternatives i and j in a choice set with J alternatives, 

this probability ratio is given by 

𝑃𝑖𝑘

𝑃𝑗𝑘
=

𝑒𝑥𝑝𝑉𝑖𝑘

∑ 𝑒𝑥𝑝𝑉𝐽𝑘
𝐽

⁄

𝑒𝑥𝑝𝑉𝑗𝑘

∑ 𝑒𝑥𝑝𝑉𝐽𝑘
𝐽

⁄

=
𝑒𝑥𝑝𝑉𝑖𝑘

𝑒𝑥𝑝𝑉𝑗𝑘
. (4.3) 

As seen in Equation (4.3), this ratio only depends on the two alternatives i and j, and is therefore 

irrelevant of the other alternatives. This implies that the relative probability of choosing alternative 

i over j will remain the same regardless of the other alternatives and their attribute levels (Train, 

2009). 

Finally, the third property of the multinomial logit is that it can describe some variation in taste for 

the attributes in the choice experiment. As is the case of the choice experiment of the surveys used 

in this thesis, consider that the households are presented choice sets with two alternative 

approaches to meet the increased electricity demand. Moreover, assume that the researcher can 

observe the same three attributes as in the choice experiment: increased renewable energy without 

land-based wind power, number of new wind turbines, and increase in annual grid fee for the 

household. These are denoted as IEi, NTi and GFi respectively for alternative i. The utility of 

household k is then specified as 

𝑈𝑖𝑘 = 𝛼𝐼𝐸𝑖 + 𝛽𝑁𝑇𝑖 + 𝑙𝐺𝐹𝑖 + 𝜀𝑖𝑘. (4.4) 

For the multinomial logit, the households are assumed to have homogenous preferences. This 

assumption implies that all households have the same taste towards the three attributes. In the 

utility expressed by Equation (4.4), this is seen by the parameters not being specified for each 

specific household k. However, the parameters can be specified further, for instance by supposing 

that proximity to already installed wind farms having a negative effect on the importance that the 

household places on new wind turbines. This is a type of systematic taste variation, which is the 

only type of taste variation that the multinomial logit can incorporate. If the taste towards new 

wind turbines were to vary not only by proximity to wind farms but also by some unobservable 

factors, the multinomial logit is no longer an appropriate specification (Train, 2009). In cases when 
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the multinomial logit is not appropriate because of its three properties, the mixed logit model can 

be used instead. 

The mixed logit model is an extension of the multinomial logit, and it is a more flexible model that 

resembles a random utility model. Its flexibility allows for, as opposed to the multinomial logit, 

random attitude variation and correlation in unobserved factors, and it does not assume the IIA 

property. Moreover, the mixed logit has an unrestricted domain, meaning that the included values 

can be of any value ranging from minus infinity to positive infinity. The mixed logit can be 

illustrated by specifying the utility function of alternative i for household k again. For simplicity, 

consider now that the attributes IEi, NTi and GFi are contained in vector Zi. 

𝑈𝑖𝑘 = 𝛽𝑍𝑖 + 𝜀𝑖𝑘 = 𝛽̅𝑍𝑖 + 𝛽𝑘𝑍𝑖 + 𝜀𝑖𝑘 (4.5) 

In this specification, the coefficients specific for each household k is the sum of the population 

mean and an individual deviation, as denoted by respectively 𝛽̅ and 𝛽𝑘. This allows the coefficients 

to be random. Moreover, the stochastic part is denoted as the two last terms 𝛽𝑘𝑍𝑖 + 𝜀𝑖𝑘, and as 

opposed to the multinomial logit, the stochastic utility is correlated between the alternatives (Train, 

2009).  

Because the coefficients are not fixed in the mixed logit model, they will vary within the 

population. In this sense, the mixed logit models allow the households to have heterogenous 

preferences, meaning that the tastes towards the attributes differ between the households. Assume 

that they vary with a density distribution of f(|). The variable  captures underlying coefficients 

for taste variation, such as 𝛽̅. This implies that the probability of household k choosing alternative 

i is dependent on their preferences, which can be expressed as the probability of choosing 

alternative i given the coefficients   (Train, 2009). This is modelled as 

𝑃𝑖𝑘|𝛽𝑘
=

𝑒𝑥𝑝(𝛽𝑘𝑍𝑖)

∑ 𝑒𝑥𝑝(𝛽𝑘𝑍𝑘)𝐽
𝑗=1

. (4.6) 

If the researcher instead wants to estimate the probability of household k choosing alternative i 

given all values that the coefficients can take, and not only , the model specification would 

instead be an unconditional probability. This probability is modelled as the integral 
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𝑃𝑖𝑘|𝜃 = ∫ 𝐿𝑖𝑘(𝛽𝑘)𝑓(𝛽|𝜃)𝑑𝛽, (4.7.1) 

𝐿𝑖𝑘 =
𝑒𝑥𝑝(𝛽𝑘𝑍𝑖)

∑ 𝑒𝑥𝑝(𝛽𝑘𝑍𝑘)𝐽
𝑗=1

. (4.7.2) 

In order to estimate the unconditional probability in Equation (4.7.1), the researcher must use 

simulation for any given value of . The simulation process consists of two steps that are repeated 

several times. The first of the two steps is to draw a random  from f(|). This first draw will be 

denoted as  r, with r = 1 referring to it being the first drawn . Next, the researcher inserts  r into 

Equation (4.7.2) to calculate the specific probability that this  is associated with. After having 

drawn a sufficient number of times, the researcher calculates the average using this formula where 

R is the total number of draws (Train, 2009). 

𝑃̌𝑖𝑘 =
1

𝑅
∑ 𝐿𝑖𝑘

𝑅

𝑟=1
(𝛽𝑟) (4.8) 

Additionally, the mixed logit would require the researcher to specify some distribution of the 

coefficients, where the most common ones are normal or log-normal distributions (Mariel et al., 

2021). One approach is to assume that all households share the same sign for the coefficients, 

which would be a property of the log-normal distribution. In the case of land-based wind power, 

log-normal distribution could be relevant for the increase annual grid fee coefficient. This can be 

explained by all utility-maximizing households being interested in paying as little as possible, as 

this would imply that more money can be spent on other goods. 

4.2.2. Propensity score matching 

Propensity score matching (PSM) is an approach where a group of treated individuals are 

compared to a group of untreated individuals, often called a control group (Caliendo & Kopeinig, 

2008). Moreover, PSM enables the researcher to mimic a randomized experiment, as the untreated 

individuals are as likely to be treated as the treated ones. This is done by first estimating the 

propensity scores of the individuals within the two groups. The propensity score is a probability 

of receiving a treatment, conditional on observable characteristics (Rosenbaum & Rubin, 1983). 

These characteristics are known as covariates and are contained in x, so that the propensity score 
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is denoted as p(x). Followingly, the researcher matches treated individuals with untreated 

individuals that have similar propensity scores (Cameron & Trivedi, 2005).  

Before introducing the formula for propensity scores, it is necessary to introduce some notation. 

Firstly, D is a binary indicator for treatment assignment. If D = 1, it means that the individual has 

been assigned treatment, and otherwise if the value is equal to zero. Moreover, the vector x contains 

the observable covariates. These are sociodemographic characteristics of the individuals, such as 

their age. Finally, the propensity score is expressed as 

𝑝(𝑥) = 𝑃𝑟[𝐷 = 1|𝑋 = 𝑥] , (4.9) 

where p(x) is the function of the propensity score, which measures the propensity towards exposure 

to treatment given the covariates x (Rosenbaum & Rubin, 1983). When using PSM, the researcher 

must consider two criteria that should be satisfied in order for the two groups to be statistically 

similar. One of these is the requirement of common support. This implies that any individual that 

does not have a match from the other group, must be removed from the sample. As a result, the 

researcher will be left with a sample where the two groups only consist of individuals who have a 

match in the opposite group.  

Additionally, the second criterion is the balancing requirement. The balancing requirement allows 

the researcher to compare the two treatment groups in a nonrandomized experiment in a more 

direct way. In randomized experiments, the units within the two groups are likely to be similar and 

can therefore be compared directly. For nonrandomized experiments, the units exposed to 

treatment are instead likely to have systematic differences from the control units (Rosenbaum & 

Rubin, 1983). The balancing requirement is then expressed as the following condition 

𝐷 ⊥ 𝑥|𝑝(𝑥). (4.10) 

As implied in Equation (4.10), the balancing requirement states that conditional on the propensity 

score p(x), the distribution of covariates x will be similar between the units of the two groups. This 

means that the researcher will divide the propensity score in intervals and test that the average 

propensity score of the two groups do not differ between the intervals. If satisfied, the mean of x 

within the intervals should not differ significantly between the treated and untreated individuals in 
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the intervals. Moreover, for individuals with the same propensity score, the assignment to 

treatment is random and identical in terms of the covariates (Cameron & Trivedi, 2005). 

When using propensity score matching, the researcher can estimate the average treatment effect 

(ATE) and average treatment effect on the treated (ATT). Consider that y1 and y0 denote outcome 

for the treated and nontreated group respectively, and that the difference between these outcomes 

is defined as  = y1 – y0. Given this, ATE and ATT is specified as 

𝐴𝑇𝐸 = 𝐸[∆] →  𝐴𝑇𝐸 =̂
1

𝑁
∑[∆𝑖]

𝑁

𝑖=1

, (4.11) 

𝐴𝑇𝑇 = 𝐸[∆|𝐷 = 1] →  𝐴𝑇𝑇 =̂
1

𝑁
∑[∆𝑖|𝐷𝑖 = 1]

𝑁𝑇

𝑖=1

. (4.12) 

The ATE is used to compare treatments in randomized experiments. ATE measures the difference 

in mean between treated and untreated units. On the other hand, ATT measures the average gain 

from treatment for only the treated individuals. These two measures differ as ATE describes the 

individual treatment effects of the population, while ATT only describes the treated share of the 

population (Cameron & Trivedi, 2005). 

In terms of land-based wind power, one example could be to use proximity to wind power as the 

treatment in an aim to investigate preferences towards wind turbine expansion. Households living 

close to existing wind turbines would then be part of the treated group, while households living 

further away would serve as the control group. The two groups could then be matched based on 

income, number of household members and other observable characters. Any households that did 

not have a match from the opposing group would be excluded from the sample. Resultingly, the 

researcher could perform PSM and investigate how proximity to existing turbines affects attitudes 

towards further installations. In this thesis, propensity score matching will be used to match 

respondents from the pilot and main survey sample by sociodemographic variables, where the 

treatment will be a survey sample dummy indicating which survey the respondent answered.  
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5. Results 

5.1. Sample vs. Population characteristics 

To investigate whether the two samples are representative of the Norwegian population, it is 

necessary to compare mean values of various sociodemographic variables. In addition to 

expressing how representative the samples are of the population, the mean values also give an 

indication of how well the pilot and main sample match. The sociodemographic variables to be 

compared include gender, income, age, education, and region.  

First, the gender distribution is measured. The samples are relatively similar to the population, 

with the main sample being the closest. When comparing household income, we see that the mean 

is lower in both the pilot and the main. A possible explanation of this can be seen in the age group 

distribution. For the population, the age group under 30 consists of individuals from 15 up to 30. 

Similarly, the age group 60+ consists of individuals from age 60 up to 74. For both the pilot and 

the main there is a higher density of individuals in the age group 60+ than in the population. 

Individuals in this age group could be retired and thereby lower the mean household income.  

Moreover, we compare the education level of the individuals. The pilot and main resemble in their 

distribution, while they are somewhat different to the Norwegian population. The samples have a 

lower density of individuals that have below upper secondary education. However, the percentages 

of individuals in the population with tertiary vocational education and higher education (Master’s 

degree/PhD) are lower than both the pilot and the main. Upper secondary education and higher 

education (Bachelor’s degree) have similar percentages for both samples and the population. 

Lastly, we compare the distribution of regions that the individuals are located in. We see a 

consistent distribution for Trønderlag/Nord-Norge, but somewhat bigger differences for Oslo and 

surrounding area, rest of Østlandet, and Sør-/Vestlandet. 
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Table 4: Sample vs. Population characteristics 

  
Pilot Main Norwegian 

population 

Gender     

 Male 54,35% 50,06% 50,44% 

 Female 45,65% 49,94% 49,54% 

Income     

 Mean household income 906 006 845 460 927 200 

Age     

 Under 30 10,41% 15,36% 22,98% 

 30-44 25,11% 28,14% 24,97% 

 45-59 26,82% 29,63% 24,95% 

 60+ 37,66% 26,88% 19,52% 

Education     

 Below upper secondary 

education 

6,28% 6,86% 24,07% 

 Upper secondary education 36,09% 37,14% 36,52% 

 Tertiary vocational 

education 

18,40% 13,57% 3,08% 

 Higher education 

(Bachelor’s degree) 

21,40% 23,09% 24,85% 

 Higher education (Master’s 

degree/PhD) 

17,83% 19,34% 10,93% 

Region     

 Oslo and surrounding area 26,68% 26,70% 36,16% 

 Rest of Østlandet 26,11% 24,94% 6,87% 

 Sør-/Vestlandet 30,81% 30,22% 39,28% 

 Trønderlag/Nord-Norge 16,41% 18,14% 17,69% 

Sources: (SSB, 2023b) (SSB, 2023a) (SSB, 2022a) (SSB, 2022b) 

5.2. Rank order survey questions results  

The pilot and main survey both included several questions where the respondents needed to take a 

standpoint or rank the importance of certain effects. These give the researcher an indication of the 
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preferences and attitudes of the Norwegian population. In our case, the responses give an 

indication of Norwegian households’ attitudes towards land-based wind power.  

Prior to analyzing the discrete choice experiment part of the surveys, I first investigated three of 

the rank order survey questions that were presented to the respondents. Recall that the number of 

respondents in the pilot survey sample is 460, while the main survey sample consists 3 412 

respondents. These three rank order survey questions are of particular relevance to this thesis and 

give an indication of what could be revealed further on in this chapter as I look deeper into the 

data. The importance scale goes from one to seven, with one being the score with least importance 

and seven being the most important. The lighter green represents responses from the pilot survey, 

while the darker green represents the main survey. Firstly, Figure 5 shows how respondents ranked 

the importance of increased renewable energy without land-based wind power.  

 

Figure 5: Importance ranking of increased renewable energy without land-based wind power 

For both the pilot and the main survey, the majority ranked increased renewable energy without 

land-based wind power as somewhat important, as can be seen by the 24% and 26% respectively 

choosing the score 5. For the two scores that indicate a higher degree of importance, we see that 

37% of the pilot respondents were distributed between these two scores. Similarly, 33% of the 

main survey respondents ranked this importance to be above the score of five. This implies that a 

higher share of the respondents in the pilot found increase of renewable energy without land-based 
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wind power to be of a higher degree of importance than in the main survey. This could, although 

very weakly, indicate a somewhat higher acceptability of land-based wind power by the time the 

main survey responses were collected. Moreover, another rank order survey question asked the 

respondents to rank how important they believed the effect of further reduction in emissions due 

to land-based wind power to be. The results are shown in Figure 6. 

 

Figure 6: Importance ranking of further emissions due to land-based wind power 

In this ranking, slightly over a third of the respondents from the pilot survey chose the neutral 

middle score 5. This was also the most chosen score for the main survey. The three scores 

indicating somewhat to very important were chosen by 37% of the respondents from the pilot 

survey, and 40% from the main. This corresponds with 25% choosing lower importance ranking 

in the pilot, and 28% in the main. Investigating these ranking results thereby show a somewhat 

similar distribution of importance ranking for the two survey samples. A bigger share of the main 

survey respondents chose an importance score of 6 or 7 compared to the pilot, yet a higher share 

also chose the lowest score of 1. If anything, this could indicate more Norwegian households taking 

a clear standpoint on how they value land-based wind power as a means to reduce emissions. 

Lastly, the third investigated importance ranking is regarding further increase in person-years and 

added-value from new land-based wind power. These results are presented in Figure 7. 
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Figure 7: Importance ranking of increase in person-years and added-value from new land-based 

wind power 

In the pilot survey, 38% of the respondents took a neutral standpoint when ranking importance of 

increase in person-years and added-value from land-based wind power. The score of somewhat 

important was selected by 18%, with this percentage decreasing for the two highest importance 

degrees. Moreover, 13% considered this effect of new land-based wind power to be not important. 

For the main survey, we see that approximately as many respondents chose the neutral score of 4. 

A similar distribution of respondents can be seen for the three upper and lower scores. The second 

highest importance score is chosen by a higher percentage of the main survey respondents, but the 

same goes for the lowest importance score of 1.   

These three importance ranking questions give some insights to how the respondents answered in 

the surveys, and how they differed between the pilot and main. Although the observed rankings 

indicate very little difference between the pilot and survey, they provide some understandings of 

how Norwegian households feel towards land-based wind power expansion, and how much they 

value the positive effects that more wind turbines offer. The conclusion that could be drawn based 

solely on these three ranking questions is that Norwegian households are positive to increasing the 

renewable energy production, but not through installing new wind turbines. These preferences will 

be specified and further explored in the following sub-chapters where the econometric results are 

presented. 
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5.3. Econometric models 

5.3.1. Multinomial logit models 

The first step in the econometric analysis was to develop multinomial logit models for the pilot 

and main sample. These were specified with response as the dependent variable, and the attributes 

as independent variables. The model coefficients are presented in Table 5. 

Table 5: Coefficients of multinomial logit models 

 Pilot Main 

 Coefficient 

(s.e.) 

Coefficient 

(s.e.) 

Increase in renewable energy 

production 

0.01143** 

(0.00189) 

0.00924** 

(0.00129) 

Number of new wind turbines -0.00046** 

(0.00002) 

-0.00035** 

(0.00001) 

Increased annual grid fee -0.00021** 

(0.00002) 

-0.00019** 

(0.0000) 

Log likelihood -2 671.1379 -15 254.17 

Pseudo R2 0.0736 0.0313 

Number of observations 8 320 45 438 

Note: ** p < 0.01 

The coefficients express the preferences for the pilot and main survey respectively. All the 

coefficients are significant at a 1% level. Considering the first attribute of increase in renewable 

energy production, we see that the coefficients are positive in both the pilot and the main survey. 

This implies that the respondents are more likely to choose alternatives with higher levels of the 

attribute of increased renewable energy production without land-based wind power. Moreover, 

this aligns with the expectation that Norwegian households prefer more renewable energy, as we 
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also saw an indication of in the previous sub-chapter. The preference coefficient is higher in the 

pilot than in the main, respectively as 0.01143 and 0.00924. Some of this difference can be 

explained by the annual grid fee attribute being adjuster to higher levels for the main survey, 

thereby making households more hesitant towards increased renewable energy production as it 

would involve a higher annual grid fee.  

Secondly, the preferences towards new wind turbines have a negative sign. Norwegian households 

were expected to be negative to new wind turbine installations, based on the status of land-based 

wind power in Norway discussed in chapter 1 and the studies from the literature review. We  see 

that the respondents are less likely to choose alternatives involving more wind turbines. When 

comparing the pilot and survey, we see that the negative preferences were slightly stronger in the 

pilot. This could indicate that there was a somewhat bigger acceptance for new wind turbines when 

the main survey responses were collected.  

The last attribute is the cost attribute of the survey, which is the increase in annual grid fee. As 

expected, this is negative. This implies that respondents were less likely to choose alternatives 

with higher annual grid fee increases in both the pilot and main survey. Rationally, households 

prefer to spend as little money as possible, as that would leave more money for other purposes that 

might yield them more utility. Conclusionary, the multinomial logit models imply that Norwegian 

households are negative towards new wind turbines, but positive to increased renewable energy 

production in general. 

5.3.1.1. Interaction effects to account for sociodemographic differences 

To further investigate whether there is a significant difference between the pilot and main survey 

sample, a multinomial logit model with interaction effects was specified. This model accounts for 

any differences in sociodemographic variables. As consistently used throughout the thesis, the 

sociodemographic variables include household income, age, gender, education, and region. The 

interaction terms are generated using the two attributes and each of the five sociodemographic 

variables, as well as a sample dummy. The sample dummy takes the value of one if a respondent 

is from the main survey, and zero if it they are from the pilot survey.  

Moreover, three dummy variables are generated for the categorical variable region. The dummies 

are generated for Oslo and surrounding area, Sør-/Vestlandet, and Trønderlag/Nord-Norge. The 
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fourth region, which is rest of Østlandet, acts as the reference group. Rest of Østlandet was chosen 

as reference group as it is the region with the least exposure to proposed wind power installation 

areas, as seen in Figure 1 in chapter 2.1. The coefficients for the three other regions will thereby 

be interpreted relative to rest of Østlandet. With a total of 12 interaction terms generated, the 

multinomial logit with interaction effects gave the following coefficients. 

Table 6: Coefficients of multinomial logit model with interaction effects 

 Increase in renewable 

energy production 

Number of new wind 

turbines 

Interaction terms Coefficient 

(s.e.) 

Coefficient 

(s.e.) 

Sample -0.00457** 

(0.00157) 

0.00032** 

(0.00004) 

Age -0.00302** 

(0.00084) 

-0.00010** 

(0.00001) 

Female -0.00489** 

(0.00170) 

-0.00003 

(0.00003) 

Education -0.00011 

(0.00055) 

0.00000 

(0.00000) 

Oslo and surrounding area 0.00118 

(0.00238) 

0.000046 

(0.00003) 

Sør-/Vestlandet -0.00012 

(0.00226) 

-0.00163** 

(0.00003) 

Trønderlag/Nord-Norge 0.00120 

(0.00257) 

-0.00003 

(0.0000) 
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 Coefficient 

(s.e.) 

Increased annual grid fee -0.00018** 

(0.00000) 

Log likelihood -18 192.967 

Pseudo R2 0.0483 

Number of observations 52 264 

Note: ** p < 0.01 

Table 6 presents the coefficients for all the interaction terms, as well as the coefficient for fee 

which will be used in estimation of mean WTP in chapter 5.4.1.1. Firstly, the coefficients for age 

are both negative and significant at the 1% level, indicating that respondents of higher age are 

more negative towards both increased renewable energy production and new wind turbines. 

Similarly, the interaction terms for the female dummy also indicate that female respondents are 

more negative to both attributes, although the interaction term for new wind turbines is not 

significant. For the interaction terms with education, the coefficient is negative for increased 

renewable energy. Moreover, the interaction term with new wind turbines was expressed with 

scientific E notation, indicating that coefficient is approximately zero. However, none of the two 

coefficients for the interactions between education and the attributes are found to be significant.  

Furthermore, the coefficients show that respondents from Oslo and surrounding area are slightly 

more positive towards increased renewable energy production and new wind turbines compared 

to the reference group rest of Østlandet. When comparing the reference group to Sør-/Vestlandet, 

we see that respondents from Sør-/Vestlandet are more negative towards both attributes. For the 

region of Trønderlag/Nord-Norge, the respondents are more positive towards increase in 

renewable energy production, yet more negative regarding new wind turbines compared to rest of 

Østlandet. However, out of all the interaction terms between the region dummies and attributes, 

only the interaction term between Sør-/Vestlandet and number of new wind turbines was found to 

be significant. 



51 

 

Finally, the sample coefficients show the interaction between the sample dummy and the two 

attributes, both of which are significant at the 1% level. This implies a significant difference 

between the two samples even when the sociodemographic variables are accounted for. Firstly, the 

coefficient for the interaction with increased renewable energy production is -0.00457. This 

implies that the main survey sample has a more negative preference towards this attribute. For 

number of new wind turbines, the coefficient is 0.00032, which implies that respondents from the 

main survey sample are more positive towards new wind turbines. 

5.3.2. Mixed logit models 

After the multinomial logit models, mixed logit models were specified. The cost attribute, 

increased annual grid fee, is specified as fixed. This implies that the cost was held constant for all 

respondents. This assumption allows us to avoid WTP estimates being extremely high, as can be 

the case if the cost attribute is close to zero (Holmes et al., 2017). The two other attributes, increase 

in renewable energy and number of new wind turbines, are instead specified to have random 

coefficients. Moreover, the mixed logit models are specified to allow these two attributes to be 

correlated.  

The mixed logit model is difficult to compute as it includes simulations. This, alongside the 

specification of correlation, makes the models computationally demanding and prone to local 

optima convergency. Resultingly, the simulations were set to 100 draws. Having a high number of 

draws is preferable to ensure that the estimated parameters have a simulation error that is as low 

as possible. However, estimation of models with many draws can take several hours, often between 

2 and 20 hours (Train, 2000). To approach the issue with long computer run-times, the mixed logit 

models for this thesis use Halton draws rather than random draws. In earlier studies, using 100 

Halton draws led to lower simulation error in estimated parameters compared to 1 000 random 

draws. Moreover, Halton draws are designed in a way that gives more evenly spread draws for the 

observations, which in turn leads to the simulated probabilities to have less variation between 

observations as compared to when using random draws (Train, 2000). Finally, the coefficients 

found in the mixed logit models are presented in Table 7. 
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Table 7: Coefficients of mixed logit models 

 Pilot Main 

 Coefficient 

(s.e.) 

Coefficient 

(s.e.) 

Increase in renewable energy 

production 

0.06326** 

(0.00912) 

0.01213* 

(0.00576) 

Number of new wind turbines -0.00255** 

(0.00033) 

-0.00130** 

(0.00008) 

Increased annual grid fee -0.00080** 

(0.00006) 

-0.00061** 

(0.00002) 

Log likelihood -1 573.3526 -8 849.9199 

Number of observations 8 320 45 438 

Note: ** p < 0.01, * p < 0.05. 

We see that all coefficients are significant at the 1% level except for increase in renewable energy 

for the main survey sample, which is instead significant at the 5% level. The coefficient for 

increase in renewable energy production is lower for the main survey sample compared to the 

pilot. Moreover, the coefficients for number of new wind turbines and increased annual grid fee 

are less negative. Table 7 thereby show the same indication as the multinomial logit coefficients, 

which is that Norwegian households prefer more renewable energy but not by increasing the 

number of wind turbines. 

5.4. Estimated willingness to pay  

The mean WTP for increase in renewable energy production without land-based wind and number 

of new wind turbines were estimated using the coefficients from the different logit models. These 

are estimated by using the following formulas: 
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𝑊𝑇𝑃𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑑 𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒 𝑒𝑛𝑒𝑟𝑔𝑦 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 = − (
𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒𝑑 𝑟𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒 𝑒𝑛𝑒𝑟𝑔𝑦 𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛

𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑎𝑛𝑛𝑢𝑎𝑙 𝑔𝑟𝑖𝑑 𝑓𝑒𝑒
) (5.1) 

𝑊𝑇𝑃𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑒𝑤 𝑤𝑖𝑛𝑑 𝑡𝑢𝑟𝑏𝑖𝑛𝑒𝑠 = − (
𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑒𝑤 𝑤𝑖𝑛𝑑 𝑡𝑢𝑟𝑏𝑖𝑛𝑒𝑠

𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑎𝑛𝑛𝑢𝑎𝑙 𝑔𝑟𝑖𝑑 𝑓𝑒𝑒
) (5.2) 

5.4.1. Mean willingness to pay-estimates multinomial logit models 

Firstly, the mean WTPs are estimated by using the multinomial logit coefficients presented in 

Table 5. The estimated mean WTPs and 95% confidence intervals (CI) are shown in Table 8. 

Table 8: Mean WTP estimates for the pilot and main survey sample using multinomial logit 

coefficients 

 Pilot  Main 

 WTP 

(s.e.) 

95% CI  WTP 

(s.e.) 

95% CI 

Increase in 

renewable energy 

production 

54.83** 

(11.90) 

[31.52 – 78.15]  48.12** 

(6.95) 

[34.50 – 61.73] 

Number of new 

wind turbines 

-2.19** 

(0.25) 

[(-2.67) – (-1.71)]  -1.84** 

(0.08) 

[(-2.01) – (-1.67)] 

Note: ** p < 0.01 

Firstly, all the mean WTP estimates are significant at the 1% level in both the pilot and main survey 

sample. For the pilot, the mean WTP is estimated to be approximately 55 per TWh, while the main 

survey sample has a mean WTP of 48 per TWh. The second attribute of new wind turbines have 

negative mean WTPs for both the pilot and main survey, with the estimate from the pilot being the 

lowest. This implies that Norwegian households have a willingness to pay to avoid additional wind 

turbines. The estimates in Table 8 thereby suggest that Norwegian households had a lower WTP 

for increase in renewable energy production after the war outbreak, yet a higher acceptance of new 

wind turbines. However, it is necessary to consider the cost adjustments that were made prior to 

the main survey being sent out. This could have resulted in more households being more reluctant 
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to choose alternatives involving bigger increases in renewable energy production and, followingly, 

a higher annual grid fee.  

When comparing the survey samples, it is necessary to test for a significant difference between the 

pilot and main survey sample. To do so, we compare the confidence intervals of the mean WTPs 

for the attributes. If the CIs from the pilot and main survey overlap, it indicates that the difference 

in WTP of the two samples do not have a statistically significant difference. The confidence 

intervals are presented in Table 8, where the confidence level is 95%. For a clearer presentation of 

whether there is overlap, Figure 8 and Figure 9 present the confidence intervals for the two 

attributes visually. 

 

Figure 8: 95% confidence intervals for mean WTPs estimated from the pilot and main survey for 

increase in renewable energy production using multinomial logit models 

Firstly, Figure 8 presents the confidence intervals for increased renewable energy production. As 

the figure illustrates, there is a clear overlap between the pilot and main survey sample. The pilot 

CI is wider than the main, where the whole CI for the main survey is within the pilot CI. This clear 

overlap indicates that the difference in mean WTP between the pilot and main survey sample is 

not significant. Moreover, Figure 9 shows the two confidence intervals for the attribute number of 

new wind turbines. 
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Figure 9: 95% confidence intervals for mean WTPs estimated from the pilot and main survey for 

number of new wind turbines using multinomial logit models 

Figure 9 shows an overlap between the two confidence intervals for number of new wind turbines. 

The CI for the pilot estimate is wider than the main CI for this attribute as well, with almost the 

whole main CI being within the pilot CI. This illustration shows a clear overlap between the 

estimates, indicating that there is no significant difference between the mean WTP of the pilot and 

main survey sample. 

5.4.1.1. Mean willingness to pay-estimates multinomial logit models with interaction effects 

Similarly, the mean willingness to pay is estimated using the coefficients for the sample dummy 

from the multinomial logit model with interaction effects. These are presented in Table 9. 

Table 9: Mean WTP values for multinomial logit model with interaction effects 

 Pilot  Main 

 WTP 

(s.e.) 

95% CI  WTP 

(s.e.) 

95% CI 

Sample and 

increased 

renewable energy 

production 

138.68** 

(23.91) 

[91.82 – 185.53]  113.13** 

(22.31) 

[69.41 –156.86] 

-3

-2,5

-2

-1,5

Pilot Main



56 

 

Sample and 

number of new 

wind turbines 

-1.84** 

(0.36) 

[(-2.54) – (-1.13)]  -0.04 

(0.31) 

[(-0.65) – 0.57] 

Note: ** p < 0.01 

Firstly, when controlled for sociodemographic variables, we see that the mean WTP for increased 

renewable energy decreased between the pilot and main survey. Moreover, the mean WTP for new 

wind turbines increased, indicating a higher acceptance for land-based wind power expansion 

among the main survey sample. However, the mean WTP found for this attribute for the main 

sample is not significant at the 1% level nor the 5% level.  

In chapter 5.3.1.1., the sample dummy coefficients presented in Table 6 indicated a significant 

difference between the pilot and main survey sample. To add to this conclusion, confidence 

intervals for the mean WTP estimates are compared to see if there is any overlap. 

 

Figure 10: 95% confidence intervals for mean WTPs for increase in renewable energy 

production using a multinomial logit model with interaction effects 

The confidence intervals of mean WTP for increase in renewable energy production are shown in 

Figure 10. The figure shows a clear overlap between the two estimates’ confidence intervals, which 

indicates that there is no significant difference between the mean WTP estimates. This contradicts 

the sample interaction term’s coefficient in Table 6, which indicated a difference between the two 

survey samples. Furthermore, Figure 11 shows the confidence intervals for mean WTP for number 

of new wind turbines. 

50

75

100

125

150

175

200

Pilot Main



57 

 

 

Figure 11: 95% confidence intervals for mean WTPs for number of new wind turbines using a 

multinomial logit model with interaction effects 

Figure 11 shows no overlap between the two confidence intervals for the mean WTP. This 

indicates that there is a significant difference between the two estimates even when 

sociodemographic variables are controlled for through interaction effects. This corresponds with 

the conclusion drawn from the coefficient of the sample interaction term in Table 6. 

5.4.2. Mean willingness to pay-estimates from the mixed logit models 

Moving on, the estimated mean WTPs using the mixed logit models are presented in Table 10. 

Table 10: Mean WTP estimates for the pilot and main survey sample using mixed logit 

coefficients 

 Pilot  Main 

 WTP 

(s.e.) 

95% CI  WTP 

(s.e.) 

95% CI 

Increase in 

renewable energy 

production 

78.99** 

(10.86) 

[57.70 – 100.27]  19.99* 

(9.61) 

[1.17 – 38.82] 

Number of new 

wind turbines 

-3.19** 

(0.39) 

[(-3.95) – (-2.42)]  -2.14** 

(0.13) 

[(-2.41) – (-1.88)] 

Note: ** p < 0.01, * p < 0.05. 
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Considering the attribute of increase in renewable energy production, the mean WTP is significant 

at the 1% level in the pilot sample and at the 5% level in the main sample. For the pilot, the WTP 

is approximately 79 per TWh. This differs from the WTP found in the main sample, which is 

instead estimated to be approximately 20 per TWh. The WTP for new wind turbines is negative, 

and thereby expresses the willingness to pay to avoid further installations. This was found to be 

approximately 3 per turbine for the pilot and approximately 2 for the main, both of which are 

significant at the 1% level. The lower WTP to avoid new wind power installations for the main 

pilot could indicate a higher acceptance of wind turbines for Norwegian households at the time 

when the main survey was sent out. Furthermore, we compare the confidence intervals of the mean 

WTPs to check for a significant difference between the pilot and main survey sample. These are 

presented visually in Figure 12 and Figure 13, where an overlap of the confidence intervals 

indicates no significant difference. 

 

Figure 12: 95% confidence intervals for mean WTPs estimated from the pilot and main survey 

for increase in renewable energy production using mixed logit models 

Firstly, Figure 12 displays the confidence intervals for the mean WTP of increase in renewable 

energy production. As the figure shows, there is a gap between the two intervals and thereby no 

overlap. The lack of overlap can also be seen in Table 10, where the mean WTP of the pilot has a 

confidence interval reaching from 57.70 to 100.27, while the mean WTP of the main has a 

confidence interval of 1.17 to 38.82. The difference in the mean WTP for this attribute could 

possibly be explained by the adjustments of the increased annual grid fee attribute that happened 

between the pilot and main survey, as previously discussed. The lack of overlap implies that the 

two WTP estimates are significantly different at the 5% level. Secondly, Figure 13 displays the 

confidence intervals for mean WTP for number of new wind turbines. 
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Figure 13: 95% confidence intervals for mean WTPs estimated from the pilot and main survey 

for number of new wind turbines using mixed logit models 

From the figure, we see that the gap between the two confidence intervals is smaller compared to 

in Figure 12. However, there is no overlap between the confidence intervals for this attribute either. 

As presented in Table 10, the CI for the mean WTP of the pilot reaches from -3.95 to -2.42, 

compared to the CI of the main sample being -2.41 to -1.88. This implies that there is a significant 

difference between the mean WTP estimates of the pilot and main survey sample.  

As Brouwer (2006) tested and confirmed, the WTP will change when an exogenous shock occurs, 

as proved by the WTP for good bathing water quality increasing after a period of extreme drought. 

Based on the findings of Brouwer (2006), the short-term effect of the war outbreak considered in 

this thesis would be a higher acceptance of wind power compared to before the outbreak, as a 

response to the energy uncertainty (Brouwer, 2006). However, the comparisons of the confidence 

intervals of the various logit models differ in whether they indicate a significant difference between 

the mean WTP of the pilot and main survey sample. For further investigation, chapter 5.5. will 

compare the survey samples using three additional approaches.  

5.5. Comparison of the survey samples 

5.5.1. Transfer errors of the mean WTP estimates 

To further compare the mean WTP estimates, the transfer errors (TE) are calculated. These express 

the percentage difference between the mean WTP estimates of the pilot and main survey sample. 

Moreover, the percentage difference tells us the error margin of using the estimates from the pilot 

for benefit transfer to new studies after the war outbreak (Dugstad & Navrud, 2022). The TEs are 

calculated using the formula in Equation (4.1) in chapter 4.1.3. 
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Table 11: Transfer errors of mean WTP estimates 

 Multinomial 

logit model 

Multinomial logit model 

with interaction effects 

Mixed logit 

model 

Increase in renewable 

energy production 

14% 23% 295% 

Number of new wind 

turbines 

19% 4617% 49% 

Firstly, Table 11 shows that the estimated mean WTPs of the multinomial logit model have transfer 

errors of 14% and 19% for the two attributes. Both of these transfer errors are low, meaning that 

the estimated WTPs for the pilot survey sample are acceptable to transfer to studies done after the 

war outbreak. For the multinomial logit with interaction effects, the TEs are higher. The TE for 

increased renewable energy is still somewhat acceptable at 23%, while the TE for number of new 

wind turbines is 4617%. The latter is extremely high and indicates that the estimated WTP from 

the pilot is not appropriate to transfer to new studies. Lastly, the mixed logit model has a high TE 

for increased renewable energy production of 295%, implying that this WTP estimate is not 

acceptable for transferring to studies after the war outbreak. Moreover, the number of new wind 

turbines mean WTP also has a high TE of 49%, making it less acceptable for benefit transferring 

(Dugstad & Navrud, 2022).  

5.5.2. Checking for significant difference in sociodemographic variables 

As part of assessing the comparability of the pilot and main survey sample, it is necessary to see 

whether there is a significant difference in the sociodemographic variables. To do so, I have 

specified a logistic model with the sample dummy as dependent variable. The independent 

variables are the sociodemographic variables household income, age, gender, education, and 

region. After the logit regression, I test the joint significance of the sociodemographic variables 

for the sample dummy.  
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Table 12: Checking for significant difference in sociodemographic variables between the pilot 

and main survey sample 

 Coefficient 

(s.e.) 

Household income -0.11482** 

(0.00630) 

Age -0.14368** 

(0.01115) 

Gender 0.05404* 

(0.02191) 

Education 0.00919 

(0.00728) 

Oslo and surrounding area 0.19010** 

(0.03017) 

Sør-/Vestlandet 0.11557** 

(0.28555) 

Trønderlag/Nord-Norge 0.08805** 

(0.03278) 

Testing joint significance 

chi2(5) 583.37 

Prob > chi2 0.00000 

Note: ** p < 0.01, * p < 0.05 
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From the logistic regression we see that the coefficients for household income and age are 

significant at the 1% level, and that the coefficient for gender is significant at the 5% level. 

Moreover, education is not found to be significant, while all the region coefficients are significant 

at the 1% level. With most of the sociodemographic variables having a significant coefficient, 

thereby a significant effect on the sample dummy, there is indications that there are differences in 

the sociodemographic variables between the two survey samples. To test this, a chi-square test is 

performed. The testing is done with the null hypothesis that the sociodemographic variables have 

no significance on the sample dummy. In other words, the null hypothesis states that there is no 

difference in sociodemographic variables between the pilot and main survey sample. The p-value 

is presented as the value Prob > chi2. As we see from the test results in Table 12, the p-value is 

0.0000. The null hypothesis of no significant difference is then rejected, and we conclude that there 

is evidence that the coefficients differ between the two survey samples. This will be accounted for 

in chapter 5.5.3 through propensity score matching. 

5.5.3. Propensity score matching 

To do propensity score matching of the two survey samples, we first need to estimate the 

individual-specific preferences. These are obtained from the mixed logit parameters. By dividing 

these by the increased annual grid fee coefficient, we obtain the individual-specific WTPs, which 

we use as the outcome variable for the propensity score matching. Moreover, the sample dummy 

is used as the treatment variable. The covariates used are the sociodemographic variables 

household income, age, gender, education, and region. As we want to compare for both attributes, 

we do the propensity score matching twice, using first the individual-specific WTPs for increase 

in renewable energy as the outcome, and then the individual-specific WTPs for number of new 

wind turbines. The results are presented in Table 13. 

Table 13: Propensity score matching of individual-specific WTPs for the attributes 

 Coefficient 

(s.e.) 

95% CI 

Increase in renewable 

energy production 

-60.28338** 

(1.14634) 

[(-62.53017) – (-58.03659)] 
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Number of new wind 

turbines 

0.94716** 

(0.02843) 

[0.89143 – 1.00289] 

Number of observations 76 464 

Note: ** p < 0.01  

The table shows the estimated average treatment effect (ATE) for the two attributes. As explained 

in chapter 4.2.2., ATE measures the difference in mean between treated and untreated units. Firstly, 

the ATE for increase in renewable energy production is approximately -60.28. This implies that 

the mean WTP for this attribute is 60.28 units lower in the main sample compared to the pilot 

sample. Moreover, we see that this treatment effect is significant at the 1% level, which indicates 

that there is a significant difference between the two survey samples. For the other attribute, new 

wind turbines, the estimated ATE is approximately 0.95. This tells us that respondents in the main 

sample had a mean WTP that is 0.95 units higher than the pilot sample. Additionally, this treatment 

effect is significant at 1% level, which implies that the difference in WTPs for new wind turbines 

is significant.  

After doing propensity score matching, I want to check whether matching balanced the covariates. 

If a covariate is perfectly balanced, the standardized difference will be equal to zero and the 

variance ratio will be equal to one. The covariate balance summary is shown in Table 14.  

Table 14: Covariate balance summary for the two attributes after propensity score matching. 

 Standardized 

differences 

 Variance ratio 

 Raw Matched  Raw Matched 

Household income -0.26860 -0.04130  1.18820 1.18385 

Age -0.18565 0.03894  1.08634 0.93077 

Gender 0.11929 -0.01508  1.02577 0.99850 
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Education -0.05254 0.05184  1.10821 1.08115 

Oslo and surrounding area -0.07211 0.00071  1.08325 1.00732 

Sør-/Vestlandet 0.01220 0.01511  1.01074 1.01350 

Trønderlag/Nord-Norge 0.00029 -0.02921  1.00036 0.95330 

 Raw  Matched 

Number of observations 76 464  152 928 

Treated observations 69 216  76 464 

Control observations 7 248  76 464 

As the covariate balance summary in Table 14 shows, propensity score matching improved the 

balance for household income, age, gender, and education. This is seen by the standardized 

differences being closer to zero after matching. Similarly, the variance ratios are closer to one for 

these four covariates. For the region covariates, we see that the matched standardized difference 

improved for Oslo and surrounding area after propensity score matching, but not for Sør-

/Vestlandet and Trønderlag/Nord-Norge. These are both further away from the ideal values after 

matching. However, we see that the matched standardized difference is still quite close to zero, 

and that the variance ratio is not far off from being equal to one.  

6. Discussion and conclusion 

6.1. Research questions and hypotheses 

The first research question asks if Norwegian households prefer more land-based wind power. 

Based on similar and previous studies included in the literature review, my hypothesis H1.1. was 

that Norwegian households do not prefer more land-based wind power. To investigate this, the 

mean WTP for the attribute new wind turbines was estimated in chapter 5.4. by using three 

different logit model specifications. These include a multinomial logit, multinomial logit with 

interaction effects, and a mixed logit. There is a total of six mean WTP values, with all three 
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different logit models being used to measure the mean WTP from the pilot and main survey 

sample.  All three model specifications led to negative WTPs for new wind turbines, indicating 

that Norwegian households are resistant to land-based wind power expansion and willing to pay 

to avoid installations.  

The finding that Norwegian households are negative towards more land-based wind power 

corresponds with the findings in previous, similar studies, as covered in the literature review. 

Firstly, Dugstad et al. (2020) found that Norwegians have a low acceptance of land-based wind 

power, indicating that the mean WTP should be either low or negative. In a more recent study, 

Dugstad et al. (2023) once again found a general resistance towards wind power expansion. This 

is further supported by the findings of Linnerud et al. (2022), who found that Norwegians are more 

positive to offshore wind power installations than land-based installations. Finally, the study by 

Meyerhoff et al. (2010) from Germany also revealed resistance to both modernizing and new 

installations of land-based wind power turbines. The correspondence with findings in previous 

literature strengthens the results in this thesis of Norwegian households not preferring more land-

based wind power, meaning that we cannot reject H1.1.  

Moreover, the second research question asks if Norwegian households prefer an increased 

renewable energy production, without land-based wind power. Similar to my first research 

question, the hypothesis H2.1. that Norwegian households prefer an increased renewable energy 

production was also set based on findings in earlier studies. An answer to the research question 

was found by the estimations of mean WTP, as presented in chapter 5.4. For both the pilot and 

main survey sample, the estimated mean WTPs are positive when measured using all the three 

logit models. My findings indicate that Norwegian households do prefer the renewable energy 

production, without land-based wind power, to increase. 

The previous studies in the literature review have findings that align with mine regarding 

preferences towards renewable energy production. In a study by Dugstad et al. (2020), they found 

that Norwegians have a positive willingness to pay for increased production of renewable energy 

in general, similar as to my findings. Moreover, Linnerud et al. (2022) found that Norwegians are 

concerned about how wind energy resources are managed due to, among other factors, benefits 

from knowing that environmental concerns are acknowledged. This environmental interest aligns 
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with my finding that Norwegians do prefer an increased production of renewable energy 

production. Resultingly, we fail to reject H.2.1. 

The third research question asks for the mean willingness to pay for increase in renewable energy 

production without land-based wind power and new wind turbines of Norwegian households, prior 

to the war outbreak. The answer to this research question is found by the mean WTP estimates 

from the pilot survey samples estimated throughout chapter 5.4., which are summarized in Table 

15. 

Table 15: Summary of mean WTP estimates from the pilot survey using the different logit models 

 Multinomial 

logit model 

Multinomial logit model 

with interaction effects 

Mixed logit 

model 

Increase in renewable 

energy production 

54.83** 138.68** 78.99** 

Number of new wind 

turbines 

-2.19** -1.84** -3.19** 

Note: ** p < 0.01 

Firstly, all the estimated WTPs are significant at the 1% level. As shown in Table 15, there are 

somewhat big differences between the estimated WTPs for the first attribute, with the lowest 

estimate being 54.83 and the highest being 138.68. Overall, all three estimates show a high 

willingness to pay for increased renewable energy production.  

When investigating the estimations for new wind turbines, all the WTPs are significant at the 1% 

level. The differences between the three estimations are smaller compared to the other attribute, 

with the lowest and highest WTPs being -3.19 and -1.84. In this sense, the three models are more 

consistent in their estimates for this attribute, with all three showing a slightly negative WTP for 

new wind turbines.  

Additionally, research question four asks the mean willingness to pay for increase in renewable 

energy production without land-based wind power and new wind turbines of Norwegian 
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households, but after the war outbreak. These are presented by the mean WTP estimates from the 

main survey samples measured in chapter 5.4, which are summarized in Table 16. 

Table 16: Summary of mean WTP estimates from the main survey using the different logit models 

 Multinomial 

logit model 

Multinomial logit model 

with interaction effects 

Mixed logit 

model 

Increase in renewable 

energy production 

48.12** 113.13** 19.99* 

Number of new wind 

turbines 

-1.84** -0.04 -2.14** 

Note: ** p < 0.01, * p < 0.05 

For the attribute of increased renewable energy production, the estimations from the different 

models have somewhat big differences between them, as also seen for the estimations before the 

war outbreak as presented in Table 15. The mean WTPs for this attribute are all significant at the 

5% level, with the estimates from the two multinomial logit models being significant even at the 

1% level. All the estimates express a strong, positive WTP of Norwegian households for increased 

renewable energy production after the war outbreak. For number of new wind turbines, all the 

models estimated a slightly negative WTP. However, the estimation from the multinomial logit 

model with interaction effects, which is the lowest of the three estimates, was not found to be 

significant, while both the other estimates are significant at the 1% level. The overall conclusion 

to be drawn is that Norwegian households have a negative WTP for new wind turbines after the 

war outbreak, and that they are instead willing to pay to avoid installation of new wind turbines. 

The fifth and final research question asks if there is a difference in the willingness to pay for 

increased renewable energy production without land-based wind power and new wind turbines, 

prior to and after the war outbreak. For this research question, my hypothesis H5.1. was that there 

is no difference. As revealed when answering the previous research questions, the estimated mean 

WTPs differed between the pilot and main survey samples. Comparison of the WTP estimates 

before and after the war outbreak implies that Norwegian households are less positive to increasing 
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the renewable energy production and more accepting to land-based wind power expansion after 

the war outbreak.  

However, to ensure that there is a significant difference between the two survey samples, several 

approaches were employed. Firstly, a multinomial logit model was specified with interaction 

effects to control for differences in sociodemographic variables in chapter 5.4.1.1. The aim was to 

assess the significance of the interaction term coefficients between the sample dummy and the 

attributes. Both interaction terms were found to be significant, which indicates a significant 

difference between the two survey samples even when controlled for sociodemographic 

differences.  

Moreover, a logit model with the sample dummy as dependent variable and sociodemographic 

variables as independent variables was specified in chapter 5.5.2. The regression output showed 

that several of the coefficients were significant for the sample dummy, indicating that there is a 

difference between the pilot and mean survey sample. Furthermore, a chi-square test was 

performed with the null hypothesis of no differences between the two survey samples. The 

resulting p-value of zero led to the rejection of the null hypothesis, which strengthens the indication 

that there are differences between the survey samples. 

To further investigate potential significant differences in sociodemographic variables between the 

two survey samples, propensity score matching was performed. The average treatment effect was 

found to be -60.28338 for increase in renewable energy production and 0.94716 for new wind 

turbines, both of which were significant at the 1% level. This provided further proof that there was 

a significant difference between the pilot and main survey sample.  

Furthermore, transfer errors were calculated to investigate the error margin that would occur if the 

estimates from the pilot survey were transferred to studies conducted after the war outbreak. These 

are presented and discussed in chapter 5.5.1. The multinomial logit model estimates were found to 

have estimated the most acceptable WTPs for benefit transfer, while the other two models had 

significantly larger errors.  
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The tests were performed to check for a statistically significant difference between the pilot and 

main survey using various methods. With all the tests and approaches indicating a significant 

difference, I reject H4.1. of there being no difference between the pilot and main survey.  

6.2. Implications of the findings 

The motivation for comparing the pilot and main survey sample was to investigate whether the 

willingness to pay differed before and after the war outbreak. This would provide further insights 

to the discussion of whether estimates found through nonmarket valuation are stable when 

exogenous shocks occur. As concluded in chapter 6.1, my findings provide evidence that there is 

a significant difference between the pilot and main survey sample, thereby a significant difference 

before and after the war outbreak. 

This result has implications for cost-benefit analyses. In such analyses, the researcher incorporates 

all costs and benefits of a policy in monetary terms to assess whether the benefits outweigh the 

costs. This often include nonmarket values, such as the ones estimated in this thesis through the 

stated preference method. As discussed, nonmarket value estimation is a time-consuming and often 

costly procedure, which has led to the practice of benefit transfer being an acceptable alternative. 

This allows researchers to transfer already found nonmarket value estimates from a previous study 

to their own. However, this requires some understanding of how stable and sensitive the 

estimations to be transferred are (Plummer, 2009).  

As the studies in the literature review indicates, such estimations are found to be stable over time 

and when exogenous shocks occur, which is in favor of benefit transfer. On the contrary, my 

conclusion of a significant difference instead proposes that the WTP values are not stable. Consider 

a researcher conducting a cost-benefit analysis of the installation of new wind turbines in a specific 

region in Norway by using the WTP estimates found for the pilot survey sample. The WTP to 

avoid new wind turbines would be expressed as a cost, which would be set lower than what was 

measured after the war outbreak. Similarly, the benefit that Norwegian households receive from 

increased renewable energy would be set too high. This could lead to the conclusions of the cost-

benefit analysis not being valid or representative for the Norwegian population, as the WTP values 

have changed (Plummer, 2009).  
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Furthermore, nonmarket values are often used by policy makers considering the implementation 

of new policies. In a similar sense as for researchers conducting cost-benefit analyses, using WTP 

values that are no longer valid will have consequences for policy makers. Consider a Norwegian 

policy maker deciding whether to install wind turbines on-shore or off-shore. If for instance land-

based wind power expansion had been considered using the estimations found from the pilot 

survey sample, or by considering findings from cost-benefit analyses using the pilot survey sample, 

these would have differed significantly from the newer estimations from the main survey.  

In addition to the implications my findings have for nonmarket valuation and cost-benefit analyses, 

they provide implications for expansion of wind power in the future. The finding of a WTP to 

avoid new wind turbines imply that Norwegian households are negative towards installing more 

land-based wind power. However, the positive and somewhat strong WTP for increased renewable 

energy production implies that Norwegians have an interest in renewable energy in general. An 

approach that could account for both these effects could be expansion through offshore wind power 

rather than land-based wind power. This could complement the estimated WTPs for increased 

renewable energy and new land-based wind turbines, and might avoid the conflict that could follow 

the expansion of land-based wind power as it impacts, among other aspects, aesthetic experience 

and wildlife (Jakobsen et al., 2019). 

6.3. Content and construct validity 

As explained in chapter 4.1.2.1., it is important to assess the validity of a study as it reflects how 

valid the estimated values are (Bishop & Boyle, 2017). Included in this assessment is the 

consideration of the content validity. This concerns the design of the discrete choice experiment 

survey. Generally, piloting a survey is beneficial to increase the content validity, as this can reveal 

potential errors (Johnston et al., 2017). When the survey used in this thesis was piloted, it revealed 

that the levels of the increased annual grid fee attribute were set too low. This led to the respondents 

of the pilot survey being presented with alternatives involving lower increases in their annual grid 

fee than in the main survey. Moreover, the adjustments in the increased annual grid fee attribute 

might have been part of the reason as to why the estimated mean WTP in the main survey sample 

is lower than for the pilot. This difference is thereby not necessarily caused by the war outbreak, 

but instead the alterations to the attribute.  
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Additionally, the construct validity refers to how the WTP estimates relate to previous literature. 

Among the hypotheses of this study was hypothesis H1.1. stating that Norwegian households do 

not prefer more land-based wind power. This hypothesis was set based on previous literature, 

where the researchers found a low acceptance of land-based wind power expansion. These studies 

include Dugstad et al. (2020), Dugstad et al. (2023), Linnerud et al. (2022), and Meyerhoff et al. 

(2010). Moreover, H2.1. stated that Norwegian households do prefer an increased renewable 

energy production, which is based on the results of Dugstad et al. (2020) and Linnerud et al. (2022). 

My results correspond well with what previous studies have concluded on, as I found a negative 

WTP for new wind turbines and a positive WTP for increased renewable energy production. This 

strengthens the construct validity of the study. However, my results show that there is a significant 

difference between the mean WTP before and after the outbreak. The hypothesis was that there 

was no significant difference, as previous literature had found WTP estimates to be stable and 

robust. These studies include Hynes et al. (2021), Lew and Wallmo (2017), and Brouwer et al. 

(2017). The lack of correspondence between my findings and the findings in the previous studies 

weakens the construct validity of my thesis. 

6.4. Limitations 

Before the concluding remarks, there are some limitations to this study that should be 

acknowledged. Firstly, the number of respondents of the pilot and main sample differ greatly. As 

explained in chapter 4.1.2.2., the pilot had 460 respondents, while the main survey had 3 412. 

Piloting usually involves less respondents as it is a testing procedure before the main survey 

(Champ, 2017). However, considering that the main survey sample consists of significantly more 

respondents than the pilot, the estimated WTPs for the main survey sample might be more 

representative for the Norwegian population compared to the WTPs of the pilot survey sample. 

Moreover, the mixed logit models were adjusted with regards to long computer-run times. This 

led to the simulations being set to 100 Halton draws. However, earlier studies have found Halton 

draws to be preferable to random draws. As described in chapter 5.3.2., even 100 Halton draws 

were found to have a lower simulation error 1 000 random draws (Train, 2000). Despite this, I 

acknowledge that specifying the model to have a higher number of draws could have improved 

the results and given an even lower estimation error.  
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Additionally, the logit models were estimated with the attributes as linear. If the logit models 

included level-specific attributes instead, the results would open up for a more dynamic 

comparison as the models would estimate the samples’ WTP for the respective levels of the 

attributes (Dugstad et al., 2021). However, because of the long computer-run times of the mixed 

logit, using level-specific attributes made the mixed logit models too difficult to run. Therefore, 

the multinomial logit models, both with and without interaction effects, and the mixed logit 

models, were specified with the attributes as linear. 

6.5. Concluding remarks 

The findings suggest that there are significant differences between the estimated preferences and 

WTPs of the pilot and main survey sample. However, some of the differences can possibly be 

explained by the increased annual grid fee attribute adjustments between the pilot and main survey, 

which could have made respondents more hesitant to choose alternatives involving expansion of 

either renewable energy without land-based wind power or number of new wind turbines. The 

finding of a bigger acceptance of new wind turbines in the main survey therefore strengthens the 

conclusion that Norwegian households were indeed more positive towards land-based wind power 

expansion after the war outbreak.  

Although my findings corresponded with previous literature in terms of Norwegian households 

preferring more renewable energy production but not expansion of land-based wind power, my 

results deviate from similar studies regarding stability in estimated preferences. Hynes et al. (2021) 

estimated WTP and preferences before and after the pandemic and concluded with the estimations 

to be stable despite of the external shock of the pandemic. Similarly, Lew & Wallmo (2017) found 

no statistical difference of estimated WTP for endangered species protection when doing a test-

retest with a 17-month difference.  

However, Brouwer et al. (2017) surveyed the same sample three times using identical discrete 

choice experiment surveys and found significant differences in the preferences. This, however, 

corresponds with my findings. Similarly, Brouwer (2006) hypothesized and confirmed that the 

WTP for good bathing water quality would increase after a period of drought occurred, but that 

the underlying preferences would remain stable. This could potentially be the case for my findings 
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as well, where the differences in WTPs prior to and after the war outbreak are shock responses 

rather than changes in Norwegian households’ preferences. 

Whether the found differences can be explained by the exogenous shock of the war outbreak and 

the effects it had on the energy market, is difficult to pinpoint. However, the differences indicate 

that the estimated WTPs are sensitive to shocks. Concluding that the found difference are proof of 

estimated WTPs not being stable over time would therefore be difficult. For future research, re-

testing the main survey now that more time has passed from the war outbreak and comparing the 

responses to both the pilot and main survey sample, would be valuable to make better conclusions 

regarding the stability. Carrying out the survey once more could verify whether the differences are 

indications of changes in willingness to pay or simply shock reactions caused by the war outbreak. 
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Appendix Ⅰ: Main survey 

  

UTVALG, randomisering av eksperimentelt utvalg:  
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dimVBYD, randomisering av blokk:  
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dimValgkort*, randomisering av rekkefølge av valgkort:  
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UTVALG3, randomisering av rekkefølge på skala VCZ, VBYC og VDW  

  

  

VBYD, randomisering av om skala VDW, VBYC og VCZ kommer etter VBD eller etter VCY:  
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