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Abstract 

I implement a DCE to collect data with which I explore the variation across households 

in preferences for seven attributes of solar photovoltaic (PV) systems: upfront cost; 

savings on purchase of electricity; capitalisation into house price; fit with house; 

confidence in system performance; impact on household habits; and lock-in with one 

electricity retailer. The web-based survey software, called 1000Minds, works on an 

algorithm designed to specifically to elicit preferences at an individual level; the 

preference data consist of estimates of the relative strength of preference each 

participant places on each level of each attribute. The participants consist of 132 

Dunedin owner-occupiers (50% response rate) who vary considerably in their 

preferences and their household characteristics. Cluster analysis reveals three distinct 

and informative clusters or market segments, each dominated by one or two major 

attributes of PV systems: a group especially keen to avoid a large upfront expenditure, 

a group keen to avoid a long-term commitment to a single electricity retailer, and a 

group relatively concerned about practical aspects of the performance of the PV 

system. This information about ‘market segments’ has implications for the design of 

public policy and commercial practice intended to increase the uptake of rooftop PV 

systems.  

Of interest is how well preferences, as revealed in the choice survey, correlate with 

easier-to-observe house and householder characteristics. Multinomial logistic 

regression results indicate correlation sufficient to predict the allocation of participant 

households to clusters fairly accurately. However, the relationships between cluster 

membership and demographics are somewhat complex in that they involve a relatively 

large number of house and householder characteristics that interact to a significant 

extent.  
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1. Introduction 

Electricity is a major household cost; whether used for heating, cooling, or other 

everyday appliances, electricity is vital to our current lifestyle. With New Zealand 

residential electricity costs increasing by 45%1 since 2003, solar photovoltaic (PV) 

offers the opportunity to reduce monthly expenditure on electricity by converting 

sunshine into electricity, thereby reducing this major household expenditure. Once 

installed, PV systems are usually hassle-free with low maintenance and operating 

costs. 

In my survey of 132 Dunedin households, 73% indicated willingness to consider 

installing solar PV when good examples become available. The current proliferation of 

solar PV is, however, quite low. There are currently barriers that are preventing higher 

uptake of PV. A report from the Ministry of Development (2009) lists several barriers 

such as upfront costs, lack of public awareness, lack of certainty around financial 

return, and the regulatory process. 

Better insight into consumer preferences might improve PV uptake by helping to 

improve both public policy and commercial practice. PV systems are multiple-attribute 

goods, i.e. PV systems vary in a number of attributes that matter to consumers. With 

multiple-attribute goods, consumer preferences can be measured in terms of their 

preferences for each attribute, rather than for the system as a whole. Knowledge of 

consumer preferences for solar PV system attributes could have many benefits. Firstly, 

knowledge allows the identification of important issues and barriers that consumers 

are facing, i.e. what affects their purchasing decision. Secondly, an understanding of 

the important issues faced by different types of consumers allows a more focused 

targeting of public and commercial policy. 

Discrete choice surveys, also known as conjoint analysis, can be used to elicit 

consumer preferences for the attributes of multi-attribute goods. These techniques 

involve surveying consumers in regards to their relative importance of differing 

attributes of a product, i.e. the solar PV system. Choice surveys usually require 

participants to rank alternative systems that vary in their attributes. My survey uses 

                                                      
1
 Measured in real terms. Data retrieved from MBIE (2015b).  
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relatively new web-based software known as 1000Minds that is especially suited for 

exploring the variation across participants in preferences for attributes.  

1000Minds is based on PAPRIKA or Potentially All Pairwise RanKings of all possible 

Alternatives (Hansen & Ombler, 2008). The availability of this relatively new method 

makes the process of surveying the preferences easier through the ability to discover 

the relative importance placed on each attribute for each participant. The burden on 

each participant is also reduced through the elimination of potential questions using 

transitivity. The resulting collection of preferences allows the exploration of variation 

in preferences across participants. 

The purpose of my thesis is to investigate the variation across households in 

preferences for key attributes of PV systems. Using this variation, I also investigate the 

extent to which easy-to-observe demographic characteristics correlate with 

preferences for solar PV systems. This knowledge may allow for improved targeting of 

public policy and commercial decisions that try to remove barriers to solar PV uptake.  

Householder preferences for differing attributes of solar PV systems were found 

through a DCE I carried out in 2012 in Dunedin, New Zealand. These data show the 

relative strength of preference for each attribute for each individual respondent and 

for all respondents on average. To discover the differing types of consumers, I 

clustered households by their preferences for the attributes of solar PV systems. With 

those clusters, I then used multinomial logistic regression to examine the extent to 

which membership of a preference cluster correlates with easy-to-observe house and 

householder characteristics. 

I survey 132 households from three suburbs in Dunedin, New Zealand. The general 

perception of Dunedin is generally not of a sunny and warm paradise, but rather of an 

often cold, grey and damp place. This perception is undoubtedly reinforced by the 

poorly insulated and often lightly heated housing stock. Dunedin is in reality a 

relatively sunny place. It is only roughly as far from the equator (45.52 degrees south 

latitude) as places regarded as warm and sunny, such Venice or Milan in Italy and Lyon, 

France. While some of those cities do experience more sunshine, Dunedin is sunnier 

than countries such as Germany where solar power is popular. 
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On average, Dunedin receives 1600 sunshine hours per year, and gets 1337 kWh/m2 

insolation2. Even though Dunedin is one of the furthest south of the main cities, it 

receives only 11% less sunshine than New Zealand’s largest city, Auckland, which is 

located in the north. Since solar PV panels are more efficient in colder temperatures, 

PV panels are only 9% less productive in Dunedin compared with Auckland (Aurora 

Energy, n.d.). 

As New Zealand is a rather isolated country, surrounded by the ocean, the weather is 

quite variable day-to-day and even hour-to-hour. This reduces the likelihood of days 

on end with little sun. Due to this variable weather, most days receive some sunshine. 

This changeability in the weather patterns might allow a greater reliance on solar 

power than countries with more consistent weather patterns. 

The solar PV market in New Zealand is starting to grow more rapidly with installed 

capacity3 estimated to have doubled from 2013 to 2014 (Ministry of Business 

Innovation & Employment (MBIE), 2015a). In 2014, New Zealand produced an 

estimated 16GWh of solar PV electricity, with roughly 18.8MW of installed capacity 

(MBIE, 2015a). 

A major difference in New Zealand compared to other markets for PV is the lack of a 

subsidy given with the electricity tariff. Most likely this is because of New Zealand’s 

already high use of renewable energy, domestically produced. New Zealand currently 

uses around 80% for renewable energy with the majority of this coming from the many 

hydroelectric schemes around the country. There are also significant wind and 

geothermal generation. 

This thesis is organised into the following five chapters. Chapter 2 provides background 

information regarding solar PV in New Zealand, and the relevant literature. Chapter 3 

describes my data collection process and summarises the data. Chapter 4 describes the 

cluster analysis used to investigate the variation in households with similar preferences 

and discusses any policy implications. Chapter 5 tests the heterogeneity of the clusters 

to examine how a householder’s demographics might determine their cluster 

allocation. Chapter 6 concludes. 

                                                      
2
 The amount of solar radiation that reaches the surface of the earth. 

3
 The total capacity from all PV installed. 
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2. Background and literature review 

2.1 Background 

Global interest in PV has been rising steadily over the past few decades.  

 Prices for installation of PV have been falling. Prices fell by 80% from 2008 to 

2014 (Meza, 2014). As the price of PV panels continually decreases over time, 

PV is becoming an increasingly affordable choice for consumers and industry.  

 The real price to residential customers of the main alternative to PV, electricity 

from the grid, has been increasing, on average by 3.75% per year over the past 

decade in New Zealand. 

 The efficiency of PV panels is increasing. The National Renewable Energy 

Laboratory (NREL)4 in the USA show the increasing efficiencies for each type of 

PV technology since 1976. Most solar PV panels currently available are around 

15-20% efficient, that is, they convert 15-20% of the sun’s energy into usable 

electricity. Improvement in efficiency, combined with lower installation costs 

and higher prices for grid electricity provide larger returns on investment. 

There have been many claims of efficiencies of double this that usually use 

concentration or multi-layered cells that capture a wider range of frequencies, 

but these are mainly still in development. 

 PV appeals to environmental concerns. Using PV can reduce a household’s 

carbon footprint by reducing the use of fossil carbon to generate electricity. 

 Some households have interest in PV as they prefer independence from the 

grid (King, Stephenson, & Ford, 2014).  

                                                      
4
 http://www.nrel.gov/ncpv/images/efficiency_chart.jpg 
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Figure 2.1: Average national real5 electricity prices and percentage price increase 2003 
to 2015 

Source: Data retrieved from MBIE (2015b) 

PV is becoming increasingly popular in New Zealand in the consumer and commercial 

areas. The residential market is heating up with advertisements shown on mainstream 

New Zealand TV. There is also an increase in the visibility of PV panels on houses as 

they become more common in neighbourhoods. In the commercial areas, some 

notable examples of relatively large-scale PV in New Zealand include Auckland Airport 

and the Genesis Energy Schoolgen programme.6 In 2008 Auckland Airport installed 51 

kWp7 of PV with an expected output of 62 MWh per year (Ministry of Economic 

Development (MED), 2009). Since 2006 Genesis Energy has been running a programme 

in which they install 2 kW PV systems at schools at no cost to the school; so far, about 

80 schools around the country are involved.  

Figure 2.2shows that the amount of installed capacity throughout New Zealand has 

grown immensely (in proportionate terms) by tripling between 2012 and 2014. 

                                                      
5
 Costs adjusted to Q1 2015 New Zealand, based on the Statistics New Zealand, Consumer Price Index. 

6
 The Schoolgen programme can be found at: http://www.schoolgen.co.nz/. 

7
 The kWp, or ‘kilowatt peak’, of a solar panel is the maximum (peak) amount of energy it generates 

under perfect laboratory conditions (according to the manufacturer). The panel’s actual performance 
depends on how much light the panel receives which depends on its geographical location and how it 
is installed (e.g. angle toward the sun, etc.).  
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Figure 2.2: Installed capacity of PV in New Zealand8 

Source: Ford et al. (2014)  

The PV market has grown globally over the last decade due in part to financial 

incentives provided by the governments of many nations around the world as they try 

to meet renewable energy goals. For example, Germany has a renewable electricity 

goal of 40-45% by 2025 and 80% by 20509 and offers subsidised feed-in tariffs to 

incentivise uptake of local electricity generation, such as solar PV. Feed-in tariffs are 

per kilowatt-hour (kWh) prices paid to producers of solar electricity who export 

electricity, i.e. feed the electricity generated into the local distribution network. 

Countries such as the United Kingdom and Germany have been offering feed-in tariffs 

not just above the wholesale rate, but also above the local retail rate charged to 

consumers of electricity in order to increase investment in small-scale generation. This 

subsidy is mainly funded by taxing electricity consumption, thereby increasing the 

retail kWh price for everyone else. 

The worldwide supply of PV panels has grown in the last few years, especially with the 

entry to the market of Chinese suppliers of PV panels. The global financial crisis and a 

reduction in feed-in tariffs in some high-demand counties (e.g. Germany) have resulted 

in an oversupply in production. This increase in supply relative to demand has led to 

                                                      
8
 These figures represent only 80% of the New Zealand’s population, and do not include off-grid 

installations. 
9
 German Renewable Energy Act 2014. 
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prices plummeting, increasing the affordability and cost-effectiveness of solar PV 

systems. 

Note that although there has been a slowdown in growth for global demand, there are 

still regions that are experiencing strong growth. For example, in Latin America and the 

Caribbean, PV demand is forecast to grow at a compounded annual growth rate of 

45% until 2017 (NPD Solarbuzz, 2013). 

Increasing PV uptake in New Zealand is already a focus of several Government policies, 

strategies, and goals related to energy and renewable energy goals. The Energy 

Efficiency and Conservation Authority (EECA) is a Crown Entity set up to carry out the 

energy objectives set out in the Energy Efficiency and Conservation Act 2000. These 

objectives aim to promote energy efficiency, energy conservation, and the use of 

renewable energy in New Zealand. 

There have been several major energy strategies set out by the Government in recent 

years: New Zealand Energy Strategy to 2050; New Zealand Energy Strategy 2011-2021; 

New Zealand Energy Efficiency and Conservation Strategy 2011-2016; National Policy 

Statement for Renewable Energy Generation 2011. The main relevant objectives from 

these strategies are as the following: a renewable energy target; assessing the role of 

distributed generation and its barriers; and aligning Government policies with those of 

local authorities. 

The New Zealand Government has set a target of generating 90% of the country’s 

electricity from renewable energy sources by 2025. Currently, the country is 

generating around 70-80% of its electricity from renewable sources. One method of 

achieving this target is through increasing distributed generation throughout the 

country. These policies aim to address the future role of distributed generation and 

assess any barriers facing its uptake. These strategies also require local authorities to 

adopt similar policies to create a positive and proactive response to renewable energy 

activities. 

2.2 How PV fits in the New Zealand electricity sector 

The New Zealand electricity sector involves many medium- to large-scale generation 

facilities throughout the country with mainly hydropower generation, but also 
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generation using wind, geothermal, gas, and coal. The proportions of each fuel used 

are shown below in Figure 2.3. In previous decades, New Zealand had a higher ratio of 

renewable energy, but as demand has grown over the years, more non-renewable 

sources have been required. That said, the proportion of renewable electricity 

generation has been increasing in recent years as more geothermal plants have come 

online. New Zealand currently produces around 70-80% of its electricity from 

renewable sources. 

Figure 2.3: Electricity generation by fuel type in 2014 

Source: Data retrieved from MBIE (2015a).  

Grid electricity (electricity delivered through the national electricity grid) is generated 

at various locations throughout New Zealand, with the electricity travelling from its 

points of generation through the national transmission electricity network owned by 

state-owned enterprise, Transpower. A simplified version of the generation and 

transmission system is shown below in Figure 2.4. This map shows the major 

generation centres, the major consumption centres and the transmission network. The 

two major islands are connected through a high-voltage direct current (HVDC) that 

allows electricity to travel in-between the islands to where it is needed. 
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Figure 2.4: Simplified transmission grid 

 

Source: Retrieved 1 October, 2015 from 

https://en.wikipedia.org/wiki/Electricity_sector_in_New_Zealand. This simplified map is designed to 

emulate a generation and load map found at www.gridnewzealand.co.nz. 

The electricity industry can be divided functionally: generation, transmission, 

distribution, retail. The transmission and distribution functions are separate entities, 

whereas there is some vertical integration between generation and retail. The 

generated electricity first travels from the generation centres through the national 

transmission grid, then to the consumption centres such as large industrial users or 

local distribution grids. The local distribution grids feed electricity to the residential 

and commercial users inside the load centres such as towns and cities. 

https://en.wikipedia.org/wiki/Electricity_sector_in_New_Zealand
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PV systems can be classified as a form of distributed generation (as opposed to the 

larger centralised generation that feeds into the transmission grid). Distributed 

generation covers many small-scale generation technologies such as micro-hydro and 

small wind turbines. The advantage of using distributed generation is that the 

generation is decentralised and usually located near to the point of consumption 

thereby reducing the need to transport electricity on the national grid, which suffers 

efficiency losses the further electricity travels. 

Households that use PV systems can either be grid-connected, where they still connect 

to the local distribution network, or independent from the grid (off-grid). Some 

households, especially isolated ones, go off-grid, where they have no connection with 

the electricity network. This independence is often achieved by storing electricity 

generated using PV panels and other small-scale renewable generators (e.g. a small 

wind turbine or small hydro generator) in batteries, and using a diesel or petrol 

generator as backup generation.  

In less isolated areas, a grid-connected system is usually preferred because it has 

several advantages. First, the grid serves as a backup for grid-connected PV systems; 

when the PV system fails to meet household electricity needs, the grid provides for any 

extra electricity required. Second, grid-connected households have the ability to sell or 

export excess electricity they produce to be used by other households. Third, grid-

connected systems can be smaller and therefore require less investment than typical 

grid-independent PV systems. Grid-independent households also have to invest in 

appliances that are more energy efficient to reduce their electrical load. 

Pepermans, Driesen, Haeseldonckx, Belmans, and D’haeseleer (2005) discuss some of 

the issues and benefits of distributed generation more generally. Distributed 

generation, especially solar PV, is well suited to providing electricity during peak 

electricity demand – the peak usually results from high commercial and industrial use, 

which occurs during the day when the sun is at its peak– thereby reducing the need for 

investment in as much capacity in the national electricity distribution system. This 

benefit might be somewhat limited in New Zealand, however, as New Zealand’s largest 

peaks in demand occur in the early mornings and evenings as households get ready for 

and return from work (MED, 2009).  
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Uptake of solar PV systems raises issues for the current system of charges for accessing 

the transmission and distribution networks. The electricity transmission and 

distribution network is designed to handle peak electricity demand, even if it occurs 

infrequently. Therefore, the average amount of electricity used throughout the day is 

significantly below the capacity of the network. Residential users pay for access to the 

transmission and distribution system usually with a combination of a fixed daily fee 

and a per kilowatt hour charge. Households with a PV system, whether grid-connected 

or not, use less grid electricity, and therefore pay less towards the network costs by 

saving on the per kilowatt hour charge. With New Zealand’s electricity peaks in the 

early morning and in the evenings, grid-connected households might still draw fully 

from the grid during peak usage: average demand for electricity from the grid falls, but 

peak demand, which determines the size of the distribution system, remains 

unchanged. As PV uptake increases, this might require a change in the pricing 

structure; recently Flick Electric10 has started offering time-of-use pricing to residential 

consumers through incorporating ‘spot’ wholesale electricity prices11 into their pricing 

scheme. 

Given the great solar potential in Australia, there has been an influx of households 

striving to install rooftop solar PV systems in order to reduce their electricity bill. With 

over 70% of Australia’s electricity generated from coal, and a large electricity 

transmission and distribution network, solar PV uptake is beginning to disrupt the 

incumbent electricity industry (Parkinson, 2014). Few Australian coal electricity 

generators made profits in 2014 with some blaming rooftop solar PV. The output from 

solar PV has occasionally caused a surplus of electricity at zero wholesale prices. The 

high demand for new PV installations has resulted in some local grid operators refusing 

to allow more PV connections (Parkinson, 2013).  

Even if a house is grid-connected, householders might choose to install a battery 

system that allows storage of unused electricity generated by their PV system. Storing 

electricity allows the household to use the electricity generated locally at a later time, 

such as during the evening peak usage. The benefit comes in the form of saving the 

purchase of electricity from the grid at retail prices. This can be profitable if the 

                                                      
10

 https://www.flickelectric.co.nz/. 
11

 Spot prices vary throughout the day based on supply and demand for electricity 
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household receives a feed-in tariff for electricity exported to the grid that is lower than 

the retail price per kilowatt hour. Battery systems are, however, expensive. 

Of interest is that storage of electricity might one day be more available with 

integrated electrical vehicles. If these electric vehicles become popular, their large 

batteries might increase the value of small-scale generation such as PV systems. For 

example, the electric vehicles could charge during peak solar production and then 

make electricity available during high electricity demand, which could reduce the 

pressures on the electricity network. 

A high concentration of distributed generation poses some potential technical 

drawbacks with respect to how the current distribution system works. The local 

distribution grid has voltage limitations in place to reduce that help to reduce the 

occurrence of an overvoltage event. The local distribution networks are usually only 

designed for electricity to travel one way, i.e. electricity coming from the national grid, 

going through the distribution grid to the electricity user. With distributed generation, 

unless there is an electricity user downstream, an increase in the voltage is required to 

reverse the flow. Thus, the restrictions limit how much local generation the network 

can absorb. Watson et al. (2015) examine the impact of PV penetration on the 

distribution network for New Zealand. They show that there might be some minor 

overvoltage problems in the future as PV penetration increases, especially in urban 

areas.  

The use of PV can help offset the need for future investment in the transportation of 

electricity. In Queensland Australia, a case study by Bruce, Heslop, Macgill, & Watt 

(2013) looks at the impacts of high solar PV penetration on a small grid. Magnetic 

Island has a population of approximately 2500 residents and a seasonal influx of 

tourists. There is over 1.1MW of solar PV installed in the area, most of which are small-

scale rooftop systems. The solar PV penetration12 averaged around 22% with 

penetration rising to around 35% at times. Peak electricity demand from the grid has 

been reduced by around 16%, bringing grid electricity demand back down to the level 

consumed in 2005. The solar power generated has enabled the postponement of the 

need to install a costly third power cable from the mainland by at least a decade. 

                                                      
12

 Proportion of the total electricity demand being met by PV at any point in time. 
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The idea of distributed generation is appealing to some small communities that strive 

for sustainability and independence. The community of Blueskin Bay area near 

Dunedin is an example. A report by King, Stephenson, & Ford (2014) explores the work 

being done in the Blueskin Bay communities. The Blueskin Bay area consists of 

approximately 1000 homes. The general desire of the communities is for 

independence and sustainability. This desire is evidenced by the Blueskin Bay area 

having the majority of OtagoNet’s13 PV connections – with 23 out of the 35 PV 

connections in OtagoNet, even though they represent only 6% of OtagoNet’s total 

household electricity connections. 

There are remote communities that have historically had a grid-connected supply of 

electricity that are now supplied by on-site renewable energy. This is occurring when 

replacement of infrastructure is warranted through a loss of electricity supply by either 

an act of nature or aging of the infrastructure. Because of the remote nature of these 

houses or communities, it is uneconomical to replace the lost infrastructure with that 

which was used historically. Therefore, the needs are usually met with a mixture of PV 

and other renewable energy sources.  

2.2.1 Grid parity 

The cost of using PV consists mainly of the upfront costs of purchasing the hardware 

and installing the system in addition to some low periodic maintenance costs. In order 

to compare the costs of using PV to those of electricity from the grid, it helps to 

convert those upfront costs to a per kilowatt-hour measure. The levelised cost of 

electricity (LCOE) is calculated by dividing the total life cycle costs of the PV system by 

total lifetime energy production, thereby providing an average per kilowatt-hour cost 

that can be compared to the average retail cost of electricity. 

Grid parity occurs when the LCOE from PV is the same or lower than the average retail 

price of conventional grid electricity. Bazilian et al. (2013) distinguishes grid parity into 

two types: ‘busbar parity’ which relates to competitiveness with respect to wholesale 

generation prices; and ‘socket parity’ which relates to competitiveness with end user 

(retail) electricity prices.  

                                                      
13

 OtagoNet owns most of the local electricity distribution network covering Otago 
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Grid parity is highly influenced by the assumptions made in determining the LCOE. 

Sinke (2009) estimates the effects of changes in parameters. In particular, the upfront 

cost per watt peak of the system and the amount of insolation impact the LCOE value 

calculated: generally, higher insolation and lower upfront costs leads to grid parity 

faster. 

Reaching socket parity does not, however, guarantee that the PV system will reap net 

financial benefits. The financial benefit from PV comes from two factors. First, the 

electricity generated can be used in the household, thereby avoiding purchase of 

electricity from the grid at the retail price. Second, any excess electricity generated is 

exported to the electricity network. In the first instance, the household benefits 

through avoiding the purchase of retail electricity; this is the best-case scenario. In the 

second instance, the feed-in tariff they receive for the exported electricity in New 

Zealand is usually below the residential retail price of electricity; therefore, the benefit 

they receive is lower than if they had used the electricity themselves. In some other 

countries, the government subsidises the feed-in tariff to at least match the residential 

retail price of electricity, thereby increasing the financial return and viability of a 

system, while also bringing forward the date of socket parity. 

Chen and Franklin (2011) map the onset of grid parity for small-scale roof-top PV 

systems in Australia. Using the LCOE, they model PV grid parity and estimate the years 

in which the major Australian cities will reach grid parity. They expect that most of 

Australia will reach grid parity by 2015 with grid parity already occurring in some parts 

of the country. 

Grid parity has already been reached in places such as Tokelau, Hawaii, and other 

islands, which have been highly reliant on fossil fuels, such as diesel, for their 

electricity generation. For example in Tokelau, over 4000 solar panels replaced diesel 

generation to allow Tokelau to become the first nation to be fully powered by solar 

electricity (Astaiza, 2012). 

2.3 Barriers to PV uptake 

Given all the benefits listed, there are still several reasons why PV has not taken off in 

mainstream New Zealand. MED (2009) lists several barriers to uptake, including 

upfront capital cost, public awareness, uncertainty about installer competence and 
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industry standards, and the lack of feed-in tariffs. Policy and regulation can help 

overcome some of these barriers. 

Even though the cost of PV panels has come down considerably in recent years, the 

capital cost, as with any other major purchase, can be a barrier or obstacle. The use of 

financial incentives or subsidies may be warranted because of the positive externalities 

associated with using renewable energy. These incentives can help reduce monetary 

constraints that are a deterrent to some people. A concern here is that those who 

would have purchased a system without the subsidy (those for whom upfront cost in 

not an insurmountable barrier) receive an unnecessary windfall. 

Public awareness represents a barrier since consumers have a lack of experience with 

PV, in that without there being many PV installations around, it is harder to see a 

working product and thereby gain confidence about system performance through 

word of mouth. In addition, there is likely uncertainty around how much output a 

system can actually generate. As mentioned earlier, Dunedin is not thought of as a 

sunny place and therefore not generally thought of as a place where PV would be 

viable. Hopefully, with the growth of the PV industry, more data will become available 

showing the actual output across the country. Since the industry is still small, it is 

understandable that there might be a lack of confidence in installers and industry 

standards, but this should improve with time as the industry grows. As mentioned 

earlier, the Schoolgen programme run by Genesis Energy represents one method to 

help increase awareness. 

As mentioned earlier, there is variability in the current buy-back rates, or feed-in 

tariffs, offered by retailers for excess PV generation. There is also uncertainty how 

feed-in tariffs will evolve in the future. Both the variability and uncertainty contribute 

to the lack of confidence consumers place on the financial viability of a PV purchase. 

The long-run nature of PV systems likely represents a potential barrier. As PV systems 

usually come with a high upfront cost, the payback period could potentially stretch 

outside people’s comfort zones. There have been a few schemes set up by some city 

councils to try to promote solar PV installations. These schemes usually provide loans 

that cover the upfront costs of a system. The loans are paid back through the 
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household’s rates bills. This scheme has the advantage that new owners will continue 

to pay the loan upon sale of the house. 

The uptake of PV and any incentives on offer depend on how people view the product 

and its associated attributes. These benefits and barriers influence different people 

differently. To develop effective policies to encourage uptake and lower these barriers, 

it is important to understand which benefits and barriers influence which people. This 

knowledge can help better define policy that provides a targeted approach to reducing 

barriers appropriately, e.g. only giving a financial incentive to those for whom the 

upfront capital cost is a preventive barrier. 

To first identify the different groups of households, we need to identify the 

preferences around the important aspects of solar PV systems. The use of DCEs can 

help discover these preferences. 

2.4 Householder preferences for PV 

Households and their occupants vary in many ways, whether in terms of easily 

measured householder characteristics such as age, location, sex, income, or in terms of 

harder to measure aspects such as ideology and idiosyncratic preferences for different 

goods. Two households might appear identical or very similar on the outside 

(household and householder characteristics), but their values may differ rather starkly, 

e.g. one household tries to minimise wastage, i.e. turning off every unused power 

socket, whereas another household cares more about enjoying their consumption. 

Given an understanding of the variation in household or consumer preferences, public 

policy and commercial decisions can potentially be improved through the narrowing of 

the focus to the most relevant issues. 

How can the variation in householder preferences for solar PV systems be 

investigated? Given the choices available in the market, consumers choose the product 

that appeals most to them, i.e. that of which they consider will provide the most net 

utility or satisfaction. Lancaster (1966) suggests that utility or satisfaction derived from 

consumption or use of a good varies with the characteristics of the good. This implies 

that householder preferences for solar PV systems can be investigated by observing 

the choices householders make or would make among systems that vary in their 

attributes. 
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One can investigate either actual or hypothetical choices. The advantage of observing 

actual choices is that households reveal their preferences through actual decisions. 

Disadvantages include a small number of observations on choices limited to those with 

the characteristics offered on the market. Surveys that involve hypothetical choices 

defined by the researcher, known as discrete choice experiments (DCEs), elicit 

consumer preferences by asking respondents to rank alternative products that vary in 

their attributes. The relative strength of preference for attributes are then usually 

estimated statistically, typically using one or more of the various forms of logistic 

regression (McFadden, 1974). 

DCEs are common in the economics literature. Some recent studies use DCEs to 

examine preferences for solar PV and other renewable technologies. Most of these 

studies were published after my survey was carried out, but their findings are still 

relevant. 

Yoo & Ready (2014) explore preference heterogeneity in individual willingness to pay 

for several renewable energy technologies. They use variants of the multinomial logit 

model for stated choice data. Their models show that preferences for renewable 

technology are heterogeneous amongst respondents, but they differ in the degree of 

heterogeneity across different renewable energy technologies. Out of the renewable 

energy technologies they examined, they found preferences for solar power to be the 

most heterogeneous. Given the degree of heterogeneity, policy that targets different 

market segments would be more effective than a one-size-fits-all policy. 

Lizin, Passel, Schepper, & Vranken (2013) explore heterogeneity in preferences for 

solar powered consumer electronics in the Flemish region of Belgium. They use a DCE 

to investigate consumer preferences concerning solar cell characteristics. They find 

that on average, consumers like better-looking products that integrate well. However, 

they fail to find many significant relationships between consumer preferences for solar 

cell attributes and their social-demographic characteristics. 

Using a household level innovation diffusion model, Islam (2014) predicts the 

cumulative probability of adoption of PV panels over 10 years using stated preferences 

derived from a DCE. Islam examines whether households prefer the attributes of the 

new technology, and explores how these preferences vary by market segments. He 
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finds that several significant effects might aid policy makers in the uptake of solar PV: 

younger households have a higher awareness level and are less sensitive to cost-

related factors; energy cost savings, export reward, and neighbourhood adoption rates 

have a positive impact on adoption rates through the word-of-mouth effect. He 

suggests that education campaigns for PV uptake should focus on the investment 

criteria, feed-in tariffs, and environmental effects.  

Willis, Scarpa, Gilroy, & Hamza (2011) examine the impact of an aging population on 

the adoption of renewable energy technologies. Using a DCE, they compare the 

preferences for adoption among households aged 65 plus to those younger than 65. 

They find that age has little practical impact on preferences around replacing a boiler. 

However, age plays a major factor in the adoption of micro-generation technologies 

(e.g. solar thermal, solar PV, wind); older person households are less likely to adopt. 

Therefore, an older population reduces the probability of adoption of micro-

generation technologies. 

In summary, this literature suggests that there is a large degree of heterogeneity in 

preferences for solar PV, but there is little relationship between preferences and 

household characteristics for solar PV integrated electronics. However, preferences for 

adoption of PV are affected by the age of the household and information conveyed 

word-of-mouth has a positive impact on adoption. 
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3. Data collection 

This chapter describes the data collection process. Using a mail-invite, web-based 

survey, I elicit Dunedin householder preferences for solar PV systems and collect house 

and householder demographic characteristics. This chapter contains four sections. The 

first section describes the survey design. The second describes the implementation of 

the survey. The third section describes the sampling strategy and execution. The fourth 

section describes the resulting data from the survey. 

3.1 Survey design 

The first step in the survey design is the formation of the DCEs. An important part in 

eliciting preferences with a DCE is the specification of the attributes of solar PV 

systems. The choice of which attributes to include depends on many things, such as on 

how the product is viewed by the public, and how it is influenced by policy decisions. 

Literature reviews, group discussions, and interviews can help in the process of 

defining attributes when they are not predefined (Ryan & Farrar, 2000).  

Each attribute needs to have at least two levels. These levels need to be easily 

understood, conceivable, and they need to be clearly rankable a priori, e.g. ordinal or 

cardinal (Coast & Horrocks, 2007; Ryan & Farrar, 2000). The ranked levels provide the 

variation in the choice sets provided to the participant. In a DCE, the participant makes 

a series of trade-off choices, in which those choices are between two alternative 

products that differ in at least some of their attributes.  

In defining the attributes of solar PV systems, focus groups drawn from the community 

would provide the better views on the attributes, but given time and monetary 

constraints, this was not feasible. As an alternative, I sought out views of those 

involved in the building and electricity industries that have experience of PV in New 

Zealand. Through these discussions, I aimed to find out the New Zealand situational 

issues or problems that can arise, as well as the major concerns when installing a PV 

system from a practical sense and from the consumer’s point of view. I also wanted to 

identify what attributes these industry experts considered important for consumers 

and the questions they frequently received. I have integrated their insights into my 

sections on attributes below. 
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Once I was confident that my survey design was satisfactory, I carried out a pilot 

survey amongst the staff in the Economics department. This was to see if any 

amendment was necessary to make sure that my survey was straightforward and not 

confusing to the prospective participants. With their feedback, I made slight changes in 

the wording of the survey. 

3.1.1 Attributes 

Rooftop solar photovoltaic systems usually consist of 10-30 PV panels depending on 

the total output desired and the output rating of each panel. An inverter converts the 

direct current (DC) produced in the panels to the alternating current (AC) usable for 

appliances in the household. Some systems have batteries to enable storage of the 

electrical energy produced. Most households choose to install a system that allows 

them to export excess electricity to the grid to be used by other households. What 

follows are the important characteristics of rooftop PV systems. 

A study by Clarke (2012) done in Dunedin looked at the important attributes of energy-

related improvements and projects. He found that most people, when choosing from a 

list of attributes, chose attributes relating to: the level of savings received; the 

reliability of the improvement; and the level of confidence from the improvement. 

About 40% of respondents also chose frequency of maintenance, lifespan, and the 

extent to which the value of the improvements capitalises into home value. These 

important attributes apply to the choice of PV systems and are a good starting point 

for my survey. From these I extract some relevant attributes for PV systems such as 

upfront cost; the savings received; confidence in the system (reliability/maintenance 

etc.); increase in home value. 

Upfront cost of rooftop PV systems (equipment and installation) 

A major barrier to uptake of PV systems has been the affordability. Upfront costs for 

rooftop PV systems are still quite significant even though they have decreased greatly 

in recent years. The cost of a PV system is comparable to a kitchen or a bathroom 

renovation, although the cost-benefits work differently. Current upfront costs range 

from $0 (for a PV system that is leased) to around $12,000 (for a 3kW system) and they 

can go up to $20,000-$30,000 for larger systems. There is also a cost of installation of 

around $2000-$5000, increasing with the complexity of the system. 
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Electricity bill savings 

One of the main incentives to invest in PV equipment and installation is the lower on-

going expenditure on electricity. The retail rate for Dunedin households is currently 

around the 20 cents per kWh. To encourage investment in PV, some countries 

subsidise PV by paying feed-in tariffs for rooftop-PV-generated electricity that exceed 

the normal retail price of electricity. As above-retail feed-in tariffs seem unlikely in 

New Zealand, the residential retail price of electricity is the upper limit on the return 

for rooftop-PV-generated electricity.  

Meridian Energy previously offered the full retail rate for exported electricity, but this 

policy was subsequently removed due to the increased popularity of the plan. Giving 

the full retail rate can be thought of as a subsidy towards PV users as the retail rate 

includes non-electricity production costs such as transmission. They now offer a rate of 

7 cents/kWh in the summer and 10 cents/kWh in the winter. Other retailers mostly 

offer the average wholesale rate of around 7 cents. On average, the current retail price 

is made up of wholesale energy 33.2%; transmission and distribution 39.3%;  and retail 

services (e.g. customer support, billing, metering, and margin) 27.5% (Contact Energy, 

2009).  

The level of savings that a household receives depends on several factors: 

 The size of the system installed will likely have the biggest impact on the 

potential savings realised by the household, with higher output of the system 

providing more savings. 

 The extent of exposure to the sun as well as of the roof direction and pitch. The 

level of sun exposure can be maximised by arranging the PV panels at an 

optimal direction and pitch depending on the location. To achieve this, extra 

brackets would usually be needed which increases the costs. Most often, PV 

panels are installed onto the roof without the use of a bracket to change the 

direction or pitch. A west or east facing roof potentially reduces output by 

roughly 20%, depending on the roof inclination (MED, 2009).  

 The timing of household consumption can influence the amount of savings with 

higher savings achieved when the household uses more electricity during the 

daytime when the sun is shining. Using solar electricity during the day means 

saving the full retail rate of electricity instead of exporting it for a lower rate.  
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Currently Vector offers a leased PV system for $70 per month where the household 

receives the benefit from the produced electricity. The financial return might not stack 

up for most households on this plan during the contract period, but if the household 

gets to keep the system (or at least purchase it cheaply) at the end of the period then 

they might see some return afterwards. One benefit of this system is that it includes 

batteries that allow the household to shift solar generation to the evening when 

consumption is higher. 

An option not considered in my thesis is when the household installs batteries. The 

household is then able to store PV generation for use later to prevent export of excess 

electricity at a low price. Without batteries, any electricity generated excess to current 

needs would be exported to the grid, receiving a less-than-retail-price payment, and 

then have to pay full price for consumption later. On the chance that time of use (TOU) 

pricing is implemented, these systems allow flexibility in peak/off-peak consumption 

and export (MED, 2009). 

Fit with house (e.g. how it looks, easy install) 

Most people care about how their house looks, whether it has to do with how they 

feel about the look or their concern over the resale value of the house. A rooftop PV 

system is likely to have a significant impact on the look and character of the house. It is 

possible that some householders will find that the PV systems do not suit the house, 

especially with older or character houses. 

The type of ownership model that the household chooses may affect how the PV 

system looks and fits with the house. For example, if they were to choose a system 

where someone else owns the panels the household would likely have little choice in 

the setup. In contrast, if the household purchases the system, they have the choice of 

different type of panels (e.g. building-integrated PV panels) which can reduce the 

impact on the look of the house. 

It can be expected that any system that has a less impact, or greater aesthetic appeal 

will have a higher upfront capital cost. An example of this is building-integrated PV 

(BIPV) systems. Typically, BIPV systems are designed to replace standard building 

components, e.g. roofing shingles. 
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The fit with the house is possibly more important for people who intend to sell their 

house in the short- to mid-term, as the impact on house re-sale value is important. 

This would be especially true when there is low public awareness of solar PV, as those 

unaware of the solar PV might see it as a burden, or just an eyesore. Once PV becomes 

more mainstream, the appearance of PV systems might become less of an issue. For 

example, TV aerials or satellite dishes would once have been considered an eyesore, 

but now people understand the benefit they bring, they can be either ignored or 

accepted. 

Lock-in with one electricity retailer 

A possible concern with grid-connected PV systems is that the retailer or local line 

company might require a long-term contract. As can be seen in other industries such 

as the mobile phone and internet markets, 24-month contracts have been the norm 

but month-to-month contracts have become more popular. This shows that some 

consumers prefer the freedom to choose and to not be locked-in long-term. There are 

also consumers with a preference for certainty and stability as can be seen with some 

electricity retailers allowing consumers to choose a fixed stable price, usually for 2-3 

years. The different willingness to lock-in across these industries is likely from the 

different trends in price, i.e. electricity costs have been rising while prices are falling 

for mobile phone and internet users. 

All else being equal, households would prefer to have a freedom of choice rather than 

to be in a locked-in contract. However, in some situations, it will be favourable for 

some to choose to be locked-in. For example, currently households have the option to 

lock-in to prevent price increases or to receive discounts. For my survey, I refer to 

locking-in only with respect to exporting electricity.  

Confidence in the system 

As PV systems are still a relatively new and rare product for consumers, there is little 

local (family/neighbours) experience that they can draw from. While there are many 

accounts of other people’s experiences available on the internet, these are still not as 

good as being able to see a working product themselves.  

The reliability and confidence that the system will work as advertised is important. 

There are several things that could influence how the system performs in relation to 
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what might be expected in optimal conditions, such as: the level of output produced; 

the length of life of the product; and the expected price received for excess electricity. 

Each solar panel comes with a power output rating and usually it will perform above 

that at the beginning of its life with performance slowly declining over time (holding 

constant the solar conditions faced). There is an output risk, which is the risk that 

output is lower than forecast/expected, and that output will decrease faster over time 

than expected. Hopefully, consumers are given personalised advice regarding expected 

output. Part of this includes a quality risk arising from the uncertainty around the 

quality of different brands and how this can impact on expected output. 

There is also the issue of failure and breakdown of components. Although most solar 

PV panels have a warranty of 25 years, there is a lack of certainty around that. Within 

25 years, the retailer, manufacturer, and wholesaler could have gone out of business, 

removing any guarantee promised. There is also the possibility of a panel breaking 

down and needing replacement. The inverter will likely only last 10-15 years and need 

replacing after that. These increase the risk and uncertainty around the new and 

unfamiliar product. 

Most cost-benefit analysis done includes some assumptions about price, whether it is 

about the rate at which retail electricity prices increase or the expected price for 

excess electricity exported into the grid. If the price of retail electricity was to stay 

constant or decrease (e.g. if the Tiwai Point Aluminium Smelter was to close), this 

could vastly affect PV as an investment choice. Price risk includes the uncertainty of 

future export prices. As indicated above, Meridian Energy offered the retail rate for 

exported energy, but this was discontinued. Thus, there is uncertainty about the future 

path of retail and export prices. 

Shift in time of use 

PV systems generate electricity only during daytime. A household with a grid-

connected system has financial incentive to change behaviour and shift consumption 

of electricity toward the daytime if the payment the household receives for electricity 

generated by PV is less than the price they pay for imported electricity from the grid. 

For example, if the household receives 10 cents per kWh, and has to pay 20 cents per 

kWh, they save 10 cents per kWh by shifting their demand to make use of the PV 
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generated electricity. This is referred to as ‘demand shaping’: a household changes the 

time pattern of consumption to decrease cost or increase benefit.  

Demand shaping already occurs to an extent with around 75% of electricity users on a 

ripple control plan whereby the lines company has control over supply of power to hot 

water cylinders in exchange for an overall lower unit retail price. However, this usually 

has little or no impact on household behaviour, i.e. little impact on consumption of hot 

water due to the fact that the water cylinder stores energy in the form of hot water. 

There is also some evidence that for those people who already have a PV system use 

technology and gadgets to monitor electricity use and delay appliances with timers. 

This is increasingly viable with the rollout of smart meters for electricity, which give 

hourly electricity consumption data. 

The strength of the incentive to shape demand depends on the difference in the retail 

and export prices. A low export price increases the incentive for a household to shift 

demand as the gains are greater. If the export price is at or near the retail rate, then 

this attribute becomes unimportant. 

Battery systems reduce the incentive to change behaviour by storing electricity. Some 

incentive for behaviour change remains because batteries have limited capacity to 

store energy and there are efficiency losses from using batteries also. The effect of 

battery storage is essentially that of a lower retail/export price differential. 

Capitalisation in house price 

As rooftop PV systems are long-term assets with some degree of predictable output, 

the ability to save on electricity bills and potentially generate income should be 

reflected in house sale prices. This effect might only be tangible if a potential buyer 

knows about PV and sees it as an asset. This might need several years of hard data for 

people to become confident and familiar with PV. An ill-informed buyer would 

potentially be unaware of the benefits of PV systems and, therefore, to them it might 

be just an eyesore, or a potential expense. This is likely to be a greater concern to 

those who might shift houses in the medium-term. 

Attributes not included in the choice model 

Several attributes are not relevant to be included in the model. Either they apply 

equally to all PV systems, or they are outside the scope of the model.  
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I found comments online that some people compare producing your own electricity to 

growing your own vegetables. Those comments backed up the idea that some people 

desire to produce their own, whether it be because of a desire to be independent of 

the electricity companies, or wanting to have control of and know how their electricity 

is produced. Of course unless the house has some other electricity generation (e.g. 

wind), or is using a storage system (e.g. batteries), it will still likely be reliant on the 

grid for electricity when there is little to no sunshine. This aspect was not included 

because the type of PV system I looked at is grid-connected with the potential to 

export excess electricity. 

Concern about human environmental impact is potentially a major reason why a 

consumer might decide to purchase a PV system. This attribute was excluded from the 

model as all PV systems would meet this criterion, so there is little policy change 

applicable. In addition, given New Zealand’s already high use of renewable electricity, 

this should lessen the importance of this concern. 

3.1.2 Levels 

As discussed above, I chose seven attributes based on my discussions with industry 

specialists and existing research. For a DCE, each attribute needs at least two levels 

that are ranked best to worst. As mentioned earlier, the levels created need to be 

easily understood and be somewhat realistic. I have tried to replicate what might be 

expected in different PV systems that a potential consumer might encounter.  

In deciding the number of levels to give each attribute, it is important to consider that 

each attribute and level can significantly add to the time required to complete the DCE 

(Hansen & Ombler, 2008). Given this property, I aim to have an efficient survey design, 

which encompasses all necessary attributes and levels. 

For upfront cost, the levels I have chosen in the choice model rise in $7500 increments 

from $0 to $22,500. This range is roughly consistent with the range in the market and 

the increments allow relatively good estimation of willingness to pay. A concern, of 

course, is that all of the options $7500, $15,000 or $22,500 seem too large of an 

expenditure for some households, but these households are unlikely to consider a PV 

system that requires upfront expenditure. 
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A $0 upfront cost would likely be a leased system where the household has zero or low 

upfront cost, a monthly fee for the use of the PV system installed and savings from the 

electricity from those panels. There are also cases overseas where a company pays to 

lease a roof from the household with the company getting the benefit of solar output. 

These options might be better suited for homeowners that are not able to finance a PV 

system but still desire to produce their own electricity or make some return out of 

their roof. 

As mentioned earlier, the return to the PV system will depend mainly on the 

household’s energy use during the day and their ability to shift demand to maximise 

household solar output usage. I calculated that from Dunedin’s average annual 

insolation of 1337 W/m2 a system would save or earn a household on average 

between $80 - $100 per month assuming they got the best rate (either saving the 

purchase of electricity, or receiving a feed-tariff close to the retail price of electricity). 

Of course, this will vary depending on the size and type of system installed, the time of 

year, and the household’s activities at home. To avoid too many levels, I decided on 

three levels that I feel give an appropriate range: $25, $75, and $150. 

In deciding options for contract period lock-in, based on current offerings by electricity 

retailers, I decided on having ‘no contract period’ as the best level, and a three-year 

period as a middle level. For the worst level, I chose a 10-year period lock-in; overseas 

experience shows that 10- to 20-year lease agreements are normal. Requiring a lock-in 

period seems likely if the company is making an investment and paying the installation 

costs. Being locked-in does not, however, necessarily need to be associated with retail 

consumption; the household may lock-in export electricity with a retailer, but then 

purchase import electricity from another without lock-in. 

For the other attributes, I chose just two levels each, which encompasses the best and 

worst levels for that attribute. I chose titles that best reflected each attribute as to 

increase the understanding and reduce any confusion when answering the survey.  

My final survey design as shown below in Table 3.1.  
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Table 3.1: Survey design 

Upfront cost (equipment & installation) 

$22,500  

$15,000 

$7500 

$0 

Your average monthly electricity bill falls by about 

$25 

$75 

$150 

The system fits with your house  

Somewhat poorly (looks odd or requires alterations to install) 

Well 

Contract period (lock-in) with one electricity retailer 

10 years 

3 years 

No contract period (can switch retailer any time) 

Your confidence that the system will work as advertised 

Somewhat unsure (about 70% certain) 

Very confident (95% - 100% certain) 

Impact on when you use electric appliances  

Some impact (better when the sun is shining) 

No impact (use them any time) 

The market value of your house increases by 

About 50% of the cost of installing the system 

At least 75% of the cost of installing the system 

 

3.1.3 Demographic survey 

After completing the choice survey, participants completed a more standard tick-the-

box survey to collect information about house and householder characteristics. The 

collection of these data allow checking for the representativeness of the sample (in 

terms of demographic and house characteristics), and allow the investigation of 

whether there exists a relationship between the preferences collected in the DCE and 

the demographic characteristics from the tick-the-box survey. The tick-the-box survey 

is shown in Appendix B. 
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3.2 Implementation of the survey 

The choice survey was implemented using 1000Minds decision support software. This 

web-based software is especially well-suited for the investigation of preference 

heterogeneity because it is designed to elicit information from each participant 

sufficient to estimate that participant’s relative strength of preference for each level of 

each attribute. This individualised information allows direct comparison of preferences 

across participants. 

This software is based on a technique known as PAPRIKA, an acronym for Potentially 

All Pairwise RanKings of all possible Alternatives.14 An alternative in the current 

context is a PV system defined on a specific level of each of the attributes shown in 

Table 3.1. A pairwise ranking represents a survey participant’s preference for one 

alternative PV system over another. The objective of the software is to elicit from each 

participant, sufficient information to pairwise rank all 576 of the possible systems 

definable on the attributes and levels given in Table 3.1. Ranking all pairwise 

combinations of 576 alternative PV systems defined on seven attributes is obviously 

not feasible for any given individual. 

Compared with other methods, PAPRIKA reduces the number and difficulty of each 

pairwise ranking in two ways. First, PAPRIKA imposes a strong restriction on the 

preference structure: utility is strictly additive in the attributes. There can be 

diminishing marginal utility in the levels of each particular attribute, but there can be 

no interactions among attributes. This assumption of strictly additive preferences 

allows rankings to be made on just two attributes at a time by assuming that all other 

attributes are the same for each of the alternatives in the pair. Thus, each pairwise 

ranking is relatively easy in that it involves comparison of only two attributes at a time, 

such as that shown in Figure 3.1. The participants simply choose which alternative they 

prefer or, if they are unable to choose between the two options, they can indicate they 

are indifferent. 

PAPRIKA takes advantage of the web interface to minimise the number of pairwise 

rankings the participant has to make (given no a priori knowledge of the participant’s 

preferences). PAPRIKA starts by identifying all undominated pairs, i.e. all pairs of two 

                                                      
14

 See Hansen and Ombler (2008) for technical details 
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attributes that require the participant to trade off more of one attribute for less of the 

other. Given the attributes and levels in the survey, there are 99 potential two-

attribute pairs that each requires a trade-off. PARRIKA chooses one of these at random 

to start the survey. When the participant ranks the pair, PAPRIKA searches for other 

pairs that can be ranked implicitly by transitivity, e.g. if alternative A is preferred to 

alternative B, and B is preferred to C, then A is preferred to C. Any implicitly ranked 

alternative is eliminated from the survey. PAPRIKA then chooses another two-attribute 

pair from those that have not been ranked either explicitly by the participant or 

implicitly by transitivity. The process continues until all undominated two-attribute 

pairs are ranked either explicitly or implicitly. 

Figure 3.1: Example of a trade-off question (a screenshot from 1000Minds software) 

 

1000Minds allows the researcher to exclude any choice pairs that seem infeasible. I 

decided to remove the choices that trade-off upfront cost with capitalisation in house 

price. The choice shown below in Figure 3.2 seems incompatible since the choice that 

involves the higher increase in market value also has the higher upfront cost. Any 

rational person would prefer the choice with the higher return. The removable of 

these pairs reduces the number of potential two-attribute comparison to 92. The 

participants in my study made an average of 29 choices that took an average of 8 

minutes. 
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Figure 3.2: Example of incompatible choice (a screenshot from 1000Minds software) 

 

The final step in the process is to estimate the relative strength of preference for each 

level of each attribute, i.e. the relative weight or point value the participant places on 

each attribute, from the set of rankings the participant made. These estimated weights 

are the solution of a linear programming problem. Each choice made explicitly by the 

participant enters the linear program as a constraint. To illustrate, label each attribute 

with a letter and each level with an integer as shown in Table 3.2. Then, given the 

assumption of strictly additive utility, a participant will choose the PV system defined 

by the attributes on the right-hand side of Figure 3.3 if b1 + f2 < b2 + f1, i.e. if the 

participant cares more about saving $75 per month on the electric bill to avoiding 

some impact on when to use appliances, all other attributes held constant. This linear 

inequality enters as a constraint in the linear program. In addition, point value 

assigned to each level of each attribute is constrained to be an integer greater than or 

equal to zero. The objective function minimises the sum of these integer point values. 

The results of the linear program appear in the column of Table 3.2 labelled raw point 

values. Given the objective function, the lowest level of each attribute sensibly 

receives a point value of zero. This does not, of course, imply that a PV system with the 

lowest level of each attribute would provide the participant with zero utility. The other 

levels of each attribute receive the smallest integer point values consistent with the 

choices made by the participant. That is, for each choice made by the participant, the 

point values ensure that the sum of the integers for the chosen hypothetical system is 

higher than the sum of that from the rejected system. 
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As an example, in Figure 3.3, given the raw point values shown in Table 3.2, we can see 

that the participant prefers the system on the right with a $75 average monthly 

savings and some impact on electricity usage to the alternative shown on the left, i.e. 

$25 in savings and no impact on appliance use (which implies that the additional $50 

monthly saving matters more than shifting use of appliances to daytime). The system 

on the left produces b1 + f2 = 0 + 3 points, and the system on the right produces b2 + 

f1 = 5 + 0. Point values of b2 = 5 and f2 = 3 are consistent with the participant’s choice 

of the system on the right. More generally, the point values on each of the levels of 

each of the attributes are consistent with all of the choices made by the participant; a 

person with this set of relative utility values would make these choices. 

Figure 3.3: Example trade-off question 

 

These point values do not represent absolute or cardinal utilities. They can be rescaled 

in a way that preserves their relative magnitudes, and thereby remain consistent with 

the choices made by the participant. To allow comparison of the relative strength of 

preference across participants, the point values are rescaled by dividing the sum of the 

raw point values on the highest levels of each attribute, which is 63 in Table 3.2. The 

scaled point values on these highest levels therefore sum to 1 as shown in the right-

hand column of the table.  

The point values, raw or scaled, can be considered to be measured on a ratio scale. For 

example, the combination of decisions made by the participant requires that the point 

value on avoiding an expenditure of $22,500 is more than twice as high as that on 
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avoiding a somewhat poor fit with the house. This ratio reflects the participant’s 

relative strength of feeling about these changes in the levels of these two attributes. 

The scaled point value on a particular level of a particular attribute may happen to be 

the same for two participants, say a4 = 0.38. This does not indicate that each person 

gets the same absolute increase in satisfaction or happiness from saving $22,500, all 

else the same. It just indicates that they have roughly the same strength of feeling 

about saving $22,500 relative to that from moving from best to worst on all other 

attributes combined.  
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Table 3.2: 1000Minds output 

 Upfront cost (equipment & installation) 

Raw point 

value 

Scaled 

point value 

a1 $22,500  0  

a2 $15,000 9  

a3 $7500 15  

a4 $0 24 0.38 

 Your average monthly electricity bill falls by about   

b1 $25 0  

b2 $75 5  

b3 $150 13 0.21 

 The system fits with your house    

c1 
Somewhat poorly (looks odd or requires 

alterations to install) 
0  

c2 Well 10 0.16 

 Contract period (lock-in) with one electricity retailer   

d1 10 years 0  

d2 3 years 1  

d3 No contract period (can switch retailer any time) 2 0.03 

 Confidence the system will work as advertised   

e1 Somewhat unsure (about 70% certain) 0  

e2 Very confident (95% - 100% certain) 4 0.06 

 Impact on when you use electric appliances    

f1 Some impact (better when the sun is shining) 0  

f2 No impact (use them any time) 3 0.05 

 The market value of your house increases by   

g1 About 50% of the cost of installing the system 0  

g2 At least 75% of the cost of installing the system 7 0.11 

    

3.3 Sampling and recruiting strategy 

In deciding from where to recruit my sample, I chose areas in Dunedin as it allowed me 

to assist participants who had difficulty in completing the survey or lacked internet 

access, and I felt people would be more willing to help a student from their local 

university (University of Otago). In choosing the areas to target in Dunedin for the 

sample, I wanted areas that have relatively good solar exposure and demographic 

variation that is representative to that of Dunedin and New Zealand. From those 
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requirements, I chose Wakari, Belleknowes, and Anderson’s Bay areas as defined by 

Statistics New Zealand for the 2006 Census Boundaries. Table 3.3 provides information 

about how these census areas compare with Dunedin and New Zealand. 

Table 3.3: Sample area demographics 

Variable 
Anderson’s 

Bay 
Belleknowes Wakari Dunedin 

New 

Zealand 

Number of 

households 
939 672 1308   

Total people 2514 1794 3066   

Median age 38 38 35 34 36 

Median income $26,900 $26,000 $22,600 $19,400 $24,400 

Household 

ownership: 
     

Owned or 

partly owned 
64.22% 56.9% 57.8% 55.3% 66.9% 

Not owned 17.3% 25.0% 31.0%   

Held in family 

trust 
16.3% 18.1% 7.8%   

Education      

No 

qualification 
17.2% 15.4% 21.8% 21.3% 25.0% 

School 

qualification 
33.0% 30.8% 33.3% 37.5% 35.1% 

Post-school 

qualification 
49.8% 53.8% 44.9% 41.2% 39.9% 

 

The areas chosen are not completely representative as sunny locations tend to be 

more expensive and therefore have a higher proportion of households in the higher 

income bracket. In addition, the University of Otago probably has an impact on the 

education levels and professions of households in the surrounding suburbs. Most 

important for my statistical analysis is that household demographic characteristics vary 

considerably within and across these suburbs. 

After selecting the areas to be surveyed, I created a list of owner-occupied households 

that would serve as my sample. First, I downloaded a list of addresses from Land 
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Information New Zealand (LINZ). After filtering to include only those streets and 

addresses inside each census area block, I randomly chose 150-200 addresses from 

each suburb.  

Addresses were eliminated from this list for several reasons: 

 I eliminated houses that were not owner-occupied. I identified owner-occupiers 

by using the Dunedin City Council (DCC)15 rates online database to check if the 

taxpayer’s postal address is the same as the street address.  

 I excluded households that were owned by trusts because it would have been 

difficult to assess if the occupants had control over the infrastructure of the 

house and therefore the right to install a PV system.  

 I excluded households in the suburb of Belleknowes that had recently been 

surveyed by another student to remove any possible chance of confusion 

between the surveys and so people were not bothered more than need be. 

To improve the follow-up process, I looked up phone numbers in the white pages 

online16 and through the physical phone book. The proportion of households with a 

listed phone number varied from 60-80% across suburbs. 

I conducted my recruitment in stages so that the process of contacting the sample 

households was more manageable. At first for a trial run I sent letters (see Appendix A) 

to householders in Wakari, followed by Belleknowes and then Anderson’s Bay. I sent 

268 letters: 76 to households in Wakari, 92 to Belleknowes, and 100 to Anderson’s 

Bay.  

In order to improve my response rate and decrease potential nonresponse errors, I 

researched recruiting methods. Even though many of these relate to postal surveys, 

the techniques they list should still apply to my survey. 

Dillman (2007) lists main three concepts for improving survey response: establishing 

trust, increasing rewards, and reducing cost to the participant. Trust can be established 

through the use of phone calls that help build a relationship between the participant 

and the researcher, offering personalised questionnaires, having the survey sponsored 

                                                      
15

 http://www.dunedin.govt.nz/services/rates-information/rates 
16

 http://whitepages.co.nz/ 
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by a university, and through careful structuring of the invitation to take the survey 

(Connon, 2008; Dillman, 2007; Edwards et al., 2007). Increasing rewards is usually 

done through the use of financial incentives which can help increase the motivation to 

participate in surveys by providing tangible rewards (Connon, 2008). Rewards also 

includes things such as saying thank you and asking for advice (Dillman, 2007). Costs 

can be reduced through the use of shorter surveys, avoiding inconvenience, and 

minimising the personal information collected (Dillman, 2007; Edwards et al., 2007). 

Using this knowledge, I aimed to create a clear and easy to understand invitation to 

the survey that would be well received by potential participants. In order to create 

trust, I used the university letterhead for each letter and personalised the invitations 

by using the householders’ names in the letter. By signing each letter, I gave the 

potential participants a guarantee that their information would be private and secure. I 

also made sure that the invitation letter was upfront and clear about the goals and 

commitments needed from them.  

To give participants a financial incentive to do my survey, they were offered the choice 

of $10 guaranteed or a 10% chance at $100. I also provided the option of receiving no 

reward as experience from another survey done earlier in the department showed that 

some people prefer to contribute without a financial reward. 

I tried to make the survey as trouble-free as possible by making sure the questions 

were easily understandable. As mentioned earlier, I ran a trial of the survey in the 

department to ensure that participants interpreted my survey questions in the way 

intended. I also tried to keep the visual aspect of my choice questions clear by keeping 

the attribute names short and the explanations precise.  

Follow up 

Around a week and a half after sending my initial letters, I started to do follow up 

phone calls to people who had yet to complete the survey. This was done in order to 

remind them, and if they could not be persuaded, to remove people who wished not 

to proceed with the survey. Most people had read the survey and were willing to help. 

Around a third of people that I rung stated that they did not wish to participate in the 

survey with most stating they were too busy. Some people chose not to do the survey 

as they have no interest in solar PV systems. I persisted calling people for another two 



38 

follow up calls, each roughly a week and a half to two weeks apart to give people time 

to do the survey. 

In order to decrease inconvenience and increase participation, I made sure to only ring 

between 7:00pm and 8:30 pm as by this time most people would have finished their 

dinner and the news would be over. For those households whom I could not contact by 

phone, I sent out reminder letters at the same frequency as phone follow-ups. 

Seven participants lacked internet access. For those households, I organised a time for 

me to visit their house with a laptop connected to mobile internet so they could 

participate. Most of these participants took longer than the usual time taken by other 

participants to complete the survey with two taking a lot longer than the average 8 

minutes. 

I used a random number generator in excel to choose the winners for the $100 

vouchers. My supervisor overlooked the selection process. 

Survey comments 

The choice survey software allows participants to type in comments about any choice 

between the hypothetical systems presented in the choice survey. Mostly these were 

about the participant voicing the reasons behind their choice. There was one comment 

made about how their choice would change depending on the level of the other 

attributes.  

3.4 Data description 

Of the 268 households invited to participate in the survey, seven could not answer the 

survey as the participants either had moved away or are deceased. Of the remaining 

261 households invited, 132 households completed the survey, providing a response 

rate of just over 50%. The response rate was higher for those with a listed phone 

number, most likely because those people were easier to contact and persuade to 

complete the survey. On average, participants took 8 minutes to complete the survey. 
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Table 3.4: Response rate  

All Responses 
Proportion of 

total responses 
Letters sent  

Response 
rate 

Andersons’s 
Bay 

50 37.9% 98 51.0% 

Belleknowes 45 34.1% 89 50.6% 

Wakari 37 28.0% 74 50.0% 

 

132 

 

261 50.6% 

     Listed phone number 

   Andersons’s 
Bay 

42 41.6% 78 53.8% 

Belleknowes 30 29.7% 56 53.6% 

Wakari 29 28.7% 53 54.7% 

 

101 

 

187 54.0% 

No listed phone number 

   Andersons’s 
Bay 

8 25.8% 20 40.0% 

Belleknowes 15 48.4% 33 45.5% 

Wakari 8 25.8% 21 38.1% 
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74 41.9% 

 

3.4.1 Demographics 

After the participants had completed their choice survey with 1000Minds, they were 

redirected to a demographic survey using Google Forms. Demographic information is 

useful for two reasons: firstly, to ascertain whether the sample is demographically 

representative of the population; and secondly, to test the extent to which 

participant/household demographics predict preferences for the attributes of solar PV 

systems. 

As mentioned earlier, the response rate for my survey was just over 50% (excluding 

those who were disqualified), which based on a study done by Shih (2008) is roughly a 

standard deviation above the mean for web-based surveys. Although this is a 

reasonably high response rate, the demographic characteristics of the householders 

who chose to respond may or may not correspond closely to those of the population. 
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To investigate, I obtained the 2006 Census data from StatsNZ for the three suburbs I 

surveyed in Dunedin, all of Dunedin city, and all of New Zealand. The data include 

household composition; household income and source; main source of energy for 

space heating; and highest individual and household levels of education. Not all of 

these compare easily with my data. The census data shown below has been restricted 

to include only those houses that are owned or partially owned by the usual residents.  

Gender of participant 

The gender of the householder who completed the survey split roughly equally with 

48.5% Female. 

Household Income 

Figure 3.4 below shows the sample distribution of household incomes, which clearly 

varies considerably across the sample. Figure 3.5 shows the distribution for Dunedin 

city taken from the census. The incremental ranges in income differ in the figures, but 

the patterns are comparable. The sample distribution is clearly skewed toward higher 

incomes. Households with incomes of less than $20,000 are under-represented in the 

sample with only 2.3% of the sample compared to 12.4% of the Dunedin population. 

This may be due in part to excluding areas that do not receive much sunlight. The 

mode is clearly higher in the sample. At the higher end of the earnings scale, 27.3% of 

the sample earn over $100,000 compared to only 13.3% of the Dunedin population. 

Roughly, the same percentage of people chose not to respond to the income question 

in my survey as in the population. 
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Figure 3.4: Distribution of sample household income 

 

Figure 3.5: Distribution of Dunedin City household income 

 

Source of income 

The main source of income for the majority of the sample is from working. The census 

data includes all sources of income instead of just the main as in my sample.  
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Figure 3.6: Distributions of sample and population main source of income 

 

Householder education 

Figure 3.7 compares the distribution of the highest educational attainment of anyone 

in the sample household to that of the population of households in Dunedin. The 

sample distribution is clearly skewed toward higher levels of education with over half 

of sample households include someone with at least a bachelor’s degree.  

Figure 3.7: Distributions of sample and population highest household education level 

 

Age of participants 

Figure 3.8 below shows the age distribution of the householders who completed the 

survey. The data were collected in the 20-year ranges shown in the figure. None of the 

homeowners were aged under 20. It seems unsurprising that the majority of the 

participants were in the 40-59 year range. The census data here is the percentage of 
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those aged over 20. My sample is slightly under-represented in the 20-39 age group, 

and slightly over-represented in the 40-59 age group. 

Figure 3.8: Distributions of the age of sample participants and Dunedin city adult 
population 

 

Household composition 

Figure 3.9 below shows that half of the households have one or two members. The 

survey asked the participant to indicate the age (in ranges) of each household 

member. Figure 3.10 indicates that the one- and two-member households consist 

mostly of adults with a small number of single parent households. Most of the 

remaining households are those with two adults and one or two children. The largest 

household in the sample has seven members. My sample household size distribution 

compares similarly with Dunedin city. 

Figure 3.9: Distribution of sample household size 
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Figure 3.10: Sample household composition 

 

Immigrants 

Figure 3.11 indicates that 12% of the sample (16 respondents) had immigrated to New 

Zealand as an adult. That leaves 88% (116) that were either born in New Zealand, or 

immigrated as a child and raised in New Zealand. Data from the 2013 census shows 

that more than a quarter of all resident New Zealanders were born overseas17. Using 

NZ.Stat18 I was able to determine that in 2013 18.8% of the population of Dunedin city 

were born overseas. The proportion of the sample born overseas likely exceeds the 

12% who arrived here as adults. 

Figure 3.11: Proportion of sample participants raised in New Zealand 

 

                                                      
17

http://www.stats.govt.nz/Census/2013-census/profile-and-summary-reports/qstats-culture-identity-
nz-mr.aspx 

18
 http://nzdotstat.stats.govt.nz/ 

0

10

20

30

40

50

60

70

80

Member
1

Member
2

Member
3

Member
4

Member
5

Member
6

Member
7

C
o

u
n

t Aged 0-19

Aged 20-39

Aged 40-59

Aged 60 +

12% 

88% 

Immigrant

New Zealander



45 

Electricity use 

Figure 3.12 below shows the distributions of summer and winter household 

expenditure on electricity. Not surprisingly, modal summer electricity use is relatively 

low and the summer distribution is less skewed to the right than that for winter. Most 

households in New Zealand use some type of electrical heating in the winter; and 64% 

of the sample households used electric heating, the majority using heat pumps. Mild 

summer temperatures in Dunedin – the daily mean maximum temperature is around 

18 degrees Celsius19 – mean very little use of electricity for cooling.  

Figure 3.12: Distribution of monthly expenditure on electricity 

 

Water heating 

Most sample households, 78.8%, heat water using standard electric cylinders. This is 

slightly higher than the national level of around 71% (Isaacs, Camilleri, & French, 

2007). I also asked whether the household, in exchange for a lower electricity rate, 

allows their electricity company to switch off power to the household’s water cylinder 

during peak periods, a practice known as ripple control. However, 38% of respondents 

were unable to answer with certainty. 

Heating source 

Figure 3.13 below compares the sources of energy used by the sample households 

with those used by the Dunedin population in 2006. Note that the census asks for all 

fuels used – so the percentages sum to greater than 100 because many households use 

more than one type of heater – whereas I asked only for the main heating source. 

                                                      
19

http://www.niwa.co.nz/education-and-training/schools/resources/climate 
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Though this makes some comparisons difficult, the clearest difference is that coal is far 

more commonly used across Dunedin than it appears to be in my sample. It may be 

that some of the households in the sample use coal, but do not consider it their main 

heating source. The majority of the Dunedin City households that use electricity for 

heating also use other sources; just 27% heat only with electricity.  

Figure 3.13: Distribution of main heating source, sample and Dunedin city population 

 

Own house outright 

A question on household ownership was asked. 56 (42%) households indicated that 

they own their houses outright and 61 (46%) indicated they did not. 15 (11%) people 

chose not to answer the question of whether they had a mortgage or not. Using online 

address data from Land Information New Zealand (LINZ)20, I managed to find mortgage 

data for most of those people by using information regarding when someone took out 

a mortgage and when it was discharged. This information was available for all but one 

person. For this person, based on their age and job, I would guess they would not need 

a mortgage. The end result is that 74 households had a mortgage, and 58 were without 

a mortgage. 

Year house was built. 

The survey queries when the participant’s house was built in 20-year intervals starting 

after the 1920s. Three participants did not know when their house was built. Using 

information from LINZ, I was able to determine that one of these houses was built 

after 1980, as the issue date of the property title was during the 1980’s. For the other 
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two with earlier issue dates, I asked a builder to give his opinion as to the period the 

houses were built, and both looked to be built in the 1970’s. Given this, only eight of 

the sample houses were built under a building code that required installation of 

thermal insulation at construction. 

Figure 3.14: Distribution of year sample house was built 

 

Expectations to stay in current house 

Slightly less than half of the households (49%) expect to remain in their house longer 

than ten more years. Roughly a quarter (27%) expect to stay between five and ten 

years. The remainder expect shorter stays: 13% for 3-5 years, 9% for 1-3 years and 3% 

less than a year. 

Figure 3.15: Distribution of sample expectations to stay in current house 
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Attitude towards energy consumption 

The survey includes a question to gauge household attitudes toward energy 

consumption. Just over 10% are happy with their current consumption; 26.5% are 

happy with their current consumption but would like to be more efficient; 16.7% 

would like to reduce for environmental reasons. The remaining 46% would like to 

reduce energy consumption to save money. 

Would you consider installing PV? 

A large majority of respondents, 73.5%, indicated that they would consider installing a 

solar PV system in the future. It seems likely that this proportion is higher than in the 

overall population, but is consistent with willingness to complete a survey about 

preferences for the characteristics of solar PV systems. 

Reward chosen 

From the three choices offered to participants for reward, more than a quarter (26.5%) 

were happy to complete the survey for no reward. The other participants are roughly 

equally split between the guarantee of $10 or the one-in-ten chance of $100 (37.9% 

and 35.6%, respectively). 

Overall, my sample seems to exhibit a skew to the higher educated and higher earning 

households. This might reflect the characteristics of the suburbs targeted or possibly, 

there is some reason that those who did not respond differ from those who did in 

these respects. As my response rate was around 50%, I feel that my results should still 

be meaningful because they probably reflect the views of those more likely to be in the 

market for a PV system. 

Difficulty 

I asked two questions to help determine the difficulty participants found in 

understanding and answering the trade-off questions. The majority of the participants 

did not find understanding and answering the survey difficult. 
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Figure 3.16: Distribution in perceived difficulty with trade-off questions 

 

Data processing issues 

Three participants completed the demographic section of the survey a second time. 

One person changed their degree and their summer electricity consumption. I decided 

to take the new data entry as their true input, except in the case where someone 

decided not to disclose their income on the second entry, leaving the other 

information unchanged. 

I emailed the people with multiple answers for corrections. One person had said she 

thought the email that was sent when she signed up the survey was a different survey. 

After that, I changed the email wording. Not all people got back to me with 

corrections, so I had to make some assumptions. 

One participant had several differences: their income from a reported number to 

prefer not to answer; for ripple control, going from do not know to no; and trade off 

questions difficult to answer, changed from neutral to easy. I kept the income number 

as they had already given their income details. I changed the ripple control answer to 

the new one as they might have checked and changed their mind. I kept the neutral 

answer for the difficulty question as it probably better reflects their feelings after 

taking the survey. 

Another participant with two entries had reported their income as one income band 
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straight after the first one and I chose the second one as I assume their first answer 

was not correct. 

Another participant redid the survey a week later. On the second entry, they had an 

extra household member and winter electricity use had gone from $151-200 to $51-

100. Since they use a heat pump as their main source of heating, I assume that the 

second entry was a mistake.  

3.4.2 Summary of participants’ preferences 

The 1000Minds software provides estimates of relative strength of preference for each 

level of each attribute for each participant. Table 3.5 summarises the results for the 

sample. The preference weightings in Table 3.5 have been multiplied by 100 for ease 

of viewing; accordingly, the weightings on the highest level of each attribute sum to 

100.  

How do we interpret the average preference weightings in the first column of 

numbers? A PV system with the lowest levels of each attribute – upfront cost of 

$22,500, monthly savings of $25, poor fit with the house, etc. – has value of 0, whereas 

the system with the highest levels of each attribute has a value of 100. The relative 

strength of preference for any other PV system defined in terms of one level of each 

attribute receives a rating between 0 and 100. Critically, the change in the rating of a 

PV system with a change in one level of any one attribute measures the relative 

increase in strength of preference from the (marginal) change. For example, moving 

from a system with a 3-year contract to one with no contract improves the rating of 

the system, on average in this sample, by 5.7 percentage points toward the top-rated 

system. Therefore, the information in the table provides not just a ranking of every 

system definable on the attributes, but also by how much, in relative terms, they vary 

in strength of preference. 

The weight on the highest level for each attribute represents the average relative 

strength of preference for that attribute (given how the levels are defined). Given an 

average participant, whose preferences match those in Table 3.5, the attribute they 

care the most about is avoiding a $22,500 upfront cost with a weighting of 26.8. 

Conversely, the weight on the attribute of the least concern – a bump up in the PV 

systems impact on the house value– is 6.1. Comparing these, we can say that, on 
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average, these participants care about avoiding a large upfront expenditure 4.4 times 

as much as they care about a relatively small impact on the house value, which seems 

plausible. Avoiding a 10-year contract is the second most strongly valued attribute. Ten 

years is a long commitment relative to no contract, but that it is valued more highly 

than saving $150 on the monthly electric bill seems surprising. The remaining three 

attributes, which represent practical aspects of PV systems have roughly similar 

average weights, which seems reasonable. 

For those attributes that have more than two levels, the weight on each level provides 

additional insight into sample-average householder preferences. The weights on the 

levels of the two attributes that involve money seem somewhat inconsistent. The 

weights on the levels of upfront cost indicate a roughly constant 9-point average 

increase in relative utility with each $7500 decrease in upfront expenditure. In 

contrast, the weights on the levels of monthly saving on the electricity bill indicate 

diminishing relative utility from additional increments of monthly savings; the first 

increase in saving of $50 per month ($600 per year) increases the score by 8.4, which 

seems high relative to the 9-point average increase from a one-off saving of $7500 on 

upfront cost. An additional monthly saving of $75 ($900 per year) generates only 5.7 

additional points, on average. Why this apparent inconsistency arises is unclear, 

though it may have been better to include the implied annual savings associated with 

each level of monthly savings. The levels on the length of contract lock-in indicate 

roughly linear changes in satisfaction with length of contract, which seems plausible. 

Importantly for our purposes, the standard deviations of and ranges in the preference 

weights on each level of each attribute are quite large, which indicates considerable 

heterogeneity in preferences across the participants. This heterogeneity will be 

investigated in the next chapter. 
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Table 3.5: Summary statistics of preference weightings 

Upfront cost (equipment & installation) Mean 
Std. 
dev Min Max 

$22,500  0.0 0.0 0.0 0.0 

$15,000 9.8 5.2 0.8 23.6 

$7500 17.8 7.5 3.8 38.6 

$0 26.8 10.1 4.8 58.4 

Your average monthly electricity bill falls by about 

    
$25 0.0 0.0 0.0 0.0 

$75 8.4 4.2 1.0 22.5 

$150 15.0 6.4 4.0 42.9 

The system fits with your house  

    
Somewhat poorly (looks odd or requires 
alterations to install) 0.0 0.0 0.0 0.0 

Well 13.3 7.5 0.9 30.3 

Contract period (lock-in) with one electricity retailer 

    
10 years 0.0 0.0 0.0 0.0 

3 years 11.5 7.1 0.8 29.9 

No contract period (can switch retailer any time) 17.2 9.1 1.7 38.9 

Confidence the system will work as advertised 

    
Somewhat unsure (about 70% certain) 0.0 0.0 0.0 0.0 

Very confident (95% - 100% certain) 11.4 6.5 0.8 29.7 

Impact on when you use electric appliances  

    
Some impact (better when the sun is shining) 0.0 0.0 0.0 0.0 

No impact (use them any time) 10.3 6.9 0.9 27.2 

The market value of your house increases by 

    
About 50% of the cost of installing the system 0.0 0.0 0.0 0.0 

At least 75% of the cost of installing the system 6.1 4.8 0.8 20.3 
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4. Variation in preferences for PV 

Using each participant’s weight on the highest level of each attribute, 1000Minds 

provides attribute rankings based on fractional ranking21. Table 4.1 shows that most of 

the sample (55%) made choices that reveal avoiding a $22,500 upfront expenditure as 

the most important attribute. About 20% made choices that reveal a primary desire to 

avoid locking-in to a 10-year contract. Impact on house value was only a main concern 

for 2% of the sample. 

Table 4.1: Ranking of attributes 

Attribute Mean 

# who rank this as 

the most 

important* 

% who ranked 

this the most 

important* 

Upfront cost  1.94 73 55.3% 

Contract period (lock-in) 3.38 27 20.5% 

Fit with house  3.89 14 10.6% 

Average monthly savings on 

electricity bill 3.74 10 7.6% 

Confidence that the system will 

work as advertised 4.43 6 4.5% 

Impact on when you use electric 

appliances (e.g. to take advantage 

of solar energy)  4.80 6 4.5% 

Impact on house market value 5.82 3 2.3% 

* Includes first equal    

As explained earlier, the pair-wise rankings made by each respondent allow estimation 

of their relative utilities of each level of each attribute. Not surprisingly, there is quite a 

bit of variation in these utilities across respondents. This variation suggests that a one-

size-fits-all approach to policy that aims to reduce barriers to the uptake of PV may be 

                                                      
21

 Attributes that receive an equal ranking (e.g. 2
nd

 equal) receive the same ranking number, which is the 
mean of what they would have under normal ordinal rankings (e.g. 2

nd
 equal becomes 2.5 (average of 

2 and 3)). 
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inappropriate. Instead, policy might be tailored to differing groups of householders. 

The objective of this chapter is to identify policy-relevant clusters or market segments 

of participants based on their preferences. Cluster analysis is a method of grouping 

respondents with similar patterns in their relative utilities, i.e. groups of people whose 

preferences are similar. Other than improvement in policy outcomes, the clustering of 

householders according to the patterns in their preferences for attributes provides a 

way to understand the extent of preference heterogeneity across the sample. 

Clustering also facilitates investigation of the extent to which observable 

characteristics of respondents correspond to preferences for attributes of PV. 

4.1 Method 

There are many clustering methods, but the two most common general types are 

hierarchical and partitioning clustering. 

Figure 4.1 depicts the process of hierarchical clustering. In the figure, there are 20 

observations to cluster. Each observation is initially considered as a cluster. Clusters 

are then combined with other similar clusters in steps until all observations are part of 

one cluster (Fielding, 2007). Jain and Dubes (1988) describe this process as a “nested 

sequence of partitions”. This can be seen in Figure 4.1 with each observation or cluster 

nested under another as they agglomerate to form new clusters. This figure is known 

as a dendrogram.  

There are several hierarchical clustering methods available, such as single linkage, 

centroid linkage, and Ward’s method. They mostly use a dissimilarity measurement to 

determine the distance between the clusters and then combine those clusters that are 

closest. 

An advantage of hierarchical clustering is that the dendrogram allows a visual 

identification of the distinctiveness of clusters at each step. A dendrogram displays the 

number of initial clusters on the horizontal axis with the dissimilarity measure on the 

vertical axis. A dissimilarity measure, as the name suggests, measures the level of 

dissimilarity across the range of attributes that are being used for clustering. The closer 

two observations are to each other, the smaller the dissimilarity measure. 
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Figure 4.1: Example of Hierarchical Clustering 

 

The (major) disadvantage of hierarchical clustering is that at any stage in the process, 

clusters might be made more distinct from others if observations could be re-allocated 

to clusters that are more similar. For example, two objects allocated to different 

clusters when the number of clusters is two, might be best placed together in a cluster 

when the number of clusters is three. This is impossible with hierarchical clustering. 

Kaufman and Rousseeuw (1990) explain this well by saying that “A hierarchical method 

suffers from the defect that it can never repair what was done in previous steps” (p. 

44).  

Partitioning clustering on the other hand sorts observations to a predetermined 

number of clusters (Grabmeier & Rudolph, 2002). A common partitioning technique is 

known as k-means clustering.  

4.1.1 K-means clustering 

K-means clustering is a partition-based algorithm used to assign observations into k 

groups. The ‘k’ in k-means represents the number of clusters chosen by the researcher. 

Below are the steps that k-means follows. 
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1. Begin by choosing k observations that become the initial seeds or centroids 

around which k clusters are created. 

2. Each observation is then assigned to the centroid nearest in terms of some 

distance measure, such as Euclidean distance based on each observation’s own 

set of utilities22. 

3. The mean of each cluster then becomes the new centroid value. 

4. Steps 2 and 3 are repeated until there is convergence with no change in the 

centroids. 

Once completed, this routine gives a solution with k clusters in which each observation 

within each cluster has preferences for attributes that are more similar to others in 

their own clusters than to those in other clusters. The benefit of k-means is that 

observations are allocated independently; their allocation does not depend on how 

they are allocated with smaller or larger k. This can be seen when comparing Table 4.2 

below with Figure 4.1 above. This cross tabulation compares the cluster membership 

between a 2-cluster solution and a 3-cluster solution. This shows that the new cluster 

created (cluster 3) in the 3-cluster solution gains members from both of the existing 

clusters. This is in contrast to the situation shown in the dendrogram above where, 

because of the nested nature of the clustering, the three clusters (as shown by the red 

line) cannot have that same relationship as in the k-means example. 

Table 4.2: Example of k-means: Cross tabulation of a 
2-cluster solution vs a 3-cluster solution  

 2-cluster solution 
 3-cluster solution 1 2 Total 

1 0 43 43 

2 42 0 42 
3 34 13 47 

Total 76 56 132 

 

Of interest when using k-means is that the cluster solution may not be unique as 

solutions can depend on the initial choice of seeds. Initial seeds are usually chosen at 

random from the observations within the sample, but there are other methods, such 

as: randomly chosen from a uniform distribution over the range of the data; using a 

particular number pattern; or the seeds can be chosen by the researcher. The default 

                                                      
22

 I used squared Euclidean distance function: 𝑑(𝑥, 𝑦) = ∑ (𝑥𝑖
𝑛
𝑖=1 − 𝑦𝑖)2 
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in Stata is to choose k observations randomly from the data. I used this method as it 

allows exploration of the reproducibility or stability of a solution over multiple trials.  

4.1.2 Reproducible clusters 

One concern when using k-means is that k-means solutions may depend on the 

particular choice of seeds, which may lead to a local instead of a global optimum 

(Luxburg, 2010). To treat this issue, the k-means routine can be run multiple times with 

new seeds chosen randomly for each trial. This allows investigation over the range of 

potential cluster solutions for each k. Investigating multiple trials or runs of the k-

means program increases the probability of observing a cluster solution that is the 

same as, or is at least similar to the global optimum. The repetition of k-means also 

makes it possible to observe the frequency of occurrence of a particular solution. To 

ease this investigation, I wrote a program in Stata that helps me identify similar 

solutions in multiple trials.23 

To obtain multiple cluster solutions, my program runs the k-means clustering routine 

200 times, each with a different random selection of seeds, for each k. I found 200 

trials sufficient to obtain a list of different cluster solutions that were reproducible. If 

desired, a larger number may be used.  

Since cluster solutions typically vary across trials as seeds vary, we need criteria by 

which to judge a solution. Two criteria that seem especially relevant are the 

distinctiveness of the clusters and the frequency with which the solution arises in 

repeated trials (i.e. starting from different seeds). In other words, a good cluster 

solution is one that is highly distinctive, and is stable (frequently occurs). I use the 

variance ratio criterion to check distinctiveness and Cramer’s V to check the stability. 

Stability is important because a higher probability of occurrence for a particular 

solution provides a greater confidence that this solution is a global optimal solution 

(Jain & Dubes, 1988). 

Distinctiveness 

Distinctiveness shows that for a cluster solution, each cluster is distinct from another, 

while those allocated in each cluster are similar. The variance ratio criterion (VRC) by 

Calinski and Harabasz (1974) is as follows. The VRC is a pseudo-F statistic and is based 
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 See Appendix E for program code. 
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on the ratio of the overall variation between clusters to the overall variation within 

clusters. The higher the between cluster variation and the lower the within-cluster 

variation, the higher the VRC, and the more distinct, i.e. ‘better’, the clusters are. The 

VRC is calculated as: 

 VRCk = (SSB / (k-1)) / (SSW / (N-k)),  (4.1) 

where N and k are the number of observations and the number of clusters, 

respectively, SSB is the between-cluster variance, and SSW is the within-cluster 

variance. 

Stability 

The stability of each cluster solution can be measured by finding the proportion of 

other cluster solutions that are identical or similar, i.e. have the same interpretation. 

Cramér’s V can be used to measure the degree of similarity between two cluster 

solutions. Cramér’s V is based on a Pearson chi-squared test: 

𝜒2 = ∑
(𝑛𝑖𝑗 −  

𝑛𝑖𝑛𝑗

𝑛 )2

𝑛𝑖𝑛𝑗

𝑛𝑖,𝑗

, (4.2) 

𝐶𝑟𝑎𝑚é𝑟′𝑠 𝑉 = √
𝜒2/𝑛

min (𝑘 − 1, 𝑟 − 1)
, (4.3) 

where nij
 represents the individual cell of row i and column j of a cross tabulation of 

any two solutions; ni is the row total; nj is the column total; n represents the total 

observations; r represents the number of rows; k represents the number of columns.  

As an example, the cross tabulation in Table 4.3 compares the cluster membership 

between two of the 200 trials when k=3. The two solutions are nearly identical, with 

only one household assigned differently. Consequently, Cramér’s V is very high at 0.99. 

The similarity of the cluster membership implies that each cluster should have similar 

attribute means and interpretation, i.e. a small difference in cluster membership 

should not affect the interpretation of a cluster. 
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Table 4.3: Crosstab of observations to clusters across two 3-cluster solutions 

 
Cluster solution 2 

 Cluster Solution 1 1 2 3 Total 

1 0 44 0 44 
2 1 0 45 46 
3 42 0 0 42 

Total 43 44 45 132 

     Cramér’s V = 0.9888 
 

Cramér’s V varies from 0 to 1; the higher the value, the higher the association. From 

experimenting with cross tabulations of clusters, I found that a Cramér’s V of at least 

0.8 indicates clusters with essentially similar interpretations, whereas a Cramér’s V of 

less than about 0.8 indicates solutions with interpretations that differ. Therefore, the 

lower the Cramér’s V between any two cluster solutions, the more likely they have 

interpretations that differ.  

When comparing similar cluster solutions with a high Cramér’s V, they might not be 

exact copies of each other, but have only minor variation from a few participants 

switching clusters. However, the interpretation of both cluster solutions is still the 

same when looking at each clusters’ mean weights on the attributes. This minor 

variation is called jittering (Luxburg, 2010).  

The benefit of using Cramér’s V to measure association compared with other measures 

such as Pearson’s correlation coefficient is that the ordering of the clusters (number 

associated with each cluster) in each solution does not have to be the same (e.g. 

clusters 1,2,3 vs clusters 3,1,2). This allows me to compare the different cluster 

solutions in which the numbering of similar clusters is not consistent.  

Output 

My program creates a list, as shown in Table 4.4, which shows stability of the each 

cluster solution and helps in the identification of multiple stable distinctive cluster 

solutions for a particular k. This example shows the cluster solutions ranked by their 

distinctiveness for when k=4. While I ran 200 trials, I have only shown the 40 most 

distinctive cluster solutions. 

The fourth column shows the Cramér’s V for the comparison of each cluster solution 

and the most distinctive cluster solution (CS4.9). Using these numbers, it is possible to 
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look for other cluster solutions that have a different interpretation to the best cluster 

solution, but are still similarly distinctive, i.e. similar VRC, but Cramér’s V below 0.8. For 

example, looking down the list, the fist cluster solution that has a Cramér’s V of below 

0.8 is CS4.69. Given a Cramér’s V of 0.685 and a VRC of 28.67, this solution is similarly 

distinctive, but with alternative cluster interpretations. 

Since a potential alternative clustering solution was found with CS4.69, this table was 

repopulated to show the last column, which uses Cramér’s V to compare every cluster 

solution against CS4.69. Additional columns may be created to explore for more 

distinct, stable solutions if the Cramér’s V is below 0.8 for all chosen cluster solutions. 

Using this list, there appears to be no other cluster solutions that have a Cramér’s V of 

below 0.80 for both CS4.9 and CS4.69. 

The stability of each cluster solution is shown in columns five through seven. The first 

of these columns shows the number of other cluster solutions sufficiently similar to 

CS4.9 to generate a Cramer’s V of 0.9 or higher. The second and third of these columns 

correspondingly shows the number of other clusters that generate a Cramer’s V of 

0.85 and 0.80 or higher, respectively. Therefore, given the cut-off of 0.80, 36 of the 

200 solutions are effectively similar to CS4.9, the solution with the highest VRC. 

This raises the question of which of these cluster solutions is ‘best’. That associated 

with CS4.9 appears marginally better in terms of distinctiveness and stability. However, 

it may be worth looking at both. In general, I chose to ignore any solution with stability 

less than 20% as the relatively small sample of 132 observations tended to generate 

less stable solutions. 
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Table 4.4: Program output – Finding stable cluster solutions 

Rank VRC 

Cluster 
solution 

name 

Cramér’s V 
against the 

best 
Stability - number of similar 
clusters with Cramér’s V ≥ 

Cramér’s V 
against 
CS4.69 

  
  0.90 0.85 0.80 

 1 29.27 CS4.9 1.000 10 19 36 0.685 

2 29.25 CS4.2 0.989 10 19 37 0.683 

3 29.23 CS4.68 0.992 10 18 35 0.686 

4 29.23 CS4.167 0.990 9 21 35 0.674 

5 29.01 CS4.162 0.935 12 20 35 0.721 

6 28.98 CS4.145 0.957 8 18 30 0.644 

7 28.97 CS4.80 0.888 8 23 37 0.624 

8 28.95 CS4.65 0.912 10 15 29 0.731 

9 28.94 CS4.164 0.903 11 19 34 0.706 

10 28.93 CS4.123 0.917 9 25 36 0.647 

11 28.92 CS4.76 0.876 13 22 33 0.684 

12 28.90 CS4.62 0.857 12 18 31 0.677 

13 28.90 CS4.102 0.857 12 18 31 0.677 

14 28.86 CS4.170 0.871 10 24 26 0.703 

15 28.86 CS4.134 0.879 10 24 26 0.702 

16 28.83 CS4.33 0.839 14 21 37 0.703 

17 28.79 CS4.129 0.830 12 18 28 0.707 

18 28.76 CS4.85 0.826 10 16 26 0.701 

19 28.75 CS4.97 0.825 13 19 27 0.716 

20 28.73 CS4.50 0.817 10 16 25 0.713 

21 28.71 CS4.107 0.868 6 21 31 0.720 

22 28.67 CS4.69 0.685 11 18 35 1.000 

23 28.61 CS4.98 0.670 8 16 30 0.959 

24 28.58 CS4.44 0.660 8 18 30 0.942 

25 28.57 CS4.93 0.661 8 17 35 0.949 

26 28.54 CS4.196 0.670 8 21 32 0.909 

27 28.53 CS4.200 0.648 10 22 35 0.963 

28 28.51 CS4.60 0.669 8 18 29 0.937 

29 28.48 CS4.78 0.676 10 13 27 0.940 

30 28.45 CS4.67 0.727 3 17 25 0.907 

31 28.42 CS4.188 0.667 6 21 35 0.929 

32 28.41 CS4.4 0.892 1 8 17 0.646 

33 28.37 CS4.141 0.691 6 16 35 0.855 

34 28.37 CS4.112 0.742 1 15 29 0.887 

35 28.36 CS4.46 0.629 4 13 29 0.863 

36 28.34 CS4.11 0.839 4 8 17 0.587 

37 28.34 CS4.192 0.695 5 18 35 0.846 

38 28.29 CS4.199 0.683 7 14 24 0.910 

39 28.29 CS4.120 0.833 5 8 19 0.618 

40 28.29 CS4.151 0.833 5 8 19 0.618 
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4.1.3 Cluster validation 

A potential problem with k-means is that it will find clusters when there are none to be 

found. For example, if the data are simply random draws from a uniform distribution, 

then the clustering algorithm will still split the data into k groups. The example shown 

in appendix D shows that clustering data from random draws from the uniform 

distribution creates cluster solutions that have no stability and many equally distinct 

cluster solutions with similar VRCs. The cluster solutions from my data are at least 

better than the meaningless clusters created from a uniform distribution. 

4.1.4 Cluster diagnostics (robustness) 

To examine the effectiveness of my program at reaching the global optimum cluster 

solutions, I carried out several variations in the program design. 

To examine the sufficiency of the choice of 200 trails, I reran my clustering program 

with 400 trials. This produced similar results across all my k cluster solutions. The 

stability as a percent of total trials was also similar. Either way, both numbers 

represent a tiny fraction of the total possible number of ways that 132 observations 

can be partitioned into k clusters24, and it is not computationally feasible to examine 

all possible solutions. Therefore, using 200 trials should be sufficient to characterise 

the distribution of cluster solutions.  

In an attempt to improve stability, I looked at using a different method of choosing the 

initial cluster seeds by using a variation on k-means called k-means ++. K-means ++ is 

an effort to avoid the poor clustering that can sometimes result from using k-means 

due to unhelpful random draws of initial cluster seeds, e.g. draws that are very close to 

each other (Arthur & Vassilvitskii, 2007). The centres found using k-means ++ are still 

chosen randomly from the observations in the sample, but in each successive draw, 

observations at a greater distance from those already chosen as seeds are given higher 

probability of being chosen. The routine for choosing initial seeds starts by choosing 

one observation at random as the first cluster centre, and then weights each of the 

other observations based on distance from the first one chosen. A second seed is then 

chosen with more distant observations more likely to be chosen. Remaining 

                                                      
24

 The total number could be calculated using Stirling numbers of the second kind. For k=3, n=132, total 
number of partitions is 1.24E+78 
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observations are then weighted by distance from the first two, and so on. The cluster 

solutions from k-means ++ were similar to those from the original k-means clustering 

method. 

I also tried drawing initial cluster seeds randomly from a uniform distribution rather 

than randomly from the observations in the data. I found little difference in the 

distributions of cluster solutions. 

4.2 Cluster outcomes 

This section applies the methodology explained above to cluster the sample based on 

their strength of preference for attributes of solar PV systems. I first decide on which 

elements of the preferences collected I use for clustering. I then explore how the 

clusters and cluster membership changes as k increases. Finally, I decide which clusters 

are useful for analysis. 

4.2.1 Attributes to cluster on 

As described earlier each observation consists of seven attributes of which three have 

more than two levels. I decided to try clustering two ways, one using only the highest 

level (best option) for each attribute (e.g. $0 upfront cost, no long-term contract, etc.), 

and one using all of the levels for each attribute.  

Table 4.5 shows the sample average weightings respondents apply to each level of 

each of the attributes. When clustering using all of the levels, I used the marginal 

weighting (change in weighting from one level to the next) instead of the full weighting 

shown at each level. I did this to prevent a large skew towards those attributes with 

more levels since using the full weightings means that the same information is being 

used multiple times in the cluster analysis.  

The potential difference between the two methods is the information contained. For 

example, two participants may have the same weighting on the best option of an 

attribute, but they vary in how that weighting is allocated across the levels. For 

example, two participants may weight avoiding an upfront cost of $22,500 at 30.0, but 

the weights may increase linearly in the levels for one participant and increase at an 

increasing rate for the other.  
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For both cases, I ran k-means processes as outlined above for clusters with ‘k’s of 2 to 

7. When using only the highest levels, clusters with a k of 2 to 5 showed stability at or 

above 25% of the 200 trials.  

Table 4.6 shows the stability levels for each k cluster solution when using only the 

utility values of the highest level of each attribute. Table 4.7 shows the stability of the 

clustering using the marginal utilities of each level of each attribute. In both tables, 

stability falls as k gets bigger, but for any k stability is lower using the marginal utilities. 

I suspect the reason that the clustering using the marginal utilities has less stability is 

that there is greater variation across participants. I decided to continue the cluster 

analysis using only the highest level of each attribute. The solutions are more stable 

and the focus only on each attribute (rather than its levels) eases the interpretation of 

the solution. 
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Table 4.5: Full vs marginal weightings 

Upfront cost (equipment & installation) Mean Marginal 

$22,500  0.0 0.0 

$15,000 9.8 9.8 

$7500 17.8 8.0 

$0 26.8 9.0 

Your average monthly electricity bill falls by a about 

 

 

$25 0.0 0.0 

$75 8.4 8.4 

$150 15.0 6.6 

The system fits with your house  

 

 

Somewhat poorly (looks odd or requires alterations to install) 0.0 0.0 

Well 13.3 13.3 

Contract period (lock-in) with one electricity retailer 

 

 

10 years 0.0 0.0 

3 years 11.5 11.5 

No contract period (can switch retailer any time) 17.2 5.7 

Your confidence that the system will work as advertised 

 

 

Somewhat unsure (about 70% certain) 0.0 0.0 

Very confident (95% - 100% certain) 11.4 11.4 

Impact on when you use electric appliances  

 

 

Some impact (better when the sun is shining) 0.0 0.0 

No impact (use them any time) 10.3 10.3 

The market value of your house increases by 

 

 

About 50% of the cost of installing the system 0.0 0.0 

At least 75% of the cost of installing the system 6.1 6.1 
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Table 4.6: Stability of cluster solutions 
using only the weightings 
from the highest level 

 Table 4.7: Stability of cluster solutions 
using the marginal 
weighting of each level 

k Number of solutions*  k Number of solutions* 

2 136 68.0 %  2 60 30.0 % 

3 76 38.0 %  3 24 12.5 % 

4 53 26.5 %  4 29 14.5 % 

5 50 25.0 %  5 14 7.0 % 

6 18 9.0 %  6 15 7.5 % 

*Cramér’s V ≥ 0.8   *Cramér’s V ≥ 0.8  

4.2.2 Evolution of clusters as k increases 

Using the methodology set out earlier, I clustered the sample of 132 householder 

preferences on the weights of the highest level of each of the seven attributes. I 

produced cluster solutions for values of k from 2 to 6 clusters. Of some interest is how 

the assignment of households to clusters evolves as the number of clusters, k, 

increases. These transitions are shown in Tables 4.8-4.11. For example, Table 4.8 cross-

tabulates the assignment of respondents in the 2- and 3-cluster solutions. The 43 

respondents assigned to cluster 1 of the 3-cluster solution all came from cluster 1 in 

the 2-cluster solution. In essence, clusters 1 and 2 of the 3-cluster solution are similar 

to clusters 1 and 2 of the 2-cluster solution. Cluster 3 consists of respondents from 

both of the clusters in the 2-cluster solution. Looking down the tables, the additional 

cluster sometimes comes from one cluster split in two, or the new cluster might take 

respondents from several clusters.  

Tables 4.12-4.16 show the cluster solutions from k=2 to k=6. Each shows the mean 

utility values on each attribute in each cluster. The bold shaded cells indicate the 

attributes of relative importance of each cluster, i.e. the defining attributes of the 

cluster. Each table also shows the total number of participants in each cluster and the 

average within-cluster pairwise correlation (correlation between each individual 

participant within a cluster). 

Using these nine tables, I evaluate the changes in the clusters as k increases. When k 

equals 2, we get a highly stable solution with 68% of the 200 trials being similar or 

equal to the best solution. This 2-cluster solution is shown in Table 4.12. In cluster 1 of 
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the 2-cluster solution (which I call the Thrifty cluster), participants are mainly 

concerned about upfront cost. The other cluster (the Freedom Cluster), has similarly 

strong concern for avoiding a 10-year contract. I have labelled these groups based on 

what I think describes their common concern. For example, those who care a lot about 

upfront cost prefer a cheap system, whereas those who care about not being in a long-

term contract desire freedom in their relationships with PV or electricity suppliers. 

We can see that as k increases from 2 to 3 in Table 4.8 the Freedom cluster (cluster 2 

of the 2-cluster solution) splits roughly into two clusters with the new cluster also 

grabbing some householders from the Thrifty cluster (cluster 1 of the 2-cluster 

solution). This new cluster is quite a bit less cohesive than the other two clusters based 

on the intra-cluster pair-wise correlation seen in Table 4.13, but from the mean of the 

attributes, we can see that the attributes ‘monthly savings’ and ‘confidence in system’ 

are relatively important to this group compared to those in the other clusters. I 

associate this cluster as those who are practical in that they want a system they know 

will work well and deliver promised savings.  

The addition of a fourth cluster as shown in Table 4.9 and Table 4.14 splits the Thrifty 

and Practical clusters to create a cluster in which participants care a lot about upfront 

cost but also care about the impact of the system on the look of the house. 

Interestingly there is little change to the freedom cluster. Building-integrated 

Photovoltaic (BIPV) systems might best describe the type of system that this new 

group would want since this technology integrates the PV panels into the roofing 

material. Again, we can see in Table 4.14 that the magnitudes of the utility values on 

the cluster-defining attributes and the within-cluster correlations are increasing. 

The move to five clusters is interesting as only one cluster is much affected in the 

creation of the new cluster. Table 4.10 shows that the Freedom cluster from the 4-

cluster solution splits in half with few people switching from other clusters. From those 

two clusters, as seen in Table 4.15 there is still a Freedom cluster, but those in this 

cluster now have stronger preference for having no contract. Those in the new 

Freedom/Aesthetics cluster still care somewhat for having no contract, but they also 

care relatively about the impact on the aesthetics of the house.  
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Clusters start to get small with the creation of a sixth cluster. As indicated in Table 4.11 

and Table 4.16, the new cluster has only nine participants, and it is created out of the 

Practical cluster, bringing with it those who are mainly concerned with monthly 

savings. Those left in the Practical cluster no longer care as much about monthly 

savings and care more about there being no impact on time of use of electricity. These 

two clusters can be more appropriately labelled as the Flexible cluster as they are 

willing to adjust their consumption habits to save money, and the other small cluster 

as the Savings cluster, as their main concern is about monthly electricity savings. It is 

important to note that the Savings cluster also places a low relative importance in 

being locked into a long-term contract. This might imply that they are willing to lock 

into a contract to increase their return. Another point of comparison across cluster 

solutions is how highly correlated the preferences for attributes are within each 

cluster. It should be expected that as k increases, the preferences of those 

respondents in each cluster should become more similar, i.e. more highly correlated. 

To investigate the extent of this effect, I calculated the average pairwise correlation 

between respondent preferences within each cluster. The results are presented 

underneath each table in Tables 4.12-4.16. 

As a point of reference, the average overall pairwise Pearson correlation when k = 1, 

i.e. no clustering, is 0.387. While this number may seem high, it is the result of the 

relative strength of preference for the two attributes upfront cost and capitalisation in 

house price, which are roughly similar across the sample: upfront cost is generally 

important and capitalisation in house price is generally not important. Removing those 

two attributes from the equation decreases the correlation to 0.086. For comparison, I 

created a list of all possible combinations of seven ranked variables following a 

uniform distribution, and I found the average pairwise correlation when all 

observations on the list agree on the ranking of one variable, and then with two 

variables. The correlations were 0.3741 and 0.640.  

By comparing the intra-cluster correlations as k increases, we can see that as the 

number of groups increases the previous groups’ intra-group correlations increase (e.g. 

the intra-cluster correlations in the Thrifty cluster increases from 0.6764 to 0.7675 

when a third cluster is added). This is as expected that clusters become more defined 

as observations break off to form new clusters or combine with other clusters. Even 
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though the tables show that the clusters split, the interpretation of one of the new 

clusters still roughly corresponds to that of the parent cluster, though usually with 

more extreme magnitudes in the weightings.  
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Table 4.8: Crosstab of observations to clusters across 
the 2-cluster solution and the 3-cluster 
solution 

3-Cluster 

solution 

2-Cluster solution 

Total 

 

1 2 

1 43 0 43  

2 0 42 42  

3 13 34 47  

Total 56 76 132  

     

Table 4.9: Crosstab of observations to clusters across 
the 3-cluster solution and the 4-cluster 
solution 

4-Cluster 

solution 

3-Cluster solution 

Total 1 2 3 

1 24 0 0 24 

2 0 41 2 43 

3 0 0 30 30 

4 19 1 15 35 

Total 43 42 47 132 

     

Table 4.10: Crosstab of observations to clusters across the 4-cluster 
solution and the 5-cluster solution  

5-Cluster 

solution 

4-Cluster solution 

Total  1 2 3 4 

1 22 0 0 0 22  

2 1 23 0 0 24  

3 1 0 27 0 28  

4 0 0 0 33 33  

5 0 20 3 2 25  

Total 24 43 30 35 132  

Table 4.11: Crosstab of observations to clusters across the 5-cluster solution 
and the 6-cluster solution 

6-Cluster 

solution 

5-Cluster solution 

Total 1 2 3 4 5 

1 21 0 0 0 0 21 

2 0 22 3 0 0 25 

3 0 1 16 2 5 24 

4 1 0 0 31 0 32 

5 0 1 0 0 20 21 

6 0 0 9 0 0 9 

Total 22 24 28 33 25 132 
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Table 4.12: 2-Cluster solution  Table 4.13: 3-Cluster solution 

 
Thrifty Freedom 

 
Thrifty Freedom Practical 

 (1) (2)  (1) (2) (3) 

Upfront cost 35.4% 20.5% 

 

38.1% 20.7% 21.8% 

Monthly savings 16.1% 14.1% 

 

14.7% 12.6% 17.3% 

Impact on house looks 12.3% 14.1% 

 

12.5% 14.5% 13.0% 

Having no contract 11.0% 21.7% 

 

11.7% 27.1% 13.3% 

Confidence in system 11.0% 11.6% 

 

9.7% 8.2% 15.7% 

No impact on TOU 7.6% 12.2% 

 

6.7% 11.6% 12.3% 

Capitalisation in house price 6.5% 5.9% 

 

6.6% 5.2% 6.6% 

Number in cluster 56 76 

 

43 42 47 

Average cluster pairwise correlation .6764 .3461  .7675 .5587 .3237 

     

Table 4.14: 4-Cluster solution 

 

   

 Thrifty Freedom Practical BIPV   
 (1) (2) (3) (4)   

Upfront cost 42.2% 20.5% 21.0% 28.9%   

Monthly savings 15.1% 12.8% 20.4% 12.8%   

Impact on house looks 7.5% 14.1% 11.3% 18.0%   

Having no contract 13.0% 27.1% 11.6% 12.6%   

Confidence in system 8.7% 8.7% 15.0% 13.2%   

No impact on TOU 7.9% 11.8% 15.5% 5.6%   

Capitalisation in house price 5.5% 5.0% 5.1% 8.9%   

Number in cluster 24 43 30 35   

Average cluster pairwise correlation .8255 .5535 .4409 .6575   
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Table 4.15: 5-Cluster solution 

      
 Thrifty Freedom Practical BIPV 

Freedom/ 
Aesthetics 

 

 (1) (2) (3) (4) (5)  

Upfront cost 42.9% 23.8% 22.1% 29.5% 17.1%  

Monthly savings 14.3% 14.2% 21.4% 13.1% 11.6%  

Impact on house looks 8.0% 8.2% 10.2% 18.0% 20.2%  

Having no contract 12.3% 30.2% 11.2% 12.4% 21.9%  

Confidence in system 8.8% 9.7% 14.7% 13.0% 9.5%  

No impact on TOU 8.4% 9.5% 15.0% 5.2% 14.1%  

Capitalisation in house price 5.4% 4.4% 5.4% 8.8% 5.7%  

Number in cluster 22 24 28 33 25  

Average cluster pairwise correlation .8470 .7124 .4735 .6922 .4854  

       

       

       

       

Table 4.16: 6-Cluster solution 

      
 Thrifty Freedom Flexible BIPV 

Freedom/ 
Aesthetics 

Savings 

 (1) (2) (3) (4) (5) (6) 

Upfront cost 43.2% 22.7% 22.2% 29.9% 17.5% 22.8% 

Monthly savings 14.0% 15.5% 13.8% 13.6% 11.6% 31.5% 

Impact on house looks 7.6% 7.4% 11.3% 18.4% 21.8% 10.9% 

Having no contract 12.7% 29.2% 13.6% 11.9% 23.3% 8.0% 

Confidence in system 8.9% 11.3% 14.9% 12.6% 7.7% 11.6% 

No impact on TOU 8.6% 9.1% 18.2% 4.6% 13.1% 10.2% 

Capitalisation in house price 5.2% 4.9% 6.0% 9.0% 4.9% 4.9% 

Number in cluster 21 25 24 32 21 9 

Average cluster pairwise correlation .8529 .6729 .4561 .7132 .6021 .6905 
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4.2.3 Useful cluster solutions 

After finding cluster solutions for each k, there is then the decision of which ks are 

useful to interpret and study further. Some studies such as Luxburg (2010) describe a 

true or optimal choice of k, but given clustering is really an exploratory tool, there may 

not be only one optimal choice of how the data might be represented. The data might 

be equally well represented at different values of k that might depend on the level of 

detail required.  

Mooi and Sarstedt (2014) list several criteria that can be used to help judge the 

usability and interpretability of a cluster solution. These are ones that apply in my 

case:  

 Compactness: clusters exhibit a high VRC (high between-cluster to within-

cluster variance) 

 Substantial: clusters are large enough to enable further analysis  

 Differentiable: clusters differ in their interpretation 

 Actionable: clusters can be targeted by policy 

 Parsimonious: number of clusters is small enough to be managed meaningfully 

Mooi and Sarstedt (2014) acknowledge there are trade-offs in the choice of number of 

clusters. On the one hand, you want a cluster solution with a k small enough that the 

analysis is manageable. On the other hand, a larger number of clusters provide more 

detail about the variation in preferences. 

I chose the 3-cluster solution as the cluster solution on which to base further analysis. 

The 2-cluster solution is not ideal to interpret as it lacks enough detail. The 4-cluster 

solution is not unique, as shown in Table 4.4. Having two 4-cluster solutions creates 

uncertainty around which cluster solution to interpret. The 5-cluster solution is a 

candidate for further analysis, but the number of participant households in each 

cluster is getting small. The Savings cluster in the 6-cluster solution is quite small, 

limiting analysis. 
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4.3 Policy implications 

As mentioned earlier, the Government currently has several objectives around 

increasing the proportion of electricity generated from renewable energy sources, and 

consequently for increasing use of solar PV. The impact of these goals depends on the 

relative importance people place on the specific policies put in place to achieve them, 

e.g. subsidies for purchase and installation of a solar system affect those who care 

strongly about the upfront cost. Therefore, the impact of these policies may be 

improved by targeting each of the market segments identified. 

From the cluster analysis, I identify three useful clusters or market segments based on 

preferences for attributes of solar PV. These market segments each revolve around 

one or two defining attributes of solar PV systems. While most participants in the 

sample place a relatively highly importance for upfront cost, two of the groups also 

care relatively strongly about other attributes. The market segments are: Thrifty, those 

who are concerned mainly with avoiding a high upfront expenditure; Freedom, those 

who are keen to avoid a long-term contract with an electricity retailer; and Practical, 

those who care about the practical aspects of PV systems, i.e. that they have 

confidence in the system performing as expected and a concern with the monthly 

savings they receive from the PV system.  

It is important to bear in mind that in evaluating these preferences collected in the 

survey, that they represent a participant’s relative strength of preference, not their 

absolute strength of preference. This can imply that although a participant might place 

a high relative importance on upfront cost, the impact the system has on the look of 

the house might still be a major concern. 

As most participants, to a certain extent, care about upfront cost, focusing on 

decreasing this barrier would appear to have a large appeal. Direct subsidies that 

reduce the cost of the system would potentially offer the largest impact, but given the 

current political climate and goals, direct subsidies seem unlikely to be implemented.  

If direct subsidies are unavailable, then perhaps loans provided by the local council and 

repaid as part of rates offer a good alternative. This policy removes upfront cost as a 

barrier, and allows the costs of the systems to be better matched to the benefits, i.e. 

the savings made. Another benefit of a council rate-based loan is that the loan is tied 
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to the house rather than to the household; if the householders decide to sell before 

the loan is repaid, repayment continues via rates by the purchasing household. This 

policy would appeal to those in both the Thrifty and Freedom clusters. The appeal to 

the Thrifty cluster, is the reduction or removal of the upfront cost, and for the 

Freedom cluster, while it does represent a long-term contract, it removes a worry 

when it comes to selling the house. 

Policies that expand and generally improve the community’s knowledgebase about the 

reliability and practically of PV systems will appeal to those in the Practical cluster. The 

increase in reliable information should help allay any concerns that a potential buyer 

has. Ensuring the quality of installation and product through regulation should help 

too. 

Assessing a property’s potential electricity output is currently not the easiest task for 

the general public. Currently, through the Solarview tool on NIWA25, users can find 

monthly solar insolation estimates. Using these, along with the size of their roof, the 

roof pitch, and potential shading, they can estimate the output of a PV system for their 

house. Data on nearby PV installations may also be available through the Genesis 

Energy Schoolgen project mentioned earlier. One solution would be to integrate these 

data into the EECA website as a relatively easy-to-use tool for estimating potential 

solar energy production. 

Given that any estimate provided by an online tool might not be completely reliable, 

the next step would be a visit to the house by a professional who can provide a more 

accurate estimate of potential output. This is currently provided by most retailers 

installing solar PV, but as they are provided by the companies themselves, there is the 

potential for biased reports, i.e. overselling the potential output possible from a 

property. An alternative is for an independent appraiser, perhaps supported by the 

local councils. This would increase confidence in returns from solar PV. 

There is a lack of certainty and knowledge around what represents a good quality 

panel, and who are the best installers. An independent review of the different PV 

panels that are available in New Zealand would be ideal. This would allow consumers 

                                                      
25

 http://solarview.niwa.co.nz/ 
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to pick the best product for their budget. A certification process for installers would 

also give confidence to consumers. 

As the number of PV installations is still few, there is an inability to see the working 

product. One solution might be through demonstrations; people can come to see how 

solar PV looks on a house. The ability to see a working product would appeal.  

In summary, a greater uptake of PV and realisation of the Government objectives may 

be achieved by increasing the Council run loans nationwide, increasing the accessibility 

of information around PV and its potential, and increasing the trust householders can 

place in the PV panels and installers.  
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5. Explaining preference heterogeneity 

Are preferences idiosyncratic? 

The choice survey measures each individual’s preferences. We would expect some 

measurable aspects of a householder’s situation – e.g. income, household size, age, 

education, etc. – to have similar (i.e. systematic) influence on preferences across the 

sample. However, preferences also depend on harder-to-observe and idiosyncratic 

characteristics, such as genetic make-up and experiences. Of interest is the extent to 

which readily observable social-demographic and background variables correlate 

membership in clusters. To investigate, I use multinomial logit regression to estimate 

the extent to which allocation to each of the three clusters correlates with the house 

and householder characteristics collected in my survey. 

5.1 Multinomial logistic regression 

Multinomial logistic regression (MNL) allows the testing of the impact of a change in 

each demographic variable on the probability of allocation to each cluster. The general 

expression for the estimating equation is    

𝑙𝑜𝑔
Pr (𝑦 = 𝑗)

Pr (𝑦 = 𝐽)
=  𝛽0 +  𝛽1𝑥1 + ⋯ +  𝛽𝑘𝑥𝑘 (5.1) 

 

where the xi are the explanatory variables (house and householder characteristics), the 

βi are the corresponding parameters to be estimated, j represents the response 

category (in this case, a particular cluster), J the reference category (i.e. the reference 

cluster). The reference category is that one that the other categories are compared 

against in estimating the probabilities of belonging in a particular cluster. There are J-1 

equations (in this case, 2 equations), each with its own set of parameter estimates.  

The advantage of using multinomial logistic regression is the ability to examine the 

effects of a change in each explanatory variable on the allocation to clusters whilst 

holding all other explanatory variables constant statistically. The parameters are 

estimated using standard techniques to maximise the likelihood function as described 

in the Stata reference manual and most econometric textbooks. 
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Care is needed when interpreting the coefficient estimates. As indicated in equation 

(5.1) above, the coefficient represents the change in the log-odds ratio from a one-unit 

change in the explanatory variable, i.e. the change in the log of the probability of an 

observation belonging in one category (i.e. cluster) relative to that of the reference 

category. For example, if the coefficient on a continuous explanatory variable is 

positive, then we can say that as the value of that variable increases, with all other 

variables in the model held constant, the log of the probability of being in that 

category (e.g. the Thrifty cluster) increases relative to that of the reference category 

(e.g. the Freedom cluster). The interpretation of the coefficient on a dummy 

explanatory variable similarly represents the change in the log-odds ratio when the 

dummy variables changes from 0 to 1. 

Multinomial logistic regression does not produce R-squared as a measure of goodness 

of fit as in ordinary least squares, but there have been many attempts at creating 

something similar. Stata by default reports McFadden’s (McFadden, 1974) pseudo R-

squared which is calculated by 

𝑅2 = 1 −
ln (𝐿𝑀)

ln (𝐿0)
 (5.2) 

where ln(LM) is the log likelihood for the model being estimated and ln(L0) is the log 

likelihood for the model with no predictors. McFadden (1977) states that pseudo R2 

values tend to be lower than those of regular R2 values and pseudo R2 values of 0.2-0.4 

represent an “excellent fit” (p. 307). 

The multinomial logit model of equation 5.1 consists of two binary logit models (J-1=2). 

This specification imposes the condition that the probability of assignment to one 

category (cluster in this case) relative to another cannot depend on the third. This 

condition is known as the independence of irrelevant alternatives (IIA). The MNL 

model may be inappropriate for analysing choices among alternatives if one 

alternative is the same in all relevant characteristics as another (alternative models 

have been developed that better handle this situation). In the current context, the 

alternative PV systems chosen by participants were defined on attributes so as not to 

be irrelevant (i.e. each differs from the other in two attributes at a time), and the three 

clusters are constructed from patterns in participant preferences to be as distinct as 

possible. The participants are not choosing among alternative clusters. Finally, the 
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explanatory variables in the MNL model are specific to the participant, and not to the 

alternative categories (clusters). Taken together, the MNL model seems appropriate 

for the follow analysis. 

5.2 Data 

This section describes the data on house and householder characteristics collected in 

the survey. All of the variables were collected as categorical variables. For example, 

respondents ticked one of eight categories of household income. For the regression 

analyses reported in the next section, some of these variables appear as continuous 

variables and for others some categories have been combined, especially for those 

categories with a low number of observations. Each variable is described in turn. 

Household Income 

The participant chooses household income from nine categories including the one to 

indicate a preference not to disclose their household income. The eight numeric 

categories can be treated as a continuous variable, though measured in $20,000 

increments, by taking the midpoint of each range. For those who chose over $150,000, 

I use a value of $175,000, and for those for chose less than $20,000, I use a value of 

$15,000. Excluding those chose not to disclose their household income reduces the 

sample size by 19. 

Table 5.1: Household income 

Original Frequency  
Midpoint 
($000’s) 

Frequency 

Less than $20,000 3  15 3 

$20,000 - $39,999 14  30 14 

$40,000 - $59,999 19  50 19 

$60,000 - $79,999 25  70 25 

$80,000 - $99,999 16  90 16 

$100,000 - $120,000 14  110 14 

$120,000 - $150,000 13  135 13 

Over $150,000 9  175 9 

Prefer not to answer 19    

 



80 

Income source 

The main category for source of income is ‘full employment’ with 65% of the sample. 

There are three other categories chosen by a significant number of participants: 

‘Pension’; ‘Part-time’; ‘Self-employed’. Four other categories chosen by six participants 

have been combined into an ‘other’ group as shown in Table 5.2. 

Table 5.2: Income source 

Original Frequency  Combined Frequency 

Full-time 85  Full-time 85 

Part-time 12  Part-time 12 

Pension 14  Pension 14 

Self-employed 15  Self-employed 15 

Government benefit 2  Other 6 

Student 2    

Seasonal 1    

Non-labour income 1    

 

Level of highest Household education 

The seven categories of education in Table 5.3 below can be converted to a continuous 

variable: years of education. Those with ‘no qualifications’ would have 11 years of 

education as the minimum school leaving age is 15. Those that ‘completed high school’ 

would have done 13 years. A ‘tradesman’ qualification requires about 14 years as most 

tradespeople would leave high school before 18 to go onto an apprenticeship. A 

polytechnic certificate or diploma requires a similar number of years of education. A 

tertiary degree, such as a polytechnic or bachelor’s degree, takes another three years 

after high school, and so would have 16 years of education. A postgraduate degree 

would include those degrees that take less time than a PhD, but I assume that those 

people have 19 years of education.  
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Table 5.3: Householder education 

Original Categories Frequency 

 

Years 

 No qualification 3 

 

11 

 Completed high school 16 

 

13 

 Tradesman apprenticeship 7 

 

14 

 Polytechnic certificate or diploma 22 

 

14 

 Polytechnic degree 8 

 

16 

 University bachelor’s degree 41 

 

16 

 Postgraduate degree 35 

 

19 

  

Household size 

A household size variable was created by counting the number of entries of the age of 

household members. This ranges from 1 to 7. The average household size is 2.7 with 

few households having more than 4 members. 

Table 5.4: Household size 

Household size Frequency Percent 

1 21 15.9% 

2 47 35.6% 

3 25 18.9% 

4 31 23.5% 

5 5 3.8% 

6 2 1.5% 

7 1 0.8% 

 

House vintage 

The house vintage variable has six categories in the survey, which are able, in practice, 

to be condensed into three based on two defining points in time: 1920 and 1980. 

These periods define changes in style and design which impact on many aspects such 

as roof style and ability to heat effectively. Ability to heat changes how and how much 

people heat their houses. If a house has poor insulation and therefore is difficult to 

heat, they would be less likely to heat the whole house and they would use different 

type of space heating compared with a warmer house.  
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The 1920s roughly marks the end of the era of the villa style. Villa’s tend to have high 

ceilings and are oriented to the street rather than sun, and are therefore hard to heat. 

The subsequent bungalow style typically has a lower ceiling, is more likely to have a 

square footprint and is usually better oriented to make good use the sun. The 1980’s 

was important as around this time requirements for wall and ceiling insulation came 

into force, so houses built post-1980 should be warmer and cheaper to heat. 

Table 5.5: House vintage 

House vintage Frequency  Combined Frequency 

Before 1920 20  Before 1920 20 

1920 - 1939 35    

1940 - 1959 52  1920-1980 104 

1960 - 1979 17    

1980 - 1999 6  Post 1980 8 

2000 and later 2    

 

Expectations for length of stay in current house 

There are five categories for length of stay in current house. These can sensibly be 

condensed into three time periods: ‘less than three years’; ‘3 to 5 years’; ‘5+ years’. 

Table 5.6: Expectations for length of stay in current house 

Expected length of stay in 
current house 

Frequency  Combined Frequency 

Less than one year 3    

1-3 years 12  ≤ 3 years 15 

3-5 years 17  3-5 years 17 

5-10 years 36  5 + years 100 

10+ years 64    

 

House mortgage 

I use a dummy variable equal to one if the home is mortgaged, zero if owned outright. 
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Water heating 

Most households use an electric resistance hot water cylinder for their water heating. 

This form of heating water seems the most complementary to solar rooftop PV as the 

cylinder stores energy; electricity generated from sunlight during the day can be used 

to heat water for use later. With the low numbers in the other categories, I chose to 

use a water heating dummy variable that equals 1 if the household uses an electric hot 

water cylinder.  

Space heating 

As mentioned earlier, most households (64%) used electricity for space heating with 

most (56% of the sample) using heat pumps. The other big group, at 26.5%, includes 

those who burn wood or coal. These numbers are displayed in Table 5.7. The ‘Other’ 

category is made up of those with central heating, gas heater, and no heating.  

Table 5.7: Space heating 

Heating Frequency Percent 

Electric Heaters 11 8.3 % 

Heat Pump 74 56.1 % 

Wood/Coal Burner 35 26.5 % 

Other 12 9.1 % 

 

Electricity consumption 

Monthly electricity consumption is measured in categories of $50 to $350 in $50 

increments. These data were assigned the midpoint of each category except for those 

households with over $350, which were given a value of $400. All values were then 

divided by 10 as the marginal effect on probabilities is more meaningful with an 

increase in $10 instead of $1. There was one person who did not know their winter 

and three people their summer electricity consumption. I chose to use only winter 

electricity consumption in the regression analysis as it gives a larger sample size and 

probably factors more in household decision-making due to its large size. 
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5.3 Logistic model specification 

The purpose of this analysis is not to test the significance of a particular variable, but 

rather to explore relationships between householder preferences as revealed in the 

choice survey and the demographic characteristics collected in the tick-the-box survey. 

Do demographic characteristics at least somewhat sensibly correspond with the nature 

of the preferences in each cluster? To what extent do relatively easy-to-observe house 

and householder characteristics reveal preferences? 

Consistent with this exploratory objective, I start with a simple baseline linear-in-

variables model, referred to as Model 1, to estimate the effect of a change in each 

house and householder characteristic on the log of the probability of being in a 

particular cluster relative to the reference cluster. This base model includes: sex and 

age group of the respondent householder; household income and a dummy for those 

with a pension as their main source of income; year of household education; whether 

the respondent householder immigrated to New Zealand as an adult; a mortgage 

dummy; household size; winter electricity consumption; electric hot water cylinder 

dummy; dummies for method of space heating; dummies for the period when the 

house was built; dummies for expectations living in current house (see the first column 

of Table 5.8). 

I then explore possible interactions among variables. As the potential number of 

interactions is high, most of which have small and insignificant effects, a good deal of 

exploration was required. In the end, I chose to keep in Model 2 only household 

income interacted with itself, household size, and the mortgage dummy as household 

income and characteristics that affect income available for expenditure on home 

improvements and energy seem conceptually and are practically important. For 

example, the effect of an increase in household income varies depending on whether 

the house is owned mortgage free. 

A concern is that the number of variables and parameter estimates are high relative to 

the number of observations (only 113). Hosmer & Lemeshow (2004) state a rule of 

thumb for logit models of at least 10 observations per parameter. I estimate a more 

parsimonious model that excludes predictor variables that are insignificant or 

significant but of questionable accuracy, leaving only the most conceptually sensible 
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characteristics and interactions in order to reduce the number of predictor variables to 

around 10 to 12, which is better suited to my sample size of 113 observations. This 

simpler model predicts the allocation to clusters well and provides insight from this 

sample into the correspondence of house and householder characteristics to 

preferences. The resulting model includes only: household income and a pension 

dummy; a mortgage dummy, winter electricity consumption; electric hot water 

cylinder dummy; space heating dummies; dummies for expectations living in the 

current house; household income interacted with itself and the mortgage dummy. 

5.4 Results 

This section summarises the results of my econometric analysis and provides 

interpretations of the estimates. The estimates of the parameters in equation 5.1 

appear in appendix F. Rather than attempting to interpret these parameters directly, 

the discussion in this section focusses on marginal probabilities. The multinomial logit 

coefficients in appendix F report the effect of a change in each of the explanatory 

variables on the probability of allocation to a particular cluster relative to a reference 

cluster, which is challenging to interpret. In contrast, marginal probabilities report the 

estimated change in the predicted probability of allocation to a particular cluster as an 

explanatory variable increases by one unit, similar to the partial-derivative 

interpretation of OLS coefficients. 

The margins command in Stata allows great flexibility in exploring the impact each 

explanatory variable can have on the probability of allocation to a particular cluster. 

Mostly I keep it simple by examining the average change in the probability with a one 

unit change in the explanatory variable of interest. However, the marginal probability 

of a change in a given explanatory variable can vary over the range of the variable 

itself, and with the values of other explanatory variables; the margins command 

provides a useful tool for examining possible interactions and non-linearities. 

The results are reported in Table 5.8 and 5.9. For Tables 5.8 and 5.9, the marginal 

probabilities from the simple linear-in-variables model are reported in the columns 

labelled (1), and the marginal probabilities from the interactions model are reported in 

the columns labelled (2). Table 5.8 reports the average change in the probability of 

assignment to each of the three clusters of a marginal change in each explanatory 
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variable. Table 5.9 reports how the marginal probability associated with a one unit 

increase in income varies with income and mortgage status (i.e. the effect of a change 

in income in the presence or absence of a mortgage)26. The marginal probabilities 

associated with a one unit increase in income varying by household size are not shown 

in Table 5.9 as they lacked significance. Tables 5.10 and 5.11 provide analogous results 

for the more parsimonious Model 3. 

Note that the marginal change in a continuous variable is one unit, while the change is 

from the reference category when the variable is categorical. The marginal 

probabilities measure percentage point changes, e.g. an increase in probability of 

0.031 is reported in the tables as an increase of 3.1 percentage points. The estimated 

marginal probabilities for each model sum across clusters (i.e. horizontally) to zero for 

each explanatory variable; an increase in the probability of assignment to one cluster 

necessitates a decrease in probability of assignment to one or both of the other 

clusters. There are 113 observations (rather than the full sample of 132) due to missing 

observations on some dependent variables as described earlier. 

Tables 5.8 and 5.9 contain a large number of results, but those that are significant at 

the 5% or better level of significance are relatively few; there are relatively small sets 

of demographic characteristics that significantly predict allocation to each cluster. It 

seems to make sense, therefore, to work through the tables cluster by cluster rather 

than by variable. The discussion focusses on the results from Model 2, i.e. the full 

model with interactions, as this model fits the data better than does the simpler Model 

1, as described in detail later. 

Thrifty cluster 

The Thrifty cluster is defined by its participants’ relatively strong preference to avoid a 

high upfront cost to purchase and install a PV system. The probability of allocation to 

this cluster, other house and householder characteristics held constant:  

 decreases as income increases when the household’s paying a mortgage, but 

not otherwise (see Table 5.9) 

 increases modestly with highest level of householder education  

 is lower for younger relative to middle-age householders 

                                                      
26

 The estimates in Tables 5.9 and 5.11 were obtained using the ‘at’ option in Stata’s margins command. 
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 is lower for older relative to middle-age householders, but much higher for 

(older) householders with a pension as their main source of income 

 is lower for households who use a wood burner as their main source of heating 

 is higher for those who live in houses built since 1980. This result may reflect 

the higher price of these homes or the lower cost of heating them. Since there 

are only 7 of these observations out of 113, the effect may also be spurious. 

Overall, it seems that income matters as expected: pensioners are more likely to prefer 

to avoid a large upfront expenditure, as do those on lower incomes when there is a 

mortgage to pay. While we may expect the effect for Pensioners and those aged 60+ to 

be correlated, the age 60+ group includes those who are still working; therefore, it is 

not unreasonable to expect a difference. Why those who are middle-aged or better 

educated should be keen to avoid a large upfront cost is not obvious, but it is plausible, 

e.g. these may proxy for other poorly measured financial commitments.  

Freedom cluster 

The Freedom cluster is characterised by households who are especially keen to avoid 

committing to a long-term contract with a particular electricity retailer. The probability 

of allocation to the Freedom cluster, other house and householder characteristics held 

constant: 

 increases as income increases at higher income levels (see Table 5.9) 

 increases among householders who expect stay in their house only for the 

medium term 

Freedom from a long-term contract in both these cases is plausible. It is perhaps not 

surprising that as income increases at the higher income levels, a household would be 

less likely to be concerned about monetary aspects, while for those who expect to stay 

in their current house in the medium-term, a long-term contract would be limiting. 

Practical cluster 

Those in the Practical cluster are relatively concerned that the system works as 

expected and generates monthly savings. The main identifiers for the Practical cluster 

mainly revolve around reducing their monthly expenditure on electricity. The 

probability of allocation to the Practical cluster, other house and householder 

characteristics held constant: 
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 increases as electricity consumption increases 

 increases as income increases at lower levels of income 

 decreases significantly as income increases at higher levels of income 

 increases among households with a heat pump or a wood/coal burner and heat 

water with something other than a standard electric cylinder, all of which help 

reduce the monthly electricity bill and which can reasonably interpreted as 

indicators of a practical outlook 

The varying effect of an increase in income on the probability of allocation to the 

Practical cluster across levels of income is shown in Figure 5.1. At lower levels, an 

increase in income increases concern about the practical aspects of system. At higher 

levels, relative concern shifts from practical aspects of the system to relatively strong 

concern about avoiding a long-term contract with a single electricity supplier. 

Figure 5.1: Average marginal effects of household income of Practical cluster with 95% 
confidence intervals 

 

Taken together, the results of the MNL analysis appear broadly consistent with what 

might be expected. The results from the more parsimonious specification of Model 3 in 

Tables 5.10 and 5.11 are broadly consistent with those from the larger Model 2. In 
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both cases, however, interactions with income are important predictors of allocation 

to the various clusters. 

Of interest is how well the MNL models predict the allocation to clusters, which is 

addressed in the next section.  
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Table 5.8: Marginal probabilities on cluster allocation 

 Thrifty Freedom Practical 

 (1) (2) (1) (2) (1) (2) 

Household 
Income 

-.2008* -.1189 .1927 -.1056 .0081 .2245* 
(.1175) (.1528) (.1228) (.1673) (.1212) (.1345) 

       
Household 
Education 

3.606* 3.540* -3.443* -2.960 -.1624 -.5796 
(1.887) (1.873) (2.054) (1.978) (2.095) (1.981) 

       
Male 9.830 10.83 -11.11 -9.019 1.283 -1.816 
 (9.229) (9.089) (9.649) (9.21) (10.10) (9.737) 
       
Age Groups       
(ref: Age 40-59)       

Age 20-39 -24.34** -22.71* 6.248 7.227 18.10 15.48 
(12.21) (11.62) (12.87) (12.36) (11.86) (11.39) 

       
Age 60+ -24.77* -24.38* 12.28 9.624 12.49 14.76 

 (14.63) (14.35) (14.04) (13.01) (15.36) (15.18) 
       
Pension 40.88** 41.67** -2.613 -27.21 -38.27* -14.46 
 (17.65) (18.58) (18.39) (18.69) (19.58) (20.67) 
       
Immigrated As 
Adult 

-4.600 -8.131 2.637 4.689 1.963 3.442 
(12.87) (13.8) (16.85) (15.85) (17.02) (16.38) 

       
Mortgage 15.46 14.87 -9.008 -13.87 -6.45 -1.003 
 (11.17) (11.07) (11.37) (10.21) (12.15) (11.58) 
       
Household Size 3.113 2.672 -.7501 3.500 -2.363 -6.172 
 (3.803) (4.290) (4.141) (4.313) (4.073) (4.165) 
       
Household 
Winter 
Electricity use 

-.7942 -.7954 -.1639 -.2644 .9581* 1.060* 
(.5067) (.5097) (.5905) (.5789) (.5668) (.5463) 

       
Electric Hot 
Water Cylinder 

7.811 7.781 15.80 12.23 -23.62** -20.01** 
(10.64) (10.75) (12.21) (11.79) (10.25) (9.983) 

       
Space heating       
(ref: Electric heaters)      

Heat pump -18.13 -18.45 -25.82 -24.82* 43.95** 43.28** 
 (15.63) (15.45) (16.12) (15.04) (22.21) (21.06) 
       
Wood/Coal 
Burner 

-33.68** -34.23** -14.72 -16.76 48.40** 50.99** 
(16.89) (16.63) (17.34) (16.07) (22.79) (21.63) 
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 Thrifty Freedom Practical 

 (1) (2) (1) (2) (1) (2) 

Other 3.578 1.595 -24.79 -24.24 21.21 22.65 
 (18.09) (17.52) (20.08) (18.82) (25.97) (24.54) 
       
Year house built      
(ref: 1920-1979)      

Before 
1920 

18.75* 13.69 -26.97* -26.65* 8.217 12.97 

 (9.895) (10.82) (14.26) (14.15) (12.20) (12.92) 
       
Post 1980 47.33*** 45.20*** -17.37 -21.73 -29.96 -23.47 

 (15.13) (16.51) (23.30) (24.93) (24.70) (26.13) 
       
Expectations for length of 
stay in current House 

     

(ref: 5+ years)       
≤ 3 years 10.38 7.685 1.020 10.96 -11.40 -18.64 

(14.10) (13.97) (13.83) (12.73) (13.82) (13.28) 
       
3-5 years -8.700 -11.24 23.26* 30.27** -14.56 -19.03 
 (14.70) (15.17) (12.46) (12.24) (13.71) (13.63) 

Observations 113 113 113 113 113 113 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 5.9: Household income interactions 

 Thrifty Freedom Practical 

 (1) (2) (1) (2) (1) (2) 

Overall -.2008* -.1189 .1927 -.1056 .0081 .2245* 
 (.1175) (.1528) (.1228) (.1673) (.1212) (.1345) 
       
No mortgage -.1642* .0515 .1882 -.4452** -.0239 .3937** 
 (.0958) (.1865) (.1308) (.2206) (.1257) (.1734) 
       
Mortgage -.2119* -.3107** .1868 .1845 .0251 .1261 
 (.1232) (.1499) (.1137) (.1287) (.1169) (.1329) 
       
Household Income      

$20,000 -.2258 -.1926 .1772* -.5739 .0486 .7665*** 
 (.1519) (.364) (.0912) (.3548) (.1252) (.1985) 
       

$40,000 -.2150 -.2763 .1835* -.4118* .0315 .6880** 
 (.1379) (.2485) (.1045) (.2379) (.1233) (.2692) 
       

$60,000 -.2012* -.2283 .1872 -.1690 .0140 .3973** 
 (.1191) (.147) (.1152) (.1372) (.1221) (.1941) 
       

$80,000 -.1853* -.1387 .1884 .0717 -.0032 .0670 
 (.0978) (.1124) (.1234) (.1071) (.122) (.1467) 
       

$120,000 -.1682** -.0704 .1876 .3409** -.0195 -.2705 
 (.0760) (.1441) (.1291) (.146) (.1229) (.1818) 
       

$140,000 -.1507*** -.0543 .1852 .6320*** -.0344 -.5778** 
 (.0557) (.1952) (.1323) (.2258) (.1238) (.2332) 
       

$160,000 -.1336*** -.0843 .1814 .7900*** -.0477 -.7057*** 
 (.0381) (.2284) (.1329) (.2814) (.1239) (.2233) 
       

$180,000 -.1173*** -.1105 .1764 .6986** -.0591 -.5881*** 
 (.0243) (.2354) (.1309) (.3007) (.1226) (.1580) 

Observations 113 113 113 113 113 113 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 5.10: Marginal probabilities on cluster allocation – Model 3 

 Thrifty  
(3) 

Freedom  
(3) 

Practical  
(3) 

Household Income -.0590 -.1072 .1662 
 (.1331) (.1405) (.1132) 
Age Groups    
(ref: Age 40-59)    

Age 20-39 -24.63* 5.607 19.03* 
 (12.64) (12.34) (11.03) 
    
Age 60+ -30.00** 6.883 23.11 

 (14.53) (12.96) (14.25) 
    
Pension 33.12* -17.14 -15.99 
 (18.13) (17.57) (20.37) 
    
Mortgage 1.803 -2.791 .9882 
 (9.695) (9.17) (10.04) 
    
Household Winter 
Electricity use 

-.8134* -.0148 .8282* 

 (.4820) (.5093) (.4909) 
    
Electric Hot Water 
Cylinder 

6.581 13.88 -20.46** 

 (10.98) (11.43) (9.353) 
    
Space heating    
(ref: Electric heaters)   

Heat pump -5.832 -34.09** 39.93* 
 (14.98) (14.72) (20.49) 
    
Wood/Coal 
Burner 

-22.81 -23.56 46.38** 
(16.13) (15.69) (21.15) 

    
Other 6.003 -29.22 23.22 

 (17.87) (18.86) (24.62) 
   
Expectations for length of stay in 
current house 

  

(ref: 5+ years)    
≤ 3 years 3.178 14.84 -18.01 

(14.58) (13.08) (13.19) 
    
3-5 years -13.24 29.38** -16.14 

 (15.07) (11.56) (12.88) 

Observations 113 113 113 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 5.11: Household income interactions – Model 3 

 Thrifty  
(3) 

Freedom  
(3) 

Practical  
(3) 

Overall -.0590 -.1072 .1662 
 (.1331) (.1405) (.1132) 
    
No mortgage -.2507* .1826 .0681 
 (.1376) (.1263) (.1203) 
    
Mortgage -.0871 -.4563 .5435*** 
 (.3421) (.3344) (.1041) 
    
Household Income   

$20,000 -.1692 -.5013* .6705*** 
 (.2978) (.2920) (.2091) 
    

$40,000 -.1887 -.3807* .5694** 
 (.2202) (.2113) (.2501) 
    

$60,000 -.1375 -.1842 .3218* 
 (.1436) (.1275) (.1837) 
    

$80,000 -.0573 .0182 .0391 
 (.1097) (.0953) (.1379) 
    

$120,000 .017 .2281* -.2451 
 (.1352) (.1310) (.1724) 
    

$140,000 .0579 .4385** -.4964** 
 (.1926) (.2012) (.2235) 
    

$160,000 .0556 .5541** -.6097*** 
 (.2521) (.2425) (.205) 
    

$180,000 .0525 .4747* -.5272*** 
 (.2721) (.2469) (.1474) 

Observations 113 113 113 

Standard errors in parentheses 
* p < 0.10, ** p < 0.05, *** p < 0.01 
 

5.5 Fit of the regression model 

There are several measures of the goodness of fit available for multinomial logit 

regression. The output from Stata produces the Likelihood Ratio (LR), and the pseudo-

R2. The accuracy rates of the model’s predictions can also be calculated using the 

probabilities predicted by the model. 
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The LR χ2-statistic tests whether at least one of the model’s predictors differs 

statistically from zero. Models (1), (2), and (3) have a LR χ2-statistic of 57.47, 72.97, and 

54.64, respectively, which are all significant at the 5% level; models (2) and (3) are 

significant at the 1% level of significance. These results indicate that the null 

hypothesis of no explanatory power is strongly rejected; at least one of the 

explanatory variables impacts on the probability of cluster allocation. 

The pseudo R2 for the models (1), (2), and (3) are 0.233, 0.296, and 0.222 respectively. 

These values indicate a good fit given McFadden’s (1977) suggestion that a pseudo-R2 

of between 0.2 and 0.4 indicates an excellent fit. 

We can also look at how accurately the regression estimates predict the allocation of 

observations to clusters. A comparison of the predicted cluster allocations to that of 

the original cluster allocation for models (1)-(3) are shown in Tables 5.12-5.14. The 

shaded cells on the diagonal of each table contain the numbers correctly allocated to 

each cluster using logit model predictions. The accuracy rate, i.e. percentage of 

correctly allocated observations, is 100%*[(17 + 21 + 27)/113] = 57.52% for Model 1, 

62.83% for Model 2, and 66.37% for Model 3. These show that the later models, at 

least for my sample, improve on the predictions of cluster allocation. 

A benchmark for the accuracy rate of the multinomial logit model is that the model 

achieves an accuracy rate of at least a 25% improvement over the accuracy rate given 

by chance. The accuracy rate achievable by chance is calculated by squaring and 

summing the proportion of cluster allocation for each cluster 100%*(0.282 + 0.332 + 

0.382) = 34%*1.25 = 42%, i.e. a model needs to have an accuracy rate of at least 42% to 

be an improvement over the accuracy given by chance. The accuracy rates of all 

models are larger than the accuracy rate by chance by more than 25%.  

These results, taken together, indicate that individual, householder, and house can be 

useful for predicting preferences for the characteristics of PV systems included in the 

choice survey. We can to some extent “tell a book by its cover”, i.e. using easily 

measured demographic characteristics, the model can predict harder-to-measure 

householder preferences for solar PV systems. However, acquiring these relatively 

accurate predictions requires a relatively sophisticated analysis that includes 

interactions (though these interactions are sensible) and it is important to remember 
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that the predictive power of the model is higher in the sample from which the model 

was constructed than for another sample or the population. 

 

Table 5.12: Classification for Model 1 

 

  Predicted 
 Observed Thrifty Freedom Practical Total 

Thrifty 17 7 8 32 

Freedom 7 21 9 37 

Practical 8 9 27 44 

Total 32 37 44 113 

 

Table 5.13: Classification for Model 2 

 

  Predicted 
 Observed Thrifty Freedom Practical Total 

Thrifty 17 6 9 32 

Freedom 5 24 8 37 

Practical 6 8 30 44 

Total 28 38 47 113 

 

Table 5.14: Classification for Model 3 

 

  Predicted 
 Observed Thrifty Freedom Practical Total 

Thrifty 18 4 10 32 

Freedom 6 24 7 37 

Practical 3 8 33 44 

Total 28 38 47 113 
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6. Summary and conclusions 

PV uptake is growing slowly in New Zealand. Currently, several Government policies 

attempt to encourage PV uptake. A motivation for this study is that these policies 

might be improved upon by exploring the variation across households in preferences 

for attributes of solar PV. Data from a choice survey designed to elicit preferences 

from each participant individually indicates significant heterogeneity for preferences in 

attributes of solar PV across households in Dunedin.  

Following a mail-out invitation and telephone or mail follow-up, 132 Dunedin 

households were recruited to complete the choice survey and a short survey of house 

and householder characteristics. Although a high response rate of approximately 50% 

was achieved, the sample is somewhat over-represented by those with higher levels of 

education and household income. This is expected since Dunedin is a university town 

and the survey is web-based. 

An important feature of my thesis is the clustering method used for exploring the 

variation in preferences. The method allows exploration of solutions for a specified 

number of clusters and of solutions across a range of numbers of clusters. The method 

thereby allows identification of cluster solutions that are not only interesting, but that 

are distinct, stable, and therefore repeatable. 

Of the seven solar PV attributes included in the choice survey, avoiding a high upfront 

expenditure on the purchase and installation of the PV system is rated most important 

by a majority of the participants (55%). Even for those who do not feel that upfront 

cost is the most important, it is still a relatively important attribute. 

Cluster analysis of the householder preferences revealed many stable clusters, with 

the three-cluster solution being the most useful in terms of interpretability, stability, 

and uniqueness. Each of these clusters is defined by relatively strong strength of 

preferences for one or two attributes of PV systems, and so can be interpreted as 

representing a segment in the market for PV systems. The resulting market segments 

can be labelled: Thrifty for those especially concerned about avoiding a large upfront 

expenditure; Freedom for those especially concerned to avoid a long-term 
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commitment to a particular electricity retailer; and Practical for those who are 

relatively concerned about the practical performance of the system. 

Identification of these three market segments suggests that PV system uptake may be 

improved through several types of public policy. Policies that focus on reducing the 

upfront cost and increasing the information about the performance characteristics of 

PV systems will work best. For example, provision of low-interest loans provided by 

local councils (perhaps supported financially by central government) and repaid as part 

of the rates bill appears attractive. Policies that work to increase the current 

information available to consumers, e.g. better information on PV potential in a 

particular area, and better assurance of the quality of the product and installers will 

also help with PV uptake. 

Multinomial logistic regression analysis indicates that the preferences revealed in the 

choice survey correlate sensibly with house and householder characteristics. People in 

the Thrifty cluster, mainly care about avoiding the upfront cost associated with a PV 

system. Participants allocated to the Thrifty cluster based on their preferences are, not 

surprisingly, more likely to be living mainly on a pension or on a lower income while 

paying a mortgage. People in the Freedom cluster are most concerned about avoiding 

a long-term contract with a particular electricity retailer. Those who plan to stay in 

their current house only in the medium term and those with higher incomes are more 

likely to appear in the Freedom cluster. People in the Practical cluster care about how 

well a system performs; they value confidence in the system, and a system that saves 

them money. They are more likely to be people who are have lower incomes, those 

with higher winter electricity consumption, and those who try to reduce their monthly 

electric bill by using alternative space and water heating methods. 

There are several areas of this thesis that can be improved upon. To increase the 

generalisability of the results, further research could be carried out which repeats the 

survey at a national level with an emphasis on increasing the representativeness of the 

sample. There is, inevitably, room for improvement in the choice of attributes and 

levels included in the survey; any future research would involve using focus groups 

from the community which should provide a clearer picture of the important attributes 

of solar PV systems for consumers. As examples, the difference in levels of 

capitalisation into house price should perhaps have been bigger, and an attribute 
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reflecting the extent of certainty in the price of electricity exported to the grid may be 

added to the survey. I would also like to explore the marginal rates of substitution 

between for the attribute weightings, e.g. how the willingness to pay differs between 

each attribute.  
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Appendix 

A Letters 

The following pages contain the invitation, follow-up, and completion letters. I sent an 

alternative invitation letter stating the follow-up to be by mail to those who had no listed 

phone number. Emails rather than letters were sent to those who chose no reward and 

those who lost the draw. 
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[Date] 

 

 

 

 

 

[First name] [Last name] and [First name] [Last name]  

[Street] 

[Suburb] 

Dunedin [Postcode] 

 

 

Dear [First name] and [First name], 

 

 

This is an invitation to participate in a survey that contributes to research being conducted in the 

Department of Economics at the University of Otago.
27

  

 

The aim of the research project is to learn about home owner interest in the various aspects of panels 

mounted on the roof to generate electricity from sunlight, known as solar photovoltaic (PV) panels. 

 

The technology for generating electricity from the sunshine that falls on your roof has been improving 

quickly. Purchase and installation costs are coming down sufficiently to make rooftop generation a 

viable alternative to more conventional coal and gas generation. Solar panels on residential roofs that 

are connected to the local electricity grid could contribute significantly to renewable energy in New 

Zealand, reduce the need to increase the capacity of the electricity distribution system and reduce 

household energy bills either through offsetting consumption or selling excess. 

 

Importantly, solar panel systems vary considerably in their characteristics. As, of course, do 

households and their houses. The goal of this survey is to learn how preferences for the characteristics 

of solar systems vary across Dunedin households. That information is useful for researchers, 

government policy makers and commercial energy suppliers to help ensure that any future investment 

in solar systems proceeds as smoothly as possible. 

 

As a token of appreciation for the time and effort taken to complete the survey, you will have the 

option to receive a $10 gift voucher or a 10% chance to win a $100 gift voucher which will be 

posted to you after you complete the survey. If you are interested, we could also email the results of 

the survey later in the year. 

 

It would really help us if you would complete this survey if you have ever considered rooftop electric 

solar panels, or expect that you might have interest in them when good examples that seem worth 

considering come to the market in the near future. 

 

To begin the survey, please just enter this web page address in your internet browser. (Be sure not to 

type it into the Google space by mistake.) 

 

Please go to the following website: 

www.1000Minds.com/go/solarpv 
 

The survey works you through a series of choices each requiring you to choose between two 

hypothetical rooftop solar systems that differ in only two characteristics (assume all other 

characteristics are the same for each choice). There are no right or wrong answers; the aim is just to 

better understand how households vary in their willingness to make tradeoffs across the characteristics 

of rooftop solar systems. 

                                                      
27

 Your address was selected randomly from a list provided by Land Information New Zealand, and your name 

was found on the DCC rates database. 
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You will have to make about 30 choices to complete the decision survey. Most people complete the 

survey in about 15 minutes. The choice-based survey will be followed by a few questions about your 

house and household.  

 

You will need an email address and access to a computer with internet. If you do not have 

internet access, you may contact me (Reece) to arrange a time to meet and I can come around with a 

laptop computer to help you complete the survey. 

 

Participation is voluntary and you can withdraw at any stage. All of the information you provide is 

completely confidential and no personal information will appear in any reports, nor will any 

individual details be shared with government or private companies. Your email address and 

survey answers will be kept in secure storage.  

 

This invitation is uniquely tied to your physical address – so please can you not send this information 

to other people. If you have not completed the survey within about a week, I will send out a reminder 

letter. If you tell me that you would prefer to not participate in the study, I will take your name off our 

list and not bother you again. 

 

If you have any difficulty accessing the link or have any questions about our project, please feel free 

to contact either me at reece.pomeroy@otago.ac.nz or call me on 479 4565. Alternatively, you can 

contact my supervisor Dr Paul Thorsnes at paul.thorsnes@otago.ac.nz.  

 

This study has been approved has been reviewed and approved by the Department of Economics, 

University of Otago. I hope you enjoy completing the survey and I look forward to receiving your 

responses. 

 

 

Yours sincerely 

 

 

 

 

 

Reece Pomeroy, 

Masters student, 

Department of Economics. 

  

mailto:reece.pomeroy@otago.ac.nz
mailto:paul.thorsnes@otago.ac.nz


106 

[Date]  
 

 
 
 
 
[First name] [Last name] and [First name] [Last name] and [First Name 2] [Last Name 2]  
[Street] 
[Suburb] 
[City] [Postcode] 
 
 
Dear [First name] and [First name] and [First name 2], 
 

I need your input! 

A few weeks ago I sent you an invitation to participate in an online decision survey relating to 
household preferences for rooftop solar electric panels in Dunedin.28 To the best of my 
knowledge, you have not completed the survey. It’s not too late to have your say! 
 
I am writing again because of the importance that your household’s preferences have for 
helping to get accurate results. It is only by hearing from nearly everyone in the sample that I 
can be sure that the results are well representative of Dunedin households. So I hope you 
can help by completing the survey online. I want to find out what YOU think. 
 
To begin the survey, please just enter this web page address in your internet browser. (Be 
sure not to type it into the Google space by mistake.) 
 

www.1000Minds.com/go/solarpv 
 
The survey will only take around 15 minutes to complete. It consists of a series of choices 
each requiring you to choose between two hypothetical rooftop solar systems that differ in 
only two characteristics (assume all other characteristics are the same for each choice). 
 
As a small thank you for participating, at the end of the survey you can choose a reward of 
either a guaranteed $10 gift voucher or a 10% chance to win a $100 gift voucher. Any 
information you provide is totally confidential and your name will not appear in any reports. 
 
You will need an email address and access to a computer with internet. If you do not 
have internet access, you may contact me to arrange a time to meet and I can come around 
with a laptop computer to help you complete the survey. If you have any questions about 
this survey, please ring me on 479 4565 or email me at reece.pomeroy@otago.ac.nz. This 
study has been approved by the Department of Economics at Otago University.  
 
I’d be very grateful if you would take part in this research. 
 
Sincerely, 
 
 
Reece Pomeroy  

                                                      
28

 You address was randomly selected from a list on Land Information New Zealand, and your name was found 
on the DCC database. 

mailto:reece.pomeroy@otago.ac.nz
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[Date]  
 
 
 
 
 
[First name] [Last name] and [First name] [Last name]  
[Street] 
[Suburb] 
Dunedin [Postcode] 
 
 
Dear [First name] and [First name], 
 
 
Thank you for your participation in the solar photovoltaic household preferences 
survey you recently completed. 
 
To remind you, this study is being conducted to better understand the variety of homeowner 
preferences for rooftop solar electric panels. This information will contribute to an 
understanding of the hurdles that home owners face when making decisions to install solar 
photovoltaic systems. 
 
At the completion of the survey you chose to receive a $10 hardware store’s voucher. 
Enclosed is a $10 Mitre 10 reward voucher. 
 
Thanks again for participating. 
 
 
Sincerely, 
 
 
 
 
 
Reece Pomeroy 
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[Date]  
 
 
 
 
 
[First name] [Last name] and [First name] [Last name]  
[Street] 
[Suburb] 
Dunedin [Postcode] 
 
 
Dear [First name] and [First name], 
 
 
Thank you for your participation in the solar photovoltaic household preferences 
survey you recently completed. 
 
To remind you, this study is being conducted to better understand the variety of homeowner 
preferences for rooftop solar electric panels. This information will contribute to an 
understanding of the hurdles that home owners face when making decisions to install solar 
photovoltaic systems. 
 
Congratulations you have won $100. At the completion of the survey you chose a 10% 
chance to win a $100 hardware store’s voucher and you are a winner. Enclosed is a $100 
Mitre 10 reward voucher. 
 
Thanks again for participating. 
 
 
Sincerely, 
 
 
 
 
 
Reece Pomeroy 
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B Demographic questions 
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C Sample demographic characteristics 

Table C.1: Sample demographic characteristics 

 Freq Percent   Freq Percent 

Gender 
  

 

Main source of energy for space 
heating 

  

Female 64 48.5% 
 

No heating 1 0.8% 
Male 68 51.5% 

 
electricity 85 64.4% 

   
 

bottled gas 6 4.5% 
Household Income   

 
wood 32 24.2% 

Less than $20,000  3 2.3% 
 

coal 3 2.3% 
$20,000 - $39,999  14 10.6% 

 
other 5 3.8% 

$40,000 - $59,999  19 14.4% 
 

   
$60,000 - $79,999  25 18.9% 

 
Type of Water heating system   

$80,000 - $99,999  16 12.1% 
 

Electric - cylinder 104 78.8% 
$100,000 - $120,000  14 10.6% 

 
Electric - instant 1 0.8% 

$120,000 - $150,000  13 9.8% 
 

Gas - cylinder 11 8.3% 

Over $150,000  9 6.8% 
 

Gas - instant 9 6.8% 
Prefer not to answer  19 14.4% 

 
Solar - cylinder 1 0.8% 

   
 

Cylinder - wood (wetback) 7 5.3% 
House vintage   

 
Electric heatpump 2 1.5% 

Before 1920 20 15.2% 
 

Boiler 3 2.3% 
1920 - 1939 35 26.5% 

 
   

1940 - 1959 52 39.4% 

 

Summer monthly electricity 
expenditure 

  

1960 - 1979 17 12.9% 
 

Less than $50 1 0.8% 
1980 - 1999 6 4.5% 

 
$51 - $100 23 17.4% 

2000 and later 2 1.5% 
 

$100 - $150 52 39.4% 
   

 
$151 - $200 25 18.9% 

Main source of household income    $201 - $250 19 14.4% 

no income 0 0.0% 
 

$251 - $300 7 5.3% 
Labour income 98 74.2% 

 
$301 - $350 1 0.8% 

Government benefit 2 1.5% 
 

Over $350 1 0.8% 
Non-labour income 1 0.8% 

 
Don’t know 3 2.3% 

Pension 14 10.6% 
 

   

Self-employed 15 11.4% 

 

Winter monthly electricity 
expenditure 

  

Student loan/allowance 2 1.5% 
 

Less than $50 0 0.0% 
   

 
$51 - $100 5 3.8% 

   
 

$100 - $150 14 10.6% 
Highest householder education   

 
$151 - $200 32 24.2% 

No qualification 3 2.3% 
 

$201 - $250 27 20.5% 
Completed high school 16 12.1% 

 
$251 - $300 19 14.4% 

Tradesman/Polytechnic 
diploma 

29 22.0% 

 

$301 - $350 19 14.4% 

bachelor’s degree 49 37.1% 
 

Over $350 15 11.4% 
Postgraduate degree 35 26.5% 

 
Don’t know 1 0.8% 

Attitude toward energy consumption   
 

Reward choice   
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 Freq Percent   Freq Percent 

Reduce use to save 
money 

61 46.2% 

 

$10 voucher 50 37.9% 

Reduce use for the 
environment 

22 16.7% 

 

A 10% chance of $100 
voucher 

47 35.6% 

Happy with consumption 
- no change 

14 10.6% 

 

No reward 35 26.5% 

Happy with 
consumption, more 
efficient 

35 26.5% 

 

   

   
 

Expected stay in current house   
Household size   

 
Less than a year 3 2.3% 

1 21 15.9% 
 

1-3 years 12 9.1% 

2 47 35.6% 
 

3-5 years 17 12.9% 
3 25 18.9% 

 
5-10 years 36 27.3% 

4 31 23.5% 
 

Longer than 10 years 64 48.5% 
5 5 3.8% 

 
   

6 2 1.5% 
 

New Zealand raised   
7 1 0.8% 

 
Immigrant 16 12.1% 

   
 

New Zealand’er 116 87.9% 
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D Uniform distribution stability table 

Using all the permutations of across five ranked variables29 I show that given a uniform 

distribution, k-means will find clustering where there is none, but this table below 

shows that there are many equally good cluster solutions which differ and that those 

good cluster solutions do not have many that are similar to themselves out of the 100 

solutions. 

In this example, I created a uniform distribution of 5 ranked variables. I clustered these 

5 variables using my program and as can be seen below, there is no stability of any of 

the cluster solutions. 

Table D.2: Uniform Distribution clustering 

Ranking VRC 
Cluster 
solution 

Stability - number of similar 
clusters with Cramér’s V ≥ 

Cramér’s V against the 
best 

   
0.90 0.85 0.80 

 1 29.80 7 1 1 1 1.000 

2 29.80 14 2 2 3 0.500 

3 29.80 15 2 2 2 0.559 

4 29.80 21 4 4 4 0.283 

5 29.80 25 1 1 1 0.451 

6 29.80 34 1 1 1 0.451 

7 29.80 37 3 3 3 0.248 

8 29.80 4 2 2 3 0.559 

9 29.80 45 1 1 1 0.559 

10 29.80 52 1 1 1 0.451 

11 29.80 55 3 3 3 0.248 

12 29.80 66 2 2 3 0.500 

13 29.80 67 2 2 3 0.559 

14 29.80 68 2 2 2 0.283 

15 29.80 7 4 4 4 0.283 

16 29.80 74 2 2 3 0.283 

17 29.80 78 4 4 4 0.283 

                                                      
29

Permutations = 
𝑛!

(𝑛−𝑟)!
 Where n is the number of different numbers possible and r is the number of 

numbers used 
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Ranking VRC 
Cluster 
solution 

Stability - number of similar 
clusters with Cramér’s V ≥ 

Cramér’s V against the 
best 

   
0.90 0.85 0.80 

 18 29.80 86 2 2 3 0.283 

19 29.80 87 1 2 2 0.559 

20 29.80 88 4 4 4 0.283 

21 29.80 9 1 1 2 0.451 

22 29.80 92 2 2 2 0.559 

23 29.80 98 3 3 3 0.248 

24 28.26 97 1 1 1 0.405 

25 27.98 12 1 1 1 0.332 

26 27.95 3 3 3 3 0.215 

27 27.95 31 2 2 3 0.354 

28 27.95 49 2 2 3 0.215 

29 27.95 51 2 2 2 0.248 

30 27.95 43 1 2 2 0.436 

31 27.86 39 1 1 1 0.716 

32 27.86 79 1 1 1 0.449 

33 27.86 1 1 1 3 0.716 

34 27.39 22 2 2 4 0.479 

35 27.31 72 2 2 4 0.510 

36 27.27 8 1 1 2 0.471 

37 27.11 8 1 1 1 0.434 

38 27.01 35 1 2 2 0.559 

39 27.01 94 1 1 1 0.451 

40 26.93 23 1 1 1 0.498 

41 26.92 1 2 2 2 0.471 

42 26.89 2 2 2 2 0.578 

43 26.89 58 1 1 1 0.256 

44 26.88 5 1 1 1 0.390 

45 26.88 48 1 1 1 0.366 

46 26.86 75 1 1 1 0.107 

47 26.86 27 1 1 1 0.434 

48 26.80 53 1 1 1 0.411 
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Ranking VRC 
Cluster 
solution 

Stability - number of similar 
clusters with Cramér’s V ≥ 

Cramér’s V against the 
best 

   
0.90 0.85 0.80 

 49 26.80 57 1 1 1 0.692 

50 26.77 28 1 1 1 0.443 

51 26.77 59 1 1 1 0.443 

52 26.77 73 1 1 1 0.482 

53 26.76 13 1 1 1 0.576 

54 26.76 16 1 1 1 0.449 

55 26.76 41 1 1 1 0.500 

56 26.69 84 1 1 1 0.257 

57 26.63 85 1 1 1 0.562 

58 26.52 36 1 1 1 0.554 

59 26.49 1 1 1 1 0.584 

60 26.43 76 1 1 1 0.599 

61 26.43 83 1 1 1 0.502 

62 26.40 9 1 1 1 0.326 

63 26.38 63 1 1 1 0.443 

64 26.36 4 1 1 1 0.681 

65 26.36 54 1 1 1 0.348 

66 26.34 42 1 1 2 0.397 

67 26.31 6 1 1 2 0.409 

68 26.31 46 1 1 1 0.612 

69 26.30 61 1 1 2 0.512 

70 26.22 81 1 1 1 0.638 

71 26.16 93 1 1 1 0.377 

72 26.16 3 1 1 1 0.486 

73 26.10 64 1 1 2 0.563 

74 26.09 77 1 1 1 0.260 

75 26.03 5 1 1 1 0.450 

76 26.03 26 1 1 1 0.471 

77 25.97 69 1 1 1 0.296 

78 25.93 82 1 1 1 0.499 

79 25.93 56 1 1 2 0.453 
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Ranking VRC 
Cluster 
solution 

Stability - number of similar 
clusters with Cramér’s V ≥ 

Cramér’s V against the 
best 

   
0.90 0.85 0.80 

 80 25.93 96 1 1 2 0.357 

81 25.92 95 1 1 1 0.415 

82 25.91 38 1 1 1 0.586 

83 25.90 19 1 1 1 0.340 

84 25.87 71 1 1 1 0.436 

85 25.86 47 1 1 1 0.470 

86 25.83 18 1 1 1 0.551 

87 25.73 11 1 2 2 0.631 

88 25.70 32 1 1 2 0.471 

89 25.68 89 1 1 1 0.630 

90 25.67 29 1 1 1 0.334 

91 25.67 44 1 1 1 0.689 

92 25.64 2 1 1 1 0.363 

93 25.60 65 1 1 1 0.273 

94 25.59 6 1 1 1 0.462 

95 25.51 33 1 1 1 0.626 

96 25.47 99 1 1 1 0.359 

97 25.35 17 1 1 1 0.501 

98 25.29 91 1 1 2 0.490 

99 25.28 62 1 1 1 0.365 

100 25.21 24 1 1 1 0.490 
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E Program code 

The following code was written to produce reproducible cluster solutions 

© 2015 Reece Pomeroy All Rights Reserved 

reece.pomeroy@gmail.com 

 

capture program drop cluskmeans 

program cluskmeans 

 syntax varlist ,kmax(real) trials(real) stage(real) [kchoice(real 2) cutoff(real 0) 

other(numlist)] 

 if `stage' == 1 { 

  forval k=2/`kmax' { 

   forval i=1/`trials' { 

    cluster kmeans `varlist', k(`k') name(clus`k'f`i') 

measure(L2squared) 

   }      

  } 

 } 

 if `stage' == 2 { 

  **Sorting into stability groups 

  global V 0.9 0.85 0.8 0.75 

  forval k = 2/`kmax' { 

   mat t`k' = J(`trials',`trials',0) 

   forval i=1/`trials' { 

    foreach v of global V { 

    ** number of clusters and clusters in group (eg cluster3f1v90 

clus3f1v90) 

     local cluster`k'f`i'v`=`v'*100' 0   

     local clus`k'f`i'v`=`v'*100'    

    } 

    forval j=1/`trials' { 

     qui: tab2 clus`k'f`i' clus`k'f`j', V 

     mat t`k'[`i',`j']=abs(r(CramersV)) 

     foreach v of global V { 

     **makes list of how many in group and what's in 

group 

mailto:reece.pomeroy@gmail.com
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      if abs(r(CramersV))>=`v'{  

       local ++cluster`k'f`i'v`=`v'*100'  

       local clus`k'f`i'v`=`v'*100' 

`"`clus`k'f`i'v`=`v'*100'' clus`k'f`j' "' 

      } 

     } 

    } 

    foreach v of global V { 

    **moving local into global 

     global cluster`k'f`i'v`=`v'*100' `cluster`k'f`i'v`=`v'*100'' 

     global clus`k'f`i'v`=`v'*100' `clus`k'f`i'v`=`v'*100'' 

    } 

   } 

  } 

 

   

 

  ** Want to see if the top few CH clusmacters have different interpretations 

  **shows the top unique clusters by CH stat 

  forval a= 2/`kmax' { 

   local CH`a'V 

   local CH`a'V2 

   forval i=1/`trials' { 

    qui:cluster stop clus`a'f`i' 

    local CH`a'f`i' = round(r(calinski_`a'),0.00000001) 

    global CH`a'f`i' = round(r(calinski_`a'),0.00000001) 

    local CH`a'V "`CH`a'V' CH`a'f`i'" 

    *V2 redundant? 

    local CH`a'V2 "`CH`a'V2' CH`a'f`i'"  

   } 

   local b 1 

   local ch`a't`b' 0 

   **s # of same 

   local ch`a't`b's = 1    

   foreach var of local CH`a'V { 

    if ``var'' > `ch`a't`b'' { 
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     local ch`a't`b' = "``var''" 

     global ch`a't`b'f = "`var'" 

    } 

   } 

   global ch`a't`b' `ch`a't`b'' 

   local CH`a'V: subinstr local CH`a'V "${ch`a't`b'f}" "" 

   local s`a' 1 

   forval b=2/`trials' { 

   ** checking to see if others are identical to before group 

    if length(trim("`CH`a'V'")) > 2 { 

     local ch`a't`b' 0 

     local ch`a't`b's = 1 

     **names of clusters in groups. 

     local ch`a'r`=`b'-1'   

     foreach vars of local CH`a'V { 

      if "``vars''" == "`ch`a't`=`b'-1''" { 

       local z = length("`a'") 

       local x = length("`trials'") 

       local i = substr("${ch`a't`=`b'-

1'f}",4+`z',`x') 

       local j = substr("`vars'",4+`z',`x') 

       qui : tab2 clus`a'f`i' clus`a'f`j', V 

       if abs(r(CramersV))== 1 { 

        local ++ch`a't`=`b'-1's  

        local ch`a'r`=`b'-1' 

`"`ch`a'r`=`b'-1'' `vars'"'  

       }  

      } 

     }      

     global ch`a't`=`b'-1's `ch`a't`=`b'-1's' 

     **takes out clusters from maingroup before going 

onto next step 

     foreach vars of local ch`a'r`=`b'-1' {  

  

      local CH`a'V: subinstr local CH`a'V "`vars'" "" 

      } 
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     foreach var of local CH`a'V { 

      if ``var'' > `ch`a't`b'' { 

       local ch`a't`b' = "``var''" 

       global ch`a't`b'f = "`var'" 

      } 

     } 

     if length("${ch`a't`b'f}") == 0 continue, break 

     local CH`a'V: subinstr local CH`a'V "${ch`a't`b'f}" ""

  

     local ++s`a' 

     global ch`a't`b' `ch`a't`b'' 

     global ch`a't`b's `ch`a't`b's'  

    } 

   }  

   global s`a' `s`a'' 

  } 

 } 

 if `stage' == 3 { 

  foreach a of local kchoice { 

   di "#" _col(5) "CH" _col(20) "best" _col(27) "# of same" _col(37) "# of 

stab" _col(58) "Sim to best" _continue 

   foreach f of local other { 

    di _skip(2) "Sim to `f'" _continue 

   } 

   di "" 

   di _col(37) "90" _col(42) "85" _col(48) "80" _col(53) "75" 

   forval i=1/${s`a'} { 

    local z = length("`a'") 

    local g = substr("${ch`a't`i'f}",4+`z',.) 

    if `i' ==1 local h "`g'" 

    if ${cluster`a'f`g'v80} >= `cutoff'{ 

     di `i' _col(5) ${ch`a't`i'} _col(20) "${ch`a't`i'f}" _col(30) 

"${ch`a't`i's}" _col(36) "${cluster`a'f`g'v90}" _col(41) "${cluster`a'f`g'v85}" _col(47) 

"${cluster`a'f`g'v80}" _col(52) "${cluster`a'f`g'v75}" _col(56) %9.4f t`a'[`h',`g'] _continue  

     foreach f of local other { 

      di _skip(2) %9.4f t`a'[`f',`g'] _continue 
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     } 

     di "" 

    } 

   } 

   di "" 

  }   

 } 

 if `stage' == 4 { 

 local i 1 

 local g = substr("${ch`kchoice't`i'f}",5,4) 

 local other "`g' `other'" 

  local x: di wordcount("`other'") 

  foreach a of local kchoice { 

   foreach d of local other { 

    di "" 

    di "V=0.8 " "${cluster`a'f`d'v80}" "/" `trials' 

    di ${CH`a'f`d'} 

    tabstat `varlist', by(clus`a'f`d') format(%4.3f) nototal  

    table clus`a'f`d', contents(freq) 

   } 

   forvalues d = 1/`x' { 

    local i: di word("`other'",`d') 

    forvalues e = 1/`x'{ 

     local j: di word("`other'",`e') 

     if `d'<`e'{ 

      tab2 clus`a'f`i' clus`a'f`j', V 

     }  

    } 

   } 

  } 

 } 

end 
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F Multinomial logistic regressions 

Table F.1: Multinomial logit Model 1 

 Cheap vs Cheap vs Freedom vs 
 Freedom Practical Practical 

Household Income .0175* .0106 -.0069 
 (.0096) (.0091) (.0078) 
    
Household 
Education 

-.3127** -.1906 .1222 
(.1570) (.1512) (.136) 

    
Male -.9166 -.4608 .4558 
 (.7228) (.7209) (.6295) 
    
Age Groups    
(ref: Age 40-59)    

Age 20-39 1.481 1.866** .3846 
 (1.020) (.9418) (.7988) 
    

Age 60+ 1.727 1.697 -.0301 
 (1.115) (1.160) (.9263) 
    
Pension -2.195 -3.401** -1.206 
 (1.405) (1.477) (1.254) 
    
Immigrated As 
Adult 

.3338 .3029 -.0309 
(1.065) (1.038) (1.115) 

    
Mortgage -1.127 -1.013 .1144 
 (.8646) (.8854) (.7435) 
    
Household Size -.1876 -.2402 -.0527 
 (.3024) (.2887) (.2602) 
    
Household Winter 
Electricity use 

.0347 .0734* .0387 

 (.0424) (.0404) (.0384) 
    
Electric Hot Water 
Cylinder 

.1853 -1.205 -1.391* 
(.9160) (.7683) (.7514) 

    
Space heating    
(ref: Electric 
heaters) 

   

Heat pump -.0274 2.427 2.454* 
 (1.039) (1.482) (1.324) 
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 Cheap vs Cheap vs Freedom vs 
 Freedom Practical Practical 

Wood/Coal 
Burner 

1.183 3.377** 2.194 
(1.183) (1.580) (1.373) 

    
Other -1.103 .5388 1.642 

 (1.252) (1.654) (1.537) 
    
Year house built    
(ref:1920-1979)    

Before 1920 -1.962** -.6824 1.280 
 (.967) (.7446) (.9148) 
    
After 1980 -3.073** -3.449** -.3760 

 (1.421) (1.483) (1.675) 
    
Expectations living in current house   
(ref: 5+ years)    

≤ 3 years -.4947 -.9208 -.4261 
(1.087) (1.056) (.8543) 

    
3-5 years 1.309 -.0493 -1.358* 

 (1.096) (1.126) (.8135) 
    
Constant .6976 -1.127 -1.825 
 (1.763) (2.007) (1.741) 

Observations 113  113 
Pseudo R2 0.233  0.233 
chi2 57.47  57.47 
p .013  .013 
Standard errors in parentheses 
*
 p < 0.10, 

**
 p < 0.05, 

***
 p < 0.01 
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Table F.2: Multinomial logit Model 2 

 Cheap vs Cheap vs Freedom vs 
 Freedom Practical Practical 

Household Income -.0358 .0787* .1146** 
 (.0439) (.0455) (.0448) 
    
Household 
Education 

-.3138* -.2043 .1096 
(.1672) (.1532) (.1473) 

    
Male -.9586 -.6267 .3319 
 (.7611) (.7400) (.6902) 
    
Age Groups    
(ref: Age 40-59)    

Age 20-39 1.491 1.755* .2637 
 (1.056) (.9342) (.8888) 
    
Age 60+ 1.683 1.813 .1299 

 (1.134) (1.214) (1.018) 
    
Pension -3.355** -2.693* .6621 
 (1.596) (1.606) (1.476) 
    
Immigrated As 
Adult 

.6270 .5489 -.0782 

(1.186) (1.14) (1.198) 
    
Mortgage -4.016** -.1007 3.916** 
 (1.784) (1.951) (1.813) 
    
Household Size .3887 -.3210 -.7097 
 (.7689) (.7864) (.7603) 
    
Household Winter 
Electricity use 

.0292 .0810* .0518 
(.0462) (.0422) (.0432) 

    
Electric Hot Water 
Cylinder 

.1421 -1.156 -1.298 

 (.9841) (.7955) (.8209) 
    
Space heating    
(ref: Electric 
heaters) 

   

Heat pump -.1515 2.585* 2.736* 
 (1.095) (1.529) (1.419) 
    
Wood/Coal 
Burner 

1.020 3.689** 2.669* 
(1.229) (1.64) (1.485) 
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 Cheap vs Cheap vs Freedom vs 
 Freedom Practical Practical 

Other -1.158 .7728 1.931 
 (1.312) (1.676) (1.658) 
    
Year house built    
(ref:1920-1979)    

Before 1920 -1.888* -.2153 1.673 
 (1.077) (.8662) (1.064) 
    
After 1980 -3.294** -3.215** .0784 

 (1.664) (1.627) (2.034) 
    
Expectations living in current house   
(ref: 5+ years)    

≤ 3 years .0907 -1.100 -1.191 
(1.132) (1.110) (.9305) 

    
3-5 years 1.923 -.1394 -2.063** 

 (1.218) (1.213) (.9361) 
    
Household Income 
squared 

2.0e-04 -3.1e-04 -5.1e-04*** 
(2.0e-04) (2.0e-04) (1.9e-04) 

    
Mortgage x 
Household Income 

.0339* -.0056 -.0394** 
(.0180) (.0190) (.0173) 

    
Household Income 
x Household Size 

-.0048 -9.5e-04 .0039 
(.0078) (.0082) (.0078) 

    
Constant 3.013 -4.441 -7.454** 
 (2.699) (3.286) (3.088) 

Observations 113  113 
Pseudo R2 0.296  0.296 
chi2 72.97  72.97 
p .0021  .0021 
Standard errors in parentheses 
*
 p < 0.10, 

**
 p < 0.05, 

***
 p < 0.01 
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Table F.3: Multinomial logit Model 3 

 Cheap vs Cheap vs Freedom vs 
 Freedom Practical Practical 

Household Income -.0368 .0634* .1002*** 
 (.0323) (.038) (.0369) 
    
Age Groups    
(ref: Age 40-59)    

Age 20-39 1.281 1.770** .4888 
 (.9638) (.8789) (.7947) 
    
Age 60+ 1.562 2.153** .5910 

 (1.017) (1.087) (.9218) 
    
Pension -2.101* -2.021 .0802 
 (1.271) (1.417) (1.312) 
    
Mortgage -3.067** .6018 3.669** 
 (1.511) (1.729) (1.670) 
    
Household Winter 
Electricity use 

.0344 .0659* .0315 
(.0366) (.0354) (.0351) 

    
Electric Hot Water 
Cylinder 

.2654 -1.047 -1.312* 
(.8574) (.7154) (.7242) 

    
Space heating    
(ref: electric heaters)   

Heat pump -1.096 1.741 2.838** 
 (.9357) (1.356) (1.321) 
    
Wood/Coal 
Burner 

.0499 2.712* 2.662* 
(1.013) (1.438) (1.372) 

    
Other -1.413 .6087 2.021 

 (1.163) (1.555) (1.567) 
    
Expectations living in current house   
(ref: 5+ years)    

≤ 3 years .4495 -.8092 -1.259 
(1.020) (1.010) (.8697) 

    
3-5 years 1.730* -.0333 -1.763** 

 (1.033) (1.064) (.8107) 
    
    
    
Household Income 
squared 

9.7e-05 -2.8e-04* -3.8e-04** 
(1.4e-04) (1.6e-04) (1.6e-04) 
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 Cheap vs Cheap vs Freedom vs 
 Freedom Practical Practical 

    
Mortgage x 
Household Income 

.0352** -.0054 -.0406** 
(.0151) (.0169) (.0163) 

    
Constant 1.352 -5.71** -7.061*** 
 (2.074) (2.729) (2.62) 

Observations 113  113 
Pseudo R2 0.222  0.222 
chi2 54.64  54.64 
p .0019  .0019 
Standard errors in parentheses 
*
 p < 0.10, 

**
 p < 0.05, 

***
 p < 0.01 

 


