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Summary 

Although much research has been done on the circular economy, only a few studies have 

utilized discrete choice experiments to estimate consumers’ preferences toward circularity in 

their purchase decisions. I employ a discrete choice experiment to measure Stavanger 

residents’ preferences for or against circularity when purchasing a mobile phone. I did not 

find a general preference for circularity in mobile phones. However, I found evidence that 

consumers are more inclined to choose circulated products when product circularity is 

highlighted. No preference was found for partially circulated phones over fully circulated 

ones. I did find evidence that attribute framing influences consumers’ purchase choices 

regarding circulated products. 
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1. Introduction 
 

The concept of the circular economy is critical as we strive to reconcile the escalating 

demands of a consumption-oriented society with the growing pressure for sustainability. 

Emphasizing keeping resources in use for as long as possible, extracting the maximum value 

from them while in use, and recovering and regenerating products and materials at the end of 

each service life is the cornerstone of a circular economy. It is a transformative approach that 

seeks to advance economic growth without proportionally increasing the utilization of 

resources by creating a closed-loop system where materials are continuously reused, 

recycled, and repurposed, thereby reducing the need for new resource extraction and waste 

production, and promoting a more sustainable and resilient economy. (Stahel, 2016; Elisha 

O.D, 2020). 

Our goals to move towards sustainable development, reduce emissions, and meet ambitious 

climate targets necessitate more than just systemic changes at the industrial and policy level. 

They require active participation from consumers, who must make informed choices about 

the products they purchase and use. However, transitioning from a linear to a circular 

economy model requires a fundamental shift in mindset, both from businesses, policymakers, 

and consumers alike. 

Political initiatives like the European Commission’s Eco-label have played a role in this 

transition, as part of the larger Circular Economy Action Plan. The Action Plan sets a 

roadmap for a shift towards a circular economy. At the same time, the EU Eco-label, despite 

its voluntary nature and somewhat limited adoption, guides consumers towards more 

sustainable choices by highlighting products with reduced environmental impact (European 

Commission, 2020; Simon, 2022). 

The academic world has engaged extensively with the concept of the circular economy and 

tools such as the EU’s and other eco-labels. Research areas range from exploring consumer 

barriers to engagement, investigating the label’s market penetration challenges, and gauging 

its influence on consumer decision-making (Testa et al., 2015; Thøgersen et al., 2010; Horne, 

2009; Lin et al., 2017; Prieto-Sandoval et al., 2020; Rubik et al., 2007). Of significance is the 

evidence suggesting that well-trusted eco-labels can surpass brand loyalty, pushing 

consumers towards less familiar but environmentally friendly products (Testa et al., 2015). 

This observation paves a potential avenue for businesses aiming to distinguish themselves in 

a competitive market. 
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Similarly, it is essential to remember that the consumer is vital in this transition. Adopting 

circular products is not as straightforward as one might think. Consumers often encounter 

higher price points for eco-labeled products, which can act as a deterrent, even for the 

environmentally conscious (Yokessa & Marette, 2019). Moreover, the perception of recycled 

or regenerated products is often mixed, with misconceptions about their quality and durability 

(Hamzaoui-Essoussi & Linton, 2014). Consequently, understanding consumer preferences 

and behaviors is crucial to drive the successful implementation of a circular economy. 

Through initiatives like education, efficient labeling, and incentivization, we can help 

consumers make choices that are beneficial for them and the broader goal of a circular 

economy.  

 This thesis will focus on the consumer preference and price aspects of the circular economy, 

particularly in the context of mobile phone purchases. My goal for this research was to see if 

Stavanger residents would be willing to pay a premium for partially or fully circulated 

products and the viability of introducing a CE-product label showcasing a hypothetical 

“Circular Economy Score.” Additionally, I am interested in studying the effects of message 

framing on survey responses and whether changes in the way attributes are presented can 

significantly influence consumers preferences.  

The study utilizes a Discrete Choice Experiment (DCE), which I have distributed to the 

residents of Stavanger, with a particular emphasis on students of the University of Stavanger, 

via an online survey. The stated preference (SP) method is used for this study, as the Circular 

Economy Score is a hypothetical product attribute, thereby lacking real-world data for a 

revealed preference study. This approach enables us to inquire about consumer preferences 

and willingness to pay (WTP) for products with varying prices and attributes while isolating 

the effects of the Circular Economy Score on consumer behavior. Since we wanted to see if 

the framing of the circularity attribute would influence the respondents’ stated preferences, 

we included two versions of the survey with different framings. Respondents were assigned 

one version randomly, with no information about the opposite version to not influence their 

responses. 
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2. Literature review 
 

2.1 DCEs on consumers’ circular purchase decisions 

A limited number of discrete choice experiments (DCEs) have examined the influence of 

circular economy (CE) content on consumer purchasing decisions. Only three articles have 

been published, all derived from the same study (Boyer et al., 2021a; Hunka et al., 2020; 

Boyer et al., 2021b). The results revealed a distinct preference for products partially 

composed of CE materials over those entirely new or reused. 

Boyer et al. (2021a) conducted a DCE to quantify consumer reactions to a hypothetical CE 

product label, which included a multi-level Circular Economy Score. The study utilized an 

online survey with 800 UK respondents. The findings demonstrated a low- and medium-level 

circularity preference in products like mobile phones and robotic vacuum cleaners. However, 

as CE levels increase, this preference diminishes and sometimes reduces the respondents' 

willingness to pay (WTP). This observation implies that while consumers value circular 

economy attributes and are often willing to pay a premium, they prefer new or 

remanufactured products over fully circulated, second-hand, or refurbished ones. Similar 

conclusions were reached by Hunka et al. (2020) who analyzed the same dataset from the 

UK-based study. Their research found that consumers favor partially circular electronics over 

entirely new or entirely reused products. Such products can effectively compete with brand-

new items at similar prices, indicating market demand for CE products, especially those that 

are partly reused. 

Interestingly, Boyer et al. (2021a) also found product-specific variations in consumer 

responses. Consumers were divided in the case of mobile phones, with approximately half 

favoring new devices and the other half preferring reused ones. However, there was a marked 

preference for reused devices over new ones for robotic vacuum cleaners. The authors 

attributed this to the personalized nature of mobile phones and the fragility of some 

components (screen, battery, camera), issues not relevant to vacuum cleaners, underscoring 

how non-CE-related attributes influence consumer response to a CE labeling system. 

Boyer et al. (2021b) reiterated these findings and identified three customer segments with 

differing responses to a product's CE score. The segments varied in their valued attributes 

during hypothetical purchase decisions, with one group interested in circular products 

regardless of price, a more significant segment interested in circularity but highly price-

conscious, and a final group showing a strong preference against circularity in mobile 
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phones. Interestingly, no such segment existed for robotic vacuum cleaners, suggesting that 

non-CE-related attributes significantly impact some consumers' WTP for circularity. 

Given the scarcity of DCEs in this area and that existing studies are all based on the same 

dataset, there is a clear need for more research. To fully grasp how circular content influences 

consumers' purchasing decisions, further DCEs should be conducted across different contexts 

and industries. While the available research offers valuable insights, there is significant 

potential for exploration. 

 

2.2 Related DCEs 

Although there is a scarcity of DCEs focusing specifically on consumers' preferences 

regarding CE content in consumer products, several discrete choice experiments have been 

conducted on related topics, such as consumer inclination towards sustainably sourced and 

recycled materials. 

 Potoglou et al. (2020) conducted a two-choice experiment involving six countries - Japan, 

India, Germany, the US, the UK, and Sweden - with a dataset of 6033 respondents to quantify 

consumers' preferences for sustainable materials in cars and mobile phones. Interestingly, 

while there was no overarching preference for sustainably sourced materials, significant 

differences were observed in responses across different countries. Apart from the US, 

respondents from all other countries demonstrated an increased WTP for cars made from 

ethically sourced, organic materials, with marginal WTP ranging from €1,951 in Germany to 

€4,524 in the UK. For mobile phones, respondents from the UK and Sweden strongly 

preferred sustainable materials, while other countries' respondents leaned toward 

conventional materials. The divergence in responses might suggest variations in cultural 

values concerning the products in question, sustainability, or sustainably sourced materials. 

This hypothesis is supported by Dinh et al. (2021), who used a DCE involving Vietnamese 

and Japanese student respondents to understand and compare the tradeoffs young consumers 

are willing to make for green attributes in their purchase decisions. The study found a stark 

contrast between the two countries, with Vietnamese respondents consistently demonstrating 

a higher appreciation for green attributes than their Japanese counterparts. 

Further highlighting the role of consumers' familiarity with CE concepts, Stein et al. (2020) 

found that consumers more familiar with CE concepts tend to be more concerned with 

circularity. The findings underscore the potential benefits of educating customers about CE 
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before they make their purchase decisions, with the authors recommending further research 

on the viability of third-party CE certification. 

A positive WTP for recycled and sustainable fashion products was indicated by Italian and 

Spanish respondents, as found in a DCE by Testa et al. (2015). The WTP was, however, not 

significantly influenced by brand awareness, indicating that consumers are less influenced by 

brand power when purchasing circular economy products, potentially because "up-cycled" 

fashion products are perceived as inherently high-quality.  

Lieder et al.'s 2018 study involving washing machines in Stockholm, Sweden, showcased a 

positive correlation between greenhouse gas reduction and consumer disposition to choose 

more recycled and sustainability-aligned choices when presented with different payment 

schemes. This and previous DCEs suggest that educating consumers about CE increases 

WTP for circularity and positively influences their purchase decisions.  

However, these studies also reveal that cultural differences have a significant impact, and 

while inhabitants of some countries respond very positively to circularity, other countries 

exhibit less or even negative appreciation (Dinh et al., 2021; Lieder et al., 2018).  

These previous DCEs underline the necessity of conducting similar studies in regions 

planning to integrate circularity into their policy or business strategies. Given the variations 

across different cultures, ensuring that the insights derived are relevant and applicable to the 

specific region of interest is crucial. 

 

3.0 Theory 

3.1 Circular Economy Score 

There are many different definitions of the circular economy. However, one of the most 

satisfactory is the definition proposed by Kirchherr et al. (2017). This definition refers to an 

economic system that shifts away from disposing of materials at the end of its lifespan. 

Instead, it prioritizes reducing, reusing, recycling, and recovering materials throughout 

production, distribution, and consumption. I seek to quantify consumers’ willingness to pay 

for circularity using a discrete choice experiment, and for that purpose, I require a means to 

quantify circularity as an attribute. I accomplish this by adopting Linder et al. (2017)’s metric 

for quantifying product-level circularity. 

𝑐 =
𝐸𝑐𝑜𝑛𝑜𝑚𝑖𝑐 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑐𝑖𝑟𝑐𝑢𝑙𝑎𝑡𝑒𝑑 𝑝𝑎𝑟𝑡𝑠

𝐸𝑐𝑜𝑛𝑜𝑚𝑖𝑐 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑎𝑙𝑙 𝑝𝑎𝑟𝑡𝑠
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In the equation above, c denotes the Circular Economy Score for one product based on the 

economic value of the circulated parts as a fraction of the economic value of all the parts 

within the product. This allows us to display circularity as a percentage, with a 75 percent 

circular product being one for which the economic value of its circulated parts accounts for 

75 percent of the value of the whole product. Basing circularity on the value of circulated 

parts versus the value of all parts, rather than resale value, is sensible, considering the value 

of a whole product usually is greater than the sum of its parts.  

Although Linder et al. (2017) go much deeper into the different methods used for calculating 

economic value, that will not be necessary for my project.  

This approach facilitates using an intuitive metric of circularity for respondents to 

differentiate between the circular contents of products. Consequently, survey respondents 

who answer the “New Material Score” version receive scores that are the exact opposite of 

their Circular Economy Score, facilitating an easy conversion to the Circular Economy Score 

while framing the attribute with the opposite connotation. 

 

3.2 Prospect theory and Message framing  

Prospect theory explains that since investors are risk averse while also being opportunity-

seeking, they value risk differently if they stand to gain versus lose utility. In prospect theory, 

the term “risk” pertains to the degree of uncertainty surrounding possible outcomes. 

 When presented with two choices, one risky and one safer choice, wherein the risk involved 

relates to the amount of gain the investor might acquire, investors are generally risk averse, 

choosing the safer option despite the riskier option having a higher expected utility. However, 

when presented with risky and safe choices wherein the investor stands to incur a loss, 

investors are risk-seeking, choosing the option with lower expected utility but with the 

possibility of eliminating most of the loss. Prospect theory explains this behavior in that 

consumers’ total utility depletes more when experiencing loss than it increases when they 

experience an equivalent gain (Kahneman & Tversky, 1979).  

For this experiment, I wish to investigate how these effects may affect respondents’ choices 

when presented with the same options but presented in opposing ways. More specifically, 

asking respondents equivalent questions but presented as the opportunity to gain circularity or 

lose new, virgin material. Following prospect theory, I expect respondents to have higher 

preferences in favor of circularity when presented with different product offers with a variety 

of “Circular Economy Scores,” which is my measure for circularity, as circularity is then 
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presented as a “good” to “obtain.” Contrastingly, I expect consumers tasked with choosing 

their most desirable products presented with a “new material score” to display a lower 

preference towards circularity. This follows from the assumption that consumers are loss-

avoidant. If new or virgin materials are promoted as a quality attribute of the product, 

reducing this feature may unfavorably influence consumer preferences. Regardless, the 

product composition remains the same in all alternatives for both respondent samples since 

products may only contain circulated materials, virgin materials, or a combination of both. 

While I do not anticipate that respondents presented with a “new material score” will 

necessarily show negative preferences toward circularity (given that those conscious of 

sustainability should maintain their preferences), I do predict that respondents exposed to the 

“Circular Economy Score” version of the survey will demonstrate a stronger preference for 

recycled materials. 

The subject of message framing has been explored through numerous studies in the past, but 

the findings have been inconsistent, with some researchers’ findings fully supporting the 

theory and others only partially supporting it (Levin & Gaeth, 1988; Meyerowitz & Chaiken, 

1987; Evangeli et al., 2013). Some researchers question the theory’s validity altogether 

(Van’t Riet et al., 2016). Nevertheless, my goal is to explore how different message frames 

may impact respondents’ decision-making and to determine whether these findings can 

inform the marketing of Circular Economy products. 

 

3.3 Consumer behavior theory 

According to the Consumer Behavior Theory, consumers base their choices on their needs, 

wants, preferences, and attitudes. In addition to intrinsic attributes like price, quality, and 

features, extrinsic factors such as branding and labeling influence consumer behavior. 

Product labeling is significant, as it can provide information about a product's characteristics, 

origin, and sustainability and influence consumer behavior (Katola, 1968; Hoffmann et al., 

2020). 

When establishing a link between Circular Economy (CE) alignment and consumer utility, it 

is crucial to consider the relationship between the general consumption of goods and services 

and an individual's overall well-being. I assume that individuals derive utility from 

consuming goods and services and aim to maximize their utility while being subject to a 

budget constraint, recognizing that individuals are constrained by their limited income 

(Barten et al., 1982). Different commodities have different characteristics, which give utility 
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to the consumer. Commodities have multiple characteristics so that consumers may rank 

them differently in terms of value (Lancaster, 1966). 

In the context of my study, I will ask Norwegian respondents to choose which of several 

products, each containing a variety of characteristics, would provide them with the most 

utility. I can utilize this information to determine how CE characteristics benefit Norwegian 

consumers. 

 

3.4 Discrete Choice Experiments  

Discrete choice experiments are a survey-based, stated preference (SP) method of measuring 

utility when preference data is unavailable. By presenting respondents with various choice 

sets with two or more alternatives and querying them on which of the proposed alternatives 

they deem most attractive, we can quantify which attributes respondents consider more 

valuable or holding a greater level of utility. This approach allows us to understand the 

relative importance of different attributes and to quantify the tradeoffs consumers are willing 

to make to obtain more of a given attribute and may give important insight into situations 

wherein revealed preference (RP) Data is not available. 

While researchers have undergone extensive research on the circular economy for the last 

decade, only some have employed Discrete Choice Experiments (DCE) to acquire insight 

into consumers' attitudes relating to CE attributes in their purchase decisions. The results of 

DCEs are fascinating, as DCEs can emulate a real purchase scenario in which the individual 

respondents have the choice between several different alternative products. The results may 

then inform the design of circular economy-related products, services, and policies and 

develop effective strategies for communicating "good" circular choices to consumers. My 

DCE tasks respondents with making a discrete choice between two different mobile phones 

possessing various configurations of attributes. Some may, for instance, contain a high 

battery capacity and a low price but low levels of circularity. Others may be completely 

circular, with a perfect battery, but compensated with a high purchase price. With enough 

choice sets and adequate respondents, I aim to use this information to determine an 

approximate average WTP for CE content for the DCE respondents. 
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3.5 Hypotheses 

Upon a review of relevant academic literature and consideration of applicable theory, I have 

formulated a set of hypotheses for how I expect consumers' preferences for circularity to 

vary: 

 

(1) Consumers have a positive preference for Circularity when purchasing mobile 

phones.   

(2) Consumers prefer circular products less when the circularity attribute is framed as 

the loss of new material than when the attribute is framed as the gain of circularity.  

(3) Consumers prefer partially circulated mobile phones and are willing to pay more for 

them than fully circulated ones.  

 

 

4.Method 

4.1 The Discrete Choice Experiment 

A substantial body of research has been conducted on the impact of product labels on 

consumer decision-making, as well as discrete choice experiments (DCEs) exploring 

consumers' preferences for sustainable, green, or refurbished products. However, only a 

limited number of studies employing DCEs have been published on consumers' willingness 

to pay (WTP) for circularity in the context of purchasing decisions. Notably, the studies by 

Boyer et al. (2021a; 2021b) and Hunka et al. (2020) all relied on the findings from a single 

UK survey. Given the potential insights that could be gained from conducting a similar DCE 

in Norway and the overall scarcity of DCEs on this subject, I aim to adapt this survey for a 

Norwegian audience. In contrast to the original survey, which incorporated a comparison of 

respondents' WTP for circularity in two distinct products (mobile phones and robot vacuum 

cleaners), I have decided to narrow the scope and focus exclusively on mobile phones, given 

the constraints of my respondent pool. Regarding suitable attributes and attribute levels for 

this thesis, I naturally included the same attributes as those found in the original survey while 

making some alterations. The attributes and levels of the original survey are shown in the 

image below, adapted from Hunka et al. (2020). 
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Table 1:  Original attribute levels 

 

Since I am limited to a smaller and more narrow pool of respondents with a significant 

representation of students, I removed some attributes that I deemed redundant, as listed 

below. 

Reseller type: I have determined that the “Reseller type” attribute is redundant for my 

survey, as my respondent pool comprises many local university students. Based on informal 

discussions with a sample of students, they generally do not exhibit solid preferences or 

possess significant experience with different types of resellers. The students interviewed 

demonstrated limited familiarity with the distinctions between authorized and unauthorized 

resellers and were often unaware of which specific retailers belong to each category. 

Moreover, my preliminary findings suggest that the reseller type is unlikely to substantially 

impact respondents’ willingness to pay (WTP) for circularity. By omitting this attribute, I aim 

to streamline my survey and concentrate on more relevant factors influencing students’ 

purchase decisions. 

 Easy to fix: In a survey examining circularity in mobile phones and purchase decisions, I 

believe the “Easy to fix” attribute may hold less relevance for a sample of local university 

students. When writing, the most popular phones listed by a leading mobile phone retailer 
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(Telia, 2023) all have screens and batteries that can be replaced at mobile repair shops, as 

confirmed through targeted searches for each phone model. As such, the attribute level 

“Device is sealed, and only software/firmware updates are available” seems unrealistic for a 

premium mobile phone. Additionally, I argue that students are more likely to prioritize price, 

performance, or sustainability over a device’s repairability. 

Appearance: The appearance of a product, particularly smartphones, often plays a 

significant role in consumers’ purchasing decisions. Aesthetics are the first impression that 

attracts or deters potential buyers. As such, I fear that the attribute of appearance can 

dominate, drawing attention away from other essential attributes. In discussions with 

students, many outright rejected purchasing a worn, scratched phone. This tendency 

reinforces my decision to omit the appearance attribute from my analysis.  

Focusing on other aspects of the smartphone, like hardware specifications, software 

capabilities, battery life, and durability, allows us to provide a more balanced perspective. 

This approach will enable students and other potential buyers to make informed decisions 

based on the product’s overall value rather than overwhelmingly based on its appearance. 

 

I also changed some of the remaining attributes in my survey to improve the overall quality 

and validity of the results. The rationale behind these changes is explained below: 

 

Battery life: This attribute may vary significantly among different models, and although 

respondents were instructed that all phones in the survey were identical except for the 

presented attributes, I decided to present battery life using more practical, tangible values in 

the form of hours. Consequently, the choice cards now feature battery life options of 6, 8, or 

10 hours under intensive use. By employing specific hour values, I can more accurately 

convey the expected battery life of each option to respondents, ultimately improving the 

quality of the survey responses. 

Price:  In my updated survey, I made significant changes to the price attribute compared to 

the original UK survey. The original survey presented prices as either £259, £379, £499, or 

£629 and included a second variant with randomly drawn prices ranging from £259 to £629. 

In my revised version, I opted for fixed price points of 4500 NOK, 7000 NOK, 9500 NOK, 

and 12 000 NOK, and I removed the second variant with randomly drawn prices. The new 

prices were obtained by identifying popular premium smartphone models available in 

Norway by examining the prices of the top-selling models of last year, according to the 
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largest retailers. The prices of these popular models were then compared to establish a range 

of prices representative of the premium smartphone segment in the country. 

Circular economy score: The circular economy score attribute remains the same in my 

survey, with the caveat that half of the respondents are instead presented with the reverse-

coded “New material score” (NMS) attribute. The NMS is the exact mirror of the circular 

economy score. It informs the respondent about the proportion of products made from 

entirely new, never-recycled, virgin materials. Consequently, a high level of utility assigned 

to the NMS by a respondent signifies an equivalent negative utility placed on the CES and 

vice-versa. Referencing the segment of this paper about message framing, I expect 

respondents who are presented with the NMS cards to exhibit a lower preference for 

circularity than those presented with the CES.  

After finalizing the levels and attributes for my study, a model was created to generate an 

efficient experimental design, concentrating on identifying the main effects. To maintain 

realistic scenarios, a single constraint was introduced: 0% circular, or completely new 

phones, were only allowed the highest battery capacity, which is 10 hours. This constraint 

was implemented as it is unrealistic for an entirely new phone not to have the highest possible 

battery capacity. 

 

Table 2: Example choice card 

 

A total of sixteen choice cards were ultimately developed. An example of a choice card can 

be seen above. The CES and NMS versions of the DCE are identical, with the sole exception 

being the attributes related to the New Material/Circular economy score. 
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4.2 Survey Distribution 

To obtain a substantial number of responses from university students for my survey, we 

employed a dual-method strategy for distributing the survey: distributing fliers throughout the 

University of Stavanger campus and sharing anonymous links on social media platforms. The 

fliers were handed out evenly across the University campus and, as such, should capture a 

wide variety of students and personalities. However, social media dissemination could 

introduce some bias. The survey’s reach is limited to the authors’ social media connections 

and those who opted to share the survey further, potentially reducing the robustness of my 

data. The online survey distribution may also favor friends and family, as they are more 

inclined to participate. As the survey was entirely anonymous, I cannot verify this. 

 The survey was done with a different duo of master students working on a thesis about 

digital advertisements and consumer purchase decisions. As such, the survey included 

questions relating to digital marketing and its influence on the respondent’s purchase 

decisions and the DCE. The information given to respondents about the survey in advance 

was sparse within both distribution methods, as we wished not to attract an 

overrepresentation of respondents with strong opinions on the matter. Respondents were, 

therefore, only told the survey topic: “Digital advertisement and sustainable product 

preferences.” 

The survey was comprised of five sections. First, a brief introduction sets the stage. Then, 

respondents identified their top three social issues. The third part explored attitudes toward 

digital marketing and presented ad scenarios. For the key part of the survey, the Discrete 

Choice Experiment (DCE), respondents were randomly assigned one of two versions, 

featuring either a circular economy score (CES) or a new-material score (NMS). The CES 

represents the proportion of reused, refurbished, and otherwise circular material in a product, 

while the NMS pertains to the proportion of new, non-circular material. A total of 20 choice 

sets were created, with 10 for CES and 10 for NMS, and respondents were required to answer 

all sets relevant to their survey version. Choice sets were numbered to minimize survey 

dropouts due to fatigue, as ten sets could be perceived as overwhelming. By displaying the 

remaining number of sets, I aimed to alleviate potential weariness. However, numbering 

meant we needed to keep the choice cards consistent, meaning all respondents would 

encounter the choice sets in the same sequence. This could introduce bias, as the order might 

influence respondents’ choices. Whichever version of the survey respondents received; they 

were then asked to rate several phone attributes on a scale from 1-5 on their importance in a 
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purchase decision. These included the attributes from the DCE, processing capabilities, 

memory, appearance, and service and insurance. The debrief included demographic 

questions, opinions on sustainability, and the role of social media on purchase decisions. 

Overall, the survey aimed to gather data on the influence on consumer behavior of various 

factors, particularly sustainability, Circular Economy, and digital marketing. An example of 

the survey is displayed in the Appendix section of this thesis.  

 

4.3 Willingness-to-Pay (WTP) Calculation 

Calculating Willingness to Pay (WTP) provides valuable insight into the economic value that 

respondents place on the different attributes of a product or service. In the context of my 

discrete choice analysis, I aimed to estimate the WTP for different levels of product 

circularity to assess whether and to which degree the circularity attribute might affect 

consumers' inclination towards circular products. 

 I calculate WTP by taking the ratio of the coefficients of the non-monetary attribute (in my 

case, circularity) and the price attribute in my multinomial logit model. This ratio translates 

the utility impact of the attribute into monetary terms, providing an estimate of how much 

respondents would be willing to pay for a unit increase in that attribute. In my case, since 

circularity only exists at certain levels in my data and is thus treated as a factor rather than a 

numeric variable, WTP will provide an estimate of how much respondents would be willing 

to pay to rather have 25, 75, and 100 percent circularity than 0. Formally, the WTP for an 

attribute i is calculated as WTPk=-
𝛽𝑘

𝛽𝑝
 where βk is the coefficient for attribute k and βp is the 

coefficient for price. (Train, 2009)  

To quantify the uncertainty around my WTP estimates, I applied the Delta method, a 

statistical technique used to obtain the variance and confidence intervals of a function of 

random variables, given the variances and covariances of those variables. In my context, it 

allows us to calculate the standard errors for my WTP estimates, considering the sampling 

variability of my model coefficients. This further allows us to produce p-values to assess the 

statistical significance of these estimates.  

The Delta method relies on the assumption of asymptotic normality, i.e., the distribution of 

the estimates approaches a normal distribution as the sample size increases. It involves 

calculating the gradient of the transformation function (in my case, the WTP calculation) and 

using this to approximate the variance of the transformed variable.  

The first step is to write down the function for calculating WTP.  
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𝑔(𝛽) = −𝛽𝜅 /𝛽𝜌 

In this formula, βk is the coefficient for a non-price attribute k, and βp is the coefficient for 

price. This ratio represents the marginal rate of substitution between the attribute and price, 

that is, how much more someone is willing to pay for a unit increase in the attribute. 

I then calculate the gradient of this function at the estimated coefficients, �̂�𝑘 and �̂�𝑃. The 

gradient is a vector of the first derivatives of 𝑔(𝛽) with respect to �̂�𝑘 and �̂�𝑃.  

𝑔′(�̂�) = (−
1

𝛽𝜌,

�̂�𝑘

�̂�2
𝑃

) 

The variance of 𝑔(𝛽) is then calculated as: 

𝑉𝑎𝑟[𝑔( �̂�)] = 𝑔′(�̂�)
𝑇

�̂�𝑔′(�̂�) 

Where V is the variance-covariance matrix of the estimated coefficients, obtained from the 

output of the model specification in R. Finally, the standard error is the square root of the 

variance.  

𝑆𝐸[𝑔(�̂�)] = √𝑉𝑎𝑟[𝑔(�̂�)] 

 

(Hole, 2007).    

In R, this can be done using the deltaMethod function from the car package, which 

implements the necessary calculations (Fox & Weisberg, 2019). From this procedure, I obtain 

the standard error of the WTP, which can then be used to calculate a Z-score, a measure of 

how many standard deviations an element is from the mean. In this context, the Z-score of the 

WTP estimate is calculated as follows: 

𝑍 =
𝑊𝑇𝑃−0

𝑆𝐸[𝑊𝑇𝑃]
 .   

 

The P-value is then calculated as: 𝑝 = 2(1 − 𝛷(∣ 𝑍 ∣)), 

 In which 𝛷 is the cumulative distribution of the standard normal distribution. I do this 

calculation in R using the “pnorm” function. (R core team, 2023) 

By employing the Delta method and calculating p-values, I can provide not only estimates of 

WTP but also a measure of the uncertainty around these estimates, improving the reliability 

of my results.  
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5.0 Econometric model 

5.1 Multinomial Logit 

The study utilizes discrete choice models such as the Multinomial Logit (MNL) model. The 

MNL model is grounded on the Random Utility Model (RUM), a fundamental framework for 

discrete choice analysis, first introduced by McFadden (1974). The core idea of the RUM is 

to represent the utility U that individual n derives from choosing alternative j as the sum of a 

deterministic and a random component. 

          Ujn˭V(Xjn;β)+εjn, 

Here, Xjn  represents the attributes of alternative j for individual n, β is a vector of unknown 

parameters, V is the systematic utility function (the component of utility directly influenced 

by the attributes of the alternatives) and εjn is the random component of the utility (a part of 

utility that cannot be directly observed).  

Within the RUM framework, we know that the individual n will choose the alternative I that 

provides them with the highest utility. The choice probability Pin is the probability that 

alternative i provides the highest utility to individual n given, however its form depends on 

the assumptions we make about the distribution of the random component εjn. 

After specifying the choice-probability Pin however, we can utilize it in the following log-

likelihood function. 

𝐿𝐿(β) = ∑ ∑ 𝑦𝑖𝑛𝑙𝑛(𝑃𝑖𝑛)

𝐽𝑛

𝑖=1

𝑁

𝑛=1

 

LL(β) is the log likelihood function I want to maximize to estimate (β), yin is a variable that 

indicates choice, being 1 if individual n chose alternative I and 0 otherwise, and Pin represents 

the specified form of the choice probability.   

The multinomial Logit Model by McFadden (1974) determines the probability Pin that an 

individual will choose alternative i over all other alternatives j in the choice set Cn of Jn 

alternatives available. 

It is obtained from the RUM by making specific assumptions about the distribution of the 

random components of the utility. Given the RUM framework and MNL assumptions, the 

Choice probability Pin that individual n choses alternative i from a set of alternatives is given 

by this formula:  
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𝑃𝑖𝑛 =
𝑒𝑉(𝑋𝑖𝑛;𝛽)

∑ 𝑒𝑉(𝑋𝑗𝑛;𝛽)𝐽𝑛
𝑗=1

 

 

The log-likelihood function for the MNL model is then obtained by substituting the MNL 

choice probability formula into the general RUM log-likelihood function. 

𝐿𝐿(β) = ∑ ∑ 𝑦𝑖𝑛𝑙𝑛 (
𝑒𝑉(𝑋𝑖𝑛;𝛽)

∑ 𝑒𝑉(𝑋𝑗𝑛;𝛽)𝐽𝑛
𝑗=1

)

𝐽𝑛

𝑖=1

𝑁

𝑛=1

 

 

This log likelihood model is identical to the RUM log-likelihood model, however the term in 

the natural logarithm is the specified choice probability of individual n to choose alternative I 

under the MNL model. (Pryanishnikov & Zigova, 2003). 

The goal of the MNL model is to estimate the value of β that maximizes the likelihood of 

observing the choices made by individuals in the sample. 

To estimate the parameters β that maximize the likelihood function, I utilize the 'mlogit' 

package in R. This package estimates the MNL model using a method known as maximum 

likelihood estimation, common statistical method for estimating the parameters of a 

probability distribution by maximizing a likelihood function. (Myung, 2003) The 'mlogit' 

package simplifies the process by internally handling the computation of choice probabilities 

and the log-likelihood function (Croissant, 2020). 

 

5.2 Independence of Irrelevant Alternatives 

The Independence of Irrelevant Alternatives (IIA) is an essential assumption for MNL 

models. The assumption holds that the likelihood of one alternative being chosen over 

another is independent of other alternatives in the choice set (McFadden et al., 1977). To 

assess the validity of the IIA assumption in my MNL model, I employed the Hausman-

McFadden test, which is available in R through the hmftest function in the mlogit R package 

(Croissant, 2020). This test is specifically designed to assess the IIA assumption in MNL 

models (Hausman & McFadden, 1984). 

This test's premise involves comparing parameter estimates derived from two different 

models. The first model is a complete model that includes all possible choice alternatives. 

The second model, however, is restricted and includes only a subset of the alternatives from 

the complete model. If the IIA assumption is valid, removing specific alternatives from the 
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model should not change the relative probabilities of the remaining alternatives. The odds of 

choosing one alternative over another should remain the same, regardless of other 

alternatives. In the context of the Hausman-McFadden test, the null hypothesis is that the IIA 

assumption holds, while the alternative hypothesis suggests that the IIA assumption has been 

violated. 

6.0 Results 

One hundred fifty-six participants initially agreed to participate in the survey, with a final 

amount of 135 completions. This results in a comparatively low dropout rate of 

approximately 13%. Of the 135 completions, 28 participants engaged through the QR code 

provided on the fliers we distributed, while the remaining respondents participated via an 

online link. The survey was designed to be engaging and user-friendly, likely contributing to 

the higher completion rate. 

The average survey duration was around twelve and a half minutes. To ensure that the 

analysis focused on typical respondent behavior, extreme cases were identified where 

respondents reported spending an unusually long time on the survey, exceeding one hour. 

These cases were considered non-representative of active engagement with the survey and 

were subsequently removed from the average. Even with twelve and a half minutes 

completion time, the dropout rate remained low, suggesting that the survey duration was not a 

deterrent for most participants.  

Notably, out of the twenty individuals who started but did not complete the survey, only three 

had made any selections in the choice sets. Most dropouts, 17 in total, decided not to continue 

even before reaching the choice sets. 11 of these dropped out before reaching the final social-

media-related question, and 6 completed the social-media-related part of the survey but still 

needed to begin the circularity part. 

I attribute why some respondents chose to drop out to the natural variance in participant 

commitment. Some respondents might have been interrupted, lost interest, or found they did 

not have sufficient time to complete the survey. It is also possible that some of the survey 

questions or the DCE segment may have been perceived as too challenging or not relevant 

enough to some participants, causing them to discontinue. 

The low dropout rate is satisfactory, however, which could be partly due to the minimal 

amount of text that respondents had to read and my efforts to ensure that questions were easy 

to comprehend. As I aimed to measure the variations in responses based on different framing 
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within the alternative block, and I wished to minimize any influence from my explanations of 

the questions and concepts, all text blocks were kept brief and to the point. This made it 

easier and less tiresome for participants to complete the survey, contributing to the reduced 

dropout rate. 

 

6.1 Demographics 

 

Table 3: Demographics 

 

Table 1 above presents the descriptive summary for the entire sample and the two framing 

groups, CES and NMS. 

 

We observe a clear majority of respondents under 40 in my sample, which aligns with our 

distribution methods that specifically targeted students. The proportion of respondents 

categorized as under-40s is similar in both survey versions, with 80.46% in the CES survey 

and 77.05% in the NMS survey falling into this age group. Regarding gender distribution, my 
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survey shows a bias towards women, constituting 56.68% of the responses, compared to 

41.18% for men. This gender disparity is driven mainly by the CES version of the survey, 

where women out represent men by 27.39%. In contrast, the NMS survey exhibits a more 

balanced gender representation, with women and men being nearly equally represented at 

49.18% and 47.53%. 

 Regarding other demographic imbalances relevant to my project, there is a slightly higher 

representation of students among CES-version respondents, accounting for 47.95% compared 

to 40.98% among NMS-version respondents. Additionally, NMS respondents have an 8.67% 

lead in the proportion of full-time employed respondents. As for my affordability index, the 

differences are relatively modest. CES respondents show a 7.63% higher proportion of 

respondents in the moderate-affordability category. In comparison, NMS respondents have 

3.48% more responses in the very-low and low affordability categories and 4.24% higher 

responses in the very-high and high affordability groups. 

Moving to the lower end of the ratings, the appearance and, service & insurance attributes, 

excluding the CES/NMS attribute, received the lowest scores from both groups. Appearance 

scored 3.39 and 3.59 in the NMS and CES surveys, respectively, while Service & Insurance 

scored 3.41 and 3.39. These results indicate that both attributes hold roughly equal 

importance for respondents from both segments. However, the within-group preferences vary 

greatly, as the variances for the attributes are between 1 and 1.30 for both respondent 

segments. 

 

6.2 Importance ratings 

After concluding the Discrete Choice Experiment (DCE), I asked respondents to perform 

another task. This task involved rating mobile phone features based on their perceived 

importance. I provided a scale of 1 to 5, where 1 indicated minimal importance and five 

represented maximum importance. 

The group of features was extensive, including the ones I utilized in my DCE and those 

identified in the study by Hunka et al. (2020). Although these additional features were not 

part of my initial experiment, I included them to gain a broader perspective of what attributes 

respondents consider significant in their mobile phones. 

The results of this task can be found in Table 3 below. This table provides a clear visual of 

how each feature was rated by the respondents, offering the mean value of each attribute’s 

ratings and the variance to understand respondents’ level of consensus.  
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The results of this task can be found in Table 3 below. It includes the average rating for each 

attribute and the variance, providing insight into the respondents’ consensus level. 

 

 

 

Table 4: Importance ratings 

 

From the data presented above, it is clear that battery life is a top priority for respondents 

across both surveys. It takes the lead in the NMS survey with an impressive average rating of 

4.49 and is also a front-runner in the CES survey, earning a solid average rating of 4.34. The 

low variances of 0.55 in the NMS survey and 0.69 in the CES survey further underline the 

consensus on the importance of battery life. These variances are among the smallest 

compared to all other attributes in both surveys, indicating a general agreement among 

respondents about battery life's vital significance in their mobile phone purchase decisions.  

The NMS/CES attribute stands out as a particularly intriguing aspect to consider. Given the 

distinct framing techniques utilized in the two survey versions, I expected a higher 

importance rating for this attribute in the CES survey, as I hypothesized that the circularity 

framing would positively sway respondents' perspectives. However, the CES survey 

responses assigned an average rating of 2.71 to this attribute, suggesting it is less than 

moderately important. It is also worth noting that this CES/NMS rating is the lowest of all the 

attribute ratings across both surveys, suggesting that it is, in fact, the least important attribute 

for respondents when considering a phone purchase. As such, the rating of 2.71, indicating 

somewhere between low- and moderate importance, might, be overstated. The notably high 

variance of 1.15 in the CES ratings further compounds this complexity. This high variance 
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suggests a considerable divergence in opinion among the CES respondents regarding the 

importance of the NMS/CES attribute when choosing a mobile phone.  

 The NMS survey presents slightly higher ratings for this attribute, landing precisely at 3.00, 

which suggests a "moderate" level of importance. In the context of the survey question, this 

attribute was labeled as "Material Origin (New Material Score)." Despite the higher rating 

compared to its CES counterpart, it is unclear from these important ratings how respondents 

perceive the NMS score compared to the CES. Specifically, the survey question does not 

directly ask respondents whether a higher NMS score positively influences their purchase 

decisions. It merely asks how vital the NMS score is to them when considering a purchase. 

As a result, it is uncertain whether a higher score suggests a positive or negative influence on 

their buying decision. This ambiguity points to the complexity of interpreting these ratings 

and underlines the need for further investigation. 

 Like the CES score, the NMS score also has a relatively high variance, at 1.12. This could be 

due to differing interpretations of the question among respondents. However, it is equally 

possible that this high variance reflects the different values held by the respondents, mirroring 

the situation I observed with the CES score.  

The attributes of price, processing capabilities, and memory all obtained ratings between 4.00 

and 4.38 across the NMS and CES segments. However, there is a slight variance in their 

respective preferences. CES respondents tended to emphasize the price and memory of a 

mobile phone. On the other hand, those in the NMS segment value processing power more. 

Additionally, there is a slight difference in the spread of responses between the two groups. 

The NMS respondents showed more variability in their responses, with an average variance 

of 0.91 for these attributes, as opposed to a lower average variance of 0.73 observed among 

the CES respondents. 

 

6.3 Model estimation results 

I utilized a multinomial logistic model with the “mlogit” package in R, written by Croissant 

(2020), for my main model estimation. 

Conducting the Hausman-Mcfadden test on my data returned a p-value of 0.3593 for the full 

dataset, 0.6769 for the CES data, and 0.47 for the NMS sample data. These p-values are more 

significant than the conventional significance level of 0.05. We, therefore, do not have 

enough evidence to reject the null hypothesis. This means that we cannot conclude that the 
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IIA assumption is violated in our model. As such, the use of the MNL model is deemed 

appropriate for our data, given the validity of the IIA assumption. 

After ensuring that the model fits correctly and that the IIA assumption holds, the following 

are the estimated model coefficients for the full sample and the subsets that include only CES 

and NMS respondents, respectively. 

 

 

Table 5: Main model summary 

 

The intercept for each alternative represents the log-odds of choosing that alternative when 

all explanatory variables are equal to zero, meaning the inherent preferences respondents 

might have toward specific alternatives. As we observe above, the intercept for Alternative 2 

is positive for the full sample and the CES subsample and negative only for the NMS 

subsample. It is only statistically significant for the CES subsample, for which it is significant 

at the 1 percent level, meaning that CES sample respondents had an intrinsic preference 

towards Alternative 2 regardless of its associated attributes. The intercept term for alternative 
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3, the “neither” option, is negative and statistically significant at the 1 percent level for both 

the full sample and the NMS subsample, while statistically significant only at the 10 percent 

level for the CES sample. As expected, the price attribute is negative and statistically 

significant at the 1 percent level for all subsamples.  

 The Circularity attribute, our analysis’s main attribute of interest, shows differing results 

among all three samples. In the full sample, the attribute is positive but insignificant; in the 

CES subsample, it is positive and significant at the 1 percent level, and in the NMS sample, it 

is negative and significant at the 1 percent level. This displays a clear but divided preference 

for and against Circularity among the two respondent groups. 

 

6.4 Dummy-coded model results 

To see respondents’ preferences for different levels of circularity, I modified my existing 

survey data set to include dummy variables for the different circularity levels in my survey 

data. This allows us to isolate the effects of each circularity level on choice probability. I did 

this because, in my specific data, circularity may only take on one of four possible values: 0, 

25, 75, and 100. Although these are numerical values, they are categories in the context of the 

data because we lack information about the attribute at values between these points. By 

transforming “Circularity” into dummy variables, I allow the model to capture the different 

impacts that different levels of circularity might have on the probability of making a 

particular choice, which would not be possible if circularity was kept as a single categorical 

variable. 
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Table 6: Summary Full sample dummy-coded 

 

Our results above align with the IIA assumption, with a p-value of the Hausman-Mcfadden 

test of 0.9792. The results presented in the table above show that the intercept term for 

alternative 2 is positive yet not statistically significant. For alternative 3, the intercept term is 

negative while highly significant at the one percent level. As such, we can infer that 

respondents have an innate preference for choosing a product over purchasing neither. As 

expected, the estimated coefficients of the Price attribute are negative and significant at the 

one percent level. 

Similarly, the coefficients for Warranty and Battery are significant and positive, which is 

intuitive since both attributes are invariably good from a consumer perspective. The 

circularity attribute coefficients are positive at 75 percent and negative at 25 and 100 percent. 

However, the coefficients are insignificant at all levels and do not allow us to make any 

judgments about the effects of circularity on the total respondent sample. 

After subsetting the data and confirming that the IIA assumption still holds for the model 

trained on both new datasets (CES: p=0.918, NMS: p=0.9616), I present the summary 



30 
 

statistics for the CES and NMS respondent groups, respectively.   

               

              Table 7: Summary dummy-coded CES & NMS 

 

From the results above, the intercept term for Alternative 2 is positive and significant in the 

case of the CES respondent sample, implying that CES respondents, to some degree, prefer 

picking Alternative 2 over Alternative 1 regardless of attribute levels. The intercept term for 

alternative 3 is no longer significant, meaning we cannot infer whether CES respondents 

specifically prefer choosing among the available options or neither option, regardless of 

attribute levels. For the NMS subsample, the significance of the intercepts is inverted. NMS 

respondents show significant aversion to the “neither”-alternative but no significant aversion 

or inclination towards alternative 2. Price, Battery, and Warranty follow the same patterns as 

in the full sample for both subsamples and are significant at the five percent level or higher in 

all cases. For the CES sample, only the circularity level of 75 percent is significant at any 

level, and even then, it is only significant at the 10 percent level, which is higher than our 

target of a 5 percent significance level. The coefficients are, however, positive in this 

instance, so they could be interpreted as 75 percent circularity having a positive impact on 
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respondents’ choices if we are to accept the 10 percent significance. For the NMS survey 

respondents, a circularity level of 100 percent is the sole circularity level to show statistical 

significance, this time at a satisfactory 5 percent significance level, and we can interpret our 

results to show that fully circulated products are less attractive than brand new products 

among NMS respondents. 

 

6.5 Effect of circularity attribute on choice probability 

To further my understanding of the relationship between the circular economy score and 

respondents' decision-making processes, I wished to explore the effects of changes in this 

attribute when considered in isolation. For this, I took inspiration from the experiment of 

Boyer et al. (2021), in which they compared the preferences of circular offers in mobile 

phones and robotic vacuum cleaners. Instead of utilizing the Sawtooth software, however, we 

continued to utilize the 'mlogit' package in R. This tool has great utility as it allows us to 

estimate MNL models from my discrete-choice data and apply them to new, unseen 

scenarios, which affords us the capabilities I need to perform a similar comparison. First, to 

ensure that intrinsic preferences did not skew my results, I excluded intercepts from my 

model, i.e., I set the intercept terms to the value 0. After training on the original dataset, the 

model shows respondent preferences for one alternative, regardless of attribute differences. In 

a genuine choice scenario, these apparent preferences among the two product alternatives 

should not exist and are likely a byproduct of the data collection process. By excluding 

intercepts, I estimate the effects of the predictor variables relative to a baseline of zero utility 

rather than relative to the utility of the first alternative. I ensure that it reflects only the 

influence of the variables of interest and does not include any inherent biases towards one 

alternative. If we do not remove the intercepts, the choice probability of the alternatives is not 

equal in the scenario wherein both alternatives have identical attribute levels, which is an 

essential prerequisite when making such a comparison. However, the drawback of this 

approach is that by removing the intercept terms, we are not only setting a new intercept term 

for Alternative 2 to 0, but we are also setting a new intercept term for Alternative 3 to 0, the 

interaction term for which signifies respondents inherent preference to choose or not choose 

among the two alternatives.  
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Since the comparison graph will be based on the coefficients of a new model without 

intercept terms, the associated coefficients and significance levels are presented below.  

 All three models align with the IIA assumption (Full sample: p=0.1965, CES: p= 0.4778, 

NMS: p= 0.1179). 

          

Table 8: Model summaries, no intercept term 

 

The circularity coefficients for the CES sample are highly significant and positive at 75 and 

100 percent circularity. In comparison, the full sample’s coefficients are positive and 

significant at the 5 percent level or higher in all cases. The coefficients are solely significant 

at the 100 percent level for the NMS respondent sample. 

 I then trained the model on my dataset, both the full dataset and the subset, to include only 

CES and NMS data, respectively. This allows us to apply the learned patterns and 

relationships from the training dataset to make predictions on new scenarios for which I do 

not have any responses, and subsetting the data allows us the interpret the differences in 

responses based on which framing of circularity respondents received.  

After that, I sought to eliminate potential noise from other variables and focus solely on the 

impacts of differing Circular Economy Scores by creating new datasets with only two 

identical options apart from the circularity levels. Both alternatives were set to have fixed 
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Battery, Warranty, and Price, with Warranty and Battery set to their most attractive levels and 

Price set to the middle-low value of 7 000. For Alternative 1, the circularity attribute varied, 

corresponding to the specific values present in the choice cards, being 0, 25, 75, and 100 

percent circularity. Alternative 2, on the other hand, remained constant at a circularity level 

of 0 percent, essentially representing a brand-new product, free from any circularity elements. 

Since I wanted to compare the choice probability of a product with varying degrees of 

circularity with a non-circular product, I removed Alternative 3, the “neither” option, leaving 

us with a two-choice comparison.   

 Finally, the results of my experiments are displayed in the three graphs below, with the y-

axis representing the predicted probability of either alternative being chosen and the x-axis 

representing the circularity attribute of alternative 1, as alternative 2 has a fixed circularity 

attribute in every comparison. 

 

 

Figure 1: Choice probability Full sample 
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Figure 2: Choice probability NMS sample 

 

 

 

Figure 3: Choice probability CES sample 

 

 

 

In a scenario where all attributes apart from circularity remain fixed and identical across 

products, figure 1 shows that products with some degree of circularity consistently hold a 

competitive edge over brand-new, non-circulated products. This advantage is observed across 

all levels of circularity. Products with a circularity measure of 75 percent emerged as the 

most preferred, surpassing the appeal of fully circular (100 percent) products, which are, 

nonetheless, still highly favored. 
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 This can be further examined in the graphs of Figures 2 and 3, specifically in the results of 

NMS respondents. For this subset of my sample, the impact of varying levels of circularity 

presents a more nuanced picture. I observe that products with a low level of circularity (25 

percent) are more attractive than their brand-new counterparts.  

However, as the level of circularity escalates to 75 percent, the choice probability for 

circulated products is almost equal yet slightly lower than that of brand-new products, albeit 

the difference is minimal. In contrast, fully circulated products, with a Circular Economy 

Score of 100 percent, are less preferred than brand-new products. 

CES respondents display similar patterns as the full sample, with a stronger inclination. In 

every case, circularity is favored over brand-new products, with products having 75 percent 

circularity being the most preferred choice. 

 

6.6 Willingness to pay for circularity 

To test our hypotheses on whether Norwegian consumers are willing to pay extra for 

circulated products and to gauge whether this depends on the framing of the circularity 

attribute, I estimated the mean WTP for the full sample and the two sub-groups, as presented 

in Table 9 below. These tests were run on the model that included dummy coding of the 

variables and intercepts to obtain robust results while also giving different WTP estimates for 

each level of circularity. 

 

Table 9: Willingness to Pay 

 

The WTP estimates show what respondents are willing to pay to obtain each level of 

circularity in their purchase decisions, compared to the base level of 0 percent circulated, 

brand-new products. In our full sample, the WTP estimates show a noticeable disparity across 

different levels of circularity. For a product with 25 percent circularity, a negative value of 

NOK 1115 for 25 percent circularity indicates that consumers would need to be compensated 

for choosing a product with this low level of circularity rather than a brand-new product. 
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However, as we increase the circularity of the product, the WTP shifts towards the positive 

side. For a product with 75 percent circularity, the WTP is NOK 385, suggesting that 

consumers are willing to pay extra for this increased circularity. The trend continues for 

products with 100 percent circularity, where the WTP further increases to NOK 756.  

 NMS respondents, on average, would require financial compensation to opt for products 

featuring any level of circularity. For a product with 25 percent circularity, respondents 

would need to be compensated by NOK 1385. As the circularity level increases to 75 percent, 

the required compensation rises to NOK 2299 and then increases dramatically to NOK 4311 

for a fully circulated product. Among CES respondents, we observe a shift in WTP as 

circularity increases. CES respondents exhibit a negative WTP for a product with 25 percent 

circularity, amounting to NOK 737. However, we observe a swing in attitudes when the 

circularity level rises to 75 percent. The WTP turns positive, reaching NOK 2885. 

Interestingly, while the WTP remains positive for fully circular products, there is a slight 

decrease compared to the 75 percent circularity level at NOK 2096.  

Only the finding that NMS respondents demand NOK 4311 in compensation for choosing the 

highest circulated product is highly significant at the 1 percent level, with the values of NOK 

2885 and 2096 for the circularity levels of 75 and 100 respectively, in the CES sample being 

significant at the 10 percent level.  

For the NMS respondents, the demand for a substantial compensation of NOK 4311 for 

opting for the fully circulated product stands out with a high degree of statistical significance 

at the 1 percent level. On the other hand, for CES respondents, their willingness to pay for 

75- and 100 percent circularity, corresponding to values of NOK 2885 and NOK 2096, 

respectively, demonstrate statistical significance but only at the 10% level. 
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7. Discussion 

The main model’s estimated coefficients for the Circularity attribute were positive and 

significant for the CES subsample, negative and significant for the NMS subsample, and 

positive but insignificant for the full sample. These findings do, to some extent, prove that 

consumers who are made aware of the circularity attribute in their products have a positive 

inclination towards circular products in a choice situation. However, they fail to provide 

evidence of a general preference for circularity as the full sample did not show significant 

results. As such, we fail to provide evidence for hypothesis 1. However, we can support 

hypothesis 2. 

From the dummy coded model estimation, the estimated coefficients for the circularity 

attributes were negative at 25 and 100 percent circularity levels while positive at 75. 

Although they were not statistically significant for the full sample, nor were they sufficiently 

significant for the CES subsample for us to draw definitive conclusions. There was, however, 

a significant and negative coefficient towards the 100 percent circularity level among NMS 

subsample respondents, while the coefficients remained negative and insignificant at all other 

levels. The WTP analysis brought similar patterns but indicated a drop in preference for 

circularity at the 25 percent levels for the full sample while strengthening the argument that 

NMS respondents have a preference against fully circulated products since this was the only 

category to hold significant WTP estimates, of negative NOK 4311. My findings indicate that 

respondents who choose mobile phones based on the New Material Score rather than the 

Circular Economy Score prefer fully circulated products. However, since we have no other 

reference, we cannot conclude regarding hypothesis 3 from these results alone. 

The coefficients from the model without intercepts are positive and significant in all cases for 

the full sample, positive and significant for the levels of 75 and 100 percent circularity for the 

CES subsample, and negative and significant for the NMS subsample at 100 percent 

circularity. While removing the intercept term for Alternative 2 is justified since the two 

product alternatives are identical in all aspects besides the given attributes, removing the 

intercept term for Alternative 3 might have influenced the coefficients in unintended ways 

since it represents respondents’ preference to purchase neither product. All of the model 

coefficients for the full sample are, however, significant, and the comparison between 

Alternatives 1 and 2, when only including the circularity attribute as a differentiator, does 

appear to show a concave relationship between choice probability and circularity for both the 

full sample and the subsamples. However, these results must be interpreted with some 
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caution. While they indicate that fully circulated mobile phones are less preferred than those 

partially circulated, the nuances of individual preferences are unlikely to be fully captured in 

this analysis due to removing the intercepts.  

 We, therefore, have some support for hypothesis 3. However, we fail to prove it decisively. 

 

8. Limitations 

The most important limitation of this project was the distribution of our survey. We collected 

only 135 full responses, with less than half coming from students. Given the non-random 

nature of our distribution method, we cannot assert that we have a representative sample. This 

applies to students of the University of Stavanger and residents in general regarding their 

views on circularity in mobile phones. For someone wishing to redo this experiment, I 

recommend strictly posting the survey on university-related forums to get a representative 

sample of near exclusively university students.  

Another limitation is the levels of the Circularity attribute. We chose a 10-question iteration 

of the choice experiment to maximize the information extracted by each respondent. 

However, our iteration did not have any instance of the circularity level of 50 in any choice 

set. This meant that we could only estimate the coefficients of a 50-circularity attribute level 

with extrapolation, which would have increased the uncertainty of our results. For future 

studies, it would be beneficial to include a wider variety of Circularity levels in the survey 

design, which could provide a more comprehensive view of respondents’ preferences.  

Another limitation is related to the inclination of respondents to choose an option. For the full 

sample, the “neither” alternative being negative and significant shows that respondents would 

instead choose between the two options, even when the attribute levels would imply that they 

might, in reality, prefer not to engage in a purchase. This inclination may be due to 

respondents’ desire to fully engage with the survey, bearing in mind that they are not 

committing to a purchase decision. Consequently, they might feel more inclined to select the 

less than satisfactory but preferable product among the two alternatives. For future studies, it 

could be beneficial to emphasize that opting for the “neither” alternative is a valid response to 

a survey question. Alternatively, redefining the “neither” option as an alternative that 

includes average values across all attributes could help mitigate this bias. This could give 

more nuanced insights into respondents’ true preferences and more accurately estimate their 

real-world choices. 
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9. Conclusion 

My goal with this study was to answer whether consumers prefer or are against Circular 

content in mobile phones and whether there is a stronger preference for partially circulated 

mobile phones than fully circulated. I also wanted to improve research on consumers’ 

relationships with circularity by employing a less commonly used method with the discrete 

choice experiment. Finally, I wanted to employ different framings of the Circularity attribute, 

to see whether the presentation of the attribute would have a sizeable effect on respondents’ 

choices. The results offered some interesting insights, although many definitive conclusions 

could not be drawn due to non-significant results.  

I did not find evidence of a general preference among consumers for either circular or non-

circular products, independent of how these options were presented. However, I found 

evidence that consumers choose circular content when presented with a circularity label. 

While these findings are interesting, they do not suggest a universal or general consumer 

preference for circular products. However, they suggest that respondents are positively 

influenced by labeled circularity contents and are likelier to choose circular products when 

adequately labeled. Conversely, consumers presented with a negative framing of the 

circularity attribute display an aversion to circular products, which underlines the effects of 

message framing on respondents’ choices.  

 I observed evidence suggesting that fully circular mobile phones might be less appealing to 

consumers than their partially circular alternatives, regardless of how they were framed. 

However, this evidence did not have the level of robustness required to assert it as a 

definitive fact, pointing to the need for further investigation. 

 Respondents who answered the “New material score” version of the survey rather than the 

“Circular Economy score” displayed an aversion to fully circulated products. On average, 

these respondents were willing to pay an additional NOK 4311 for a brand-new product 

composed entirely of virgin material rather than opting for a product made entirely from 

circulated materials. This aligns with my findings, suggesting that consumers exhibit a 

negative inclination against circularity when it is portrayed as a loss of virgin material. 

My findings align with earlier discrete choice experiments on consumers’ preferences for 

circularity when purchasing mobile phones. Consumers are inclined to choose circular when 

the circularity content is presented to them (Boyer et al., 2021a; Hunka et al., 2020; Boyer et 

al., 2021b). Unlike Hunka et al. (2020). We could not prove diminishing preferences for fully 

circulated products compared to partially circulated ones (Boyer et al., 2021a; Hunka et al., 
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2020). We were, however, able to provide evidence in line with other DCEs on related topics 

that increasing awareness of the circular contents of a product increases consumers’ 

preferences for circulated products (Stein et al., 2020; Lieder et al., 2018). We also provided 

evidence that attribute framing plays a role in respondents’ stated preferences (Levin & 

Gaeth, 1988; Meyerowitz & Chaiken, 1987; Evangeli et al., 2013; Van’t Riet et al., 2016). 

Our findings suggest that a circular economy product label could benefit Norway and inspire 

consumers to make choices more aligned with the circular economy concept and our climate 

targets. For future research, it would be interesting to determine which levels of circularity 

are most inviting for consumers, as it could provide insights into the optimal level of 

circularity that meets the demands of the circular economy best, while also satisfying 

consumer preferences. 
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11. Appendix 
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