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Abstract 

Identifying Structural Heterogeneity in 
Consumer Demand for New Technology 

 

JongRoul Woo 

Technology Management, Economics, and Policy Program 

The Graduate School 

Seoul National University 
 

Many researchers have suggested that the interplay between technological change and 

heterogeneous preferences of different consumer segments can disrupt an industry when 

new technology emerges. However, such researchers rarely apply an ex-ante analysis 

methodology, which can provide companies and governments with practical strategies for 

technology and innovation management. Therefore, this dissertation proposes an ex-ante 

analysis methodology to understand consumer preference and its structural heterogeneity 

in the demand for new technology at many levels (population, segments, and individuals), 

hierarchically and quantitatively. For this methodology, I propose a new discrete choice 

model that can accommodate preference heterogeneity at the individual and segment 

levels hierarchically and its estimation method using a hierarchical Bayesian normal 

mixture modeling method with a relabeling algorithm. Moreover, I propose a segment 
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membership model to characterize segments obtained from estimating the proposed 

discrete choice model by socio-demographics. In addition, this dissertation presents three 

empirical applications of the proposed methodology, showing how it can be used as a 

theoretical lens for emerging technologies and how it can provide companies and 

government with technology and innovation management strategies. The three empirical 

applications in this dissertation are as follows: 1) Ex-ante identifying disruptive 

technologies in the automobile market, an application that analyzes whether hybrid and 

electric vehicles that adopt new power train technologies can disrupt fossil-fuel vehicles 

in the Korean automobile market or not; 2) identifying a profitable niche segment for new 

entrants in the wearable device market, an application that identifies a profitable market 

segment in the Korean wearable device market for new startup companies and provides 

them with a market-entry strategy; and 3) understanding heterogeneity in public attitudes 

to spent nuclear fuel facilities, an application that measures public attitude and consensus 

on construction and operation of a spent nuclear fuel facility and suggests a spent nuclear 

fuel management policy that can maximize public acceptability for the Korean 

government. 

 

Keywords: Innovation management; Technological evolution; Demand heterogeneity; 

Consumer preference; Discrete choice model; Bayesian estimation 
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Chapter 1.  Introduction 

1.1 Research Background 

Numerous researchers have recognized that technological evolution occurs when new 

rapid-growth-phase technology surpasses stagnant-phase technology in terms of 

performance capability (Dosi, 1982; Foster, 1986; Sahal, 1985; Tushman and Anderson, 

1986). Consumer acceptance of such new technology affects our society enormously 

(Magee, Basnet, Funk, and Benson, 2016). Therefore, companies develop and launch new 

products and services, including new technology, and governments foster new technology 

development and regulate new technology with policy. Furthermore, inter-technology, 

inter-product and service, and inter-company competitions emerge. 

To explain technological evolution and its social impact, several researchers have 

highlighted the importance of demand and its structural heterogeneity in this context. 

They note that demand is important in explaining the rate and direction of technological 

change (Mowery and Rosenberg, 1979; Schmookler, 1966; Thirtle and Ruttan, 1987). 

Moreover, they assert that the emergence of new technology reveals latent heterogeneity 

in the market and that the interplay between technological progress and the heterogeneous 

preferences of different consumer segments can disrupt an industry when new technology 

emerges (Adner and Levinthal, 2001; Adner, 2002; Adner and Snow, 2010; Christensen 

and Rosenbloom, 1995; Christensen and Bower, 1996; Christensen, 1997). 
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Figure 1. Theory of disruptive innovation. 

 

Representatively, I present the disruptive innovation theory of Christensen (1997) 

via the simplified explanation of Sood and Tellis (2011), as follows; the theory is 

illustrated in Figure 1. They assume that the market has two technologies (old and new), 

two dimensions (primary and secondary), and two segments (a mainstream and a niche), 

and that the old technology and new technology have their own advantages in primary 

dimension and secondary dimension, respectively. In addition, the mainstream segment 

prefers the primary dimension while the niche segment prefers the secondary dimension 

(as shown by their locations in Figure 1). Given preference distribution, at the beginning 

(t1), consumers in the mainstream prefer the old technology while consumers in the niche 

segment prefer the new technology. However, after both technologies improve their 

performance in their own paths over time (t2), the new technology meets the mainstream 

segment’s needs on both primary and secondary dimensions. Thus, the demand of both 
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segments shifts from the old technology to new technology. That is, per Christensen 

(1997)’s terminology, disruptive innovation occurs. 

Then, in this context, Christensen and other researchers claim that technological 

evolution can render obsolete the assets, labor, and intellectual capital of incumbent 

companies and make them lose market leadership when they underestimate the potential 

impact of new technology in creating entirely new markets, with new products, new 

consumers, new companies, and exploding demand. 

Such studies and their theories are accepted widely in academia and industry, but 

they lack empirical evidence and predictive ability because most related previous studies 

adopted ex-post analysis with case studies and computer simulation approaches (Danneels, 

2004; Hauser, Tellis, and Griffin, 2006; Sood and Tellis, 2011; Tellis, 2006). The theories 

suggest that incumbent companies should transition to new technology before disruptive 

innovation occurs and suggest that new entrants should first target a niche segment to 

spur disruptive innovation in the future; however, these theories are insufficient to 

provide companies and governments with practical strategies for technology and 

innovation management (Hauser, Tellis, and Griffin, 2006). For example, in practice, 

automobile companies want to know whether and when they should transition from 

fossil-fuel-powered platforms to battery-electric-powered platforms for their vehicles, so 

as to build innovation strategy. IT companies striving to enter the wearable device market 

then want to know which niche segment they need to target, and with which product and 

technology, in order to build a market-entry strategy. However, whereas the theories 
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cannot provide enough answers for these strategic questions, they can provide 

considerable clues for these questions with ex-ante analysis on consumer demand and its 

heterogeneity for the products and technologies. 

Thus, in this dissertation, I develop an ex-ante analysis methodology to identify 

structural preference heterogeneity in consumer demand for new technology, which can 

provide companies and governments with practical technology and innovation 

management strategies and can respond to emerging technologies under the previous 

theoretical framework. 

 

1.2 Research Objectives 

This dissertation has two main objectives. The first objective is to propose an ex-ante 

analysis methodology to develop a quantitative, precise understanding of consumer 

preference and its structural heterogeneity in demand for new technology. There may 

exist a small number of separated and meaningful segments where heterogeneous 

consumers with similar preferences are grouped in demand for new technology. That is, I 

assume that consumer preference and its structural heterogeneity in demand follow a 

hierarchical structure (at the population, segment, and individual levels). Thus, to 

understand the preference heterogeneity realistically and quantitatively at many levels, I 

develop the methodology based on the model that can capture preference heterogeneity in 

consumer demand at the individual and segment levels, hierarchically. Figure 2 depicts 

the structure of preference heterogeneity that I try to conceptualize with the methodology. 
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Figure 2. The structure of consumer preference heterogeneity 

 

Discrete choice models, which can model demand and consumer preference under 

microeconomic theory, are eligible candidates for developing the methodology. However, 

even though modeling heterogeneity among consumers has been a major research topic in 

discrete choice models, researchers rarely use discrete choice models to quantitatively 

and precisely understand a hierarchical heterogeneity structure. The mixed logit model 

(McFadden and Train, 2000) and the normal mixture logit model (Allenby, Arora, and 

Ginter, 1998) can model preference heterogeneity at the individual level, but they prove 

weak in making segment-level inferences. These models are not appropriate for the 

methodology because hierarchical heterogeneity in consumer demand cannot be 

understood fully with these models; the strategies that try to satisfy a wide range of 

different needs are rarely effective. The latent class model (Kamakura and Russel, 1989) 

can model preference heterogeneity at the segment level, but its homogeneity assumption 
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within segment is unrealistic. The latent class mixed logit model (Greene and Hensher, 

2013), which can model preference heterogeneity at both the individual and segment 

levels, is the most appropriate discrete choice model for the methodology. However, the 

model cannot estimate individual-level preference parameters corresponding to each 

individual and therefore has difficulty making individual-level inferences. Therefore, I 

develop a hierarchical Bayesian normal mixture logit model with a relabeling algorithm 

for the methodology of this dissertation, which can model preference heterogeneity at the 

individual and segment levels hierarchically and can estimate individual-level parameters 

precisely. In estimating the normal mixture logit model with the Bayesian estimation 

method, a label-switching problem emerges, making segment-level preference parameters 

unidentifiable. Thus, I include a relabeling algorithm in the Bayesian estimation 

procedure for the model to solve the problem and identify segment-level preference 

estimates. Accordingly, this discrete choice model can identify segments, which include 

consumers with similar preferences in the market and estimate average preference and 

level of preference heterogeneity in each segment. Moreover, it can estimate preference 

of each individual belonging to segments in a hierarchical heterogeneous fashion.  

Additionally, to make each segment accessible with strategy and policy, I propose a 

segment membership model based on the multinomial logit model to characterize 

segments obtained from estimation of the proposed discrete choice model by 

socio-demographics. 

The second objective is to discuss empirical applications of the proposed 
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methodology and show how it can be used to provide companies and governments with 

practical strategies in technology and innovation management for emerging technologies. 

For example, the proposed methodology can identify which technologies lead to 

disruption in the market by analyzing how population, segments, and individuals react 

hierarchically to products comprising old and new technology platforms, respectively. 

Thus, over the product lifecycle, the proposed methodology can provide companies with 

innovation strategies about whether and when products should transition to a new 

technology platform (i.e., whether they should apply a product innovation or process 

innovation) to minimize their disruption risk and maximize their profit. Following this 

innovation strategy, the methodology can also yield product repositioning and product 

portfolio planning strategies. Moreover, given the companies’ resources and competitors, 

the methodology can provide companies with market-entry strategy (e.g., product concept 

development and product positioning), prior to starting the innovation process by 

measuring consumer preference and its heterogeneity and segmenting heterogeneous 

markets created by new technologies and products. Specifically, it can identify a niche 

segment in the market with a low price sensitivity and low level of preference 

heterogeneity, which can generate a demand for the new technology and product while it 

improves performance and meets the needs of the mainstream segment. Furthermore, it 

can measure public attitude and level of consensus about highly controversial policies, 

such as those relevant to new technology’s ethical and security issues, in order to provide 

governments with policy design and public relation strategies to maximize social welfare. 
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Three empirical applications in this dissertation and their highlights are as follows: 

1) Ex-ante identifying disruptive technologies in the automobile market: this application 

analyzes whether hybrid and electric vehicles that adopt new power train technologies 

can disrupt fossil-fuel vehicles in the Korean automobile market with using the proposed 

methodology, and provides technology and innovation management strategy for 

incumbent automobile companies; 2) identifying a profitable niche segment for new 

entrants in the wearable device market: this application analyzes Korean consumers’ 

preferences and its heterogeneity in wearable devices using the proposed methodology, 

then identifies a profitable market segment in the Korean wearable device market for 

startup companies and provides them with a new product concept development strategy; 

3) understanding heterogeneity in public attitudes to spent nuclear fuel facilities: this 

application analyzes Korean public attitude and its heterogeneity for spent nuclear fuel 

facilities using the proposed methodology and then suggests a construction and operation 

policy for spent nuclear fuel facilities that can maximize public acceptability. 

 

1.3 Research Outline 

This dissertation consists of five chapters. Chapter 2 reviews previous literatures to 

explain technological evolution and the role of demand heterogeneity in this evolution. 

Then, this chapter examines discrete choice models accounting for preference 

heterogeneity and previous literatures related to market segmentation with discrete choice 

models. Furthermore, this chapter presents the motivation of this dissertation, along with 
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a discussion on the limitations of previous literatures. 

Chapter 3 proposes a new methodology to analyze consumer preferences and 

forecast demand for new technology at the individual and segment levels hierarchically 

and to characterize segments by socio-demographics, thereby providing companies and 

governments practical and actionable strategies in technology and innovation 

management. Specifically, this chapter proposes a new discrete choice model and an 

estimation method of this model using hierarchical Bayesian normal mixture modeling 

method and relabeling algorithm that can accommodate preference heterogeneity at the 

individual and segment levels hierarchically, and validates the model and the estimation 

method with a simulated data. In addition, this chapter presents a segment membership 

model for characterizing the segments by socio-demographics. 

Chapter 4 discusses three empirical applications of the proposed methodology, 

suggesting how the methodology can be used to provide companies and government with 

implications and strategies in technology and innovation management. The empirical 

applications are as follows: 1) Ex-ante identifying disruptive technologies in the 

automobile market; 2) identifying a profitable niche segment for new entrants in the 

wearable device market; and 3) understanding heterogeneity in public attitude to spent 

nuclear fuel facilities. 

Finally, Chapter 5 summarizes this dissertation and presents its contributions. In 

addition, the limitations of the dissertation are discussed, along with possible future 

research topics. 
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Chapter 2.  Literature Review 

This chapter first examines previous literatures to explain technological evolution and the 

role of demand heterogeneity in this evolution. Second, this chapter reviews discrete 

choice models accommodating preference heterogeneity, classifies these models based on 

their characteristics, and compares them. Third, previous literatures related with market 

segmentation with discrete choice models are reviewed. Last, the motivation of this 

dissertation is addressed with a discussion on the limitations of previous literatures. 

 

2.1 Technology Evolution and Demand Heterogeneity 

Intensive studies have been carried out to understand technological evolution. Most early 

studies focus on supply-side explanations for technological change and competition. For 

example, Schumpeter (1950) explains that innovation results in the disruptive process of 

industrial transformation, calling it creative destruction. Dosi (1982) argues that new 

technology makes an entrance into the industry when exogenous new science emerges. 

Sahal (1985) proposes that a technology is improved until it reach its natural limits, at 

which point new technology exceeds old technology. Moreover, Foster (1986) proposes 

the S-curve model according to which technologies evolve following successive S-shaped 

curves and claims that incumbents can fail if they do not switch to new technology, 

whose performance is superior to that of the old one. Tushman and Anderson (1986) 

classify technologies into competence-enhancing and competence-destroying 
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technologies under the S-curve model and claim that incumbent companies fail when new 

technology destroys their expertise. 

However, more recent studies explain technological evolution based on demand 

and its heterogeneity. Christensen (1997) explains that disruptive innovation occurs when 

an initially inferior and cheap technology, introduced by a new entrant and appealing to a 

niche market segment, improves to meet the needs of the mainstream market. Adner and 

Levinthal (2001) confirm that demand heterogeneity is an important factor as companies 

move from product to process innovation. Furthermore, Adner (2002) proposes that 

technology disruption occurs when preferences of market segment for old technology 

overlap with those of new market segments for new technology. Adner and Snow (2010) 

address that the emergence of new technology reveals significant underlying 

heterogeneity in the old technology’s demand environment. Moreover, they suggest that 

this heterogeneity is a source of opportunities for incumbent companies that can support a 

new position for the old technology, in either the current market or a new one. Tripsas 

(2008) observes that consumers’ preference discontinuities play an important role in 

triggering technological transitions in an industry. According to such demand-side studies, 

technological evolution can be explained by the dynamics of consumer demand for 

alternative technologies and the heterogeneity of consumer preferences, related to 

consumer segments (Hauser, Tellis, and Griffin, 2006). 
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2.2 Modeling Heterogeneity in Discrete Choice Models 

Discrete choice models are the most used and studied method of modeling consumers’ 

choices, analyzing their preferences, and forecasting demand (Train, 2003), which are 

widely applied to new technologies, products, services, and policies. 

Multinomial logit model, also known as the conditional logit model of McFadden 

(1974), assumes preference homogeneity with fixed preference parameters, which has 

provided the foundation for the discrete choice models. However, given the evidence for 

the importance of unobserved preference heterogeneity, the multinomial logit model is 

considered inadequate to capture consumers’ behavior and to model demand in many 

contexts (Keane and Wasi, 2013). Specifically, if discrete choice models fail to account 

for preference heterogeneity, the explanatory power of the models may be reduced and 

estimation results may be severely biased (Bhat, 1997). These analysis objects may then 

yield incorrect implications (Allenby, Arora, and Ginter, 1998). Therefore, the discrete 

choice model has been developed to extend the multinomial logit model, allowing for 

unobserved preference heterogeneity. 

Mixed logit models (McFadden and Train, 2000) and normal mixture logit models 

(Allenby, Arora, and Ginter, 1998) are extended multinomial logit models 

accommodating preference heterogeneity at the individual level. First, the mixed logit 

model accounts for preference heterogeneity at the individual level by assuming that a set 

of preference parameters follows a continuous distribution like a normal distribution; it is 

the most widely applied discrete choice model to analyze consumer preferences for new 
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technologies, products, services, and policies. For example, the mixed logit model has 

been used to analyze consumer preferences for alternative-fuel vehicles (Hong, Koo, 

Jeong, and Lee, 2012), cloud computing services (Shin, Jo, Lee, and Lee, 2014), digital 

video players (Lee, Choi, and Cho, 2011), energy policies (Huh, Kwak, Lee, and Shin, 

2014; Shin, Woo, Huh, Lee, and Jeong, 2014), mobile TV services (Choi, Koh, and Lee, 

2008), online banking services (Dauda and Lee, 2015), online music services (Jeong and 

Lee, 2010), tablet PCs (Choi, Shin, and Lee, 2013b), and telemedicine devices and 

services (Ahn, Shin, Lee, Shin, and Park, 2014; Park, Chon, Lee, Choi, and Yoon, 2011). 

Next, the normal mixture logit model assumes that a set of preference parameters follows 

a mixture of normal distributions, which is also a continuous distribution, to account for 

preference heterogeneity at the individual level. The normal mixture multinomial logit 

model is more capable of representing a wide variety of distributions of preference 

heterogeneity than the mixed logit model (Rossi, Allenby, and McCulloch, 2005). 

However, only a few applications have been made with this model. For example, it is 

used to analyze consumer preferences and identify unmet demand for toothpastes 

(Chandukala, Edwards, and Allenby, 2011). From the mixed logit model and the normal 

mixture logit model, individual-level preference parameters corresponding to each 

individual can be successfully estimated using a hierarchical Bayesian estimation method 

(Rossi, Allenby, and McCulloch, 2005; Train, 2003). 

A latent class logit model (Kamakura and Russel, 1989), moreover, is an extended 

multinomial logit model accommodating preference heterogeneity at the segment level. 
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The latent class logit model represents preference heterogeneity at the segment level by 

assuming that a set of preference parameters follows a discrete distribution with a finite 

set of distinct values. Here, a discrete set of preference parameters is interpreted as 

segments of the population, and preference homogeneity within each segment is assumed. 

However, recently, latent class mixed logit models have been introduced to allow for 

preference heterogeneity within each segment by replacing the fixed preference 

parameters of a latent class model with random parameters (Greene and Hensher, 2013). 

That is, the latent class mixed logit model can accommodate preference heterogeneity at 

both the individual and segment levels. The latent class logit model and the latent class 

mixed logit model are estimated using the simulated maximum likelihood estimation 

method; individual-level preference parameters corresponding to each individual cannot 

be estimated. Application studies of these latent class logit-based models are presented in 

the following section (section 2.3). 

 

Table 1. Discrete choice models accommodating preference heterogeneity 
Level of 

preference 
heterogeneity 

Homogeneity 
Heterogeneity 

at individual level at segment level at both levels 

Model name 
Multinomial 
logit model 

Mixed  
logit model 

Normal mixture 
logit model 

Latent class 
logit model 

Latent class 
mixed logit model 

Distribution for 
parameters 

Fixed Continuous Continuous Discrete Continuous 

Estimation 
method 

MLE SMLE, BE BE SMLE SMLE 

Recovery of 
individual-level 

estimates 
Not available Available Available Not available Not available 

Note: MLE = Maximum Likelihood Estimation, SMLE = Simulated MLE, BE = Bayesian Estimation. 
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In the following subsections, the traditional multinomial logit model and the 

advanced discrete choice models for accommodating unobserved preference 

heterogeneity, mentioned above, are described in mathematical terms. 

 

2.2.1 Multinomial Logit Model 

The most basic discrete choice model is the multinomial logit model. The multinomial 

logit model assumes preference homogeneity with fixed preference parameters, but its 

popularity is due to the fact that the choice probability takes a closed form and is readily 

interpretable (Train, 2003). 

The multinomial logit model and other discrete choice models are derived from the 

random utility maximization model framework (Thurstone, 1927; McFadden, 1974). That 

is, the utility that consumer n obtains from alternative j in choice situation t is defined as 

equation (1). 

 

njt njt njt njt njtU V xe b e¢= + = + ································································ Eq. (1)  

 

Where the utility decomposed into the deterministic utility njtV  and the stochastic 

term njte . Then, njtx  is a vector of observable attributes, and b  is a vector of 

preference parameters corresponding to the attributes that are unknown to the researcher. 

Under the assumption of utility maximization, a consumer chooses the alternative 



16 

within the choice set that provides the greatest utility. Then, the choice probability that 

consumer n chooses alternative i in choice situation t is derived as equation (2). 
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 ··················································· Eq. (2)  

 

In the multinomial logit model, the stochastic term njte  of utility is assumed to be 

an independently, identically distributed (iid) extreme value also called iid type I extreme 

value. The density for each stochastic term njte  is defined as equation (3). 
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Then, the choice probability in equation (2) can be calculated as equation (4) and 

expressed as a closed form, like equation (5) (McFadden, 1974). 
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The likelihood of consumer n choosing the alternative in the choice situations that 

he or she was actually observed to choose can be expressed as equation (6). 

 

( ) nity
n nit

t i

P P=ÕÕ ·············································································· Eq. (6)  

 

Where 1nity =  if consumer n chose alternative i in choice situation t and zero 

otherwise. Assuming that each consumer’s choice is independent of that of other 

consumers, the likelihood function for the sample is expressed as equation (7) (Train, 

2003). 
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The multinomial logit model has an advantage: it can be easily estimated by the 

traditional maximum likelihood estimation method because its choice probability takes a 

closed form. However, it is bound to have several limitations, as it is a basic form of 

discrete choice models. First, this model cannot reflect consumers’ preference 

heterogeneity because it sets preference parameters as fixed. Second, it assumes an 

independence from irrelevant alternatives (IIA) property, that the ratio of two alternatives’ 

choice probabilities are the same no matter what other alternatives are available or what 

the attributes of the other alternatives are, which is unrealistic in many settings (Train, 
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2003). These limitations are obviated by incorporating preference heterogeneity into the 

multinomial logit model, as following advanced discrete choice models. 

 

2.2.2 Mixed Logit Model 

The mixed logit model obviates the limitations of multinomial logit model by 

accommodating preference heterogeneity at an individual level to impose a continuous 

distribution on preference parameters. Mixed logit models usually assume that a vector of 

preference parameters is random and follows a normal distribution with the mean b and 

variance W for the population. Under the mixed logit model framework, the utility that 

consumer n obtains from alternative j in choice situation t can be expressed as equation 

(8) (McFadden and Train, 2000). 
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 ······························································· Eq. (8)  

 

Where the stochastic term njte  is assumed to follow an iid type I extreme value 

distribution. The probabilities of a mixed logit model are the integrals of the multinomial 

logit probabilities over a density of parameters ( | , )nf b Wb , expressed as equation (9) 

(Train, 2003). ( )nit nL b  is the logit probability evaluated at parameters nb , expressed 

as equation (10). 
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( ) ( | , )nit nit n n nP L f b W db b b= ò  ··························································· Eq. (9)  
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Then, the likelihood of consumer n choosing the alternative in the choice situations 

that he or she was actually observed to choose can be expressed as equation (11). The 

likelihood function for the sample is expressed as equation (12) 
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Where 1nity =  if consumer n chose alternative i in choice situation t and zero 

otherwise. The mixed logit model can represent preference heterogeneity at the individual 

level by assuming a vector of preference parameters follow a continuous normal 

distribution, but it cannot be estimated by the traditional maximum likelihood estimation 

method since its choice probability is not a closed form. Accordingly, for estimation of 

this model, simulated maximum likelihood estimation or Bayesian estimation methods 

should be used. In particular, by using hierarchical Bayesian estimation method, 

individual-level preference parameters corresponding to each individual can be 

successfully recovered. 
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2.2.3 Normal Mixture Logit Model 

The normal mixture logit model, as introduced by Allenby, Arora, and Ginter (1998), 

assumes that a vector of preference parameters follow a continuous mixture of normal 

distributions, so it is capable of representing a wide variety of distributions of preference 

heterogeneity, such as heavy-tailed and skewed distributions (Allenby, Arora, and Ginter, 

1998). Under the normal mixture logit model framework, the utility that consumer n 

obtains from alternative j in choice situation t can be expressed as equation (13) (Allenby, 

Arora, and Ginter, 1998). 
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Where k indicates the number of mixing normal distributions, and kp  is the 

weight of each normal distribution. Each normal distribution is modeled with a different 

mean kb  and covariance matrix kW . Then, the stochastic term is assumed to follow an 

iid type I extreme value distribution. The likelihood function for the sample of this model 

can be derived as the mixed logit model was. 

It is estimated by using the Bayesian estimation method and, accordingly, 

individual-level preference parameters corresponding to each individual can be recovered. 

Normal components of this model may be defined as segments and provide 

segment-specific inferences, but identifiability for the normal components are not secured 
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according to the label-switching problem during the Bayesian estimation procedure 

(Allenby, Arora, and Ginter, 1998; Rossi, Allenby, and McCulloch, 2005; Rossi, 2015). 

Therefore, this model has mainly been used to flexibly accommodate preference 

heterogeneity at the individual level in a discrete choice context. 

 

2.2.4 Latent Class Logit Model 

The latent class logit model accommodates preference heterogeneity at the segment level 

by assuming that a vector of preference parameters follows a discrete distribution with a 

finite set of distinct values (Kamakura and Russel, 1989). Under the latent class logit 

model framework, it is assumed that the population is divided into unobservable K 

segments and consumers belonging to the same segment have a homogeneous preference. 

Here, the utility that consumer n belonging to segment k obtains from alternative j in 

choice situation t can be expressed as equation (14) (Greene and Hensher, 2003). 

 

| | | |njt k njt k njt k k njt njt kU V xe b e¢= + = +  ························································Eq. (14)  

 

Where the stochastic term is assumed to follow an iid type I extreme value 

distribution. As a consumer decides to maximize his or her utility, the choice probability 

for alternative i by consumer n belonging to segment k in choice situation t can be 

expressed using the logit probability as equation (15) (Greene and Hensher, 2003). 
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Then, the likelihood of consumer n choosing the alternative in the choice situations 

that he or she was actually observed to choose can be expressed as equation (16). 
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Where 1nity =  if consumer n chose alternative i in choice situation t and zero 

otherwise. To identify an unknown segment assignment, the prior probability of consumer 

n belonging to segment k is defined using the multinomial logit as in equation (17) 

(Greene and Hensher, 2003). 
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Here, nz  is the set of observable characteristics that determines the segment 

assignment. Then, the likelihood for consumer n can be represented as the expected value 

of conditional contributions to the segment, as shown in equation (18). The likelihood 

function for the sample is expressed as equation (19). 

 



23 

|n nk n k
k

P M P=å  ··················································································Eq. (18)  

|
1 1

N N

n nk n k
kn n

Likelihood P M P
= =

= = åÕ Õ  ···················································Eq. (19)  

 

The latent class logit model is usually estimated using a simulated maximum 

likelihood estimation method such as an expectation-maximization algorithm. It 

resembles the mixed logit model and the normal mixture logit model, but it is evaluated 

somewhat less flexibly than these models because it approximates the underlying 

continuous preference heterogeneity with a discrete distribution. However, it does not 

require the researcher to make specific assumptions about the distributions of parameters 

across individuals, and it can provide segment-specific inferences (Greene and Hensher, 

2003). 

Greene and Hensher (2013) developed the latent class mixed logit model by 

extending the latent class logit model to allow for individual-level preference 

heterogeneity within each segment. To accommodate such preference heterogeneity, the 

latent class mixed logit model assumes that a vector of preference parameters of 

individual n belonging to segment k ( nkb ) follows a normal distribution with mean kb  

and covariance matrix kW  instead of assuming a fixed vector of preference parameters 

kb  for all individuals in segment k. The contribution of individual n to the likelihood for 

the model is obtained for each individual in the sample by integrating out the 

individual-level preference heterogeneity within segment and then the segment 
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heterogeneity (Greene and Hensher, 2013). Its mathematical form resembles that of 

normal mixture logit model. However, the latent class mixed logit model is estimated by 

using the simulated maximum likelihood estimation method; it can only estimate 

segment-level preference parameters, while it cannot estimate individual-level preference 

parameters corresponding to each individual by means of estimation procedure. Moreover, 

the latent class mixed logit model is limited in its capacity to model the multivariate form 

of distributions of preference heterogeneity because of the complexity of the model and 

the limitation of its estimation method (Xiong and Mannering, 2013). 

 

2.3 Preference Heterogeneity and Segmentation 

Trying to satisfy a wide range of different consumer needs is rarely effective. Since Smith 

(1956) first introduced the concept of market segmentation, management and marketing 

researchers and researchers of other fields have devoted research efforts to understanding 

heterogeneity at the segment level of consumer preferences. According to Smith (1956)’s 

definition of market segmentation, segmentation involves viewing a heterogeneous 

market as a number of smaller markets in response to differing preferences, attributable to 

the desire of consumers to reach more precise satisfaction of their varying wants. That is, 

segmenting preference help practitioners and researchers to understand market structure 

and devise effective marketing strategies (Ebbes, Liechty, and Grewal, 2015). For 

example, segments obtained from socio-demographic-based segmentation do not respond 

uniquely to activities of companies like product design and marketing, unlike 
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preference-based segmentation; therefore, socio-demographic-based segmentation cannot 

yield effective marketing strategies. 

In this context, the latent class logit model has been exclusively used to segment 

preferences and understand market structure in various application fields, thereby 

accommodating preference heterogeneity at the segment level. Recently, the latent class 

mixed logit model, which can accommodate preference heterogeneity at both the 

individual and segment levels, has been also used in this context. Segmentation via latent 

class logit-based models can satisfy six criteria (identifiability, substantiality, accessibility, 

responsiveness, stability, and actionability) to determine the effectiveness of market 

segmentation (Wedel and Kamakura, 2000). 

The latent class logit model has been used for preference segmentation in various 

field of studies, including transportation (Arunotayanun and Polak, 2011; Axsen, Bailey 

and Castro, 2015; Bhat, 1997; Hidrue, Parsons, Kempton and Gardner, 2011), energy 

economics (Cicia, Cembalo, Giudice and Palladino, 2012; Meyerhoff, Ohl and Hartje, 

2010; Rijnsoever, Mossel and Broecks, 2015; Yang, 2014), marketing (Andrews and 

Currim, 2002; Bhatnagar and Ghose, 2004; Gupta and Chintagunta, 1994; Shen and Saijo, 

2009), environmental economics (Boxall and Adamowicz, 2002; Garrod, Ruto, Willis and 

Powe, 2012), health economics (Hole, 2008), agricultural economics (Kikulwe, Birol, 

Wesseler and Falck-Zepeda, 2011), and so on. Some notable studies in these fields are 

introduced in the following paragraphs. 

In the transportation field, Bhat (1997) models heterogeneity of intercity travel 
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demand and segments the population with their preferences on travel mode. The segments 

were characterized by individual socio-demographic and trip characteristics. Hidrue, 

Parsons, Kempton, and Gardner (2011) and Axsen, Bailey, and Castro (2015) segment 

potential consumers for automobiles by their preferences on pro-environmental attributes 

of automobiles and estimate their willingness to pay for electric vehicles. In this study, 

socio-demographic, psychographic, and lifestyle characteristics are used to characterize 

segments. In the energy economics field, Cicia, Cembalo, Giudice, and Palladino (2012) 

quantify household preferences on energy sources such as fossil fuel, nuclear, wind, solar, 

and biomass energy and subsequently segment the population by their preferences. 

Household socio-demographics are used to characterize segments. Similarly, Rijnsoever, 

Mossel, and Broecks (2015) analyze public preferences on electricity generation 

technologies and identify segments in the population. From these analyses, they observe 

that changes in public acceptance for these technologies are not population-wide, but 

instead remain limited to specific segments. In the marketing field, Andrews and Currim 

(2002) identify segments of households with identical choice behaviors across product 

categories with a latent class logit model. Bhatnagar and Ghose (2004) segment web 

shoppers using latent class logit model approach, based on the shoppers’ purchase 

behavior across several product categories. Shen and Saijo (2009) quantify consumer 

preferences on energy efficiency labels when consumers choose durable goods and 

segment the consumers according to their choice behavior. In these marketing literatures, 

socio-demographics, purchasing behavior, and perceptions were used to characterize 
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segments. 

The latent class mixed logit model has usually been used for analyzing and 

segmenting consumer preferences in the transportation field. For example, Bujosa, Riera, 

and Hicks (2010) analyze and segment people’s preferences on recreational trips with 

using the latent class mixed logit model. Greene and Hensher (2013) apply this model to 

analyze and segment freight transporters’ preferences for alternatives to carrying out 

freight trips. Hess, Stathopoulos, Campbell, O’Neill, and Caussade (2013) apply this 

model to identify segments, ignoring the cost attribute among rail and bus commuters and 

flight passengers. 

Other than these latent class logit-based models, Choi, Shin, and Lee (2013a) 

propose a market segmentation methodology based on hierarchical Bayesian mixed logit 

model and a clustering methodology, a Gaussian mixture model. Their market 

segmentation methodology consists of a two-step process, as follows: 1) estimate 

individual-level preference parameters using the hierarchical Bayesian mixed logit model 

and stated preference data; 2) conduct a market segmentation using the Gaussian mixture 

model and the aggregated dataset that consists of the estimated individual-level 

preference parameters and individual-level socio-demographic information. 

 

2.4 Limitations of Previous Literatures and Research Motivation 

Theories related to a demand-side explanation for technological evolution claim that the 

emergence of new technology reveals latent heterogeneity in the market; such theories 
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also claim that the interplay between technological progress and the heterogeneous 

preferences of different consumer segments can cause the disruption of an industry when 

new technology emerges. However, such theories lack empirical evidence and predictive 

ability, and accordingly they are insufficient to provide companies and governments with 

practical strategies for technology and innovation management in the early stages of new 

technologies (Sood and Tellis, 2011; Hauser, Tellis, and Griffin, 2006). Therefore, in this 

dissertation, I propose an ex-ante analysis methodology to understand preference 

heterogeneity in consumer demand for new technologies and to provide practical 

technology and innovation management strategies for companies and governments, based 

on this methodological analysis. 

In this context, discrete choice models that can model consumer demand and 

preferences under microeconomic theory are eligible candidates for developing the 

methodology. In particular, discrete choice model for the methodology should be able to 

analyze heterogeneous consumer preferences at individual and segment levels, 

hierarchically and quantitatively, to understand realistic market structure for new 

technology, because the market may be divided into smaller and heterogeneous market 

segments and because each segment includes heterogeneous consumers. 

However, even though modeling heterogeneity among consumers has been a major 

research topic in discrete choice models, researchers rarely use discrete choice models 

that can quantitatively conceptualize the hierarchical heterogeneity structure. The mixed 

logit model and the normal mixture logit model can accommodate heterogeneity at the 
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individual level and estimate individual-level preference parameters corresponding to 

each individual, but it is difficult for these models to accommodate heterogeneity at the 

segment level. The latent class model can accommodate preference heterogeneity at a 

segment level and estimate related preference parameters, but it cannot accommodate 

heterogeneity at the individual level because of its homogeneity assumption within a 

segment. The latent class mixed logit model can accommodate heterogeneity at both 

individual and segment levels and can estimate segment-level preference parameters, but 

it cannot estimate individual-level preference parameters. That is, the latent class mixed 

logit model can roughly conceptualize heterogeneity at a segment level and heterogeneity 

within a segment, but it cannot do the same with hierarchical heterogeneity structure. 

Moreover, for the latent class mixed logit model, the true multivariate characteristics of 

random parameter distributions have rarely been addressed because of the complexity of 

the model and the limitations of its estimation method (Xiong and Mannering, 2013). 

Thus, the latent class mixed logit model has limits in modeling the multivariate form of 

distributions of preference heterogeneity. 

Therefore, for this dissertation, I develop a hierarchical Bayesian normal mixture 

logit model with a relabeling algorithm. This proposed discrete choice model examines a 

hierarchical preference heterogeneity structure quantitatively by accommodating 

preference heterogeneity at the individual and segment levels, hierarchically, and by 

estimating all related parameters. Specifically, the model identifies segments consisting of 

consumers with similar preferences in the market and estimates average preference and 
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level of preference heterogeneity of each segment. Moreover, it estimates the preferences 

of each individual belonging to segments in a hierarchical fashion. The hierarchical 

Bayesian normal mixture logit model with a relabeling algorithm can model a distribution 

of consumer preferences more flexibly and can obtain more information on consumer 

preference and its heterogeneity at the population, segment, and individual levels, 

compared to the existing discrete choice models. That is, this model can make inferences 

at the population, segment, and individual levels. Such information clarifies structural 

heterogeneity in consumer demand for new technology, allowing companies and 

governments to build elaborate technology management and innovation strategies. Figure 

3 presents consumer-preference-related information derived from each discrete choice 

model. 

In terms of model specification, the existing discrete choice model, such as the 

normal mixture logit model and the latent class mixed logit model, are nearly identical to 

the normal mixture logit model with relabeling algorithm used in this dissertation, but 

each model draws a different level of inferences, according to its estimation method. The 

existing normal mixture logit model and the normal mixture logit model with relabeling 

algorithm are estimated by using a hierarchical Bayesian estimation method, whereas the 

latent class mixed logit model is estimated by using a simulated maximum likelihood 

estimation method. The Bayesian estimation method avoids the most prominent 

difficulties associated with the maximum likelihood estimation method. First, the 

Bayesian estimation method does not require maximization of any function, while 
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maximization of the simulated likelihood function can be difficult numerically; therefore, 

the Bayesian estimation method can overcome the computational burden associated with 

the estimation of complex model structures (Train, 2003; Rossi, Allenby, and McCulloch, 

2005). Second, desirable estimation properties, such as consistency and efficiency, can be 

attained under more relaxed conditions with the Bayesian estimation method than with 

the maximum likelihood estimation method (Train, 2003). Accordingly, the existing 

normal mixture logit model and the normal mixture logit model with relabeling algorithm 

can model consumer preferences more flexibly than the latent class mixed logit model by 

assuming that a vector of preference parameters follows a mixture of multivariate normal 

distributions. Furthermore, the existing normal mixture logit model and the normal 

mixture logit model with relabeling algorithm can reliably recover preference parameters 

at the individual level with relatively few observations for each individual during the 

Bayesian estimation procedure, but the latent class mixed logit model cannot do the same 

during the simulated maximum likelihood estimation procedure. Moreover, the existing 

normal mixture logit model cannot secure identifiability of segment-level preference 

parameters, but the proposed normal mixture logit model of this dissertation secures 

identifiability of segment-level preference parameters and makes segment-level 

inferences feasible by including the relabeling algorithm in the Bayesian estimation 

procedure.  
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Figure 3. Information that each discrete choice model can obtain 



33 

Chapter 3. Methodology 

This chapter proposes a new methodology to analyze consumer preferences and forecast 

demand for new technology at both the individual and segment level and to characterize 

segments by socio-demographics for providing companies and government practical 

strategic implications in technology and innovation management. In advance, section 3.1 

simply introduce the overall framework of new methodology. Following that, detailed 

explanations of each component of the methodology are presented in sequence. 

Specifically, section 3.2 describes the proposed discrete choice model and the estimation 

method for this model, which can accommodate preference heterogeneity at the 

individual and segment levels hierarchically, then it validates the model with simulated 

data. Last, section 3.3 presents the proposed segment membership model for 

characterizing segments by socio-demographics. 

 

3.1 Methodological Framework 

This section proposes the overall framework of a new methodology that can model 

heterogeneous demand and quantify preference at the individual and segment levels, 

hierarchically, and that can characterize segments by socio-demographics. The 

methodology can provide researchers with the capability to conduct market analysis and 

demand forecasting for new technology in a heterogeneous market environment as well 

as to propose practical strategies in technology and innovation management.  



34 

 
Figure 4. Schematic diagram of the proposed methodology in this dissertation 
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The structure of proposed methodology is largely divided into three components: 1) 

the input data, 2) the discrete choice model, and 3) the segment membership model. 

Revealed preference and stated preference data can be used to estimate consumer 

preference and demand in discrete choice models. However, this dissertation uses stated 

preference data, collected by a discrete choice experiment survey, to estimate the 

proposed discrete choice model because its main subjects of analysis are new 

technologies before release or just after release, for which revealed preference data does 

not yet exist (Aizaki, Nakatani and Sato, 2014; Train, 2003). Additionally, an individual’s 

socio-demographic data and individual segment assignment estimated from the proposed 

discrete choice model are used to estimate the segment membership model. 

With regard to the proposed discrete choice model, the hierarchical Bayesian 

normal mixture logit model with relabeling algorithm has the capability to model 

preference heterogeneity at the individual and segment levels, hierarchically. While 

estimating the normal mixture logit model with the Bayesian estimation method, the 

label-switching problem emerges, making segment-level preference parameters 

unidentifiable (Rossi, Allenby, and McCulloch, 2005). Thus, in order to solve the problem 

and identify segment-level preference estimates, relabeling algorithms are included in the 

Bayesian estimation procedure. Moreover, as the proposed discrete choice model assumes 

that the number of segments in the population is known, a method is needed to decide the 

optimal number of segments for the discrete choice model. Regarding the segment 

membership model, a multinomial logit model characterizes the segments (obtained from 
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the proposed discrete choice model) with socio-demographic variables. 

In summary, by analyzing a specific technology with this proposed methodology, 

segments with relatively similar preferences on the technology are obtained in the 

population. Furthermore, quantified preference and its level of heterogeneity in attributes 

of the technology at individual and segment levels are obtained in a hierarchical fashion. 

Accordingly, based on the estimate results, marginal willingness to pay, relative 

importance, and degree of preference heterogeneity for attributes of the technology can be 

calculated, and demand forecasting and market simulation can be conducted. Moreover, 

the segments become identifiable and accessible by their characteristics, due to the 

segment membership model. The overall framework of the proposed methodology can be 

summarized in the schematic diagram of Figure 4. 

The proposed methodology can be used to provide companies and governments 

with technology management and innovation strategies. First, the proposed methodology 

can identify which technology lead to disruption in the market by analyzing how 

population, segments, and individuals react to products comprising of old and new 

technology platforms. Thus, over the product lifecycle, the proposed methodology can 

provide companies with innovation strategies about whether and when the companies 

should transition to a new technology platform to minimize their disruption risk and 

maximize their profit. Following this innovation strategy, the methodology can also yield 

product repositioning and product portfolio planning strategies. 

Second, the proposed methodology can provide companies with market-entry 
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strategies (e.g., product concept development and product positioning) prior to the 

innovation process by measuring consumers’ preference and its heterogeneity and by 

segmenting the heterogeneous market created by new technologies and products. For 

example, a niche segment with low price sensitivity and low level of preference 

heterogeneity can provide demand for the new technology and product while it improves 

in performance and meets the needs of the mainstream segment. 

Third, the methodology can measure level of public consensus about highly 

controversial policies, such as those relevant to new technology’s ethical and security 

issues, and can identify segments with low level of public consensus by analyzing 

consumers’ preference heterogeneity hierarchically for the policy. Then, based on analysis 

results, governments can identify appropriate policy design and public relation strategies. 

 

3.2 The Discrete Choice Model 

In this section, the hierarchical Bayesian normal mixture multinomial logit model with 

relabeling algorithm is proposed in order to model demand and estimate consumer 

preference and its heterogeneity at the individual and segment levels, hierarchically, in 

the discrete-choice context. Furthermore, a simulation study with arbitrarily generated 

data is conducted to validate the model and the estimation method. Last, criteria for 

deciding the optimal number of segments for the proposed model are presented. 
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3.2.1 Model specification 

The normal mixture multinomial logit model is derived from the random utility 

maximization model framework like other discrete choice models (Thurstone, 1927; 

McFadden, 1974). That is, the utility that consumer n obtains from alternative j in choice 

situation t is expressed as equation (20). 

 

njt njt njt n njt njtU V xe b e¢= + = +  ······························································Eq. (20)  

 

Where njtV  is the deterministic part defined as a linear function, and njte  is the 

stochastic term that follows an iid type I extreme value distribution and whose density 

function is ( ) njt
njt e

njtf e e
eee

-- -=  with cumulative density function ( ) njte
njtF e

e

e
-

-= . 

Moreover, njtx  is a vector of observable attributes, and nb  is a vector of preference 

parameters corresponding to the attributes. 

In this model, it is assumed that the population is divided into unobservable K 

segments and consumers belonging to the same segment have similar preference. Then, 

preference parameters nb  is modeled with a mixture of K multivariate normal 

distributions as equation (21), and each multivariate normal distribution is assumed to 

represent a segment. 

~ ( , )n k k kk
N b Wb på  ········································································Eq. (21)  
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Where k indicates the mixing multivariate normal distribution or segment, and kp  

( 0 1,k kk
p p£ £ å ) is the weight of each multivariate normal distribution or the 

proportion of each segment in the population. Each multivariate normal distribution is 

modeled with a different mean kb  and covariance matrix kW . 

Under the assumption of utility maximization, the choice probability that consumer 

n chooses alternative i in choice situation t is derived as equations (22) and (23). The 

likelihood of consumer n choosing the alternative in the choice situations that he or she 

was actually observed to choose can be expressed as equation (24), where 1nity =  if 

consumer n chooses alternative i in choice situation t and zero otherwise. 
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( ) nity
n nit

t i

P P=ÕÕ ·············································································Eq. (24)  
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In addition, marginal willingness to pay (MWTP) indicates how much a consumer 

is willing to pay to maintain the current level of utility if there is a unit change in the level 

of an attribute (Shin, Woo, Huh, Lee, and Jeong, 2014). As this model is estimated, the 

MWTP on attributes can be calculated as in equation (25).  

 

ˆ/
ˆ/

a a
a

price price

U xMWTP
U x

b
b

¶ ¶
= - = -

¶ ¶
 ·······················································Eq. (25) 

 

Where ax  and ˆ
ab  represent attributes other than price and its estimated 

preference parameters. In addition,  pricex  and priceb̂  represent attributes related to 

price and its estimated preference parameters. 

Each attribute is assigned a different level of importance when choosing an 

alternative in the decision-making process. The relative importance (RI) of attribute a can 

be calculated as in equation (26) (Shin, Woo, Huh, Lee, and Jeong, 2014). The part-worth 

estimate of attribute a can be calculated by multiplying the preference parameter of 

attribute a, ˆ
ab , by the interval of the attribute’s level. 

 

100a
a

aa

part worthRI
part worth
-

= ´
-å

 ···························································Eq. (26) 
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3.2.2 Estimation Method and Label-switching Problem 

3.2.2.1 Hierarchical Bayesian Estimation Method 

Hierarchical Bayesian estimation method is used to estimate the proposed discrete choice 

model instead of maximum likelihood estimation methods, because it can overcome the 

computational burden associated with the model estimation and recover reliable 

preference parameters at both the individual and segment levels, with relatively few 

observations for each individual (Rossi, Allenby, and McCulloch, 2005). 

Under the Bayesian estimation framework, a researcher’s prior beliefs about 

parameters are represented by a probability distribution called prior distribution. Then, 

the prior distributions are updated by observed data and the updated information are 

represented by a new density called posterior distribution. Such procedure can be simply 

expressed by Bayes’ rule as equation (27). That is, the posterior distribution is 

proportional to the prior distribution times the likelihood function. 

 

( | ) ( | ) ( )K Y L Y kq q qµ  ·····································································Eq. (27)  

 

Where ( )k q  is the prior distribution which reflects the researcher’s prior belief 

about parameter q  not conditioned on the observed data. ( | )L Y q  is the likelihood 

function of the observed data. ( | )K Yq  is the posterior distribution which provide the 

researcher with information about parameter q  conditioned on the observed data Y . 

Simulation procedures are generally required to calculate the mean of the posterior 
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distribution. However, the posterior distribution usually does not have a convenient form 

from which to take draws (Train, 2003). Therefore, Markov Chain Monte Carlo (MCMC) 

methods, such as Gibbs sampling and the Metropolis-Hasting algorithm, are used to take 

draws from a posterior distribution (Casella and George, 1992). 

For a hierarchical Bayesian approach to the proposed discrete choice model, 

indicator latent variable nind  must first be introduced, representing which segment 

consumer n belongs to or which multivariate normal component nb  is sampled from 

(Allenby, Arora, and Ginter, 1998). That is, the assumption of preference parameters in 

the model previously presented as equation (21) is changed as follows, in equation (28). 

 

~ ( , )

~ ( )
n nn ind ind

n K

N b W

ind Multinomial

b

p
 ····································································Eq. (28)  

 

Here, p  is a vector of K mixture probabilities and nind  is an indicator latent 

variable for which multivariate normal component consumer n is from. nind  takes on 

values 1, …, K. For a hierarchical Bayesian setting, the joint posterior distribution for this 

model consists of the individual-level likelihood and multiple stages of priors, defined as 

equation (29). 

 

( , , , , | )
( | ) ( | , , ) ( , ) ( | ) ( )

P b W ind Y
L Y P b W ind P b W P ind P

b p
b b p pµ

 ···························Eq. (29)  
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The posterior distribution is obtained through the Gibbs-style MCMC method to 

generate draws reclusively from the conditional distribution of each parameters of the 

model, using the realized draws of the other parameters as conditioning arguments 

(Allenby, Arora, and Ginter, 1998). As this recursion is executed many times, the realized 

draws converge to draws from the true posterior distribution of parameters of the model. 

The Gibbs-style MCMC chain for this model is expressed as equation (30). In this 

MCMC chain, step 1 uses Metropolis-Hasting algorithm because there is no simple way 

to draw from this posterior. Gibbs sampling combined with the Metropolis-Hasting 

algorithm allows draws to be taken from the posterior of a parameter vector for 

essentially any model (Train, 2003). 

 

(Step 1) | , , ,

(Step 2) | , , ,
(Step 3) |
(Step 4) , | ,

n nn n n ind ind

k k

k k

Y ind b W

ind b W
ind

b W ind

b

p b
p

b

 ············································· Eq. (30)  

 

Priors for the model can be chosen in convenient conditionally conjugate forms, as 

in equation (31). 
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 ·············································································Eq. (31)  
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Here, 0 0( , )IW Vu  and 0( )Dirichlet a  indicate inverted Wishart distribution and 

Dirichlet distribution, respectively. The MCMC chain for this model adheres to Allenby, 

Arora, and Ginter (1998)’s, and the detailed procedure is presented as follows. 

 

(Step 1) Sampling from the conditional distribution of nb , n = 1, …, N 

The posterior for each individual’s nb , conditional on their observed choices, a latent 

indicator nind  from which multivariate normal component individual n is drawn, and 

the segment mean 
nindb  and variance 

nindW of multivariate normal component where 

individual’s nb  is from can be defined as equation (32). 

 

1

( | , , , )

( | ) ( | , , )

exp( ) 1exp ( ) ( )
exp( ) 2

n n

n n

nt

n n n

n n ind ind n

n n n ind ind n

n ny t
n ind ind n ind

t n njtj

P Y b W ind

L Y P b W ind

x
b W b

x

b

b b

b
b b

b
-

µ

é ù¢ ì ü¢ê úµ - - -í ý¢ î þê úë û
Õ å

 ··· Eq. (32) 

 

In this step, draws from the posterior are obtained using the Metropolis-Hastings 

algorithm with a random walk chain (Chib and Greenberg, 1995; Allenby, Arora, and 

Ginter, 1998). The Metropolis-Hastings algorithm operates as follows: 

1. Start with a value (0)
nb . 

2. Repeat the process from A to C many times (t). 

For sufficiently high t, ( )t
nb  is a draw from the posterior. 
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A. Generate ( 1) 2~ ( , )
n

t
n n indN Wb b r-% , where r  is a scalar specified by the 

researcher. 

B. Calculate the ratio:  

( 1)

( | , , , )
min ,1

( | , , , )
n n

n n

n n ind ind n
t

n n ind ind n

P Y b W ind
F

P Y b W ind
b
b -

ì üï ï= í ý
ï ïî þ

%
 

C. With probability F,  

set ( )t
n nb b= %  (accept) 

else set ( ) ( 1)t t
n nb b -=  (reject) 

 

(Step 2) Sampling from the conditional distribution of nind , n = 1, …, N 

The draw of the indicators is a multinomial draw based on the likelihood ratios, with kp  

as the prior probability of membership in each multivariate normal component as 

equation (33). Here, nkm  is the probability that consumer n belongs to a multivariate 

normal component or segment k. It can also be interpreted as the probability that 

consumer n shares his or her preference characteristic with segment k. 
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Proof: 
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(Step 3) Sampling from the conditional distribution of p  

The draw of p  given the indicators is a Dirichlet draw, expressed in as equation (34) 
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(Step 4) Sampling from the conditional distribution of kb  and kW , k = 1, …, K 

Once indicators are drawn, the observations are classified by multivariate normal 

components and then one can proceed with K independent draws of the multivariate 

normal component parameters. The posterior for kb  and kW , conditional on latent 

indicator nind  and individual nb , can be derived as in equation (35). 

( , | , ) ( | , ) ( | , , )k k k k kP b W ind P W ind P b W indb b bµ  ······················ Eq. (35) 
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Then, the draw of kW  and kb  can be simplified with step 4-1 and 4-2 as follows: 

(Step 4-1) Draw 0 0| , ~ ( , )k k kW ind IW N V Sb u + +  
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3.2.2.2 Label-switching Problem and Relabeling Algorithms 

The hierarchical Bayesian normal mixture multinomial logit has capacity to estimate 

consumers’ preference simultaneously at both individual and segment levels. However, 

the Bayesian normal mixture modeling setup yields an identification problem on 

segment-level parameters called the label-switching problem, which makes inferences at 

the segment level infeasible (Rossi, Allenby, and McCulloch, 2005). 

A label-switching problem occurs because the likelihood of the Bayesian normal 

mixture model is invariant under the permutation of the indices, and there are !K  

permutations. In any MCMC algorithm, labels of the normal components can permute 

multiple times between iterations of the sampler. This problem makes segment-level 

parameters unidentifiable, but label switching is a prerequisite for MCMC convergence 

(Celeus, Hurn, and Robert, 2000; Frühwirth-Schnatter, 2001; Jasra, Holmes, and Stephens, 

2005; Papastamoulis and Iliopoulos, 2010). Accordingly, discrete choice models with the 

normal mixture structure have usually been used to model preference heterogeneity 

flexibly at the individual level, which the label-switching problem is not relevant 

(Allenby, Arora, and Ginter, 1998). 

However, this dissertation solves the label-switching problem occurred in the 

hierarchical Bayesian normal mixture multinomial logit to secure the identifiability of 

segment-level parameters and to make segment-level inferences feasible using the 

Kullback-Leibler divergence-based relabeling algorithm of Stephens (2000). In the field 

of statistics, there are several representative solutions the label switching, as follows: 
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1. Artificial identifiability constraint method 

2. Pivotal reordering algorithm (Marin and Robert, 2007) 

3. Kullback-Leibler divergence-based relabeling algorithm (Stephens, 2000) 

 

Initial attempts to force a unique labeling included imposing artificial identifiability 

constraint on the parameter space. However, this approach is not appropriate for the 

hierarchical Bayesian normal mixture multinomial logit; in such cases, it is difficult to 

decide the adequate constraint for the model among many possible choices and cannot 

therefore be easily applied in the multivariate model (Papastamoulis and Iliopoulos, 2010; 

Rodríguez and Walker, 2014; Stephens, 2000). Marin and Robert (2007)’s pivotal 

reordering algorithm is also not appropriate for the proposed discrete choice model; 

though it works well in simple models, it is ineffective in complex models with 

multimodality (Jasra, Holmes, and Stephens, 2005). However, the Kullback-Leibler 

divergence-based relabeling algorithm, a post-processing algorithm, can be used for the 

hierarchical Bayesian normal mixture multinomial logit. I included the Kullback-Leibler 

divergence-based relabeling algorithm in the proposed discrete choice model for the 

simulation study and the empirical applications of this dissertation; as a result, the 

algorithm appropriately corrected the relabeling problem of the proposed discrete choice 

model and recovered identifiability for segment-level parameters. Recently, other than the 

Kullback-Leibler divergence-based relabeling algorithm, post-processing algorithms like 

the equivalent classes representatives relabeling algorithm (Papastamoulis and Iliopoulos, 
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2010) and the data-based relabeling algorithm (Rodríguez and Walker, 2014) have been 

introduced in the field of statistics. However, when I included these recent algorithms in 

the proposed discrete choice model for the simulation study and the empirical 

applications of this dissertation, my model performed less well in terms of finding the 

correct label, compared to the Kullback-Leibler divergence-based relabeling algorithm of 

Stephens (2000). 

The Kullback-Leibler divergence is a measure of the difference between two 

probability distributions. Thus, in the Kullback-Leibler divergence-based relabeling 

algorithm, Kullback-Leibler divergence between an averaged mixture probability matrix 

across the MCMC run and the mixture probability matrix in each MCMC iteration is 

minimized to find suitable permutations in an iterative fashion (Papastamoulis, 2016). 

 

Kullback-Leibler divergence-based relabeling algorithm (Stephens, 2000) 

Let KG  denote the set of permutations of the normal component indices {1, …, K}. For 

some 1( ,..., )K Kt t t= ÎG , consider the corresponding permutation of the normal 

component specific parameters 
1 1 1

( , , ) ( ,..., , ,..., , ,..., )
K K K

b W b b W Wt t t t t tt p p p= . Then, 

let ( )t
nkm  denote the mixture probability of multivariate normal component k for 

individual n or the probability that individual n belongs to segment k across the MCMC 

iterations. 
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1. Choose initial permutations for MCMC iterations, ( )tt  (t = 1, …, T). 

Set to the identity: ( )tt = (1, …, K) for all t 

2. For n = 1, …., N and k = 1, …, K, calculate the average of mixture probabilities 

across the MCMC iterations: ( ) ( )
( )

1
1 t

k

T t
nk nt

q T m
t=

= å  

3. Find permutations ( )tt  for t = 1, …, T that minimizes the Kullback-Leibler 

divergence: Minimize ( )( ) ( )
( ) ( )

1 1
logt t

k k

N K t t
nkn nn k

m m q
t t= =å å  

4. If an improvement is made to ( )( ) ( )
( ) ( )

1 1 1
logt t

k k

T N K t t
nkn nt n k

m m q
t t= = =å å å , go to the 

step 2; otherwise, finish. 

 

3.2.3 Model Validation 

In this sub-section, a simulation study is conducted to test the capability of the 

hierarchical Bayesian normal mixture multinomial logit model with and without 

relabeling algorithm to recover true preference parameter values both at the individual 

and segment levels. Furthermore, the model with relabeling algorithm is compared with 

the latent class logit model in terms of performance to recover the segment-level 

parameters and to fit the simulated data. 

A synthetic dataset is generated for the simulation study based on the multinomial 

logit model and under the following scenario. The number of sample of consumers is 500. 

It is assumed that each individual chooses the most preferred alternative in 10 choice sets, 

and each choice set includes three alternatives with two attributes. Then, it is assumed 
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that there are three segments clustered by similar preference in the population and 

preferences of each segment follows multivariate normal distributions as follows: 

 

§ Segment 1 accounting for 20% of the population 
1 1 0

~ ,
2 0 1

N
æ öé ù é ù
ç ÷ê ú ê ú
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§ Segment 2 accounting for 30% of the population 
1 0.5 0

~ ,
1.5 0 0.25

N
æ - öé ù é ù
ç ÷ê ú ê ú
ë û ë ûè ø

 

§ Segment 3 accounting for 50% of the population 
3 0.25 0

~ ,
2 0 0.5

N
æ - öé ù é ù
ç ÷ê ú ê ú-ë û ë ûè ø

 

    

Both the hierarchical Bayesian normal mixture multinomial logit model without 

relabeling algorithm and the one with relabeling algorithm are fitted with the synthetic 

dataset. The chosen prior distributions and values for the analysis are as follows: 

 

~ (5,5,5)
~ (0, 20 )
~ (3, )

k
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Dirichlet
b N I
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The MCMC chains are iterated 70,000 times and iterations are retained at every 

tenth draw. Subsequently, the first 5,000 retained iterations are used as a burn-in period 

and the last 2,000 retained iterations are used to obtain the parameter estimates. 

 



53 

Posterior estimates of mixture probabilities (segment-level) 

Figure 5 shows trace plots of MCMC samples of mixture probabilities p  ( 1p , 2p , 3p ) 

of multivariate normal components in the hierarchical Bayesian normal mixture 

multinomial logit model with relabeling algorithm and the one without relabeling 

algorithm. Moreover, the estimation results are summarized as Table 3. Here, the Root 

Mean Squared Error (RMSE) between the actual and estimated values is computed as a 

measure of parameter recovery error. 

 

 
Figure 5. Trace plots of mixture probabilities 

 

Table 2. Estimation results of mixture probabilities 

 Without relabeling algorithm With relabeling algorithm 

Component True Mean S.D. [5, 95 percentile] Mean S.D. [5, 95 percentile] 

One 0.2 0.2320 0.0802 [0.1225, 0.3688] 0.1904 0.0574 [0.1137, 0.3003] 

Two 0.3 0.2664 0.0795 [0.1300, 0.3768] 0.3079 0.0560 [0.2038, 0.3906] 

Three 0.5 0.5017 0.0236 [0.4635, 0.5402] 0.5017 0.0236 [0.4635, 0.5402] 

RMSE (π)  0.0268 0.0073 

Note: Estimates in bold have more than 95% of their posterior mass away from zero. 
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According to Figure 3, in the model without relabeling algorithm, a label-switching 

problem occurs between normal component 1 and normal component 2 in the first 0–70 

iterations of the 2,000 retained iterations. However, in the model with relabeling 

algorithm, the problem is successfully corrected. Moreover, as shown in Table 3, 

estimated values of mixture probabilities in the model with relabeling algorithm are 

almost the same as the true values. Because RMSE is lower in the model with relabeling 

algorithm than in the model without relabeling algorithm, I find that the model with the 

relabeling algorithm recovers the parameters more accurately than the model without the 

relabeling algorithm. 

 

Posterior estimates of mean of normal components (segment-level) 

Trace plots of mean b (b1, b2) of normal components in both models are shown in Figure 

6. The estimation results are summarized in Table 3. 

 

Table 3. Estimation results of mean of normal components 

 Without relabeling algorithm With relabeling algorithm 

Component True Mean S.D. [5, 95 percentile] Mean S.D. [5, 95 percentile] 

One 
b1 1 0.6598 0.8695 [-1.0322, 1.6236] 1.0040 0.4857 [0.0067, 1.6356] 

b2 2 2.1674 0.4971 [1.3105, 2.9490] 2.3114 0.3539 [1.7953, 2.9166] 

Two 
b1 -1 -0.5599 0.7893 [-1.1699, 1.3062] -0.9053 0.1855 [-1.1989, -0.5972] 

b2 1.5 1.5142 0.4023 [1.1513, 2.4493] 1.3652 0.1201 [1.1621, 1.5411] 

Three 
b1 -3 -3.1008 0.1622 [-3.3394, -2.8732] -3.0910 0.1412 [-3.3434, -2.8796] 

b2 -2 -2.0297 0.1283 [-2.2181, -1.8505] -2.0191 0.1091 [-2.2120, -1.8557] 

RMSE (b) 0.2411 0.1488 

Note: Estimates in bold have more than 95% of their posterior mass away from zero. 
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Figure 6. Trace plots of mean of normal components 

 

As shown in Figure 6, the label-switching problem occurs between normal 

component 1 and normal component 2; the relabeling algorithm then corrects the problem. 

According to Table 3, the model without the relabeling algorithm addresses statistically 

insignificant estimation values in normal components 1 and 2, unlike the model with the 

relabeling algorithm. Moreover, it is confirmed that the means of normal components are 

more accurately estimated with relabeling algorithm according to the RMSE values. 

Therefore, I confirmed that without the relabeling algorithm, the hierarchical Bayesian 

normal mixture logit model cannot recover segment-level parameters precisely, nor can it 

make segment-level inferences. 
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Posterior estimates of variance-covariance of normal components (segment-level) 

Estimation results about variance-covariance matrix W of the normal components in the 

model with relabeling algorithm are summarized in Table 4. These results validated that 

the model with relabeling algorithm can estimate the variance-covariance matrix 

accurately. 

 

Table 4. Estimation results of variance-covariance of normal components 

   With relabeling algorithm 

Normal Component True Mean S.D. [5, 95 percentile] 

One W11 1 1.0451 0.9707 [0.1951, 3.2705] 

W12 0 0.0983 0.4638 [-0.4432, 1.0201] 

W22 1 1.1704 0.6383 [0.3893, 2.2964] 

Two W11 0.5 0.6666 0.3081 [0.2806, 1.2417] 

W12 0 -0.0513 0.1562 [-0.2992, 0.1503] 

W22 0.25 0.2914 0.1285 [0.1311, 0.5228] 

Three W11 0.25 0.3793 0.1973 [0.1587, 0.7793] 

W12 0 0.1423  0.2045 [-0.0812, 0.5305] 

W22 0.5 0.5415 0.2743 [0.2149, 1.0581]  

RMSE(W) 0.1113 

Note: Estimates in bold have more than 95% of their posterior mass away from zero. 

 

Posterior estimates of individual-level parameters 

Next, the accuracy of individual-level parameter estimates is validated. Estimation of 

individual-level parameters has nothing to do with the label-switching problem unlike 

segment-level parameters, so only estimation results of the model with relabeling are 

reported here. Kernel density plots of true values and estimated values of individual-level 
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parameters are shown in Figure 7. Figure 8 presents scatter plots of estimated values 

versus true values of individual-level parameters, to verify whether the parameters are 

recovered precisely or not. The kernel density and scatter plots verified that 

individual-level parameters were estimated correctly. 

 

 
Figure 7. Kernel density plots for the individual-level parameters 

    (solid line represents true values; dashed line represents estimated values) 

 
Figure 8. Scatter plots of the individual-level parameters 

 

 

Comparison between the proposed discrete choice model and the latent class model 

Until now, the latent class logit model has been the most widely used discrete choice 

model for estimating preference parameters and making inferences at the segment level. 
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Thus, I made comparisons between the hierarchical Bayesian normal mixture logit model 

with the relabeling algorithm and the latent class model in terms of parameter recovery 

error and fit. To do so, several measures are used to assess the performance of the models. 

RMSE between the actual and estimated segment-level parameters is computed as a 

measure of parameter recovery error in both models. Then, the log-likelihood and 

Bayesian Information Criteria (BIC) are used to assess model fit. The calculated measures 

are summarized in Table 5. 

 

Table 5. The proposed discrete choice model versus the latent class model 

 True The latent class model The proposed model 

 One Two Three One Two Three One Two Three 

b1 1 -1 -3 0.7930 -1.061 -2.5692 1.0040 -0.9053 -3.0910 

b2 2 1.5 -2 1.4167 1.2823 -1.7156 2.3114 1.3652 -2.0191 

Mixture probability 0.2 0.3 0.5 0.201 0.295 0.504 0.1904 0.3079 0.5017 

RMSE(b)    0.0779 0.0148 

Log-likelihood    -2890.23 -2123.15 

BIC    5830.19 4351.95 

Note: Estimates in bold are statistically significant at 5%. 

 

In Table 5, I present verification that the hierarchical Bayesian normal mixture 

multinomial logit model with the relabeling algorithm demonstrates superior performance 

in terms of recovery of segment-level parameters and fit to the latent class model. 
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3.2.4 Determining the Number of Segments 

In the hierarchical Bayesian normal mixture multinomial logit model with relabeling 

algorithm, the researcher must decide on the number of segments (consumers with 

relatively similar preferences) in the population. However, as the number of segments in 

the real market environment is not known, it is difficult to decide the correct number of 

segments or mixing normal distribution components for the proposed model. Model 

selection criteria, like Akaike Information Criteria (AIC) and Bayesian Information 

Criteria (BIC), are commonly used to decide the optimal number of normal components 

for models with normal mixture structure. In this context, there are several studies to 

identify proper criteria (Andrews and Currim, 2003; Brochado and Martins, 2015; 

Sarstedt, 2008). Brochado and Martins (2015) compare performances of 14 information 

criteria and 13 classification-based criteria to identify the most appropriate criteria for 

finding the correct number of mixing normal components in the models with normal 

mixture. The studies then found that AIC 3 is the best among the model selection criteria. 

Andrews and Currim (2003) and Sarstedt (2008) also confirmed that AIC 3 as the best 

criteria. Accordingly, this dissertation uses AIC 3 and 4, which recent studies found to 

have the superior performance in deciding the optimal number of mixing normal 

components or segments for the proposed discrete choice model. The mathematical 

formulas for these information criteria are shown in Table 6. 
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Table 6. Information criteria for model selection 

Criteria Mathematical Description Reference 

Bayesian Information Criteria (BIC) 2 ln lnBIC L k N= - +  Schwartz (1978) 

Adjusted BIC [ ]2 ln ln ( 2) / 24ABIC L k N= - + +  Sclove (1987) 

Akaike Information Criteria (AIC) 3 3 2 ln 3AIC L k= - +  Bozdogan (1994) 

AIC 4 4 2 ln 4AIC L k= - +  Bozdogan (1994) 

Note: L = Likelihood, k = the number of parameters, N = Sample size. 

 
 

 

3.3 The Segment Membership Model 

This section proposes a segment membership model to characterize the segments by 

socio-demographic, as segments are obtained from the proposed discrete choice model. In 

the segment membership model, estimated individual’s probability belonging to each 

segment, obtained from the proposed discrete choice model and individuals’ 

socio-demographic characteristics become dependent variables and explanatory variables, 

respectively. That is, the dependent variables range from 0 to 1 and add up to 1 for each 

individual. Accordingly, the segment membership model is defined based on the 

multinomial logit model and the probability that an individual n belongs to segment k is 

represented as equation (36). 
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Here, nz  is the set of individual’s socio-demographics, and kq  is the set of 

unknown parameters to be estimated, and denoting the contribution of the 

socio-demographic variables to the probability of segment k membership. In this 

dissertation, the segment membership model is estimated with the quasi-maximum 

likelihood estimation method proposed by Papke and Wooldridge (1996).  
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Chapter 4.  Empirical Applications 

In this chapter, I discuss three empirical applications using the proposed methodology, 

showing how it can be used as a theoretical lens for emerging technologies and how it can 

provide companies and government with implications and strategies in technology and 

innovation management. First, section 4.1 analyzes Korean consumers’ preference and its 

heterogeneity for vehicle preference using the proposed methodology. Then, it identifies 

whether hybrid and electric vehicles that adopt new power train technologies can disrupt 

fossil-fuel vehicles in the Korean automobile market or not and suggests innovation 

strategies over the product lifecycle for incumbent automobile companies. Second, 

section 4.2 analyzes Korean consumers’ preference and its heterogeneity in wearable 

devices using the methodology, identifies a profitable market segment for startup 

companies, and provides them with a market-entry strategy. Last, section 4.3 analyzes 

Korean public attitudes and its heterogeneity for spent nuclear fuel facilities using the 

methodology, then suggests a construction and operation policy spent nuclear fuel facility 

alternative, which can maximize public acceptability to Korean government. 
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4.1 Ex-ante Identifying Disruptive Technologies in the Automobile Market 

4.1.1 Introduction 

Understanding and responding to technological change are very important for companies 

for a number of reasons (Sood and Tellis, 2011). First, technological change can create 

entirely new markets, with new products, new consumers, and exploding demand; 

however, it has also potential to make obsolete the assets, labor, and intellectual capital of 

incumbent companies in the market. Second, technological change enables new 

companies to target new segments in a market of new products, whereas incumbent 

companies can lose market leadership when they underestimate the potential impact of 

new technology.  

Accordingly, many studies aim to understand technological change and competition, 

and the failure of companies in these contexts. For example, Christensen (1997) 

introduces the disruptive innovation theory and explains that disruptive innovation occurs 

when an initially inferior and cheap technology, introduced by a new entrant and 

appealing to a niche market segment, better meets the needs of the mainstream market. At 

that point, the new entrant championing the new technology displaces the incumbent who 

clings to the old technology. 

Christensen (1997)’s disruptive innovation theory is widely accepted in academia 

and industry and has become the most influential explanation for technological change 

and the failure of incumbent companies, but researchers have identified several 

weaknesses of this theory. First, it is ambiguous which domain of disruption the 
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disruptive innovation theory applies to; as such, the term can have different meanings in 

different contexts (Danneels, 2004; Markides, 2006). Second, it lacks empirical evidence 

(Danneels, 2004; Govindarajan and Kopalle, 2006; Tellis, 2006; Utterback and Acee, 

2005). Third, it lacks predictive ability because most related research has adopted an 

ex-post approach (Hauser, Tellis, and Griffin, 2006; Kostoff, Boylan, and Simons, 2004; 

Tellis, 2006; Sood and Tellis, 2011). 

Thus, several studies seek to resolve these weaknesses of the theory. For instance, 

Schmidt and Druehl (2008) suggest alternate terminology and a complementary 

theoretical framework to resolve the weaknesses of disruptive innovation theory, focusing 

on the diffusion pattern and target market for the new technology. Additionally, Sood and 

Tellis (2011) redefine the terminology of disruptive innovation theory by identifying three 

domains of technology disruption, such as disruption in technology performance, firm, 

and demand, and that newly introduced technologies can adopt a lower or an upper attack 

in their performance. Moreover, they provide empirical evidence for the theory using data 

on 36 technologies from seven markets. Keller and Hüsig (2009) propose a list of criteria 

to measure the disruptive potential of a technology in software markets. Furthermore, 

Sood, James, Tellis, and Zhu (2012) propose a model to predict the performance 

trajectory of technologies with considerations of the order of entry, the number of 

competing technologies, and technology-specific characteristics.  

Such existing studies complement the ambiguity and the lack of empirical evidence 

of disruptive innovation theory, but not its ex-ante predictive ability. In particular, as far 
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as I am aware, no study proposes an ex-ante analysis methodology to evaluate the 

disruptive potential of newly released or unreleased technologies focused on the demand 

role in technological change, although demand plays an important role in technological 

change and competition. 

However, the methodology proposed in this dissertation can perform ex-ante 

identification of disruptive technologies by examining how consumer segments evaluate 

new technologies and how this evaluation changes as core attributes of technologies 

improve. Therefore, in this application, I analyze whether hybrid and electric vehicles that 

adopt new power train technologies can disrupt fossil-fuel vehicles in the Korean 

automobile market or not, using the proposed methodology in ex-ante fashion. Then, 

based on analysis results, I discuss innovation strategies over the product lifecycle, 

regarding whether and when the incumbent automobile companies should transition from 

fossil-fuel-based power train technologies to new environmentally friendly power train 

technologies for their products, minimizing their disruption risk and maximize their profit. 

Additionally, a product repositioning strategy for fossil-fuel vehicles is also discussed 

following by the innovation strategy. 

 

4.1.2 Data 

Environmentally friendly vehicles have received considerable attention in the Korea 

automobile industry; such vehicles are expected to be released in ever greater numbers in 

the near future. Data measuring consumer preferences for environmental friendly vehicles 
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are scarce because few hybrid and electric vehicles have been released in the market. 

Thus, data for this application was collected using a survey that includes discrete choice 

experiments for vehicles and questions on respondents’ socio-demographics. The survey 

was conducted by a professional survey company between March and May 2012, in the 

form of face-to-face interviews. The respondents included 668 adults aged 20–59 years, 

located in six metropolitan cities of Korea: Seoul, Busan, Daegu, Inchon, Gwangju, and 

Daejeon. A sample was drawn using the purposive quota sampling method on the basis of 

respondents’ age, gender, and geographical region, to maintain a component ratio that is 

representative of the actual population. Table 7 summarizes the demographic 

characteristics of the sample. 
 
Table 7. Demographic characteristics of the sample in empirical application 1 

Category Respondents Percentage Average S.D. 

Total 668 100 % - - 

Gender 
Male (1) 320 47.90 % 

0.48 0.50 
Female (0) 348 52.10 % 

Age 

20s 172 25.75 % 

38.67 10.94 
30s 177 26.50 % 

40s 187 27.99 % 

50s 132 19.76 % 

Education 

level 

More than university/college (1) 399 59.73 % 
0.60 0.49 

Less than high school (0) 269 40.27 % 

Monthly 

household 

income 

(10,000 

KRW) 

Less than 199 12 1.80 % 

410 14.82 

200 – 299 81 12.13 % 

300 – 399 227 33.98 % 

400 – 499 150 22.46 % 

500 – 599 128 19.16 % 

More than 600 70 10.48 % 
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Discrete choice experiments were conducted to analyze consumer preferences for 

vehicle attributes and focused on vehicle choice, considering the attributes of fuel type, 

vehicle type, fuel efficiency, purchase price of vehicle, accessibility of fueling stations, 

and provision of smart vehicle options. The choice experiments were designed using 

these six attributes, under the assumption that all non-considered attributes are invariant 

across alternatives. Table 8 provides a description of the attributes and their levels used in 

the design of each set of discrete choice experiments. 

 

Table 8. Attributes and attribute-levels for discrete choice experiments (vehicles) 

Attribute Attribute level Description 

Fuel type 

Gasoline (base) 
Compared to the gasoline, diesel, and 

hybrid cars, electric cars need a battery 

charging or replacement time 

Diesel 

Hybrid: gasoline + electricity 

Electricity 

Vehicle type 
General vehicle (base)  

SUV  

Fuel efficiency 

(km / 1,000 KRW) 

5 (e.g., 10 km/liter, 2,000 KRW/liter) 
The fuel efficiency is defined as driving 

distance associated with 1,000 KRW 
10 (e.g., 20 km/liter, 2,000 KRW/liter) 

20 (e.g., 40 km/liter, 2,000 KRW/liter) 

Accessibility of 

fueling station (%) 

100 
The current accessibility of gasoline and 

diesel fueling station is defined as 100% 
80 

50 

Smart car options 

Yes Voice command, wireless internet, smart 

applications, control speed, and lane 

keeping 
No (base) 

Purchase price 

(Million KRW) 

25  

30  

35  

40  
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Based on the combinations of each attribute’s level, there are a total of 576 possible 

vehicle alternatives. Since it is difficult to ask each respondent to evaluate all 576 

alternatives, 16 orthogonal alternatives were selected, using a fractional factorial design, 

to assure the orthogonality of each attribute within and between alternatives. These are 

further divided into four choice sets, comprising four randomly arranged alternatives. In 

addition, the respondents were divided into three groups and shown three sets of choices. 

Thus, a respondent chooses the preferred alternative from the four alternatives in each 

choice set. An example of choice experiment survey for this application is shown in the 

appendix section. 

 

4.1.3 Estimation Results and Discussion 

4.1.3.1 The Discrete Choice Model 

First, the discrete choice model proposed in this dissertation (hierarchical Bayesian 

normal mixture multinomial logit model with relabeling algorithm) is estimated with the 

choice experiment data to analyze consumer preference and identify its heterogeneity for 

vehicles. 

To perform a Bayesian estimation process for the model, the prior distributions and 

values for the estimation are assumed as follows: ~ (5,...,5)KDirichletp , 

8~ (0, 20 )kb N I , and 8~ (10, )kW IW I . The MCMC chain is iterated 100,000 times and 

iterations are retained at every tenth draw. Subsequently, the first 8,000 retained iterations 

are used as a burn-in period and the last 2,000 retained iterations are used to obtain the 
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parameter estimates. 

The number of segments in the market is not known, so the correct number of 

segments or mixing multivariate normal components in the population for the proposed 

discrete choice model is obtained by estimating the models with one to five mixing 

multivariate normal components and calculating their selection criteria (Table 9). 

 

Table 9. Information criteria for determining the number of segment or normal 

No. of 

components 

No. of free 

parameters 
Log-likelihood BIC 

Adjusted 

BIC 
AIC 3 AIC 4 

One 44 -1789.073 3864.334 3724.632 3710.146 3754.146 

Two 89 -1535.69 3650.262 3367.681 3338.38 3427.38 

Three 134 -1628.369 4128.313 3702.854 3658.738 3792.738 

Four 179 -1617.737 4399.742 3831.405 3772.474 3951.474 

Five 224 -1542.904 4542.768 3831.554 3757.808 3981.808 

      

According to Table 9, the proposed discrete choice model, assuming that consumer 

preferences for vehicles follows two mixing normal components, shows the best 

performance in the calculated information criteria. Therefore, in this empirical application, 

I have assumed that there are two segments in the Korean automobile market and conduct 

the analysis accordingly.  

Following the Bayesian estimation process of this discrete choice model, trace plots 

of MCMC samples are shown in Figure 9. The trace plots indicate that the chain has 

converged to its stationary distribution by iteration 10,000 and the label-switching 

problem is corrected successfully. Based on the MCMC 2,000 retained iterations, 
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estimation results for the parameters at the segment and individual levels are as follows. 

 

Figure 9. Trace plots of the MCMC samples 

 

Segment-level estimates 

There are three segment-level parameters to be estimated such as mixture probabilities, 

mean, and variance-covariance of multivariate normal components. At first, estimation 

results of mixture probabilities of multivariate normal components are shown in Table 10. 

These can be interpreted as weights associated with each normal component in the 

population or proportions of each segment in the market.  

The estimation results of mixture probabilities reveal that segments 1 and 2 account 

for 30.86% and 69.14% of the market population, respectively. Furthermore, according to 

segment weights, I can conclude that segment 2 is a mainstream market and segment 1 is 
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a niche market. 

Subsequently, the mean estimation results of normal components are shown in 

Table 11. These can be interpreted as quantified preference of segments on the attributes 

of vehicles. 

 

Table 10. Estimation results of mixture probabilities 

Normal component Posterior Mean Posterior S.D. [5, 95 percentile] 

One 0.3086 0.0183 [0.2795, 0.3394] 

Two 0.6914 0.0183 [0.6606, 0.7205] 

Note: Estimates in bold have more than 95% of their posterior mass away from zero. 

 

Table 11. Estimation results of mean of normal components 

Comp. Attribute 
Posterior 

Mean 

Posterior 

S.D. 
[5, 95 percentile] 

MWTP 

(10,000 KRW) 

RI 

(%) 

One 

(30.86%) 

Fuel 

Type 

Diesel -0.5921 0.1705 [-0.8837, -0.3242] -1458.37 6.82 

Hybrid -1.5760 0.2237 [-1.9544, -1.2233] -3881.77 18.14 

Electricity -3.4328 0.4249 [-4.2667, -2.8607] -8455.17 39.52 

SUV -0.3477 0.1189 [-0.5465, -0.1561] -856.40 4.00 

Fuel Efficiency 0.2849 0.0906 [0.1315, 0.4368]  140.34 / (km/1000 KRW) 9.84 

Fueling Station 1.4791 0.3514 [0.6915, 1.9193] 36.43 / %p 8.51 

Smart Options 0.5340 0.1379 [0.3105, 0.7774] 1315.27 6.15 

Purchase Price -0.4060 0.1568 [-0.6701, -0.1453] - 7.01 

Two 

(69.14%) 

Fuel 

Type 

Diesel -0.3823 0.2322 [-0.8093, -0.0700] -443.97 5.32 

Hybrid 0.9516 0.1117 [0.7786, 1.1464] 1105.10 13.23 

Electricity 0.6640 0.1108 [0.4716, 0.8389] 771.11 9.23 

SUV 0.1304 0.0827 [-0.0167, 0.2574] - 1.81 

Fuel Efficiency 0.6890 0.0794 [0.5755, 0.8265] 160.03 / (km/1000 KRW) 28.75 

Fueling Station 1.9023 0.2939 [1.4320, 2.3484] 22.09 / %p 13.23 

Smart Options 0.7524 0.1398 [0.5470, 1.0007] 873.77 10.46 

Purchase Price -0.8611 0.1167 [-1.0701, -0.6834] - 17.96 

Note: Estimates in bold have more than 95% of their posterior mass away from zero. 
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The estimation results of mean of normal components reveal two segment-level 

heterogeneous preference structures. First, as for the fuel type of vehicles, segment 1 

prefers gasoline and diesel vehicles over hybrid and electric ones, but segment 2 prefers 

hybrid and electric vehicles over gasoline and diesel ones. According to the calculated 

marginal willingness to pay (MWTP), segment 2 is willing to pay more for hybrid and 

electric rather than gasoline vehicles about 11,050,000 KRW and 7,710,000 KRW, 

respectively, whereas segment 1 is not willing to pay for hybrid and electric. In 

conclusion, consumers in the mainstream market (segment 2) already prefer new 

environmentally friendly vehicles to traditional fossil-fuel vehicles. Furthermore, segment 

2 is much more sensitive to the fuel efficiency and purchase price of vehicles than the 

segment 1. According to the calculated relative importance (RI), when deciding on 

vehicles, segment 2 considers cost related attributes, such as purchase price and fuel 

efficiency, while segment 1 considers fuel type the most important.  

Subsequently, the estimation results of the variance-covariance matrix of normal 

components 1 and 2 are shown in Tables 12 and 13, respectively. The value of variance 

can be interpreted as the degree of heterogeneity. 
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Table 12. Estimation results of variance-covariance matrix of normal component 1 

 Diesel Hybrid Electricity SUV 
Fuel 

Efficiency 
Fueling 
Station 

Smart 
Options 

Purchase 
Price 

Diesel 
2.3645 

(0.8367) 
0.2892 0.4481 0.3782 0.5287 -0.3435 0.3088 -0.2588 

Hybrid 
0.3432 

(0.4804) 
0.4658 

(0.2624) 
0.4688 0.0637 -0.0465 -0.3392 0.1266 -0.2241 

Electricity 
0.6111 

(0.6408) 
0.2733 

(0.2540) 
0.6273 

(0.4247) 
0.1854 0.1586 -0.4396 0.0555 -0.1438 

SUV 
0.3221 

(0.3920) 
0.0263 

(0.1722) 
0.1152 

(0.2295) 
0.2734 

(0.1530) 
0.3316 -0.0913 0.1232 -0.0616 

Fuel 
Efficiency 

0.4737 
(0.2658) 

-0.0294 
(0.1444) 

0.0788 
(0.1633) 

0.1086 
(0.1020) 

0.3415 
(0.1638) 

-0.0970 0.1498 -0.1656 

Fueling 
Station 

-0.4606 
(0.8340) 

-0.1910 
(0.2568) 

-0.2797 
(0.2939) 

-0.0301 
(0.1322) 

-0.0299 
(0.1960) 

0.5469 
(0.4974) 

-0.0359 0.1345 

Smart 
Options 

0.2786 
(0.3172) 

0.0684 
(0.1631) 

0.0606 
(0.2099) 

0.0453 
(0.1263) 

0.0582 
(0.1018) 

-0.0157 
(0.1511) 

0.2721 
(0.1648) 

-0.1491 

Purchase 
Price 

-0.2444 
(0.3633) 

-0.0921 
(0.1538) 

-0.0670 
(0.1392) 

-0.0208 
(0.1036) 

-0.0572 
(0.1183) 

0.0643 
(0.1694) 

-0.0498 
(0.0967) 

0.2726 
(0.1717) 

Note: 1) Lower triangular matrix: Estimated variance-covariance matrix. 2) Upper triangular matrix: Correlation matrix. 3) 
Posterior standard deviations are in parentheses. 4) Estimates in bold have more than 95% of their posterior mass away 
from zero. 

 
Table 13. Estimation results of variance-covariance of normal component 2 

 Diesel Hybrid Electricity SUV 
Fuel 

Efficiency 
Fueling 
Station 

Smart 
Options 

Purchase 
Price 

Diesel 
0.5263 

(0.2989) 
-0.0443 0.4773 -0.0963 -0.2806 -0.1663 -0.4375 -0.3705 

Hybrid 
-0.0366 
(0.1858) 

0.9988 
(0.2709) 

-0.3169 0.2611 -0.4775 -0.6473 -0.1626 -0.3312 

Electricity 
0.2279 

(0.1827) 
-0.1832 
(0.1771) 

0.3715 
(0.1651) 

-0.3035 0.0080 0.1796 -0.3168 -0.1759 

SUV 
-0.0421 
(0.1184) 

0.1274 
(0.1339) 

-0.0941 
(0.0934) 

0.2569 
(0.0960) 

-0.3809 -0.1643 0.2710 0.1149 

Fuel 
Efficiency 

-0.1422 
(0.1423) 

-0.3299 
(0.1383) 

-0.0039 
(0.1129) 

-0.1356 
(0.1058) 

0.4904 
(0.1399) 

0.4864 -0.0185 0.0454 

Fueling 
Station 

-0.1238 
(0.2087) 

-0.6642 
(0.3360) 

0.1047 
(0.1875) 

-0.0952 
(0.1652) 

0.3539 
(0.2443) 

0.9979 
(0.5261) 

0.3629 0.4556 

Smart 
Options 

-0.3704 
(0.2746) 

-0.1813 
(0.2555) 

-0.2217 
(0.1841) 

0.1586 
(0.1536) 

0.0001 
(0.1599) 

0.4165 
(0.3564) 

1.2871 
(0.3806) 

0.7499 

Purchase 
Price 

-0.2213 
(0.1669) 

-0.2830 
(0.2030) 

-0.0978 
(0.1508) 

0.0465 
(0.1351) 

0.0217 
(0.1093) 

0.3866 
(0.2554) 

0.7062 
(0.1944) 

0.7108 
(0.2080) 

Note: 1) Lower triangular matrix: Estimated variance-covariance matrix. 2) Upper triangular matrix: Correlation matrix. 3) 
Posterior standard deviations are in parentheses. 4) Estimates in bold have more than 95% of their posterior mass away 
from zero. 
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The estimation results of the variance-covariance matrix of normal components 

reveal that segments 1 and 2 have different variance-covariance structures, namely they 

have different degree of heterogeneity in preferences. As such, I adopted the Shannon 

entropy index to quantitatively measure segments’ degree of heterogeneity in preferences. 

The Shannon entropy index is defined as a measure of uncertainty of the probability 

distribution, but it is also used to measure diversity of species in ecology and 

heterogeneity of markets in marketing (Desarbo, Jedidi, and Sinha, 2001). The continuous 

Shannon entropy index for univariate and multivariate normal distributions can be 

calculated per equations (37) and (38), respectively (Cover and Thomas, 2012). 

 

( )1 ln 2
2

E ewp=  ················································································Eq. (37)  

( ) 11 ln(2 ) ln
2 2
KEM Wp= + +  ··························································Eq. (38)  

 

Where w  and W  denote variance and the K×K variance-covariance matrix, 

respectively. In equation (38), W  denotes the determinant of the variance-covariance 

matrix W . The Shannon entropy index is calculated with estimation results of the 

variance-covariance of normal components and shown in Table 14. 

According to the calculated Shannon entropy index, segment 2 has a synthetically 

higher degree of heterogeneity in preferences than segment 1, specifically in preferences 

for smart options and the purchase price of vehicles.  

 



75 

Table 14. The Shannon entropy index for measuring degree of heterogeneity 

Attribute Segment 1 Segment 2 

Diesel 1.8492 1.0980 

Hybrid 1.0369 1.4183 

Electricity 1.1857 0.9239 

SUV 0.7706 0.7394 

Fuel Efficiency 0.8818 1.0627 

Fueling Station 1.1172 1.4179 

Smart Options 0.7682 1.5451 

Purchase Price 0.7691 1.2482 

For multivariate setting 7.4184 7.7431 

 

Individual-level estimates 

Estimation results of individual-level preference parameters are represented in Table 15. 

According to the estimation results of the individual-level preference parameters, 204 and 

464 respondents among the 668 respondents of the survey belonging to segments 1 and 2, 

respectively. Individual-level preference estimates of respondents belonging to segments 

1 and 2 come from the normal components 1 and 2, respectively. 

Kernel density plots, 2D kernel density plots, and contour scatter plots for the 

estimated individual-level preference parameters are shown in Figures 10, 11, and 12, 

respectively. 
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Table 15. Estimation results of individual-level preference parameters 

Segment Attribute Mean Median S.D. 

One: 

 

204 respondents 

(30.54%) 

Fuel Type 

Diesel -0.5931 -0.6675 1.0803 

Hybrid -1.5699 -1.5629 0.2561 

Electricity -3.4247 -3.4473 0.3054 

SUV -0.3463 -0.3726 0.1949 

Fuel Efficiency 0.2845 0.3022 0.3649 

Fueling Station 1.4790 1.4974 0.2185 

Smart Options 0.5365 0.5510 0.2002 

Purchase Price -0.4059 -0.4073 0.1572 

Two: 

 

464 

respondents 

(69.46%) 

Fuel Type 

Diesel -0.3823 -0.4917  0.3058 

Hybrid 0.9463 0.9290  0.6423 

Electricity 0.6572 0.6222  0.2809 

SUV 0.1281 0.1177  0.2268 

Fuel Efficiency 0.6893 0.6793  0.4750 

Fueling Station 1.9030 1.8870  0.5677 

Smart Options 0.7503 0.7834  0.7235 

Purchase Price -0.8621 -0.8667 0.5001 

Total: 

 

668 

respondents 

(100%) 

Fuel Type 

Diesel -0.4467 -0.5124 0.6554 

Hybrid 0.1779 0.5014 1.2850 

Electricity -0.5894 0.4904 1.9034 

SUV -0.0168 -0.0228 0.3083 

Fuel Efficiency 0.5656 0.5120 0.4816 

Fueling Station 1.7735 1.6468 0.5258 

Smart Options 0.6850 0.6398 0.6207 

Purchase Price -0.7228 -0.5684 0.4747 
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Figure 10. Kernel density plots for the estimated individual-level parameters 
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Figure 11. 2D kernel density plots for the estimated individual-level parameters 
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Figure 12. Contour scatter plots for the estimated individual-level parameters 
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According to the contour scatter plots in Figure 12, segment 1 (69.5% of the 

market) and segment 2 (30.5% of the market) show the largest difference in preferences 

for fuel type. That is, consumers in segment 1 prefer hybrid and electric vehicles, while 

consumers in segment 2 do not. Furthermore, consumers in segment 1 show relatively 

homogeneous (low degree of heterogeneity) and low sensitivity to the purchase price, but 

the price sensitivity of consumers in segment 2 is widespread (high degree of 

heterogeneity). 

In summary, the reason why environmentally friendly vehicles are not wide spread 

despite that the mainstream market (segment 1) already prefers hybrid and electric 

vehicles to gasoline and diesel vehicles is because of higher prices, lack of fueling 

stations, and fewer choices in car models relative to fossil-fuel vehicles. Therefore, if 

these problems are solved, environmentally friendly vehicles will rapidly be diffused in 

the automobile market—that is, the Korean automobile market is ripe for technological 

disruption. However, there exists the niche market (segment 2) that prefers the traditional 

fossil-fuel vehicles to environmentally friendly vehicles, has very low sensitivity to price, 

and has a relatively low degree of preference heterogeneity. 

 

4.1.3.2 The Segment Membership Model 

The segment membership model is estimated to characterize segments by their 

socio-demographic characteristics. Estimation results of the segment membership model 

are shown in Table 16. 
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Table 16. Estimation results of the segment membership model 

 Characteristic variable Estimates S.E. P > |z| 95% Confident Interval 

Segment 1 

(Base: segment 2) 

Gender -0.3964 0.1759 0.0240 [-0.7413, -0.0516] 

Age 0.0191 0.0088 0.0300 [0.0019, 0.0363] 

Education 0.1470 0.2000 0.4620 [-0.2450, 0.5390] 

Household income -0.0070 0.0071 0.3190 [-0.0209, 0.0068] 

Family -0.0571 0.0966 0.5540 [-0.2464, 0.1322] 

Driving distance -0.0046 0.0077 0.5500 [-0.0198, 0.0105] 

Environment 0.2051 0.1455 0.1590 [-0.0801, 0.4902] 

Constant -1.7463 0.7215 0.0160 [-3.1604, -0.3322] 

Note: Estimates in bold indicate significance at the 5% level. 

 

According to the estimation results of the segment membership model, segment 1 

tends to include more females and older consumers than segment 2. To characterize each 

segment more intuitively, I computed the mean values of individual socio-demographic 

variables within each segment. The results are presented in Table 17 and support the 

previous estimation results of the segment membership model. 

 

Table 17. Mean of characteristic variables in each segment 
 Segment 1  

(204, 30.54%) 
Segment 2  

(464, 69.46%) 
Total  

(668, 100%) 

Gender 
Male: 41.18% 

Female: 58.82% 
Male: 50.86% 

Female: 49.14% 
Male: 47.90% 

Female: 52.10% 

Age 40.04 38.07 38.67 

Education 
More than university: 57.8% 
Less than high school: 42.2% 

More than university: 60.8% 
Less than high school: 39.2% 

More than university: 60% 
Less than high school: 40% 

Household income 
(10,000 KRW) 

405.5 / month 416.7 / month 413.3 / month 

No. of family members 3.53 3.60 3.58 

Driving distance 16,083 km / year 16,772 km / year 16,560 km / year 

Environmental interest 4.17 4.07 4.10 
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4.1.4 Ex-ante Simulation Results and Discussion 

Using the previous estimation results, I simulated the rate of choice probability by 

segment for gasoline, diesel, hybrid, and electric vehicles in the hypothesized scenarios. 

In these scenarios, purchase price of hybrid and electric vehicles decreases, fueling 

stations for electric vehicles increase, and more choices become available in hybrid and 

electric vehicle models in the Korea compact vehicle market. 

In the ex-ante simulation, I targeted the compact car market and consider the 

domestic compact cars for the consumer choice set; foreign compact cars are much more 

expensive than domestic ones, therefore competing with mid- or full-size domestic cars. 

The market share of domestic cars in the Korea compact vehicle market is 91.34%, and 

the present condition (February 2016) of compact car sales in Korea is shown in Table 18. 

 

Table 18. Domestic compact car sales in Korea (February 2016) 

 Manufacturer Model name Fuel type Sales volume (units) Sales portion (%) 

1 Hyundai Avante AD Gasoline / Diesel 7,932 53.11 % 

2 Kia K3 Gasoline / Diesel 3,506 23.47 % 

3 Hyundai Ioniq hybrid Hybrid 1,311 8.78 % 

4 GM Cruze Gasoline / Diesel 926 6.20 % 

5 Renault Samsung SM3 Neo Gasoline / Diesel 857 5.74 % 

6 Hyundai I30 Gasoline / Diesel 191 1.28 % 

7 Kia Soul Gasoline / Diesel 126 0.84 % 

8 Hyundai Veloster Gasoline 67 0.45 % 

9 Renault Samsung SM3 ZE Electricity 20 0.13 % 

Total 14,936 100 % 
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Currently, 91.09% of cars sold in the Korean domestic compact car market are 

gasoline and diesel vehicles, 8.78% are hybrid vehicles, and 0.13% are electric vehicles. 

Specifically, seven models of gasoline cars, six models of diesel cars, one model of a 

hybrid car, and one model of electric car are selling in the market; the specifications of 

these cars are shown in Table 19. 

 

Table 19. Specifications of domestic compact cars sold in Korea (February 2016) 

Manufacturer Model name Fuel type 
Price 

(10,000 KRW) 

Fuel efficiency1 

(km/liter) 

Fuel efficiency2 

(km/1,000 KRW) 

Hyundai Avante AD Gasoline / Diesel 2,125 / 2,371 13.1 / 17.7 9.69 / 16.07 

Kia K3  Gasoline / Diesel 2,022 / 2,273 14.1 / 19.1 10.43 / 17.35 

GM Cruze Gasoline / Diesel 2,037 / 2,325 11.3 / 15 8.36 / 13.26 

Renault Samsung SM3 Neo Gasoline / Diesel 1,962 / 2,057 15 / 17.7 11.10 / 16.07 

Hyundai I30 Gasoline / Diesel 2,008 / 2,150 11.8 / 17.3 8.73 / 15.71 

Kia Soul Gasoline / Diesel 2,037 / 2,140 11.5 / 15 8.51 / 13.62 

Hyundai Veloster Gasoline 2,057 12.4 9.17 

Hyundai Ioniq hybrid Hybrid 2,721 20.2 15 

Renault Samsung SM3 ZE Electricity 4,190 5 km/kWh 16 

Note: Price of gasoline = 1,352 KRW/liter, diesel =1,101 KRW/liter, and electricity = 313 KRW/kWh (February, 2016). 

 

For the ex-ante simulation, nine hypothesized scenarios are used (the first scenario 

is the current actual condition, as of February 2016). I have assumed that the number of 

choices for hybrid and electric vehicle models, which have different purchase prices, is 

increased and their purchase prices decreased while their fuel efficiencies stay the same 

from scenario 1 to 10. The average purchase price of hybrid and electric vehicles will 
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decrease about 2.3% and 6.5% per scenario from the current price, respectively. There 

currently exist about 12,000 fueling stations for gasoline and diesel vehicles but only 500 

fueling stations for electric vehicles. Therefore, I have assumed that the accessibility of 

fueling stations for electric vehicles will increase by about 10%p per scenario from the 

current condition. Otherwise, the number of choices, specifications, and purchase price of 

gasoline and diesel vehicles will be constant. Thus, a tenth scenario assumes that 

fossil-fuel vehicles and environmentally friendly vehicles become engaged in competition 

regarding accessibility of fueling stations, fuel efficiency, purchase price, the number of 

choices for car model, and other attributes. The hypothesized scenarios are summarized in 

Table 20 and 21. 

 

Table 20. Scenarios of domestic compact car market in Korea 

  S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 

Gasoline 

/Diesel 
The car models supplied in the market, their specifications, and price stay the same with the current condition. 

Hybrid 

C1 100% 100% 100% 100% 100% 100% 100% 100% 100% 100% 

C2 15 15 15 15 15 15 15 15 15 15 

C3 2,721 2,658 2,597 2,538 2,479 2,422 2,366 2,312 2,259 2,207 

C4 1 1 2 2 3 3 4 4 5 6 

Electric 

C1 4% 20% 30% 40% 50% 60% 70% 80% 90% 100% 

C2 16 16 16 16 16 16 16 16 16 16 

C3 4,190 3,918 3,663 3,425 3,202 2,994 2,800 2,618 2,447 2,288 

C4 1 1 2 2 3 3 4 4 5 6 

Note: S1 is the current condition (February 2016) and from S2 to S10 are the hypothesized scenarios. C1 denotes the 
accessibility of fueling stations, C2 denotes the average fuel efficiency (km/1,000 KRW), C3 denotes the average purchase 
price (10,000 KRW), and C4 denotes the number of vehicle choices in the market. 



85 

Table 21. Scenarios of purchase price for hybrid and electric vehicles (10,000 KRW) 

 
 

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 

Hybrid 

Model 1 2721.0 2658.0 2571.0 2512.6 2454.2 2397.8 2318.7 2265.8 2213.8 2140.8 

Model 2 
  

2623.0 2563.4 2479.0 2422.0 2342.3 2288.9 2236.4 2162.9 

Model 3 
    

2503.8 2446.2 2389.7 2335.1 2259.0 2184.9 

Model 4 
      

2413.3 2358.2 2281.6 2229.1 

Model 5 
        

2327.2 2251.1 

Model 6 
         

2273.2 

Electric 

Model 1 4190.0 3918.0 3626.4 3390.8 3170.0 2964.1 2744.0 2565.6 2398.1 2219.4 

Model 2 
  

3699.6 3459.3 3202.0 2994.0 2772.0 2591.8 2422.5 2242.2 

Model 3 
    

3234.0 3023.9 2828.0 2644.2 2447.0 2265.1 

Model 4 
      

2856.0 2670.4 2471.5 2310.9 

Model 5 
        

2520.9 2333.8 

Model 6 
         

2356.6 

 

I simulated the rate of choice probability by segment for the gasoline, diesel, hybrid, 

and electric vehicles in the hypothesized scenarios, using individual-level estimation 

results. The ex-ante simulation results are summarized in Table 22 and shown in Figure 

13. In this case, the choice probability can be interpreted as a proportion of market sales. 

For scenario 1 (the current condition), the simulated choice probability (the 

proportion of market sales) for gasoline and diesel vehicles of the total market is 84.57%, 

15.24% for hybrid vehicles, and 0.18% for electric vehicles. That is, the simulation 

results are accurate considerably since, in February 2016, in the Korean domestic 

compact car market, 91.09% of cars sold are gasoline and diesel, 8.78% are hybrid, and 

0.13% are electric vehicles. 

According to the ex-ante simulation results, the hybrid vehicle technology disrupts 

the diesel one for scenario 6, and the gasoline one for scenario 7, in terms of demand. 
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Moreover, the electric vehicle technology disrupts diesel in scenario 10. These disruption 

trends are aligned with the disruption in the mainstream market (segment 2). However, in 

one niche market, hybrid and electric vehicles cannot disrupt gasoline ones. That is, these 

technology disruptions in demand arise when the mainstream market accepts new 

technologies, as Christensen (1997) and Adner (2002) suggest. Thus, the market share of 

hybrid and electric vehicles is currently low, but these vehicles can disrupt the dominance 

of fossil-fuel vehicles in the Korean automobile market in accordance with their decrease 

in price, increase in fueling infrastructure, and increase in a variety of models. 

 

Table 22. Ex-ante simulation results for the scenarios and segments 

  S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 

Total 

(100%) 

Gasoline 45.26% 44.81% 39.74% 39.13% 35.39% 34.57% 31.42% 30.38% 27.62% 25.14% 

Diesel 39.31% 38.97% 34.93% 34.39% 31.01% 30.19% 27.01% 25.81% 22.68% 19.67% 

Hybrid 15.24% 15.88% 24.46% 25.12% 30.97% 31.25% 34.90% 34.33% 35.69% 35.83% 

Electric 0.18% 0.34% 0.87% 1.37% 2.64% 4.00% 6.67% 9.48% 14.00% 19.36% 

Seg. 1 

(30.5%) 

Gasoline 83.66% 83.58% 82.23% 82.08% 80.75% 80.54% 79.22% 78.95% 77.67% 76.37% 

Diesel 14.27% 14.21% 13.47% 13.37% 12.61% 12.46% 11.70% 11.51% 10.80% 10.10% 

Hybrid 2.06% 2.20% 4.28% 4.53% 6.59% 6.93% 8.93% 9.31% 11.12% 12.82% 

Electric 0.00% 0.01% 0.02% 0.02% 0.05% 0.08% 0.15% 0.23% 0.41% 0.71% 

Seg. 2 

(69.5%) 

Gasoline 37.86% 37.33% 31.55% 30.84% 26.64% 25.70% 22.20% 21.01% 17.97% 15.26% 

Diesel 44.14% 43.74% 39.07% 38.44% 34.56% 33.61% 29.96% 28.57% 24.97% 21.51% 

Hybrid 17.79% 18.52% 28.36% 29.09% 35.67% 35.94% 39.91% 39.16% 40.43% 40.27% 

Electric 0.22% 0.41% 1.03% 1.63% 3.14% 4.75% 7.92% 11.26% 16.62% 22.96% 
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Figure 13. Changes in choice probabilities of each market segment by scenario 
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4.1.5 Conclusion and Implications 

In this empirical application, I apply the proposed methodology to identify disruptive 

technologies in the Korean automobile market. I examine how consumers evaluate new 

technologies in the automobile industry and simulate how their choice probabilities for 

the vehicles change according to hypothesized scenarios that assume decrease in purchase 

price of hybrid and electric vehicles, increased fueling stations for electric vehicles, and 

increases in the number of choices for hybrid and electric vehicle models in the market. 

According to the estimation results of the proposed discrete choice model, the 

mainstream market (segment 1, 69.5% of the market) prefers hybrid and electric vehicles 

over traditional vehicles that use fossil fuel, but they do not adopt these environmentally 

friendly vehicles currently because of their higher price, lack of fueling stations, and 

fewer choices in car models relative to fossil-fuel vehicles. Therefore, an increase in the 

price of hybrid and electric vehicles due to development in battery technology, 

development of fueling infrastructure, and increased variety of hybrid and electric 

vehicles, would cause environmentally friendly vehicles to diffuse rapidly in the Korean 

automobile market, which is ripe for technological disruption. However, a niche market 

(segment 2, 31% of the market) prefers traditional fossil-fuel vehicles to environmentally 

friendly vehicles, has very low sensitivity to price, and has a relatively low degree of 

preference heterogeneity. 

Furthermore, market simulation results confirm that the market share of hybrid and 

electric vehicles is currently low, but that such vehicles will disrupt the dominance of 
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fossil-fuel vehicles on the Korean automobile market with a decrease in price, with 

increase in fueling infrastructure, and in the variety of models. 

Adner and Snow (2010) observe that when consumers in the mainstream market 

prefer new to old technology, and when a niche market preferring old technology to a 

new one is revealed, incumbent firms can target the niche market with old technology. 

Thus, incumbent firms in the Korean automobile industry need to develop technologies 

related to hybrid and electric vehicles to transition and to target the niche market (which 

has low price sensitivity and high preference for fossil-fuel vehicles) by introducing 

luxury gasoline cars to reduce the risk of disruption and maximize profit. This strategy for 

incumbents in the automobile industry has something in common with the previous 

strategy of incumbents in the watch industry, as Adner and Snow (2010) introduce. When 

mechanical movement systems were disrupted by quartz movement systems in the watch 

industry, a niche market that preferred mechanical movement and whose needs could not 

be addressed by the new technology emerged in the market. Therefore, incumbents 

targeted the niche market with gentrified mechanical watches, which proved to be a 

successful strategy. 
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4.2 Identifying a Profitable Niche Segment for New Entrants in the 

Wearable Device Market 

4.2.1 Introduction 

The prior empirical application examined how consumers respond to products with new 

technologies and evaluated the disruptive potential of new technologies. However, 

technological change and innovation rarely occur in vacuum. Companies’ strategic action 

lead to competition with rivals in a market, within the bounds of its own resources, 

products, and consumer demand (Hauser, Tellis, and Griffin, 2006). Thus, in this 

empirical application, I deal with market-entry strategic issues having to do with how a 

company should innovate to achieve competitive advantage, to maximize profit, and to 

lead technological change.  

Since Apple launched their smartphone in 2007, the smartphone market has grown 

rapidly; the competition between IT companies in the smartphone market has become 

intense and smartphone innovations have emerged in response. However, as the 

smartphone market lately enters a mature stage, the market growth rate and innovation in 

smartphones is slowing down. In such situations, major global IT companies are 

developing wearable devices1 and launching them in the market as the next generation 

innovative smart device. For example, Samsung released its wearable watch products in 

2013. Google unveiled its wearable glasses product in 2014 and Apple released its 

                                            
1Wearable devices can be defined as a fully functional, self-powered, self-contained computer that is worn on 
the body, provides access to information, and interacts with information, anywhere and at any time (Barfield, 
2001). The wearable devices can take various forms, such as glasses, watches, wristbands, and clothing. 
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wearable watch product in 2015. Besides these large companies, many startups and small- 

and medium-sized companies have also developed and launched various wearable 

devices in the market. 

Furthermore, most market research institutes have proposed positive forecasts for 

the growth of the wearable device market. Gartner (2016) forecasts that 274.6 million 

wearable devices will be sold worldwide in 2016, an increase of 18.4 percent from 232.0 

million units in 2015. Markets and Markets (2015) forecasts that the overall market for 

wearable devices is expected to reach 31.27 billion USD by 2020, at a compound annual 

growth rate of 17.8% between 2015 and 2020.  

Even though the expectation of rapid growth of the wearable device market, the 

market is in the early stage and the market uncertainty is high. Thus, some studies aim to 

understand consumers’ need for wearable devices. Wang (2015) analyzes expert 

perceptions and consumer preferences for wearable devices and finds that smart watches 

are perceived as auxiliary carriers to accomplish health care and safety monitoring, while 

smart glasses promise to fulfill industrial operations, logistics services, and homeland 

security. Jee and Sohn (2015) provide conjoint analysis of consumer preferences for 

wearable devices and identify how consumer preferences for wearable devices differ 

according to the consumer’s age. Such previous studies can help companies to understand 

consumers’ general need for wearable devices, but cannot provide practical strategies 

about market entry, segmentation, targeting, and positioning for wearable devices.  

Therefore, in this application, I analyzed consumer preferences for wearable 
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devices and its heterogeneity at segment and individual levels in the Korean market using 

the methodology proposed in this dissertation. Then, I conducted market simulations 

based on hypothetical wearable device products to identify the product characteristics that 

can maximize market share in each market segment. Such results will provide companies 

with market-entry strategies prior to the innovation process, clarifying how to position, 

develop, and launch their new wearable devices in the Korean market, especially for 

startups and small- and medium-sized companies. Specifically, the profitable niche 

market segment and product concepts will be identified for new startups and small- and 

medium-sized companies. 

 

4.2.2 Data 

Wearable devices have been released recently in the market, so data representing 

consumer preferences for wearable devices are scarce. Thus, stated preference data were 

collected using discrete choice experiments for wearable devices. The consumer survey 

was conducted by a professional survey company for about three weeks in May 2014, in 

the form of face-to-face interviews. The respondents included 500 adults aged 20–59 

years, located in seven metropolitan cities of Korea: Seoul, Incheon, Gyeonggi, Busan, 

Daegu, Gwangju, and Daejeon. A sample was drawn using the purposive quota sampling 

method on the basis of respondents’ age, gender, and geographical region, to maintain a 

component ratio that is representative of the actual population. Table 23 summarizes 

demographic characteristics of the sample. 
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Table 23. Demographic characteristics of the sample in empirical application 2 

Category Respondents Percentage Average S.D. 

Total 500 100.0 % - - 

Gender 
Male (1) 247 49.4 % 

0.49 0.50 
Female (0) 253 50.6 % 

Age 

20s 121 24.2 % 

39.41 10.90 
30s 134 26.8 % 

40s 134 26.8 % 

50s 111 22.2 % 

Education 

level 

More than university/college (1) 319 63.8 % 
0.64 0.48 

Less than high school (0) 181 36.2 % 

Monthly 

household 

income 

(10,000 KRW) 

Less than 299 58 11.6 % 

- - 

300 – 399 100 20.0 % 

400 – 499 134 26.8 % 

500 – 699 159 31.8 % 

More than 700 47 9.4 % 

Nonresponse 2 0.4 % 

 

Discrete choice experiments assume a choice situation similar to real market 

conditions by presenting possible product alternative sets to the respondents. Here, the 

choice experiments were conducted to analyze consumer preferences for wearable 

devices. The choice experiments were designed using these six attributes, under the 

assumption that all non-considered attributes are invariant across alternatives. Table 24 

provides a description of the attributes and their levels used in the design of each set of 

discrete choice experiments. Core attributes and their levels were selected based on 

wearable devices that are actually selling or expected to be sold soon in the market. 

 



94 

Table 24. Attributes and attribute-levels for discrete choice experiment (wearable devices) 

Attribute Attribute level Description 

Price 

(10,000 KRW) 

15 

 30 

40 

Manufacturer brand 

Major global IT companies (e.g., Apple, Samsung, SONY)  

Startups and small- and medium-sized companies (e.g., 

MisFit, Fitbit, AiQ, Maxvirtual) (base) 
 

Main function 

Medical care (e.g., measuring blood-pressure, -sugar, and 

temperature and send it to the doctor, prescription, emergency 

medical service) 

 

Fitness (e.g., record of exercise and calorie consumption)  

Infotainment (base) (e.g., phone call, SMS, navigation, 

Internet) 
 

Battery life 

(days) 

3 
After 100% charge, usable 

time 
5 

7 

Design satisfaction 
Satisfied 

 
Dissatisfied (base) 

Frequency of personal 

information leaks 

(per ten years) 

0 wearable devices can be 

hacked and accumulated 

information can be leaked 

1 

2 

 

Based on the combinations of each attribute’s level, there are a total of 324 possible 

wearable device alternatives. Because it is difficult to ask each respondent to evaluate all 

324 alternatives, 16 orthogonal alternatives were selected using a fractional factorial 

design, to assure the orthogonality of each attribute within and between alternatives. 

These are further divided into four choice sets, comprising four randomly arranged 
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alternatives. All respondents were provided with four choice sets and asked to choose the 

preferred alternative from the four alternatives in each choice set. An example of the 

choice experiment survey for this application is shown in the appendix section. 

 

4.2.3 Estimation Results and Discussion 

4.2.3.1 The Discrete Choice Model 

The discrete choice model proposed in this dissertation is estimated with the choice 

experiment data to analyze consumer preferences and identify preference heterogeneity 

for wearable devices. To perform a Bayesian estimation process for the model, the prior 

distributions and values for the estimation are assumed to be as follows: 

~ (5,...,5)KDirichletp , 7~ (0,20 )kb N I , and 7~ (8, )kW IW I . The MCMC chain is 

iterated 100,000 times and iterations are retained at every tenth draw. Subsequently, the 

first 8,000 retained iterations are used as a burn-in period and the last 2,000 retained 

iterations are used to obtain the parameter estimates. 

 
Table 25. Information criteria for determining the number of normal or segments 

No. of 

components 

No. of free 

parameters 
Log-likelihood BIC 

Adjusted 

BIC 
AIC 3 AIC 4 

One 35 -1661.98 3541.48 3430.39 3428.97 3463.97 

Two 71 -1568.30 3577.83 3352.47 3349.59 3420.59 

Three 107 -1454.05 3573.06 3233.44 3229.10 3336.10 

Four 143 -1453.96 3796.60 3342.71 3336.91 3479.91 

Five 179 -1405.45 3923.31 3355.15 3347.89 3526.89 
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The number of segments in the market is not known, so the correct number of 

segments or mixing multivariate normal components in the population for the proposed 

discrete choice model is obtained by estimating models with one to five normal 

components and calculating their selection criteria (Table 25). According to Table 25, the 

proposed discrete choice model, assuming that consumer preferences for wearable 

devices follow three mixing multivariate normal distributions, shows the best 

performance in the calculated information criteria. Therefore, in this empirical application, 

I assumed that there are three segments in the Korean wearable devices market and 

conduct the analysis consequently. Following the Bayesian estimation process of this 

model, trace plots of MCMC samples are shown in Figure 14. 

 
Figure 14. Trace plots of the MCMC samples 
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The trace plots indicate that the chain has converged to its stationary distribution by 

iteration 10,000 and the label-switching problem is corrected properly. Based on the 

MCMC 2,000 retained iterations, estimation results for the parameters at segment and 

individual levels are as follows. 

 

Segment-level estimates 

At first, estimation results of mixture probabilities of normal components are shown in 

Table 26. These can be interpreted as weights associated with each normal component in 

the population or each segment in the market. 

 

Table 26. Estimation results of mixture probabilities 

Component Posterior Mean Posterior S.D. [5, 95 percentile] 

One 0.3109 0.0213  [0.2769, 0.3469] 

Two 0.2652 0.0216  [0.2291, 0.3002] 

Three 0.4240 0.0231 [0.3867, 0.4622] 

Note: Estimates in bold have more than 95% of their posterior mass away from zero. 

 

The estimation results of mixture probabilities reveal that multivariate normal 

components or segments 1, 2, and 3 account for 31.09%, 26.52%, and 42.40% of the 

market population, respectively. Subsequently, the mean estimation results of normal 

components are shown in Table 27. These represent segments’ quantified preferences for 

attributes of wearable devices. 

 



98 

Table 27. Estimation results of mean of normal components 

Comp. Attribute 
Posterior 

Mean 

Posterior 

S.D. 
[5, 95 percentile] 

MWTP 

(10,000 KRW) 

RI 

(%) 

One 

(31.09%) 

Price (b1) 0.1773 0.0830 [-0.0147, 0.3874] - 9.38 

Manufacturer brand (b2) 0.6189 0.1491 [0.3845, 0.8839] - 10.91 

Main 

function 

Medical care (b3) 1.4599 0.2472 [1.0684, 1.8887] - 25.73 

Fitness (b4) 1.5374 0.2040 [1.2333, 1.8644] - 27.10 

Battery life (b5) 0.1040 0.0618 [0.0027, 0.2124] - 7.33 

Design satisfaction (b6) 0.0622 0.1469 [-0.1858, 0.3114] - 1.10 

Personal information leaks (b7) -0.5233 0.1151 [-0.7179, -0.3434] - 18.45 

Two 

(26.52%) 

Price (b1) -2.9061 0.2979 [-3.4325, -2.4605] - 38.52 

Manufacturer brand (b2) 2.5061 0.4264 [1.8052, 3.2024] 8.62 11.07 

Main 

function 

Medical care (b3) -4.7809 0.7944 [-6.2912, -3.6602] -16.45 21.12 

Fitness (b4) -1.1620 0.3559 [-1.7544, -0.6350] -4.00 5.13 

Battery life (b5) 0.1052 0.1041 [-0.0635, 0.2735] - 1.86 

Design satisfaction (b6) 2.1014 0.3490 [1.5934, 2.7151] 7.23 9.28 

Personal information leaks (b7) -1.4727 0.2855 [-2.0343, -1.0839] -5.07 /%p 13.01 

Three 

(42.40%) 

Price (b1) -0.7156 0.0937 [-0.8761, -0.5622] - 22.17 

Manufacturer brand (b2) 1.3226 0.1864 [1.0434, 1.6409] 18.48 13.66 

Main 

function 

Medical care (b3) -0.4042 0.1857 [-0.7021, -0.0495] -5.65 4.17 

Fitness (b4) -1.1528 0.1684 [-1.4221, -0.8865] -16.11 11.91 

Battery life (b5) 0.1144 0.0513 [0.0306, 0.1997] 1.60 /day 4.73 

Design satisfaction (b6) 1.8555 0.1708 [1.5637, 2.1501] 25.93 19.16 

Personal information leaks (b7) -1.1719 0.1346 [-1.3877, -0.9481] -16.38 /%p 24.20 

Note: Estimates in bold have more than 95% of their posterior mass away from zero. 

 

The estimation results of mean of the multivariate normal components reveal three 

segment-level heterogeneous preference structures. First, segment 1 takes 31.09% of the 

market; consumers belonging to segment 1 tend to view medical care and fitness as the 
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main functionality of wearable devices, rather than infotainment. Moreover, they tend not 

to care about price and design when purchasing wearable devices. They prefer the 

products made by major global IT companies rather than by startups and small- and 

medium-sized companies, but such a preference tendency is considerably weaker than in 

other segments. Meanwhile, segment 2 and segment 3 take 26.52% and 42.40% of the 

market respectively, and both segments prefer infotainment as the main functionality of 

wearable devices, rather than medical care and fitness. Consumers belonging to segment 

2 react to manufacturer brand, design, and price more sensitively than other segments. 

Then, segment 3 tend to react to these attributes less sensitively than segment 2. In 

addition, all segments in the market show a negative preference for personal information 

leaks. 

According to the calculated RI, when deciding on wearable devices, segment 1 has 

a tendency to consider the possibility of personal information leaks and to consider 

whether medical care and fitness is the main functionality of the wearable device more 

than they consider purchase price. In contrast, segment 2 and 3 tend to consider purchase 

price and the possibility of personal information leaks over other attributes. 

Subsequently, the estimation results of the variance-covariance matrix of normal 

components 1, 2, and 3 are shown in Tables 28, 29, and 30, respectively. The value of 

variance can be interpreted as the degree of heterogeneity. The estimation results of the 

variance-covariance matrix of normal components reveal that segments 1, 2, and 3 have 

different variance-covariance structures; namely, they have different a degree of 
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heterogeneity in preferences. The Shannon entropy index is calculated with estimation 

results of the variance-covariance of normal components and shown in Table 31. 

According to the calculated Shannon entropy index, segment 1 has synthetically the 

lowest degree of heterogeneity in preferences compared to segments 2 and 3, specifically 

in preferences for the purchase price of wearable devices. 

Table 28. Estimation results of variance-covariance of normal component 1 
 b1 b2 b3 b4 b5 b6 b7 

b1 
0.1392 

(0.0463) 
-0.1907 0.1028 0.1205 0.2986 -0.0999 -0.1401 

b2 
-0.0356 
(0.0581) 

0.2509 
(0.1200) 

-0.3207 -0.0135 -0.0794 -0.1361 -0.1052 

b3 
0.0607 

(0.1467) 
-0.2542 
(0.2789) 

2.5035 
(1.0087) 

0.4212 0.2517 0.6616 0.2463 

b4 
0.0268 

(0.0671) 
-0.0040 
(0.1026) 

0.3976 
(0.4539) 

0.3558 
(0.1758) 

0.1824 0.2222 0.0671 

b5 
0.0337 

(0.0264) 
-0.0120 
(0.0446) 

0.1206 
(0.1511) 

0.0330 
(0.0606) 

0.0917 
(0.0324) 

0.1702 0.0848 

b6 
-0.0239 
(0.0661) 

-0.0437 
(0.1151) 

0.6712 
(0.3728) 

0.0850 
(0.1762) 

0.0331 
(0.0546) 

0.4111 
(0.2042) 

0.2005 

b7 
-0.0229 
(0.0423) 

-0.0231 
(0.0643) 

0.1711 
(0.2712) 

0.0176 
(0.0881) 

0.0113 
(0.0345) 

0.0564 
(0.1053) 

0.1927 
(0.0979) 

Note: 1) Lower triangular matrix: Estimated variance-covariance matrix. 2) Upper triangular matrix: Correlation matrix. 3) 
Posterior standard deviations are in parentheses. 4) Estimates in bold have more than 95% of their posterior mass away 
from zero. 

 
Table 29. Estimation results of variance-covariance of normal component 2 

 b1 b2 b3 b4 b5 b6 b7 

b1 
0.6139 

(0.4292) 
-0.5712 0.1113 -0.1311 -0.2622 0.0600 0.1829 

b2 
-0.4731 
(0.4740) 

1.1173 
(0.9585) 

-0.2382 0.3801 0.2048 0.0706 -0.5597 

b3 
0.1057 

(0.4351) 
-0.3051 
(0.5279) 

1.4690 
(1.2916) 

0.0813 0.0214 -0.0757 0.3040 

b4 
-0.0828 
(0.2921) 

0.3238 
(0.5125) 

0.0794 
(0.6027) 

0.6494 
(0.5910) 

-0.0022 -0.1460 -0.3763 

b5 
-0.0872 
(0.0868) 

0.0918 
(0.1330) 

0.0110 
(0.2031) 

-0.0008 
(0.1107) 

0.1800 
(0.0779) 

0.0302 -0.1344 

b6 
0.0332 

(0.2000) 
0.0527 

(0.3382) 
-0.0648 
(0.5305) 

-0.0831 
(0.2990) 

0.0091 
(0.1122) 

0.4982 
(0.3665) 

-0.1831 

b7 
0.1279 

(0.2371) 
-0.5282 
(0.5191) 

0.3290 
(0.5466) 

-0.2707 
(0.3560) 

-0.0509 
(0.1249) 

-0.1154 
(0.2983) 

0.7970 
(0.5028) 
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Table 30. Estimation results of variance-covariance of normal component 3 
 b1 b2 b3 b4 b5 b6 b7 

b1 
0.4382  

(0.1578) 
0.0167  -0.3254  0.2226  -0.1950  -0.3839  0.0679  

b2 
0.0112 

(0.1641) 
1.0329  

(0.5563) 
0.1024  0.3473  -0.3020  -0.2606  -0.4161  

b3 
-0.1411 
(0.1291)  

0.0682 
(0.3350)  

0.4290  
(0.3277) 

-0.0103  0.0103  0.3668  -0.1408  

b4 
0.0845 

(0.1144)  
0.2025 

(0.3496)  
-0.0039 
(0.1779)  

0.3291 
(0.2034) 

-0.1453  -0.3406  0.0506  

b5 
-0.0395 
(0.0501)  

-0.0940 
(0.1031)  

0.0021 
(0.0526)  

-0.0255 
(0.0567)  

0.0938 
(0.0337)  

0.2872  0.1524  

b6 
-0.1735 
(0.1614)  

-0.1808 
(0.3774)  

0.1640 
(0.2159)  

-0.1334 
(0.1835)  

0.0600 
(0.0806)  

0.4661 
(0.2841) 

0.0264 

b7 
0.0251 

(0.0832)  
-0.2360 
(0.2096)  

-0.0515 
(0.1287) 

0.0162 
(0.1127)  

0.0260 
(0.0430)  

0.0101 
(0.1036)  

0.3114 
(0.1457) 

Note: 1) Lower triangular matrix: Estimated variance-covariance matrix. 2) Upper triangular matrix: Correlation matrix. 3) 
Posterior standard deviations are in parentheses. 4) Estimates in bold have more than 95% of their posterior mass away 
from zero. 

 

Table 31. Shannon entropy index for measuring degree of heterogeneity 

 Segment 1 Segment 2 Segment 3 

Price 0.4331  1.1750  1.0064  

Manufacturer brand 0.7277  1.4744  1.4351  

Healthcare and medical 1.8778  1.6112  0.9958  

Fitness and wellness 0.9022  1.2031  0.8632  

Battery life 0.2246  0.5616  0.2354  

Design satisfaction 0.9745  1.0706  1.0373  

Personal information leaks 0.5955  1.3055  0.8355  

For multivariate setting 5.0959  7.7052  5.8385  
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Individual-level estimates 

Estimation results of individual-level preference parameters are represented in Table 32. 

 

Table 32. Estimation results of individual-level preference parameters 
Segment. Attribute Mean Median S.D. 

One: 

 

152  

respondents 

(30.40%) 

Price 0.1340 0.1848 0.3097 

Manufacturer brand 0.6754 0.6316 0.3272 

Medical care 1.3598 1.1977 1.2359 

Fitness 1.3827 1.5373 0.4394 

Battery life 0.1052 0.1132 0.1374 

Design satisfaction 0.1830 0.1687 0.4099 

Personal information leaks -0.5623 -0.5804 0.2427 

Two: 

 

129 

respondents 

(25.80%) 

Price -2.7462 -2.8287 0.4333 

Manufacturer brand 2.3812 2.4413 0.5118 

Medical care -4.4057 -4.7283 0.8605 

Fitness -1.1172 -1.1071 0.3274 

Battery life 0.0911 0.0943 0.2096 

Design satisfaction 2.0587 2.0544 0.2433 

Personal information leaks -1.4689 -1.5491 0.4951 

Three: 

 

219 

Respondents 

(43.80%) 

Price -0.7953 -0.7155 0.5862 

Manufacturer brand 1.3622 1.3089 0.5659 

Medical care -0.5875 -0.4467 0.6489 

Fitness -1.0393 -1.1517 0.3966 

Battery life 0.1221 0.1293 0.1501 

Design satisfaction 1.7790 1.8668 0.4121 

Personal information leaks -1.1482 -1.1792 0.3149 

Total: 

 

500 

respondents 

(100%) 

Price -1.0161 -0.6510  1.1939 

Manufacturer brand 1.4163 1.2797  0.8054 

Medical care -0.9806 -0.4252  2.3675 

Fitness -0.3231 -0.9548  1.1955 

Battery life 0.1090 0.1184  0.1643 

Design satisfaction 1.3660 1.7038  0.8749 

Personal information leaks -1.0528 -1.0515  0.4960 

 

According to the estimation results of the individual-level preference parameters, 

152, 129, and 219 respondents among the 500 respondents of the survey belong to 
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segments 1, 2, and 3, respectively. Individual-level preference estimates of respondents 

belonging to segments 1, 2, and 3 come from the multivariate normal components 1, 2, 

and 3, respectively. Three forms of plots for estimation results of individual-level 

preference parameters, such as the kernel density plot, two-dimensional (2D) kernel 

density plot, and Contour scatter plot, are shown in Figures 15–17. 

 

Figure 15. Kernel density plots for the estimated individual-level parameters 
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Figure 16. 2D kernel density plots for the estimated individual-level parameters 
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Figure 17. Contour scatter plots for the estimated individual-level parameters 

 

According to the contour scatter plots in Figure 17, segments 1, 2, and 3 show the 

largest difference in preferences for purchase prices and main functions of wearable 

devices. That is, consumers in segment 1 tend to prefer health-care- and fitness-related 

wearable devices, while consumers in segment 2 and 3 do not. Consumers in segment 1 

show low and relatively homogeneous (low degree of heterogeneity) sensitivity to the 



106 

purchase price than consumers in segment 2 and 3. 

According to the estimation results, I found that segment 1 to be a profitable niche 

market segment where the companies can sell high-priced and technology-intensive 

health care wearable devices, because segment 1 takes about 30% of the market, prefer 

health-care-related wearable devices, and has very low and relatively homogeneous 

sensitivity to the purchase price. In particular, as this segment is less sensitive to 

manufacturer brand and design of wearable devices than other segments, I identified it as 

the market segment in which technology-based startups and small- and medium-sized 

companies can best launch their products. 

 

4.2.3.2 The Segment Membership Model 

The segment membership model is estimated to characterize segments by their 

socio-demographic characteristics. Estimation results of the segment membership model 

are shown in Table 33. 

According to the estimation results of the segment membership model, segment 1 

tends to include more male, older, and higher income consumers than segment 2 and 3. In 

contrast, segment 1 tends to include more consumers with a low degree of high-tech 

interest. Segment 2, which has the highest sensitivity to purchase price, tends to include 

lower-income consumers as compared to other segments. To characterize each segment 

more intuitively, I computed the mean values of individual socio-demographic variables 

within each segment. The results are presented in Table 34 and support the previous 
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estimation results of the segment membership model. 

 

Table 33. Estimation results of the segment membership model 

 Characteristic variable Estimates S.E. P > |z| 95% Confident Interval 

Segment 1 

(Base: segment 3) 

Gender 0.6118  0.1960  0.0020  [0.2277, 0.9959] 

Age 0.0283  0.0102  0.0060  [0.0083, 0.0483] 

Education level -0.1730  0.2258  0.4430  [-0.6155, 0.2695] 

Household Income 0.0486  0.0778  0.5320  [-0.1039, 0.2012] 

High-tech interest -0.4109  0.1076  0.0000  [-0.6217, -0.2000] 

Constant -0.7210  0.7643  0.3460  [-2.2191, 0.7770] 

Segment 2 

(Base: segment 3) 

Gender -0.1355  0.2121  0.5230  [-0.5513, 0.2802] 

Age 0.0004  0.0096  0.9640  [-0.0184, 0.0193] 

Education level 0.1720  0.2358  0.4660  [-0.2901, 0.6340] 

Household Income -0.1448  0.0725  0.0460  [-0.2868, -0.0028] 

High-tech interest -0.0861  0.1165  0.4600  [-0.3145, 0.1423] 

Constant 0.7373  0.7098  0.2990  [-0.6538, 2.1284] 

Note: Estimates in bold indicate significance at the 5% level. 

 

Table 34. Mean of characteristic variables in each segment 

 Segment 1  

(152, 30.40%) 

Segment 2  

(129, 25.80%) 

Segment 3  

(219, 43.80%) 

Total  

(500, 100%) 

Gender 
Male: 57.24% 

Female: 42.76% 

Male: 43.41 

Female: 56.59% 

Male: 47.49 

Female: 52.51% 

Male: 49.40% 

Female: 50.60% 

Age 42.63 37.38 38.37 39.41 

Education level 
More than university: 

53.95% 

More than university: 

71.32% 

More than university: 

66.21% 

More than university: 

63.8% 

Household Income  7.07 6.88 7.09 7.03 

High-tech interest 2.96 3.19 3.33 3.18 

 

 



108 

4.2.4 Ex-ante Simulation Results and Discussion 

At present, as the Korean market for wearable devices is in the early stage, 

wearable-device-related demand is low and diversity of the products is narrow in the 

market. In particular, some middle- or high-priced infotainment wearable devices (smart 

watches) and some middle- or low-priced fitness wearable devices (smart bands) have 

been launched in the market, but medical care wearable devices have not yet been 

launched. 

I conducted market simulations to provide a guideline to establish new product 

launch strategy in such market condition for IT companies, especially for startups and 

small- and medium-sized companies. Specifically, using the previous estimation results, I 

simulated choice probabilities by segment for the 16 wearable device alternatives 

presented to the respondents in the choice experiment survey. That is, I assumed that the 

16 wearable device alternatives used in the choice experiment are actually available in the 

Korea market and I identified which alternatives take high market share in such a 

hypothetical market situation. Table 35 presents the top five wearable device alternatives 

that would take the highest market share in each segment. 

The simulation results demonstrate that it is expected that as various wearable 

devices launch in the Korean market, the cheap and well-designed infotainment wearable 

device made by a major global IT company will take dominant market share in segments 

2, 3, and overall market. However, there is no dominant wearable device in segment 1; a 

high-priced and unsatisfactorily-designed medical care wearable device, made by a 
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startup or small- and medium-sized company, takes more than 10% of segment 1. That is, 

according to the simulation results, again confirmed that segment 1 is a profitable niche 

market where startups and small- and medium-sized companies with top-level technology 

can target with high-priced medical care wearable devices. 

Table 35. Top five alternatives with the highest market shares in each segment 

Seg. 

Price 

(10,000 

KRW) 

Manufacturer 

size (brand) 

Main 

functionality 

Battery 

life 

(days) 

Design 

satisfaction 

Personal 

information 

leaks (per ten 

years) 

Market 

share 

(%) 

Seg1 

(31.09%) 

30 MGC Fitness 3 Satisfied 0 15.77% 

15 MGC Medical care 5 Dissatisfied 0 12.68% 

45 SMC Medical care 3 Dissatisfied 0 10.40% 

15 MGC Medical care 7 Satisfied 2 9.86% 

15 SMC Fitness 5 Satisfied 0 7.66% 

Seg2 

(26.52%) 

15 MGC Infotainment 3 Satisfied 0 79.32% 

15 MGC Infotainment 5 Dissatisfied 0 13.34% 

15 SMC Fitness 5 Satisfied 0 3.21% 

15 SMC Infotainment 3 Satisfied 2 1.22% 

15 SMC Infotainment 3 Dissatisfied 0 1.11% 

Seg3 

(42.40%) 

15 MGC Infotainment 3 Satisfied 0 46.83% 

15 MGC Infotainment 5 Dissatisfied 0 9.79% 

30 MGC Fitness 3 Satisfied 0 6.41% 

15 MGC Medical care 5 Dissatisfied 0 6.16% 

15 MGC Medical care 7 Satisfied 2 6.03% 

Total 

(100%) 

15 MGC Infotainment 3 Satisfied 0 42.44% 

15 MGC Infotainment 5 Dissatisfied 0 8.99% 

30 MGC Fitness 3 Satisfied 0 7.75% 

15 MGC Medical care 5 Dissatisfied 0 6.62% 

15 MGC Medical care 7 Satisfied 2 5.74% 

Note: MGCs = Major global IT company, SMC = Startup or small and medium-sized company 
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4.2.5 Conclusion and Implications 

In this application, using the proposed methodology in this dissertation, I analyzed 

consumer preferences for wearable devices and its heterogeneity at segment and 

individual levels in the Korean market. Moreover, I conducted the market simulations to 

identify characteristics of wearable device products that can maximize market share in 

each market segment. Then, based on the analysis results, I identified the profitable niche 

market segment in the Korean wearable device market for startups and small- and 

medium-sized companies and suggest the product concept for this market segment. 

First, Table 36 summarizes the qualitative characterization of preferences and 

individual characteristics within each segment, as obtained from the estimation results. 

 

Table 36. Qualitative characterization of preferences and individual characteristics 

Attributes/ Characteristics 
Segment 1  

(31.09%) 

Segment 2  

(26.52%) 

Segment 3  

(42.40%) 

Sensitivity to price Low High Medium 

Preference for main functionality 
Medical care and fitness 

> infotainment 

Infotainment > 

Medical care and fitness 

Infotainment > 

Medical care and fitness 

Sensitivity to major global IT 

companies’ products 
Low Very high high 

Sensitivity to product design Do not care High High 

Sensitivity to battery life Like Do not care Like 

Sensitivity to personal information 

leaks 
Low High Medium 

Degree of Preference Heterogeneity Segment 2 > Segment 3 > Segment 1 

Individual 

characteristics 

Gender (Male) Segment 1 > Segment 2 and 3 

Age Segment 1 > Segment 2 and 3 

Household Income Segment 1 and 3 > Segment 2 

High-tech interest Segment 2 and 3 > Segment 1 
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Next, according to the market simulation results, a high-priced and 

unsatisfactorily-designed medical care wearable device, made by a startup or small- and 

medium-sized company, takes more than 10% of segment 1, and there is no dominant 

wearable device in segment 1. However, the cheap and well-designed infotainment 

wearable device made by a major global IT company takes the dominant market share in 

segments 2, 3, and the overall market. 

Startups and small and medium companies can enter the wearable device markets 

easily in the early stages. However, because uncertainty in such a market is high, they 

need a market-entry strategy based on elaborate market analysis to survive in that market. 

Especially, they need to identify a niche segment that can play the role of providing 

demand for the new technology while it improves in performance and meets the needs of 

the mainstream segment (Christensen, 1997; Sood and Tellis, 2001) 

According to the analysis results, I identified three segments in the Korean 

wearable device market; among them, segment 1 is a profitable niche market where new 

startup companies can take more market share with their products, compared to other 

segments. First, this reveals that in the segment 1 market, startup companies can compete 

relatively equally against major global IT companies for market share because segment 1 

responds to manufacturer brand and product design less sensitively than other segments. 

Moreover, segment 1 will be profitable because they take about 30% of the market, and 

consumers belonging to segment 1 show very low sensitivity to price and have relatively 

homogeneous preferences. Segment 1 tends to include consumers who prefer medical 
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care and fitness wearable devices, as compared to other segments. That is, when startup 

companies approach this market, they need strong technical ability related to health 

monitoring and health care and should develop high performance and high-price health 

care wearable devices, not simply ordinary wearable devices with good design. The 

market simulations show that if startups launch such wearable devices, they can take 

considerable market share in segment 1. 

Segment 1 tend to include more males and older consumers than other segments. 

Consumers belonging to segment 1 tend to have higher household income but less 

interest in new technology than consumers belonging to other segments. Thus, it is 

important to design a wearable device for segment 1 that is convenient and easy to use 

even as it is technologically advanced. Moreover, if marketing channels can approach 

consumers with such characteristics, companies will be able to maximize promotion 

effects for the wearable devices, especially when targeting segment 1. 
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4.3 Understanding Heterogeneity in Public Attitude to Spent 

Nuclear Fuel Facilities 

4.3.1 Introduction 

Since the first commercial nuclear power plant began operations in the 1950s, nuclear 

energy has globally become a major energy source for electricity generation due to its 

advantages of relatively cheap generation costs and low greenhouse gas emission in 

comparison to other energy sources. As of 2014, 435 nuclear power plants (375,000 MW) 

operate in 31 countries, and 10.8% of the total amount of globally consumed electricity is 

generated from nuclear energy (International Energy Agency, 2014). In addition, 70 new 

nuclear power plants (75,000 MW), which account for 20% of the total capacity of 

operational nuclear power plants, are currently under construction (World Nuclear 

Association, 2015a). 

Nuclear power plants generally require uranium fuel to generate electricity. 

However, nuclear fuel tends to emit superheat and high levels of radiation, which can 

pose as a severe threat to humans and the natural environment and therefore require 

special treatment once spent (Bassett, Jenkins-Smith, and Silva, 1996). Despite these 

possible dangers, many countries using nuclear power have yet to implement a spent 

nuclear fuel management policy. This can be attributed to a lack of internationally 

accepted best practices in managing spent nuclear fuel. In addition, existing management 

policies largely differ from country to country (Högselius, 2009). For instance, the United 

States, Canada, Sweden, and Finland plan to maintain their spent nuclear fuels in a 
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centralized interim storage for about 40 years, and thereafter permanently dispose of them 

in a deep geological layer. On the other hand, France and the United Kingdom have 

proposed to reprocess their spent nuclear fuels, reuse them for electricity generation, and 

then permanently dispose of the final waste in a deep geological layer (European 

Academies Science Advisory Council, 2014; U.S. Department of Energy, 2013). In 

addition, countries with a spent nuclear fuel management plan have yet to achieve a 

public consensus on the construction and operation of spent nuclear fuel facilities; in the 

meantime, they temporarily store their spent nuclear fuels on the sites of existing nuclear 

power plants. The U.S. government, for example, planned to construct a permanent 

repository in the state of Nevada and an interim storage in the state of Utah, which were 

canceled in 2010 and 2013, respectively. In fact, only Sweden and Finland have identified 

a construction site for a spent nuclear fuel facility and commenced construction. 

In the case of Korea, the nation utilizes a high proportion of nuclear energy to 

generate electricity. In 2014, Korea generated 30.2% of its total electricity through 23 

nuclear power plants (20,716 MW). Unfortunately, it is also one of the countries yet to 

formulate a management policy for nationally spent nuclear fuel (Ministry of Science, 

ICT and Future Planning, 2014). At present, Korea temporarily stores their spent nuclear 

fuel on the site of existing nuclear power plants. However, this temporary storage is 

already saturated at about 70%, and some are expected to be completely saturated by 

2024 (Public Engagement Commission on Spent Nuclear Fuel Management, 2014). 

Therefore, it is highly likely that the Korean government will have to cease operations of 
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all nuclear power plants, unless it draws up a spent nuclear fuel management plan and 

follows a plan of action. To tackle this issue, in 2013, the Korean government set up a 

Public Engagement Commission on Spent Nuclear Fuel Management to collect public 

opinions on the issue and attempted to formulate a spent nuclear fuel management plan 

on the basis of its activities. However, Korea has yet to achieve an actual public 

consensus, making it difficult for the government to make a decision. 

Consequently, it is crucial for governments to identify public perception, attitude, 

and preference toward spent nuclear fuel and its related facilities to establish public 

consensus and design a viable spent nuclear fuel management plan (that is, the 

construction and operation of new spent nuclear fuel facilities). According to some 

survey-based studies (Bassett, Jenkins-Smith, Silva, 1996; Jenkins-Smith, Silva, Nowlin, 

and DeLozier, 2011; Slovic, Flynn, and Layman, 1991), the public recognizes spent 

nuclear fuel management as a far more dangerous and important issue than nuclear power 

generation. Thus, governments should focus more on carefully planning spent nuclear 

fuel management than on expanding nuclear power generation. Flynn, Slovic, and Mertz 

(1993) and Sjöberg (2004) identified a negative relationship between public trust in the 

government’s spent nuclear fuel management policy and perceived risks from spent 

nuclear fuel. In other words, governments need to build trust relations with the public to 

lower the perceived risk from spent nuclear fuel and acquire a consensus on spent nuclear 

fuel management policy. However, to the best of my knowledge, no study provides 

practical implications for governments on public responses to alternatives for spent 
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nuclear fuel management policies and policy design to establish public consensus. 

To establish public consensus and a viable spent nuclear fuel management policy, 

governments must understand the public’s heterogeneous preferences regarding the 

specific attributes of facilities such as storage methods, storage depth, spent nuclear fuel 

reprocessing, and procedural democracy. Considering the fact that the level of the 

public’s awareness and their knowledge about the risk factors of the spent nuclear fuel are 

related (Siegrist and Cvetkovich, 2000), analyzing the heterogeneous preferences of the 

citizens on the spent nuclear fuel management policies could be a more realistic 

approach.  

This is particularly important in the case of Korea, a nation that needs to formulate 

a spent nuclear fuel plan to maintain nuclear power generation. Therefore, in this 

empirical application, I used the methodology proposed in this dissertation to analyze the 

Korean public’s heterogeneous preferences regarding spent nuclear fuel facilities and to 

simulate the rate of public acceptance with respect to the construction and operation of 

spent nuclear fuel facilities. Then, based on analysis results, I proposed a viable spent 

nuclear fuel management plan that maximizes public acceptance. 

 

4.3.2 Data 

Data were collected using a survey that includes discrete choice experiments for spent 

nuclear fuel facilities; five-point Likert scale questions based on knowledge about and 

attitude toward spent nuclear fuel; and questions based on respondent’s demographics. 
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The survey was conducted by a professional survey company using face-to-face 

interviews from July 24 to August 10, 2014. The respondents included 400 adults aged 

20–59 years, located in Seoul and other metropolitan cities of Korea (Incheon, Busan, 

Daegu, Gwangju, Deajeon, Ilsan, and Bundang). A sample was drawn using the purposive 

quota-sampling method on the basis of respondents’ age, gender, and geographical region 

to maintain a component ratio that is representative of the actual population. Table 37 

summarizes the respondents’ characteristics. 

 

Table 37. Demographic characteristics of the sample in empirical application 3 

Category Respondents Percentage Average S.D. 

Total 400 100.0 % - - 

Gender 
Male (1) 199 49.8 % 

0.50 0.50 
Female (0) 201 50.3 % 

Age 

20s 97 24.3 % 

40.38 9.78 
30s 103 25.8 % 

40s 107 26.8 % 

50s 93 23.3 % 

Education 

level 

More than university/college (1) 239 59.8 % 
0.60 0.49 

Less than high school (0) 161 40.3 % 

Monthly 

household 

income 

(10,000 KRW) 

Less than 199 13 3.3 % 

406.53 146.86 

200 – 299 76 19.0 % 

300 – 399 109 27.3 % 

400 – 499 96 24.0 % 

More than 500 106 26.5 % 

 

To design an appropriate choice experiment for spent nuclear fuel facilities, it is 
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necessary to identify its core attributes and assign their levels accordingly. The choice 

experiment survey in this application repeatedly presents the respondents with a 

hypothetical scenario of spent nuclear fuel facilities, constructed from the core attributes 

specified at certain levels, and asks respondents to choose their most preferred alternative. 

First, as mentioned, Korea has been increasingly storing spent nuclear fuels at temporary 

storage sites at nuclear power plants; however, the capacity of some of this storage is 

expected to be completely saturated by 2024. To resolve this problem, the Korean 

government has considered expanding temporary storage in nuclear power plants or 

constructing an interim storage or permanent repository (Public Engagement Commission 

on Spent Nuclear Fuel Management, 2014). 

The method of expanding temporary storage, however, simply extends Korea’s 

current method of managing spent nuclear fuels, and its operational lifespan is expected 

to be about 10 years. Moreover, although such a method involves no purchase cost or 

social conflict (i.e., external cost), it is clearly a short-term solution. Constructing an 

interim storage, on the other hand, entails the management of spent nuclear fuels by 

transporting the fuels from multiple nuclear power plants to storage. In addition, an 

interim storage is unlikely to face a capacity saturation problem for another 100 years and 

can be efficiently and safely operated, as it has concentrated control over spent nuclear 

fuels. However, the method is a mid-range solution and thus can be deemed an 

unnecessary investment. 

A permanent repository, by contrast, is built on a site identified as appropriate and 
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is used to dispose and permanently seal spent nuclear fuels. It is a permanent solution that 

secures sufficient storage capacity for spent nuclear fuels. However, a permanent 

repository can pose serious safety threats to the stability of a facility’s geologic 

environment; spent nuclear fuel, once disposed of, cannot be collected and subject to new 

treatment technology. In addition, the construction and operations of an interim storage or 

permanent repository can be considerably more expensive, and securing a construction 

site can be difficult owing to social conflicts with local residents (Korean Academy of 

Science and Technology, 2009). 

Second, spent nuclear fuel facilities can be constructed on or under the ground (e.g., 

250 m or 500 m) (World Nuclear Association, 2015b). Third, they can be reprocessed to 

extract fissile materials, such as uranium and plutonium, for recycling. It takes about 30 

million years for the radiation level of spent nuclear fuel to fall to that of natural uranium, 

although reprocessing can reduce not only this period to about 300 years but also the high 

volumes of wastes by one-third (World Nuclear Association, 2015c). However, 

reprocessing entails high costs and accidents related to such facilities can be extremely 

dangerous to human health and the natural environment. Fourth, policy decisions related 

to spent nuclear fuel can be made through a democratic process with participation from 

various stakeholders (such as governmental and non-governmental organizations and 

citizens) or through a faster process at the level of central and local governments. Finally, 

I have assumed that the public incurs additional electricity costs for the construction and 

operation of new spent nuclear fuel facilities. I calculated these additional costs for 
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individual households on the basis of the government’s expected cost of constructing and 

operating new spent nuclear fuel facilities, as calculated by the Ministry of Knowledge 

Economy (2012): 1,365 KRW/month for an interim storage and 2,659 KRW/month for a 

permanent repository.2 Considering that no country constructs and operates an interim 

storage and permanent repository and that the expected costs differ by country and study, 

I assumed that additional electricity costs incurred by individual households range 

between 1,000 KRW/month and 5,000 KRW/month. The attributes and levels of spent 

nuclear fuel facilities for the discrete choice experiment are shown in Table 38. 

 

Table 38. Attributes and attribute-levels for discrete choice experiment (spent nuclear fuel facilities) 

Attribute Attribute level 

Construction and operation 

options for spent nuclear fuel 

Additional temporary storage on the current site of nuclear power plants (base) 

Interim storage on a new site 

Permanent repository on a new site 

Depth of spent nuclear fuel 

0 m (on the ground or near the surface of the ground) 

250 m (deep underground) 

500 m (deeper underground) 

Spent nuclear fuel reprocessing 
No spent nuclear fuel reprocessing (base) 

Spent nuclear fuel reprocessing  

Democratic policy-making 

processes 

Government-driven process by the central and local government (base) 

Democratic process with participation of various stakeholders  

Increased electricity costs 

(additional amount per month) 

1,000 KRW/month (2% increase based on monthly electricity bills of 50,000 KRW) 

3,000 KRW/month (6% increase based on monthly electricity bills of 50,000 KRW) 

5,000 KRW/month (10% increase based on monthly electricity bills of 50,000 KRW) 

 

                                            
2 Because I assume that the operation period for spent nuclear fuel facilities is 100 years, the total expected 
costs for an interim storage and permanent repository in Korea are about 23 trillion KRW and 45 trillion 
KRW (Ministry of Knowledge Economy, 2012). According to Korea Power Exchange (2015), in 2014, 14.12 
million Korean households consumed electricity; as a result, households’ average additional electricity costs 
for an interim storage and permanent repository were 1,365 KRW/month and 2,659 KRW/month. 
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Based on the combinations of each attribute’s level, there are a total of 108 possible 

alternatives. Because it is difficult to ask each respondent to evaluate all 108 alternatives, 

I selected 16 orthogonal alternatives using a fractional factorial design to assure the 

orthogonality of each attribute within and between alternatives. These alternatives are 

divided into four choice sets comprising four randomly arranged alternatives. A 

respondent chooses the most preferred alternative from the four alternatives in each 

choice set. An example of choice experiment survey for this application is shown in the 

appendix section. 

 

4.3.3 Estimation Results and Discussion 

4.3.3.1 The Discrete Choice Model 

The discrete choice model proposed in this dissertation is estimated based on the choice 

experiment data to analyze consumer preference and identify preference heterogeneity for 

spent nuclear fuel facilities. To perform a Bayesian estimation process for the model, the 

prior distributions and values for the estimation are assumed as follows: 

~ (5,...,5)KDirichletp , 6~ (0,20 )kb N I , and 6~ (7, )kW IW I . The MCMC chain is 

iterated 100,000 times and iterations are retained at every tenth draw. Subsequently, the 

first 8,000 retained iterations are used as a burn-in period and the last 2,000 retained 

iterations are used to obtain the parameter estimates. 

The number of segments in the population is not known; thus, the correct number 

of segments or mixing multivariate normal components in the population for the proposed 
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discrete choice model is obtained by estimating the models with one to five multivariate 

normal components and calculating their selection criteria (Table 39). 

 

Table 39. Information criteria for determining the number of segments 

No. of 

components 

No. of free 

parameters 
Log-likelihood BIC Adjusted BIC AIC 3 AIC 4 

One 27 -1036.895 2235.559 2149.886 2154.79 2181.79 

Two 55 -885.9197 2101.37 1926.851 1936.839 1991.839 

Three 83 -850.6149 2198.521 1935.157 1950.23 2033.23 

Four 111 -847.2656 2359.584 2007.373 2027.531 2138.531 

Five 139 -797.0184 2426.85 1985.794 2011.037 2150.037 

 

According to Table 39, the proposed discrete choice model, assuming that 

consumer preferences for spent nuclear fuel facilities follow two mixing multivariate 

normal components, shows the best performance in the calculated information criteria. 

Therefore, in this empirical application, I assumed that there were two segments in the 

population and conduct the analysis consequently.  

Following the Bayesian estimation process of this model, Figure 18 shows trace 

plots of MCMC samples. The trace plots indicate that the chain has converged to its 

stationary distribution by iteration 10,000 and the label-switching problem is corrected 

properly. Based on the MCMC 2,000 retained iterations, estimation results for the 

parameters at segment and individual levels are as follows. 
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Figure 18. Trace plots of the MCMC samples 

 

Segment-level estimates 

At first, estimation results of mixture probabilities of multivariate normal components are 

shown in Table 40. These can be interpreted as weights associated with each multivariate 

normal component or proportions of each segment in the population. 

 

Table 40. Estimation results of mixture probabilities 

Component Posterior Mean Posterior S.D. [5, 95 percentile] 

One 0.3162 0.0272 [0.2713, 0.3605] 

Two 0.6838 0.0272 [0.6394, 0.7287] 

Note: Estimates in bold have more than 95% of their posterior mass away from zero. 
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The estimation results of mixture probabilities reveal that multivariate normal 

components or segments 1 and 2 account for 31.62% and 68.38% of the population, 

respectively. Subsequently, the mean estimation results of normal components are shown 

in Table 41. These can be interpreted as quantified preference of segments on the 

attributes of spent nuclear fuel facilities. 

 

Table 41. Estimation results of mean of normal components 

Comp. Attribute 
Posterior 

Mean 

Posterior 

S.D. 
[5, 95 percentile] 

MWTP 

(KRW/month) 

RI 

(%) 

One 

(31.62%) 

Interim storage (b1) 0.5618 0.5043 [-0.2451, 1.3812]  3.55 

Permanent repository (b2) 3.0765 0.5227 [2.3409, 4.0730] 2086.05 19.45 

Depth of spent nuclear fuel (b3) 0.3972 0.1137 [0.2316, 0.6076] 2.69 / m 12.56 

Nuclear reprocessing (b4) -2.9316 0.4702 [-3.7895, -2.2945] -1987.79 18.54 

Democratic policy processes(b5) 1.3602 0.5359 [0.6890, 2.6081] 922.29 8.60 

Increased electricity costs (b6) -1.4748 0.2500 [-1.9110, -1.0965] - 37.30 

Two 

(68.38%) 

Interim storage (b1) -0.2608 0.1879 [-0.5728, 0.0408]  4.81 

Permanent repository (b2) 0.8591 0.1625 [0.5899, 1.1303] 2199.44 15.86 

Depth of spent nuclear fuel (b3) 0.3261 0.0359 [0.2703, 0.3882] 8.35 / m 30.10 

Nuclear reprocessing (b4) 0.9199 0.1140 [0.7365, 1.1057] 2355.09 16.98 

Democratic policy processes(b5) -0.1840 0.1326 [-0.3755, 0.0588]  3.40 

Increased electricity costs (b6) -0.3906 0.0624 [-0.5018, -0.2930] - 28.84 

Note: Estimates in bold have more than 95% of their posterior mass away from zero. 

 

The estimation results from the utility function reveal two heterogeneous public 

preference structures for spent nuclear fuel facilities. First, I found that, regardless of 

segment, the greater the depth of spent nuclear fuel facilities and lower the increased 
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electricity costs, the higher the public preference. However, segment 1 was more sensitive 

to increased electricity costs than segment 2. 

Next, as for the construction and operations of spent nuclear fuel facilities, both 

segment 1 and 2 prefer a permanent repository on a new site than additional temporary 

storage on the current site of nuclear power plants and an interim storage on a new site. 

However, segment 1 shows higher level of preference for the permanent repository than 

segment 2. Accordingly, the public is averse to short-term and mid-range solutions, that is, 

additional temporary storage and an interim storage. 

As for reprocessing spent nuclear fuel, segment 2 assigns a higher value to the 

advantages of reprocessing (e.g., recycles a part of spent nuclear fuel, reduces quantities 

of spent nuclear fuels, and shortens the period of radiation emissions) than its 

disadvantages (e.g., high cost and danger to human health and the natural environment). 

By contrast, segment 1 does not prefer the reprocessing of spent nuclear fuel, indicating 

that they take the risks from and cost of reprocessing more seriously than the advantages 

of nuclear reprocessing. Finally, I found that segment 2 does not support the involvement 

of democratic policy-making in spent nuclear fuel facilities, whereas segment 1 prefers a 

democratic process. 

According to the RI result, segment 2 considers the depth at which a spent nuclear 

fuel facility is constructed as more important than costs when deciding about the 

construction and operation of spent nuclear fuel facilities. On the other hand, segment 1 

considers costs to be more important, followed by whether the facility is a permanent 
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repository, when making decisions regarding the construction and operation of spent 

nuclear fuel facilities. 

The results reveals that segment 1 and segment 2’s MWTPs are 2,086.05 and 

2,199.44 KRW/month, respectively, for the construction and operation of a permanent 

repository on a new site than the other facilities, indicating their preference for the facility. 

As for the depth at which a spent nuclear fuel facility is constructed, individuals in 

segment 2 have a higher MWTP than segment 1. Individuals in segment 2 are willing to 

pay +2,355.09 KRW/month for nuclear fuel reprocessing, whereas individuals in segment 

1 are willing to pay −1,987.79 KRW/month. Moreover, only segment 1 has MWTP for a 

democratic process. 

Subsequently, the estimation results of the variance-covariance matrix of 

multivariate normal components 1 and 2 are shown in Tables 42 and 43, respectively. The 

value of variance can be interpreted as the degree of heterogeneity.  

Table 42. Estimation results of variance-covariance of normal component 1 
 b1 b2 b3 b4 b5 b6 

b1 
1.1026 

(1.1829) 
0.1677 -0.1763 0.3756 -0.0823 -0.2756 

b2 
0.3702 

(1.1779) 
4.4211 

(2.7985) 
0.6167 -0.7280 0.8032 0.6623 

b3 
-0.1071 
(0.2602) 

0.7502 
(0.5096) 

0.3348 
(0.1752) 

-0.7564 0.5083 0.6861 

b4 
0.8509 

(1.5512) 
-3.3021 
(1.7155) 

-0.9441 
(0.5044) 

4.6536 
(2.4319) 

-0.7567 -0.7822 

b5 
-0.1111 
(0.9223) 

2.1725 
(1.2120) 

0.3783 
(0.2066) 

-2.0997 
(1.0349) 

1.6546 
(0.8100) 

0.6397 

b6 
-0.3067 
(0.4979) 

1.4760 
(0.8309) 

0.4208 
(0.2126) 

-1.7883 
(0.6904) 

0.8722 
(0.4254) 

1.1234 
(0.5017) 

Note: 1) Lower triangular matrix: Estimated variance-covariance matrix. 2) Upper triangular matrix: Correlation matrix. 3) 
Posterior standard deviations are in parentheses. 4) Estimates in bold have more than 95% of their posterior mass away 
from zero. 
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Table 43. Estimation results of variance-covariance of normal component 2 
 b1 b2 b3 b4 b5 b6 

b1 
0.2985 

(0.1579) 
0.1255 -0.0203 0.1528 -0.0659 -0.0456 

b2 
0.1152 

(0.3551) 
2.8225 

(0.7122) 
-0.1213 -0.0749 -0.4725 -0.2284 

b3 
-0.0041 
(0.0493) 

-0.0745 
(0.0956) 

0.1336 
(0.0291) 

0.1272 -0.1624 -0.3471 

b4 
0.0683 

(0.1846) 
-0.1031 
(0.3290) 

0.0381 
(0.0567) 

0.6702 
(0.3207) 

-0.3861 0.1654 

b5 
-0.0228 
(0.1267) 

-0.5014 
(0.3001) 

-0.0375 
(0.0441) 

-0.1997 
(0.1778) 

0.3989 
(0.1760) 

0.0814 

b6 
-0.0120 
(0.0977) 

-0.1854 
(0.1484) 

-0.0613 
(0.0269) 

0.0654 
(0.0819) 

0.0248 
(0.0690) 

0.2333 
(0.0592) 

Note: 1) Lower triangular matrix: Estimated variance-covariance matrix. 2) Upper triangular matrix: Correlation matrix. 3) 
Posterior standard deviations are in parentheses. 4) Estimates in bold have more than 95% of their posterior mass away 
from zero. 

 

The estimation results of the variance-covariance matrix of multivariate normal 

components reveal that segments 1 and 2 have different variance-covariance structures— 

namely, they have different degrees of heterogeneity in preferences.  

 

Table 44. Shannon entropy index for measuring degree of heterogeneity 

 Segment 1 Segment 2 

Interim storage 7.4135  5.5741  

Permanent repository 1.4678  0.8145  

Depth of spent nuclear fuel 2.1621  1.9377  

Nuclear reprocessing 0.8718  0.4126  

Democratic policy processes 2.1878  1.2188  

Increased electricity costs 1.6707  0.9595  

For multivariate setting 1.4771  0.6912  

 

As such, I adopted the Shannon entropy index to quantitatively measure segments’ 
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degree of heterogeneity in preferences. The Shannon entropy index is calculated with 

estimation results of the variance-covariance of normal components and shown in Table 

44. According to the calculated Shannon entropy index, segment 1 has a synthetically 

higher degree of heterogeneity in preferences than segment 2. That is, I observed that the 

level of public consensus of segment 1 is lower than that of segment 2. 

 

Individual-level estimates 

Estimation results of individual-level preference parameters are summarized in Table 45. 

Table 45. Estimation results of individual-level preference parameters 

Segment Attribute Mean Median S.D. RI (%) 

One: 

 

128  

respondents 

(32%) 

Interim storage 0.4535 0.4359 0.4238 3.48 

Permanent repository 2.8139 2.7855 1.4998 18.58 

Depth of spent nuclear fuel 0.3666 0.3030 0.4091 13.64 

Nuclear reprocessing -2.4872 -2.4927 1.6950 16.51 

Democratic policy processes 1.1678 1.1433 0.8093 8.06 

Increased electricity costs -1.3747 -1.6890 0.7582 39.74 

Two: 

 

272 

respondents 

(68%) 

Interim storage -0.2150 -0.2488 0.1902 4.35 

Permanent repository 0.9502 0.7177 1.3117 19.82 

Depth of spent nuclear fuel 0.3386 0.3539 0.2621 27.24 

Nuclear reprocessing 0.7649 0.8554 0.6912 15.89 

Democratic policy processes -0.1129 -0.1819 0.3576 5.13 

Increased electricity costs -0.4279 -0.4210 0.3907 27.57 

Total: 

 

400 

respondents 

(100%) 

Interim storage -0.0011 -0.1840 0.4233 4.07 

Permanent repository 1.5466 1.4150 1.6255 19.43 

Depth of spent nuclear fuel 0.3476 0.3410 0.3164 22.89 

Nuclear reprocessing -0.2758 0.6361 1.8831 16.09 

Democratic policy processes 0.2969 0.0492 0.8082 6.06 

Increased electricity costs -0.7309 -0.5899 0.6944 31.47 
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According to the estimation results of the individual-level preference parameters, 

128 and 272 respondents among the 400 respondents of the survey belong to segments 1 

and 2, respectively. Individual-level preference estimates of respondents belonging to 

segments 1 and 2 come from the normal components 1 and 2, respectively.  

Kernel density plots, 2D kernel density plots, and contour scatter plots for the 

estimated individual-level preference parameters are shown in Figures 19, 20, and 21 

respectively. 

 

 

Figure 19. Kernel density plots for the estimated individual-level parameters 
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Figure 20. 2D kernel density plots for the estimated individual-level parameters 
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Figure 21. Contour scatter plots for the estimated individual-level parameters 

 

According to the contour scatter plots in Figure 21, even though segment 1 

(31.62%) takes smaller proportion of the population than segment 2 (62.38%), segment 1 

show higher degree of heterogeneity than segment 2. That is, the segment 2 is a great part 

of the population and people belonging to segment 2 are relatively homogeneous in 

preferences for spent nuclear fuel facilities. 
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4.3.3.2 The Segment Membership Model 

The segment membership model is estimated to characterize segments by their 

socio-demographic characteristics. Estimation results of the segment membership model 

are shown in Table 46. 

 

Table 46. Estimation results of the segment membership model 

 Characteristic variable Estimates S.E. P > |z| 95% Confident Interval 

Segment 1 

(Base: segment 2) 

Gender 0.0233 0.1924 0.9040 [-0.3539, 0.4004] 

Age -0.0112 0.0114 0.3230 [-0.0335, 0.0110] 

Education level -0.0508 0.2020 0.8020 [-0.4467, 0.3451] 

Household Income 0.0013 0.0072 0.8610 [-0.0129, 0.0154] 

Knowledge about nuclear  -0.3017 0.1187 0.0110 [-0.5343, -0.0691] 

Environmental interest -0.2660 0.1711 0.1200 [-0.6013, 0.0694] 

Constant 1.6431 1.0015 0.1010 [-0.3199, 3.6061] 

Note: Estimates in bold indicate significance at the 5% level. 

 

According to the estimation results of the segment membership model, segment 1 

tends to include people with a lower level of knowledge about the spent nuclear fuel than 

segment 2. Thus, the heterogeneity of public preference for a spent nuclear fuel facility is 

more related to the public’s knowledge about spent nuclear fuel than the demographic 

variables like gender, age, and income. I treated variables for respondents’ knowledge 

about spent nuclear fuel and environmental interests as index variables on the basis of 

survey responses using five-point Likert scales, extracted by means of a principal 

component analysis (PCA) (Table 47). PCA reduces a large set of variables to a smaller 

one, which captures the important dimensions of variability (Jolliffe, 2005). 
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Table 47. PCA of knowledge about spent nuclear fuel and the environmental interest 

Rotated Component Matrix 
Knowledge about 

spent nuclear fuel 

Environmental 

interests 

How well-versed are you with the concept of spent nuclear fuel? 0.843 −0.113 

How well informed are you about storage and disposal methods for spent 

nuclear fuel? 
0.849 −0.054 

How well informed are you about the reprocessing of spent nuclear fuel? 0.862 −0.016 

How well aware are you of the Korean government’s policy for spent 

nuclear fuel? 
0.852 −0.074 

How important are environmental pollution issues to you? −0.061 0.860 

How important are global warming issues to you? −0.067 0.860 

Reliability: Cronbach’s alpha 0.875 0.655 

Note: I used an extraction method (PCA) and rotation methods (Varimax with Kaiser normalization). Converged in three 

iterations. 

 

To characterize each segment more intuitively, I computed the mean values of 

individual socio-demographic variables within each segment. The results are presented in 

Table 48 and support the previous estimation results of the segment membership model. 

 

Table 48. Mean of characteristic variables in each segment 
 Segment 1  

(128, 32%) 

Segment 2  

(272, 68%) 

Total  

(400, 100%) 

Gender 
Male: 51.56% 

Female: 48.44% 

Male: 49.26 

Female: 50.74% 

Male: 49.75% 

Female: 50.25% 

Age 39.76 40.59 40.38 

Education level 
More than university: 

59.38% 

More than university: 

60.37% 

More than university: 

59.75% 

Household Income 

(10,000 KRW) 
403.8 / month 407.1 / month 406.5 / month 

Knowledge about nuclear 2.78 2.94 2.88 

Environmental interest 4.31 4.37 4.36 
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4.3.4 Ex-ante Simulation Results and Discussion 

Using the estimation results, I simulated the rate of public acceptance (i.e., choice 

probability) by segment for the construction and operation of spent nuclear fuel facilities; 

the Korean government has considered all the hypothesized scenarios (Table 49). 

 

Table 49. Scenarios of construction and operation of spent nuclear fuel facilities 

Attributes 

Base scenario 

(Construction of additional 

temporary storage) 

Scenario 1 

(Construction of  

an interim storage) 

Scenario 2 

(Construction of  

a permanent repository) 

Depth of spent nuclear fuel 0 m 100 m 500 m 

Nuclear reprocessing No nuclear reprocessing No nuclear reprocessing No nuclear reprocessing 

Democratic policy-making 

processes 

Government-driven process 

by the central and local 

governments 

Democratic process with 

participation from various 

stakeholders 

Democratic process with 

participation from various 

stakeholders 

 

I simulated changes in public acceptance by segment and scenario on the basis of 

additional electricity costs; I did so by calculating choice probabilities using the 

estimation results of the proposed discrete choice model. The simulation results are 

shown in Table 50 and Figure 19. 

According to the simulation results, the acceptance rate of segment 1 for the 

construction and operation of a new spent nuclear fuel facility is higher than that of 

segment 2 when additional electricity costs (public cost) are not as high. In addition, the 

acceptance rate of segment 2 for the construction and operation of a new spent nuclear 

fuel facility declines more slowly than that of segment 1 as public cost increases. In other 
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words, segment 2 comprises a plurality of the population, has a low level of preference 

heterogeneity, and comprises people with a higher level of knowledge about spent nuclear 

fuel, who tend to sympathize more with the need for a new spent nuclear fuel facility than 

do individuals in segment 1. 

 

Table 50. Simulation results 1 for each scenario and segment 
Additional 

electricity 

costs 

KRW/month 0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 

Scenario 1 

(interim 

storage) 

Segment 1 

acceptance 
84.0% 73.0% 59.9% 47.3% 37.8% 31.5% 27.4% 24.7% 22.8% 21.5% 20.5% 

Segment 2 

acceptance 
50.1% 45.1% 40.2% 35.8% 31.9% 28.7% 26.1% 23.9% 22.2% 20.7% 19.6% 

Total 

acceptance 
61.0% 54.0% 46.5% 39.5% 33.8% 29.6% 26.5% 24.2% 22.4% 21.0% 19.9% 

Scenario 2 

(permanent 

repository) 

Segment 1 

acceptance 
90.25% 86.42% 82.39% 77.43% 70.43% 61.97% 54.10% 48.35% 44.83% 42.71% 41.16% 

Segment 2 

acceptance 
85.46% 84.11% 82.47% 80.49% 78.15% 75.42% 72.38% 69.10% 65.65% 62.08% 58.46% 

Total 

acceptance 
86.99% 84.85% 82.44% 79.51% 75.68% 71.12% 66.53% 62.46% 58.99% 55.88% 52.93% 

 

Thus, to more easily transfer costs to the public for the construction and operation 

of a new spent nuclear fuel facility the Korean government should increase the proportion 

of segment 2 in the population by implementing policy measures aimed at increasing the 

public’s knowledge about spent nuclear fuel. 
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Figure 22. Changes in public acceptance rate of each segment by the scenarios 
 

Next, I simulated public acceptance by segment considering each scenario and 

actual expected costs. As mentioned earlier, I estimated additional electricity costs 

incurred by individual households for the construction and operation of new spent nuclear 

fuel facilities as 1,365 KRW/month for an interim storage and 2,659 KRW/month for a 

permanent repository on the basis of the Korean government’s expected costs (Ministry 
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of Knowledge Economy, 2012). However, these expected costs do not include external 

costs (i.e., environmental and non-environmental costs). Thus, in the simulation analysis, 

I assumed that individual households would pay 1,500 KRW/month for an interim storage 

and 4,000 KRW/month for a permanent repository. The simulation results are shown in 

Table 51. 

 

Table 51. Simulation results 2 for each scenario and segment 

 

Base scenario 

(Additional temporary storage) 

Scenario 1 

(Interim storage) 

Scenario 2 

(Permanent repository) 

Expected additional 

electricity costs 

(KRW/month) 

500 1500 4000 

Segment 1 acceptance 32.55% 23.41% 44.04% 

Segment 2 acceptance 24.03% 15.82% 60.15% 

Total acceptance 26.76% 18.25% 55.00% 

 

Considering each scenario and the actual expected cost, segments 1 and 2 are 

expected to choose the construction and operation of a permanent repository on a new site 

the most, followed by additional temporary storage on the current site of nuclear power 

plants. In other words, although the two segments have quite different preference 

structures on spent nuclear fuel facilities, both are most likely to choose the construction 

and operation of a permanent repository on a new site. 

Therefore, on average, the public is expected to give highest preference to the 

construction and operation of a permanent repository, even though it could entail high 

costs. Thus, the people appear least inclined to support an interim storage as a mid-range 
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solution, possibly because it could lead to unnecessary investments in comparison to a 

permanent solution. Simply put, there is no one unanimously agreed-upon construction 

and operation option. Therefore, the government must put considerable effort into 

deciding and implementing a policy for spent nuclear fuel based on public consensus. 

 

4.3.5 Conclusion and Implications 

Korea has not yet formulated a national spent nuclear fuel management policy, even 

though nuclear energy comprises a high proportion of its electricity generation mix. 

Moreover, Korea is temporarily maintaining their spent nuclear fuel on the site of existing 

nuclear power plants, some of which are expected to be saturated by 2024. Thus, there is 

a growing need for the Korean government to construct and operate new spent nuclear 

fuel facilities to continue nuclear power generation. To resolve this issue, the government 

attempted to collect public opinion on formulating a spent nuclear fuel management plan; 

however, doing so did not ease the process, due to the lack of public consensus. 

In this application, I quantitatively analyzed the Korean public’s heterogeneous 

preferences regarding the construction and operation of spent nuclear fuel facilities using 

the methodology proposed in this dissertation. Table 52 summarizes the qualitative 

characterization of preferences and individual characteristics within each segment, which 

were obtained from the analysis based on the proposed methodology. 
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Table 52. Qualitative characterization of preferences and individual characteristics 

 Attributes/ Characteristics Segment 1 (31.62%) Segment 2 (68.38%) 

Preferences 

Preference for facility type 

permanent repository > 

additional temporary storage = 

interim storage 

permanent repository > 

additional temporary storage = 

interim storage 

Sensitivity to depth 
Marginally higher than  

segment 2 

Marginally lower than  

segment 1 

Reprocessing preference Dislike Like 

Preference for democratic 

policy-making processes 
Like Do not care 

Sensitivity to costs 
Significantly higher than 

segment 2 

Significantly lower than  

segment 1 

Degree of Preference Heterogeneity 
Significantly higher than 

segment 2 

Significantly lower than  

segment 2 

Individual 

characteristics 

Knowledge about spent 

nuclear fuel 
Less than average More than average 

 

Using the estimation results, I simulated the rate by segment of public acceptance 

for the Korean government’s proposed options for the construction and operation of spent 

nuclear fuel facilities: construction and operation of additional temporary storage on the 

current site of nuclear power plants, interim storage on a new site, and permanent 

repository on a new site.  

Specifically, first, I simulated how public acceptance varied by segment and 

scenario on the basis of additional electricity costs. The simulation results reveal that the 

acceptance rate of segment 2 for the scenarios declines more gradually than that of 

segment 1 as public costs increase. That is, segment 2 comprises a sizeable part of the 

population, has a low level of preference heterogeneity, and comprises people with a 
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higher level of knowledge about spent nuclear fuel, who tend to have lower level of 

sensitivity to the cost than segment 1. That is, I observed that segment 2 individuals 

sympathized more with the need for a new spent nuclear fuel facility than individuals in 

segment 1. 

Next, I simulated the public acceptance rate by segment, considering each scenario 

and the actual expected cost. I found that although the segments have differing preference 

structures for spent nuclear fuel facilities, both are expected to prefer the construction and 

operation of a permanent repository on a new site in spite of its high costs, followed by 

preferences for additional temporary storage and an interim storage. However, there is no 

unanimous preference for the construction and operation option for spent nuclear fuel 

facilities, especially in segment 1. Thus, considerable government effort is needed to 

formulate and implement a policy for spent nuclear fuel while accounting for public 

knowledge and consensus. 

The findings of this study have several policy implications for the Korean 

government with respect to spent nuclear fuel management. If Korea draws up a spent 

nuclear fuel management plan and effectively follows a plan of action to maintain nuclear 

power plants, the construction and operation of a permanent repository on a new site is 

the best alternative because it can help build public consensus, receiving the highest 

public acceptance rate (55.00%) despite high costs. Realistically, however, it may be 

impossible to construct and operate a permanent repository on a new site before the 

temporary storage is completely saturated (10–15 years), given the large amounts of 
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investment and time needed and possible social conflicts over the construction site. 

Therefore, the Korean government should consider expanding temporary storages to 

continue nuclear power generation; according to the estimation results, this is a better, 

more cost-efficient option to secure public acceptance. In sum, the most viable solution 

for the Korean government is to construct and operate a permanent repository on a new 

site while expanding temporary storage. 

Furthermore, segment 1’s preference heterogeneity in spent nuclear fuel facilities is 

very high, in spite of its smaller proportion of the population, so I recognized that 

realizing homogeneity of segment 1 and making its preference similar with segment 2 are 

major obstacles to make public consensus on construction and operation of a new spent 

nuclear fuel facility. Therefore, the Korean government should identify people belonging 

to segment 1 and provide them appropriate knowledge for nuclear spent fuel. 
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Chapter 5.  Summary and Conclusion 

5.1 Concluding Remarks and Contributions 

Numerous researchers address the interplay between technological progress and 

heterogeneous preferences of different consumer segments can cause new technology to 

disrupt an industry. Accordingly, technological change can create entirely new demand 

while having the potential to render obsolete the assets, labor, and intellectual capital of 

incumbent companies in the market. However, to the best of my knowledge, there is no 

ex-ante analysis methodology to understand consumer preference and its heterogeneity in 

new technology in order to provide companies and governments with practical strategies 

in technology and innovation management. Therefore, this dissertation proposes a 

methodology that can clarify structural heterogeneity in consumer demand for new 

technology, hierarchically and quantitatively. 

In addition, this dissertation presents three empirical applications of the proposed 

methodology to show how it can be used to provide companies and government with 

implications and strategies related to technology and innovation management. Three 

empirical applications in this dissertation are as follows: 1) Ex-ante identifying disruptive 

technologies in the automobile market, 2) identifying a profitable niche segment for new 

entrants in the wearable device market, and 3) understanding heterogeneity in public 

attitudes to spent nuclear fuel facilities. 

The contributions of this dissertation can be summarized as follows. First, this 
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dissertation contributes to the development of ex-ante analysis methodology to 

understand the heterogeneous demand environment of new technology hierarchically at 

the population, segment, and individual levels, so as to provide companies and 

governments with practical strategies in technology and innovation management, as 

requested in previous studies (Hauser, Tellis, and Griffin, 2006). 

Previous researchers have tried to understand technology evolution and have noted 

the importance of demand heterogeneity in technological evolution. Then, their studies 

and theories are accepted widely in both academia and industry. However, such studies 

and theories are not sufficient to provide companies and governments with practical 

strategies in technology and innovation management, because the theories suffer from 

lack of empirical evidence and predictive ability (Sood and Tellis, 2011). For example, 

these studies and theories suggest that incumbent companies should transition to new 

technology before the disruptive innovation occurs and that new entrants should first 

target a niche segment to effect a disruptive innovation in the future. However, the 

theories themselves cannot provide answers to practical strategic questions, such as 

whether and when automobile companies should transition from fossil-fuel-powered 

platforms to battery-electric-powered platforms for their vehicles, and which niche 

segment IT companies should target with which product and technology to enter the 

wearable device market. 

However, over the product lifecycle, the proposed methodology can provide 

companies with innovation strategies about whether and when the companies should 
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transition to new technology platforms for their products to minimize their disruption risk 

and maximize their profit by analyzing how population, segments, and individuals react 

to old and new technology product platforms. Following this innovation strategy can also 

yield product repositioning and product portfolio planning strategies. Moreover, it can 

provide companies with market-entry strategies (e.g., product concept development and 

product positioning) prior to starting the innovation process by identifying heterogeneous 

market segments. Additionally, it can measure the level of public consensus about highly 

controversial policies, such as those relevant to new technology’s ethical and security 

issues, in order to provide governments with policy design and public relation strategies. 

Second, this dissertation contributes to the development of a discrete choice model 

called a hierarchical Bayesian normal mixture logit model with relabeling algorithm, used 

to understand consumer preference and its heterogeneity in demand for new technology, 

quantitatively and hierarchically. While estimating the normal mixture logit model with 

the Bayesian estimation method, a label-switching problem emerges, making 

segment-level preference parameters unidentifiable. Thus, in this dissertation, I include a 

relabeling algorithm in the Bayesian estimation procedure for the normal mixture logit 

model in order to solve the problem and identify segment-level preference estimates. 

Accordingly, this model can identify segments that include consumers with similar 

preferences in the market and estimate average preference and level of preference 

heterogeneity in each segment. Moreover, it can estimate the preference of each 

individual belonging to segments in a hierarchical fashion. 
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Consumer preference and its heterogeneity in the demand follow a hierarchical 

structure (at the population, segment, and individual levels). However, even though 

modeling heterogeneity among consumers has emerged as a major research topic in the 

discrete choice models, the existing discrete choice model cannot model hierarchical 

heterogeneity in consumer demand or make inferences hierarchically at population, 

segment, and individual levels. The existing discrete choice models like the mixed logit 

model and the normal mixture logit model can model preference heterogeneity at the 

individual level, but it is difficult for them to make segment-level inferences. The latent 

class model can model preference heterogeneity at the segment level, but its assumption 

of homogeneity within a segment is unrealistic. The latent class mixed logit model that 

can model preference heterogeneity at both the individual and segment levels. However, 

it cannot estimate individual-level preference parameters corresponding to each 

individual and therefore has difficulty making individual-level inferences. 

Last, empirical applications in this dissertation provide companies and government 

with practical technology management and innovation strategies for emerging 

technologies. Specifically, in the first application I found that the mainstream segment in 

the Korea automobile market prefers hybrid and electric vehicles over fossil-fuel vehicles, 

but they currently do not adopt these environmentally friendly vehicles because of higher 

prices, lack of fueling stations, and fewer choices in car models. Therefore, an increase in 

the price of hybrid and electric vehicles due to development in battery technology, 

development of fueling infrastructure, and increased variety of hybrid and electric 
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vehicles would cause environmentally friendly vehicles to diffuse rapidly in the Korean 

automobile market. Moreover, the first application suggests incumbent firms in the 

Korean automobile industry must develop technologies related to hybrid and electric 

vehicles to transition to and target the niche market (which has a low price sensitivity and 

high preference for fossil-fuel vehicles) by introducing luxury gasoline cars to reduce the 

risk of disruption and maximize profit. 

The second application identifies a profitable niche segment in the Korea wearable 

device market, where startup companies can take considerable market share with their 

products against major global IT companies because the segment responds to 

manufacturer brand, product design, and price less sensitively than other segments. 

Moreover, I found that the segment includes consumers who prefer medical care and 

fitness wearable devices; therefore, startups need high technical abilities related to health 

monitoring and health care and should develop high-performance and high-price health 

care wearable devices in order to attract this market segment.  

In the third application, I found that the construction and operation of a permanent 

repository on a new site will best allow the Korea government to build public consensus 

on the spent nuclear fuel question; the permanent repository option received the highest 

public acceptance rate despite its high costs and risks. However, it may be impossible to 

construct and operate a permanent repository on a new site before the temporary storage 

is completely saturated (10–15 years), given the large amounts of investment and time 

needed and possible social conflicts over the construction site. Therefore, the application 



147 

suggests that the most viable solution for the Korean government is to construct and 

operate a permanent repository on a new site while expanding temporary storage. 

 

5.2 Limitations and Future Research Topics 

In this section, I discuss the limitations of this dissertation and suggest future research 

topics related to these limitations. Although this dissertation successfully develops a 

methodology to understand consumer preferences and demand for new technology, 

understand its heterogeneity hierarchically and quantitatively, and make three empirical 

applications, some limitations remain in both the methodology and its applications. 

First, previous studies addressed that the emergence of new technology reveals 

latent heterogeneity in the market, finding that the interplay between technological 

progress and the heterogeneous preferences of different consumer segments can cause 

new technology to disrupt an industry (Adner and Levinthal, 2001; Adner, 2002; Adner 

and Snow, 2010; Christensen and Rosenbloom, 1995; Christensen and Bower, 1996; 

Christensen, 1997). The topic of this dissertation emerges from these studies. The obvious 

assumption in all of these studies is that consumer preference are relatively static. 

However, Tripsas (2008) observes that changing consumer preferences play an important 

role in triggering technological transitions in an industry. Therefore, future research may 

incorporate such concepts into the methodology of this dissertation by extending the 

proposed discrete choice model into a dynamic situation to understand trend of consumer 

preferences and its heterogeneity for new technology over time. In addition, empirical 
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studies using the extended methodology for new technology could provide companies 

and government with additional implications in technology and innovation management 

that this dissertation cannot provide. 

Second, in the empirical applications of this dissertation, I modeled consumers’ 

choice behaviors and simulated demand for new technology as technology performance 

improved. However, I assumed that technology performance and price change at the same 

rate, which was unrealistic. Under such an assumption, it would be difficult to forecast 

discontinuous change of demand for new technology according to technological progress 

over time. Fortunately, several studies have attempted to forecast technological progress 

over time with patent data (Benson and Magee, 2015; Magee, Basnet, Funk, and Benson, 

2016). If technological progress can be forecasted based on such studies, changes in 

demand for new technology over time can also be forecasted based on this dissertation. 

For example, it is possible to know when hybrid and electric vehicles will disrupt 

fossil-fuel vehicles on the automobile market in the first empirical application of this 

dissertation. 

Third, the work of this dissertation can be extended with research on how changing 

technology influences the diffusion of products. Most diffusion models assume that 

relative technological performance and the cost of diffusing products are constant, but 

discrete choice models can remove this assumption and serve to evaluate how technology 

performance trends affect diffusion of products. 

Additionally, the proposed methodology could be applied to environmental 
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management policy, its relationship to consumer behavior, and heterogeneity. For 

example, the transportation sector is a major contributor to the world’s fossil fuel 

consumption and CO2 emissions. A tacit consensus supports a technological paradigm 

shift in the transportation sector to reduce energy consumption and CO2 emissions; indeed, 

hybrid and electric vehicles are viewed as the leading solution to address poor energy 

efficiency and environmental problems associated with conventional fossil-fuel vehicles. 

In this context, empirical application 1 of this dissertation can be extended to evaluate the 

environmental impact of hybrid and electric vehicles quantitatively based on diffusion 

trends and technological progress in the automobile industry. These findings can 

subsequently be used to design environmental policy for governments. 
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Appendix: Example of Choice Experiment Survey 
n For empirical application 1 (Korean version) 
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n For empirical application 2 (Korean version) 
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n For empirical application 3 (Korean version) 
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Abstract (Korean) 

다수의 연구자들이 기술적 변화와 소비자 군집간의 이질적인 선호가 서로 상

호작용을 하기 때문에 산업이 새로운 기술에 의해 와해된다고 주장하였다. 하

지만 이러한 이론적인 논의를 바탕으로, 새로운 기술에 대해 계속적으로 대응

해야 하는 기업 그리고 정부에게 실제적인 혁신경영전략을 제시할 수 있는 분

석 방법론은 드물다. 그러므로 본 논문에서는 신기술 수요에 있는 소비자 선

호 그리고 이의 구조적인 이질성을 군집 그리고 개인 수준에서 계층적이고 정

량적으로 이해할 수 있는 방법론을 제안하고자 한다. 먼저, 본 논문에서는 이

러한 방법론을 구축하기 위해 선호 이질성을 개인 그리고 군집 수준에서 계층

적으로 반영할 수 있는 이산선택모형과 계층적 베이지안과 리레이블링 알고리

즘을 바탕으로 이 모형에 대한 추정방법을 제안한다. 또한 방법론을 통해 이

산선택모형에서 도출한 소비자 군집에 어떤 사회인구통계학적 특징을 가진 소

비자들이 속해 있는지를 분석하기 위해 군집 멤버십 모형도 제시한다. 그리고 

추가적으로 본 논문에서는 이렇게 구성한 방법론이 어떻게 기업 그리고 정부

가 신기술에 대응하기 위한 혁신경영 전략을 세우는데 활용될 수 있는지를 세

가지 실증적용 연구를 통해 보여준다. 본 논문에서 수행한 세가지 실증적용 

연구는 다음과 같다. 1) 자동차 산업을 와해할 가능성이 있는 신기술 사전 식

별: 본 실증연구에서는 국내 자동차 시장에서 새로운 파워트레인 기술을 채택

하고 있는 하이브리드 그리고 전기 자동차가 화석연료 기반 자동차를 와해할 

수 있는지를 사전 식별하고 자동차 기업들에게 혁신전략을 제시한다. 2) 웨어
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러블 기기 시장에서 시장 진입자를 위한 수익성 좋은 틈새 시장 식별: 본 실

증연구에서는 국내 웨어러블 기기 시장에서 스타트업 기업들이 진입하기 좋은 

수익성 있는 틈새 시장을 식별하고 이들에게 시장진입전략을 제공한다. 3) 사

용후핵연료 처리 시설에 대한 이질적인 국민태도 분석: 본 실증연구에서는 사

용후핵연료 처리 관련 정책에 대한 국민들의 태도와 합의 수준을 측정하고 이

를 바탕으로 국내정부에게 국민 수용성을 최대화할 수 있는 사용후핵연료 관

리 정책을 제시한다. 

 

주요어 : 혁신경영; 기술진화; 수요 이질성; 소비자 선호; 이산선택모형;  

베이지안 추정 
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