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Abstract

Studies on Heterogeneous Decision-Making
Structure in terms of Attribute Non-

Attendance and Random Regret Model
SangKyu Park

Technology Management, Economics, and Policy Program
The Graduate School of Engineering

Seoul National University

Understanding consumer taste heterogeneity is always a crucial part of
establishing marketing activities. The distributional approaches of consumer
preferences have played an important role in statistical marketing applications.
These statistical approaches have evolved in various ways, and this dissertation
adds diversity to the field of consumer heterogeneity studies. This study proposes
a series of models that capture consumer heterogeneous decision-making
strategies as a perspective of consumer heuristic behavior by adopting a Bayesian
stochastic search variable selection model. The proposed models in this
dissertation are two fold. First, this study suggests a model for explaining
consumers’ attribute non-attendance behavior with consumer characteristics.
When consumers face complex decision-making situations, they are possibly

1ii



attracted to or ignore one or more attributes while processing the information on
offer, which cannot be explained with the usual random utility maximization
model. Previous studies attempt to explain this attribute non-attendance behavior
by questioning respondents directly or stochastically estimating a considered
subset. However, these models do not explain the relationship between consumer
non-attendance behavior and individual characteristics. This dissertation suggests
a method for capturing respondents attribute non-attendance behavior based on
their individual socio-demographic characteristics. Second, distinguishing agents’
decision-making strategies is also a critical issue for understanding consumer
heterogeneity. Previous research suggests various alternative decision-making
strategies and demonstrates consumer decision-making strategy with the latent
class model or with comparison of model fit measures such as Akaike Information
Criteria or Bayesian Information Criteria. These approaches may possibly classify
consumer decision-making strategies but they do not fully identify individual
heterogeneity for individual decision-making strategy. Among suggested
alternative decision strategies, this dissertation focuses on random regret
minimization, which is conceptually opposite to random utility maximization.
This dissertation proposes a model for identifying individual decision-making
behavior heterogeneity between random utility maximization and random regret
minimization using the Bayesian stochastic search methods.

The empirical analysis was conducted with three high-tech durable goods: a

v



zero-energy house, a telecommunications bundle, and a vehicle choice behavior.
High-tech durable goods were chosen for empirical analysis because high-tech
durable goods have many attributes in comparison with other goods categories,
and therefore, respondents face complex, uncertain decision-making situations
while decision making process. The empirical results illustrated these attribute
non-attendance and complex decision-making behaviors well.

The suggested model in this dissertation has two main implications. First, from
the perspective of the new product design process, manufacturers in the product
planning stage should identify consumer consideration of product attributes. Next,
setting up a marketing strategy based on segmentation, targeting, and positioning
require classification of consumer characteristics based on consumer choices. The
models suggested in this dissertation effectively organize consumer heterogeneity

with reference to consumer socio-demographic traits.

Keywords: Discrete Choice Model; Heterogeneous Heuristic Decision-Making
structure; Attribute Non-Attendance; Random Regret; Bayesian Estimation;
Stochastic Search Variable Selection

Student Number: 2014-30280
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Chapter 1. Introduction

1.1 Research Background

Over the past two decades, the discrete choice experiment has contributed
remarkably to the understanding of consumer behavior. A tremendous number of
discrete choice studies have been executed in academia. The center of interest in
the discrete choice experiment is to derive the heterogeneity of consumers.
Understanding consumer heterogeneity has long been a critical issue in several
fields where people’s behavior needs to be understood, such as transportation and
energy, marketing, environmental studies, labor, and health (K. Train, 2009).

Understanding consumer heterogeneity cannot be emphasized enough
especially in high-tech marketing fields. The most fundamental step in innovative
high-tech marketing is to identify consumer needs. The creation of consumer
needs is as important as identifying consumer dissatisfaction and frustration.
Individual needs are created when a situation arises where an individual's desire
transcends his/her reality. Innovation can be created by consumers’ needs
(demand-driven) or by stimulating consumers’ needs through the introduction of
new products. Then, the individual’s adoption of high-tech goods begins when
these needs are met. (Rogers, 1995)

To place high-tech goods in the market successfully, companies must exceed
1



critical mass. The most important thing to reach the critical mass is identifying
which individuals are accepting brand-new goods with uncertainty before
popularized. The taste and threshold for adopting high-tech goods are various
among the individuals in the market. Due to this heterogeneity, diffusion takes
place in the form of S-shaped curves. Therefore, understanding consumers’ taste

and their threshold has been the most critical concern in high-tech marketing.

Growth Era Mass Market Segment Customer Loyalty Relevance
Decade 1960s~1970s 1980s 1990s 2010s 2020s
Technology Mass Market Advanced Digitization of
Enterprise IT
enabler production research CRM everything
Performance Purchase Customer Customer Customer
\Volume
indicator funnel lifetime value retention attraction
Market Proposition Tailored
Mass appeals Segmentation Personalization
approach innovation incentives
Management Product and Channel and Channel and Experience and  Experience and
focus scale scale relationship relationship personality

Figure 1. How Marketing Moved from the Mass-Market to Relevance (HBR, 2018)

High-tech marketing paradigms evolved from market-level to individual-level
gradually (Figure 1). At first, in the mass-market level, marketing was mainly
implemented via mass media, such as the radio, television advertisements, and
leaflets, in an undifferentiated manner. Subsequently, marketers have begun to

understand the diffusion of innovation and how to set aside critical mass to



successfully diffuse high-tech goods. They have begun to develop strategies to
respond to customer heterogeneity by dividing customers into segments. Recently,
with advances in information technology, marketing techniques have become
more and more delicate. Marketing has evolved to a personal level, and therefore,
marketers must understand the characteristics of consumers at an individual level.
In the US market alone, companies were losing trillions of dollars to their
competitors because their marketing strategies were not relevant enough (John,
Wollan, & Bellin, 2018). Therefore, understanding consumers at the individual
level is essential for the successful proliferation of products.

Mainly, consumer heterogeneity has been dealt with using distributional
approaches. The heterogeneity of consumers can be understood through the
stochastic terms in utility coefficients, assuming that the utility of respondents is
likewise influenced by the stochastic terms and has different values in utility
coefficients grouped with individuals that have same choice behavior (mixed
logit) or similar individual characteristics (latent class logit) or both (hierarchical
Bayes (HB) logit with covariates). These statistical approaches usually assume
that the individual decision-making structure is linear-additive and they assume
the continuity axiom, which also refers to unlimited substitutability. In other
words, all the attributes suggested in the choice situation have unlimited
substitutability, and respondents make trade-offs between all the presented

attributes describing each of the alternatives. The continuity axiom has long been

3



a basis for choice modeling. Most scholars have accepted the continuity axiom
without doubt and have focused solely on heterogeneities in linear additive
models. (C. G. Chorus, 2014a)

However, researchers obtain experimental results that do not support the
rational decision-making behavior of respondents, such as asymmetric reaction
toward exposed risks or benefits, which are usually noted as decision heuristics (A
Tversky & Kahneman, 1974). These experimental studies imply that decision-
makers are not always rational, and they show irrational decision-making
behavior in particular circumstances such as risky choice situations where they
may suffer regret from their decision. Therefore, researchers have suggested
alternative decision-making structures based on psychology and behavioral
economics in consumer research.

This study focused on two representative alternative decision-making concepts,
attribute non-attendance (ANA) and the hybrid structure of random utility
maximization and Random Regret Minimization (Hybrid RUM-RRM). ANA, an
idea that has received much interest in alternative decision-making structure,
implies that some attributes presented in a choice situation are ignored by
respondents because of the complexity of the choice situation or the respondents’
biased choice behavior. Therefore, the ignored attributes are latently removed
from the decision-makers’ utility structures.

These two concepts have attracted much research and are essential in

4



comparison with other alternative decision rules. First, they are quite
parsimonious than other alternative decision rules. (Hess, Beck, & Chorus, 2014)
ANA removes attributes that are not engaged in the decision-making process (R.
Scarpa, Zanoli, Bruschi, & Naspetti, 2013). The random regret model, which is
somewhat more complicated than ANA, captures semi-compensatory decision
rules in a choice situation in a simplified reference-dependent manner. Second,
they both have the characteristic of formal tractability. Last, they have the
advantage of being able to classify decision structures by attributes separately.
Therefore, this dissertation focused on the heterogeneous decision-making
structure of respondents from the ANA and hybrid RUM-RRM formation
perspectives (C. G. Chorus, Rose, & Hensher, 2013).

Not only accounting for taste heterogeneity, this dissertation also proposed a
series of models that capture consumer heterogeneous decision-making strategies
from the perspective of consumers’ heuristic behavior by adopting a Bayesian
stochastic search variable selection model. The suggested methodology expands
the current statistical approaches to incorporate heterogeneous decision-making
strategies at the individual level and adds diversity to the field of consumer

heterogeneity studies.

1.2 Research Objectives



The research objective of this dissertation is to propose new methods for
understanding consumer heterogeneity. Not only does it cope with utility
heterogeneity at the individual level of respondents, but it also deals with
respondents’ heterogeneous decision-making structure.

This dissertation suggests a model for explaining the ANA behavior of
consumers taking consumer characteristics into consideration. When consumers
face complex decision-making situations, they are possibly attracted to or ignore
one or more attributes while processing the information on offer, which cannot be
explained by the usual random utility maximization model. Previous studies
attempt to explain this ANA behavior by questioning respondents directly (stated
attendance) or stochastically estimating a considered subset (latently estimated
attendance). However, these models have failed to explain the relationship
between consumer non-attendance behavior and individual characteristics. This
dissertation suggests a method for describing the respondents’ ANA behavior
based on their individual socio-demographic characteristics. Second,
distinguishing agents’ decision-making strategies is also an essential component
of understanding consumer heterogeneity. Previous studies suggest various
alternative decision strategies and demonstrate consumer decision-making
strategy with the latent class model or comparison of model fit measures such as
Akaike Information Criteria or Bayesian Information Criteria. These approaches

may possibly classify consumer decision-making strategies, but they do not fully
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identify individual heterogeneity for individual decision-making strategies.
Among the suggested alternative decision strategies, this dissertation focuses on
random regret minimization, which is conceptually opposite to random utility
maximization. This dissertation proposes a model for identifying individual
decision-making behavior heterogeneity between random utility maximization

and random regret minimization via Bayesian stochastic search methods.

1.3 Research Outline

The dissertation is organized into five chapters as follows: Chapter 2 covers
the theoretical background of this study with a review of previous literature
related to its main subjects: discrete choice models, stochastic search variable
selection and heterogeneous variable selection, and alternative decision-making
rules, which focus on attribute-processing behavior and the random regret model.
At the end of chapter 2, previous studies’ limitations and methods for overcoming
them are discussed. Chapter 3 proposes two methodologies: A heterogeneous
variable selection choice model with respondent covariates (HVSC) and a
heterogeneous choice model for respondent decision heuristics strategy. The last
section of Chapter 3 reports the simulation results of the proposed models with
synthetic data. Chapter 4 discusses the empirical application of the proposed

models, including high-tech goods and service: consumer preference for zero
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energy houses, bundling behavior of Telecommunications, and vehicle choice
behavior. Chapter 5 summarizes the implications and limitations of this study and

proposes future research directions.



Chapter 2. Literature Review

This chapter overviews previous literatures about the main subject of this
dissertation: discrete choice model and its expansion, stochastic search variable
selection model, decision heuristics in choice models and Bayesian inference

algorithm.

2.1 Discrete Choice Models

Discrete choice model has been used in various field such as environment,
marketing, policy, and so forth. Discrete choice model statistically estimates
consumer preference via decision-makers’ choices among a set of alternatives.
Decision-makers, the base unit of the analysis, can be individual decision-making
units, such as people, households, firms, etc. To exhibit decision-makers’ utility, a
researcher observes decision-makers’ choice among a set of alternatives and
analyzes the collected data with a logit or probit based model. This section
focuses on discrete choice models and other models that reflect respondents’

heterogeneity.



2.1.1 Multinomial Logit Model

Choice models use a variety of consumer choice observation, including single
choice, multiple-choice, rank-ordered, rating, and continuous-multiple usage.
Depending on the data, different choice models or different distributional
assumption can be applied. Among those models, this section mainly reviews
single choice among multiple alternatives in a choice situation, multinomial logit
model, or conditional logit.

The choice models are based on the random utility model (McFadden, 1974).
When a decision-maker i chooses the alternative j in choice situation t, the utility

of a decision-maker i is shown as in Eq. (2.1). Utility is consisted of two parts;

V.

w represents the deterministic part of the utility and &, represents stochastic
part of the utility. Usually, the deterministic part consists of a linear combination
of attributes, which assumes that respondents are rational human being and
therefore, respondents choose to maximize his/her utility. However, the form of

deterministic part can be replaced by alternative decision-making rules, which are

covered in section 2.3.

Uitj :Vitj + & Eq. (2.1)

10



The unobservable part of the utility &;; follows extreme value distribution or

type-1 Extreme value distribution in the logit model, and cumulative normal

distribution in the probit model (K. Train, 2009). In the logit model, each & is

assumed to be independent, identically distributed (i.i.d.) extreme value
distribution. The density of unobserved part of utility can be represented as in Eq.

(2.2), and the cumulative distribution as in Eq. (2.3).
f (&) =exp(-&, )exp(—exp(—gitj )) Eq. (2.2)

F(ey)= exp(—exp(—gitj )) Eq. (2.3)

Assuming that a respondent chooses an alternative which maximizes his/her
utility among the choice set, the choice probability that decision-maker i chooses

alternative j is shiwn in Eq. (2.4), as suggested in McFadden (1974).

R; =Prob(V,

it &5 >Vim &
= Prob(g

Vm;tj)

itm?

> &y +Viy —V,

itm’vmi J)

itm

- .[[H exp (— exp (—(gm. +Vig ~Vin )))J e e ol

m#j

=exp (Vitj ) / ; exp(Vin )

Eq. (2.4)
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Assume that respondents’ choice in the choice situation is independent, the
likelihood of respondent i is shown in Eg. (2.5). Also, assuming that each
respondents’ choice is independent among all respondents, the likelihood of the

sample is shown in Eq. (2.6)
R=TTIT(R,)" Eq. (25
t ]

L :Hpi - HHH(R” )y“" Eqg. (2.6)

The variance of the above extreme value distribution [Eq. (2.2)] is 7?/6. In

general, the error term has a variance of o”x(z°/6) , and therefore, utility

becomes Uy, =Vi;/o+¢,. o is called a scale parameter of utility, which does

not matter when differences in utility are compared. If the error term has small
variance, then the utility may be estimated larger/smaller than the researcher’s
expectation. Otherwise, the error term has a large variance, and vice versa.
However, Train (2009) mentioned that the issue of variance in choice models
could be summarized in two statements: “only differences in utility matter” and
“the scale of utility is arbitrary”. These phrases imply that absolute level of utility

is irrelevant to both respondents’ behavior and the researcher’s model. To deal
12



with scale heterogeneity over subpopulation, Fiebig, Keane, Louviere, and Wasi
(2010) suggest a model for estimating individual scale heterogeneity in a mixed
logit model, which is called generalized multinomial mixed logit model. However,
this dissertation does not reflect scale heterogeneity and scale of utility because
the scale of variance is not considered. Also, there is a contradicting argument that
individual scale heterogeneity is not necessarily controlled because well defined
mixed logit specification already controlled individual scale heterogeneity (Hess
& Rose, 2012).

The conventional linear additive logit exhibits a property of independence
from irrelevant alternatives (I1A), which means that the ratio of alternative
probabilities does not depend on other available alternatives. However, [IA
property is unrealistic in many real-world settings. Also, in some alternative
decision-making rule models, since decision-making rule depends on other
alternatives such as random regret model or relative advantage model, those
models lose I1A property.

In most cases, conventional logit model does not take into account
respondents’ taste variation in a model since it assumes point estimation of
preference parameters. However, in the real world situation, the taste of
consumers varies, and therefore, the estimation coefficients that cannot reflect
heterogeneity in the logit model may be biased (Bhat, 1997). The discrete choice

model was developed to further analyzing preference heterogeneity. Following
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section reviews consumer heterogeneity in the choice model.

2.1.2 Consumer Heterogeneity in Choice Model

The choice model considering consumer heterogeneity includes the
distributional terms in the utility parameters. Representative models of this
approach are latent class logit and mixed logit model.

The latent class logit model estimates the preference heterogeneity of
consumers by each segment (Kamakura & Russell, 1989). In other words, the
latent class logit model assumes that preference coefficients follow a finite
mixture of discrete point mass distribution (Allenby & Rossi, 1999). It assumes
that the population is divided into Q number of groups, and consumers in the
same group have the same preference toward attributes. The utility of decision-

maker i, belonging to group g, choosing alternative j under choice situation t is

shown in Eq. (2.7), where V.

iq 1S the deterministic part and &

i Is stochastic part

of the utility, which follows type-lI extreme value distribution. The choice

probability of consumer i is in Eq. (2.8)

U. =V. +¢

itjlq itjlg "~ “itlq

= Xithq =+ gitjlq Eq (27)
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exp( I'[])
o llseom =29

In the common latent class model, membership probability is assumed to take

the form of multinomial logit, but also use Dirichlet distribution for membership

probability. The probability of respondent i belonging to group q is s, then s

19?7
is interpreted as the weight on finite mixture coefficients. Respondent i’s choice
probability of latent class logit model with multinomial logit membership is

expressed as Eq. (2.9).

Eg. (2.9)

) exp(zigq) eXp( lJtIQ)
_; Xp(Zin,) HZexp( "‘"“)

The latent class model can divide the population with preference heterogeneity
at the segment level, which the number of classes is pre-assigned by the researcher.
Also, latent class logit model, which has a semiparametric specification, does not
need distributional assumption about individual heterogeneity. However,
compared to the mixed logit model, which has a fully parametric specification,

latent class logit model has its limitation in flexibility.
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Mixed logit model, which is a highly flexible model with the assumption of
random taste variation, overcomes the three main limitations of standard logit
model: allowing random taste variation, unrestricted substitution patterns, and
correlation in unobserved factors (Train, 2003). Early application of individual-
level data such as Train, McFadden, and Ben-Akiva (1987) only includes one or
two dimensions of random taste variation. Improvement in computer speed has
allowed the full dimension of random taste variation, which suggested in Train
(1999).

As mentioned above, mixed logit assumed that random taste variation, which

implies that the parameters in the model have distribution. Mixed logit

probabilities can be expressed in Eg. (2.10), where L (ﬂ) is the logit probability

at f and f(p) is a density function of £ and 6 is a parameter that

determines the shape of the distribution f .

R =[L(B)f(B10)dp Eq. (2.10)

Mixed logit probability is a weighted average of the logit formula, called
mixed function, and the density of £ is called mixing distribution. Researchers
can consider the latent class model as a particular case of the mixed logit model,
which mixing distribution is assumed as a finite mixture of point mass density.
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The parameters S are integrated out, and what researcher estimates are
random parameters &. The researcher can specify a variety of distributions for

the coefficients: normal, lognormal, truncated normal and triangular distribution,

and so forth. Most cases use normal or lognormal distribution: i.e., S~ N (b,W)

or Ing~ N(b,W). Notably, the lognormal distribution is frequently assumed

when the coefficient is known to have the same direction for all respondents, such
as the cost coefficient. Since the coefficients in mixed logit allow covariance
structure in the coefficients, mixed logit model relieves 1A assumption, and
various correlation patterns can be obtained from the mixed logit model.
Extending from the mixed logit models, normal mixture logit model is suggested
for continuous multimodal heterogeneity (Allenby, Arora, & Ginter, 1998).
Normal mixture logit models assume the preference parameters as a mixture of

the normal distribution as shown in Eq. (2.11), which shows more flexibility,

compared to conventional mixed logit model. =

, Is a weight on the normal

distribution N (bq,Wq), which is Dirichlet distribution in most cases.

B ~z7[qN<bq’Wq) Eq. (2.11)

q

The Bayesian estimation of choice model is firstly introduced by Albert and
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Chib (1993), estimating multinomial logit and binomial logit model, and normally
distributed coefficients mixed logit model is suggested by Allenby and Lenk
(1994). Moreover, Train (2001) summarized the frequently used current mixed
logit form with Bayesian procedure, especially with Gibbs sampling method.
Mixed logit with Bayesian procedure uses hierarchical Bayesian concepts.
Assuming that covariance matrix of coefficients (W) and mean of coefficients (b)
is specified (usually a flat prior on b), the joint posterior on A is shown in Eq.

(2.12)

A(B,bW |Y)ocH(L(yi 18)9(B8IbW)IG(W)) Eq. (2.12)

Information about the posterior is drawn through a simulation process such as
Gibbs sampling. Draws are taken sequentially from the previously drawn
parameters excluding drawing parameter, and then the chain of draws from the
conditional posterior converges to draws from the joint posterior.

The Bayesian procedures have two strengths compared to the standard
maximum likelihood estimation procedure (Train, 2001). First, the Bayesian
procedure does not require maximization of any function, which implies that the
Bayesian procedure has numerically simplified calculation procedure, and can
avoid falling into local maxima. Second, Bayesian estimation sets aside

consistency and efficiency, which is the desired property of statistical estimation.
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2.2 Stochastic Search Variable Selection Model

Stochastic Search Variable Selection model (hereafter “SSVS model”) was
first suggested by George and McCulloch (1993). Before the SSVS model, similar
setups were suggested in the variable selection context: Stewart (1987) and
Stewart and Davis (1986) suggest Hierarchical Bayesian discrete distribution with
many possible models (about variable selection), and Mitchell and Beauchamp
(1988) used Spike-and-Slap mixture prior, which implies spikes in zero and slaps
for estimating values. Other than Hierarchical Bayesian approaches, least absolute
shrinkage and selection operator (LASSO) method, which uses L1 regularization
methods to select features among candidates, is suggested by Santona and Symes
(1986) and popularized by Tibshirani (1996). The critical concentration of those
studies was to develop a procedure to select promising subsets among candidates
of explanatory variables for further consideration.

When the number of explanatory variables is K, to avoid calculating 2*
models posterior probability, SSVS uses the Gibbs sampler to consider all the
possible 2% combinations of variables. Such variable selection models identify
promising subsets of predictors with higher posterior probability, which has

similar optimization concepts with Genetic algorithm (Holland, 1975).
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Genetic Algorithm Variable Selection

Chromosome | 1|1 (1|1 |{1(1(1]]1 111111 (|{1{1 Variables
' |
Population
Ce |T]O[1|2[{Of[1([0O]|1 1{0[1|1|0]|1([0]1 Selecting
(Mutation) (Iteration)
Yr|v A4 Y YV Y. vi VYl vl ¥
Ce [1]1(110[1]0[1]0 010 01TO0T1°O0

Optimized 111j0(0|1]1]1]0 1]1)0]0(1]1]1]|0]| Optimized

Bi|B2l 0|0 [Bs|Bs|B7] 0 Selected

Figure 2. Diagram of Genetic Algorithm and Variable Selection

The possible 2 combination of subset choices can be represented as Eq.

(2.13) where y, =0 if g, isignored and y, =1 if S, should be considered as

an effective variable.

Y=V 7) Eq. (2.13)

The marginal posterior distribution of vy , written as 7[(7|Y), contains

information about the variable selection. Based on observation Y, the posterior

probability 7r('y|Y) updates 2 from the prior probabilities of possible
20



combinations of y to find an apt subset of whole explanatory variables.

For the regression setup, involving all of the candidates of explanatory

variables. The canonical regression set up is Eq. (2.14)

Y|B.0* ~N(XB,0°1)
X =[Xpreo X ] Eq. (2.14)
B=(B b))’

Among X, some subset of variables affects Y , and the other variables have
no relevance with Y . To extract information relevant to Y, consider Eq. (2.13) as
a part of the hierarchical model. Then, assuming that # is a mixture of two
normal distributions with different variances, the prior distribution of S, is

presented in Eq. (2.14).

By ~rN(0, 77)+(1-n)N(0, ciz7) Eq. (2.15)

In Eq. (2.15), ¢/ is assumed as some small constant, 7/ is assumed to be

large enough for appropriately estimating coefficients, and y, is a binary latent

coefficient that takes only zero or one for its value. Introducing the latent binary

variable y, facilitates the variable selection problem. When 1y, =1,
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B.~N (O, rkz) which implies that g, is drawn from a normal distribution on a

straight lane. When y, =0, B, ~ N(O, ckzrkz), which implies that S, is drawn

from a small variance of sharp normal distribution. If g, is drawn from

N (0, c,frkz), then p, is concentrated around zero, which consequently has the

effect of removing the variable. The difference between the Spike-and-Slap
mixture and the SSVS model is that Spike-and-Slap mixture assumes probability
mass on S, =0 when y, =0. But when implementing Gibbs sampler, if spike
becomes point mass, then f, generates reducible chains, which incurs

nonconvergent chains and g, is stuck to zero. (George & Mcculloch, 1997)

In multivariate form, Eq. (2.15) can be expressed as Eq. (2.16).

Blv ~MVN, (0,D,RD,)
D, =diag( f (7)) Eq. (2.16)

1 ify =1
f(yk):{cf o;w

In summary with parsimonious representation, the proposition of Gibbs
sampler implementation of George and McCulloch (1993) is summarized in Eq.

(2.17)
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Y|B.0> ~N(XB,0°1)

o’ ~ 1G(x, xk¥)

B~N(0,D,ID,)

D, =diag () Eq. (2.17)

T=(%07)
_|c ifk-th element is excluded (some small c)
" 1 if k-th element is selected

7 ~ Bernoulli(p,)

George and McCulloch (1997) noted that the above formation of SSVS is non-conjugate
prior since equation (2.16) does not depend on the residual variance o since the
variance of the beta is not adjustable. Let the estimated (selected) coefficients’ variance

be v,, and the abandoned (non-selected) coefficients’ variance V,, assume that the

intersection of estimated and abandoned distributions is o . The relationship between v
and & is log (vl/vo)/(vgl—vl‘l):éz. For sound estimation (proper classifying the
estimated or the abandoned coefficients), the absolute value of the estimated coefficients
exceeds the intersection of estimated and abandoned distribution, satisfying |,B|>§ :

However, the significant difference between Vv, and V, also occurred computation
problems. Therefore, through their experimental settings, the authors suggested that

careful selection is needed for selecting the small parameter ¢, and it is apt to choose

v, /v, =1/¢* <10000 . This dissertation chooses ¢ as 0.01, following from Gilbride et

23



al. (2006).

2.3 Decision Heuristics and Alternative Decision Rules

In most cases, stated choice studies assume that respondents typically choose
the most preferred alternatives among a listed hypothetical or realistic choice set
that are designed by researchers and that respondents are expected to compare
trade-offs between all attributes that consist of alternatives before choosing the
most preferred alternative in a choice set. This assumption is based on an axiom
that human beings are rational decision makers. Therefore, simplified random
utility maximization (RUM) or linear additive utility is used extensively.
However, respondents’ choice behavior is a complex heterogeneous information
process, and it is not desirable to express it in a RUM structure. In some cases,
previous literature concluded that alternative decision rules, which embedd
psychological structures, have more explanatory power compared to RUM
structure (C. G. Chorus, Arentze, & Timmermans, 2008; Hess, Stathopoulos, &
Daly, 2012). On the contrary, some literature reported that model fit of alternative
decision rules worsens model fits (Hess et al., 2014) This section overviews
decision heuristics and various alternative decision rules suggested in previous
literature and exploits details of attribute non-attendance and random regret

models.
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2.3.1 Decision Heuristics in a Choice Model

The history of alternative decision rules in choice models is not quite long.
The main topic of the discrete choice model has focused on elaborating models
for consumer heterogeneity and deriving models to assume realistic errors that
imply realistic correlation structures and substitution patterns (C. G. Chorus,
2014a). Those models assume that respondents decide with a weighted summation
of attributes in alternatives, which has the form of Eq. (2.18), and assume the

alternative with the highest utility among a choice set is chosen by respondents.

Uijt =Vijt +é& = X|3+gijt Eq. (2.18)
Irrational decision-making behaviors were firstly suggested by Simon (1955),
which suggested the concepts of bounded rationality of human beings, and was
widely known by Tversky and Kahneman (1974), breakthrough research of
heuristics. Heuristics have occurred in the decision-making process, where a
decision cannot be made reasonably due to insufficient time or information, or a
decision can be made by decision-makers, where systematic and rational

judgment is not necessary.

Recently, alternative decision rules have been attracting attention of choice
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modelers. Alternative decision rules mainly modify deterministic part of the utility

V.

ijt

in Eg. (2.18) into structures that reflect psychological interpretation of

decision-making behaviors of human beings. Such models are tabulated as

follows.

Table 1. Alternative Decision Rules in Choice Modelling (Chorus, 2014)

Decision rule

Mathematical Formulation of decision rule

Elimination-by-aspects

(Amos Tversky, 1972)

y =1 <

x>xv

m —

X, . aspiration level for m-th attribute

m

Lexicographic

(Hess et al., 2012)

y=1<

Xim = MaXy; ¢ [ij:'

Reference Dependent (1)

y=leaV 2V, "jeC

VZ B, max[0, X, — X, | ]J

+ 3,y max|[0, x

’|m

X, . reference of m-th attribute

Reference Dependent (1)

y =1V, 2V, TjeC
Vi= Z

X . reference point of m-th attribute

m

7w max[0, X, ”’m

+max[0, X, — X ]9m

1 %M
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Relative Advantage (1)

(Asymmetric)

Relative Advantage (I1) v s
y,=leV, ZVJ., jeC

2 A
Z BrXim ;ZAH ZB
A, =log [1+ exp{ﬁm (X =X )ﬂ
B, =log [1+ exp{ﬂm (Xin = )}}

(Symmetric)

Contextual Concavity

yi :1©VI ZV]’ Vj EC

Vi= ;(ﬂm i —min [ij]})wm

Rand R | .
andom Regret (1) yi:]-@RiSRj’ VJEC

R —max,, (Zm: max| 0, A, (X =X )B

(C. G. Chorus et al., 2008)

Random Regret (I1) y,=1<R < R. YjeC
(C. G. Chorus, 2010) R = ZZ'OQ [1+exp{ (X ~x )}]
m o ji

Elimination-by-aspects (EBA) is inspired by cognitive effort minimization
(Amos Tversky, 1972). EBA rule eliminates alternatives that have attributes below
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par (continuous attributes) or do not have attributes (in dummy case) until one
alternative is left. Lexicographic rule (Hess et al., 2012) is a rule that decision-
maker focuses only on the most important attribute and chooses an alternative that
has maximum value on the most important attribute. Those rules are based on the
decision-makers to reduce information process efforts.

The rest of decision rules are based on contextual dependency: reference-
dependent, relative advantage, contextual concavity, and random regret.
Reference-dependent model is based on the prospect theory of Kahneman and
Tversky (1979), with asymmetric reaction tendency toward loss domain and gain
domain. Reference-dependent model assumes asymmetric reaction coefficients
between gain domain and loss domain (Hess et al., 2012) (De Borger & Fosgerau,

2008; Stathopoulos & Hess, 2012). The gain domain is the superior domain to the

current status of decision-maker (A, ), and loss domain is the inferior domain to

the current status of decision-maker (B, ). The application for reference-

dependent model usually measures asymmetric reaction toward positive area (gain
domain) and negative area (loss domain), and such behavior is revealed well in
consumer high-tech adoption behavior (Junghun Kim, Lee, & Ahn, 2016; Junghun
Kim, Park, & Lee, 2018). In addition, reference-dependent models allow
inconsistent sensitivity between gain/loss domain to attach concavity-convexity

coefficients (Stathopoulos & Hess, 2012). Relative advantage model assumes that
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decision makers consider both linear additive of the alternative and relative
advantages of the alternative compared to suggested alternatives, which means
that suggested alternatives serve as reference points of the focused alternative
(Amos Tversky & Simonson, 1993). The relative advantage model has two forms,
non-symmetric and symmetric formation. Asymmetric formation captures
asymmetry between advantage and disadvantage of loss aversion coefficient and
convexity coefficient (Leong & Hensher, 2014). The contextual concavity model
takes a reference point as the least value of attributes in the choice set (Kivetz,
Netzer, & Srinivasan, 2004). The coefficient of convexity/concavity is measured
by power function coefficients, allowing the exponential form of diminishing
marginal utility from baseline (C. G. Chorus & Bierlaire, 2013; Leong & Hensher,
2012). Random regret model (RRM) is the model that measures regret level by the
difference between attribute values in alternatives that decision-maker did not
choose and attribute values in the alternative chosen by decision-maker (Loomes
& Sugden, 1982). If the regret level is lower than zero, which means that the
chosen alternative has better values in attributes, regret diminishes to zero. The
random regret model will be covered in detail at section 2.3.3.

Considering the above alternative decision-making structure, Hess et al.,
(2012) used the latent class structure to incorporate the coexistence of various
actual behavioral process into a model. The combination of the classes included in

Hess et al., (2012) formed as follows: RUM-lexicography, classes with different
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reference points, RUM-EBA, and RUM-RRM. Hess et al., (2012) suggested that
allowing heterogeneity in the behavioral process significantly improves model fit

compare to RUM-only model.

2.3.2 Attribute Processing Behavior

Attribute processing behavior has long been of interest. Attribute processing
behavior typically includes a multi-stage model of attribute processing, and
attribute non-attendance (Moon, 2017). The usual approach for attribute
processing behavior is to find the latent choice set for respondents and to find out
respondents’ latent choice set formation in the perspective of alternative reduction
and attribute reduction. Due to the complexity of alternative-attribute matrix
formation, respondents made a decision by reducing the dimension of alternative
or the dimension of attributes suggested in a choice situation.

The focus of this section is attribute non-attendance (ANA) behavior of
respondents. Assumption of rational human behavior has long been challenged
(Simon, 1955), because there is no guarantee that respondents consider all the
attributes suggested in the choice sets in a multi attribute choice situation.
Hensher (2006) implied that the complexity of the stated choice experiments is
determined by design dimensionality, designs with large number of attributes and

alternatives. In other words, respondents have utility for only a few of the

30



attributes associated with their concerns or respondents cannot attend to all
attributes in a choice set due to its complexity and their cognitive constraints.
Moreover, in an attribute-alternative matrix with a different formation,
respondents were induced different preference. In counterpart, the different forms
of the attribute-alternative matrix do not affect respondents’ decision-making
strategy (Sandorf, Crastes dit Sourd, & Mahieu, 2018), but the elicited preference
differs. Therefore, finding the subset of attributes for consumer utility has been a
critical issue.

Mainly, ANA model is studied in two streams, inferred ANA and stated ANA.
Some researches include self-reported statements on the survey to ask which
attributes respondents attended while making decision, which implies stated ANA
(Carlsson, Kataria, & Lampi, 2010; Hensher, 2006; Hensher & Rose, 2009; Islam,
Louviere, & Burke, 2007), while other researches cover inferred ANA behavior
with suitable statistical modeling based on data (Gilbride et al., 2006; Rigby &
Burton, 2006; Riccardo Scarpa, Gilbride, Campbell, & Hensher, 2009), or
incorporating both inferred and stated ANA (R. Scarpa et al., 2013). In addition to
observing the behavior in decision making process, recent studies use eye-
tracking device to track respondents’ attendance toward a choice situation (Shi,
Wedel, & Pieters, 2013).

The usual approach for inferred ANA is a latent class model and a mixture of

normal distribution with one centered sharply at zero. Scarpa et al. (2009)
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compare both models of inferred ANA, and they suggested that both models show
consistent results toward explaining inferred ANA.

The typical caveat aroused in stated ANA is that the statements from
respondents may inaccurately be collected due to respondents’ bias and
misperception. However, Scarpa et al. (2013) proved that the stated ANA is quite

useful and informative in the data set they used.

2.3.3 Random Regret Model

The random regret model formation is inspired by the regret theory (Bell,
1982; Fishburn, 1982; Loomes & Sugden, 1982) that provides evidence of risk
avoidance behavior when choosing among risky alternatives (C. G. Chorus, 2010;
C. G. Chorus et al., 2008). Regret theory assumes that the preference structure of
decision makers is derived from the comparison between the alternative that the
decision-maker has chosen and the other considered alternatives, which are the
non-chosen alternatives. If the performance of non-chosen alternatives is better
than the chosen one, then the decision-makers’ regret would arise, or rejoice
would occurred otherwise. Therefore, the modified deterministic utility function
of decision-maker i consists of conventional deterministic utility and regret from

other alternatives (Eq. 2.19).
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MV, =V, +R; =V, + f (V; -V, ) Eq. (2.19)

Quiggin (1994) extended regret theory to the general situation (multiple
alternatives situation) and suggested that the regret of chosen alternative is
derived from the best-foregone alternative, which refers to principle of Irrelevance
of Statewise Dominated Alternatives (ISDA, Eq. (2.20)). This form of regret
removes the notion of the rejoice, that has symmetrical and compensatory nature
of utility. Subsequent papers about regret models in choice modeling do not
consider the rejoice in regret models. Therefore, random regrets in the choice

model have a characteristic of semi-compensatory rules.

R; =max,,; Ry, =max,,; f (V; -Vi,) Eq. (2.20)

Chorus et al., (2008), renowned paper of RRM, suggests the concept of regret
in discrete choice models by assuming that decision-makers minimize their regrets
while making judgment to minimize maximized regret, which is referred to as
RRmax (Rasouli & Timmermans, 2014) Following Quiggin’s (1994) ISDA
concepts, the specification of regret of Chorus et al., (2008) is shown in Eq.
(2.21), individual i’s regret with selecting alternative j compare to other

alternatives m, from linear level (continuous) attribute k. Eq. (2.21) captures
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negative emotion from attribute k selecting alternative j, which captures semi-
compensatory behavior of decision-maker i. This formation is similar to rectified
linear unit (ReLU) concepts, where negative values of regret (rejoice) become

zero, and only positive value of regret is activated. (Figure. 3)
Rimc = max[o,ﬂk (Ximk — Xijk )]1 Eqg. (2.21)

The total regret of individual i selecting alternative j compared to alternative m
is shown in Eq. (2.22). To satisfy ISDA restriction, the regret of individual i from
chosen alternative j is the maximum value of regret among the regret derived from

non-chosen alternatives m, shown in Eq. (2.23).

Rijm = Zmax[o’ B (Ximk — Xijk )] Eq. (2.22)

Rj =max,_; {Z max |:01 B (Ximk ~ Xijk )}} Eq. (2.23)

k

The discrete choice formation is similar to the multinomial logit model, except
for the replacement of deterministic part of regret R;. &; follows i.i.d., Gumbel

distribution (Eq. (2.24)). Therefore, the choice probability of individual i choosing

alternative j is shown in Eqg. (2.25), which represents the choice toward minimized
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maximum regrets from choosing alternative j.

RR; =—R, +¢; Eq. (2.24)

L] ]

o0( R

Son(R,)

P, = Eqg. (2.25)

However, the systematic regret form suggested by Chorus et al., (2008) has
two limitations. First, the form only regards the best of foregone alternatives,
which constrained ISDA assumption, whereas consumer intuitively feels the
regret from the presence of all the other foregone alternatives that perform better
than the chosen one. Second, the form of Eqg. (2.23) have nondifferentiable forms,
which creates difficulties in estimation and deriving marginal effects of
alternatives and elasticities. (C. G. Chorus, 2010)

Therefore, following from Chorus et al., (2008), Chorus (2010) proposed an
alternative specification of RRM, removing ISDA restriction from Chorus et al.,
(2008) and transforming regret as differentiable form. The systematic regret
model suggested in Chorus (2010) is shown in Eq. (2.27), which is called RRSum
(Rasouli & Timmermans, 2014) or PureRRM (van Cranenburgh, Guevara, &
Chorus, 2015).

Assuming that a decision-maker i faces a set of J alternatives with K attributes,
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a decision-maker i compare alternatives among a set of alternatives. For a
decision-maker i comparing alternative j and m, and considering alternative j, the
pairwise regret from attribute k, is shown in Eq. (2.26), which is a soft plus

functional form.
Rje»m = |Og (1+exp[ﬂk (ka - Xjk )) Eq (226)

The main difference between regret forms of Chorus et al., (2008) [Eq. (2.22)]
and Chorus (2010) [Eqg. (2.26)] is the smoothness of the functional form (Figure.
3). The caveat of each form is that RRmax is nondifferentiable form and RRsum

has no zero values on reference points.
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Figure 3. Functional Form of RRmax and RRsum

Systematic regret R;, from comparing all the alternatives in a choice set, is

shown in Eq. (2.27), therefore, the choice probability of alternative j is described

in Eq. (2.28).
R, = szllog [1+ exp{/}m (X = X0 )}} Eq. (2.27)
P = exp(R,) Eq. (2.28)

Zm:exp(—Rm)
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Chorus (2014b) suggests subtracting Iog(2) from pairwise logarithm in the

RRM model. At the reference point, in which X , =X, , the representation of

regret shows nonnegative in RRsum logarithm specification. Therefore, by

subtracting Iog(2) [Eg. (2.29)], the regret approaches to zero when the chosen

alternative has the same values in the attribute. However, this specification did not
change choice probability and therefore removed rejoice from regret. (Rasouli &

Timmermans, 2018)

Ri = ZZDOQ {1+ exp(,Bk (Xime = X ))} —~ Iog(Z)} Eq. (2.29)

m=j k

The specification of regret may show different results context by context. In
some decision contexts, the RRmax, based on ISDA principle, showed better
performance, whereas in another context, RRsum showed better performance.
Hensher et al., (2015) persisted that the model fit issue may have occurred based
on the choice set contexts. If someone recognizes the dominant alternative in the
choice set, relatively, then respondent feels regret from the dominant alternative,
and the difference between the alternatives is easily recognized by respondents. In
other cases, if all the alternatives are shown to be competitive in the view of the

respondents’, then the respondent feels regret while comparing the alternatives.
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In the context of comparing RRM (especially RRsum) with RUM, the main
differences between RUM and RRsum models are summarized as follows: 1A
property, parameter interpretation, and semi-compensatory behavior of RRM.
RRM does not exhibit the I1A property since the decision structure is made choice

set specific and affected by other alternatives. [Eq. (2.30)]

j=m

oxp| -3 Lloa 1+ exp 4, (. 1 )]

I#m

(-
(-R

exp( ZZlog 1+exp{ﬂm( - )}H Eq. (2.30)
s |

Hensher Greene and Chorus (2013) independently applied RUM and RRM
models into durable goods, vehicles with different fuel type choice behavior, and
compared RUM and RRM in the context of strategic choices. They believed that
the minimization of anticipated regret is an important factor when the choice
circumstances are believed to be difficult and important, which is suitable for a
durable good. Therefore, they suggested that the parameter estimated in RRM and
RUM should also be interpreted in different ways. The RUM parameters imply
the contribution of an attribute to the respondents’ utility of choosing an

alternative, whereas the RRM parameters imply the contribution of potential
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regret associated with an alternative. In conclusion, direct comparison between
parameters in RUM and those of RRM might be useless. Therefore, the direct
choice elasticities, which denotes the percent change in the probability occurred
when 1% change in the level of the attribute value, are comparable between RUM
and RRM model (Hensher et al., 2013). The decision-making structure of RRM
depends on the choice context, and the elasticities of RUM and RRM are each

shown in Eqg. (2.31), and Eq. (2.32).

oP. 2. V.
Eromy, = 5 :_”Zij (1— P.,) Eqg. (2.31)
Lo Ry ox
olnP. OR OR.
L = p—m - —1 Eq. (2.32
RRMx, axlm ;[ Jaxlmj axlm q ( )

As regret is derived from the difference in attribute values between
alternatives, RRM shows semi-compensatory or compromise behavior, contrast to
RUM has fully-compensatory behavior (C. Chorus, 2012).

There is another stream of literature in RUM and RRM, within-sample
heterogeneity. Hess et al. (2012) provided clear evidence of within-sample
heterogeneous structure. Then, Hess and Stathopoulus (2013), used a latent class

model and latent character traits to discern consumer heterogeneous decision-
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making structure. Also, they allowed within-class heterogeneity by using two-
stage latent class approaches. While specifying decision groups, they adopt
unobservable character traits as latent variables and divide RUM group and RRM
group with the latent class model, which the class inclusion probability depends
on latent traits.

Chorus, Rose & Hensher (2013), which the concept is similar to this
dissertation, suggested that the structure of the decision-maker depends on its
attributes, meaning that the structure of the deterministic part of the utility is
consistent with a mixture of utility and regret, called hybrid utility. The random
modified utility (RMU) or the hybrid RUM-RRM from choosing alternative i is

described in Eq. (2.33)

RMU, =MU; +¢ = D>, UM, + > RM,_

m=1...q m=q+1,...,M

= BoXmt D Z—Iog{1+exp[ﬂm(xjm—xim)]}Jrgi

m=L1...q m=q+1,..M j=i

Eq. (2.33)

Also, they suggested marginal willingness-to-pay (WTP) measures in this
hybrid model, directly in the comparison between random regret components and
random utility components (C. Chorus, 2012; C. G. Chorus et al., 2013).

Assuming that r-th attribute is the cost attribute, which can be RUM and RRM,

and t-th attribute represents an attribute excepts for the cost attribute, also RUM
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and RRM, the combination of four WTP is derived in Eq. (2.34)

wrprom __OMU; /oMU, _ 4
R aXit aXir ﬂr

s 5[4 Y2
WTPen' = /3 ;{—ﬂ/ £1+ % Xp[ 5 (X,-r Xir)ﬂ] Eq. (2.34)

2" / L“ %Xp[ﬂt(xitxit)]ﬂ
;[ﬂ/ (“ el A (x, —xi,)]}]

Chorus et al. (2013) noted that although the conventional WTP is defined in

WTPRM _
PRRM =

WTPEM | the existence of conventional WTP does not necessarily imply that

below WTP equations exist. As RRM is the choice set specific estimation, WTP
that includes RRM is the choice set specific and could be changed. However, they
also noted that WTP measures in RRM are well suited in various datasets. Also,
they suggested that allowing WTP concepts in a hybrid formation imply a more
vibrant interpretation of the trade-offs between alternatives. The WTP of RRM
takes a concave form, which suggests that the attribute increment in small amount
entails a considerable reduction in regret and the reduction decay as attribute
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difference become smaller.

After Chorus et al. (2013), several studies showed the validity of the hybrid
RUM-RRM framework in several datasets (Dekker, Hess, Arentze, & Chorus,
2014; Jinhee Kim, Rasouli, & Timmermans, 2017; Wang, Monzon, Di Ciommo,
& Kaplan, 2014). The prevailing opinion of these researches is that RRM and
Hybrid specification of RUM-RRM outperform RUM in many cases in terms of

model fit and predictive ability (C. Chorus, van Cranenburgh, & Dekker, 2014).

2.4 Limitations of Previous Research and Research Motivation

The current research has distinctive features when compared to previous
studies in two critical folds. First, the previous heterogeneous variable selection
methodology suggested by Gilbride et al., (2006) did not consider individual
characteristics toward attribute non-attendance behavior. The randomized latent
parameter simply explores which attributes are considered in respondents’ choice
situations. However, attribute non-attendance behavior is determined by the
characteristics of respondents or choice situations and is heterogeneous across
individuals. The HVS has only dealt with heterogeneity of respondents.

Also, the second drawback of the previous approaches was the encounterwith
heterogeneous decision rule behaviors. It has been difficult to recognize

heterogeneous decision rules individually. Although latent class approach was
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used to deal with heterogeneity of decision rules, the latent class model is not well
suited to capture the heterogeneity of individual decision structures.

Therefore, this study suggests a model that can overcome the above two
limitations. The goal of this dissertation is identifying individual decision-making
rule heterogeneity at a glance with respondents’ traits. Chapter 3 will suggest new

models that overcome such limitations.
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Chapter 3. Model

This chapter proposes a new methodology to analyze consumer preference in
decision-making strategy heterogeneity and consumer characteristics. Chapter 3.1
briefly overviews the overall framework of the new methodology. Next, Chapter
3.2 and Chapter 3.3 describes the proposed methodologies, a heterogeneous
variable selection choice model with covariates and a heterogeneous choice model

for respondent decision heuristic strategy in respective order.

3.1 Methodological Framework

This section proposes the overall suggested methodological framework of this
dissertation. The proposed methodology is in two folds: A heterogeneous variable
selection model with respondent covariates and a heterogeneous choice model for
respondent decision heuristic strategy. The methodology proposed in this
dissertation can provide the capability of analyzing heterogeneous respondents’
characteristics of variable selection and alternative decision heuristics. Figure. 4

and Figure. 5 each summarize the proposed modeling concepts.
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Figure 4. Schematic Illustration of the Proposed Model (1)
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Conceptually, individual-specific variable selection probabilities are affected

by individual characteristics (Zi) in model 1 (A Heterogeneous Variable

Selection Choice Model with Respondent Covariates). When the individual

characteristic determines the variable selection probability, it is determined

whether or not the specific variable is included in the model (). Afterward,
individual utility coefficients (ﬂ,) are extracted from within-sample averages

(B) to determine the individual utility of respondents.

The main difference between the HB multinomial logit with individual
covariates and the suggested model is that the suggested model not only reduces
individual utility parameters close to zero but also influences variance structure,
which eliminates the bias of estimation while eliminating unnecessary covariance
structures. Attribute presence and absence impacted both mean of utility and
choice variability significantly (Islam et al., 2007). Therefore, for an individual
level, eliminating covariance structures consequently reduces the bias of
individual utility. In the whole sample level, eliminating individual-specific
covariance structures consequently reduces the bias may occur while estimating
the elements of variance-covariance.

The proposed model excels in estimating respondents’ ANA behavior without
any additional complicated information. Although previous studies have shown

that ANA behaviors may be different depending on the characteristics of
47



respondents, previous research does not reflect the characteristics of respondents,
only depends on stochastic or semi-parametrized searching attendance behavior.
Also, the model for tracking ANA behavior by recording the respondent's eye-
tracking motion behavior through a sophisticated device is hard to obtain.
Although this direct observation of respondents’ ANA behavior is more delicate
and accurate, it is hard to apply in the conventional conjoint survey. Also, directly
tracking the ANA of the respondent only reflects on the final choice set formation
manually, which cannot guarantee better performance. This model has the
advantage in that it can estimate more precisely than the existing method because
it estimates the A-NA behavior through the characteristics of the respondents and

the response pattern of the respondents.
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Figure 5. Schematic Illustration of the Proposed Model (I1)
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3.2 Heterogeneous Variable Selection Choice Model with

Respondent Covariates

This section describes a heterogeneous SSVS choice model with respondent

covariates. The utility that respondent i obtains from choosing alternative j in

situation t is expressed as Eqg. (3.1), where ¢

1S 1.1.d. Gumbel distribution.

Uitj :Vitj +&y = BiXitj + &y = Z:Bikxitjk + &y Eqg. 3.1)
X

To incorporate heterogeneity into the stochastic search variable selection
suggested by George and McCulloch (1993, 1997), Gilbride et al., (2006) suggests
a method to specify heterogeneity variable selection (HVS). This proposal extends
the HVS model to incorporate respondents’ characteristics. Individual specific

utility coefficients are drawn from multivariate normal distribution in Eqg. (3.2).

ﬁi ~MVN (CriB’ CriVﬁCri)
C, =diag (7, 7500 T )

Eq. (3.2)
In Eq. (3.2), C, =diag(zy,7,,...7 ) is individual-specific variable selection

latent parameter of utility coefficients that permits which variables are used by
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individual i. V

, 1S a variance-covariance matrix of utility coefficient. To

efficiently draw individual-specific utility coefficient, this dissertation utilizes

affine transformation of i.i.d. normal distribution, as shown in Eqg. (3.3)

B =C.B+C.N,°p,
B, ~MVN (0,1, )=N(0,1)-N(0,1)-...-N(0,1) Eq. (3.3)

B =(BPorB)

The Vﬂl’2 is a lower diagonal Cholesky decomposition of variance-covariance

L : : : T
matrix, i.e., square root of the variance-covariance matrix V, =(V/}’2)(V;’2) :

Vg’z is drawn from LKJ correlation distribution with half-Cauchy distributed

standard deviation (Lewandowski, Kurowicka, & Joe, 2009). k refers to the
dimension of the matrix, 7 refers to the shape parameter of LKJ distribution,
which implies a uniform distribution of the correlation matrices when 7 =1, and
an identity matrix when 7 has larger value. @ is a standard distribution
parameter included in the half-Cauchy distribution, and larger @ implies

flattened thick-tailed distribution.

V,? ~ LKICov(k,7,@) Eq. (3.4)
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The betabar S , pooled parameter of utility coefficient is drawn from a
multivariate normal distribution with zero mean vector and identity variance-
covariance matrix [Eq. (3.5)]. Previous literature (Gilbride et al., 2006) uses more
flattened prior for betabar distribution. However, as it shows consistent results in
the suggested model, this dissertation used a standard multivariate normal

distribution for betabar.

B ~MVN(0,1)=N(0,1)-N(0,1)-...-N(0,) Eq. (3.5)

The diagonal component 7, €{c, 1} has a value of ¢ or 1, some small

coefficient ¢ which is small enough to reduce utility coefficient near zero and
one which allows inferences on the variables countered in decision making. This
dissertation uses ¢ =0.01, suggested from George and McCulloch (1993, 1997).

7, Is drawn from Bernoulli distribution where the probability of one is 6, , and

the probability of cis (1-6,).

7, ~ Bernoulli(4,) Eq. (3.6)

Gilbride et al., (2006) uses Beta distribution to draw 6, [Eq. (3.7)]. However,

the drawback of this hyper parametrization is that all respondents have the same
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probability with that of selecting specific attributes. Therefore, this dissertation
used latent parameters 6, that include respondents’ characteristics in linear form.
[Eq. (3.8)].

6, ~ Beta(a,b) Eq. (3.7)

6, ~ Beta(a,b) = Beta(ﬂik’ék)

a . -
Hoe = = logit Y(Z;-¢,) or probit™(Z;-¢,) Eq. (3.8)
4 = Hiy (1_:uik)
“ 1+a+b

The specification suggested in Eqg. (3.8) assumes that individual variable
selection is affected by individual characteristics. Individual i’s covariates, which

usually are individual characteristics and sociodemographic characteristic, are

noted as Z,. Then the mean of variable selection parameter is either inverse logit
or inverse probit of a linear combination of Z, and variable selection coefficient
¢, . Therefore, the coefficient £, captures the sociodemographic impact on

selecting variable k.

& ~MWN(z,0, ) Eq. (3.9)
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Then, the likelihood of choice probability L(£]Y) is shown in Eq. (3.10)

exp(X,yb:)
Zexp xlth )

L(81Y)=TTITR (% B1) =TT

Eq. (3.10)

As the suggested model is in hierarchical Bayesian setting, the posterior

distribution for the model is defined in Eq. (3.11).

P(V,, 8.7.0,51Y,X,Z)ox
~ B Eg. (3.11)
L(YIA)P(BIB.7.0.5)P(z10.0)P(01£)P(£)P(B)P(V,)
In this specification, as continuous distributions (Beta distributions, Normal
distributions, and half-Cauchy distributions) are drawn from NUTS sampler,
Bernoulli distribution from the variable selection is drawn separately from binary
Gibbs Metropolis sampling algorithm. Therefore, the conjugate form of the
posterior distribution of the proposed model is shown in Eq. (3.12), which takes a
conjugate form since the posterior distribution is composed of a combination of

exponential families.
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P(Vﬁ’5:7,9,§|Y,X,Z)oc
L IAP(AIA00L)PEI)PEP(RIP(,)

exp( Xy;B; )
B HHZGXD (X)) |

(-3¢, 0w, (e3¢, (-0 |

T(a+b) .\ w1l
BORDE }

o~V (c-n)|
e -2(5-5) (5-0) [ T

Eq. (3.12)

3.3 Heterogeneous Choice Model for Respondent Decision

Heuristics Strategy

In addition to the previously proposed model, Heterogeneous Variable
Selection Choice Model with Respondent Covariates, this section extends the
above model to identify decision heuristics: Heterogeneous Choice Model for
Respondent Decision Heuristics Strategy (HDH RUM-RRM). Assuming that two
forms of heterogeneous decision-making strategies being used among
respondents: Random Utility Maximization (RUM) and Random Regret

Minimization (RRM). Chorus (2010) hinted that linear additive structure and
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regret models can be included in a modified deterministic utility. The inclusion of
both decision-making strategies in the deterministic part of utility is of recent
interest in the academia and has already been covered in several fields of literature
(C. G. Chorus et al., 2013; Hensher et al., 2013). Especially, Chorus et al. (2013)
suggests a hybrid RUM-RRM model, which posits attribute by attribute difference
in the decision-making structure. As the referee of Chorus et al. (2013) pointed
out that there is no evidence that the units of the regret part and the utility part in
the hybrid decision-making structure are directly comparable, Chorus et al. (2013)
suggested that the estimated relative weights of regret part did not significantly
differ from one at any level of statistical significance. Therefore, it is concluded
that the hybrid of RUM and RRM model is comparable in all cases. Also,
empirical evidence in Chorus et al. (2013) suggested that a hybrid RUM-RRM
structure performs better than RUM-only and RRM-only models in terms of log-

likelihoods.

Assume that the attribute kg,, is processed based on RUM structure

(Keuw € RUM)) and the attribute kg, is processed RRM based decision-making

structure (Kgey € RRM ). This means that the attributes in RUM are evaluated

within utility maximization decision-making structure, and the attributes in RRM

are evaluated within regret minimization decision-making structure. Then, the

modified utility MU;; containing RUM and RRM decision-making structure is
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shown in Eqg. (3.13).

MU it~ Z VkRUM + Z RkRRM

Keun ERUM Keguy CRRM
= Z ﬁikRUM XitijUM Eq. (313)
Keuns €RUM

"5 sfeon{n e )]

Krrm ERRM ms j

Here, the most critical problem is identifying which attributes follow RUM
structure and which attributes follow RRM. In order to identify the structure, this
dissertation uses the heterogeneous variable selection technique of the previously
suggested methodology to isolate decision-making structure. For convenience, the
equation is not presented in the order of attributes, but let RUM be the attribute
shown first and RRM the attribute shown after. Here, note that the dummy
attributes are not included in structure heterogeneity since there is no structural
difference between RUM and RRM in dummy variable cases. Large a portion of
the papers in RRM fields analyzed without dummy, and dummy variable in RRM
is structurally similar to RUM (see Appendix. 4). Also, M.C. Dee (2016) quoted
van Cranenburgh’s phrase, that dummy variable has structural similarities in RUM

and RRM formula. Therefore, continuous attributes are encountered in structure

heterogeneity. Let the number of dummy attributes be k, , and the number of

continuous attributes k., then the modified utility coefficients for individual i can
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be described as Eq. (3.14).

ﬁi = (ﬂiDUMMY uBiRUM ’ﬂiRRM )

Eq. (3.14)
= (ﬁiDUMMYl 1 ---’:BiDUMMka 'ﬂiRUM1 e ﬂiRUMkc 'IBiRRM1 1 ---':BiRRMkC )

Before incorporating the structure from Eqg. (3.2), dummy attributes cannot be
encountered in structure heterogeneity. Therefore, the individual-specific structure

selection latent parameter is described in Eq. (3.15).

C, =diag (]'iDUMMY 1 Tirum + Tirrm )

= diag (L L, Tonsr Tion, » T, o+ e, ) Eq. (3.15)

= diag (lu---!lkd 1 Zirum1r ++s TiRum, 7(1_TiRUMl)7""'(1_TiRUMkC ))

In Eq. (3.13), if an attribute is selected as RUM, 7, =1, then the paired
RRM parameter is equal to zero, ey, :(1_TiRUMk>:O' In other cases, if an

attribute is selected as RRM, then zp,y =0 and 7, :(l—riRUMk):l.

Therefore, the actual draw of the structure selection parameter is the size of

continuous attributes in a choice set. As C, selected, individual-specific

modified utility coefficients are drawn from multivariate normal.
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B ~MVN(C,B, C,V,C,) Eq. (3.16)

To efficiently draw the individual-specific modified utility coefficient, the

same technique used in Eq. (3.3) is also used in the same manner.

In Eqg. (3.1), it is meaningless to use y; into the deterministic part of the utility,

because even without y,, the excluded g, naturally converges to zero. However,

the regret part of the modified utility converges to Iog(2) it L., =0.

Therefore, to reduce regret parts to zero, y,  is multiplied in the regret part of

the modified utility if regret structure is not selected [Eq. (3.17)].

MU i — Z VkRUM + Z RkRRM

Kzum €ERUM Kgrm €RRM

= Z j/ikRUM ﬂikRUM xitijUM Eq (317)

Kaun €RUM

+ Z Y ikee Z—['og {1+eXp('BikRRM (XitmkRRM = K ))H

Kerw €RRM mj

As implied in Chorus et al., (2013), the modified utility has no identification
problem with logit specification, and this dissertation used logit specification for

the modified utility. Therefore, the equation for the choice model is shown in Eq.

(3.18), and the error term &, follows i.i.d. extreme value distribution.
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RMU,, =MU,, +&, Eq. (3.18)

The remainder of the specification is the same as Chapter 3.2 and is

summarized as below.

V2 ~ LKJCov(k, 7, @)

Ua\ (e ua\T Eg. (3.19)
Vs :(Vﬁ )(Vﬂ )
ﬂ = C 'B+Cr|vﬁ1/2ﬂi
B, ~MVN (0,1, )=N(0,1)-N(0,1)-...-N(0,1) Eq. (3.20)
B :(,Bl Bz ---- BK)
B~MVN(0,1)=N(0,1)-N(0,1)-...-N(0,2) Eq. (3.21)
Ti,,, ~ Bernoulli (QKRUM )

Eq. (3.22)

Tikepu :(1_TikRUM)
6,.,, ~ Beta(a,b)= Beta( 7O )
i =a;:b= logit™(Z; -5, ) or probit™(Z,-¢, ) Eq. (3.23)

\/:ulkRUM lulkRUM
P = 1+a+b
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S ~ MVN (ZkRUM 'O ) Eq. (3.24)

exp(MUy, )

Likelihood = HH s (X 1BY:) HHZexp MU, ) Eq. (3.25)

P(V,. B.7.0.L 1Y, X,Z)
L(Y|8)P(B1B.7,6,C)P(01¢)P(¢)P(B)P(V,)

eXp[ Z Yicem Bk Ritam T Z Vikeg Z_[IOQ {1+ exP(ﬁikWM (Xitmkm = Kt ))}H

1—[ Keum ERUM Ken ERRM m=j )
l ZeXp[ Z ;/ikqu ﬂiknw Xi‘j'kww + Z Vikeew z—[log{1+exp(ﬂlkw (Xi(j"kRnM _Xiq‘kPRM ))}:U Eq' (3'26)

ke ERRM i

3.4 Model Validation

This section validated the proposed models via synthetic data. For the purpose

of validation, this dissertation generated synthetic data for each model and
compared the results with baseline models. Also, the performance of the model
was compared with log-likelihood of choice probability and information criterion:

Widely Applicable Information Criterion, also known as Watanabe-Akaike
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Information Criterion (WAIC) and Leave-One-Out Cross-validation (LOO).

3.4.1 Bayesian Model Fitness Measure: WAIC and LOO

WAIC and LOO are the measures for estimating out-of-sample pointwise
prediction accuracy after the Bayesian inferencing models, which has the
advantage over standard criteria such as AIC and BIC to calculate within-sample
fits, except for more massive computation costs. (Gelman, Hwang, & Vehtari,
2014; Vehtari, Gelman, & Gabry, 2017)

WAIC is a Bayesian Criterion that estimates out-of-sample expectation. WAIC
is a full Bayesian statistic that uses the entire posterior distribution, and it is
asymptotically equal to LOO. WAIC uses the computed log pointwise posterior
predictive density for measuring model fit and the effective number of parameters
to penalty over-parameterization (Watanabe, 2010). The estimation of WAIC is
simply described in Eq. (3.27). Watanabe (2010) suggested that WAIC is an
asymptotically unbiased estimation of the out-of-sample prediction error.
However, Gelman et al. (2014) suggested that in hierarchical models with weak

prior information, the good characteristics of WAIC no longer hold.

62



WAIC = —2'(LPPD — P)
LPPD: log posterior predictive density
LPPD =" log(mean likelihood, ))

P: effective number of free parpameters Eq. (3.27)
3, = log(mean likelihood, ))
b, = mean (log (likelihood, ))

P :ZZ-(ai—b,)

Leave-One-Out Cross-Validation (LOO) is asymptotically equivalent to the
Akaike Information Criterion in regular statistical models. LOO calculates leave-
one-out predictive density without the i-th data point of given data [Eq. (3.28)].
PSIS-LOO (Pareto Smoothed Importance Sampling Leave-One-Out), which apply
a Pareto distribution to smoothing procedure to important weights, which deducts
more robustness in the finite case with weak priors compared to WAIC (Vehtari et

al., 2017).

LOO = Z Iog( Poosi( 1) (Vi ))

ZZIOQ(I p(vi16")p(01y.)do)
=Zlog(égp(yi|0‘5)j

0" : posterior simulations

Eq. (3.28)
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For the validation, the above two measures were used to compare model fit
performance. Although WAIC has limitation in only being appropriate for finite
samples and LOO is limited in that it relies on a subset, both models are

appropriate for comparison in this dissertation.

3.4.2 Model validation (I): Heterogeneous Variable Selection

Choice Model with Respondent Covariates

This section discusses the validity of a heterogeneous variable selection choice
model with respondent covariates. For the purpose of comparison, HB mixed logit
model and HB mixed logit with covariates model, Heterogeneous variable
selection logit model (HVS Logit) (Gilbride et al., 2006) and the proposed model,
(hereafter HVSC Logit) are estimated. Four measures of model fitness were
estimated: log probability of choice (hereafter log-likelihood), target ratio, WAIC,
and LOO. The target ratio is a matching ratio of variable selection, which counts
as correct if the estimated selection variable is the same as the pre-assigned value
of synthetic data. Experiments were conducted ten times to check consistency
with different coefficient values. In repeated experiments, the model showed
consistent results. This section reports one synthetic data to show the validity of
the model. Specification of synthetic data is shown in Table 2.

The synthetic data consists of 300 samples, with 10 choice situations per
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individual. The choice set consists of four alternatives with three attributes.
Attributes and respondents’ characteristics are drawn from standard Gaussian
distribution. The utility coefficient betabar is arbitrarily assigned as 1,2,3.
Individual utility coefficients are drawn from a multivariate normal distribution
with the mean as betabar and variance-covariance as three by three identity matrix.
Respondents’ characteristics for variable 1 is 1, 2, variable 2 is 1, 3 and variable 3
is 2, 3. Then, the variable selection parameter is determined by inverse logit of the
dot product of respondents’ variable selection coefficient and respondents’
characteristics. Lastly, individual utility coefficients are drawn from a multivariate
normal distribution with the dot product of respondents’ latent variable of variable
selection and betabar. Therefore, the individual variable selection behavior is
reflected in individual betas. With the same data, three models (HB (Mixed) Logit,

HB (Covariates) Logit, HVS Logit and HVSC Logit) are estimated.
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Table 2. Specification of the Synthetic Data (Model 1)

Parameters

Specification

Number of samples (i) 300
Number of choice situation per individual (t) 10
Number of Alternatives ( j) 4
Number of Attributes (k) 3
Attributes (X, ) Xy ~ N(0,2)
Respondents Characteristics (Z;) Z,~MVN(O,1)
Mean of individual utility coefficients (E) B=(123)
12
Respondents Variable Selection Coefficients (<) ¢=|13
23

Latent coefficient of variable selection ()

) ={1 inviogit(£Z,)>.5

0 O.W.

Individual utility coefficients (fB;)

B, ~MWN(C,B.C,IC, )
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Table 3. Model Fit Comparison (Model 1)

LogProb (LL) Target WAIC LOO

(higher, better) (higher, better) (lower, better) (lower, better)

(S.D.) (SE) (SE)
-681.47 1476.57 1518.06
HVSC Logit 97.1%
(15.58) (48.93) (49.89)
-684.23 1529.64 1595.55
HVS Logit 93.8%
(19.04) (49.85) (51.43)
-769.12 1965.44 2122.59
HB (Mixed) Logit
(23.80) (61.49) (64.78)
-767.97 1966.79 2127.09
HB (Covariate) Logit
(25.14) (61.59) (64.65)

In the hypothetical situation, The suggested model shows good performance
above all models, in the most measures that | considered (Table 3). In perspective
of prediction, log-likelihood of choice probability is almost similar but slightly
lower in HVSC Logit model compare to the HVS Logit model. However, other
trials show slightly better performances on it. Both HVS Logit and HVSC Logit
model shows significant better log probability than HB Logit model. Target rate of
HVSC Logit model (97.1%), which identify variable selection, shows higher
prediction than HVS Logit model (93.8%). Both of WAIC and LOO of HVSC
Logit shows better performance compare to HVS Logit. For the comparison of
hierarchical Bayesian models, LOO is a more suitable measure (Vehtari, Gelman,

& Gabry, 2015). Loo shows more difference in HVSC Logit and HVS Logit model.
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Table 4. Comparison of Information Criterion - WAIC (Model I)

WAIC pWAIC dWAIC weight SE dSE
HVSC Logit 1476.57 88.52 0 0.96 48.93 0
HVS Logit 1529.64 125.26 53.07 0.04 49.85 13.85
Mixed Logit 1965.44 33241 488.87 0 61.49 31.86
HB Logit 1966.79 334.99 490.22 0 61.59 32.45
O WAIC
HVSC Logitf —O—— — SE of WAIC
HVS Logit | —_—s—
Mixed Logit —_— e
HB Logit | —_— e

1400 1500 1600 1700 1800 1900 2000
Information Criteria Deviance

Figure 6. Comparison Diagram of WAIC (Model I)
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Table 5. Comparison of Information Criterion - LOO (Model I)

LOO pLOO dLOO weight SE dSE
HVSC Logit 1518.06 109.27 0 0.97 49.89 0
HVS Logit 1595.55 158.21 77.49 0.03 51.43 15.73
Mixed Logit 212259 410.98 604.53 0 64.78 35.32
HB Logit 2127.09 415.14 609.03 0 64.65 35.58
O LOO
HVSC Logitf —6— — SE of LOO
HVS Logit | —e—
Mixed Logit —_——
HB Logit | —e—

1500 1600 1700 1800 1900 2000 2100 2200
Information Criteria Deviance

Figure 7. Comparison Diagram of WAIC (Model I)
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More details on WAIC (Table 4) and LOO (Table 5) comparisons are
suggested in the tables above. Akaike weights (fourth column of each table) are
used in model comparison. The presented Akaike weights indicate 0.91 weights
on HVSC Logit in WAIC and 1 weight on HVSC Logit in LOO, and also shows
that the suggested model is appropriate. The penalty measure (second column of
each table, pWAIC, and pLOO) shows that the lowest values on the HVSC Logit
model. This also suggested that an increment of parameters leads to a more
accurate estimation.

Simulation results show no covariance structures on HVSC Logit. Although
the synthetic data did not assume covariance structure on utility coefficients, HVS
Logit and HB Logit estimated significant covariance parameters. Due to the
elimination of an unnecessary covariance, accurate, and unbiased estimation

results were obtained in HVSC Logit model.
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Table 6. Simulation Results with Synthetic Data

HVSC Logit HVS Logit HB Logit True Value
Mean S.D. Mean S.D. Mean S.D.

Betabar_0 3549 * 0.434 3.248 * 0.742 1122 * 0.181 1.000
Betabar_1 7419 * 0.507 6.878 * 0.567 2985 * 0.291 2.000
Betabar_2 9985 * 0.427 8328 * 0.661 4086 * 0.379 3.000

Theta_0 0.383 * 0.040 0.446

Theta_1 0.552 * 0.037 0.48

Theta_2 0.560 * 0.037 0.493
dBeta_0_0 0.980 * 0.122 1
dBeta 0 1 1796 *  0.129 2
dBeta_1 0 0.804 * 0114 1
dBeta 1 1 1.940 * 0114 3
dBeta_2_0 0.959 *  0.109 2
dBeta_2_1 1685 * 0.105 3
Sigma_0_0 43.646 *  9.909 66.905 * 24.261 7614 * 1.391
Sigma_0_1 8.962 14.934 17.112 14.980 -0.293 0.813
Sigma_0_2 -0.220 4.137 -1.283 22.104 -0.681 1.022
Sigma_1 1 26.546 *  5.655 33262 * 8.497 15917 * 2.805
Sigma_1 2 -2.444 2.484 -24.036 11.280 -4.640 * 1.582
Sigma_2_2 2261 * 1.740 42,262 * 13.987 28.865 * 4.890
bprecision 9.687 *  0.289
Choicelogp -869.423 14.844 -857.153 17.235 -985.600 25.260

Target 97.1% 93.8%

WAIC 1851.57 1900.05 2453.28

LOO 1901.61 1977.93 2600.86
* Significance at the 1% levels
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Figure 10. Density Plot and Trace Plot of HVSC Logit Model
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3.4.3 Model validation (I1): Heterogeneous Choice Model for

Respondent Decision Heuristics Strategy

This section discusses the validity of heterogeneous choice model for
respondent decision heuristics strategy. For the purpose of cross-validation, HB
random utility maximization model (hereafter RUM), HB random regret
minimization model (hereafter RRM), Heterogeneous choice model for
respondent decision heuristic strategy between RUM and RRM (hereafter HDH
RUM-RRM) and Heterogeneous choice model for respondent decision heuristic
strategy with covariates between RUM and RRM (HDH Cov. RUM-RRM) are
estimated. Similar to Section 3.5.2., four measures of model fitness were
estimated: log probability of choice (log-likelihood), target ratio, WAIC, and LOO.
The target ratio is matching ratio of model selection, which counts as correct if the
estimated selection is same with pre-assigned structure between RUM and RRM
of synthetic data. Experiments were also conducted ten times to check consistency
with different coefficient values. In repeated experiments, the model showed
consistent results. This section reports one synthetic data to show the validity of

the model. Specification of synthetic data is shown in Table 7.

73



Table 7. Specification of Synthetic Data (Model I1)

Parameters Specification
Number of samples (i) 300
Number of choice situation per individual (t) 10
Number of Alternatives ( j) 4
3
Number of Attributes (k) (a dummy attribute,

two continuous attributes)

Attributes (X ) X, ~N(0,2)

itjk

Respondents Characteristics (Z;) Z,~N(0,1)

F = (Bdummw Bconti—RUM ! Bconti—RRM )
Mean of individual utility coefficients (B) Baummy = (1)1 Beonirum =(2.3),

Bconti—RRM = (2’ 3)

Individual utility/regret coefficients (B;) B, ~ MVN(B.V,)

Respondents Characteristics Coefficients ()

™
Il

;3
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Table 8. Model Fit Comparison (Model I1)

LogProb (LL) Target WAIC LOO

(higher, better)  (higher, better)  (lower, better)  (lower, better)

(S.D) (SE) (S.E)
HDH Cov. -454.607 1191.40 1260.50
80.30%
RUM-RRM (20.304) (49.64) (52.13)
HDH -464.109 1220.79 1291.15
60.00%
RUM-RRM (22.117) (46.07) (49.03)
-557.392 1397.27 144457
RUM
(20.084) (61.54) (63.16)
-1021.406 2306.34 2332.01
RRM
(21.993) (78.10) (79.96)

Overall performance measures showed better performance for the proposed
model, HDH Cov. RUM-RRM. In terms of prediction, log-likelihood of choice
probability in the HDH Cov. RUM-RRM model is slightly higher than the HDH
RUM-RRM model, but not statistically significant. The target ratio, which
measures whether the respondents have the RUM structure or the RRM structure,
was found to be significantly higher in HDH Cov. RUM-RRM model, which
means that sociodemographic characteristics help finding consumer decision
structure heterogeneity. WAIC and LOO each show the lowest values on the HDH

Cov. RUM-RRM model.
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Table 9. Comparison of Information Criterion - WAIC (Model I1)

WAIC pWAIC  WAIC difference AWeight

S.E. S.E. difference

HDH Cov. RUM-RRM 11914  217.58 0 (base) 0.65 49.64 0 (base)
HDH RUM-RRM 122079  226.51 29.39 0.21 46.07 25.82
RUM 1397.27  225.38 205.87 0.14 61.54 47.1
RRM 2306.34  218.34 1114.94 0 78.1 66.94
O WAIC
HDH Cov.
RUM-RRM [ —©— — SE of WAIC
HDH
RUM-RRM [ ©
RUM ——
RRM | ——
1200 1400 1600 1800 2000 2200 2400

Information Criteria Deviance

Figure 11. Comparison Diagram of WAIC (Model 1)
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Table 10. Comparison of Information Criterion - LOO (Model 1)

LOO pLOO LOO difference  Aweight S.E. S.E. difference
HDH Cov. RUM-RRM  1260.5 252.14 0 (base) 0.61 52.13 0 (base)
HDH RUM-RRM 1291.15 261.69 30.64 0.18 49.03 26.95
RUM 144457 249.03 184.07 0.22 63.16 48.56
RRM 2332.01 231.17 10715 0 79.96 67.82
O LOO
HDH Cow.
HDH
RUM-RRM [ S
RUM [ ——
RRM | —_——
1200 1400 1600 1800 2000 2200 2400

Information Criteria Deviance

Figure 12. Comparison Diagram of LOO (Model 1)
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Table 11. Simulation Results with Synthetic Data (Model I1)

HDH Cov. RUM-RRM HDH RUM-RRM RUM RRM
Variables Mean S.D. Mean S.D. Mean S.D. Mean S.D. True Value
(Dummy)
Beta_0 1.611* 0.155 1.653* 0.163 1.568* 0.160 0.929* 0.104 1
(RUM)
Beta_1 4.55* 0.298 4.834* 0.326 4.799* 0.238 2
Beta_2 6.819* 0.363 6.678* 0.405 6.756* 0.322 3
(RRM)
Beta_1' 4.084* 0.298 3.828* 0.287 2.278* 0.139 2
Beta_2' 3.926* 0.292 3.819* 0.328 2.098* 0.131 3
(Beta_1)
dBeta_1 0 0.678* 0.181 1
dBeta_1_1 1.971* 0.256 3
(Beta_2)
dBeta_2_0 0.475* 0.176 2
dBeta_2_1 1.590* 0.216 3
Theta_1 0.498* 0.052 0.486
Theta_2 0.723* 0.039 0.510
Sigma_0_0 1.083* 0.547 1.047* 0.480 1.546* 0.575 0.368* 0.208
Sigma_0_1 0.077 0.392 0.384 0.397 0.042 0.373 0.154 0.134
Sigma_0_2 0.012 0.274 -0.039 0.257 0.162 0.386 0.223 0.127
Sigma_0_3 -0.175 0.312 -0.266 0.345
Sigma_0_4 -0.072 0.218 -0.078 0.193
Sigma_1_1 3.062* 1.195 1.744* 0.847 2.250 0.545 0.970* 0.259
Sigma_1_2 -0.311 0.473 -0.025 0.289 -0.615 0.387 0.375* 0.149
Sigma_1_3 0.038 0.663 -0.173 0.505
Sigma_1 4 -0.052 0.371 -0.074 0.254
Sigma_2_2 0.920* 0.796 0.573* 0.607 1.458* 0.658 0.790* 0.197
Sigma_2_3 -0.046 0.300 -0.060 0.286
Sigma_2_4 -0.029 0.189 -0.002 0.147
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(Continuous of Table 8)

Variables Mean S.E. Mean S.E. Mean S.E. Mean S.E.

Sigma_3_3 1.256* 0.675 1.469* 0.622

Sigma_3 4 0.170 0.348 0.188 0.311

Sigma_4 4 0.383* 0.478 0.353 0.401

precision 8.506 1.039

Choicelogp -454.600 20.304 -464.110 22.117 -557.392 20.084 -1021.406 21.993
Target 80.30% 60.00%
WAIC 1191.40 49.64 1220.79 46.07 1397.27 61.54 2306.34 78.10

LOO 1260.50 52.13 1291.15 49.03 144457 63.16 2332.01 79.96

* Significance at the 1% levels

The main difference between the HDH Cov. RUM-RRM and the HDH RUM-

RRM model is the target ratio. Without the respondents’ characteristics, the target

ratio is quite lower in the HDH RUM-RRM model. In Akaike Weights (fourth

column of Table 9 and Table 10), no criterion weights on RRM model, although

within sample RRM structure is assumed. RUM and HDH RUM-RRM gets small

Akaike weights, and HDH Cov. RUM-RRM model gets majority weights on both

criterions. Therefore, it is conclusive that the suggested HDH Cov. RUM-RRM is

acceptable, and the model validity is obtained.
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Chapter 4. Empirical Studies

4.1 The Study on Consumer Choice Behaviors in High-Tech
Goods 1 — Zero Energy House (ZEH)

This section reports the empirical results of the suggested models in zero
energy house choice behavior. The proposed two models and baseline reference
models are estimated, and the results of these models are reported in Appendix 3.
This section discusses the empirical results of suggested models and information

criterion of the models.

4.1.1 Introduction

Many developed countries have been setting up the objectives to cope with
climate change and established energy policy to reduce greenhouse gas (GHG)
and incorporate energy demand management. Korea is the fifth-highest country in
energy consumption and sixth-highest country in GHG emission among OECD. In
November 2009, the Korean government officially announced that a voluntary
mid-term goal of greenhouse gas emission reduction, 30% of the business-as-
usual (BAU) (Korea Ministry of Environment, 2015b). After the United Nations

Climate Change Conference at Paris on June 30, 2015, Korea decided to reduce
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37% of the 2030 emissions forecast (BAU, business-as-usual) of 850.6 million ton
of CO2 (Korea Ministry of Environment, 2015a) and announced it INDC
(Intended Nationally Determined Contribution). However, many were unsure
about whether Korea could reach carbon emission reduction targets at home and
abroad. These skepticisms were due to the uncertainty of overseas treatment,
which accounts for a third of the total reduction target. Korea’s Ministry of
Environment announced a new energy consumption reduction strategy that covers
practical measures?® in various industrial fields including the industrial sector,
building sector, transportation sector, waste sector, and power generation sector
(Korea Ministry of Environment, 2018).

According to the IPCC, GHG emissions from building accounts for about 19%
of total emissions, trailing industrial sector’s 31%. Of the carbon emissions from
the building, 53% of the total emissions are from residential buildings (T. Kim,
2017). Also, Choi (2016) noted that energy consumption in the building sector

accounts for 19% of the total energy consumption in Korea. The implementation

L' (Common) Expansion of energy demand management by sector, insulation of cooling and heating,
improvement of equipment efficiency, improvement of old facilities

(Conversion Division) The 8th Electricity Supply and Demand Plan, which includes comprehensive measures
to reduce fine dust, including the early closure of aged coal power plants

(Industrial sector) Improvement of energy utilization efficiency by industry sector, improvement of industrial
process, replacement with environment-friendly raw materials and fuel, high efficiency reduction technology,
substitution of greenhouse gas refrigerant, carbon capture and storage utilization technology, etc.

(Building division) Strengthening the approval standards for new buildings, green remodeling of existing
buildings, finding business models related to urban regeneration, and expanding renewable energy supply
(Transportation) Expansion of eco-friendly cars, strengthening automobile fuel efficiency standards,
improving fuel efficiency of ships and aircraft

(Waste sector) Reduction of waste by source, workplace, construction, etc. Reduction of recycling, recycling,
minimization of landfill, methane capture and resources
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of zero energy building can be a crucial solution to resolve energy security
problems. Therefore, demand management of the residential building is one of the
critical issues in energy demand management and carbon emission sector.
Consumer acceptance analysis is needed for the successful policy implementation.

A zero-energy building is a residential or commercial building that has
improved energy efficiency and renewable energy generation facility to fulfill its
energy demand on its own (Torcellini, Pless, Lobato, & Hootman, 2010). In order
to achieve reasonable level of energy efficiency, zero energy buildings are
constructed to minimize energy loss by installing insulation or energy-efficient
facility and to generate energy through the installation of renewable energy
facility for energy self-sufficiency. However, in reality, zero energy buildings are
constrained by technological constraints and capital constraints. Installing such
apparatus must entail an increase in construction costs; and many construction
firms are unfavorable toward such cost increase. Even if the government provides
subsidies, if consumer acceptance cannot accommodate this cost increase,
implementation of the zero-energy policy will be difficult. Therefore, this section
focuses on the consumer acceptance of zero energy house (ZEH). Through the
analysis of consumer acceptability, this dissertation intended to derive the
acceptability of zero energy house via suggested methodology.

Since the zero energy house has both environmental and residential attributes,

both factors must be considered. In order to simplify each characteristic as simple
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as possible, the survey contained the most important factors of many residential
properties, accessibility, and property of large construction companies. There are
many properties in the residential property (area, number of floors, school district,
residential environment, house orientation, interior materials, accessory facilities,
and so forth) In order to show them implicitly, the survey was contained
accessibility (including locality, environment, school district, etc.) and large
construction companies (premium apartments; interior materials and accessories).

In order to express environmental attributes, in short, the survey included the
reduction of utility costs (directly related energy usage reduction) and reduction of
carbon emissions. Besides, many studies have implied the NIMBY phenomenon
for the installation of solar panels, so the survey included the attributes of
installing solar panels to observe the acceptance.

The attributes related to the residential property are reflected in the market
price. For sensitivity check, marginal willingness to pay for a significant firm
brand apartment is estimated as 1.2 million won per 3.3m2 This result is
consistent with the market price of major firm brand apartment. The market price
difference between brand apartment and small and medium firm apartment is in
between 0.8 million won per 3.3m?, and 3.5 million won per 3.3m?. As the amount
of willingness-to-pay and the market price form a similar price, it can be
confirmed that the attribute level and alternative setting of this questionnaire are

appropriately formed and reflect the consumers' preferences.
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4.1.2 Data Descriptions

For empirical analysis, this dissertation collected data from the hypothesized
conjoint survey. The survey was performed in March and April, 2019, and
conducted face-to-face interviews by Gallup Korea. A total of 701 households
participated in the survey, who populated in Seoul and metropolitan area and five
major cities (Busan, Incheon, Daegu, Daejeon, and Gwangju). The interviewees
were chosen by probability sampling with a quota to have representative
demographic characteristics.

The survey processed as follows. First, interviewees were asked about their
sociodemographic information such as gender, age, residential area, and so forth.
Then, the interviewer asked about the respondents’ level of awareness about
technology and the environment. Afterwards, the interviewer described the
attribute and its level in the conjoint questionnaire and the interviewee choose an
alternative in conjoint sets. The descriptive statistics of socio-demographic
characteristics of survey respondents are shown in Table 12 and continuous
characteristics of socio-demographic characteristics are described in Table 13.
Descriptions and levels of attributes in the conjoint surveys are shown in Table 14.
The ratio of the respondents represents Korean residents, in terms of gender, age,

residential area, and residential type (Table 12).
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Table 12. Socio-Demographic Characteristics of the ZEH Survey Respondents

Category Group Frequency Percent
Male 353 50.36
Gender

Female 348 49.64
1 78 11.13
2 72 10.27
Family Number 3 140 19.97
4 352 50.21
5> 59 8.42
Metropolitan Area (near Seoul) 350 49.93

Residential Area
Else 351 50.07
20s 163 23.25
30s 167 23.82

Age
40s 183 26.11
50s 188 26.82
Apartment (Complex) 238 33.95
Residential Type Apartment (Small) 158 22.54
Etc (Detached, Studio) 307 43.79
> 1hr 84 11.98
lhr—2hr 389 55.49
Commute

2hr-3hr 209 29.81
<3 hr 19 2.71
Home Owner & Secured 642 91.58

Ownership Type
Pay Rent 59 8.42

Total 701
Table 13. Descriptive statistics of Continuous Variables
Mean Std. Dev.

87



Average Heat Costs (Unit: 1,000 KRW)

Eco Perception

High-Tech Perception

124.9 52.755
3.499 0.49
3.996 0.447

Table 14. Attributes in ZEH Conjoint Cards

Attribute Description Level
(Dummy Attributes)
Whether ZEH is built by a construction Middle and small (baseline)
Major Firm
conglomerate Major Conglomerate
Whether to install a renewable energy generating
Not Installing (baseline)
Renewable facility such as a geothermal or solar panel for
Installing
energy produce.
the air quality and energy efficiency vary among vent
type, Natural ventilation by opening windows, Natural Ventilation (baseline)
Vent Type Mechanical ventilation that help maintain air quality Mechanical ventilation
and Heat recovery ventilation that help maintain air Heat Recovery Ventilation
quality and reduce energy use.
(Continuous Attributes)
5minute by walking (500M)
Access Time

Walking distance to schools and public transports.

10minute by walking (1KM)
15minute by walking (1.5KM)

Reduction of
CO2 emission

(Co2 Reduction)

CO2 emission reduction per a household

30% (1.2tonCO2 per year)
60% (4.8tonCO2 per year)
90% (8.4tonCO2 per year)

Utility Cost Percentage of cost-saving of energy use such as Save 30%
Saving lighting, heating, cooling in a Zero Energy Save 60%
(Cost Save) Apartment. Save 90%
1,000,000KRW increase
Cost Price increase per 3.3m? (1 py) compared to the
2,000,000KRW increase.
(Cost) current residential apartment

3,000,000KRW increase
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The conjoint survey used in this dissertation includes major firm, renewable,
ventilation type, access time, reduction of CO2 emission, heat cost (energy)
saving and cost increase as attributes of zero energy house (Table 14). Such
attributes are selected after careful review of previous literature.

In the case of Korea, the brand value of apartments built by large construction
conglomerate is higher than mid-sized construction firms (Hwang & Lee, 2015).
These brand values are reflected in apartment sales prices and real estate
transaction prices. The brand value is measured with the major firm attribute. In
addition to the characteristics of zero energy building, accessibility is a factor that
has great impact on consumers’ choice of a residential building. Through the time
taken to the main facilities, such as school and transportation station, the attribute
of accessibility of the building is evaluated via walking through 5minutes
(approximately 0.5KM), 10minutes (approximately 1.0KM) and 15minutes
(approximately 1.5KM) (Louviere & Timmermans, 2010; Zondag & Pieters,
2005).

Renewable energy must be installed to achieve the goal of zero energy house.
However, there are prior studies that insist the degradation of consumer
acceptance of landscaping due to the installation of renewable energy (Zoellner,
Schweizer-Ries, & Wemheuer, 2008). Installing a PV panel may cause damage

such as inhibiting landscape and interference with reflected sunlight. Therefore,
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the conjoint survey includes renewable energy installation attributes to understand
the preference of respondents toward installing renewable in the apartment
complex.

Installation of Ventilation is also included since ventilation is one of the
essential features of zero energy buildings, keeping air quality and temperature at
a consistent level. The three options are included; natural ventilation (baseline),
mechanical ventilation, and heat recovery ventilation. Although mechanical
ventilation is relatively cheap, it is simply a device to maintain air quality. Heat
recovery ventilation can ensure air quality and homeostasis at room temperature
but is quite expensive. To improve energy efficiency from heating or cooling, zero
energy buildings must be equipped with heat recovery ventilation. Therefore, the
three options of ventilation are included.

And then, the survey included amount of CO2 reduction per year. Due to high
energy efficiency of zero energy building, carbon emissions from zero energy will
be reduced compared to conventional buildings. To find out consumers’ utility
toward reducing carbon emission, the survey included reduction of CO2 emission
about 1.2 ton CO2 per year, 4.8 ton CO2 per year and 8.4 ton CO2 per year.

Besides homeostasis, the essential benefit of zero energy house is reduction of
utility (heat and electricity) cost. High energy efficiency and energy generation
facility contribute significantly to the reduction of utility costs. Also, the reduction

of utility measures energy efficiency simultaneously. Therefore, three-level of heat
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cost saving is included as 30% reduction, 60% reduction, and 90% reduction.

As mentioned earlier, construction of zero energy house is accompanied by an
increase in costs. According to the Korea Ministry of Land, Infrastructure, and
Transportation (2018), the construction cost must increase by at least 30%.
Therefore, the cost is suggested in three levels, 1,000,000 KRW increase per
3.3m? (about 933 USD) 2, 2,000,000 KRW increase per 3.3m? (about 1,866 USD)

and 3,000,000 KRW increase per 3.3m? (about 2,799 USD).

4.1.3 Empirical Results

This section reports the analysis results about consumer zero energy house
choice behavior via two proposed models. Heterogeneous variable selection
behavior of bundling choice with respondents’ socio-demographic characteristics
(Attribute Non-Attendance behavior) and exploring heterogeneous decision-
making strategy with respondents socio-demographic characteristics. Section
4.1.3.1 reports heterogeneous variable selection behavior and section 4.1.3.2

reports heterogeneous decision-making strategy behavior.

2 the rate of currency is based on 03-20-2019 KRW-USD rate, which is the starting date of survey,
1071.82KRW/USD
https://ko.exchange-rates.org/HistoricalRates/P/USD/2018-03-20
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4.1.3.1 Heterogeneous Variable Selection Behavior of ZEH

This section reports heterogeneous variable selection behavior on zero energy
house choice situation. The result of the HVSC Logit is shown in Table 15. Full
comparison of HB (Mixed) Logit and HVS Logit is included in Appendix 5. In all
three models, sample level utility coefficients were in the same direction, excepts
for non-significance utility coefficients. Log-likelihood of HVSC Logit (-1678.0)
showed the lowest level among the three models (HVS Logit: -1613.2, Mixed
Logit: -1655.3) and HVS Logit model shows the highest log-likelihood among the
three models. However, both information criterion (WAIC and LOO) indicates

empowering HVSC Logit model.

Table 15. Empirical Result of HVS Behavior with Covariates on ZEH

Utility Coefficients Variable Selection Coefficients
Mean S.D. Mean S.D.
Major Firm 2331 ***  0.288 Constant -0.639 ***  0.341
Seoul 1540  *** 0.225
APT 0.700 ***x - 0.216
Home Owner -1.795  ***  0.525
Family -0.118 0.120
University 0.127 0.199

High Tech Perception -0.349 ***  0.135

Eco Perception 0.477 0.361
Utility Cost 0.267 ** 0.099
Commute -0.109 ** 0.069
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Home price>5 1.014  *** 0458

Renewable -0.158 0.137 Constant -0.145 0.381
Seoul -0.068 0.379

APT 0.723 *x o 0.271

Home Owner -1.375  **  0.539

Family 0.766  *** 0.219

University 0.440 * 0.221

High Tech Perception -0.631  ***  0.180

Eco Perception 0.211 * 0.259

Utility cost 0.020 0.328

Commute -0.485 * 0.261

Home price>5 -0.395 * 0.354

Mechanical Vent -0.030 0.166 Constant 0.729 ** 0.361
Heat Exchange Vent -0.680  ***  0.208 Seoul -0.344 0.360
APT -1.635  **  0.693

Home Owner 0.342 0.544

Family -0.561  ***  0.091

University 0.101 0.348

High Tech Perception 0.638 ** 0.240

Eco Perception -0.381  ***  0.081

Utility Cost 0.034 0.137

Commute 0.004 0.123

Home price>5 -0.253 0.268

Access Time -1.442 > (0.266 Constant 0.081 0.725
Seoul -1.168  ***  0.152

APT 0.180 0.278

Home Owner -0.152 0.414

Family 0.332 *x 0.148

University -0.775  ***  0.276

High Tech Perception -0.399  ***  0.084

Eco Perception 0.644  ***  0.140
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Utility Cost -0.209 0.172
Commute 0.494  *** 0.100
Home price>5 -0.274 0.449
CO2 Reduction 0.460 *** 0.069 Constant -0.910  **  0.356
Seoul 1.669 *** 0.330
APT 0.621  ***  0.206
Home Owner -0.207 0.503
Family 0750  *  0.459
University -0.203 0.339
High Tech Perception 0.413  *** 0.183
Eco Perception -0.132 0.235
Utility Cost 0.365 *** 0.113
Commute -0.101 0.105
Home price>5 -1.283  ***  0.238
Utility Cost Reduction 1550 *** 0.113 Constant 0.914 * 0.536
Seoul 1.028  ***  0.277
APT 0.184 0.233
Home Owner -0.884 ** 0.376
Family 0.427 ko 0.179
University -0.378 0.327
High Tech Perception 0.535  ***  0.172
Eco Perception -0.490 ***  0.198
Utility Cost -0.080 0.095
Commute -0.112 * 0.134
Home price>5 0.972 ** 0.346
Cost -1.851  *** 0.273 Constant 0.827 il 0.312
Seoul -0.670  ***  0.229
APT -0.651 *x 0.240
Home Owner 0.304 * 0.277
Family 0.363 ko 0.4111
University 0.012 0.207
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High Tech Perception 0.007 0.106

Eco Perception -0.854  ***  (0.125

Utility Cost -0.974 ***  0.118

Commute -0.093 0.184

Home price>5 -0.475 0.376

No Choice -3.314  ***  0.350 Constant -1.707  ***  0.510
Seoul 2199  ***  (0.526

APT 1.085 **x - 0.470

Home Owner 0.707 * 0.420

Family 0.221 ** 0.104

University 0.284 * 0.170

High Tech Perception 0.165 * 0.146

Eco Perception -0.497  ***  0.175
Utility Cost 0.660  *** 0.153
Commute -0.012 0.080
Home price>5 -0.621 0.541

LL -1678.0 45.7

*** Significance at the 1% levels, ** Significance at the 5% levels, * Significance at the 10% levels.

The pooled utility coefficient for each attribute indicated the same direction
among all three models. Table 15 shows the empirical result of HVSC Logit
model on zero energy house choice behavior. Respondents had a high level of
utility for zero-energy houses built by large corporations (2.331). The utility of the
respondents at the population level for the installation of renewable energy was
found to be insignificant. In the case of ventilation facilities, the heat recovery
type ventilation was shown a negative sign (-0.680). Respondents may think that

increasing construction costs due to ventilation installation is unnecessary.
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The longer the walking time to access major facilities (bus stops, schools, etc),
the lower the utility of respondents (-1.442). For the reduction of carbon
emissions, respondents derived positive utility (0.460). The result can be
interpreted as an indication that respondents have a clear amount of money to
reduce carbon emissions. Respondents showed a statistically significant positive
utility for heat and electricity (utility) cost reduction (1.550). For the increase in
costs, respondents derived a significant negative utility (-1.851). For no choice,
respondents derived a negative coefficient (-3.314), which means that when
respondents are given zero energy house alternatives, the probability of choosing

a zero energy house alternative to an existing type of housing is high.

Table 16. Result of T-Test of Stated Attendance

Group p-value
Obs Mean  Std. Err.
(1:Attendance) (Ha: gr(1)-gr(0)<0)

0 520 -0.233 0.037

Major Firm 1 181 0.248 0.068 0.0000
diff - -0.482 0.075
0 498 -0.097 0.042

Access Time 1 203 0.120 0.067 0.0027
diff - -0.218 0.078
0 494 -0.219 0.041

Renewable 1 207 -0.297 0.057 0.8596
diff - 0.079 0.073
0 366 -0.257 0.046

Vent Type 0.6696
1 335 -0.284 0.042
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diff - 0.027 0.063

0 408 -0.171 0.043

CO2 Reduction 1 293 -0.138 0.051 0.3093
diff - -0.033 0.066
0 260 0.314 0.052

Utility Cost Reduction 1 441 0.523 0.039 0.0006
diff - -0.209 0.064
0 201 0.108 0.047

Construction Cost 1 410 0.551 0.045 0.0000
diff - -0.443 0.066

For sensitivity check, as the questionnaire included stated attendance of
respondents with five scale Likert questions about attendance in each variable.
The five-level Likert scales were normalized into mean zero and variance 1. If the
respondent had answered the same value to all questions, then the normalized
value reduced into zero. The sample was divided into attendance group and non-
attendance group. Then, t-test by each group was performed. The attributes that
showed strong preference, which includes Major Firm, Access Time, Heat Cost
Reduction and Construction Cost, turned out that normalized Likert scale has
significantly larger when latently estimated attribute selection is selected. In other
words, if respondents answered that he or she had strongly attended an attribute,

then he or she attended the attribute, and it is captured latently.
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Table 17. Summarized Marketing Metric of TBC
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Major Firm aF + - - o - +
Renewable + - + + - + - _
Vent Type - - + -
Access Time - + - - nt +
CO2 Reduction aF + - + + _
Utility Cost Reduction ar - + + - - o
Cost - - 4k + _ _
No Choice aF aF aF aF + + - +

The marketing metric for consumers derived from the results of HVS model is
presented in Table 16. Residents in Seoul selected alternatives based on major
firm, CO2 reduction, utility cost reduction, and no choice, and have a tendency
that not considering accessibility and costs. It can be interpreted that the home
price of Seoul is expensive and they are living in an environment with good
access to public transportation and facilities.

For those currently residing in the apartment, they chose alternatives based on
major firm, renewable energy, reduced carbon emissions, and no choice, and did
not consider ventilation type and cost. Homeowners chose alternatives
considering cost and no choice (status quo) and did not include major firm,
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renewable in their decision-making process.

People with a large number of family members made decisions based on
renewable, accessibility, utility cost savings, cost, and no choice, and did not
consider ventilation or carbon emissions reduction in the process of choice. The
higher the number of families, the more attention was paid to the living
environment and cost elements of the house in which they live. For college
graduates, there was a tendency to focus more on renewable energy and no choice
alternative.

People with high-tech awareness opted for alternatives by concentrating on
ventilation types, carbon emissions, energy savings, and no choice but with less
consideration of builder size, renewable energy, and accessibility. In addition,
people with a strong interest in the environment have considered access to
renewable energy, public transport, and facilities. People currently with higher
utility costs were more likely to choose alternatives that take into account brand,
CO2 reduction, and no choice.

Those with long commute time tend to choose alternatives in terms of
accessibility. Those who live in a house with more than 500 million KRW of
house price or secured tend to choose alternatives considering apartment brand

and heat cost reduction.
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Table 18. Attribute Attendance/Non-Attendance Patterns in ZEH

Major  Access Vent CO2 Utility Cost No
Rank Renewable Cost Total
Firm Time Type  Reduction Reduction Choice

1 0 0 0 1 1 1 1 1 30
2 0 0 1 1 1 0 1 18
3 0 0 0 0 0 1 0 1 18
4 0 0 0 0 0 1 1 1 15
5 0 0 0 1 1 1 1 0 14
6 1 0 0 0 0 1 0 1 13
7 0 0 0 1 1 0 1 0 13
8 0 0 0 1 0 1 1 0 13
9 1 0 0 1 1 1 0 1 12
10 0 1 0 1 0 0 1 0 12
11 0 1 0 0 0 0 1 0 12
12 0 1 1 0 0 1 1 0 11
13 0 0 0 1 0 1 1 1 11
14 0 0 0 0 1 1 0 1 11
15 0 1 0 0 0 1 1 0 10
16 0 0 1 0 0 1 1 1 10
17 0 0 0 1 0 0 1 1 9
18 0 0 0 0 1 1 1 1 9
19 1 0 0 0 0 1 1 1 8
20 0 0 1 1 0 1 1 1 8
21 0 0 0 1 1 0 1 1 8
22 0 0 0 1 0 0 1 0 8
23 0 0 0 0 0 1 1 0 8

Else 420

Prob | 25.8% 29.0% 29.5% 47.8% 41.8% 62.9% 58.5% 58.3%

1: attendance, 0: non-attendance
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Table 17 shows attribute non-attendance patterns in order of frequency.
Because there are many attributes in alternatives, only those with more than eight
observations were included. About 26% attended on the major firm attribute, 29%
on accessibility, 30% on the renewable energy, 48% on ventilation, 42% on CO2
emission reduction, 62.9% on the reduction of utility expenses, 59% on the cost
increment, and finally on no choice 58%. The result shows that the most important
attributes for the zero-energy house was the reduction of utility expenses, saving
energy consumption. Also, zero energy house attributes were mainly attended on
making a decision such as ventilation type, implementation of renewable energy.
In conclusion, for the successful implementation of zero energy supply plan,
rather than putting all focus into the considerable attributes of house, the
government and the construction firms should mainly focus on zero energy house
attributes such as renewable, ventilation and energy efficiency and the cost
increment due to improving energy efficiency.

It may be quite suspicious that the overall level of attendance ratio is lower
than what researchers expected. However, most of ANA suggested that only small
portion of individuals, about 3~5%, focused on all attributes and the level of
attendance rate is quite acceptable compared to prior literature on A-NA (Lagarde,
2013; R. Scarpa et al., 2013; Riccardo Scarpa & Willis, 2009). Therefore, the
estimated attendance rate is quite acceptable in same manner.

Comparing mixed logit relative importance measure, the HVSC selection ratio
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shows similar results on relative importance in mixed logit model. Relative
importance is calculated by multiplying the coefficients by range of attributes,
different from relative importance, selection ratio actually captures individual
attendance toward attributes, attendance rate from HVS model is more regularized

importance measures.

Table 19. Comparison between Mixed Logit Rl and HVSC Selection Ratio

Heat

Cost Utility Cost Access C0o2 Mechanical
Major Firm Exchange Renewable
Increase Reduction time Reduction Vent
Vent
Mixed Logit RI 28.67% 19.90% 12.05% 10.89% 9.49% 9.09% 5.61% 4.32%
Mixed Logit RI
1 2 3 4 5 6 7 8
Rank
HVSC Selection
58.49% 62.91% 28.96% 41.80% 25.82% 47.79% 29.53%
Ratio
HVSC Selection
2 1 6 4 7 3 5

Rank

Among all models (HVSC, HVS, HB), the suggested model shows the best
performance on information criterions (WAIC 4277.09, LOO 4402.15),

suggesting that the suggested model is appropriate in ZEH choice situation.
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Table 20. Comparison of Information Criterion in HVS - WAIC (ZEH)

WAIC pWAIC dWAIC weight SE
HVSC Logit 4277.09 746.5 0 0.67 78.91
HVS Logit 4343.16 878.92 66.07 0.33 74.85
HB (Covariate) Logit 4378.63 1031.45 101.54 0 82.10
HB (Mixed) Logit 4513.66 945.67 236.57 0 77.63
O WAIC
— SE of WAIC
HVSC Logit |- S
HVS Logit ©
HB Logit | S

4200 4250 4300 4350 4400 4450 4500 4550 4600
Information Criteria Deviance

Figure 17. Comparison Diagram of Information Criterion in HVS — WAIC (ZEH)
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Table 21. Comparison of Information Criterion in HVS - LOO (ZEH)

LOO pLOO dLOO weight SE
HVSC Logit 4402.15 809.03 0 0.82 815
HVS Logit 4578.72 996.7 176.57 0.18 79.74
HB (Covariate) Logit 4683.98 1186.74 281.83 0 87.92
HB (Mixed) Logit 4736.77 1057.22 334.61 0 81.97
O LOO
) — SEof LOO
HVSC Logit ©
HVS Logit | ©
HB Logit <
4300 4400 4500 4600 4700 4800
Information Criteria Deviance
Figure 18. Comparison Diagram of Information Criterion in HVS — LOO (ZEH)
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4.1.3.2 Heterogeneous Heuristic Decision-making Behavior of ZEH

This section reports empirical results of a heterogeneous choice model for

respondent decision heuristics strategy on zero energy house choice situation. The

result of HDH Cov. RUM-RRM Logit model is shown in Table 22. Full

comparison of HDH Cov. RUM-RRM Logit, HDH RUM-RRM Logit, RUM

model and RRM Logit model is included in Appendix 3. In all four models,

sample level utility coefficients were in the same direction, except for non-

significance utility coefficients. Log-likelihood of HDH RUM-RRM (-1571)

showed slightly lower than HDH Cov. RUM-RRM (-1571). but two reference

models’ log-likelihood was far below those two (RUM: -1662, RRM: -1919).

Except for the RRM part, the RUM part shows similar results to the previous

model.

Table 22. Empirical Result of HDH behavior with Covariates in ZEH

Attributes Mean S.D. Covariates Mean S.D.

(Dummy)

Brand 0.511 *** 0.153

Renewable -0.305  *** 0.093

Mechanical Vent -0.240 ** 0.162

Heat Recovery Vent -0.760  *** 0.225

No Choice -1.262 > 0.332

(RUM) Seoul 2449 wwx 0.444
Access Time -1.072  ** 0.269 APT 0.043 0.415
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(RRM) Home Owner 0.316 0.391
Access Time 0.437 ** 0.206 Family 0.032 0.203
High tech Perception -0.305 ** 0.157
Eco perception 0471 * 0.250
Commute 0.278 *** 0.097
Utility cost -0.307  *** 0.128
(RUM) Seoul -0.034 0.325
CO2 Reduction -0.072 0.243 APT -0.581 0.730
(RRM) Home Owner -0.396 0.648
CO2 Reduction -0.263 0.269 Family -0.195 0.294
High tech Perception 0.221 0.233
Eco perception -0.342 0.399
Commute 0.180 0.233
Heat cost -0.022 0.401
(RUM) Seoul 0.441 0.404
Utility Cost Reduction 1326 *** 0.186 APT 0.006 0.256
(RRM) Home Owner 0.228 0.269
Utility Cost Reduction 0.151 0.165 Family 0.703  *** 0.276
High tech Perception 0.258 * 0.141
Eco perception -0.092 0.220
Commute -0.063 0.310
Utility cost 0.176 0.179
(RUM) Seoul 1.343  *** 0.253
Cost -0.294 * 0.236  APT 0.812 *** 0.156
(RRM) Home Owner 0.060 0.279
Cost -0.353 0.773  Family -0.179 0.174
High tech Perception 0.465 *** 0.185
Eco perception -0.217  ** 0.145
Commute -0.093 0.097
Utility cost 0.301 ** 0.144
Choicelogp -1574  xx* 51.806
106
x:x_'i : u:, 9



bprecision 9.406 *** 0.527

*** Significance at the 1% levels, ** Significance at the 5% levels, * Significance at the 10% levels.

For the regret minimization coefficient, only the attribute for the access time is
significant in pooled sample level coefficients (0.437). To observe deterministic
characteristics of consumer decision-making structure, significant positive
coefficients of sociodemographic characteristics induce consumer decision-
making structure as utility maximization, and significant negative coefficients
induce consumer decision-making structure as regret minimization. For access
time, for inhabitants in Seoul, the higher the high-tech perception, and the higher
the heat cost expenditure, the higher the tendency for consumers to minimize
regret. On the contrary, someone who has higher eco-perception and someone
who has longer commuting time has utility maximization structure in access time.
Those who have the larger family size and higher high tech perception has utility
maximization structure in utility cost reduction. Inhabitants in Seoul, inhabitants
in the apartment and someone who has higher high tech perception and someone
who spends higher utility cost has utility maximization structure in cost increase.
However, someone who has higher eco perception has regret minimization
structure in cost. The result implies that those who care about the environment are
those who can make modest compromises with the cost increase of the zero

energy house.
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Table 23. Combination of Heterogeneous Decision-Making Structure (ZEH)

Rank Access Time  Reduce CO2 tility Cost Cost Count
Reduction

1 RRM RRM RUM RUM 250
2 RUM RRM RUM RUM 84
3 RRM RRM RRM RUM 73
4 RUM RRM RRM RRM 59
5 RUM RRM RRM RUM 57
6 RUM RRM RUM RRM 56
7 RRM RUM RUM RUM 36
8 RRM RUM RRM RUM 35
9 RRM RRM RUM RRM 19
10 RRM RRM RRM RRM 8
11 RRM RUM RRM RRM 7
12 RUM RUM RRM RUM 7
13 RUM RUM RRM RRM 6
14 RRM RUM RUM RRM 3
15 RUM RUM RUM RUM 1

Total 270 95 449 543 701

RUM Ratio 38.5% 13.6% 64.1% 77.5%
RRM Ratio 61.5% 86.4% 35.9% 22.5%

The most visible pattern of the heterogeneous decision-making structure in
ZEH choice situation is regret minimization in access time and reduction of
carbon emission, and utility maximization in utility cost reduction and cost.
Approximately 62% of respondents and 86% of respondents had regret

minimization decision-making structure in access time and CO2 reduction,
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respectively. 64% of respondents and 78% of respondents have utility
maximization decision structure for utility cost reduction and cost increase,
respectively.

In the model fit comparison, the HDH Cov. RUM-RRM model showed
slightly better performance than the HDH RUM-RRM model in both WAIC and
LOO. Both models performed much better than pure RUM (HB Logit) and pure
RRM models. Thus, it can be seen that heterogeneous decision heuristics models
are more appropriate than pure RUM model or pure RRM model, and it can be

said that respondents have the mixed decision structure.
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Table 24. Comparison of Information Criterion in HDH - WAIC (ZEH)

WAIC pWAIC dWAIC weight SE dSE
HDH Cov.RUM-RRM 4338.08 929.15 0 0.58 77.8 0
HDH RUM-RRM 4352.03 944.32 13.95 0.42 76.2 19,51
RRM 4525.32 945.35 187.24 0 77.46 21.7
RUM 4887.69 850.23 549.61 0 79.04 41.76
HDH Cov. O WAIC
L _e_ —
RUM-RRM SE of WAIC
HDH
h ——
RUM-RRM
RUM —_——
RRM | —_——

4300 4400 4500 4600 4700 4800 4900 5000
Information Criteria Deviance

Figure 19. Comparison Diagram of Information Criterion in HDH — WAIC (ZEH)
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Table 25. Comparison of Information Criterion in HDH - LOO (ZEH)

LOO pLOO dLOO weight SE dSE
HDH Cov. RUM-RRM 4575.81 1048.02 0 0.65 82.62 0
HDH RUM-RRM 4614.22 1075.42 38.41 0.35 81.91 23.55
RRM 4748.82 1057.1 173.01 0 81.93 24.38
RUM 5039.72 926.25 463.9 0 82.34 44.1
HDH Cov. O LOO
RUM-RRM | & — SE of LOO
HDH .
RUM-RRM
RUM [ o
RRM | e
4500 4600 4700 4800 4900 5000 5100

Information Criteria Deviance

Figure 20. Comparison Diagram of Information Criterion in HDH — LOO (ZEH)
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4.1.4 Discussions

This section empirically analyzed the heterogeneous decision-making structure
of consumers through zero energy house choice behavior. Among the HVSC Logit,
HVS Logit and HB Logit models, the HVSC model showed the best estimation fit.
Empirically, HVSC Logit is considered well behaved. Among the four HDH Cov
RUM-RRM, HDH RUM-RRM, RUM, and RRM models, the HDH Cov RUM-

RRM model showed marginally better estimation fit among the four models.

Table 26. Comparison of Information Criterion of all models (ZEH)

WAIC pWAIC LOO pLOO LL
HVSC Logit 4277.09 746.50 4402.15 809.03 -1677.99
HVS Logit 4343.16 878.92 4578.72 996.70 -1613.20
HB (Covariates) Logit 4378.63 1031.45 4683.98 1186.74 -1522.23
HB (Mixed) Logit (RUM) 4513.66 945.67 4736.77 1057.22 -1655.28
HDH Cov. RUM-RRM 4338.08 929.15 4575.81 1048.02 -1574.87
HDH RUM-RRM 4352.03 944.32 4614.22 1075.42 -1570.71
RRM 4525.32 945.35 4748.82 1057.1 -1918.81

Since the two proposed models have different structural formation, one model

captures attribute non-attendance behavior and the other model captures
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heterogeneous decision-making structure among RUM and RRM, the two models
are incomparable. But if all models are considered at once, the HVSC Logit
model showed the best model fit for telecommunication bundling choice. The fact
suggests that the HVSC model is a suitable model for explaining the zero-energy
house choice behavior of consumers.

This can be explained by the complexity of the HDH Cov. RUM-RRM model.
In the case of the model complexity, there is a penalty for the complexity of the
model, p-WAIC, and p-LOO. In HDH Cov. RUM-RRM model, p-WAIC and p-

LOOQ are about 200 higher than the HVSC Logit model. (Table 26)
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4.2 The Study on Consumer Choice Behaviors in High-Tech
Goods 2 — Telecommunication Bundling Choice (TBC)

This section reports the empirical results of the suggested models in the
telecommunication bundling choice. The suggested two models and baseline
reference models are estimated, and the results are reported in Appendix 3. This
section discusses the empirical results of suggested models and information

criterion of the models

4.2.1 Introduction

In recent years, bundling has become a common marketing technique. When
selling a variety of items, bundling became a pervasive marketing technique
because of the claim that bundling of complementary products increases the profit
of the company (Leszczyc & Haubl, 2010). In sellers’ perspective, offers for each
good simultaneously could incur substantial transaction costs, shipping and
handling costs. Also, in the buyers’ perspective, they confront search costs to find
out what they want. One way for sellers to reduce such costs is to use bundling
marketing. They offer multiple products as a packaged good for single bidding.
Those strategic approach entails economies of aggregation (Bakos & Brynjolfsson,

2000) and incur additional revenue that might be obtained by selling products
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individually. Several fields reported that bundling of complementary products
enhance sales of corporation, foods (Agarwal & Chatterjee, 2003), online bidding
such as e-Bay, (Leszczyc & Haubl, 2010), service plan and mobile device (Yang
& Ng, 2010), clothing (Janiszewski & Cunha, 2004) ,and packaged goods
(Foubert & Gijsbrechts, 2007).

Each previous literature about bundling suggests different implication. Among
the literature, Janiszewski and Cunha (2004) suggested that the asymmetric
perceived values on discount bundling compositions, a product in the bundle can
provide more or less appealing value (utility) than an equivalent discount to
another product. This is because people weights asymmetrically based on what
they have evaluated and their heterogeneous decision-making structure. One
explanation for such asymmetry is the anchoring effect (reference-dependent) and
another explanation is different value function. (Mazumdar & Jun, 1993; M. S.
Yadav, 1995; Manjit S. Yadav, 1994)

In the case of telecommunication plans, which commonly provided several
complementary network plans concurrently (such as mobile, broadcasting (Pay-
TV), wired telephone (Fixed telephone and \oIP) and wired internet) by
integrated network operators, the bundling marketing is common in this area.
Klein and Jakopin (2014) estimated that the user’s perception of the utility of
mobile service bundle within the telecommunication service bundle in the German

case, bundling internet access, voice call minutes, text messaging services. They
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suggested that current form of bundling strategies by the main players in German
mobile industry is reasonable. Pereira, Ribeiro and Vareda (2013) suggested that
the case of triple-play, bundling with fixed telephone, fixed broadband and
subscription of pay television are meaningful measures in the telecommunication
market in Portuguese. Srinuan, Srinuan, and Bohlin (2014) suggested that
discount, service providers (brands), education, income level, and residential area
are major determinants for selecting multiple service adoption in a double-play,
triple-play and quadruple-play telecommunication bundling market in Swedish.
Unlike general research, a study suggested that consumer prefers simply send a
bill in one bundle without discounts in Turkish market (Mithat U ner, Guven, &
Tamer Cavusgil, 2015). They suggested that the Turkish market of
telecommunication was not yet matured and the bundling plans were not yet
diffused much, meaning that perceptions toward discounts were low level.

In Korea, there are several bundling plans that telecommunication users can
join among four telecommunication services (Kang, Jeong, & Kwon, 2014),
Mobile, Internet, Broadcasting, VoIP (internet phone) and Fixed phone: double-
play bundles (DPB; Broadcasting- Internet, Broadcasting-VoIP), triple-play
bundles (TPB; Broadcasting-Internet-Fixed Phone, Broadcasting-Internet-\VoIP,
Broadcasting-Internet-Mobile), quadruple-play bundle (QPB; Mobile-Internet-
IPTV-VoIP) and quintuple-play bundle (QPB (5); Broadcasting-Internet-Fixed

Phone-\VoIP-Mobile). Among this, majority household uses triple play bundles
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including broadcasting services.

Table 27. Share of Bundle (2014.03, KISDI, re-formation) 3

(2014. 03.) SO IPTV Total 2013. 09. 2013. 12. 2014. 03.
Combination Subscribers Share Subscribers Share Subscribers | Subscribers  Subscribers  Subscribers
B+l 1,363,918  45.60% 1,628,158  54.40% 2,992,076 2,793,303 2,882,606 2,992,076
DPB

B+V 299,080 100% 0.00% 299,080 297,371 297,114 299,080
B+I+F 40 0% 1,028,449 100% 1,028,489 973,092 1,001,885 1,028,489
TPB B+I+V 897,119  40.60% 1,311,652 59.40% 2,208,771 2,219,627 2,208,557 2,208,771
B+I+M 3,654 0.20% 1,512,966 99.80% 1,516,620 1,046,122 1,267,233 1,516,620
B+I+F+V 0% 387,783  100.00% 387,783 392,892 397,279 387,783
QPB B+I+F+M 0% 825,944  100.00% 825,944 692,910 759,233 825,944
B+I+V+M 13,527  2.80% 475,622 97.20% 489,149 386,533 444,291 489,149
QPB(5) B+I+F+V+M 0% 340,315  100.00% 340,315 349,443 350,252 340,315

Bundle with M 17,181  0.50% 3,154,847  99.50% 3,172,028
Total 2,577,338  22.10% 9,084,738  77.90% 11,662,076 9,151,293 9,608,450 10,088,227

B: Broadcasting, I: Internet, F: Fixed Telephone, V: VoIP, M: Mobile

This chapter analyzes heterogeneous consumer decision-making behaviors in

selecting service plans bundling from system providers, mobile and broadcasting

service plans. Previous literature suggests several implications about bundling in

telecommunication industry but did not explore bundle choice tendency toward

the discount. Therefore, this section analyzes bundle choice behavior among

various discount combination.

3 Kang, J., Jeong, H., & Kwon, Y. (2014). A study on Improving Regulations for Bundles of Communications
Services., KISDI Research Report 14-17
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4.2.2 Data Descriptions

For empirical analysis, this dissertation collected data from the hypothesized
conjoint survey. The survey was performed in November and December 2017, via
face-to-face interviews by Gallup Korea. A total of 1508 people participated in the
survey, who reside in Seoul and the metropolitan area and five major cities (Busan,
Incheon, Daegu, Daejeon, and Gwangju). The interviewees were chosen through
probability sampling with a quota to have representative demographic
characteristics.

The survey was processed as follow. First, interviewees were asked about
whether they use telecommunication services or not. If interviewees had answered
no, then the survey ended. If yes, the interviewer explained the details of the
guestionnaires, the gquestions about socio-demographic characteristics and details
of attributes in the conjoint survey and the choice situations suggested in the
questionnaires. The descriptive statistics of socio-demographic characteristics of
survey respondents are shown in Table 28 and attributes in conjoint surveys are
listed in Table 29.

The age of survey participants ranged from 20 to 59 years, considering the
understanding of the broadcasting and telecommunication plans and whether

respondents can make a decision on a subscription plan or not. The sample
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includes more than half actual decision-makers about telecommunication service
subscription (67.51%), and 35.54% of respondents are bundling mobile service
and broadcasting services. Also, of the respondents, 24.2% responded they have
not change the broadcasting service for six years, and a majority (59.62%)
responded they changed once every six years. 16.18% of the respondents
responded that they changed the broadcasting service more than two times among
six years, and only few responded that they changed service more than three times.
Since the contract period of Korea's broadcasting communication service is
usually three years, it is difficult to change more than three times in six years.
Bundling with mobile subscription often includes the mobile plans of all family
members. The more the number of family members, the more complicated it
becomes to bundle, so the number of family members is included as a control

variable. (Table 28)
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Table 28. Socio-Demographic Characteristics of the TBC Survey Respondents

Category Group Freq. Percent
Seoul 425 28.18
Residential district
Other area 1083 71.87
Male 764 50.66
Gender

Female 744 49.34

0 365 24.2

SO change frequency within 6 years 1 899 59.62
2~ 244 16.18
High school 616 40.85

Education College 326 21.62
University & Grad 559 37.53
~2 212 14.06

2~3 608 40.32
Household expense (Unit: Million Won) 3~4 435 28.85
4~5 178 11.8

5~ 75 4.97

Not Bundled 972 64.46

Current bundling with mobile & pay-TV

Bundled 536 35.54

Non Decision Maker 490 32.49

Actual household decision-maker

Decision Maker 1,018 67.51

1&2 226 14.99

Number of family 3&4 1197 79.37

Above 4 85 5.64

~4 191 12.67

4~5 264 17.51

Monthly Phone bill (Unit: Thousand Won) 5~6 464 30.77
6~7 361 23.94

7~ 228 15.12

Total 1,508 100
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Table 29. Details of Attributes in TBC Conjoint Survey

Attributes Description Level
SKT (baseline)

system operator that provides mobile

Mobile Carrier ) ] ] KT
services and broadcasting services

LGU+
the stipulated time that consumer 1yr
Period mandatorily using bundled 2yr
telecommunication services 3yr

10%

Discount from Mobile telecommunication

Discount Mobile o 50%
service in a bundled plan
90%

- - - - 10%
Discount from broadcasting subscription

Discount Pay-TV o 50%
service in a bundled plan
90%

The attributes in the conjoint questionnaires are as follows: Mobile Carrier,
Period, Discount Mobile, Discount Pay-TV. The mobile carrier is a company that
provides mobile services and broadcasting communication service at once with
bundling plans. SKT, KT, and LGU+ are the major network providers that provide
bundled services. Since the use of bundling services should be tied to a mandatory
contract for a certain period, the mandatory contract period is included as period,
which is a year, two year, and three year as period attribute level as in a real-world
situation. The bundled service offers different discount rates for each mobile and
pay-TV service. Both discount rate is independently having three-level attributes,

10%, 50%, and 90% (Table 29).
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4.2.3 Empirical Results

This section reports the analysis results about consumer SO bundling choice
behavior via suggested two models, heterogeneous variable selection behavior of
bundling choice with respondents socio-demographic characteristics (ANA
behavior) and exploring heterogeneous decision-making strategy with respondents
socio-demographic characteristics. Section 4.2.3.1 reports heterogeneous variable
selection behavior and section 4.2.3.2 reports heterogeneous decision-making

strategy behavior.

4.2.3.1 Heterogeneous Variable Selection behavior of TBC

This section reports heterogeneous variable selection behavior on
telecommunication bundling choice situation. The result of the HVSC Logit is
shown in Table 14. Full comparison of HB Logit and HVS Logit is included in
Appendix 3. In all three models, sample level utility coefficients were in the same
direction, except for non-significance utility coefficients. Log-likelihood of HVSC
Logit (-2891.1) showed the lowest level among the three models (HVS Logit: -
2897.1, HB Logit: -3101.0), suggesting that the HVSC Logit had the best

performance among reference models.
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The pooled utility coefficient for each attribute indicated the same direction
for all three models. Table 30 shows the empirical result of HVSC Logit model on
telecommunication bundling choice behavior. The baseline of the mobile carrier
was SKT, and the relative utility of KT and LGU+ was estimated. The coefficients
for KT and LGU+ all showed significant positive signs. Consumers relatively
preferred KT and LGU+ compare to SKT and preferred KT most. Respondents
had a significant negative utility as the duration increases (-0.425). The longer the
subscription period, the more likely consumers are tied to the company and the
less likely they will benefit from other promotions. Mobile subscription service
discount and paid broadcasting service discount both had significant positive

utility coefficients.
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Table 30. Empirical Result of HVS Behavior with Covariates on TBC

Mean S.D. Mean S.D.
(Mobile Carrier) Constant -0.336 0.664
KT 1312 = 0.578 Age -0.194 0.168
LGU+ 1.025 ** 0.454 Male 0.005 0.272
Decision -1.074 0.485
Bundle Mobile 0.946  *+* 0.335
Installment Payment -0.002 0.578
Phone bill 0.177 0.176
Income -0.050 0.148
Edu -0.223 0.175
Change w/i 6yr 0.747 > 0.433
Period -0.425 ** 0.108 Constant -0.797 0.887
Age 0.236 0.210
Male 0.083 0.377
Decision 0.563 0.644
Bundle Mobile 0.145 0.435
Installment Payment 0.104 0.524
Phone bill -0.341 0.240
Income 0.398 ** 0.209
Edu 0.142 0.274
Change wi/i 6yr 1.262 0.455
Discount Mobile 0.984 0.186 Constant 1.007 ** 0.521
Age 0.185 0.179
Male -0.032 0.377
Decision -0.772 = 0.432
Bundle Mobile 0.026 0.428
Installment Payment 0.617 ~ 0.412
Phone bill -0.099 0.208
Income -0.190 0.159
Edu 0.087 0.164
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Change w/i 6yr 0.137 0.309
Discount Pay-TV 1.681 0.187 Constant -0.915 = 0.371
Age -0.103 0.133
Male -0.281 0.275
Decision 0.271 0.327
Bundle Mobile 0.501 ** 0.259
Installment Payment 0.956 > 0.356
Phone bill -0.088 0.164
Income 0.172 0.137
Edu -0.386  *** 0.153
Change w/i 6yr 1.042 0.275
Choicelogp -2891.13 94.16

*** Significance at the 1% levels, ** Significance at the 5% levels, * Significance at the 10% levels.

In terms of variable selection, above all, age, gender and telecommunication

rate did not have a significant effect on the choice of variables. The actual

decision-makers tended not to consider the mobile carrier (-1.074) and consumers

who already use the bundled product of mobile telecommunication service and

broadcasting communication service considered mobile carrier for decision

making. It has been found that the actual decision-makers for subscription to

telecommunication services tend to consider the choice by excluding the mobile

carrier (-1.074) and the mobile service discount variable (-0.772). Users who have

already used the combination of broadcasting service and mobile service

considered mobile carrier (0.946) and the discount rate of broadcasting service

(0.501) to be included in decision making. Consumers who use installment
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payments for telecommunication products were found to make decisions by
including both mobile discount (discount mobile: 0.617, discount pay-TV: 0.956).
Those with a high-income level made a decision based on the period (0.398), but
the results were not significant for the remaining variables. The higher the
education level, the more likely it was for the discount not to be included in the
decision (-0.386). Consumers who have a history of changing their subscription to
broadcasting service even once within six years can make decisions based on all
variables except for mobile discount variables (each 0.747, 1.262, 1.042).
Therefore, the suggesting marketing metric of telecommunication bundling choice

is shown in Table 31.

Table 31. Summarized Marketing Metric of TBC

Mobile Carrier Period Discount Mobile Discount Pay-TV

Age
Male
Decision - -
Bundle Mobile +
Installment Payment +
Phone bill
Income +
Edu -
Change w/i 6yr + + +

Those who are currently using the bundled service of broadcasting and mobile
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and those who have changed the communication service for 6 years included the
mobile carrier in the decision. The higher the income, the more likely the period
will be included in the decision making. Those who are paying mobile phone
installment and those who have a history of changing communication service
within 6 years tend to include mobile discounts in their decisions. Those who are
using mobile and broadcast bundled products, who are paying for mobile phone
charges on installments and those who have a history of changing

communications services within six years tend to consider cable discounts.

Table 32. Attribute Attendance/Non-Attendance Patterns in TBC

Rank Mobile Carrier Period Discount Mobile  Discount Pay-TV Total
1 0 1 1 1 481
2 1 1 1 1 454
3 0 1 1 0 123
4 1 0 1 1 107
5 0 0 1 1 94
6 0 0 1 0 90
7 1 1 1 0 52
8 1 0 1 0 29
9 0 1 0 1 20
10 1 1 0 1 19
11 0 1 0 0 17
12 0 0 0 0 7
13 1 0 0 1 6
14 0 0 0 1 6
15 1 0 0 0 2
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16 1 1 0 0 1

Total 670 1167 1430 1187 1508

Ratio 44% 7% 95% 79% 100%

1: Attended, 0: Non-attended

In terms of sample-level patterns of attribute attendance/non-attendance
behavior, a total of 16 patterns of attribute attendance/non-attendance is drawn
from the HVSC Logit model, shown in Table 32. The above table is acquired that
if selection probability is above .5, then inferred an individual attended on the
variable. Four hundred eighty-one individuals focused on period, mobile service
discount, and discount from broadcasting services and exclude mobile carrier.
Four hundred fifty-four individuals attended on all the presented attributes. The
ratio of attending mobile carrier attribute is 44%, the subscription period is 77%,
mobile service discount 95% and broadcasting service discount 79%. The result
implied that most of the people attended on mobile service discount and the

majority of people attended on period and discount on broadcasting service.
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Figure 21. Histogram and KDE Plot of an Individual

For a simple illustration, for example, of one sample in rank one (individual

1462), selection of (Mobile Carrier, Period, Discount Mobile, Discount Pay-TV)

= (0,1,1,1), a density plot and a kernel density estimate of utility coefficients are
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shown in Figure. 16. Probabilities of attendance on variables are (Mobile Carrier,
Period, Discount Mobile, Discount Pay-TV) = (0.220, 0.954, 0.728, 0.789).

The density of individual 1462 have very sharp near zero distributions on
mobile carrier (KT, beta_1462 0 and LGU+, beta_1462 1), and have the formal
normal distributions for remaining variables (beta_1462_2, period; beta_1462_3,
discount from mobile service; beta 1462 4, discount from broadcasting
distribution). The density rising near zero in (beta_1462 2, beta 1462 3,
beta 1462 4) is portion of residual of variable attendance probability (0.046,
0.272, 0.211).

In order to test the model fitness, WAIC comparison (Table 33, Figure 22) and
LOO comparison (Table 34 Figure 23) for each reference models (HB Logit and
HVS Logit) are showed. The comparison of WAIC and LOO all suggested that the

HVSC Logit model has the goodness of fit above all reference models.
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Table 33. Comparison of Information Criterion in HVS - WAIC (TBC)

WAIC pWAIC dWAIC Akaike weight SE
HVSC Logit 8044.35 1752.28 0 0.95 84.33
HVS Logit 8136.32 1812.77 91.97 0.05 85.04
HB (Covariate) Logit 8488.69 1971.26 444.34 0 90.01
HB (Mixed) Logit 8699.59 1925.17 655.24 0 92.04
O WAIC
. — SE of WAIC
HVSC Logitf —e———
HVS Logit —_—
HB Logit —_—
8000 8200 8400 8600 8800

Information Criteria Deviance

Figure 22. Comparison Diagram of Information Criterion in HVS — WAIC (TBC)
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Table 34. Comparison of Information Criterion in HVS - LOO (TBC)

LOO pLOO dLOO Akaike weight SE
HVSC Logit 8713.83 2087.02 0 0.76 92.48
HVS Logit 8799.87 214454 86.03 0.24 92.92
HB (Covariate) Logit 9207.29 2330.56 493.46 0 97.90
HB (Mixed) Logit 9313.59 2232.17 599.76 0 98.91
O LOO
. — SE of LOO
HVSC Logitf ————e——
HVS Logit -_—
HB Logit —_——

8600 8700 8800 8900 9000 9100 9200 9300 9400
Information Criteria Deviance

Figure 23. Comparison Diagram of Information Criterion in HVS — LOO (TBC)
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4.2.3.2 Heterogeneous heuristic decision-making behavior of TBC

This section reports empirical results of a heterogeneous choice model for
respondent decision heuristics strategy on telecommunication bundling choice
situation. The result of HDH Cov. RUM-RRM Logit model is shown in Table 35.
Full comparison of HDH Cov. RUM-RRM Logit, HDH RUM-RRM Logit, RUM
model and RRM Logit model is included in Appendix 3. In all four models,
sample level utility coefficients were in the same direction, excepts for non-
significance utility coefficients. Log-likelihood of HDH Cov. RUM-RRM (-
2874.9) showed the lowest level among four models (HDH RUM-RRM: -2941.4,
RUM: -3110.6, RRM: -3457.4), suggesting that HDH Cov. RUM-RRM had the

best performance among reference models.

Table 35. Empirical Result of HDH behavior with Covariates in TBC

Mean S.D. Mean S.D.
(Dummy)
KT 0479 * 0.297
LGU+ 0.151 0.225
(RUM) (Period)
Period -0.528 *** 0.165 Decision -0.287 0.298
(RRM) Bundle-Mob 0.278 0.346
Period -0.223 0.254 Phone Bill -0.220 0.181
Income 0.236 0.265
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Edu 0.236 0.258
Change w/i 6yr 0.980 *** 0.460

(RUM) (Discount Mobile)
Discount Mobile 1.995 F** 0.372 Decision -1.397  *xx 0.390
(RRM) Bundle-Mob -0.290 0.316
Discount Mobile -0.102 0.187 Phone Bill 0.323 * 0.177
Income -0.170 0.182
Edu 0.040 0.175
Change w/i 6yr 0.209 0.237

(RUM) (Discount Pay-TV)
Discount Pay-TV 1.376 *** 0.160 Decision 0414 * 0.278
(RRM) Bundle-Mob 0.459 * 0.295
Discount Pay-TV 0.559 ** 0.278 Phone Bill 0.112 0.186
Income 0.110 0.107
Edu 0.031 0.201
Change w/i 6yr 1414 *** 0.279

Choicelogp -2874.9 101.9

*** Significance at the 1% levels, ** Significance at the 5% levels, * Significance at the 10% levels.

In the Pooled parameters, except for the RRM part, the RUM part shows

similar results to the previous model. Regret minimization coefficients for mobile

service shows the insignificant result, and regret minimization coefficient for

broadcasting subscription service was significantly positive.

Respondents with a history of changing their broadcast services within 6 years

tend to make decisions about the period over utility maximization. Household

decision makers about communication service tend to have regret minimization

decision structures for mobile service discounts. Household decision makers,
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users with combined mobile products and those who have changed their
broadcasting service within 6 years tend to have utility maximization decision-

making structure about discounts on broadcasting services.

Table 36. Decision Heuristic Patterns between RUM-RRM (TBC)

Rank Period Discount Mobile Discount Pay-TV Total
1 RUM RRM RUM 963
2 RUM RUM RUM 246
3 RRM RRM RUM 166
4 RRM RRM RRM 61
5 RUM RRM RRM 32
6 RRM RUM RUM 21
7 RUM RUM RRM 15
8 RRM RUM RRM 4
Total 1256 286 1396 1508
RUM Ratio 83.3% 19.0% 92.6%
RRM Ratio 16.7% 81.0% 7.4%

Above all, the major structural heterogeneous pattern in TBC sample is utility
maximization in period and broadcasting subscription discount and regret
minimization in mobile fee discount. Following from rank one pattern, utility
maximization of all attributes showed the second most frequency patterns. For
period and broadcasting subscription discount, each 83.3% and 92.6% of
respondents has utility maximization structure. However, in mobile discount

attribute, 81.0% of an individual judge via regret minimization.
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The comparison of information criterion showed that HDH Cov RUM-RRM
model has slightly better performance than HDH RUM-RRM model and way
better performance than pure RUM and RRM models. The reason why the HDH
Cov. RUM-RRM and HDH RUM-RRM performances are not significantly
different is presumably because it did not include variables that could be sufficient

explanation for the heterogeneous decision-making structure of respondents.
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Table 37. Comparison of Information Criterion in HDH - WAIC (TBC)

WAIC PWAIC dWAIC weight SE dSE
HDH Cov.
8354.61 1888.91 0 0.54 89.66 0
RUM-RRM
HDH
8359.36 1901.23 4.75 0.46 88.56 17.09
RUM-RRM
RUM 8689.06 1906.93 334.44 0 91.77 20.42
RRM 9115.37 1721.36 760.75 0 88.55 36.92
HDH Cov. O WAIC
L —— — SE of WAIC
RUM-RRM
HDH |
RUM-RRM
RUM | —_——
RRM S S—
8400 8600 8800 9000 9200

Information Criteria Deviance

Figure 24. Comparison Diagram of Information Criterion in HDH - WAIC (TBC)
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Table 38. Comparison of Information Criterion in HDH - LOO (TBC)

LOO pLOO dLOO weight SE dSE
HDH
9022.63 2232.86 0 0.54 96.13 0
RUM-RRM
HDH Cov.
9036.5 222985 1387 0.46 97.8 23.78
RUM-RRM
RUM 9278.57 2201.68 255.94 0 97.75 20.74
RRM 9607.72 1967.53 585.09 0 94.04 38
HDH Cov. O LOO
I — SEofLOO
RUM-RRM
HDH | -
RUM-RRM
RUM S N—
RRM F —_—

8900 9000 9100 9200 9300 9400 9500 9600 9700
Information Criteria Deviance

Figure 25. Comparison Diagram of Information Criterion in HDH — LOO (TBC)
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4.2.4 Discussions

In this section, | empirically analyzed various heterogeneous utility structures
for TBC of consumers. Among the HVSC Logit, HVS Logit and HB Logit models,
the HVSC model showed the best estimation fit. Empirically, HVSC Logit is
considered well behaved. Among the four HDH Cov. RUM-RRM, HDH RUM-
RRM, RUM, and RRM models, the HDH Cov. RUM-RRM model showed

marginally better estimation fit among four models.

Table 39. Comparison of Information Criterion of all models (TBC)

WAIC pWAIC LOO pLOO LL
HVSC Logit 8044.35 1752.28 8713.83 2087.02 -2891.13
HVS Logit 8136.32 1812.77 8799.87 214454 -2897.67
HB (Mixed) Logit (RUM) 8699.59 1925.17 9313.59 2232.17 -3101.04
HB (Covariates) Logit 8488.69 1971.26 9207.29 2330.56 -2947.86
HDH Cov. RUM-RRM 8354.61 1888.91 9036.5 2229.85 -2874.88
HDH RUM-RRM 8359.36 1901.23 9022.63 2232.86 -2941.44
RRM 9115.37 1721.36 9607.72 1967.53 -3457.39

Since the two proposed models have different structural formation, one model

IS capturing attribute non-attendance behavior and the other model is capturing
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heterogeneous decision-making structure among RUM and RRM, the two models
are incomparable. However, if considering all models at once, like zero energy
house choice situation, the HVSC Logit model showed the best model fit for
telecommunication bundling choice. The fact suggests that the HVSC model is a

suitable model for explaining the bundle selection behavior of consumers.
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4.3 The Study on Consumer Choice Behaviors in High-Tech
Goods 3 —Vehicle Choice (VC)

This section presents the differences between the HB Logit with Covariates
model and the HVSC model with an empirical result. The results of the empirical
case show that the estimated fitness of the model may be different depending on
the characteristics of the empirical analysis data, and the result suggested that the

model should be selected according to the characteristics of the data.

4.3.1 Introduction

After the Paris Agreement, each country is setting up a roadmap for diffusion
electricity vehicles (EVs) to cope with carbon emissions. As mentioned in section
4.1.1, Korea is sixth-highest GHG emitting country in OECD and worlds’
twelveth-highest GHG emitting country. Since Korea is the country with the
highest carbon emissions, Korea government has been implementing policies for
the diffusion of EVs and Hybrid Electricity Vehicles (HEVs) and the construction
of EV charging infrastructure for the diffusion of environmentally friendly
vehicles. At the same time, Korea government try to implement policies to spread

new technology environment-friendly cars such as hydrogen fuel cell vehicles
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(HFCVs). In addition to this, various policies are being implemented to curb
carbon emissions in the transport sector through policies such as the early exit
policy of old vans and subsidies for old diesel vehicles installing DPF.

The most significant advantage of EVs compared to other forms of internal
combustion engine vehicles such as gasoline or diesel-fueled vehicles is that it is
relatively easy to control carbon emission and toxic substances from combustion
process because the exhaust emission is gathered and controlled in concentrated
places. Based on these achievements, the trend of reduction in carbon emissions
from the transportation sector has become clear and suggests the need for
continued promotion of traffic demand management policies and carbon emission
reduction programs (Ko, 2018). During decades, carbon emission per capita in
transportation sector reduced more than 35%.

In order to spread environmentally-friendly vehicles, government policies and
product design by manufacturers have high priority, and consumers' preferences
need to be analyzed. In the early stage of diffusion environment-friendly vehicles
such as HEVs and EVs, if government expenses on subsidies for such vehicles,
Shin et al., (2012) suggested that people tended to prefer EVs compared to
internal combustion vehicles such as gasoline, diesel, and HEVs. Moreover, they
suggested that the market potential of EVs was higher than internal combustion
engine vehicles, that reduction impact of EVs on carbon emission is more

considerable than HEVs and that the cost-benefit effects of subsidies are also
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more significant in EVs for carbon emission reduction purposes. In the German
case study, Hackbarth and Madlener (2013) analyzed consumer preference for
alternative fuel vehicles (AFVs) by mixed logit with interaction terms using
discrete choice data from German-wide survey. The German government planned
to implement a million EVs on the road by 2020 and Hackbarth, and Madlener
(2013) analyzed the feasibility of the implementation via consumer preference
analysis. They suggested that German vehicle buyers are reluctant to purchase
AFVs and prefer PHEV to EVs. Respondents with a high level of education, deep
environmental concerns, and households with possibly installing charging
facilities preferred AFVs. Also, scenario analysis showed that current internal
combustion engine vehicles will still bring higher levels of market share, and
HEVs and natural gas vehicles are relatively preferred among the AFVs. Finally,
EV and FCEV were found to be unlikely to spread until strong subsidy policy was
introduced. Byun, Shin and Lee (2017) suggested that it is implausible to meet the
target for the policy implementation via the price decrease to the level of gasoline
vehicles and the number of charging station is increased more than three times
compared to the targeted number of charging stations for hydrogen fuel cell
vehicles. Also, in 2025, the portion of EV will reach 6.13%, and the portion of
HFCV will reach 2.6%. In addition to analyzing the consumer preference toward
environment-friendly vehicles, Moon, Park, Jeong, and Lee (2018) derived the

change of electricity demand due to the implementation of EVs by analyzing

143



consumers’ charging patterns. They suggested that consumer mainly preferred
charging during the evening. Also, during peak load time, people preferred fast
public electric vehicle supply equipment (EVSESs) for charging electricity vehicle,
which suggested that consumers trade-off between the charging time and the
charging price.

These results have drawn implication for the possibility of environment-
friendly vehicles and changes in the energy environment caused by the diffusion

of these vehicles.

4.3.2 Data Description

For empirical analysis, this dissertation collected data from the hypothesized
conjoint survey. The survey was performed on January 2017, conducted face-to-
face interviews by Gallup Korea. A total of 418 people participated in the survey,
who populated in Seoul and metropolitan area and five major cities (Busan,
Incheon, Daegu, Daejeon, and Gwangju). The interviewees were chosen by
probability sampling with a quota to have representative demographic
characteristics. 4

The survey processed as follow. First, interviewees were asked about their

socio-demographic characteristics, vehicle ownership, and characteristics of

* The data used in this dissertation also used in Moon et al. (2018)
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owned vehicles. The descriptive statistics of socio-demographic characteristics of
survey respondents are shown in Table 40, and attributes in conjoint surveys are

suggested in Table 41.

Table 40. Socio-Demographic Characteristics of the EVC Survey Respondents

Characteristics Frequency or Descriptive Statistics
Gasoline Small Sedan Owner 149/418
Gasoline Large Sedan Owner 132/418
Gasoline SUV Owner 12/418
Diesel SUV Owner 71/418
Mean: 3.057

Knowledge toward transportation policy
Std: 0.818

Mean: KRW 147.37 K (123.84 USD)
Current fuel expenditure
Std: KRW 190.42 K (160.02 USD)

Mean: 13.403%
Portion of expenditure on car/transportation
Std Dev: 13.016%

The individual socio-demographic such as age and gender, does not affect
consumer behavior. Instead, the car types they have, knowledge toward
transportation policies, the current expenditure on fuel, and the portion of
expenditure on transportation affected the outcome. The number of gasoline small
sedan owners, gasoline large sedan owners, gasoline SUV owners, and diesel
SUV owners are each 149, 132, 12 and 71 of total 418 individuals. The survey
collected knowledge toward transportation policy in 10 questions with 5 Likert-

scale questionnaires. The Cronbach’s alpha is above 0.8, which suggests that
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items could be used as a single scale to measure knowledge toward transportation

policy. The mean of current fuel expenditure is KRW 147.37K (123.84 USD), and

the standard deviation of current fuel expenditure is KRW 190.42 (160.02 USD) °.

The mean portion of expenditure on car/transportation is 13.40%, and the standard

deviation of the portion is 13.016% (Table 40).

Table 41. Attributes in EVC Conjoint Cards

Attribute Description Level
Gasoline(Baseline)
Diesel
Fuel Type Fuel types that used Hybrid Electricity Vehicles

(HEVs)
Electricity Vehicles (EVs)

Vehicle Body Type

Vehicle segments

Small Size Sedan (Baseline)
Mid Size Sedan
Luxurious (Full Size) Sedan

SUV/RV

Charging Station Accessibility

Distance between charging stations

2Km
10Km
20Km

Fuel Cost

Fuel consumption per unit distance

KRW 50/Km (USD .042/Km)
KRW 100/Km (USD .084/Km)
KRW 150/Km (USD .127/Km)
KRW 200/Km (USD .169/Km)

® The currency rate of KRW was KRW 1190/USD (2017. 01), during survey period
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KRW 15 million (USD 12,700)

KRW 30 million (USD 25,300)
Price of Vehicle Car purchase price

KRW 45 million (USD 38,000)

KRW 60 million (USD 50,600)

The attribute was consists of fuel type, vehicle body type, charging station
accessibility, fuel costs, and price of purchasing vehicles. The level of fuel type
was a gasoline-fueled car (baseline of fuel type attribute), diesel-fueled car, HEVS,
and EVs. The level of vehicle body type was Small Size Sedan (Baseline of
vehicle body type), mid-size sedan, luxurious (full-size) sedan, and SUV/RV. The
charging station accessibility was measured through distance, 2Km, 10Km, and
20Km. Fuel costs per kilometer consisted of four levels, KRW 50/Km
(USD .042/Km), KRW 100/Km (USD .084/Km), KRW 150/Km (USD .127/Km),
and KRW 200/Km (USD .169/Km). Price of vehicles also consisted of four levels,
KRW 15 million (USD 12,700), KRW 30 million (USD 25,300), KRW 45 million

(USD 38,000), and KRW 60 million (USD 50,600).

4.3.3 Empirical Results

This section seeks to compare HVSC and HB results, except for the other
models. This is because the existing HB with covariates model showed the best

model fit than the other models. At first, for the comparison purpose, comparison
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of information criterion and log-likelihood of choice probability is shown in table
42. In all cases, WAIC, LOO, and LL, HB covariate logit shows the best
performance on VC data compare to all the models (WAIC: 3088.12, LOO:
3621.57, and LL: -937.75). The VC situation in this survey had quite a simple
form of an alternative-attribute matrix, which respondents were easily
concentrated on all the attributes suggested in the survey. Moreover, VC is quite
critical decision-making situation because the vehicle is expensive goods and
accounts for a large portion of expenditure in their income level. Therefore,
among the VC choice situation in this survey, respondents possibly consider all

the attributes suggested in the choice sets.
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Table 42. Comparison of Information Criterion of the models (VC)

WAIC pWAIC LOO pLOO LL
HB Covariates Logit 3088.12 889.94 3621.57 1156.66 -937.75
HVSC Logit 3546.03 768.41 3766.71 878.75 -1287.50
HVS Logit 3514.58 800.02 3771.92 928.69 -1245.90
HB (Mixed) Logit 3669.53 804.61 3866 902.84 -1324.48
O  WAIC
HB Logit|f —&— — SE of WAIC
HVS Logit —e—
HVSC Logit —_——
Mixed Logit [ —e—

31I00 3200 3300 3400 3500 3600 3700
Information Criteria Deviance

o LOO
HB Logitf ——— — SE of LOO
HVSC Logit [ ——
HVS Logit | ——
Mixed Logit [ _—

3550 3600 3650 3700 3750 3800 3850 3900
Information Criteria Deviance

Figure 26. Comparison Diagram of Information Criterion in HVS — WAIC and LOO (VC)
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Comparing HB with covariates and HVSC logit model in parallel, the HB logit
with covariates showed larger standard deviation in all the pooled parameter,
which suggested that the individual utility is widely distributed in all attributes. In
some attributes, such as Car cost and Charging station accessibility (CSA), the
sensitivity of knowledge toward transportation policy is reduced in the same
manner (negative utility coefficients on car cost and CSA and positive covariate
coefficients on knowledge toward transportation policy in HB Logit model,
negative variable selection coefficients on car cost and CSA). However, it is
difficult to compare and place covariates on the same line on both models since

the role of covariates is different in both models.

Table 43. Empirical Result of HB with Covariates on VC

c c < -
5 3 = B 2 S
& » s o 2 E
= & > : < g g
Mean S.D. £ = 5 S © 83 o & 2
9] - wn =] et c
- D 8 s &2 =3 %5 8
s £ g g2 2 B 5z 5 ¢ Z
Z 3 3 g 8 3 2g g2 &
S 6 6 6 8 ¢« £33 58 s
(Baseline: Gasoline)

Diesel 0.850 0.759 0.878 0.038 -0.238 -0.548 0.213 0.482 0.385 0.050
Hybrid 0.628 0.727 0.637 -0.063 0.279 -1.015 0.178 0.263 0.477 0.058
Electricity 0.630 0.736 0.623 0.092 0.113 -0.253 -0.066 0.391 0.324 -0.311

(baseline: Small Size Sedan)
SUVv 0.314 0.750 0.311 -0.399 -0.815 1.097 -0.028 0.120 0.215 -0.149
Mid size sedan -0.168 0.758 -0.163 -0.225 -0.961 -0.849 -0.515 0.196 -0.297 -0.353
Luxurious Sedan 0.098 0.730 0.093 0.003 0.284 0.208 -0.289 0.182 -0.054 -0.018
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Fuel Costs -0.373 0.686 -0.353 -0.072 0.041 0.198 0.222 0.126 0.000 0.038
Car cost -0.484 0.725 -0.490 -0.096 0.089 0.223 0.124 0.385 0.103 -0.119
Charging Station
-0.131 0.692 -0.133 -0.204 -0.410 -0.118 -0.459 0.147 0.000 -0.175
Accessibility
LL -937.747 135.542
Bold face refers statistically significance that the p-values are 10% levels
*** Significance at the 1% levels, ** Significance at the 5% levels, * Significance at the 10% levels.
Table 44. Empirical Result of HVSC on VC
§ . B N
& & s o 2 =
= S > 5 o g g
Mean S.D. £ = 5 S 9 S35 o & 2
(92] - wn =} = c
= ) ) ) 2 8 &8 & 2% g
S = = = » 2 52 5 c =
S & & & 8 ¢ £33 358 s
(Baseline: Gasoline)
Diesel 1.116*** 0.290 0.782 0.316 0.162 -1.074 -0.591 0.603 0.195 -0.020
Hybrid 0.943***  0.319
Electricity 0.983***  0.297
(baseline: Small Size Sedan)
SUvV 1.078***  0.436 -1.340 -0.094 0.699 0.897 -0.428 -0.080 0.411 0.452
Mid size sedan -0.769 *  0.522
Luxurious Sedan ~ 0.874***  (.469
Fuel Costs -0.876***  0.169 -0.156 0.655 0.438 -0.269 -0.353 -0.420 -0.046 0.027
Car cost -0.872***  0.154 1.280 0432 -0.349 -0.328 -0.323 -0.619 -0.335 0.227
Charging
Station -0.490***  0.106 -0.177 0.152 0.497 0.154 0.731 -0.770 -0.226 0.148
Accessibility
LL -1287.505 59.331

Bold face refers statistically significance that the p-values are below 0.1

*** Significance at the 1% levels, ** Significance at the 5% levels, * Significance at the 10% levels.
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Table 45. Attribute Attendance/Non-Attendance Patterns in VC

Rank Fuel Type Car Type Fuel Costs Car Costs CSA Frequency

[

0 73
62
53
45
36
28
25
11
11
11
10
9

© 00O N o 0o A WD
-

=
o

-
-
O Fkr b O O O O FF k- O k-

O B P B P O F B kB O Bk -
P B P O P O O O O O O
R O kP O FP P O KL Pk - -
m O kP O O B O B O kB O K

[N
N

(omit the patterns that frequency is below 9)

Total 306 64 210 348 235 418

Probability  73.21% 15.31% 50.24% 83.25% 56.22%

4.3.4 Discussion

This section compared the existing model and the proposed model from the
empirical point of view. In the VC case, the results confirmed that the existing
model might have a better model fit, in case of simple alternative-attribute
formation and the subjective is a good that carefully considered. Above two cases,

zero energy house choice situation and telecommunication bundling choice
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situation has a better model fit in the suggested models. However, VC cases
concluded different results. The results of this section suggest that the appropriate
model should be selected comparing existing models and the HVSC models
depending on the response characteristics of the data and the characteristics of the
data set. If the choice situation has a complex alternative-attribute matrix, or
strong preference toward specific attributes and showed exclusion tendency
toward specific attributes, then the HVSC model outperforms than the HB with
covariates model. However, in case of the simple alternative-attribute matrix that
each attribute is important and has wide utility heterogeneity, the empirical results

supported the HB with covariates.
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Chapter 5. Summary and Conclusion

5.1 Concluding Remarks and Contribution

This dissertation examined the possibility of two different models starting
from the same methodological concept and presents empirical analysis results for
each model. It suggests a model for explaining consumer ANA behavior
considering consumer characteristics and one for identifying individual decision-
making behavior heterogeneity between random utility maximization and random
regret minimization via Bayesian stochastic search methods. The value of this
study lies beyond the heterogeneity of utility and incorporating such decision-
making heterogeneity structure into the model. Furthermore, the advantage of
these models is that they were devised specifically to explain the heterogeneity of
consumers.

This study verified the models through a simulation study conducted via
synthetic data and two subsets of empirical data about high tech durable goods, a
zero-energy house choice, a telecommunication bundling service choice, and car
choice behavior. The validity of the proposed model was confirmed by using
synthetic data and the empirical cases were used to support the proposed models

in comparison with reference models.
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It is hard to generalize the model with three empirical applications. In a
complicated choice situation, however, the explanatory power of the HVSC model
elicited the best model fits. Furthermore, in the case of simple choice situations
where respondents were possibly considering all attributes with wide utility
heterogeneity, the conventional HB logit with covariates model elicited the best
model fits. In conclusion, based on the dissertation, the HVSC model is expected
to show good results when uncertainty is high in high tech goods, and respondents
do not understand the properties. On the contrary, it is expected that the HB with
covariates model will show better results in high-tech goods that have low
uncertainty, and respondents understand the details of the attributes. By contrast,
in the HDH model, individual decision-making structures are different given
respondents’ characteristics and responses toward the choice situation. For certain
attributes, respondents will make decisions that maximize their utility and behave
as compensatory. Conversely, for other attributes, respondents will as attempt to

find appropriate levels of compromise.

5.2 Limitation and Future Studies

The limitations of this study are threefold. First, it is difficult to accurately
identify variables that may affect the latent structure identification. Because of the
limitations of the variables included in the questionnaire, it was challenging to
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determine consumer characteristics that explain the heterogeneous decision-
making structure adequately.

Second, and most importantly, the two models are not combined, but are
presented separately. The distinctive difference and advantage of this study is that
the proposed methodology has not previously been attempted and it showed the
potential of using HVSC methods to apply discerning heterogeneous decision-
making structures. However, the two alternative decision structures were not
combined. Therefore, based on the results of this study, | suggest a hierarchical
decision structure model (Figure 27), assuming that a decision-maker has a two-

layer decision-making behavior structure.

Attribute
A
a4 I
Attendance Non-Attendance
A l
a4 I
RUM RRM Eliminate

Figure 27. Suggested Topics That Can Be Derived from this Study

The first step is to discern whether the respondents are considering the
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variables. It is possible to determine first whether the respondent considered the
attribute in the decision-making process. If the respondent did not consider the
attribute, the variable can be removed from the respondent's utility structure. If a
respondent takes account of the attribute to choose an alternative choice because
the attribute is important enough, the next step may be taken. In the second stage,
we explore the heterogeneity of decision-making structures. If a respondent
exhibits a fully-compensatory behavior and a utility maximization characteristic
for the attribute, the attribute will be considered as an RUM. If the respondent has
semi-compensatory behavior for the attribute, the attribute should be considered
as an RRM.

The last limitation of this dissertation is that the alternative decision-making
structure was considered only from the RRM perspective. There are plenty of
alternative decision rules in choice modeling (Table 1). It might be worthwhile to

allow various alternative decision-making structures within the heterogeneity.
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Appendix 3: Survey Questionnaires for VC

Gallip

208 SAJIK-DONG JONGRO-GU SEOUL, KOREA, 110-054 TEL(02)3702-2100 / FAX{02)3702-2121/E-mail info @gallup.co.kr / internetwww.gallup.co.kr
affiliated with GALLUPINTERNATIONAL

GMR2016-141-037 HIXISAH 3 SHAM WS oA ZAL I:I:I:I:‘

oHFSHAIL M

S TAITL0ME MBS 7|2SEHE thstelol 0|22 LeiR0l of2fge| HMI|AIEA 2 &40 it QlAlnt
M5 E ol EYct 2 FRolE S S2lE Hol glom, 0 27E Zkn AUs ARl # HUE ()2 AR SAIE
U= clolzt ARZ=n, 2 2lo| SHol= HHZ ARRSR| oL Y4 Y2UUNE SEb| FAH E4ch =3t A SHH T
g2 SAEHR) vt ZASTHo20 ALgEn, sl olzie HAls| ESES ARECRILCt BIAZX|RL ZAlo| =
FAH theks| ZA=elAEUCE

201814 12
L EIIE S
¥ 8 o

21. E
1. @5 2, O{Xt

22, Aeifx|gk Hatel S oF Liol(=2016-ZHAT)= OEAH U7

o ED A —r B EEINET)

23 A SR AT HA X|2 ofc|iuap

01. M2 02. R4

03. i+ 04. 2IH

05. FF 06.

07. 24 08. MZ

09. &7| 10. 2@

1. &% 12. &4

13 H5 14, Ht

15. 2% 16. 2= 17. ®HF
4. A SR AT AHA X|do AT Yot sEHm?

‘ ‘ La‘ ‘ |7H§HH71%‘-§

184

s B ke



A RS Tl et 27 3 AL el

‘ CIS2 AISA Ml gt 27 2 ALS YeiE 2= FEYLIC ‘

1. A AspiMEs KSR 2THE I} AU

1. o (ch
2. ol (ich
221 a3, HsAM e Hao XNSAtE &Y 2Msin Adualr st e F & 279 A2} oloT =i, XSAE
2

E HNIE 6ivE

— 1. of (2Xsich

| 2 o2 (28 gech —» EEEES
v
222 (224.00M 1. of (2HBICHo| SEE Z2T HA|)

g, #stel BHEEe o= 2 dolut guinr

al

23 ([©H SER 2R0A FA)
N oM e ASAE EFstl AsHal

— 1. o] (Uch
| 2. oif2 #oh — EEENE
v
232 (231004 1, oo SEE ZL HA)
J8, ASoME XEAE 25 2 oot 2R510 dsdal
1.1
2.2 0f ol

185



o

#

P"!'-"'.-'-‘-Sn’!'\-’.—‘»

Z2) 5l0[=2|S(HEV) ¥ F7|}

(23201M SEB EH OHE KAl
J{SolM X 2R5k0 Sls ASAfo| sl @ AE, @ AE2RE, @ AYFHZET), @ T, © ASAt Foh7iH Dt
® A £= E'JHI T of ol SHE FuA2.

% otet s 2REel ASA| 20 olael F2, FAR MFe viA
3 AITHIR(OF SEHAl FelAtg
1. A Olfd S EFsln AUA| Gobt AFS iz TuE EF £
10§ oh2 Efeiciz FI12 200m) A2 ol Ao S2
2. WA OfFol AFE 10 == 20f ERSICP} AfEE ISt 22E tAsks AlEe TolE deol SE

# AlmAofR SHoAl
[ (28R 1)
- 2007'0i| ofgiH & ‘ﬁ‘i Fofsto] s AR}
- 20100]| of2HHE AEsta il-kEF ToORSI D, (ALERS ofghy A Tk
- 2014d0] 252 J\HE-?I Toist B, (2He AT
Y 27 A2 LLER RHoZ ¢I—+E|E 2, A, 24 1. Aol SE

(2[R 2)
- 200000 AZEIX|E M2 Foisld S AH[AL}
- 201150 SM3E A2 Fal%n,
- 201540 SM3E MESED 22lTE MEH FoHEt B¢
BA ERAYE ARERIS YBIRE, AZEX|E 1. HATH, L2FE 2. DA Tl S

olo
>;
=
o

HE A5 HERY HYFHEHET) TlEE -‘,ﬂ? i @A o of
(Et9] : BH9)
737
2 Adxt s
3zeen | L HET
= 2. o 1. Aol
B Bt 3 80s21c e v |35
5 gzl 1
6. SUVIRV n e
7. 7le}
3 San
. 2EX =)
== 1. FeR
3 ESEA s
et 22 o | 1 Bl
2 |4 38% o saicren oie | STt
5, Geixi agas
6 SURV o
7. 7|5
BTE

ZA} (81712 1,000cc 0I2F: 7|ot o=, 4 2e AT 5)
28t (B47]2F 1,000cc 0|40~1600cc OISt : #ich HHE, Jjof Z2jo|=, HE ok 5)
ﬂ-s%xl (44712 1,300cc O4~1,600cc Ol5t : #CH ofehH, 7|of K3, 2ratd SM3 §)

At (81712 1,600cc 0| 4~2,000cc 0|2 : B A-LIEL 7ot K5, 4He UalE §)
EH%KI (Eh7 12 2,000cc Ol : &Cf MUAIA/0IFA, Tot K7W, 422 YUH 2 §)
SUVIRV

5l0|22|E AlFE FUFERE T HER o HZ A%-i Al 25 ofLiX|2 E8d H7|ZEE g ol8ste AR
(CiAl): 2LIEF SH0[E2|E, K5 310|E2|E, &lo] Hio|FY, EREF Z2|fA 5

M7| A2 M7|2t2 t2 R 0|83 AlgeR 4~8*|7*°\ 2 FAo|Lt 10~30+-4 25 5ol 4eF

(GIAl); AT BV, SAF2IT BV, BMW i3, Bl22l 2YS =

186



B. XISAt RYE HaT

Ch22 ASAte| ofz] £Mnf SME S3of Cfst MQILch 2 ZAME 8IFf AZo|M 22{=o2 AjmE] x| g2
H7|KSAE tietoz Zakslo] Alxfrelol cfst MSTE Yof2 D RUFHCh CkS HMAls £4 Mug
SX|5IAI D SEE FAZ| SIgUCH
| ®xs4 24 & 45 42 |
&4 24 4y 3 47
i HEH|E2 1Km FY A| 285/ 8|2 o8
(2 dzslg2 SfolM 23 2l A2l 2B FHH2IE 1300kmE X230 HLE Al
1. ¢z Hjg 2z | 0502k (65,0002/%)
@iy | 100k (1300002/%)
1502k (195,000%/%)
@ 200%4km (260,0002/3)
gy | HBFIE A8 S84, 45 § M8 TE A ool 25E & bi2g ool
(0 2L SSHE A2 7j2ie] 3-5% ASHE A2 712 2% 122
2, X1z 71 azx | 15002k
'::; @ 300021
N1 545000
®6,0002:¢
Ao H2ERE FWF, R, slo/=alSRLR+E7), H2|uE2)2 FEE
-7, 3% AZe YuEoz S80S HEe ASsi Lol 2i
Mg | . slol=als MRS HUHARE T UES s, 08 AR Al 45 oIXIE B8 W7ISHE B 0|85 A
- 37| Ay Wlue eEE olgsls XFOE, 4-8Mziel 2% ARl 0-3080 22 FHH0| o8
2 op &N (13] 25 SHOE o 150km 3 7t5)
DEESS
2 | 222
(d7) | @ BI0I=EIS(FLFET))
OFHCIRED
AE2 Aol 37| Sof w2} SUVRY, BARLAL EEYAEHEAL Mgz 728
- SUVE Spots Uty Vehicleel B2, 7lof AZEIR], sich 24k, aicfa| Sof Aziol EB=D, RV Recreationd
oy | Vendeol Ewz Tloiel Fiujunt 2 chel seapt xe
- A= 7o} 24, elol, e AmS S| Xizo| e, ApAH Jjob T2jolc, B M= Sof o] EHE
- EBYAE 7jot K3, #rf ok 5o XFol Telsini, TUAE Jlof k5, Hoh ALl Ze Aol ZyE
4 3B - RBAH: 7ot ko, #ich of R, HUAlA 5o X1z E8tE
D SUVRV
= | oziasn
@l | ozzEazEs
@ royEat
Ad | FRENL HIL2 26X RS RoH FRIEHII B H2lE oold
5. AL P
B2 8oy "—T @ 10km
G | & 206m

187



ChE HAlE 47l] ISR RE £ M3 B 19158 4271K] SEe FAUAI2.

ASA 78 FEA w8 B FEC 78D
1, U2 H|E 2002/km  (260,00020/%) | 1002Ukm (130,00024/8) 2002/km (260,00024/%) 1502km (195,00020/%)
a8 2. X% 714 6,0002t2 3000248 1,500kl 6,0002t8
R | a7 EUEESE )| LE
4 AF o HALEA AR 2ER HALLEA
5 FRENL H2Y 2km km 2km 10km
A 20| 2 -
gt oz | L9 L [ s HE
ASA 78 A 788 fEC =8 D
[RERCTE- 1008/km (130,000%/%) | 200%km (260,00080/8) | 100%/km (130,0002/%) | 1002Ukm (130,000%/%)
- 2. 2% 714 15000k 450028 6,000k 45002184
© 13 ¢l2 3% | % slo| ==L E7)) L
4 X5 #2854 SUV-RV SUV-RV h
5 FRIEHL H2N 10km 10km 20km 2km
ME 20 2 -
onss o g | L9 IE IE [ 4
R4t 7Y FEA ®EB FEC B8 D
1. 6B 62 508/km (65,0002/8) 15020km (195,00020/8) | 150%km (195,0009/%) 50%Ukm (65,00021%)
no |2 MM 450024 1,602t 4500042 15002k
T 3 98 5§ H| #n o] 2] = (Bl 7+ &7 s
4 AF Arr28A} oE 5838 SUV-RV
5 FRIEHA H2Y 20km 20km 2km 2km
MT 2 —
ass s s | L9 g g [ s
ASA 78 78 A 788 fEC 78D
1, 42 4|8 1508/km  (195,000%/8) |  50%Ukm (5,0002!8) 50%//km (65,0002./8) 2008dkm (260,0002/8)
s 2, & 714 30002k 6,000244 30002k 3,0002H4
; KNER & - slo|=Rl= (gL E)) LEC
4 AZ SUV-RV 5438 o 5438
5 FRIEHL H2Y 10km 20km

HE &9 g€ -
(191551 490717 ST

2km
[ s

2km
[ 1a

E

[ 1a

188



Appendix 4: Structural Similarities of Dummy in RRM

and RUM

This section proves structural similarities of Dummy between RUM and RRM
and explain why RUM and RRM did not classified in the Heterogeneous Choice

Model for Respondent Decision Heuristics Strategy.

For a dummy attribute x,, consider that a dummy attributes are existed, then

the form of dummy attributes in RUM is shown in eq. (A4. 1). And for a dummy

attribute x, , if an individual choose an alternative j, in comparison with

alternative m, the RRM for dummy attributes are shown in Eq. (A4. 2)

B, ifx, =1
RU'\/Idummy = Xdﬂd ={ Od O;W Eq (A4 1)
RRM .., =log (1+ exp( £ (Xoa = X4 ))) Eq. (A4. 2)

In RUM cases, dummy attributes have simple formation, only remain utility
coefficients. On contrary to this, RRM is different case by case. At first, if chosen

alternatives have same values with non-chosen alternatives, then RRM structure

draws log(2) and it is reduced into zero in the model, because if X, =Xy, then
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none of regret and rejoice occurred. However, if the regret coefficient is positive,
and non-chosen alternative had a dummy attributes but chosen had not, then the
regret coefficient survived [Eq. (A4. 4)]. On the contrary to this, if the regret
coefficient is positive and chosen alternative had a dummy attributes but non-
chosen had not, then RRM diminishing to zero [Eq. (A4. 5)]. If the regret

coefficient is negative, the structure is reversed.

case 1:WLOG, g, is positive or negative, if X, =X,

RRM gy mesj = 109 (1+exp(,6d (de = ))): log(2) =0 Eq. (A4.3)
case 1-1: B, >0if x, =1 x;, =0
RRM gymymorj = 109 (1+€xp( 3, )) = B, Eq. (A4.4)
case 1-2: 3, 20if x, =0, x;y =1
RRM gy morj = 109 (1+€Xxp(=43,)) =0 EQ. (A4.5)
case 2-1: g, <0if x4 =1 x;, =0
RRM gymymorj = 109 (1+€xp (3, )) =0 EQ. (A4.6)
case 2—2: S, <0if x, =0, x;, =1 o i

I:zRMdummy,me)j = |Og (1+exp(_ﬂd )) = _ﬂd

Assume that the choice situation suggests four alternatives (Altl, Alt2, Alt3,
Alt4), and it has a good property dummy attributes on it, (0, 0, 1, 1). If an

individual i chooses Alt3, then RUM and RRM structure of individual i is shown
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in Eq. (A4. 8). If an individual i chooses Altl, then RUM and RRM structure of

individual i is shown in Eq. (A4. 8).

Case3—1: B, >0, (Alt,, Alt,, Alt,, Alt,)
X, —(0,0,1,1),choosing Alt, or Alt,
RUMdummy =ﬂd,RUM Eq (A4 8)

RRM g, = > l0g (1+ exp( B, (%, - x3)))

m=3

=log (1+exp( 8, (%, - xs)))z 0

Case3—2: 3, >0, (Alt,, Alt,, Alt,, Alt,)

X, —(0,0,1,1),choosing Alt, or Alt,

RUM ., =0 Eq. (A4. 9)

RR'\/ldummy = Z |Og (1+ exp(ﬂd (Xm B X3))) = 2ﬂd,RRM

m==3

In the modified utility structure, the structure of Case 3-1 and Case 3-2
reduced to Eq. (A4.10). In any cases, only one parameters remained in the

opposite
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Case3-1":
Ivludummy = z-dﬁd,RUM _(1_Td )(O)
Case3-2":

MU gy = 74 (O) _(1_Td )(zﬂd,RRM )
if RUM structure is selected,

if Alt, ., is chosen, MU, = £, qum Ea. (A4. 10)
if Alt, ., is chosen, MU, =0

if RRM structure is selected,
if Alt,,,, is chosen, MU, =0

if Alt, ,, is chosen, MU, =20, e

In these cases, no structural difference between RUM structure and RRM
structure, excepts for the number of estimable beta, which the scale is also
controlled in hierarchical structure. Therefore, it is hard to classify structures

between RUM and RRM.
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Appendix 5: Full Empirical results of Empirical studies

(Chapter 4)

Table 46. Analysis Results of ZEH Choice behavior (HVSC, HVS, HB)

HVSC Logit HVS Logit HB Logit
Mean S.D. Mean S.D. Mean S.D.
Major Firm 2331 *** 0.288 2,003 *** 0.570 0.699 *** 0.212
Renewable -0.158 0.137 -0.147 0.386 -0.099 0.136
Mechanical Vent -0.030 0.166 0.286 0.309 0.111 0.144
Heat Exchange Vent -0.680  *** 0.208 -0.513 * 0.418 -0.300 0.259
Access Time -1.442  *x* 0.266 -1.365  *** 0.356 -0.536  *** 0.133
CO2 Reduction 0.460 *** 0.069 0.490 *** 0.242 0.273  *** 0.112
Utility Cost Reduction 1550 *** 0.113 1472 *** 0.153 1.077 *** 0.140
Cost -1.851  *** 0.273 -1.435  *x* 0.364 -0.729  *** 0.188
No Choice -3.314  *x* 0.350 -2.284  *x* 0.524 <1494 A 0.396
Constant -0.639  *** 0.341 (Prob)
Seoul 1540 *** 0.225 0.361 *** 0.089
APT 0.700 *** 0.216
Home Owner -1.795  *** 0.525
£ Family -0.118 0.120
:Lé Univ 0.127 0.199
§ Htech Perception -0.349  *** 0.135
Eco Perception 0.477 0.361
Heat Cost 0.267 ** 0.099
Commute -0.109 ** 0.069
Homeprice>5 1.014 *** 0.458
3 ® Constant -0.145 0.381 (Prob)
é ® Seoul -0.068 0.379 0.405 *** 0.086
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APT 0.723 *** 0.271
Home Owner -1.375  ** 0.539
Family 0.766  *** 0.219
Univ 0.440 * 0.221
Htech Perception -0.631  *** 0.180
Eco Perception 0211 = 0.259
Heat Cost 0.020 0.328
Commute -0.485 * 0.261
Homeprice>5 -0.395 = 0.354
Constant 0.729 ** 0.361 (Prob)
Seoul -0.344 0.360 0.391 *** 0.222
APT -1.635 ** 0.693
Home Owner 0.342 0.544
g Family -0.561  *** 0.091
'g Univ 0.101 0.348
> Htech Perception 0.638 ** 0.240
Eco Perception -0.381  *** 0.081
Heat Cost 0.034 0.137
Commute 0.004 0.123
Homeprice>5 -0.253 0.268
Constant 0.081 0.725 (Prob)
Seoul -1.168  *** 0.152 0.385 *** 0.140
APT 0.180 0.278
Home Owner -0.152 0.414
2 Family 0332 ** 0.148
=
ﬁ Univ -0.775  *** 0.276
E Htech Perception -0.399  *** 0.084
Eco Perception 0.644  *** 0.140
Heat Cost -0.209 0.172
Commute 0.494  *** 0.100
Homeprice>5 -0.274 0.449
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Constant -0.910 ** 0.356 (Prob)
Seoul 1.669 *** 0.330 0.465 *** 0.170
APT 0.621 *** 0.206
Home Owner -0.207 0.503
E Family 0750 * 0.459
E:a Univ -0.203 0.339
§ Htech Perception 0413 *** 0.183
Eco Perception -0.132 0.235
Heat Cost 0.365 *** 0.113
Commute -0.101 0.105
Homeprice>5 -1.283  *** 0.238
Constant 0914 = 0.536 (Prob)
Seoul 1028 *** 0.277 0.727  *** 0.070
APT 0.184 0.233
s Home Owner -0.884 ** 0.376
% Family 0.427 *** 0.179
@
g Univ -0.378 0.327
E Htech Perception 0.535 *=** 0.172
3 Eco Perception -0.490 *** 0.198
Heat Cost -0.080 0.095
Commute -0.112  * 0.134
Homeprice>5 0972 ** 0.346
Constant 0.827 ** 0.312 (Prob)
Seoul -0.670  *** 0.229 0.624 *** 0.052
APT -0.651 ** 0.240
Home Owner 0304 * 0.277
g Family 0363 *** 0111
Univ 0.012 0.207
Htech Perception 0.007 0.106
Eco Perception -0.854  *** 0.125
Heat Cost -0.974  *** 0.118
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Commute -0.093 0.184
Homeprice>5 -0.475 0.376
Constant -1.707  *** 0.510 (Prob)
Seoul 2199 *** 0.526 0.683 *** 0.089
APT 1.085 *** 0.470
Home Owner 0.707 * 0.420
3 Family 0.221 ** 0.104
g Univ 0.284 * 0.170
2 Htech Perception 0.165 = 0.146
Eco Perception -0.497  *** 0.175
Heat Cost 0.660 *** 0.153
Commute -0.012 0.080
Homeprice>5 -0.621 0.541
Sigma_0_0 2,696 *** 0.948 4577 *x* 2.894 2479 *** 0.748
Sigma_0_1 -0.008 0.197 0.221 0.524 -0.102 0.246
Sigma_0_2 -0.128 0.216 -0.013 0.302 0.102 0.167
Sigma_0_3 -0.083 0.299 0.038 0.456 0.036 0.173
Sigma_0_4 -0.087 0.236 -0.022 0.428 -0.033 0.207
Sigma_0_5 0.087 0.137 0.053 0.296 0.031 0.111
Sigma_0_6 -0.039 0.312 0.029 0.420 0.281 0.258
Sigma_0_7 -0.075 0.893 2706 * 2.074 0.212 0.576
Sigma_0_8 1307 * 0.879 0.652 2.903 -1.629 * 1.149
Sigma_1 1 0.196 *** 0.349 0.907 *** 0.623 0.662 *** 0.216
Sigma_1 2 -0.020 0.067 -0.054 0.139 -0.140 * 0.119
Sigma_1 3 0.001 0.055 0.030 0.161 0.049 0.087
Sigma_1_4 -0.012 0.060 -0.004 0.152 -0.054 0.129
Sigma_1 5 0.004 0.037 0.010 0.141 0.020 0.049
Sigma_1_6 0.032 0.066 0.082 0.203 0.097 0.121
Sigma_1_7 -0.177 0.337 0.580 1.093 0.298 0.322
Sigma_1_8 0.363 0.675 2014 =* 1511 0.935 ** 0.590
Sigma_2_2 0.354 *** 0.286 0.322 *** 0.547 0.211 *** 0.163
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Sigma_2_3 -0.080 0.093 0.009 0.154 -0.006 0.057
Sigma_2_4 0.052 0.096 0.010 0.097 0.054 0.103
Sigma_2_5 -0.015 0.035 -0.024 0.115 -0.010 0.033
Sigma_2_6 0.049 0.062 -0.030 0.110 -0.078 0.097
Sigma_2_7 -0.522 0.661 -0.201 0.643 -0.102 0.226
Sigma_2_8 -0.487 0.433 -0.444 0.860 -0.475 0.466
Sigma_3_3 0.600 *** 0.480 0.407 *** 0.597 0.191 *** 0.219
Sigma_3_4 0.037 0.086 0.017 0.130 0.018 0.074
Sigma_3 5 0.097 0.094 0.004 0.080 0.012 0.041
Sigma_3_6 0.016 0.067 0.003 0.158 -0.046 0.098
Sigma_3_7 -0.090 0.438 -0.022 0.781 0.019 0.225
Sigma_3_8 0.468 0.490 0.167 0.841 0.285 0.507
Sigma_4_4 0.229 *** 0.231 0.390 *** 0.678 0.269 *** 0.313
Sigma_4_5 0.021 0.051 -0.007 0.090 0.016 0.056
Sigma_4_6 0.008 0.068 -0.017 0.150 -0.042 0.130
Sigma_4_7 0.135 0.470 0.055 0.711 0.240 0.373
Sigma_4_8 0.201 0.361 -0.202 0.902 0.124 0.527
Sigma_5_5 0.171 *** 0.108 0.251 *** 0.345 0.070 *** 0.077
Sigma_5_6 -0.012 0.050 0.007 0.124 0.007 0.064
Sigma_5_7 0.144 0.261 0.332 0.660 0.054 0.158
Sigma_5_8 0.349 = 0.336 0.384 0.657 -0.034 0.264
Sigma_6_6 0.541 *** 0.291 0.586 *** 0.309 0.931 *** 0.260
Sigma_6_7 -0.833 ** 0.473 -1.032 0.848 -0.463 0.365
Sigma_6_8 0.241 0.559 0.682 0.982 0.114 0.581
Sigma_7_7 14755  *** 2.982 17.047 *** 4.646 5.798  *** 1.046
Sigma_7_8 1.090 1.952 4.368 4117 0.232 1.228
Sigma_8_8 8.659 *** 3.325 26.686 *** 11.052 16.258  *** 3.994
bprecision 12913 *** 0.917

Choicelogp -1678.0 *** 457  -16132 *** 50.6  -1655.3 *** 58.3
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Table 47. Analysis Results of Zero Energy House Choice behavior (HDH Cov RUM-

RRM, HDH RUM-RRM, RRM, RUM)

HDH RUM-RRM
HDH RUM-RRM RRM RUM
w/ Cov.

Variables Mean S.D. Mean S.D. Mean S.D. Mean S.D.
(Dummy)

Brand 0.511  *** 0.153 0.503  **= 0.213  -0.157 0.147 0.699  **=* 0.218
Renewable -0.305  *** 0.093  -0.222 ** 0119  -0.701  *** 0.084  -0.098 0.131
Mechanical Vent -0.240  ** 0.162  -0.106 0.152  -0.874  *** 0.102 0.098 0.148
Heat Recovery Vent -0.760  *** 0.225 -0.641  *** 0.246 -2.102  F** 0.161 -0.310 0.257
No Choice <1262  *** 0332 -1.373  *** 0424  -1.071 *** 0.398  -1.483  *** 0.366
(RUM)

Access Time -1.072  ** 0.269 -1.274  *** 0.503 -0.522  *** 0.141

Reduce CO2 -0.072 0.243  -0.076 0.230 0.263  *** 0.117

Utility Cost Reduction 1326  *** 0.186 1.308  *** 0.262 1.063  *** 0.143

Cost -0.294 = 0236  -1.255  *** 0.365 -0.719  **x 0.197
(RRM)

Access Time 0.437 ** 0.206 0.135 0.304 -0.546  *** 0.131

CO2 -0.263 0.269 0.008 0.534 0.911  *** 0.086

Utility Cost Reduction 0.151 0.165 0.236 0.286 -0.523  ** 0.129

Cost -0.353 0.773 0.847 * 0.636 0.095 0.191
(Access Time) P(Access Time)

Seoul -2.449  FH* 0.444 0.421  *** 0.177

APT 0.043 0.415
Home Owner 0.316 0.391
Family 0.032 0.203
Hightech Perception -0.305  ** 0.157
Eco perception 0471 * 0.250
Commute 0.278  *** 0.097
Heatcost -0.307  *** 0.128
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(Reduce CO2)

P(Reduce CO2)

Seoul -0.034 0.325 0.783  *** 0.101
APT -0.581 0.730
Home Owner -0.396 0.648
Family -0.195 0.294
Hightech Perception 0.221 0.233
Eco perception -0.342 0.399
Commute 0.180 0.233
Heatcost -0.022 0.401
Utility Cost Reduction P(Utility Cost Reduction)
Seoul 0.441 0.404 0.638  *** 0.124
APT 0.006 0.256
Home Owner 0.228 0.269
Family 0.703  *** 0.276
Hightech Perception 0.258 * 0.141
Eco perception -0.092 0.220
Commute -0.063 0.310
Heatcost 0.176 0.179
(Cost) P(Cost)
Seoul 1.343  *** 0.253 0.675  *** 0.068
APT 0.812  *** 0.156
Home Owner 0.060 0.279
Family -0.179 0.174
Hightech Perception 0.465  *** 0.185
Eco perception -0.217  ** 0.145
Commute -0.093 0.097
Heatcost 0.301 ** 0.144
Choicelogp -1574  *** 51.806 -1571  *** 60.697
bprecision 9.406  *** 0.527
Sigma__0_0 2.046  *** 0.672 2.070  *** 0.705
Sigma__0_1 0.068 0.121 0.044 0.112
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Sigma_ 0 2 0.144 0183  0.030 0152 -0.057 0183  0.012 0.152
Sigma_ 0 3 -0.014 0156  -0.042 0145  0.010 0284  -0.038 0.211
Sigma_ 0 4 0512 0795  -0.658 1182 -4013 *** 1276 -1410 * 1.064
Sigma_ 0 5 -0.228 0234  -0.006 0335 0552 ** 018 -0.126 0.217
Sigma_ 0 6 -0.004 0179 0.002 0.093  0.060 0096  0.017 0.100
Sigma_ 07 -0.168 0260  0.046 0316 0851 *** 0210  0.281 0.243
Sigma_ 0 8 0.409 0544  0.905 0954  0.123 0198  0.274 0.591
Sigma__0_9 -0.005 0072 0.008 0.109
Sigma__0_10 -0.033 0130  0.041 0514
Sigma__0_11 0.006 0077 0.001 0.108
Sigma__0_12 -1.788 2499 0.038 0.237
Sigma_ 1 1 0140 ** 0123 0133 *** 0140 0106 *** 0099 0218 *** 0,166
Sigma__1_2 -0.008 0.048  0.003 0038  0.024 0.050  -0.009 0.054
Sigma__1_3 0.006 0.041  0.008 0044 0131 * 0144  0.030 0.072
Sigma_ 1 4 0.264 * 0231  -0.163 0360  0.293 0421  -0.422 0.450
Sigma__ 1.5 -0.072 0076  -0.057 0110  -0.051 0069  -0150 ** 0112
Sigma__1_6 -0.016 0.058  -0.007 0022  -0.001 0016  -0.011 0.032
Sigma__1_7 -0.048 0103  -0.028 0.085  -0.007 0.067  -0.076 0.101
Sigma__1_8 -0.083 0227  -0.003 0314  -0.004 0033  -0.118 0.244
Sigma__1.9 -0.006 0018  -0.006 0.026
Sigma__1_10 -0.023 0038  -0.015 0.128
Sigma_ 1 11 -0.007 0021  -0.008 0.032
Sigma_ 1 12 -0.146 0582  -0.001 0.064
Sigma__2_2 0518 *** 0326 0240 *** 0263 0322 *** 0214 0152 *** 0176
Sigma__ 2.3 0.030 0091  0.007 0052 0251 * 0208  0.014 0.064
Sigma_ 2 4 0.175 0422  0.306 0501 1300 ** 0931  0.261 0.546
Sigma_ 2.5 0.027 0152 0.020 0120 0204 ** 0142 0.032 0.080
Sigma_ 2 6 0.121 0134 0.009 0034  -0.017 0036  0.011 0.034
Sigma_ 2.7 -0.145 0174  -0.035 0126  -0.070 0.097  -0.041 0.091
Sigma__ 2.8 -0.054 0310  0.058 0418  0.017 0058  0.156 0.230
Sigma__ 2.9 0.007 0.040  0.005 0.040
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Sigma__2_10 0.012 0052  -0.001 0.200
Sigma_ 2 11 0.013 0.045  0.007 0.053
Sigma_ 2 12 0.338 0.889  0.006 0.095
Sigma_ 3 3 0269 *** 0279 0196 *** 0242 1147 *** 0488 0244 *** 0295
Sigma_ 3 4 0.267 0334 0193 0557 2194 ** 1238 0.046 0571
Sigma_ 3 5 0.003 0.090  0.005 0109  0.099 0205  -0.029 0.115
Sigma__3 6 0.047 0097  0.011 0042  -0.006 0049 0017 0.053
Sigma__3_7 -0.044 0128  -0.025 0121  0.098 0177  -0.027 0.117
Sigma__3_8 0.251 0369  0.191 0381 0015 0097  0.263 0371
Sigma__3_9 -0.011 0028  0.010 0.039
Sigma__3_10 0.006 0034  -0.006 0.160
Sigma__3_11 -0.003 0028  0.001 0.038
Sigma__3_12 0.251 0804  0.001 0.069
Sigma_ 4 4 11.049 *** 2722 18179 *** 4945 25752 **x 5656 16061 ***  4.057
Sigma_ 4.5 1.051  ** 0818 1215 1118 1874 *** 0927 0936 ** 0.630
Sigma__4_6 0.279 0508  0.113 0266  -0.163 0258  0.010 0.249
Sigma__4 7 0.414 0674  0.662 0953  -1.707 ** 079  0.120 0.596
Sigma__ 4 8 4436 **x 1472 2.807 2.667  -0.051 0487  0.236 1.173
Sigma_ 4.9 0.133 0203  0.019 0.304
Sigma__4_10 0.223 0283 0503 1.621
Sigma__4 11 0.077 0204  0.030 0.342
Sigma__4 12 4662 * 4595  0.136 0.752
Sigma__5_5 0772 %% 0439 1003 *** 0766 0779 *** 0279 0652 *** 0202
Sigma__5_6 0.041 0127 0.010 0067  -0.025 0049  0.019 0.050
Sigma__ 5_7 0.124 0218 0151 0274  -0.398 *** 0189  0.071 0.117
Sigma__5_8 -0.316 0500  0.149 0772 -0.044 0083  0.280 0.279
Sigma__5_9 0.025 0058  0.008 0.077
Sigma__5_10 0.016 0.066  0.020 0.394
Sigma__5_11 0.010 0061  -0.006 0.070
Sigma__5_12 0.429 1105 0.004 0.173
Sigma__6_6 0377 *** 0308 0080 *** 0084 0032 ** 0041 0067 *** 0073
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Sigma__6_7 -0.036 0.201 0.012 0.076 0.012 0.034 0.018 0.061
Sigma__6_8 0.119 0.459 0.016 0.259 -0.001 0.015 0.081 0.162
Sigma__6_9 -0.012 0.044 -0.004 0.023
Sigma__6_10 0.020 0.052 -0.007 0.100
Sigma__6_11 -0.006 0.043 -0.005 0.023
Sigma__6_12 -0.397 0.847 0.000 0.048
Sigma__7_7 1283  *** 0.492 1.266  *** 0.638 0.712  *** 0.211 0.934  *** 0.263
Sigma__7_8 -0.748 * 0.542 -1.119 0.991 0.037 0.095 -0.449 * 0.337
Sigma__7_9 -0.005 0.056 -0.005 0.084
Sigma__7_10 -0.015 0.090 0.059 0.406
Sigma__7_11 0.019 0.074 0.016 0.091
Sigma_ 7 12 0.143 1259 -0.005 0.180
Sigma__8_8 8.289  *** 1.526 14.029  *** 4.857 0.154  *** 0.237 5.678  *** 1.050
Sigma__8_9 -0.031 0.189 -0.070 0.356
Sigma__8_10 -0.079 0.200 -0.097 1.301
Sigma__8_11 -0.090 0.189 0.015 0.330
Sigma__8_12 1.050 4.325 -0.051 0.620
Sigma__9_9 0.055  *** 0.060 0.096  *** 0.124
Sigma__9 10 0.001 0017  -0.021 0.121
Sigma__9_11 -0.006 0.021 -0.005 0.024
Sigma_ 9 12 0.147 0298  -0.002 0.056
Sigma__10_10 0.103  *** 0.102 2420  *** 3.446
Sigma__10_11 0.001 0.019 -0.017 0.128
Sigma__10_12 0.176 0.357 0.014 0.243
Sigma__11_11 0.063  *** 0.065 0.118  *** 0.108
Sigma_ 11 12 0.001 0331  -0.001 0.067
Sigma__12_12 35.398  *** 32.109 0.543  *** 0.676
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Table 48. Analysis Results of TBC (HVSC, HVS, HB)

HVSC Logit HVS Logit HB Logit
Mean S.D. Mean S.D. Mean S.D.
Mobile KT 1312 == 0.578 0.632 0.703 0.720 *= 0.341
Carrier LGU+ 1.025 == 0.454  -0.026 0.643 0.512 * 0.288
Period -0.425 =*=~ 0108 -0.630 *~ 0.193 -0.259 = 0.122
Discount Mobile 0.984 == (.186 1174 == 0.294 0.479 == 0.138
Discount Pay-TV 1.681 ==  0.187 1.640 == 0282  0.854 *=* 0.179
Choicelogp -2891.1 942 -2897.7 100.3 -3101.0 97.1
Constant -0.336 0.664 P(Mob Carrier)
Age -0.194 0.168  0.466 * 0.103
Male 0.005 0.272
5 Decision -1.074 ==+ 0.485
& Bundle Mobile 0946 ==  0.335
% Installment -0.002 0.578
= Phone bill 0.177 0.176
Income -0.050 0.148
Edu -0.223 0.175
Change wi/i 6yr 0.747 = 0.433
Constant -0.797 0.887 P(Period)
Age 0.236 0.210 0.637 ** 0.133
Male 0.083 0.377
Decision 0.563 0.644
kS Bundle Mobile 0.145 0.435
E Installment 0.104 0.524
Phone bill -0.341 0.240
Income 0.398 ** 0.209
Edu 0.142 0.274
Change w/i 6yr 1.262 =*=* 0.455
§ _ % Constant 1.007 == 0.521 P(D_Mob)
a 5 = <« Age 0.185 0.179 0.723 = 0.080
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Male -0.032 0.377
Decision -0.772  * 0.432
Bundle Mobile 0.026 0.428
Installment 0.617 = 0.412
Phone bill -0.099 0.208
Income -0.190 0.159
Edu 0.087 0.164
Change w/i 6yr 0.137 0.309
Constant -0.915 ** 0.371 P(D_Pay-TV)
Age -0.103 0.133 0.750 == 0.073
Male -0.281 0.275

2 Decision 0.271 0.327

5 Bundle Mobile 0.501 =** 0.259

g Installment 0.956 **  0.356

8 Phone bill -0.088 0.164
Income 0.172 0.137
Edu -0.386 *===  0.153
Change w/i 6yr 1.042 == 0.275
Sigma_0_0 56.026 ** 15.613 41.323 ** 20.769 9.433 *=* 1.674
Sigma_0_1 17.806 *~ 5733 13.708 *=*  6.137 4146 *+ 1.215
Sigma_0_2 6.470 =+ 2031 2382 ~* 1.621 0.631 * 0413
Sigma_0_3 -0.612 2758  -4177 ** 2478  -0.359 0.414
Sigma_0_4 -9.905 =** 3.632 -1.663 2205 -0.610 0.531
Sigma_1 1 23.880 *=+ 10413 35941 ==+ 31.014 4,907 ==+ 1.293
Sigma_1 2 2.061 ~ 1.445 0.966 1.527 0.502 =* 0.456
Sigma_1 3 -3.250 ** 2306 -6.397 ** 2594 -1315 *=* 0.392
Sigma_1 4 0.224 2.498 4856 **  3.042 0.813 * 0.381
Sigma_2_2 1.464 =**  0.395 0.849 = 0.347 0.554 == 0.223
Sigma_2_3 -0.372 0.509 -0.774 ** 0.487 -0.139 0.129
Sigma_2_4 -1.887 = 0.611 -0.491 0.476 0.003 0.148
Sigma_3_3 2.689 **  0.765 3.530 =+  0.847 1723 = 0.280
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Sigma_3_4 -0.301 0553 -0.198 0577 -0544 == 0195
Sigma_4_4 4269 == 00984 2504 >+ 0695 1344 =+ 0277

Table 49. Analysis Results of TBC (HDH Cov RUM-RRM, HDH RUM-RRM, RRM,

RUM)
HDH Cov. HDH
RRM RUM
RUM-RRM RUM-RRM
Mean S.D. Mean S.D. Mean S.D. Mean S.D.

(Dummy)

KT 0479 * 0.297 0.329 0.333 2252 ***  0.162 0.570 * 0.307

LGU+ 0.151 0.225 0.072 0.239 0.494 *** 0.116 0.336 0.301

(RUM)

Period -0.528 *** 0165 -0.805 *** 0.198 -0.336  *** 0.128
Discount_Mobile 1995 *** 0.372 0.695 *** 0.244 0.527 *** 0.127
Discount_Pay-TV 1376 *** 0.160 1205 *** 0.211 0.952 *** 0.165

(RRM)

Period -0.223 0.254  -0.069 0.241  -0.247 *** 0.074
Discount_Mobile -0.102 0.187 0.390 0.603 -0.659 ***  0.122

Discount_Pay-TV 0.559 ** 0.278 0.583 ** 0.495 0.785 *** (.089

(Period) P(RUM, Period)
Decision -0.287 0.298 553 *** 0.209
Bundle-Mob 0.278 0.346
Phone Bill -0.220 0.181
Income 0.236 0.265
Edu 0.236 0.258
Change 0.980 *** 0.460
(Discount_Mob) P(RUM, D_Mob)
Decision -1.397  ***  0.390 0.673 *** (0.188
Bundle-Mob -0.290 0.316
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Phone Bill 0323 * 0.177
Income -0.170 0.182
Edu 0.040 0.175
Change 0.209 0.237
(Discount_Pay-TV) P(RUM, D_Pay-TV)
Decision 0414 = 0.278 0.839 *** 0.079
Bundle-Mob 0.459 * 0.295
Phone Bill 0.112 0.186
Income 0.110 0.107
Edu 0.031 0.201
Change 1414 ***  0.279
Choicelogp -2874.9 1019 -2941.4 1453 -3457.4 79.8 -3110.6 95.5
Sigma_0_0 10.354 *** 1727 10.024 *** 1879 4812 *** 0.891 9.286 *** 1641
Sigma_0_1 4709 ** 1171 4406 *** 1253 3.997 ***  (.704 3.819 *** 1140
Sigma_0_2 1410 *** 0.745 0572 * 0.516 1192 *** 0.280 0.465 = 0.384
Sigma_0_3 -0.683 1243 -1532 ** 1203 -0941 ** 0462 -0.469 0.419
Sigma_0_4 -1524 ** 0648 -1474 **  0.849 0.138 0.295  -0.565 0.483
Sigma_0_5 0.024 0571  -0.037 0.370
Sigma_0_6 -0.904 * 0.616 0.196 2.362
Sigma_0_7 -0.560 1155  -0.222 0.646
Sigma_1_1 6.335 *** 1508 5.607 *** 1573 6.490 *** 0.944 4455 *** 1236
Sigma_1_2 1540 *** 0.797 0.738 0.704 2.639 *** 0.363 0.285 0411
Sigma_1_3 0.053 0.759  -1.745 *** 0660 -3.747 *** 0485 -1.389 *** (.345
Sigma_1_4 1565 *** 0.436 1455 *** 0.686 1.283 *** 0.242 0928 **  0.367
Sigma_1_5 0919 = 0.775 0.207 0.417
Sigma_1_6 -2.868 *** (0700 -2.877 * 2.004
Sigma_1_7 1421 * 1.025 0.124 0.521
Sigma_2_2 1.040 *** 0517 0.476 *** 0.374 1.669 *** 0.249 0.456 *** 0.204
Sigma_2_3 -0.621 0.691  -0.388 0.394  -2455 *** 0310 -0.173 0.140
Sigma_2_4 0.372 0.330 0.219 0.375 0.969 *** 0.147 0.068 0.125
Sigma_2_5 0.296 * 0.250 0.021 0.090
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Sigma_2_6 -1.040 *** 0378 -0.470 0.734
Sigma_2_7 0.486 0.432 0.062 0.240
Sigma_3_3 3.068 *** 2762 1.998 *** 0.565 4334 *** 0570 1.808 *** 0.244
Sigma_3_4 0.600 0.842 -0.755 * 0490 -1771 ** 0320 -0472 ** 0.200
Sigma_3_5 -0.233 0429  -0.193 0.323
Sigma_3_6 -0.033 0.509 0.992 1.300
Sigma_3_7 0.107 0.764  -0.106 0.431
Sigma_4_4 3.106 *** 0.602 2.893 *** 0.936 0.872 *** (.193 1359 *** 0.275
Sigma_4_5 0.618 0.577 0.170 0.280
Sigma_4_6 -2.170  *** 0592  -2.641 2.045
Sigma_4_7 1.077 * 0.791 0.207 0.418
Sigma_5_5 0.727 *** (.558 0.194 *** 0.293
Sigma_5_6 -0.822 * 0.670  -0.241 0.662
Sigma_5_7 0.270 0.334  -0.001 0.109
Sigma_6_6 2877 ***  0.777 8980 *** 9724
Sigma_6_7 -1.243  * 0.806  -0.296 0.691
Sigma_7_7 2282 *** 1101 0.755 *** 1139
bprecision 8.516 *** 1.034
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