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Abstract: Carbon emission reduction strategies are being implemented in the transportation sector
by encouraging the adoption of eco-friendly vehicles and introducing demand management policies
such as Mobility as a Service (MaaS). Nevertheless, the efficacy of Maa$S in reducing carbon emissions
remains uncertain. This study introduces Sustainable Public Transit (SPT) as a public transit alterna-
tive consisting of only green modes to promote sustainability. We explore the preferences of SPT in a
commuting context, incorporating individual preference heterogeneity in a discrete choice model.
We systematically identify the relationship between choice behaviors and individual heterogeneity
in alternative attributes and psychological factors stemming from socio-demographic characteris-
tics. The integrated choice and latent variable (ICLV) model with a mixed logit form is adopted,
and the key findings can be summarized as follows: Preference heterogeneity is observed in the
travel cost variable, which can be explained by characteristics such as the presence of a preschooler,
household size, and income. CO, emissions do not have a statistically significant impact on choices.
Furthermore, psychological factors are also explained through socio-demographic characteristics,
and it is found that low-carbon knowledge positively influences low-carbon habits. Psychological
factors significantly affect choices. Respondents who dislike transfers and prioritize punctuality
are less likely to choose SPT, while those who have positive low-carbon attitudes are more likely
to do so. Finally, scenario analysis is conducted to forecast mode share based on improvements in
SPT alternative attributes and variations in attribute levels. Policy implications are then provided to
enhance the acceptability of SPT.

Keywords: sustainable public transit; commuting mode choice; integrated choice and latent variable
model; mixed logit; low-carbon attitude

1. Introduction

In 2022, the transportation sector accounted for approximately 23% of global carbon
emissions, reaching 7.98 Gt CO,. Although emissions from the transportation sector
decreased in 2020 due to the COVID-19 outbreak, they have been steadily increasing
since then [1]. To tackle this issue, policies focusing on demand management, such as
enhancing public transportation, as well as the promotion of eco-friendly vehicles, are
being implemented. Mobility as a Service (MaaS) has recently gained attention as a demand
management policy due to its ability to integrate various mobility services on an integrated
platform using ICT (Information and Communication Technology) [2,3]. MaaS indirectly
promotes low-carbon travel by enabling seamless first mile/last mile connections for
public transit and thereby increasing the convenience of using public transit, which could
encourage car users to shift their transportation mode. Despite its potential benefits, many
studies have shown that people who primarily use private cars tend to prefer MaaS less,
raising concerns that the actual carbon emission reduction from introducing MaaS may not
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be significant [4,5]. Electric Mobility as a Service (eMaaS) projects have recently emerged,
offering mobility solutions solely based on electric-powered vehicles [6]. Such projects take
a proactive approach to reduce CO, emissions from transportation, which is a direction that
should be pursued. Nevertheless, most road transportation is still dominated by internal
combustion engine vehicles, which includes public buses. Sustainable transportation
options are currently witnessing limited market penetration and ongoing technological
development. Consequently, they are often less competitive in terms of time and cost
compared to conventional options. Therefore, it is important to provide transportation
options within an acceptable range of time and cost for travelers in order to promote
sustainable transportation.

Meanwhile, with rapidly emerging transportation technologies and services like au-
tonomous vehicles, electric vehicles, and Maa$, the concept of an evolving landscape in
which consumer preferences are becoming increasingly diverse is introduced. This segmen-
tation implies a need for a tailored approach to promoting sustainable transportation, as
acceptance and preferences will vary among different user groups.

In this study, we introduce Sustainable Public Transit (SPT), an alternative composed
of low-carbon transportation modes, such as electric scooters and electric buses. This study
aims to understand travelers’ choice behavior according to SPT attributes through a Stated
Preference (SP) survey, as a foundational step for establishing an optimal travel alternative
provision strategy.

As previously mentioned, capturing various aspects of preference heterogeneity is
important. Previous studies have addressed this by introducing latent variables related
to individual preferences to explain choice behavior through inherent attitudes or by
estimating the distribution of alternative attribute coefficients rather than point estimates to
reflect heterogeneity. However, there are still relatively few cases where these two methods
have been integrated into a single model. In our study, we build on the ICLV (integrated
choice and latent variable) model, which incorporates latent variables into the choice model,
and extend the choice model from a multinomial logit model to a mixed logit model to
capture preference heterogeneity from various aspects. We expect to identify the differences
in the impact of alternative attributes on commuters’ utility and the variance in respondents’
perceptions through socio-demographic characteristics.

The remaining parts of the paper are organized as follows: Section 2 briefly describes
attempts to enhance preference heterogeneity in mode choice models and reviews efforts
to incorporate individual psychological factors into these models. Based on this review,
the research gap is identified, and the distinctiveness of this study is presented. Section 3
outlines the methodology, including the SP (Stated Preference) survey design strategy and
the conceptual framework with mathematical formulas. Section 4 reports the results of the
SP survey and interprets the findings from the model analysis based on the obtained data.
Section 5 discusses the policy implications derived from the analysis results, the research’s
limitations, and directions for future research.

2. Related Works
2.1. Mode Choice Model Considering Preference Heterogeneity

Mode choice is a complex decision-making process that is influenced by many factors,
including mode characteristics, socio-demographic characteristics, psychological factors,
and spatial factors. This decision-making process is based on the principle of utility
maximization, which is derived from the random utility theory [7]. Utility is assumed
to be influenced by probabilistic factors instead of being deterministic. So, the utility
function is split into an observable component and an unobservable component (error
terms). The error terms in the most commonly used multinomial logit model (MNL) stem
from the IID assumption that they are independent and identically distributed across
alternatives, making it difficult to reflect the behavioral diversity of travelers and the
interdependence between alternatives. This means that the model cannot perfectly explain
travelers’ choice behavior, leading to an inability to segment the population and capture
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the preferences or taste variations among travelers. In other words, since parameters are
estimated as a single value for the entire population (or sample), it is difficult to identify
the differences among travelers. This difference is referred to as preference heterogeneity;
if preference heterogeneity is not adequately explained, valuable information stemming
from the diversity of choice behavior may be lost, and it could result in inconsistent and
biased estimates [8,9].

Individual preference heterogeneity is a widely discussed topic. To account for indi-
vidual preference heterogeneity, empirical analyses using the mixed logit model, which
assumes model coefficients as random variables (random parameters), have been actively
conducted since the late 1990s [10].

The early mixed logit model simply assumes that the coefficients of mode attributes
follow a specific distribution, and the parameters of this distribution are estimated. There-
fore, when using the mixed logit model to account for preference heterogeneity, two key
aspects must be considered. First, it must be decided which alternative attributes to con-
sider as random parameters, typically determined through the statistical significance of
the derived coefficients’ mean and standard deviation. In general mode choice situations,
travel time [11-14] and travel cost [12,15,16] have been considered as random parameters.
In the choice situations for new modes of transportation such as electric vehicles and
autonomous vehicles, the purchase cost of the vehicle [17-19], driving range [20], vehicle
manufacturer [19] are considered, and in the choice situations for departure time, factors
such as congestion and punctuality [21] are considered as random parameters. Secondly,
within the mixed logit model, preference heterogeneity is captured through the continuity
of parameters that vary according to a predefined probability distribution. Therefore,
selecting an appropriate probability distribution must be done with care. The normal
distribution, for instance, does not allow for sign constraints, potentially leading to illogical
outcomes when applied to empirical attributes with clear signs (such as travel costs and
travel time). In such cases, a log-normal or triangular distribution, which allows for sign
constraints, is commonly adopted [11].

Furthermore, efforts to improve the model continue, such as decomposing the error
components to capture unobserved variations that the standard mixed logit model cannot
detect [22]. The extension of the mixed logit model allows for the decomposition and com-
parison of the heterogeneity in the means of coefficients estimated as random parameters,
based on the effects of various socio-demographic characteristics [23-25]. As a result, it
not only allows for a more systematic explanation of preference heterogeneity but also
enhances the explanatory power of the model [25].

Additionally, the Latent Class Model (LCM) serves as an alternative method for cap-
turing preference heterogeneity. This approach segments respondents into distinct classes
based on homogeneity and estimates coefficients for each class independently. The LCM
delineates heterogeneity by creating a finite number of unique classes, each characterized
by its parameters. A key advantage of this model is its ability to identify the origins of
heterogeneity through probabilistic classification of classes based on respondents’ charac-
teristics. However, the assumption that preferences within the same class are homogeneous
has been criticized for being overly restrictive [26].

2.2. Psychological Factors

An alternative approach to account for individual heterogeneity is to include psy-
chological constructs like attitudes, preferences, and perceptions in the model. A broad
range of latent variables from various groups have been utilized to explain the behavior
of mode choice, and these can be classified into three main types: (1) related to individual
attitudes not tied to any specific mode, including social norms and perception of certain
conditions [27,28]; (2) associated with individuals” perceptions of alternatives, such as
how comfortable they feel using a specific travel mode [29,30]; (3) related to the actual
behavior of individuals [27]. The three categories can vary depending on the subjects being
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measured. Previous studies have incorporated aspects such as comfort, safety, reliability,
flexibility, convenience, accessibility, and habits into mode choice models.

Recently, due to the growing sense of crisis regarding climate change, several efforts
have been made to encourage eco-friendly behaviors, such as promoting electric vehicle
ridership and recommending walkable routes. To develop strategies in this regard, various
latent variables related to the environment, including individuals” eco-friendly attitudes
and concerns about the environment, have been extensively incorporated into models in
multiple ways [31-39].

The first approach integrates pro-environmental attitudes as latent variables within
mode choice models, such as the ICLV model. Consistent with expectations, findings
indicate that individuals with more pronounced environmental consciousness are more
likely to opt for public transit solutions, including buses and subways, as well as active
modes of transportation, like walking and cycling [31,33,38,39]. Furthermore, the influ-
ence of pro-environmental attitudes is analyzed through respondents’ socio-demographic
characteristics. It is commonly observed that higher levels of education and the presence
of children are associated with stronger manifestations of these attitudes. The impact of
income and gender, however, appears to vary across studies.

The second approach seeks to identify the moderating effect of various pro-environ-
mental attitudes on explaining green travel behavior through latent variables—including
attitudes, subjective norms, perceived behavioral control, internal, and external situational
factors—derived from traditional behavior theories, such as the Theory of Planned Be-
havior (TPB) and the Attitude-Context-Behavior Model (ABC) [34,36]. The interaction
between low-carbon awareness, low-carbon knowledge, and latent variables from the
TPB is analyzed in the context of purchasing behavior for new energy vehicles [34]. It is
revealed that the moderating effect of low-carbon awareness is negligible, whereas low-
carbon knowledge significantly enhances the positive influence of attitudes towards new
energy vehicles on purchase intention. Conversely, in another study, the emphasis is on
the moderating effects of individual internal factors and social context in the formation of
green travel behavior intention, as influenced by green travel consciousness [36]. Among
individual internal factors, comfort preference and convenience preference have a negative
moderating effect on the impact of an individual’s environmental responsibility on green
travel behavior. On the other hand, in terms of social context, the more negative the social
perception towards green travel, the more it reduces the impact of environmental respon-
sibility, similar to the aforementioned internal factors. This implies that even individuals
with a high sense of responsibility towards environmental issues may not choose green
travel options.

Nevertheless, while these studies consider the interaction between pro-environmental
attitudes, other personal internal attitudes, and the social context, a limitation is noted in the
insufficient consideration of the interactions among pro-environmental attitudes. Lastly, the
process of eco-friendly behavior is sequentially modeled through the relationship between
perceptions related to pro-environmental concerns [32]. Specifically, it is demonstrated that
environmental cognition shapes a low-carbon consumption preference, which, through
interaction with social consumption culture, leads to a tendency towards low-carbon
behavior, ultimately manifesting in actual actions.

In studies utilizing latent variables within choice models, the focus is primarily on the
impact of latent variables on the utility of alternatives. As a result, unlike research using
structural equation modeling, there is a lack of exploration regarding the relationships
between latent variables.

2.3. Research Gap

A review of prior studies indicates that incorporating preference heterogeneity in
various ways can lead to more systematic interpretations [23,24,27-31,33,38,39]. The use of
the mixed logit model not only relaxes the strict assumptions of the MNL model but also,
in some studies, allows the coefficients estimated as random parameters to be explained
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through individuals’ socioeconomic characteristics [23,24]. Furthermore, there are ongoing
efforts to better understand mode choice situations by introducing various unobserved
individual attitude latent variables [27-31,33,38,39]. However, it has been observed that
existing studies rarely attempt to simultaneously consider mixed logit models and latent
variables to reflect such individual heterogeneity. Therefore, this study employs the ICVL
model in the form of a mixed logit model as the choice model to provide tailored alterna-
tives that enhance the acceptance of new sustainable mobility services according to user
characteristics. In this approach, not only are the alternative attribute variables constituting
the utility function estimated as random parameters, but they are also decomposed and
explained through individuals’ socioeconomic characteristics.

To the best of our knowledge, while there have been quite a few studies that incorpo-
rated eco-friendly attitudes into discrete choice models for a single new travel mode, study
on choice models for mode combinations that consider eco-friendly attitudes, perceptions
about travel, and other relevant factors has been limited. Addressing these research gaps,
the contribution of this study can be summarized as follows:

o  The ICLV model incorporates the mixed logit model as a discrete choice model to ac-
count for various sources of heterogeneity among respondents. Through this approach,
this study systematically explores the relationship between socio-demographic charac-
teristics and SPT choice behavior, dividing it into two aspects: variance of alternative
attributes and respondent travel and low-carbon attitudes.

e By analyzing changes in choice behavior resulting from improvements in alternative
attributes and respondent group attributes, this study suggests policy implications for
enhancing the acceptability of SPT alternatives.

3. Methodology
3.1. Study Site and Sample

Our empirical study is conducted in the Seoul metropolitan area, South Korea, to
understand the choice behavior in alternative SPT, which includes low-carbon travel
modes with public transit. Seoul produces the highest amount of CO, emissions in the
world, with 276.1 £ 51.8 Mt [40]. While the metropolitan area has experienced rapid
sprawl, with residential areas expanding to the periphery, various infrastructures remain
concentrated in Seoul, resulting in high travel intensity from the periphery. This sprawl
increases the distance between homes and workplaces, which, in turn, raises vehicle-use
intensity (causing more frequent and longer trips), leading to higher CO, emissions [41-43].
Therefore, commuting trips from the peripheral areas to Seoul are considered a significant
target for CO, emission reduction, and they are expected to have a substantial effect on
reducing CO, emissions when converted to low-carbon travel modes. In this study, an SP
survey is designed to repeatedly measure the preferred commuting mode for long-distance
travel from the periphery to the center. The target population for the survey is individuals
aged 20-60 years residing in the Seoul metropolitan area who regularly commute within
the region. Stratified random sampling is conducted based on the dimensions of residential
area, gender, and age to ensure that the sample represents the target population. The
sample proportions for each stratum are determined using commuting sample statistics
from the 2020 census data.

3.2. Questionnaire Design

We constructed the survey with a systematic arrangement of three main sections to
identify a respondent’s preference regarding SPT.

e Include five-point Likert scale questions about respondents’ psychological factors,
such as travel attitudes and low-carbon attitudes.

e  Experiment with respondents’ stated choices among alternatives—car (CAR), public
transit (PT), and Sustainable Public Transportation (SPT) —in a given situation.

e  Collect respondents” socio-demographic characteristics, including gender, age, house-
hold members, income, etc.
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In the following, we describe in more detail the questionnaire design for Section 1
(psychological measurement instrument) and Section 2 (stated choice experiment).

3.2.1. Psychological Measurement Instruments

To incorporate psychological factors into the choice model, instruments measuring
these factors are designed, and in this study, four psychological factors are constructed
based on previous research [35,44]. All instruments are measured using a five-point Likert
scale ranging from “strongly disagree (=1)" to “strongly agree (=5)".

The SPT we propose in our study fundamentally assumes a combination of public
transportation and other eco-friendly modes. In this context, we aim to consider respon-
dents’ attitudes toward multimodal combinations and eco-friendly modes.

Kim et al. [44] analyzed MaaS preferences based on individual attitudes, utilizing
four latent variables, two of which are related to multimodal combinations. The first is the
“preference for transfer”, which measures an individual’s resistance to transfers, and the
second is the “importance of punctuality.” Both latent variables significantly influenced
MaaS preferences, and therefore, our study adopts these latent variables and the indicators
used to measure them, as proposed by Kim et al. [44].

Secondly, since SPT, unlike general multimodal alternatives, combines only eco-
friendly modes, we intend to introduce individuals” pro-environmental attitudes as a
latent variable. Jia et al. [35] applied low-carbon-related factors in their analysis of com-
muting mode choices. They considered low-carbon awareness, low-carbon knowledge,
and low-carbon habits; however, the low-carbon awareness variable was not statistically
significant. Consequently, our study incorporates the latent variables of low-carbon knowl-
edge and low-carbon habits, along with the measurement items for these variables. The
indicators for each latent variable can be found in Figure 1.

CAR

Public Transit(PT) Sustainable Public Transit(SPT)

S
Origin Destination
7 \Subway,

Origin

Destination

Destination

Destination

Origin Destination

Figure 1. Examples of mode combinations for each alternative.

3.2.2. Stated Choice Experiment Design

Three commuting modes are presented as alternatives in the choice task: two conven-
tional alternatives (CAR and PT) and a new one (SPT). Information on travel time, travel
cost, and carbon emissions is presented for each alternative. The first alternative “CAR”
is used exclusively without integration with other travel modes. Since the proportion of
environmentally friendly cars in the Seoul capital area is only 7%, this study is constrained
to focus only on internal combustion engine vehicles. The second alternative, “PT”, rep-
resents the option of commuting using buses driven by internal combustion engines and
subways. It includes situations where either the bus or subway is used individually or
when they are used together with transfers. Lastly, the new alternative, “SPT”, is defined
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as public transit that includes low-carbon travel modes. Low-carbon travel modes refer to
eco-friendly vehicles powered by carbon-free energy sources, such as shared electric scoot-
ers, shared electric bicycles, and electric buses. To enhance respondents” understanding
of the proposed alternatives, we present the mode combinations corresponding to each
alternative, as shown in Figure 1.

We consider three attributes for each alternative: travel time, travel cost, and CO,
emissions. The baseline values for each attribute adequately represent the commuting con-
text in the Seoul metropolitan area. We derive the average distance and time of commuting
from the periphery to the center of the Seoul metropolitan area using smart card data for
public transit, and they are approximately 25 km and 68 min, respectively.

Since there are no separately measured data for car travel time, we apply the travel
time ratio between cars and public transportation for different distance ranges in the Seoul
metropolitan area as suggested by KOTSA [45]. For the 10 km distance range, a ratio of
0.72 is suggested, and for the 20-30 km range, a ratio of 0.83 is suggested. In this study, we
apply the ratio of 0.83, defining 48 min as the default CAR travel time.

For car travel costs, we apply the car operating costs (including operating costs, fuel
costs, and maintenance fees) based on speed as presented by MOLIT [46]. The speed used
is 31.25 km/h (25 km =+ 0.8 hour), calculated based on the travel distance and time obtained
earlier. However, since MOLIT [46] presents the data in 10 km/h intervals, we use a 3rd
order polynomial curve fitting to derive a cost of KRW 296.4 per km. Accordingly, the
default CAR travel cost is set at KRW 7410 (25 km x KRW 296.4). The travel cost for public
transportation (PT) is based on the standard fare for public transportation in the Seoul
metropolitan area.

We use the mode-specific CO, emission factors provided by Ko [47] to calculate
the CO; emissions for CAR and PT, which are as follows: CAR—147.5 g/passenger-km;
PT—41.9 g/passenger-km (an average of bus—50.6 g/passenger-km and subway—
33.3 g/passenger-km). In Ko [47], the CO, emission factors for cars and buses are calculated
by applying the traffic speed and the ratio of registered vehicle types by fuel, ensuring
that the characteristics of the Seoul metropolitan area’s traffic are reflected. In the case of
subways, the CO, emissions for the subway sector in the Seoul metropolitan area are calcu-
lated by considering the number of passengers and the individual travel distance, resulting
in the unit CO; emission per passenger per kilometer traveled. When converted into a
choice situation, the estimated CO, emissions are 3700 g (28 km x 147.5 g/passenger-km )
for CAR and 1050 g (28 km x 41.9 g/passenger-km) for PT. Each attribute is classified into
three levels: 90%, 100%, and 110% of the baseline value.

However, for the SPT alternative, which includes public transit, the travel time at-
tribute is set the same as PT. Moreover, we controlled the scenarios to exclude any cases
where the travel time for SPT is shorter than that for PT in the SP questions. In contrast, for
the travel cost and CO, emissions attributes, the lowest and highest situations are assumed,
leading to the determination of level 1 and level 3, while the median values of level 1 and
level 3 are used as the values for level 2. To estimate the maximum values for travel cost
and CO; emissions for SPT, we additionally analyze smart card data to examine first/last
mile travel using town shuttle buses. The analysis results in an average first/last mile
travel distance of 2.7 km. Assuming that the most expensive mode for this distance would
be a shared electric scooter, we define the maximum travel cost as KRW 3250 by adding
the rental cost of the shared electric scooter to the standard public transportation fare. On
the other hand, for CO, emissions, we assume that the first/last mile is traveled using a
carbon-free mode, while the rest of the journey uses public transit as usual, applying a rate
of 934 g.

The attribute levels for each alternative that respondents encounter in the choice
experiments are summarized in Table 1. Respondents are required to complete a total of
four sets of choice experiments.

Choice experiments are designed using a fractional factorial design for survey effi-
ciency. D-efficiency is employed as a design evaluation metric, and it is generally considered
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reasonable design when its D-efficiency value is 80% or higher, indicating balanced and
preserved orthogonality among attributes. Additionally, in our survey, there may be ex-
periments where certain alternative conditions are evidently favorable compared to other
alternatives in some situations. Therefore, it is necessary to control such experiments
considering the alternative attributes. Consequently, experiments where the conditions for
SPT are clearly more beneficial than those of PT are excluded.

Table 1. Attributes and levels in the choice experiment.

Alternatives
Attributes Car PT SPT
Travel time (minutes) 43/48/53 61/68/75 61/68/75
Travel cost (KRW) 6669/7410/8151 1450/1550/1650 1450/2350/3250
CO; emissions(g) 3330/3700/4070 945/1050/1155 0/467/934

3.3. Modelling Approach

This study adopts the ICLV model, which theoretically allows for benefits from both
the economic and behavioral foundations of the two approaches. By incorporating econo-
metric theory, psychological theory, and economic theory, ICLV models promise to integrate
these multiple dimensions into an integrative model [48].

The conceptual framework of the analytical model presented in this study is illustrated
in Figure 2.

Latent variables Indicators

. PR1.1am willing to choose a route that combines multiple travel mode
ge M

PR: Preference of

-4 tooptimize my route

1
i
1

Household-size transfer between

SwEsT
-

-| PR2. Itis not a burden for me to transfer between travel modes |

Income A travelmode = P -
: AN 4 IP1.Itisimportant that |anive on time to appointments |
Alternative attributes Preschooler R : _
B W {_IP2.Itry toavoid travel modes that may involve delays |
[} ’
Household-si ‘.“ IP3.1leave home in advance to ensure | will amive on time and as
oUsSEodrsize [ 74-77| comfortable as possible
Income LK1. Promoting the use of new energy vehicles can save resources
A and reduce carbon emissions
Context LK2. Saving energy and reducing carbon emissions are necessary
Walking time to nearest " toimprove the environment
subway station fromhome

LK3. Vehicle emissions are an important cause of
environmental pollution

\ 4

LH1. lam willing to save energy in everyday life, reducing carbon
emissions

‘A

LH2. lam willing to purchase products from companies that strive to

Stated " protect the environment
preference :‘| LH3. | am willing to pay extra for low-carbon transport services |
choice ‘| LH4. lam wiling to change my habits to reduce carbon emissions |

Figure 2. Conceptual modelling framework of ICLV model.

The ICLV model consists of two components: the latent variable model and the discrete
choice model. And there are two approaches to estimate the ICLV model: the sequential
approach [49-51] and the simultaneous approach [28,38,44,52]. The sequential approach
has the disadvantage that it does not adequately address measurement error because it first
estimates the latent variable model of the model and then includes the factor score of the
latent variable as an explanatory variable in the choice model, which can lead to inconsistent
estimates [53]. In contrast, the simultaneous approach that estimates latent variable models
and discrete choice models jointly not only produces consistent and efficient estimates, but
by estimating the full information, behavioral theories can be identified to include more
complex relationships between latent variables and choice behavior [54-57]. This study
estimates the parameters of the ICLV model using the simultaneous approach.
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3.3.1. Latent Variable Model

The structural relationship between the latent variable and the socio-demographic
characteristics is established in the latent variable model. The structural equation for the
latent variables can be written as follows:

zL = rExE 4wk, wl ~ N(0, 1) (1)

where L and Z denote the number of latent variables and the socio-demographic variables,
respectively. ZL € R is the unobserved latent variable, I'" € RE*Z is the parameter to
be estimated that represents the effect of the socio-demographic characteristics explaining
the latent variable, and X, € R?*! is the observed socio-demographic characteristics
of respondent n. wh; € RY*1 is the structural error term and is assumed to be normally
distributed with mean zero and an identity covariance matrix.

Identification of each latent variable depends on indicator instruments measured on
multiple ordinal scales. This study employs varying numbers of indicator instruments
for each latent variable. As the indicators are measured on a five-point Likert scale, the
measurement model is constructed using an ordered logit model. The measurement
equation can be written as follows:

19 = ALQZL oL oL Gumbel (0, 1) )

where Q is the number of indicator instruments, I,% Q € RQO*1 is the indicator of the latent
variable, and A'Q € RO*L is an unobserved parameter that represents the effect of the
latent variable on the indicator. The measurement error term U,L1 Q ¢ ROX1 is assumed to
have a mean of 0 and follows a Gumbel distribution of the identity covariance matrix. When
the number of scales is given as K, the latent perception of the indicator by respondents
and the relationship between observed responses can be written as follows:
1, iftt < I,fq* < Tqu
. Lg Lgx Lg
2, if," <L, <7

L 4 1 n = b

L9={ ®3)

. Lq Lg* Lq
k ifgl, <L <1

where I,E 7" represents the response of respondent 7 to the g indicator question, while the
latent perception I,I; 7" is laid within the range denoted by the threshold value TkL 1.

3.3.2. Discrete Choice Model

The multinomial logit (MNL) model is estimated based on the unrealistic assumption
that all respondents share the same preferences for alternatives. On the other hand, the
mixed multinomial logit model accounts for variation in respondents’ preferences by
assuming probability distributions for the coefficients of alternative attributes while taking
into consideration individual characteristics and stochastic factors. This approach not only
reflects the diversity in preferences among respondents but also provides a highly flexible
model that can be applied to various types of random utility models [58]. The mixed
multinomial logit model has been adopted as the discrete choice model for this study.

The utility function Ujg, and the choice y;g,,, where respondentn € {1,--- , N} chooses
alternative i € {1,---,I} in choice task s € {1,---,S}, can be defined as follows:

Uisn = Boi + BRXK + BE XFy + BFZE + Cisns Cisn ~ Gumbel (0, 1) (4)

1, if Uisn = mﬂx(Ujsn), Vj € {1, cee I}
Yisn = ]

0, otherwise.

(5)
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L, = /Lc<]/n

S 1
// (H I1 5 yzsn = 1)Pisn (ng XlanrZ;%/Win;ﬁﬁzﬁf/ﬁ%ram/ﬂﬁzzﬁ)

where XR € RR*! represents the observed variables of the alternative that explain the utility
through random parameters, while X!, € RF*! represents the variables of the alternative
and respondents that explain with fixed parameters. fo; € R1*1, gR € RI*R gF ¢ RI*F,
and BF € R1L correspond to the parameters that should be estimated for each variable,
and (s, represents the random disturbance term. ﬁﬁ is assumed to be a random parameter,
following a normal distribution with a mean of /5 and a covariance matrix Xg.

This study is based on an SP survey, which may result in the phenomenon known as a
pseudo-panel effect. This has been observed to cause correlated preferences among respon-
dents in repeated choice tasks [59]. To address this correlation within the same individual’s
choices, a random parameter denoted as 17;;, is incorporated into the utility function. This
parameter varies among individuals but remains constant for each individual’s different
choice tasks [59-62]. The distribution of #;,, follows a normal distribution with a mean of
zero and a standard deviation of 0y, . Additionally, the random disturbance term ¢;;,, in the
utility function follows a Gumbel distribution.

Cisn = Min + Eisns Min ~ N(O/ U’?i)’ €isn ~ Gumbel (0, 1) (6)

The probability that respondentn € {1, - --, N} chooses alternativei € {1, ---, I} in
choice task s € {1, ---, S} can be defined by combining the model components as follows:
exp(:BOi + ﬁﬁX + ﬁszsn + ﬁLZL + 771'71)

Rx Fx L7L @
Zje]exp<,80j+ﬁn +ﬁ ]sn+ﬁ Z +77]1’l)

Pisyy (Xlli/ XZI_;W ,Bz /,Bz ’ 77171) =

Assuming mutual independence among the random disturbance terms, we derive
the unconditional joint likelihood by integrating the product of the likelihoods over the
distribution of latent variables.

L
XR,XE, 2k, nis oy g Tp) L (11|28 AR, 71Q) L (2

Lrt)dz; ®)

The likelihood function for each component of the model can be written as follows:

s=1i=1 dﬂndﬁf (9)
9 (inlo) 9 (BR 15, =)
- 4 L EXP(Tqu_ALqu%> exp(rk 1 ALqZL)
)—qr_[“g(s(w _k) 1+exp(r,f‘7—ALqZ,%) 1+exp(Tk 1 ALqZL) (10)
- f[q)(zfz - r'xk) (11)

1=1

where L, represents the likelihood function for the choice model, while é(y;s, = 1) is an
indicator for alternative i being chosen by respondent n in choice task s, assigned 1 if
selected and 0 otherwise. 1(+) is the probability density function of #;,, which is employed
to control for serial correlation, and ¢(-) is the probability density function of random
parameter BR. L,, represents the likelihood function of the measurement component in the

latent variable model, while & (1,5 1= k) represents the indicator for respondent #’s choice

of the k-th scale in indicator g, assigned 1 if chosen and 0 otherwise. L is the likelihood
function of the structural component in the latent variable model, and @(-) is the standard
normal probability density function.
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4. Results
4.1. Data and Prelimanary Analysis
4.1.1. Respondents Profile

The survey was conducted online over a 6-day period from June 14th to 19th, 2023,
and we collected responses from a total of 134 participants. After excluding the responses
from 17 participants who did not provide consistent answers, we analyzed the data from
119 respondents. The socio-demographic characteristics of the participants are presented
in Table 2. The proportions of respondents by gender and age were collected to ensure
these matched the stratum proportions in the population. Regarding education level,
94 participants (79.0%) reported completing university education, accounting for 79.0%
of the total. In contrast, 14 respondents (11.7%) indicated completing high school or
lower in their education. Out of all the respondents, 42.9% reported having a monthly
average income between KRW 3 and 6 million. Additionally, 27 respondents (22.7%) earned
KRW 6 million or more, which accounts for 22.7%. The survey data show that 35.2% of
the respondents lived in households with 1 to 2 members, while 64.8% lived in larger
households. This distribution closely matched the national statistics for the metropolitan
area (34.7% and 65.3%, respectively), indicating that the sample suitably represented the
population. Finally, it is confirmed that 34 respondents, accounting for 28.6%, lived with
preschool-aged children.

Table 2. Survey Respondent Profile.

Characteristics Frequency Percentage
Gend Male 66 55.5%
ender Female 53 44.5%
20-29 28 23.5%
Ace 30-39 27 22.7%
& 40-49 34 28.6%
Above 50 30 25.2%
Middle school or below 1 0.8%
Ed . High school or below 13 10.9%
ucation Undergraduate 11 9.2%
Graduate 94 79.0%
Less than KRW 1 million 3 2.5%
KRW 1~3 million 38 31.9%
Monthly Income KRW 3~6 million 51 42.9%
KRW 6~10 million 23 19.3%
More than KRW 10 million 4 3.4%
1 21 17.6%
2 21 17.6%
Household-size 3 35 29.4%
4 37 31.1%
More than 5 5 4.2%
. Yes 34 28.6%
Preschooler in household No 85 71.4%

Notes: KRW 1000 ~ USD 0.79.

4.1.2. Latent Variable Perception

This study constructs four latent variables, which are expected to influence the choice
of SPT: preference of transfer between travel modes (PR), importance of punctuality (IP),
low-carbon knowledge (LK), and low-carbon habits (LH). Table 3 displays the descriptive
statistics of the indicators measuring each latent variable. The indicators for importance
of punctuality exhibit higher scores than the other items, revealing that punctuality is
generally considered significant. Conversely, the indicators for low-carbon habits show



Sustainability 2024, 16, 7924 12 of 23

slightly lower scores, indicating that there is currently not a strong intention to actively
reduce CO, emissions.

Table 3. Descriptive statistics of indicators of latent variables.

Characteristics Indicators Mean S.D.
Preference of transfer PRll. I'am willing to choose a route that combines multiple travel modes to 373 101
between travel mode (PR) optimize my route
PR2. It is not a burden for me to transfer between travel modes 3.35 1.16
IP1. It is important that I arrive on time to appointments 441 0.74
Importance of punctuality ~ IP2. I try to avoid travel modes that may involve delays 4.30 0.78
(IP) IP3. I leave home in advance to ensure I will arrive on time and as 4923 076
comfortable as possible ’ ’
LK1. Promoting the use of new energy vehicles can save resources and 3.79 0.78
reduce carbon emissions ' ’
Low-carbon knowledge (LK)  LK2. Saving energy and reducing carbon emissions are necessary to improve 403 0.74
the environment ' '
LK3. Vehicle emissions are an important cause of environmental pollution 4.01 0.83
LH1. I am willing to save energy in everyday life, reducing carbon emissions 3.66 0.86
LH2. I am willing to purchase products from companies that strive to protect 338 0.84
Low-carbon habits (LH) the environment ’ ’
LH3. I am willing to pay extra for low-carbon transport services 3.15 1.01
LH4. I am willing to change my habits to reduce carbon emissions 3.71 0.82

We use confirmatory factor analysis prior to performing the ICLV model analysis to
ensure that the indicators appropriately represent each latent variable. Factor analysis with
varimax rotation is employed for factor extraction, and indicators with loadings below
the critical value of 0.4 are removed. Table 4 shows the results of the factor analysis. The
Kaiser-Meyer—-Olkin value is 0.784, indicating the sample’s suitability for analysis [63].
The intercorrelations among latent variables are significant according to Bartlett’s test
of sphericity analysis, which confirms the presence of common factors. The internal
consistency of each of the four latent variables is measured using Cronbach’s « values. The
results demonstrate that all of the latent variables attained values exceeding 0.7, indicating
an acceptable level of internal reliability for the latent variables.

Table 4. Factor analysis result of latent variables.

Latent Variables Indicators Standardized Factor Loading Cronbach’s «

PT1 0.622

PT PT2 0938 0752
IP1 0.753

P IP 2 0.753 0.818
1P 3 0.751
LK1 0.746

LK LK 2 0.735 0.800
LK 3 0.666
LH1 0.518
LH?2 0.773

LH LH 3 0.721 0787
LH4 0.579

KMO measure of sampling adequacy 0.784
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4.2. Model Results
4.2.1. Estimated Results of the ICLV Model

This section presents the estimated results of the ICLV model that explain the behavior
of commuting mode choices in the Seoul metropolitan area. First, we describe the estimated
results of the latent variable component, followed by the discrete choice component.

The results of the measurement equations and structural equations in the latent
variable model are summarized in Table 5.

Table 5. Results of ICLV model (latent variable model component).

Latent Variables Estimate t-Value
Aged 40 and over —0.976 * —1.835
Preschooler —0.978 —0.809
Structural Household size 0.937 i 2.638
TR Income KRW 3 million and over —0.602 —1.070
OTR 2.370 ** 2.189
TR 1 1.000 -
Measurement TR 2 0.807 o 5.294
Aged 40 and over —0.015 —0.055
Preschooler —0.797 * —1.895
Structural Household size 0.544 ** 3.454
Income KRW 3 million and over 0.872 * 1.751
P oip 0.532 0.541
IP1 1.000 -
Measurement IP 2 0.775 i 5.725
P3 0.819 ** 5.744
Aged 40 and over —0.172 * —1.924
Preschooler —0.473 —0.799
Structural Household size 0.468 i 3.320
Income KRW 3 million and over 0.687 ** 1.850
LK LK 0.093 0.564
1K1 1.000 -
Measurement LK 2 0.928 x* 6.013
LK 3 1.000 ** 5.897
Aged 40 and over —0.456 i —2.158
Preschooler —0.565 —0.643
Household size 0.704 ** 2.990
Structural Income KRW 3 million and over 0.815 x* 2.090
LK 0.351 ** 3.103
LH OLH 0.717 ** 3.164
LH1 1.000 -
LH2 1.224 ** 4.379
Measurement LH3 1171 s 4362
LH4 1.247 ** 4.566

Notes: * denotes p < 0.1; ** denotes p < 0.05.

Beginning with the results of the structural model, the study focuses on evaluating
four latent variables’ structures based on the respondents’ socio-demographic characteris-
tics. The first latent variable (PR) represents the transfer preference among travel modes,
and a higher value indicates lower resistance to transfers. This latent variable depends on
two socio-demographic variables that have a statistical significance. Respondents aged
40 or older present a lower preference for transfers, whereas the respondents from larger
households exhibit a greater preference for transfers. Transfers between modes, especially
between subways and buses, require much vertical movement via stairs, so the absence
of preference among respondents aged 40 or older is consistent with other studies [64].
The second latent variable indicates the extent to which respondents prioritize punctuality
of travel modes. Respondents with a preschooler perceive punctuality as less impor-
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tant, whereas respondents with a monthly income of KRW 3 million or more and larger
households perceive it as more important. The age variable is not statistically significant.

The third and fourth latent variables related to low-carbon awareness display similar
features. The respondents with a higher income exhibit greater levels of low-carbon knowl-
edge and low-carbon habits. This pattern has also been consistently observed in similar
studies [65-67]. Household size also has a positive impact on low-carbon attitudes, similar
to income, as confirmed in a previous study [68]. It is worth mentioning that low-carbon
knowledge positively affects low-carbon habits. This is consistent with earlier studies,
suggesting that enhancing low-carbon knowledge through education may potentially result
in an increased intention to adopt low-carbon habits [69-72].

The measurement models demonstrate a significant association between all indicators
and their respective latent attitudes. Positive estimates suggest that a higher magnitude
of a latent attitude increases the probability of respondents “strongly agreeing” with the
underlying indicator questions. It can be observed that the results display the expected
signs. Moreover, the standard deviation coefficients (o) of TR and LH indicate that the
random error terms significantly influence the latent variables. This implies that despite
incorporating the presented observable factors, unobservable noise still remains within the
latent equations.

This study aims to incorporate travel time, travel cost, and CO, emissions as ran-
dom parameters. However, as the standard deviation estimate of travel cost is the only
statistically significant value, so travel time and CO, emissions variables are treated as
fixed parameters. It is assumed that travel cost follows a log-normal distribution. Such a
distribution is widely employed when the expected sign of the impact of the variable is
evident, as log-normal values are positive within any interval. In addition, we perform
1500 random Modified Latin Hypercube Sampling (MLHS) draws, as suggested by [73],
when estimating the random parameter to ensure the precision of the model results.

The discrete choice model estimation results are summarized in Table 6. CAR is
the baseline alternative in the model. Statistically significant constants are found for
both PT and SPT. Travel time and travel cost are found to be statistically significant in
reducing the utility of all alternatives, as generally expected. Furthermore, the estimated
standard deviation of the random parameter, travel cost, is statistically significant, in-
dicating heterogeneity among respondents to the cost in alternative choice experiments.
We attempt to explain this heterogeneity using socio-demographic characteristics. The
results show that this heterogeneity can be explained by decomposing it into living with a
preschooler, household size, and monthly income. The marginal utility for travel cost is
—exp[—6.620 — 1.582 x (preschooler) + 0.243 x (household — size) — 0.618 x (income KRW
3 million and over) + 1.190 x Ny], where Nj is a standard normal distribution. Household
size has a positive effect on sensitivity to travel cost. However, respondents who live with
preschoolers and have a monthly income of KRW 3 million or over have a lower sensitivity
towards travel cost.

However, the information presented about the CO, emissions of the alternatives in
the choice experiments does not demonstrate any statistically significant influence on
the respondents’ choices. Although travel time and cost are familiar information for
respondents, and their perceptions are formed individually (i.e., according to the value of
time), CO, emissions are relatively unfamiliar information. The limited understanding of
the value and significance of CO; emission information in influencing their choices could
be the reason for the non-significant effect observed in this study.

Furthermore, the influence of latent variables on the choice of commuting mode is
investigated. First, all latent variables are found to be statistically significant and have
consistent effects in both PT and SPT. The preference for transfers has a positive influence
on both alternatives, and the extent of the effect is approximately 1.6 times greater in
SPT compared to PT. SPT is more exposed to transfer situations in terms of alternative
characteristics than PT. As a result, respondents with less resistance to transfers are more
likely to choose SPT. In contrast, respondents who prioritize punctuality tend to have lower
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utilities for both PT and SPT, with SPT showing a larger decrease compared to PT. In the
Seoul metropolitan area, the adoption rate of electric buses is still relatively low at around
30%. Hence, in the SPT, which includes electric buses as a travel mode, the available public
transit options are fewer compared to PT. Thus, the more respondents perceive punctuality
to be important, the lower their utility for SPT. Lastly, the impact of low-carbon knowledge
and low-carbon habits is examined. In general, the higher the value of these two latent
variables, the greater the intention to choose a low-carbon travel mode is expected, and the
results are consistent with this. These two pro-environmental attitudes increase the utility
of both PT and SPT, but the effect is stronger for SPT, especially for low-carbon knowledge,
which is about 2.6 times larger for SPT than for PT, and for low-carbon habits, which is
almost twice as large.

Table 6. Results of ICLV model (discrete choice model component).

L Variabl Public Transit Sustainable Public Transit
atent Variables Estimate t-Value Estimate t-Value
Constant (ASC) —1.224 * —1.827 -0.976 * —1.835
Alternative Travel time ~0.139 w4088 ~0.139 w4088

specific variables

Travel mean —6.620 o —16.889 —6.620 o —16.889

costRN std. dev. 1.190 ** 4.367 1.190 ** 4.367
CO, emissions —2x107* —0.379 —2x107* —0.379
Context variables Walking time to nearest subway —0.041 * —2.470 —0.024 * —2.131

station from home

PR 0.224 * 1.931 0.353 o 2272
L bl P —-0.776 * —2.303 —1.342 ** —1.997

atent variables LK 0.084 * 1.784 0.222 * 2.047

LH 0.240 * 1.708 0.470 * 1.969
Error component (%) -1.118 ** —6.609 -1.118 > —6.609

Random Aged 40 and over 0.086 0.870 0.086 0.870
arameter Preschooler —1.582 ** —2.040 —1.582 ** —2.040

P . Household size 0.243 * 1.735 0.243 * 1.735

heterogeneity I KRW 3 milli
“Comean P Overm‘ on —0.618 * —1.687 —0.618 * —1.687
LL(Initial) —3584.799
LL(Final) —1593.135
p? 0.556
o’ 0.535

Notes: * denotes p < 0.1; ** denotes p < 0.05; RN denotes that this variable is treated as random parameter.

The relationships between latent variables, travel cost, and choice behavior are me-
diated by socio-demographic characteristics. Therefore, we analyze the total effects of
these characteristics on the utility of alternatives (Table 7). Non-significant characteristics
are excluded from the analysis. Examining the indirect effects of latent variables, it can
be observed that living with preschoolers and having a larger household size positively
influence the utility of both PT and SPT, with a stronger effect observed for SPT. But, for re-
spondents aged 40 or older and those with a monthly income of KRW 3 million or more, the
utility of both PT and SPT decreases. A noteworthy finding is that in the income category,
a higher income leads to increased utility due to low-carbon knowledge and low-carbon
habits. However, the perceived importance of punctuality simultaneously reduces this
utility, leading to an overall reduction.
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Table 7. Effect of socio-demographic characteristics from ICLV model results.
. Latent Travel

Variables PR 1P LK LH Variables Cost Total
PT —-0.219 - —0.014 —0.124 —0.357 - —0.357
Aged 40 and over SPT 0344 . ~0.038 0243 —0.625 . —0.625

p hool PT - 0.618 - - 0.618 —0.206 0.413

reschooler SPT - 1.070 - - 1.070 —0.206 0.865
u hold si PT 0.210 —0.422 0.039 0.208 0.036 —1.275 —1.240
ousehold size SPT 0.330 —0.730 0.104 0.408 0.112 —1.275 —~1.163
Income KRW 3 million PT - —0.676 0.058 0.254 —0.365 —0.539 —0.904
and over SPT - —1.170 0.152 0.496 —0.522 —0.539 —1.061

4.2.2. Scenario Analysis

e Improvements in SPT attributes

The changes in commuting mode share are examined according to the level of im-
provement in SPT attributes through the constructed model (Figure 3). It can be assumed
that there are improvements in travel time and travel cost. Since SPT comprises electric-
powered public transport, the extensive adoption of electric buses could result in better
travel time, as mentioned previously. At present, intermodal transfer discounts do not
apply to the travel cost of SPT. If such an arrangement between shared mobility and public
transit is introduced as a future policy, it could potentially reduce the consumers’ expenses.

70% PT 70% PT
%o’ 60% O\O\O\N\ % B0l M
1] © o
ﬁ 50% O g < 50%
S 40% S 40%
377 sPT o—9 O é ° SPT o—0—0—0
3% o E30% o0
= S oo
£ 20% CAR E 20% CAR
g 10% O—o_o__o_o_o S 10% OO0 O -O O—0
o

0% 0%

100% 97% 94% 91% 88% 85% 100% 97% 94% 91% 88% 85%
% of the current SPT travel time % of the current SPT travel cost
(a) (b)

Figure 3. Mode share changes under SPT attribute improvements; (a) improvement in travel time;
(b) improvement in travel cost.

The projection assumes each level starts at the current state of 100% and goes up to
the 85% level. Forecasting for mode share is made at 3% intervals, while keeping other
variables unchanged. For travel time, mode shares for CAR, PT, and SPT are estimated
to be 10.1%, 61.0%, and 29.0%, respectively, at the 100% level. If the travel time for SPT
improves up to 85% of the current level, the mode share for SPT increases by 47.1%, and
CAR decreases to 7.1%. The improved travel time clearly indicates a significant shift in
mode choice towards SPT from PT. It is apparent that the change in magnitude resulting
from the improvement in travel cost is relatively smaller than that resulting from the
improvement in travel time. If the travel cost of SPT improves up to 85% of its current level,

the mode share for SPT would increase to 36.2%, an approximately 7% increase compared
to the current status.
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e  Changes in attitudes

Finally, using approaches from Hess et al. [74] and Kim and Lee [38], changes in
the share of commute modes are examined to determine variations in pro-environmental
attitudes, as shown in Figure 4.

-3.7%
Household size 2 and under attitudes ° I 2 6%
s 1.1%
3.3%
Household size over 2 attitudes i 9—0}.4% ]
-1.9%
-3.2%
Income under KRW 3 miillion attitudes I 1.4%
e 1.8%
1.3%
Income KRW 3 million and over attitudes -1.0% I
-0.3% ™=
-1.5%
Aged 40 and over attitudes I 0.8%
I 0.8%
0.4%
Aged under 40 attitudes -0.2% 1
|
SPT m PT = CAR

Figure 4. Mode share change when one group of the sample adopts the attributes of another group.

The changes in commute mode share are forecasted by assuming that one group
of the sample adopts the attitudes of another group. For instance, this study analyzes
the hypothetical change in the commute mode share, supposing that respondents aged
40 years or over adopt the attitudes of those under 40 years. In the previous analysis, it was
found that respondents aged 40 years or over have less low-carbon knowledge and less
low-carbon habit attitudes compared to respondents under 40 years. If the respondents
aged 40 years or over adopt the attitudes of those under 40 years, it can be predicted
that the mode share of SPT will increase. Following the finding of statistically significant
socio-demographic characteristics in the previous analysis, we categorize the respondents
into (1) Age (divided into two groups: under 40 and 40 and over), (2) Income (divided into
two groups: under KRW 3 million and KRW 3 million and over), and (3) Household size
(divided into two groups: under three and three and over).

If respondents under the age of 40 adopt the attitudes of those aged 40 and over, the
mode share of SPT is projected to increase by 0.4%. In contrast, if those aged 40 and over
adopt the attitudes of respondents under 40, the mode share for SPT is projected to decrease
by 1.5%. Secondly, if relatively low-income respondents adopt the attitudes of high-income
respondents, the mode share of SPT would increase by 1.5% in comparison to the current
state. In contrast, adopting the attitudes of low-income respondents by high-income ones
decreases the mode share for SPT by 3.2% while increasing CAR by 1.8%. Finally, house-
hold size shows more pronounced changes compared to other characteristics. Assuming
respondents with larger households adopt the attitudes of those with smaller households,
the mode share for SPT is expected to increase by 3.3%. This effect is comparable to the
previously analyzed scenario where the travel cost of SPT was reduced by 10%.

5. Discussion and Implications

Previous studies have often employed mixed logit models or introduced latent vari-
ables to account for individual heterogeneity in choice behavior. However, relatively few
attempts have been made to integrate these approaches within a unified framework. This
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study addresses this gap by employing the Integrated Choice and Latent Variable (ICLV)
model to investigate the influence of latent variables on choice behavior. By incorporating
a mixed logit model as the choice model within this framework, this research reveals how
sensitivity to alternative attributes varies based on individuals’ socio-economic characteris-
tics.

By integrating the ICLV model with mixed logit, this research offers a robust frame-
work for capturing both observed and unobserved heterogeneity in choice modeling. This
methodological approach provides a more comprehensive representation of the decision-
making process, effectively accounting for the complex interactions between individual
characteristics and latent factors. This strength is particularly valuable for advancing the
development of choice models that more accurately reflect real-world decision-making.

The study’s findings suggest that policies targeting behavioral change should consider
the intricate interplay between socio-economic factors, latent variables, and individual
sensitivities to alternatives. This nuanced understanding can lead to more targeted and
effective interventions, recognizing that individuals’ responses to policy measures are
mediated by deeper, contextually driven latent constructs.

Based on these methodological strengths, the analysis results of the ICLV model with
a mixed logit form suggest two important findings:

e  Heterogeneity in Alternative Attributes: This study identifies significant heterogeneity
among respondents in sensitivity to travel costs, with larger households showing
greater sensitivity. In contrast, travel time and CO, emissions were estimated as fixed
parameters, with CO, emissions not showing statistical significance.

e Influence of Latent Variables: The findings reveal that older age groups tend to resist
transfers and exhibit lower levels of low-carbon knowledge and habits. Respondents
with larger household sizes or monthly incomes of KRW 3 million or above demon-
strate a lower importance on punctuality and higher levels of low-carbon-related
attributes. Participants living with preschool-aged children and residing in larger
households are more likely to choose SPT.

The practical implications of this study can be distilled into three key points:

e  CO, Emissions Perception: This study finds no statistically significant link between
commuters’ preferred travel mode and varying levels of CO, emissions, suggesting
that respondents may have difficulty perceiving CO, emissions compared to travel
time and cost. For instance, the study does not clarify the monetary value of reducing
100 g of CO, emissions or its influence on transportation mode choice. This under-
scores the need to provide SPT users with comprehensive information to help them
evaluate the value of CO, emission reductions. Therefore, it is crucial to demonstrate
how SPT can reduce CO, emissions compared to existing car or public transit options
and highlight the economic benefits to encourage a shift in travel mode.

e  Expanding Eco-friendly Public Transport: Expanding eco-friendly public transport
options, such as electric buses, and implementing a transfer discount system across
various modes of transport may help reduce travel times and increase the mode
share for SPT. Reducing SPT travel time by up to 85% could increase the mode share
by approximately 18%, as shorter service intervals would make these options more
attractive. Additionally, reducing travel costs to 85% of the current level could increase
the mode share for SPT by 7.3%. Establishing governance between private sectors, such
as shared mobility operators, and public transit authorities is recommended, along
with a deliberative process regarding policy instruments like the intermodal transfer
discount system. Government subsidies may also be necessary for implementation.

e  Educational Programs on Low-carbon Knowledge: This study shows that low-carbon
knowledge positively influences low-carbon habit attitudes, indicating a need for
educational programs focused on low-carbon knowledge. Knowledge is essential
for behavior [75], particularly in environmental awareness, which positively impacts
eco-friendly behaviors like responsible actions and green product purchases [75-77].
Campaigns and events should be conducted to enhance low-carbon knowledge. It is
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important to tailor attitude change strategies to specific socio-demographic groups,
as changes in attitudes lead to varying mode share adaptations for SPT based on
group characteristics.

The second and third implications focus on promoting a mode shift to SPT through
two types of investments: supply-oriented investments, such as expanding eco-friendly
public transit modes and implementing intermodal transfer discounts, and investments
aimed at changing individual attitudes, such as educational programs on low-carbon
knowledge. Given potential resource limitations, it is crucial to carefully examine the
effectiveness of policies relative to their investments and organize efficient strategies.
Notably, reducing travel costs to 90% of the current level has a similar mode shift effect
as perception change. Further research is needed to determine the impact of educational
programs on pro-environmental attitudes.

6. Conclusions and Future Research

This study highlights the limitations of effectively reducing CO, emissions through
the existing shift towards public transit and proposes a new combination of transportation
modes called Sustainable Public Transit (SPT), which consists solely of environmentally
friendly options. A Stated Preference (SP) survey was conducted, focusing on long-distance
commuters in the Seoul metropolitan area.

The study aimed to explore variations in acceptance of SPT based on socio-demographic
differences using the Integrated Choice and Latent Variable (ICLV) model. This model
incorporated latent variables related to commuting attitudes (preference for transfers and
punctuality) and low-carbon attitudes (knowledge and habits) into the discrete choice
model. The mixed logit model was employed to account for heterogeneity in respondents’
sensitivity to alternative attributes.

Key findings revealed significant differences in sensitivity to travel costs, with larger
households being more sensitive, and older age groups showing resistance to transfers
and lower levels of low-carbon knowledge and habits. CO, emissions were not a signif-
icant factor in mode choice, indicating that commuters may prioritize travel costs over
CO, reductions.

The study’s practical implications stress the need for clearer communication about the
environmental and economic benefits of SPT to encourage its adoption. Expanding eco-
friendly transport options and implementing transfer discount systems can help increase
SPT’s mode share. Additionally, targeted educational programs should enhance low-
carbon knowledge and tailor interventions to specific demographic groups to promote a
shift towards sustainable transportation.

However, this study has several limitations. First, the research was conducted with
a limited sample, focusing mainly on long-distance commuting scenarios. Given that the
characteristics of mode attributes may vary according to travel distance—such as differences
in cost and time functions among transportation modes—future research should include
surveys that consider a wider range of commuting situations. Also, future studies should
take into account respondents’ travel contexts, including factors such as weather conditions
and the amount of baggage carried. Additionally, there is a limitation in that there may be
some discrepancy between respondents’ actual behavior and the survey results. First, in
questions about individual preferences, the survey can only capture the level of declarative
agreement regarding respondents’ behavior, making it difficult to determine whether
they actually behave as they responded. Furthermore, the survey did not incorporate
information about what modes of transportation respondents actually use and how they
use them in their commuting situations. As a result, there may be a gap when applying the
survey results to real-world scenarios. To address this, future research should thoroughly
consider the correlation between respondents’ actual behavior and their stated preferences.

Finally, this study did not achieve significant statistical results related to CO, emis-
sions as initially intended. Future research could explore alternative approaches, such
as presenting CO, emission information differently or observing and comparing choice
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behaviors after providing information on the various benefits of mode switching. These
efforts are essential in identifying more effective strategies for promoting a modal shift
towards SPT.
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