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ABSTRACT
The mixed itinerary-size weibit (MISW) model was recently devel-
oped for predicting passengers’ itinerary-choice behaviors in a
schedule-based railway network. It considers passengers’ heteroge-
neous perceptions and relaxes the independently and identically dis-
tributed assumptions of random utility models. However, this model
has not been verified using real-world data. Moreover, it is assumed
that passengers hold a negative perception of overlapping, but this
assumption may not be suitable for all situations. Thus, this study
proposes a scaled MISW model which includes a scale parameter
to address this issue. We collected passenger ticket-booking data
from the South China High-Speed Railway network and conducted
an empirical analysis in which we compared the performances of
the scaled MISWmodel and other models (i.e. the multinomial logit,
multinomial weibit, and MISWmodels). According to the results, the
scaled MISW model outperformed the other models in describing
passengers’ choice behaviors in the railway network.
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1. Introduction

High-speed railway (HSR) is being developed rapidly, and numerous studies on HSR have
been conducted (Jou, Chien, andWu 2013; Chou, Lu, and Chang 2014; Yilmaz and Ari 2017;
Zhen, Cao, and Tang 2018; Pimentel, Nunes, and Couto 2018; Zhao and Zhao 2019; Zhang
et al. 2020; Cacchiani,Qi, andYang2020; Zhan,Wong, andLo2020; Xie et al. 2021). HSRplan-
ning has been researched extensively, and it typically involves the simulation of passen-
gers’ itinerary choices to assess planning results and improve planning (Zhou et al. 2020).
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To formulate such simulations for a schedule-based railway system, themixed itinerary-size
weibit (MISW) model was recently proposed (Xie et al. 2020).

The MISWmodel offers three theoretical advantages. First, it assumes that the random-
error term follows the Weibull distribution, meaning that it compares itineraries in terms
of the relative cost difference rather than the absolute cost difference. The absolute cost
difference, which is used by logit-type models, may lead to overestimation of passengers’
perceptions of cost differences (Kitthamkesorn and Chen 2013). Second, the MISW model
adopts a correction term (i.e. the itinerary-size (IS) factor, similar to the path-size factor sug-
gested in Ben-Akiva and Bierlaire (1999) for the route overlap problem in path choice) to
resolve the itinerary overlap problem. Third, random coefficients are included in the MISW
model to address the heterogeneity in passengers’ perceptions. Xie et al. (2020) provided
three numerical examples to support these advantages.

However, the MISW model assumes that the passengers place a negative value on the
route overlap. In contrast, different opinions exist on the passengers’ perception of over-
lapping, and some studies (Hoogendoorn-Lanser and Bovy 2007; Anderson, Nielsen, and
Prato 2017) have found the empirical evidence suggesting that passengers may have an
opposite view. Hence, the MISWmodel’s assumption on route overlap may not be suitable
for all situations, and thus this study proposes a scaled MISW model, which introduces a
scale parameter into the present MISWmodel to capture passengers’ perceptions of route
overlap. In this study, we collected HSR ticket-booking data from South China to calibrate
and compare the scaled MISWmodel with a multinomial logit (MNL) model, a multinomial
weibit (MNW) model, and an MISW model. The MISW and scaled MISW models have not
been verified using real-world data, and these data have not yet been used in any itinerary-
choice model. To the best of our knowledge, this is the first use of ticket-booking data to
calibrate discrete-choice models designed to solve the China HSR itinerary-choice prob-
lem. The results revealed that the scaledMISWmodel is superior for describing passengers’
choice behaviors in an HSR network.

The rest of this paper is organized as follows. Section 2 provides a review of the weibit-
type models, and Section 3 introduces the scaled MISW model. Section 4 presents a case
study by usingHSR ticket-bookingdata obtained fromSouthChina, and Section 5 discusses
the empirical results. Our concluding remarks are given in Section 6.

2. Literature review

Route choices in a railway network are different from those in a road network because a
railway network provides fewer departure times and routes than a road network (Tong
and Richardson 1984). Therefore, ‘itinerary choice’ is used instead of ‘path choice’ in railway
travel analysis to emphasize the two-dimensional nature of route choice in railway travel.
Figure 1 clarifies the concept of an itinerary.

A train network is abstracted using temporal–spatial nodes (TSNs) and temporal–spatial
arcs (TSAs). A TSN represents a single event, such as taking Train 1 to depart from the origin
station. A TSA links two TSNs. Based on the passenger behavior, TSAs can be divided into
in-train TSAs (e.g. TSA3 in Figure 1), wait TSAs (e.g. TSA1 in Figure 1), and transfer TSAs (e.g.
TSA5 in Figure 1). We consider a transfer as having occurred when a passenger leaves one
train and boards another. A TSA branchmay form a feasible itinerary, for example, TSA1→
TSA3 → TSA5 → TSA6 → TSA7.
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Figure 1. Illustration of the itinerary concept.

A schedule-based approach is more appropriate than a frequency-based approach for
modeling railway itineraries, because it can consider the passenger’s decision to depart at
a certain time and board a certain train (Hamdouch, Szeto, and Jiang 2014; Xie, Wong, and
Lo 2017). This cannot be achieved using the frequency-based approach because it consid-
ers the average network performance and passenger characteristics (Nuzzolo, Russo, and
Crisalli 2001). There are two approaches for establishing schedule-based itinerary-choice
models: traditional utility-based methods and newly developed machine-learning meth-
ods. Sun et al. (2018) used machine-learning methods to predict the HSR itinerary choices
from Shanghai to Beijing. These methods identify the patterns iteratively and extract
rules from the data instead of assuming relationships between the choices and explana-
tory variables. Thus, although machine-learning methods may better predict passengers’
itinerary choices, their results are more difficult to interpret than those of utility-based
methods, which consider socio-demographics and the attributes of choice alternatives in
utility functions. Such interpretability is useful because it can help operators understand
the underlying relationships and make decisions to improve railway network operations.
Therefore, utility-basedmethods continue to be themain tools used by operators tomodel
passenger-itinerary choices.

Utility-based models commonly form the following utility function (Equation (1)):

U(β ,x) = V(β , x) + ε (1)

The utility (U) of a choice is affected by the passengers’ perceptions β and the cost x
paid for making this choice, and can be divided into two parts, namely the observed term
V(β , x) and the unobserved term ε. ε is assumed to follow a certain distribution, such as
a Gumbel distribution (Dial 1971) or normal distribution (Daganzo and Sheffi 1977). The
Gumbel distribution ismostwidely accepted and generates theMNLmodel and its variants
(Van Nes, Hoogendoorn-Lanser, and Koppelman 2008; Lim and Kim 2016).

However, the MNL model has some drawbacks due to its use of the independently and
identically distributed (IID) assumption (Sheffi 1985). The IID assumption considers trips of
various lengths to be identical. For instance, although the absolute difference between two
itineraries is 5 min, the relative difference varies. The MNL model focuses on the absolute
difference and provides the same choice probabilities, regardless of whether the relative
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difference is 50% or 5%. In the first scenario, the two itineraries will be perceived signifi-
cantly differently, but in the second scenario, the two itineraries will be perceived similarly.
Thus, this length-specific perception variance is not captured by the MNL model. To cap-
ture this variance, Castillo et al. (2008) derived the MNW model by assuming that costs
were Weibull-distributed, and Fosgerau and Bierlaire (2009) developed a similar model
by assuming a multiplicative utility function that was a product of systematic utility and
a random-error term. Kitthamkesorn and Chen (2014) later demonstrated that the MNW
model resolved this failure of the MNL model by using numerical examples, and Fosgerau
and Bierlaire (2009) used empirical data of trains, buses, and cars to illustrate the superior-
ity of theMNWmodel. For the train dataset, Fosgerau and Bierlaire (2009) formulated three
different utility functions and observed significant improvements in the log-likelihood of
the MNWmodel relative to that of the MNL model in these three cases (the improvements
in the log-likelihood ranged from 171.76–239.45). This result indicated that the weibit-type
models may bemore suitable than the logit-typemodels for studying itinerary choices in a
train system. Another advantage of theMNWmodel is that its computational complexity is
always similar to that of theMNLmodel.We can transform the systematic utility of theMNW
model into the logarithmic form and apply traditional tools to the MNL model to estimate
the MNW model (Castillo et al. 2008; Fosgerau and Bierlaire 2009). Due to these advan-
tages, the MNW model has been applied to real-world cases, such as designing optimal
expressway tolls (Kurauchi and Ido 2017).

Although the MNW model addresses the identically distributed assumption, it retains
the independently distributed assumption, which is often violated by real-world correla-
tion among itineraries, and scholars solve the correlation problem by including nesting
structures in their models (Li et al. 2010; Hess et al. 2013) or by adding a correction term to
the utility function, such as the C-logit model (Cascetta et al. 1996; Zhou, Chen, and Bekhor
2012), path-size logit model (Ben-Akiva and Bierlaire 1999; Chen et al. 2012), and path-size
weibit (PSW) model (Kitthamkesorn and Chen 2013).

The PSW model relaxes the IID assumption, and the MISW model (Xie et al. 2020) was
developedbasedon thePSWmodel to suit railwaynetworks. Furthermore, theMISWmodel
includes random coefficients to alleviate the problem of heterogeneity in passengers’ per-
ceptions. Xie et al. (2020) provided numerical examples to demonstrate the superiority of
the MISW model in solving problems related to length-specific perception variance, vari-
ance in coefficients, and overlapping itineraries. Although the abovementioned numerical
analyses have revealed the advantages of the MISW model, it has yet to be applied in
an empirical study. This study contributed to the literature by performing an empirical
analysis of the MISW model in an HSR network. Moreover, thus far, ticket-booking data
have not been used to analyze Chinese HSR itinerary choices with discrete-choice mod-
els. Hence, this study, which used HSR passenger ticket-booking data, filled this research
gap.

Furthermore, the MISW model assumes that a negative perception exists regarding
overlap. Although the evidence of this assumption can be commonly found in the road
network, the present research on passengers’ perceptions of overlapping holds different
opinions. Some studies (Yap, Cats, and van Arem 2018; Xie et al. 2020) have suggested a
negative perception because the overlapping itineraries can be regarded as similar in the
passengers’ opinions, and thus are less likely to be selected compared to the relatively
independent itineraries. However, Hoogendoorn-Lanser and Bovy (2007) and Anderson,
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Nielsen, and Prato (2017) argued that the additional attractiveness of the overlap can
compensate for the negative impact, and thus overlap can pose a positive impact on utility.
For example, overlapping itineraries indicate more alternative routes to reach the destina-
tion, and the passengers may value this, given the risk of missing trains. Their empirical
studies supported this argument. Besides, the overlapping part of the itineraries is com-
monly a route that connects two major terminals, and the railway company is more likely
to offer better-than-average services (e.g. more serving staff onboard and diversified meal
choices). Hence, passengers’ perceptions of itinerary overlap may vary among the differ-
ent studied cases. This study suggests a newmodel, the scaled MISWmodel, to resolve the
overlapping-perception problem existing in the MISWmodel.

3. Scaledmixed itinerary-size weibit model

This section describes the notation system and major assumptions of weibit-type models,
and introduces theMNWmodel,which is the foundationof the scaledMISWmodel. Further-
more, the formulation of the scaled MISW model is described. Specifically, the advantages
of weibit-type models are illustrated using two numerical examples.

3.1. Notation system

The elements, sets, and variables used in weibit-type models are defined in Table 1.

Table 1. Elements, sets, and variables used in weibit-type models.

Element Description

a or a′ Temporal-spatial arc (TSA)
i or i′ Itinerary

Set Description

Ai Set of TSAs belonging to i
I Set of available itineraries

Variables Description

bai 1 if itinerary i uses TSA a, and 0 otherwise
ci Total perceived cost if i is used
NI Number of itineraries
ta Time of a
Ǔi Disutility of i
xi Vector of cost components of i
y Vector of socio-demographics with mean ȳ and standard

deviation σ
Probi Probability of passengers selecting i
β Vector of cost coefficients
ωi Itinerary-size factor for i
εi Independent random-error term for i
ξ Location parameter
γ Shape parameter
τ Scale parameter of the itinerary-size factor
θ Matrix of factors revealing the effects of

socio-demographics on xi
θ̃ Vector of constants for deciding β
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3.2. Major assumptions

The following assumptions are made in this study.

(1) Passengers have perfect information about the railway system. However, passengers’
perceptions are heterogenous, and components of utilities may not be fully included.

(2) The perceived cost of itinerary i ∈ I, ci, includes various costs (such as the elapsed
time and the number of transfers) and is weighted based on passenger perceptions
as follows (Equation (2)):

ci = βxi, ∀i ∈ I (2)

where β is a coefficient vector that indicates the passengers’ preference for cost com-
ponents, and xi is a vector of the cost components of itinerary i. Socio-demographics
(e.g. age and gender) determine β (Equation (3)):

β = f (y,θ ,θ̃) (3)

where y is a vector of socio-demographics, θ is a factor matrix of y, and θ̃ is a vector of
constant values. This study assumes Equation (3) takes a linear form, and β is given by
Equation (4), as follows:

β = θy + θ̃ (4)

(3) Trains have high punctuality.
(4) Trains have adequate capacity, so that passengers can always board on their selected

trains. The situation in which trains do not have adequate capacity is out of the scope
of this study, and the future research will consider building itinerary choice models for
this situation.

(5) The railway system is run by a single operator. For example, the Passenger Transport
Department of the China Railway Corporation is responsible for the operation of all
HSR trains in China and passengers purchase tickets from this corporation, although
the daily operations of different HSR trains are run by its different subsidiaries.

3.3. MNWmodel

The MNWmodel assumes that the independent random-error term εi of itinerary i follows
the Weibull distribution, location parameter ξ ∈ [0, ci), and shape parameter γ ∈ (0,+∞).
The disutility function of the MNWmodel is defined as follows (Equation (5)):

�

Ui = (ci − ξ)γ εi, ∀i ∈ I (5)

Hence, the MNWmodel calculates the probability that a passenger will select itinerary i
as follows (Equation (6)):

Probi = (ci − ξ)−γ∑
i′∈I (ci′ − ξ)−γ

, ∀i ∈ I (6)

For further details regarding the mathematical deduction, please refer to Castillo et al.
(2008) and Kitthamkesorn and Chen (2014).
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If disutility
�

Ui is positive, passengers should give something (e.g. time and money) if

choosing itinerary i, whereas if disutility
�

Ui is negative, passengers would earn something
(e.g. freedom and success in attending an important activity) if choosing itinerary i. There-

fore, if disutility
�

Ui is greater, a passenger will be less likely to select itinerary i. According to
Equations (2), (5), and (6), a positive element in β means that if the respective cost compo-

nent of itinerary i is greater, cost ci and disutility
�

Ui are greater and itinerary i is less likely
being chosen. By contrast, a negative element inβ means that if the respective cost compo-

nent of itinerary i is greater, cost ci and disutility
�

Ui are smaller and itinerary i is more likely
being chosen.

To illustrate how the MNW model compares relative cost differences, Equation (6) is
rewritten as Equation (7):

Probi = (ci − ξ)−γ∑
i′∈ I (ci′ − ξ)−γ

= 1∑
i′∈ I

(
ci′−ξ

ci−ξ

)−γ
, ∀i ∈ I (7)

where ci′−ξ

ci−ξ
indicates the corrected relative cost difference between two itineraries, i and i′.

In contrast, the MNL model accounts for the absolute cost difference (ci − ci′), such that
it ignores how the overall itinerary cost influences passengers’ perception, as given by
Equation (8):

Probi = e−ci∑
i′∈ I e

−ci′
= 1∑

i′∈ I e
(ci−ci′ )

, ∀i ∈ I (8)

The two-itinerary example shown in Figure 2 is formulated for further demonstration.
The coefficients for the in-vehicle time (IVT) and waiting time are both equal to 1. Follow-
ing the assumption of Kitthamkesorn and Chen (2013), we set γ = 3.7 and ξ = 0. Although
the absolute cost difference between the two itineraries is the same in both networks, the
cost of Itinerary 2 is double that of Itinerary 1 in the short network, whereas the cost of
Itinerary 2 is only 4.2% higher than that of Itinerary 1 in the long network. These two net-
works should not have the same likelihood of selecting Itinerary 1, but the same likelihood
(0.993) is selected by the MNL model. In contrast, the MNW model considers the relative
difference and suggests that the likelihood of selecting Itinerary 1 in the long network is
lower than that in the short network.

3.4. ScaledMISWmodel

TheMISWmodel is proposed to relax the IID assumption and the assumptionof homogene-
ity in passengers’ perceptions by including the IS factor and random coefficients. Xie et al.
(2020) formulated the IS factor based on the original form of the path-size factor suggested
by Ben-Akiva and Bierlaire (1999) as follows (Equation (9)):

ωi =
∑
a∈Ai

ta∑
a′∈Ai ta′

1∑
i′∈I bai′

, ∀i ∈ I (9)

where ta is the time of TSA a (a ∈ Ai, Ai comprises the TSAs belonging to itinerary i).
The variable bai equals 1 if TSA a belongs to itinerary i, and is 0 otherwise. The ratio
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Figure 2. Two-itinerary example. Note: The example networks were built based on the example of
Kitthamkesorn and Chen (2013).

ta∑
a′∈Ai ta′

approximates the itinerary correlation, and
∑

i′∈I bai′ estimates how TSA a affects

the itinerary correlation.
This study adds a scale parameter (τ ∈ (−∞,+∞)) to the disutility function of theMISW

model to reflect the passengers’ perception of overlapping. The new disutility function can
be expressed as follows (Equation (10)):

Ǔi = (ci − ξ)γ

(ωi)
τ εi, ∀i ∈ I (10)

This function yields a new choicemodel called the scaledMISWmodel. TheMISWmodel
without a scale parameter for the IS factor assumes that passengers hold a negative view
regarding itinerary overlap (i.e. τ = 1), becausepassengerswould consider theoverlapping
itineraries similar and thus are less likely to select the overlapping itineraries compared to
the relatively independent itineraries. However, some studies (Hoogendoorn-Lanser and
Bovy 2007; Anderson, Nielsen, and Prato 2017) argued that the additional attractiveness of
the overlap (such as having more alternatives) may compensate for the negative impact in
some cases, which was supported by empirical evidence. If the MISW model’s assumption
on itinerary overlap does notmeet the actual situation, theMISWmodel will give the incor-
rect estimation on choice probabilities. In contrast, the scaled MISW model can account
for different passengers’ perception on itinerary overlap by setting a suitable τ . Regarding
itinerary overlap, when passengers hold a negative view, τ is positive; when passengers
hold a positive view, τ is negative; and when passengers hold an indifferent view, τ is zero.
In addition, a larger τ results in a larger disutility because ωi ∈ (0, 1], i.e. the attractiveness
of overlapping itineraries decreases, and thus the probabilities of choosing overlapping
itineraries decline.

If this model assumes that a few elements of passenger characteristics y are indepen-
dently normally distributed, (i.e. y ∼ N (ȳ, σ 2)), the probability of choosing itinerary i ∈ I
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Figure 3. Three-itinerary network. Note: The network of the three-itinerary examplewas built based on
the example of Kitthamkesorn and Chen (2013).

can be written as

Probi =
∫

(ωi)
τ (ci − ξ)−γ∑

i′∈ I (ωi′)
τ (ci′ − ξ)−γ

× 1√
2πσ 2

e− (ẏ−ȳ)2

2σ2 dẏ, ∀i ∈ I (11)

Note that y can follow other distributions depending on various real scenarios, and the
scaled MISWmodel can be calibrated using the simulated maximum likelihood estimation
method.

To reveal the superiority of the scaled MISW model, a three-itinerary example (Xie et al.
2020) is presented in Figure 3.

There are two rail tracks connecting Stations I and III. Track 1 is divided into two segments
(Track 1-1 and Track 1-2) by Station II. To show train movements between these two track
segments in Figure 3, the abstracted network is presented using two time-station figures,
whose upper and lower parts represent Track 1 and Track 2, respectively. Two trains run on
Track 1-1, and they are represented as TSA5 and TSA6. One train runs on Track 1-2, and it is
represented as TSA9. One train runs on Track 2, and it is represented as TSA4. The itinerary
cost consists of IVT, waiting time, and transfer time; the coefficients without variance are
all equal to 1. For these three itineraries, the itinerary cost is set to be the same, that is,
100 min. As mentioned before, ξ = 0 and γ = 3.7. We vary the overlapping part (tOL =
tTSA2 + tTSA8 + tTSA9) and calculate the respective itinerary-choice probabilities.

The MNL model calculates the probabilities of selecting itineraries as follows:

Prob1 = Prob2 = Prob3 = e−100

e−100 + e−100 + e−100 = 1
3
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Figure 4. Variance of τ and tOL and the corresponding probabilities of selecting itineraries.

The MNWmodel calculates the probabilities of selecting itineraries as follows:

Prob1 = Prob2 = Prob3 = 100−3.7

100−3.7 + 100−3.7 + 100−3.7 = 1
3

According to the above calculation, regardless of how tOL changes, the outcomes of
the MNL and MNW models are identical, whereas the outcome of the scaled MISW model
changes in response to changes in tOL as follows:

Prob1 = Prob2 = ωτ × 100−3.7

ωτ × 100−3.7 + ωτ × 100−3.7 + 100−3.7

Prob3 = 100−3.7

ωτ × 100−3.7 + ωτ × 100−3.7 + 100−3.7

and

ω = tOL
100 × 2

+ 100 − tOL
100

= tOL
200

+ 100 − tOL
100

Prob1, Prob2, and Prob3 vary with the value of τ and tOL. The test results of the scaled
MISWmodel are shown in Figure 4.

If passengers are indifferent to overlapping itineraries, the scale parameter is infinitely
close to zero, that is, τ → 0, and the scaledMISWmodel yields the same likelihoods as those
yielded by the MNL and MNWmodels:

lim
τ→0

Prob1 = Prob2 = Prob3 = 100−3.7

100−3.7 + 100−3.7 + 100−3.7 = 1
3

If passengers dislike overlapping itineraries, the scaled MISW model sets τ to a posi-
tive value (e.g. 1) and reduces the probabilities of selecting overlapping itineraries as the
extent of overlap increases. Conversely, if passengers prefer overlapping itineraries, the
MISWmodel sets τ to a negative value (e.g.−1) and increases the probabilities of selecting
overlapping itineraries as the extent of overlap increases. Hence, the scaled MISW model
can resolve the problem of overlapping itineraries.

Furthermore, the heterogeneity of passengers’ perceptions is analyzed using the modi-
fied three-itinerary problem. tOL is set to 60min; τ to 1; and ticket fees of the three itineraries
are set to 50, 50, and 80 yuan, respectively, in the disutility function. The coefficient of fees
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Figure 5. Change in coefficient variance for fees and the corresponding probabilities of itinerary
selection.

follows a normal distribution. Itsmean is fixed at 2min/yuan, and its variance increases from
0 to 0.8. Figure 5 shows the results.

The itinerary-size weibit (ISW) model does not consider coefficient variance (i.e. σ 2 → 0
and there is no variance in β), so it is used for comparison with the scaled MISW model to
show the effect of coefficient variance. When the coefficient variance for fees is zero, both
models yield the same result. However, as the variance increases, more people are likely to
be insensitive to an increase in fees andwill select itineraries with higher fees. As presented
in Figure 5, the rising variance does not affect the results of the ISW model but increases
the Prob3 value given by the scaled MISW model. This example shows that the variance in
passengers’ perceptions can be estimated using the scaled MISWmodel with the inclusion
of random coefficients.

4. Case study

Calibration of the scaled MISW model using real-world data is presented in this section,
along with a comparative analysis of the scaled MISWmodel with the four itinerary-choice
models (i.e. the zero, MNL, MNW, and MISWmodels).

4.1. Data

4.1.1. Data sources
The ticket-booking data were provided by the Passenger Transport Department of the
China Railway Corporation, which is responsible for the operation of all HSR trains in China.
The data were collected from the HSR trains operating in the South China HSR network on
4 December 2017 (Monday). To the best of our knowledge, this was the first instance of the
creation of a revealed-preference dataset for analyzing the HSR itinerary choices of pas-
sengers on the South China network and the first application of discrete-choice models for
analyzing the China HSR network.

To prevent ticket scalping, Chinese railway operators require that passengers present
a valid ID (e.g. Chinese resident identity card or passport) to book train tickets and enter
train stations. Therefore, the railway operator can obtain somebasic passenger information
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Figure 6. Basic information of analyzed OD pairs.

from these IDs, such as age and gender. Other identifying aspects of passengers’ IDs were
recoded to protect their identities before the ticket-booking data were sent to us for
analysis. In addition to age, gender, and recoded passenger-identification data, the ticket-
booking dataset included data on time of booking, origin station, destination station, train
departure and arrival times, and fare. The analyzed ticket-booking data were for the econ-
omy class, and the tickets were purchased by individuals older than 16 years of age, which
meant that they could plan their own journeys. We chose ten origin–destination (OD) pairs
with the highest potential for interchanges from the dataset. The basic information of these
ten OD pairs is presented in Figure 6.

Nanningdong station is in Nanning, the capital city of Guangxi province, and Shen-
zhenbei station is in Shenzhen, one of the four major metropolises in China. However,
only six direct high-speed trains connected these stations on the day of analysis (three in
each direction). Thus, to fulfill their journey requirements (such as arriving before a cer-
tain time), passengers needed to transfer at other stations, such as Futian, Guangzhounan,
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Figure 7. Number of passengers booking tickets per day during the booking period.

Guigang, orWuzhounan. Guangzhounan station is in Guangzhou, the capital city of Guang-
dong province, which has an extensive HSR network. Hence, most transfers occurred at
Guangzhounan station. The situation was similar for other selected OD pairs.

China’s HSR allows passengers to book train tickets 29 days before the day on which a
train departs. Thus, passengers planning a trip on 4December 2017 could book their tickets
from 5 November 2017 onwards. We set the 1st day of the booking period as the day when
the ticketing was open, the 29th day as the day before the departure day, and the 30th day
as the departure day. The distribution of bookings for the ten selected OD pairs during this
booking period is shown in Figure 7.

As shown in Figure 7, only a few bookings were made in the early days of the booking
period. The number of bookings peaked on the day before the actual departure day, and
the number of bookings on the departure day itself was the second-highest. Because the
ticket fare was fixed and 4 December 2017was not a public holiday, we assumed that a suf-
ficient number of train tickets were available throughout the booking period. However, on
the departure day, a few passengers were unable to select their most preferred itineraries,1

and the basic assumption of adequate tickets for passengers is violated on the 30th day, as
mentioned before, and the itinerary-choicemodels that did not consider insufficient tickets
failed to simulate the passengers’ itinerary choices on the departure day. Therefore, book-
ingsmade on the 30th daywere excluded from themodel calibration. The total sample size
in this study was 7345.

4.1.2. Construction of choice sets
According toLurkin et al. (2017), there are twomainmethods forgenerating choice sets. The
firstmethod generates itineraries based on train timetables and several constraints, such as
minimumandmaximum transfer time, whereas the secondmethod assumes that the set of
observed itineraries is available to all passengers and uses it as the choice set. Because the
first method often generates a choice set that includes itineraries with little to no bookings
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Table 2. Five itineraries for an OD demand.

Itinerary 1 2 3 4 5

Itinerary starting time 8:30 9:30 14:30 15:30 16:30

Table 3. Choice sets.

Time period Itinerary choices
Choice sets before
the combination

Choice sets after
the combination

[0,2) – i I
[2,4) – ii
[4,6) – iii
[6,8) – iv
[8,10) 1,2 v
[10,12) – vi II
[12,14) – vii
[14,16) 3,4 viii
[16,18) 5 ix
[18,20) – x
[20,22) – xi
[22,24) – xii

over the data-collection period, the secondmethod is more widely used. Although the sec-
ondmethod can be prone to bias, this problem can bemitigated if a larger dataset is used.
Considering the size of our dataset, the secondmethodwas used to generate the universal
choice set for an entire day. For example, five itineraries are selectedby thepassengers of an
OD demand in the dataset, whose respective itinerary starting times are shown in Table 2.

These five itineraries are considered as five possible choices that form the universal
choice set, which can be further divided according to the itinerary starting time given that
the passengers might have had preferred departure times. For example, the passengers
might prefer itineraries commencing early in the morning and reject those commencing
in the afternoon. Hence, we divide the entire day into 12 two-hour time periods. For each
OD pair, itineraries are allocated to these time periods depending on the corresponding
train departure times, and the itinerary choice sets are formed for these time periods. We
combine a time period with a neighboring time period if it only contains no more than
one itinerary. In the example shown in Table 2, these five itinerary choices are assigned to
three choice sets according to the itinerary starting time, as shown in the second column
of Table 3.

However, some time periods include no more than one itinerary choice and thus are
combinedwith theneighboring timeperiods. The combination result is shown in the fourth
column of Table 3. Thus, this example has two choice sets, I and II, with two and three
choices, respectively. For a passenger who selects itinerary 3, his/her travel choice set is II,
which includes itineraries 3–5. For the analyzed passengers, the choice set varied according
to the individual, and its size ranged from 2 to 35 choices in a set.

4.1.3. Passenger characteristics
Two socio-demographics (age and gender) were included in the data. The influence of age
on the booking-day pattern was analyzed (as shown in Figure 8).

The gray dashed line in Figure 8 shows the ticket-booking pattern of all passengers. The
passengersweredivided into threegroups: thoseof ages less than31yearswere included in
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Figure 8. Distribution of ticket booking during the booking period (age).

the younggroup (yellow line); those of agesmore than 60 yearswere included in the elderly
group (blue line); and the restwere included in themiddle-agedgroup (green line). Thepat-
terns of the young andmiddle-aged groups look similar, althoughmore young passengers
preferred to postpone the booking day than middle-aged passengers. The elderly group
presented a different pattern, with a peak on the 27th day, possibly because of the small
sample size of 307 individuals, compared with 3433 and 4624 individuals in the young and
middle-aged groups, respectively. Alternatively, elderly passengers might have preferred
to plan their journeys ahead, while the young and middle-aged passengers did not.

The oldest passengers in this samplewas 89 years of age. In comparison, themean ageof
the passengers was approximately 35.32 years. The age distribution of all of the passengers
is shown in Figure 9, and most passengers are between 20 and 40 years of age, which is
consistent with the literature that most HSR passengers are young (Zhen, Cao, and Tang
2019).

The comparison of bookings by passengers’ genders is shown in Figure 10. There was
no significant difference in terms of selected booking day between female and male
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Figure 9. Age distributions of passengers in Datasets 1 and 2.

Figure 10. Distribution of bookings during the booking period (gender).

passengers, although female passengers appeared to be slightly more likely to book their
tickets earlier. Thus, the comparison illustrated that the passengers’ gender most likely did
not affect the booking-day pattern. Moreover, male passengers accounted for 56.77% of
the passengers in the sample. This pattern is consistent with the finding that most HSR
passengers are male (Zhen, Cao, and Tang 2019).
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Moreover, the data contained information regarding the booking time, which was accu-
rate to the second, and it is highly likely that passengers who booked tickets on the same
train to travel between the same OD at the same timewould travel together. Therefore, we
identified whether a passenger traveled alone or in a group by checkingwhether the ticket
booking parameters (booking time, train, and OD) were the same as those used by other
passengers. We found that 2165 passengers in the sample traveled in a group.

The itinerary-choicemodels considered four passenger characteristics. Age is denoted as
a positive real variable yA ∈ y that followed a normal distributionN (ȳA, σ 2)when building
the MISW and scaled MISWmodels. Gender is presented as a binary variable as follows:

yM =
{

1, if passenger is male
0, if passenger is female

, yM ∈ y

In addition, whether the passenger travels in a group or alone can be presented as the
following binary variable:

yTG =
{
1, if passenger travels in a group
0, if passenger travels alone

, yTG ∈ y

The booking day is denoted as a positive integer variable yB ∈ y whose value ranges
from 1 to 29.

4.1.4. Itinerary features
The present research (Adler, Falzarano, and Spitz 2005; Bekhor and Freund-Feinstein 2006;
Collins, Rose, and Hess 2012; Lurkin et al. 2017; Ilbeigi, Lurkin, and Garrow 2019) generally
considers the following itinerary attributes: (a) type of operators, (b) type of vehicles, (c)
type of seats, (d) fare, (e) elapsed time, (f) in-vehicle time, (g) wait time, and (h) number of
transfers. In China, there is only one HSR operator (i.e. the Passenger Transport Department
of the China Railway Corporation), and the passengers are not aware of the type of vehicles
when booking their tickets. Hence, the types of operators and vehicles were not included
in the analyzed models. Besides, the analyzed passengers selected the same type of seats
(economy class), and thus, this variable was not considered in the dataset. In contrast, the
elapsed time, fare, and number of transfers were included in the dataset. The elapsed time
included the IVT and transfer time. However, the ticket-booking data did not provide infor-
mation about the wait times at the origin station. Hence, we assumed these to be identical.
This assumption is reasonable because in China, people cannot purchase tickets for an HSR
train less than 30 min before the train departs; thus, people have sufficient time to choose
their preferred arrival time at the origin station after booking tickets through mobile apps
or the official website.

The correlation between bChoice (equal to 1 if the itinerarywas selected, and 0 otherwise)
and itinerary features (the IVT, transfer time, elapsed time, fare, and number of transfers)
was evaluated. The correlation matrix of the sample is presented in Table 4. All signs of the
correlations between bChoice and itinerary features were negative, indicating that as the
value of an itinerary feature increased, its selection probability decreased.

Fare is the least likely attribute to be linked to bChoice, and is significantly correlated with
IVT and elapsed time. This may be because the running speed of HSR is relatively stable,
and China HSR sets ticket fares according to the running mileage.2 For example, the basic
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Table 4. Correlation matrix of the sample.

Correlation matrix bChoice
IVT
(min)

Transfer time
(min)

Elapsed time
(min)

Number of
transfers

Fare
(yuan)

bChoice 1.00
IVT (min) −0.10 1.00
Transfer time (min) −0.22 0.06 1.00
Elapsed time (min) −0.23 0.69 0.77 1.00
Number of transfers −0.71 0.13 0.28 0.29 1.00
Fare (yuan) −0.03 0.85 0.07 0.59 0.05 1.00

price of an economy-class ticket is approximately 0.46 yuan/km. Moreover, the ticket fare
and number of transfers are weakly correlated because the ticket fare of an itinerary with
transfersmay not be different from that of a direct itinerary. For instance, passengers travel-
ing from Hezhou to Shenzhenbei pay the same fare (155 yuan), regardless of whether they
select a direct train or take a transfer at Guangzhounan station. This correlation results in
an incorrect sign for the estimated value, indicating that an itinerary with a higher fare is
more likely to be selected when fare is included in the calibration models. Therefore, fare
is ignored when building the disutility function. Similarly, the strong correlations between
IVT, transfer time, and elapsed time suggest that these three itinerary features cannot be
included in one model. Hence, to include the influences of journey time and transfers, two
possible combinations were considered: (a) IVT, transfer time, and number of transfers and
(b) elapsed timeandnumberof transfers. Because elapsed time ismore likely than the trans-
fer time and IVT to be related to bChoice, we adopted the second combination for further
analysis.

The disutility function comprised two types of features for itinerary i: elapsed time
(xElapsedTime
i , unit: min) and number of transfers (xTransferNumber

i ). The respective coefficients
βElapsedTime and βTransferNumber were defined as follows (Equations (12) and (13)):

βElapsedTime = θE−AyA + θE−MyM + θE−TGyTG + θE−ByB + θ̃E (12)

and

βTransferNumber = θT−AyA + θT−MyM + θT−TGyTG + θT−ByB + θ̃T (13)

where θE−A and θT−A reflect the effect of passenger age on these two coefficients; θE−M

and θT−M reflect this effect in case of a male passenger; θE−TG and θT−TG reflect this effect
for group travel; θE−B and θT−B reflect the effect of booking day on these two coefficients;
and θ̃E and θ̃T are constants.

4.2. Model specification

We assumed that itinerary-choice models provided the same set of estimated variables for
the analyzed OD pairs. Based on the above description of passenger characteristics and
itinerary features, the scaledMISWmodel was built for calibration, and its disutility function
specification with 14 estimated variables was as follows (Equation (14)):

Ǔi =
(βElapsedTimexElapsedTime

i + βTransferNumberxTransferNumber
i − ξ)

γ

(ωi)
τ , ∀i ∈ I (14)
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Four other itinerary-choice models were created for comparison with the scaled MISW
model.

(1) The zero model assumes that the socio-demographic and itinerary features do not
affect passengers’ itinerary choices and passengers are distributed equally across all
of the available itineraries. Hence, it has zero estimated variables.

(2) The disutility function of the MNL model was specified as follows (Equation (15)):

�

Ui = βElapsedTimexElapsedTime
i + βTransferNumberxTransferNumber

i , ∀i ∈ I (15)

Therefore, the MNL model has 10 estimated variables.
(3) The disutility function of the MNWmodel was specified as follows (Equation (16)):

�

Ui = (βElapsedTimexElapsedTime
i + βTransferNumberxTransferNumber

i − ξ)γ , ∀i ∈ I (16)

Hence, the MNWmodel has 12 estimated variables.
(4) The disutility function of the MISW was specified as follows (Equation (17)):

�

Ui =
(βElapsedTimexElapsedTime

i + βTransferNumberxTransferNumber
i − ξ)

γ

ωi
, ∀i ∈ I (17)

Thus, it has 13 estimated variables.

4.3. Results

The simulated maximum likelihood estimation method was used to evaluate the inte-
grals, and the model calibration was performed in the R software environment (R Core
Team 2018) by using two packages: ‘bbmle’ (Bolker 2017) and ‘dplyr’ (Wickham et al.
2019). The ‘bbmle’ package offers the mle2 function to estimate the model parame-
ters, and we used the default setting of this function, in which the mle2 function runs
the Broyden–Fletcher–Goldfarb–Shanno (BFGS) algorithm (Broyden 1970; Fletcher 1970;
Goldfarb 1970; Shanno 1970), which is a quasi-Newton method and exhibits satisfactory
performance for optimization problems.

The estimation result of the scaled MISWmodel is given in Table 5, and a comparison of
the results obtained using the scaledMISWmodel with those obtained using the other four
models is presented in Table 6. The discussion of these two tables is given in Section 5.

5. Discussion

We discuss the comparison results in Section 5.1, and then interpret the estimation results
of the scaled MISWmodel in Section 5.2.

5.1. Model performance

For comparison, we calculated the log-likelihood and the overall goodness-of-fit measures,
namely the Akaike information criterion (AIC) (Akaike 1974), Bayesian information criterion
(BIC) (Schwarz 1978), rho-squared value, and adjusted rho-squared value (Garrow 2010).
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Table 5. Estimation results of the scaled MISWmodel.

Estimated variables Estimated value z value

Location parameter ξ 0.001 0.001
Shape parameter γ 5.483 25.575
Standard deviation of age σ 5.762 97.193

Factors related to elapsed time:
Male θE−M 0.023 2.100
Age θE−A 0.003 5.420
Travel in a group θE−TG 0.017 1.437
Booking day θE−B 0.009 8.732
Constant θ̃E −0.017 −0.864

Factors related to number of transfers:
Male θT−M 0.479 13.476
Age θT−A 1.311 7.270
Travel in a group θT−TG −0.167 −1.442
Booking day θT−B 1.602 4.191
Constant θ̃T 0.407 4.875
Scale factor τ −0.300 −4.873

Table 6. Log-likelihood and overall goodness-of-fit measures of itinerary-choice models.

Model
Number of

estimated variables Log-likelihood AIC BIC Rho-squared
Adjusted

rho-squared

zero 0 −18,079 36,157 36,157 – –
MNL 10 −9772 19,563 19,632 0.459 0.459
MNW 12 −8427 16,877 16,960 0.534 0.533
MISW 13 −8775 17,576 17,666 0.515 0.514
Scaled MISW 14 −8402 16,832 16,928 0.535 0.534

The rho-squared and adjusted rho-squared values were calculated with respect to the zero
model.

The likelihood that the passenger loadingwas uniformwas the lowest in the zeromodel,
which had the smallest log-likelihood and the largest AIC and BIC values. The other four
models yielded significantly better estimation results than the zero model, as indicated by
the notable distinctions in their log-likelihood and overall goodness-of-fit measures. Thus,
the passengers’ decisions were influenced by their characteristics and itinerary features.

The weibit-type models (MNW, MISW, and scaled MISWmodels) performed better than
theMNLmodel. For example, theAIC andBIC values of theMNWmodelwere approximately
2500 less than those of the MNL model, and its rho-squared and adjusted rho-squared
values were greater than those of the MNL model by approximately 16.2%. These results
indicate that theweibit-typemodelsmakemore reasonable assumptions regarding thedis-
tribution of the random-error term than the MNLmodel when the passengers’ trip lengths
are considerably different. Theminimum elapsed time for the 10 analyzed OD pairs ranged
from 118 to 261 min. These values are similar to those shown in the two-itinerary exam-
ple presented in Section 3.3, and the empirical result might have been consistent with the
numerical analysis results. TheMNLmodel could not handle the length-specific perception
variance, whereas the weibit-type models could handle it.

Due to the inclusion of the scaled IS factor and the standard deviation of age, the scaled
MISW model performed the best because its overall goodness-of-fit measures were bet-
ter than those of the weibit-type models. In addition, the MNW model performed better
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than the MISW model, indicating that an incorrect assumption of the passengers’ percep-
tion regarding the overlapping itinerary could result in a worse calibration result than that
obtained by the model that did not consider the overlap. Hence, the worst performance
exhibited by the MISW model indicated the need to set a scale parameter for the IS factor
to reflect the passengers’ perceptions of overlapping itineraries.

5.2. Model results

5.2.1. Interpretation of results
As indicatedby theestimation results, the calibrated scaledMISWdisutility (Equation (14)) is
a function of γ = 5.483 and ξ = 0.001. All estimated variableswere highly significant, except
for ξ , θ̃E, θE−TG, and θT−TG.

The standard deviation of age (σ ) is a continuous variable that represents the level of
heterogeneity among passengers of the same age. The scaled MISW model estimated σ

as 5.762 and its respective z value as approximately 97.193. This indicates that peers (i.e.
people of the same age) were likely heterogeneous.

The variable influence on elapsed time if passenger is male (θE−M) had a positive sign,
which indicated thatmale passengersweremore sensitive to elapsed time than female pas-
sengers, possibly because of the gender difference in income. Qu, Guo, and Wang (2019)
revealed that, generally,males earnmore than females in China. Compared to apersonwith
a lower income, a person with a higher income values their time more and may have more
options (such as airplanes) to complete their trips and avoid a long travel time if they are
not satisfiedwith theHSR itinerary choices. This gender difference can also assign a positive
sign to the variable influence on number of transfers if passenger is male (θT−M), which indi-
cates thatmale travelers evaluate a transfermore negatively than female travelers, possibly
because a transfer generally requires extra waiting time at stations.

The variable age effect on elapsed time (θE−A) had a positive sign, which indicates that
elderly passengers view the increased elapsed time less favorably than younger passen-
gers. This result appears consistent with some previous findings: elderly people consider
long rides uncomfortable (Batra 2009) and tire more easily because they have less physical
strength than younger passengers (Szeto et al. 2017). Hence, they tend to travel for shorter
periods, as compared to younger passengers (Liu et al. 2017; Szeto et al. 2017; Shrestha et al.
2017). Moreover, older passengers aremore likely to have a higher income and higher posi-
tion, and thus, may prefer to spend their time on other activities with a higher utility than
traveling by train and would tend to select the option that offers the shortest travel time.

The variable age effect on number of transfers (θT−A) had a positive sign, suggesting that
younger passengers are more likely to tolerate transfers than elderly passengers. This find-
ing is consistent with results obtained by Szeto et al. (2017). Besides the income difference,
another reason is that younger passengers are physically stronger than elderly passengers
(Janssen et al. 2000; Shrestha et al. 2017) and thus can better cope with the extra walk-
ing/climbing, as a transfer mostly involves a long queue to access elevators or climbing
stairs.

The variables influenceonelapsed time if passenger travels in agroup (θE−TG) and influence
onnumber of transfers if passenger travels in a group (θT−TG) had low z values, indicating that
the values of θE−TG and θT−TG did not statistically significantly differ from zero. Apparently,
the influence ofwhether travelingwith others on itinerary choices was not significant for the
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analyzed passengers. However, the travel group behavior is an interesting study topic that
can influence passenger behavior in other aspects as well, for example, selecting HSR or air
trips. Hence, it is worth studying in the future.

The variables booking day effect on elapsed time (θE−B) and booking day effect on number
of transfers (θT−B) had a positive sign, which indicates that passengers who book tickets at
a later stage assess the increased elapsed time and number of transfers as more unpleasur-
able than thosewhobook the tickets earlier. When the travel plan is certain, passengerswill
book their tickets, and good knowledge about the travel planmay help relieve some travel
anxiety caused by the uncertainty about the arrival at the destination. More likely, passen-
gers who book tickets at an earlier stage have advanced and better knowledge about the
travel plan than those who book tickets at a later stage (especially on the days near the
departure day). Thus, the lattermight havemore travel anxiety andwould bemore likely to
avoid itineraries with longer elapsed time or more transfers, which would increase the risk
of missing the selected trains.

The variable scale parameter (τ ) had a negative sign, indicating that the passengers were
optimistic about overlapping itineraries. The overlapping part of an HSR itinerary is gener-
ally an HSR route that connects two major terminals. This HSR route tends to be served
by vehicles with larger capacities and better services (e.g. diversified meal choices) than
average, meaning that the passengers can have a more comfortable travel experience.
In addition, there are likely to be more alternative trains because a connection between
two major terminals is likely to have a higher-than-average frequency of service. There-
fore, if passengers miss their selected HSR trains, they can easily find an alternative. This
result agrees with those obtained by Hoogendoorn-Lanser and Bovy (2007) and Anderson,
Nielsen, and Prato (2017).

5.2.2. Temporal value of number of transfers
The above discussion of the correlation between bChoice suggests that the scaled MISW
model should have positive coefficients βElapsedTime and βTransferNumber. The expected
βElapsedTime and βTransferNumber were calculated using Equations (12) and (13), and they
had a positive sign for all of the passengers. Furthermore, the ratio between the expected
βTransferNumber and βElapsedTime was used to analyze and understand choice behavior. This
ratiowas denoted as the temporal value of the number of transfers (TVofNT) and calculated
as follows (Equation (18)):

Temporal value of number of transfers = βTransferNumber

βElapsedTime
(18)

The TVofNT variable measures how much elapsed time a passenger can bear to avoid
a transfer. The value range of TVofNT changes with booking day, as depicted in Figure 11.
As indicated by the positive signs of variables θE−B and θT−B, the disutility of the elapsed
time and number of transfers increased when the booking day was closer to the depar-
ture day, and the trend in the disutility of the elapsed time seemed to increase faster than
that of the number of transfers, as shown in Figure 11, where the TVofNT for passengers
who booked tickets at a later stage was less than that for passengers who booked tickets
earlier. The passengers who booked tickets at a later stage appeared to have an urgent
need to travel, andmight have had a greater requirement for the journey time. In addition,
the TVofNT for passengers who booked tickets later varied less than that for passengers
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Figure 11. Temporal value of number of transfers.

whobooked tickets earlier. This finding supports the contention that passengers who book
tickets near the departure day exhibit more uniform choice behaviors (Hetrakul and Cirillo
2013).

Another difference in the TVofNT variable was related to gender. Male passengers had
a lower TVofNT than female passengers when the other conditions (i.e. age, booking day,
andwhether traveling in groupor alone)were the same. This difference indicated thatmale
passengers preferred to spend less elapsed time to avoid a transfer than female passengers
because males generally have a higher income level and might place a greater value on
their time.

Besides these differences, for elderly passengers, the trend of the disutility of the num-
ber of transfers seemed to increase faster than that of the elapsed time. Thus, the TVofNT
for elderly passengers tended to be higher than that for younger passengers when the
other conditions (i.e. gender, booking day, andwhether traveling alone or in a group) were
the same. This result indicates that elderly passengers prefer spending more elapsed time
to avoid a transfer than younger passengers. Possibly the physical inability to cope with
transfers has a non-negligible impact on the preference of passengers.

The existing HSR itinerary-choicemodels (Sun et al. 2018) do not simultaneously analyze
the elapsed time and number of transfers, but a few airline itinerary-choice models have
considered these two itinerary features. Thus, the TVofNT was calculated using these mod-
els as a reference in this study. Table 7 presents the TVofNTs computed in a few previous
studies of airline systems.
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Table 7. TVofNTs computed in previous studies on airlines.

Research Studied time Country TVofNT (min)

Adler, Falzarano, and Spitz (2005) 2000 US 30.23–41.68
Collins, Rose, and Hess (2012) 2008 Australia 276.36
Lurkin et al. (2017) 2013 US 466.22–511.64
Ilbeigi, Lurkin, and Garrow (2019) 2016–2017 US 343.05–419.26

As inferred fromTable 7, the rangeof TVofNT for airlines is 30.23–511.64min. The TVofNT
values in this study rangedwithin [206.66, 493.44]. Thus, the TVofNTs obtained in this study
werewithin the range of those obtained in the studies of airlines. Moreover, the TVofNT val-
ues obtained in this studywere lower than thehighest valuepresented in Table 7, especially
those of passengers who booked tickets after the 3rd booking day, which were less than
400. There are two possible reasons for this.

(1) Transfers in the HSR system are simpler than those in an airline system. A transfer in an
airline system may involve clearing customs, collecting baggage, and check-in for the
next flight to obtain the next boarding pass, whereas HSR passengers in our datasets
traveledwithin the same country, so they did not need to clear customs, and they could
take their baggage with them onboard.

(2) The punctuality of the HSR system is greater than that of airlines, so the HSR pas-
sengers would have had fewer concerns about missing their connection than airline
passengers.

6. Conclusions

In this paper, four itinerary-choice models were applied to the ticket-booking data for 10
OD pairs in the South China HSR network. The log-likelihood and overall goodness-of-fit
measures illustrated that the scaled MISW model best suited the data, and that the MNW
model provided a better estimation result than theMNLmodel. In addition, the results sup-
ported the need to consider randompreference variations amongpassengers and the scale
parameter for the IS factor, whichwould reflect the passengers’ perceptions of the itinerary
overlap. Hence, this case study provided evidence for the superiority of the scaled MISW
model in estimating route-choice behaviors in a schedule-based railway system. Further-
more, the calibration results showed that the age, gender, and booking day influenced the
HSR itinerary choices. However, this study has several limitations that need to be addressed
in future studies:

(1) Age was assumed to follow the commonly used normal distribution. However, it may
follow another distribution, inwhich case the assumption of normal distributionwould
affect the estimation performance. Thus, the future calibration practice should explore
the possible age distributions.

(2) Because of the difficulty faced in data collection, the present study focuses on a rela-
tively simple network. Theoretically, the scaledMISWmodel can handle a large number
of choices and more complex networks. However, it requires a longer computation
time than the MNL and MNW models because of the IS factor and integration calcu-
lations. The long computation timemay not be a huge issue for an offline problem, but
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it may be a concern for online or real-time problems. Hence, in the future, the possible
practical applications of the scaled MISW model should be analyzed according to the
problem setting.

(3) Because of the limited data availability, the desired departure and arrival times, which
have a negligible influence on passengers’ itinerary choices, were not included in the
proposed choice models. In the future, we will attempt to collect these data through
the stated preference surveys and analyze the influence of these times onHSR itinerary
choices.

(4) The scaledMISWmodel has further scope for improvement. For example, the extended
PSW model considers elastic demand (Kitthamkesorn, Chen, and Xu 2015); however,
the scaled MISW model assumes only fixed demand. Thus, future studies can extend
this model to consider elastic demand.

(5) More tests using real-world data, including additional passenger characteristics, should
be conducted to verify the feasibility of weibit-type models. One possible testing
approach is to apply these models to a service network and compare the estimated
onboard passenger flows with the real flows. In the future, we will collect more data
and work further on this test.

Notes

1. There are two possible reasons for this: first, there might have been insufficient tickets following
the large number of bookings on the 29th day; second, there might have been fewer feasible
itineraries, because some trains had already departed.

2. China railway passenger tickets and fares: https://zh.wikipedia.org/wiki/%E4%B8%AD%E5%9B%
BD%E9%93%81%E8%B7%AF%E5%AE%A2%E8%BF%90%E8%BD%A6%E7%A5%A8%E4%B8%
8E%E7%A5%A8%E4%BB%B7#cite_note-70 (Accessed 24 April 2020).
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