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In the context of countries in the so-called Global South, where passenger railway services are either nonexistent or poorly
performed, discrete choice models are useful to identify the attributes that afect users’ choices and provide insights on their
behaviour in regional long-distance trips. Several theories and models have been proposed to understand travel behaviour for
efective strategical decision in the transport feld. Te well-knownRandom Utility Maximization (RUM) approach has been
widely used for such purposes, while the Random Regret Minimization (RRM) approach has been recently explored in the
literature. However, the magnitude in the diference of levels of the attributes, or the stimulus perception, may afect the results of
such models and biases the estimations. Terefore, this paper aims to assess the stimulus perception in mode choice to compare
conventional rail (CR) and high-speed rail (HSR) services for passenger transport in intercity trips in Brazil. Estimations of RUM
and RRM models were performed with a dataset from a stated preference survey comparing two railway technologies (CR and
HSR) with other modes of transport (car, bus, and airplanes) for long-distance trips in the Southeast region of Brazil. Findings
provide useful insights about the impacts of travel costs, travel times, and frequency of services, as well as sociodemographic
characteristics of users. From themodelling outputs, it was found that users are afected by the magnitude of travel costs, time, and
frequency only in business trips by HSR in the Brazilian context.

1. Introduction

Despite one of the main aspects of sustainable development
goals (SDGs) in transport, modal shift in liberal democracies
depend on the attitudes and behaviour of potential users
towards railways. Tis is even more pronounced in the so-
called Global South where passenger railway services are
either nonexisting or used for the lack of alternative choices
despite their quality. In the literature, several theories and
models have been proposed to understand travel behaviour
for more efective strategical decision. Discrete choice
models have been used to identify the attributes that afect
users’ choices and provide insights on their behaviour in
regional long-distance trips.

Te random utility maximization (RUM) approach has
been dominant in the feld, while several other theories and

approaches have been proposed aiming at better explaining
travel behaviour. Tese include the use of machine learning
techniques [1], and discrete choice modelling in the random
regret minimization (RRM) approach and decision feld
theory [2, 3].

Te random regret minimization models have been
proposed for several applications within the transport lit-
erature, for instance, road safety [4], freight transport [5–7],
trafc allocation and route decision [2, 8–10], demand for
recreational activities [11], trafc calming schemes [12], and
passenger mode choice [13]. Please refer to Chorus et al. [14]
and Jing et al. [15] for further references and applications.

Despite the extensive discussions to date, such non-
compensatory theories still require investigation. For ex-
ample, it is argued that the stimulus perception, i.e., the
magnitude in the diference of levels of the attributes, may
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afect the estimations of RRM models and biases the results
[16], thus requiring further investigations in diferent
contexts. Terefore, we look for evidence on how the
stimulus perception afects mode choice decision between
diferent railway technologies in long-distance trips in the
Global South.

Tis paper assesses the stimulus perception in mode
choice modelling under the random regret minimization
approach to compare conventional rail (CR) services of the
average speeds of 150 kph and high-speed rail (HSR) services
of up to 300 kph for passenger transport. We estimated
conventional discrete choice models based on the RUM and
RRM approaches, and regret-based models that consider the
efects of the magnitude of the levels of attributes proposed
by Jang et al. [16]. Estimations were performed with a dataset
from a stated preference survey comprising the two railway
technologies (CR and HSR) and other modes of transport
(car, bus, and airplanes) in long-distance regional trips in the
Southeast region of Brazil.

Te contribution of this paper is twofold. First, we
compare and discuss the formulation available in the lit-
erature that accounts for the stimulus perception in discrete
choice models from the perspective of the RRM approach.
Second, we compare the efects of the magnitude in the levels
of the attributes of diferent railway technologies that pro-
mote distinguished services to users in long-distance re-
gional trips in the Global South context.

Te outline of the paper is as follows: Section 2 presents
the literature on the RUM and RRM formulations, and
applications in mode choice modelling. Section 3 describes
the method, including the dataset and the proposed models,
and Section 4 reports the results of the estimations and
discussions. Finally, Section 5 discusses the fndings of the
study, and provides conclusions and rows for further
research.

2. Modelling Framework

Te random utility maximization (RUM) approach accounts
a utility Uiq for individual q in relation to alternative i. It
comprises a deterministic component Viq defned by the
combination of the kth attributes of each alternative available
to the individual (xiqk) weighted by their respective pa-
rameter βik, and a stochastic term εiq as follows:

Uiq � βikxiqk + εi. (1)

Te probability of an alternative being chosen collapses
to the multinomial logit (MNL) model assuming that the
error terms are independent and identically distributed
(IID) and follow an extreme value (EV) Type I distribution
[17] as follows:

Piq �
e

Viq

􏽐Aj∈A(q)e
Vjq

. (2)

Alternatively, discrete choice models estimated on the
basis of the regret theory were frstly addressed by Chorus
et al. [18] and Chorus [19], where individuals make binary
comparisons between the attributes of the chosen and the

nonchosen alternatives to minimize regret. Te formula-
tion of the regret function proposed by Chorus [19] is as
follows:

R
CRRM
i � 􏽘

Aj∈A(q),j≠i
􏽘
k∈K

ln 1 + exp βk · xjk − xik􏼐 􏼑􏽨 􏽩􏼐 􏼑,
(3)

where RCRRM
i refers the sum of diferences between the

considered and the competing alternatives, βk is the pa-
rameter related to the kth attribute, and xik and xjk are the
levels of attribute k for alternatives i and j, respectively.

Assuming that the regret is composed by stochastic
terms that follow IID EV Type I distributions, MNL models
are also used to estimate choice probabilities as follows:

Piq �
e

− Riq( 􏼁

􏽐Aj∈A(q)e
− Rjq( 􏼁

. (4)

Previous research shows that RRM models are sensitive
to the choice set composition and to the compensatory efect
in the decision-making [20–22].

van Cranenburgh et al. [23] extended the classical RRM
model [19] to the μ RRM model by including the scale of
regret parameter as follows:

R
μRRM
i � 􏽘

Aj∈A(q),j≠i
􏽘
k∈K

μ∙ ln 1 + exp
βk

μ
xjk − xik􏼐 􏼑􏼢 􏼣􏼠 􏼡 + εiq.

(5)

Te CRRM and Pure-RRM (P-RRM) models are special
cases of the μ RRM when μ � 1 and μ⟶ 0, respectively.
Choice behaviour is equally represented by the RUM when
μ> 5 [23].

Despite the extensive literature with applications of the
RRM in the past decade, Jang et al. [16] argued that the
predictive success of regret-based models would be en-
hanced by incorporating diferent perceptions in the dif-
ferences between the attributes depending on their
magnitude and range. Terefore, a nonlinear representation
was proposed to include the assumption that the perception
of stimuli (attributes) is proportional to their absolute
values. Te formulation of the general nonlinear repre-
sentation assumes that individuals perceive the diferences in
the attributes based on a generalized interpretation of
Weber’s law [24, 25] that collapses to the “paired logarithmic
based on the generalizedWeber’s law” (PLGW) model when
the logarithmic specifcation is applied:

R
PLGW
i � 􏽘

Aj∈A(q),j≠ i

􏽘
k∈K

ln 1 + exp βPLGWk

xjk − xik

xik( 􏼁
ϑk

⎛⎝ ⎞⎠⎡⎢⎢⎣ ⎤⎥⎥⎦⎛⎝ ⎞⎠ + εiq,

(6)

where ϑk ∈ [0; 1] indicates the perceived stimuli changes. If
ϑk � 0 from the point of view of statistical signifcance, the
regret model expressed in equation (6) becomes the original
formulations proposed by Chorus [19]; otherwise, the regret
is generated byWeber’s law [25] in some level defned by the
value of ϑk, which comprises the perception of the attribute
proportional to its absolute value.
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Huang et al. [26] proposed an extension of the PLGW
assuming the regret function of μRRM in the so-

calledμRRM-Weber model (hereby μPLGW) to explore the
empirical performance of Weber’s law:

R
μPLGW
i � 􏽘

Aj∈A(q),j≠i
􏽘
k∈K

μ . ln 1 + exp
βPLGWk

μ
xjk − xik

xik( 􏼁
ϑk

⎛⎝ ⎞⎠⎡⎢⎢⎣ ⎤⎥⎥⎦⎛⎝ ⎞⎠ + εiq. (7)

If μ⟶ 0, then the model collapses to the RUM, and if
ϑk � 0 for a given kth attribute, it collapses to the μRRM.

Few applications of the PLGW are found in the transport
literature. Jang et al. [16] studied commuting daily travel
choices and consumers’ choices of shopping centre. Te
attribute diferences when judging regret was analysed by
Jang et al. [27] using two datasets with mixed regret-rejoice
models, motivating further exploration of its application in
more complex choice contexts. Tey used a revealed pref-
erence data set on mode choice behaviour in the Noord
Brabant area of the Netherlands. Terefore, further analysis
of the stimulus perception into regret-based models should
be conducted in diferent contexts, as for regional long-
distance mode choice in the Global South countries.

 . Methods

3.1. Data. Te dataset was obtained from a stated preference
(SP) survey comprising a choice set with the most common
modes used for intercity trips in Brazil. Private vehicles (CAR)
are usually used by single individuals mostly for business

purposes or groups of people for nonbusiness activities. On the
other hand, trips by coaches (BUS) are usually overnight services
and airplanes (AIR) aremainly used for trips between the largest
cities. In the experiment, we considered two railway alternatives
that are not operated in the country, conventional (CR) and
high-speed (HSR) rail. For the surveys, CR and HSR were never
available simultaneously on a given scenario due to the dif-
ferences between them. Conventional rail has lower fares and
higher travel times, and its punctuality is less reliable than HSR.

Te survey focused on four states (São Paulo, Espı́rito
Santo, Rio de Janeiro, and Minas Gerais) that make up the
Southeast Region of Brazil (see Figure 1). Te region is home
to approximately 44% of the Brazilian population distributed
by density per city according to Figure 2. Note thatmost of the
population concentrates mainly in the coast next to the
capitals of the states of Rio de Janeiro, and São Paulo.

Scenarios simulating real-world choice situations were
limited to long-distance trips where railways are more
competitive [28, 29]. In the studied context, it meant cities
withmore than 200,000 inhabitants situated between 100 km
and 1,000 km from each other.
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Figure 1: Brazilian regions and states. Source: IBGE [30].

Journal of Advanced Transportation 3



3.2. Experiment Specifcation. Te experiment was de-
veloped to handle the combinations of alternatives and their
respective attributes and levels. Figure 3 shows the 14 origins
and destinations with largest population in the states of
Southeast Brazil chosen to defne the scenarios considering
that all of them have airport infrastructure.

Beyond the geographic delimitations, the survey was
divided by trip purpose (business and nonbusiness) based on
the experience of the respondent about a journey in the past.
Depending on the location of the residence and the desti-
nation, the respondent faced one out of four scenarios of
modal choice given the following combinations: SC1, with

CAR, BUS, and CR; SC2, with CAR, BUS, CR, and AIR; SC3,
with CAR, BUS, and HSR; or SC4, with CAR, BUS, HSR, and
AIR (see Figure 4).

Scenarios one (SC1) and three (SC3) did not include
trips by airplane to enable extending the results of the
models presented in this paper to the regional connections in
which cities do not operate commercial fights, despite the
fact that all the cities considered in the survey had such
services available to users.

Each alternative included the most important attributes
that could afect the mode choices. Te travel time, petrol,
and toll costs were used to represent the trips by CAR
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Figure 2: Population density of municipalities in Southeast Brazil. Source: IBGE [30].
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Figure 3: Map of selected cities in Southeast Brazil.
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Figure 4: Combinations of mode choices in the SP experiment.
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(TTCAR, PECAR, and TOCAR, respectively), while the
remaining kth alternatives (BUS, CR, HSR, and AIR) were
described by travel time, fare, and frequency (TTk, FAk, and
FRk). Tree levels were assigned to each attribute (high,
medium, and low). Travel times were defned by the average
speeds of each model as shown in Table 1, while frequency
was set in intervals of 12 hours (low), 6 hours (medium), and
3 hours (high) except for CAR.

Travel costs were defned per alternative: PECAR from
data of the Brazilian National Petrol Agency [31]; TOCAR
based on the average toll price per kilometer in Southeast
Brazil; FABUS from regulated prices by the Brazilian Land
Transport Agency [32]; FACR and FAHSR according to the
benchmark studies carried out in Europe [33, 34] because
intercity passenger railway transport does not exist in Brazil;
and fnally, FAAIR based on prices regulated by the Brazilian
National Aviation Agency [35]. All the costs were calculated
according to the distance between origins and destinations
as summarized in Table 2. For CAR, the levels of cost were
calculated by the average value of petrol in Brazilian cur-
rency per kilometer (BRL/km) multiplied by the average
distance between cities in kilometers (km) and divided by
the average fuel consumption of a vehicle (km/liters) plus
the distance multiplied by the average toll cost in Brazilian
currency per kilometer (BRL/km). Te costs of the
remaining alternatives (BUS, CR, HSR, and AIR) were
calculated by the average distance between cities multiplied
by the respective values of fare in Brazilian currency per
kilometer (BRL/km). For reference, 1 US Dollar (USD) was
equivalent to 5 Brazilian Reais (BRL) at the time of the
survey (2013).

Te attributes varied according to an orthogonal frac-
tional factorial design involving 27 profles for each com-
bination of available alternatives (SC1, SC2, SC3, and SC4).
Te choice sets were further grouped into three blocks such
that each respondent answered nine choice tasks. Terefore,
216 observations would be obtained in one replication of the
experiment comprising the four combinations of available
alternatives (SC1, SC2, SC3, and SC4) per trip purpose
(business and nonbusiness).

Te questionnaire fow consisted of an explanation of the
purposes of the survey and its privacy terms, and a set of
cities randomly chosen from Figure 3 shown over a map
where respondents were requested to choose their origin
(Figure 5(a)). Te survey terminated if none of the available
options matches the respondent’s living location, otherwise
the survey followed to another map exemplifed in
Figure 5(b), in which a destination should have been selected
among other set of cities randomly chosen to which he/she
had already traveled to. For that trip, the respondent had to
declare the chosen transportation mode, purpose, and

perceived travel times (access and egress). If the respondent
had never traveled to any of the available destinations, the
survey was also terminated.

Te following page of the survey showed the overall
characteristics of the alternatives: availability and travel time
reliability of CAR and BUS; and check-in requirements,
operating times over the day, and reliability for CR or HSR
and AIR. Next, the respondent was faced with the scenarios
to choose the preferred mode to travel between the chosen
origin and destination as exemplifed in Figure 6. Finally, the
respondents were asked to share their sociodemographic
information (age, employment status, average household
income and number of members, and driver license
ownership).

An online pilot involving 37 respondents was carried out
between September 2, 2013 and September 20, 2013, to assess
the efectiveness of the questionnaire. Te fnal version of the
survey was carried out online from October 24, 2013 to
November 5, 2013, with respondents selected from a database
of a specialized survey company. Care was taken to identify
nonprofessional respondents living in one of the states of the
Southeast region in Brazil that had already traveled at least
once from the origin to the destination shown in the hy-
pothetical scenarios. Moreover, at the beginning of the survey,
the respondent was advised about the contents and the risks of
the survey, and agreed to participate in the experiment. Te
scenarios were randomized at the beginning of the survey and
580 respondents completed the questionnaire in its fnal
version, resulting in 5,220 observations (mode choices) that
were used in the models presented in this paper.

Table 3 details the sociodemographic distribution of
respondents. Te number of household members concen-
trates between two and four, and the overall income con-
centrates between BRL 1,500 and BRL 3,500. Te choice set
combination (SC1, SC2, SC3, and SC4) were also balanced
among the participants, with proportional distribution per
trip purpose in each combination. Please refer to Figure 3 for
the location of the cities in the Brazilian Southeast region.

Table 4 shows the percentage of tasks answered per sce-
nario of CR and HSR with and without AIR per trip purpose
(business or nonbusiness, noted as B and NB, respectively).

3.3. Models. We estimated several utility and regret-based
multinomial logit (MNL) models (RUM, CRRM, CPLW,
CPLGW, μRRM, μPLW, and μPLGW) for business and
nonbusiness purposes considering the attributes of each
alternative and the sociodemographic attributes to assess the
diferences between the choice behaviour approaches and
the stimulus perception in the attributes (time, cost, and
frequency) between the CR and the HSR technologies in
long-distance trips in Brazil.

For the μRMU model with the PLGW component (see
equation (8)), we estimated one model with generic μ and ϑ.
We estimated μ RMUmodels with generic and specifc scale
parameters for the attributes processed by the RRM ap-
proach, and fxed scale parameters of the attributes pro-
cessed by the RUM approach equal to 1 (μ � 1).

Table 1: Average speeds (kph) of the alternatives per level.

Level/alternative CAR BUS CR HSR AIR
Low 70 60 100 200 400
Medium 90 75 150 250 500
High 110 90 200 300 600
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RMUμPLGW
i � 􏽘

Ai∈A
􏽘
k∈K

μk∙ ln 1 + exp
βk

μk

·
xjk − xik

xik( 􏼁
ϑk

⎛⎝ ⎞⎠⎡⎢⎢⎣ ⎤⎥⎥⎦⎛⎝ ⎞⎠ + 􏽘 βkxik + εi. (8)

Te models were estimated for each railway technology
(HSR and CR) and trip purpose (business, B, and non-
business, NB), resulting in 28 models as for the 7 specif-
cations per technology and per trip purpose. Te fnal
models were specifed using the likelihood ratio test with
specifc and generic parameters for each attribute based on
equations (1), (3), and (5–7), except for the parameters
referring to the stimulus perception (ϑ) and the scale of
regret parameter (μ) which were set generic for cost, time,
and frequency for all alternatives. Te parameters were
estimated by likelihood maximization using Apollo package
[36] implemented in R [37]. Te railway alternatives are the
reference for the specifcation of the sociodemographic
parameters.

4. Results

4.1. Goodness-of-Fit. Te results of the estimates are pre-
sented in the following. Te fnal loglikelihood, likelihood
ratio (LR) test, adjusted ρ2, Akaike information criterion
(AIC) and Bayesian information criterion (BIC) of the

models estimated for the CR and HSR for business and
nonbusiness trips are shown in Table 5. Note that the results
of the LR test is greater than the χ2 statistic with 95%
confdence level and k degrees of freedom for all the models,
i.e., they explain the choices better than the models without
parameters.

Te estimations for the business trips by CR resulted in
maximum absolute diference between the RUM and the
remaining models equals 32.63 points of loglikelihood. Te
RRM approach does not improve the performance of the
models in any case, although the diference between the
RUM and the μRRM is only 3.11 points of loglikelihood.Te
PLW and PLGW also underperform compared to the RUM
with minimum and maximum diferences of 3.75 (μPLGW)
and 32.63 (CPLW) points of fnal loglikelihood, respectively.
Te values of the adjusted ρ2, AIC, and BIC follow the same
pattern in the models.

Te estimates of the HSR experiment for business trips
show that all the models outperformed the RUM, and the
μPLGW best performed compared to the others, with re-
spective minimum and maximum diferences of 6.09

Table 2: Formulation to estimate the levels of costs per alternative.

Alternative CAR BUS CR HSR AIR

Level (Distance∗/performance∗∗) _ petrol∗∗∗ +distance
. toll∗∗∗ Distance . fare∗∗∗

Low (d/10) . 2.5 + d . 0.125 d . 0.1814 d . 0.620 d . 0.676 d . 1.084
Medium (d/10) . 3.0 + d . 0.166 d . 0.2002 d . 0.804 d . 0.794 d . 1.285
High (d/10) . 3.5 + d . 0.220 d . 0.2918 d . 0.919 d . 0.984 d . 1.527
∗km; ∗∗km/liters; ∗∗∗BRL/km.

Escolha a cidade de onde você está respondendo este questionário.

- Clique no nome de apenas uma cidade e este será destacado por um quadro verde. Se quiser alterar, clique novamente no nome
e escolha outra cidade.
- Se a sua cidade não está apresentada na figura, clique em "NÃO ESTOU EM NENHUMA DESSAS CIDADES".

CONTINUAR>>

NÃO ESTOU EM
NENHUMA DESSAS CIDADES

Clique em "CONTINUAR>>" após a escolha.

(a)

Escolha um destino para onde você já tenha viajado a partir de Campinas.

- Clique no nome de apenas uma cidade e este será destacado por um quadro verde. Se quiser alterar, clique novamente no nome
e escolha outra cidade.
- Considere esta viagem ao responder as perguntas do questionário.
- Se você nunca viajou para nenhum dos destinos, clique em "NUNCA VIAJEI PARA NENHUM DESSES DESTINOS".

CONTINUAR>>

NUNCA VIAJEI PARA NENHUM
DESSES DESTINOS

Clique em "CONTINUAR>>" após a escolha.

(b)

Figure 5: Origin (a) and destination (b) choice example.
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(μRRM) and 17.0 (RUM) points of fnal loglikelihood with
two additional parameters. Te random regret models
(RRM) provided a good performance compared to the μ
PLGW, with maximum diference of 6.09 points of logli-
kelihood compared to the μRRM. Te CPLW, CPLGW, and
μPLW resulted in similar performance, whereas the mini-
mum diference is 9.54 points of loglikelihood comparing
the CPLGW and the μPLGW.Te adjusted ρ2, AIC, and BIC
also follow the results of the fnal loglikelihood.

Te measures of performance of the models for non-
business trips by CR show that the RUM also outperformed
the other models as in the case of the business trips, with
minimum and maximum diferences of 8.46 (CRRM) and
41.29 (CPLW) points of loglikelihood, respectively. All the
PLW and PLGWmodels underperformed compared to both
RUM and RRM models. Finally, the results for the HSR
experiments show that the models have similar perfor-
mance, except for the PLW models. Te RUM model best
performs compared to the others, with minimum and
maximum diferences of 1.46 (μPLGW) and 40.46 (CPLW)

points of fnal loglikelihood. Te RRM models have similar
performance and maximum diference of fnal loglikelihood
equals 2.06 (CRRM) compared to the RUM.Te PLGW also
have similar results and maximum diference of 1.73
(CPLGW) points of fnal loglikelihood compared to the
RUM. Te results for the adjusted ρ2, AIC, and BIC are also
similar to the results of the fnal loglikelihood in both CR and
HSR experiments.

4.2. Parameters

4.2.1. Business Trips. Tables 6–9 present the estimates of
parameters for business trips by CR and HSR. Te alter-
native specifc constants (ASCs) are positive for CAR and
BUS inmost of themodels (except for CAR in the μRRM and
the μPLGW of the HSR, though it is not signifcant at 95%
confdence level in the μPLGW). Conversely, they are
negative for AIR, showing that either CR or HSR is, in
general, preferable to AIR and less preferred than CAR and
BUS. Parameters related to travel time, cost, and frequency

Qual modo de transporte você escolheria para uma viagem entre Campinas e
Belo Horizonte?

(atenção para as alterações dos tempos de viagem, custos e frequências entre essa questão e as anteriores/posteriores)

CENÁRIO 2

AUTOMÓVEL
Tempo de Viagem: 6h05
Combustível: R$ 150,00

Pedágio: R$ 130,00

ÔNIBUS
Tempo de Viagem: 7h15

Passagem: R$ 120,00
Frequência: 6 horas

TREM DE ALTA
VELOCIDADE

Tempo de Viagem: 1h55
Passagem: R$ 460,00
Frequência:3 horas

check-in com 30 minutos
de antecedência

AVIÃO
Tempo de Viagem: 1h10

Passagem: R$ 750,00
Frequência: 6 horas

check-in com 1 hora
de antecedência

CONTINUAR>>

Belo
Horizonte

VitÓrla

Rio de
Janeiro

Sào Paulo

Campinas

Bauru

Figure 6: Example of choice task.

8 Journal of Advanced Transportation



Ta
bl

e
3:

D
es
cr
ip
tiv

e
st
at
ist
ic
s
of

th
e
so
ci
od

em
og
ra
ph

ic
ch
ar
ac
te
ri
st
ic
s
of

th
e
re
sp
on

de
nt
s
an
d
th
ei
r
ch
oi
ce
s.

A
ge

(%
)

≤1
8

[1
8.
25
]

[2
5.
30
]

[3
0.
35
]

[3
5.
40
]

[4
0.
45
]

[4
5.
50
]

[5
0.
55
]

[5
5.
60
]

>6
0

0.
2

12
.6

11
.0

15
.9

13
.4

13
.1

10
.0

10
.2

6.
9

6.
7

Em
pl
oy
m
en
ts
ta
tu
s(
%
)

Ye
s

N
o

55
.2

44
.8

H
ou

se
ho

ld
m
em

be
rs

(%
)

1
2

3
4

5
6

7
5.
7

24
.3

32
.1

21
.9

9.
5

3.
8

2.
8

H
ou

se
ho

ld
in
co
m
e
in

BR
L
(%

)
≤1

,5
00
>1

,5
00
≤
2,
50
0
>2

,5
00
≤
3,
50
0
>3

,5
00
≤
4,
50
0
>4

,5
00
≤
5,
50
0
>5

,5
00
≤
6,
50
0
>6

,5
00
≤
7,
50
0
>7

,5
00
≤
8,
50
0
>8

,5
00
≤
9,
50
0
>9

,5
00

10
.3

21
.4

26
.9

7.
8

4.
8

6.
4

5.
7

4.
0

2.
4

10
.3

D
ri
ve
r
lic
en
se

(%
)

Ye
s

N
o

70
.7

29
.3

O
ri
gi
n
(%

)
C
P

RJ
SP

V
I

BH
C
G

RP
IP

4.
7

27
.4

46
.0

1.
4

15
.7

1.
4

2.
9

0.
5

D
es
tin

at
io
n
(%

)
SP

RJ
V
I

IP
U
B

BH
RP

C
P

JF
BA

SJ
24
.8

26
.9

11
.4

1.
9

1.
2

15
.9

6.
7

8.
3

1.
9

0.
3

0.
7

M
od

e
ch
oi
ce

of
pe
rf
or
m
ed

tr
ip

(%
)

BU
S

C
A
R

A
IR

33
.4

33
.3

33
.3

Pu
rp
os
e
of

pe
rf
or
m
ed

tr
ip

(%
)

Bu
sin

es
s

N
on

bu
sin

es
s

48
.1

51
.9

Journal of Advanced Transportation 9



are negative in all the models as expected and most of them
are signifcant at 95% confdence level for the CRRM, PLW,
μRRM, and μPLW in the experiments of CR and HSR.
Exceptions are βAIRCO and βFR in the CRRM, βCRCO in the PLW,
βAIRCO and βFR in the μRRM, βTT, and βFR in the μPLW for the
CR experiment, and βFR in the PLGW and in the μ PLGW
for the HSR experiment.Te parameters referring to age and
income are mostly signifcant at 95% confdence level and
vary across the models and alternatives. However, in general,
older people with higher income are more likely to choose
cars instead of the other alternatives in business trips. It
should be noted that we do not intend to fnd the best model
over the combinations of attributes per alternative but
provide insights on the values and signifcance of the
attributes.

More importantly, the estimations of μ and ϑ provided
interesting results. For the μ, all the parameters are positive
and signifcant at 95% confdence level (except by the μRRM
and μPLW models in the CR experiment), whereas for the
HSR experiment, the values are higher than 1.00 (minimum
of 1.325 and maximum of 2.183), which means that in-
dividuals address equal importance to gains and losses in the
level of service attributes.

In the case of ϑ for the CR experiments, the values are all
negative against the expectations because the range of ϑ
should be between 0 and 1; however, they are not signif-
icant at 95% confdence level. For the HSR experiment, the
results show positive and signifcant values to such pa-
rameters. It means that stimulus perception afects mode
choice in high-speed rail services and not in conventional
rail. In both cases the parameter values are around 0.3,
indicating individuals perceive diferent degrees of regret of
each alternative [16].

4.2.2. Nonbusiness Trips. Tables 10–13 present the values of
the estimated parameters for nonbusiness trips by CR and
HSR. In suchmodels, the ASCs are also positive for CAR and
BUS, and negative for AIR (except the negative value for
CAR in the PLGW of the CR, though it is not signifcant at
95% confdence level), showing that CR and HSR are more
likely to be chosen than AIR, but less preferred than CAR
and BUS in nonbusiness long-distance trips.

Parameters related to travel time, cost, and frequency are
negative in all the models, except by the βTT and βCARCO of the
PLGW and the βTT of the μPLGW in the CR experiment
which were not signifcant. Te estimations that are not
signifcant at 95% confdence level refer to the βTT and βAIRCO
of the PLW and the μPLW, and the βCO for the CR ex-
periment; for the HSR experiment, the βTT, βCO of the
PLGW and the μPLGW, the βCARCO of the CRRM, PLGW,

μRRM, μPLW, and μPLGW, and the βCARCO of the PLGW,
μPLW, and μPLGW are not signifcant at 95% level of
confdence.

Te sociodemographic attributes are mostly negative
and signifcant at 95% confdence level for age and income,
except for the age parameters of AIR, which are positive and
suggest that older people are more likely to travel by air-
planes instead of railways in nonbusiness trips.

Te estimations of μ and ϑ also provide interesting re-
sults. For the μ, all the parameters are positive and signifcant
at 95% confdence level. For the CR experiment, the esti-
mations are approximately equal to 1.00 (minimum of 0.882
andmaximum of 1.045) showing that individuals, in general,
address equal importance to gains and losses in travel times.
Te HSR experiments resulted in values of μ lower than 1.00
(minimum of 0.390 and maximum of 0.913) such that in-
dividuals impose more regret in these cases, especially in the
μ PLW.

In the case of ϑ for the CR experiments, the values are all
positive, signifcant at 95% confdence level and greater than
one; however, these values are against the expectations
because they should vary between 0 and 1. Although we did
not impose constraints in the estimation procedures to
guarantee the correct range for this parameter, these models
should not be used to estimate the choice probabilities
because they would provide biased results. For the HSR
experiment, the results are positive but not signifcant. It
means that stimulus perception does not afect mode choice
in CR and HSR services in the context of nonbusiness trips.

4.3. Discussion. Our research adds a Global South per-
spective to the analyses of new railway services. Several
studies have found the relevant attributes that afect the rail
mode choice in diferent markets [38]. Koppelman andWen
[39] concluded that travel time is the most important mode
choice determinant by car, train, and air transport serving
the connection between Toronto and Montreal. Te HSR
choice between Madrid and Barcelona is essentially afected
by fare, travel time, frequency, and trip purpose [40], while
fare is the most important mode choice attribute in the
Seoul–Daejon market [41]. In Chile, a hypothetical HSR
service between Santiago and Concepción is mostly afected
by fare, travel time, and service delay [42].

In this paper, we found models where travel time, cost,
and frequency are attributes that afect the mode choice
when railway services are supposedly available to Brazilian
travelers, for business and nonbusiness purposes in both
high-speed or conventional rail markets. In addition, our
fndings show that elderly users performing business trips
are, in general, less likely to choose rail options over their

Table 4: Summary of tasks answered per choice set combination.

Choice
set combination

SC1 SC2 SC3 SC4

Purpose B NB Total B NB Total B NB Total B NB Total
Tasks 729 549 1278 639 603 1242 612 648 1260 711 729 1440
Percentage 14.0 10.5 24.5 12.2 11.6 23.8 11.7 12.4 24.1 13.6 14.0 27.6
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Table 6: Estimates of the CRRM, PLW, and PLGW for business purpose of the CR experiment.

Parameters
MNL CRRM PLW PLGW

Est. s.e. t rat. Est. s.e. t rat. Est. s.e. t rat. Est. s.e. t rat.
ASCCAR 0.87 0.33 2.64∗ 0.26 0.27 0.94 3.03 0.83 3.66∗ 0.15 0.28 0.550
ASCBUS 0.61 0.23 2.64∗ 0.65 0.20 3.28∗ 2.52 0.66 3.82∗ 0.62 0.19 3.30∗
ASC AIR −2.11 0.38 −5.50∗ −3.76 0.34 −11.06∗ −1.85 0.40 −4.67∗ −3.52 0.39 −9.06∗

βTT −0.01 0.00 −4.14∗ 0.00 0.00 −6.02∗ −0.91 0.54 −1.69 0.00 0.00 −0.71
βCO −0.03 0.01 −1.86 0.00 0.00 −5.18∗ −2.09 0.52 −4.02∗ −0.01 0.01 −1.15
βCRCO −0.01 0.00 −4.40∗ 0.00 0.00 −5.12∗ −0.06 0.09 −0.69 0.00 0.00 −0.79
βAIRCO 0.00 0.00 −5.07∗ 0.00 0.00 −0.74 −0.87 0.28 −3.15∗ 0.00 0.00 −0.76
βFR 0.00 0.00 −0.64 −0.02 0.01 −1.45 −0.09 0.06 −1.55 0.00 0.00 −0.69
βAGE2 0.35 0.19 1.84 0.31 0.19 1.63 0.38 0.19 2.00∗ 0.32 0.19 1.69
βAGE

CAR
2 −0.81 0.25 −3.17∗ −0.97 0.25 −3.83∗ −0.73 0.26 −2.83∗ −0.97 0.25 −3.85∗

βAGE3 −0.32 0.19 −1.65 −0.31 0.19 −1.62 −0.31 0.19 −1.65 −0.31 0.19 −1.60
βINC2 −0.33 0.19 −1.70 −0.30 0.19 −1.56 −0.19 0.19 −0.98 −0.30 0.19 −1.56
βINC3 −0.37 0.20 −1.80 −0.33 0.20 −1.59 −0.18 0.22 −0.82 −0.32 0.20 −1.56
βINC

CAR
3 0.18 0.24 0.76 0.20 0.24 0.83 0.26 0.24 1.08 0.20 0.24 0.83

ϑ −0.18 0.21 −0.85
∗Signifcant at 95% level of confdence.

Table 7: Estimates of the μRRM, μPLW, and μPLGW for business purpose of the CR experiment.

Parameters
muRRM muPLW muPLGW

Est. s.e. t rat. Est. s.e. t rat. Est. s.e. t rat.
ASCCAR 0.67 0.31 2.19∗ 1.01 0.68 1.48 −0.95 0.41 −2.32∗
ASCBUS 0.61 0.20 3.06∗ 0.38 0.23 1.69 0.61 0.19 3.24∗
ASC AIR −2.36 0.81 −2.90∗ −0.43 0.69 −0.63 −3.17 0.56 −5.68∗
βTT 0.00 0.00 −6.69∗ −0.45 0.30 −1.52 0.00 0.00 −0.57
βCO 0.00 0.00 −4.78∗ −1.81 0.38 −4.72∗ 0.00 0.00 −0.63
βCRCO 0.00 0.00 −5.42∗ −0.76 0.20 −3.77∗ 0.00 0.00 −0.61
βAIRCO 0.00 0.00 −0.81 −0.88 0.31 −2.86∗ 0.00 0.00 −0.41
βFR −0.02 0.01 −1.40 −0.10 0.08 −1.22 −0.01 0.01 −1.03
βAGE2 0.34 0.19 1.78 0.39 0.19 2.09∗ 0.32 0.19 1.68
βAGE

CAR
2 −0.77 0.27 −2.81∗ −0.67 0.25 −2.66∗ −0.88 0.25 −3.48∗

βAGE3 −0.32 0.19 −1.67 −0.36 0.19 −1.91 −0.30 0.19 −1.58
βINC2 −0.29 0.19 −1.52 −0.21 0.19 −1.09 −0.30 0.19 −1.56
βINC3 −0.32 0.21 −1.56 −0.21 0.20 −1.05 −0.31 0.20 −1.54
βINC

CAR
3 0.23 0.24 0.97 0.25 0.24 1.07 0.19 0.24 0.81

μ 0.34 0.31 1.09 0.27 0.17 1.57 0.92 0.17 5.24∗
ϑ −0.35 0.26 −1.31
∗Signifcant at 95% level of confdence.

Table 8: Estimates of the CRRM, PLW, and PLGW for business purpose of the HSR experiment.

Parameters
CRRM PLW PLGW

Estimate s.e. t.rat. (0) Estimate s.e. t.rat. (0) Estimate s.e. t.rat. (0)
ASCCAR 0.26 0.20 1.30 0.68 0.29 2.35∗ 0.57 0.25 2.30∗
ASCBUS 0.27 0.19 1.41 −0.25 0.33 −0.74 0.34 0.23 1.49
ASCAIR −0.28 0.23 −1.19 −0.59 0.29 −2.08∗ −0.48 0.26 −1.87
βTT 0.00 0.00 −6.01∗ −1.44 0.34 −4.25∗ −0.03 0.02 −1.17
βFR −0.03 0.01 −2.95∗ −0.14 0.06 −2.35∗ −0.06 0.02 −2.44∗
βCO 0.00 0.00 −3.83∗ −1.31 0.24 −5.36∗ −0.01 0.01 −1.08
βAGE2 0.69 0.18 3.92∗ 0.61 0.18 3.41∗ 0.67 0.18 3.80∗

βAGE
CAR
2 −0.78 0.23 −3.34∗ −0.87 0.24 −3.68∗ −0.78 0.23 −3.33∗

βAGE
CAR
3 −1.14 0.29 −3.93∗ −1.16 0.29 −3.97∗ −1.14 0.29 −3.93∗

βAGE
BUS
3 0.85 0.22 3.98∗ 0.84 0.22 3.85∗ 0.88 0.22 4.09∗

βAGE
AIR
3 −0.01 0.31 −0.04 0.01 0.32 0.02 −0.01 0.31 −0.03

βINC2 −0.70 0.17 −4.23∗ −0.72 0.17 −4.29∗ −0.69 0.17 −4.16∗

βINC
AIR
2 −0.22 0.25 −0.88 −0.23 0.26 −0.91 −0.23 0.25 −0.93

βINC3 −1.08 0.22 −4.92∗ −1.18 0.22 −5.27∗ −1.08 0.22 −4.91∗
βINC

CAR
3 −1.80 0.31 −5.89∗ −1.86 0.31 −6.03∗ −1.81 0.31 −5.90∗

ϑ 0.36 0.13 2.79∗
∗Signifcant at 95% level of confdence.
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alternatives. In nonbusiness trips, older users show diferent
behaviour, preferring air travel over rail counterparts in
some cases. Moreover, individuals with higher income are,
in general, less likely to choose alternatives to driving when
on business trips. Yet, they are more willing to choose
railways in nonbusiness trips.

Te estimations suggest that travelers are more sensitive
to travel time in HSR than CR for business and nonbusiness
trips. On the other hand, lower frequency (i.e., greater

interval between trains) afects the choices for HSR more
than CR either for business or nonbusiness trips. Cost at-
tributes depend on the model and shows that individuals are
more sensible to costs of private vehicle and fare of bus and
air transport when HSR is available for nonbusiness trips.
However, the estimations show that travelers are equally
sensible to costs when CR is available either for business or
nonbusiness trips. Such fndings are in line with the evidence
found in the aforementioned research.

Table 9: Estimates of the μRRM, μPLW, and μPLGW for business purpose of the HSR experiment.

Parameters
μRRM μPLW μPLGW

Estimate s.e. t.rat. (0) Estimate s.e. t.rat. (0) Estimate s.e. t.rat. (0)
ASCCAR −0.70 0.35 −2.01∗ 0.75 0.30 2.50∗ −0.33 0.37 −0.87
ASCBUS 0.36 0.20 1.85 −0.09 0.36 −0.24 0.53 0.24 2.27∗
ASC AIR −0.17 0.24 −0.73 −0.76 0.31 −2.49∗ −0.56 0.29 −1.98∗
βTT 0.00 0.00 −6.38∗ −1.90 0.44 −4.36∗ −0.03 0.02 −1.79
βFR −0.03 0.01 −2.94∗ −0.13 0.06 −2.33∗ −0.06 0.02 −2.72∗
βCO 0.00 0.00 −4.33∗ −1.51 0.27 −5.53∗ −0.02 0.01 −1.75
βAGE2 0.69 0.18 3.88∗ 0.62 0.18 3.44∗ 0.65 0.18 3.63∗

βAGE
CAR
2 −0.92 0.24 −3.78∗ −0.90 0.24 −3.79∗ −0.92 0.24 −3.76∗

βAGE
CAR
3 −1.36 0.30 −4.50∗ −1.24 0.30 −4.13∗ −1.41 0.30 −4.63∗

βAGE
BUS
3 0.84 0.22 3.88∗ 0.86 0.22 3.89∗ 0.85 0.22 3.91∗

βAGE
AIR
3 −0.08 0.32 −0.25 −0.01 0.32 −0.03 −0.10 0.32 −0.32

βINC2 −0.67 0.17 −4.04∗ −0.70 0.17 −4.17∗ −0.65 0.17 −3.90∗

βINC
AIR
2 −0.20 0.25 −0.77 −0.23 0.26 −0.89 −0.22 0.26 −0.84

βINC3 −1.05 0.22 −4.74∗ −1.17 0.23 −5.16∗ −1.04 0.22 −4.65∗
βINC

CAR
3 −1.78 0.31 −5.69∗ −1.85 0.31 −5.95∗ −1.78 0.31 −5.67∗

μ 2.052 0.30 6.92∗ 1.325 0.19 7.17∗ 2.183 0.29 7.51∗
ϑ 0.353 0.09 4.10∗
∗Signifcant at 95% level of confdence.

Table 10: Estimates of the CRRM, PLW, and PLGW for nonbusiness purpose of the CR experiment.

Parameters
CRRM PLW PLGW

Estimate s.e. t.rat. (0) Estimate s.e. t.rat. (0) Estimate s.e. t.rat. (0)
ASCCAR 0.22 0.29 0.75 −1.00 0.25 −4.00∗ −0.24 0.20 −1.20
ASCBUS 0.76 0.25 3.02∗ 0.22 0.24 0.92 1.06 0.19 5.55∗
ASCAIR −2.55 0.33 −7.73∗ −2.00 0.37 −5.36∗ −1.04 0.30 −3.51∗
βTT 0.00 0.00 −4.98∗ 0.04 0.06 0.70 3.38 2.76 1.22
βFR −0.03 0.01 −2.82∗ −0.21 0.07 −2.97∗ −0.87 0.47 −1.86
βCO 0.00 0.00 −4.32∗ 0.00 0.00 −1.62 0.01 0.00 3.99∗

βCARCO −0.01 0.00 −5.79∗ −0.01 0.00 −3.15∗ 0.03 0.08 0.32
βAIRCO 0.00 0.00 −3.06∗ 0.00 0.00 −0.61 0.01 0.00 4.51∗
βAGE2 −0.58 0.19 −2.99∗ −0.50 0.19 −2.60∗ −0.49 0.19 −2.58∗
βAGE

AIR
2 0.41 0.31 1.32 0.47 0.31 1.50 0.50 0.31 1.61

βAGE3 −0.69 0.21 −3.29∗ −0.73 0.21 −3.58∗ −0.65 0.20 −3.17∗
βAGE

AIR
3 0.12 0.31 0.38 0.20 0.30 0.67 0.20 0.30 0.69

βINC2 −0.36 0.18 −2.00∗ −0.29 0.18 −1.60 −0.31 0.18 −1.74
βINC3 −0.58 0.21 −2.71∗ −0.49 0.21 −2.34∗ −0.52 0.21 −2.47∗
βINC

AIR
3 −0.05 0.27 −0.19 −0.04 0.26 −0.15 −0.04 0.27 −0.15

ϑ 2.08 0.36 5.75∗
∗Signifcant at 95% level of confdence.
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Table 11: Estimates of the μRRM, μPLW, and μPLGW for nonbusiness purpose of the CR experiment.

Parameters
μRRM μPLW μPLGW

Estimate s.e. t.rat. (0) Estimate s.e. t.rat. (0) Estimate s.e. t.rat. (0)
ASCCAR 0.23 0.37 0.62 0.35 0.37 0.93 0.17 0.37 0.45
ASCBUS −0.52 0.32 −1.61 0.32 0.33 0.98 0.18 0.32 0.56
ASCAIR −2.95 0.35 −8.45∗ −1.87 0.60 −3.13∗ −1.09 0.33 −3.34∗
βTT 0.00 0.00 −4.24∗ −0.15 0.22 −0.69 2.14 1.72 1.24
βFR −0.03 0.01 −2.70∗ −0.19 0.07 −2.81∗ −0.72 0.37 −1.94
βCO 0.00 0.00 −3.65∗ 0.00 0.00 0.58 −0.02 0.00 −6.13∗

βCARCO −0.01 0.00 −4.89∗ −0.01 0.01 −1.74 −0.03 0.03 −1.25
βAIRCO 0.00 0.00 −2.44∗ 0.00 0.00 −0.27 −0.01 0.00 −2.50∗
βAGE2 −0.73 0.21 −3.58∗ −0.65 0.20 −3.30∗ −0.68 0.20 −3.44∗
βAGE

AIR
2 0.50 0.32 1.60 0.50 0.33 1.55 0.65 0.31 2.08∗

βAGE3 −0.87 0.22 −4.01∗ −0.84 0.21 −4.06∗ −0.91 0.21 −4.37∗
βAGE

AIR
3 0.15 0.31 0.50 0.27 0.31 0.87 0.25 0.30 0.81

βINC2 −0.28 0.19 −1.50 −0.22 0.18 −1.19 −0.26 0.18 −1.40
βINC3 −0.72 0.22 −3.27∗ −0.59 0.21 −2.75∗ −0.61 0.21 −2.87∗
βINC

AIR
3 −0.03 0.27 −0.10 −0.01 0.27 −0.03 0.03 0.27 0.11

μ 0.882 0.08 10.57∗ 0.00 0.00 0.00 1.045 0.13 8.16∗
ϑ 1.97 0.32 6.14∗
∗Signifcant at 95% level of confdence.

Table 12: Estimates of the CRRM, PLW, and PLGW for nonbusiness purpose of the HSR experiment.

Parameters
CRRM PLW PLGW

Estimate s.e. t.rat. (0) Estimate s.e. t.rat. (0) Estimate s.e. t.rat. (0)
ASCCAR 0.47 0.26 1.80 3.44 1.37 2.52∗ 0.65 0.36 1.80
ASCBUS −0.23 0.23 −1.01 0.62 0.36 1.71 −0.22 0.24 −0.92
ASC AIR −1.57 0.38 −4.14∗ 0.00 1.02 0.00 −1.66 0.43 −3.86∗
βTT 0.00 0.00 −4.27∗ −1.60 0.35 −4.55∗ −0.01 0.01 −1.04
βFR −0.04 0.01 −4.18∗ −0.19 0.06 −3.20∗ −0.05 0.02 −2.78∗

βCO 0.00 0.00 −3.37∗ −0.45 0.24 −1.85 0.00 0.00 −1.05
βCARCO −0.01 0.00 −7.38∗ −2.32 0.78 −2.98∗ −0.01 0.01 −1.12
βAIRCO 0.00 0.00 −1.22 −1.09 0.48 −2.26∗ 0.00 0.00 −0.81
βAGE2 −0.09 0.16 −0.53 −0.05 0.16 −0.33 −0.08 0.16 −0.51
βAGE

AIR
2 0.56 0.24 2.34∗ 0.51 0.24 2.15∗ 0.56 0.24 2.32∗

βAGE3 −0.41 0.19 −2.10∗ −0.47 0.19 −2.47∗ −0.41 0.19 −2.09∗
βINC2 −0.20 0.17 −1.22 −0.17 0.17 −1.00 −0.21 0.17 −1.24
βINC3 −0.21 0.18 −1.15 −0.12 0.19 −0.63 −0.21 0.18 −1.17
βINC

CAR
3 −1.20 0.25 −4.71∗ −1.14 0.25 −4.58∗ −1.19 0.25 −4.69∗

μ
ϑ 0.13 0.15 0.84
∗Signifcant at 95% level of confdence.
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5. Conclusions

Tis paper investigates the stimulus perception to variations
in the levels of the attributes of diferent railway services
(conventional rail and high-speed rail) compared to other
alternatives (bus, car, and air transport) in long-distance
trips in Brazil. We provide evidence on the potential efects
of the diferences between the travel times of several al-
ternatives for passenger transport between the largest cities
in Southeast Brazil using data of a stated preference survey.

Our research contributes to mode choice literature by
providing an overview of the efects of attributes and
sociodemographic variables using diferent travel behaviour
theories and models. Tis can ofer valuable insights into the
discussion on how the diferences in the weighting of the
attributes between alternatives may afect mode choice.

When comparing random utility maximization with
extensions of the random regret minimization approaches,
our fndings show that the RUMmodels best perform inmost
of the cases. However, the diferences in their fnal loglike-
lihood are not high (varying from 17.0 in the HSR experiment
for business trips to 41.29 in the CR experiment for non-
business purpose). Regardless of these diferences, it should be
noted that the main goal of this research was to assess the
stimulus perception of users considering both railway tech-
nologies rather than fnding the best model for predictions. In
this sense, we point out that users are afected by the mag-
nitude of travel costs, time, and frequency in business trips by
HSR in the Brazilian context.

Tis research could be further extended in several directions.
More research should look into the estimation of models
considering other behavioural theories such as the decision feld
[43], quantumchoicemodels [44], Bayesian belief networks [45],
and also with the use of artifcial intelligence techniques. Finally,
suchmodels may be used in the appraisal of new railway lines in
countries of Global South with similar sociodemographic
characteristics to shape future networks comprising diferent
services in terms of speed, frequency, and vehicle layout. Tis

would require further investigations on costs and benefts of
conventional and high-speed railway systems and implementing
network design models through optimization and simulation.

Despite the insights provided by the data and models
about new railway services in Southeast Brazil, the research
has a few shortcomings that are worth to be addressed. First,
the dataset refers to a survey carried out in 2013 and may
refect a few diferences over the choices for long-distance
trips in Brazil; however, new railway services for such pur-
poses have not been implemented in the time span between
the survey and the current application of the data, and the
overall sociodemographic conditions of the population did
not change signifcantly over the past few years.Moreover, the
other models comprising diferent approaches other than
discrete choice (e.g., by means of artifcial intelligence tech-
niques such as neural networks) would be used.

Finally, we argue that the conclusions brought by the
dataset and models presented herein are valid to collaborate
for policy making in the long term for the Brazilian railway
market. For example, measures of performance, such as
value of travel time by diferent railway technologies would
be useful in project analysis.
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Table 13: Estimates of the μRRM, μPLW, and μPLGW for nonbusiness purpose of the HSR experiment.

Parameters
μRRM μPLW μPLGW

Estimate s.e. t.rat. (0) Estimate s.e. t.rat. (0) Estimate s.e. t.rat. (0)
ASCCAR 0.53 0.34 1.57 6.03 6.30 0.96 0.76 0.38 2.00∗
ASCBUS −0.23 0.23 −1.03 −0.15 0.35 −0.43 −0.24 0.24 −1.00
ASC AIR −1.58 0.38 −4.13∗ 3.60 3.14 1.15 −1.67 0.42 −3.97∗
βTT 0.00 0.00 −4.31∗ −0.83 0.32 −2.55∗ 0.00 0.00 −0.99
βFR −0.04 0.01 −4.17∗ −0.24 0.10 −2.47∗ −0.05 0.02 −2.70∗

βCO 0.00 0.00 −3.40∗ −0.73 0.21 −3.52∗ 0.00 0.00 −1.00
βCARCO −0.01 0.00 −6.89∗ −4.04 3.18 −1.27 −0.01 0.01 −1.07
βAIRCO 0.00 0.00 −1.20 −2.78 1.53 −1.82 0.00 0.00 −0.76
βAGE2 −0.09 0.16 −0.52 −0.06 0.16 −0.40 −0.08 0.16 −0.50
βAGE

AIR
2 0.56 0.24 2.34∗ 0.52 0.24 2.17∗ 0.57 0.24 2.36∗

βAGE3 −0.41 0.19 −2.10∗ −0.49 0.19 −2.55∗ −0.40 0.19 −2.08∗
βINC2 −0.20 0.17 −1.21 −0.16 0.17 −0.96 −0.20 0.17 −1.19
βINC3 −0.21 0.18 −1.14 −0.12 0.19 −0.66 −0.20 0.18 −1.12
βINC

CAR
3 −1.19 0.25 −4.70∗ −1.15 0.25 −4.59∗ −1.18 0.25 −4.66∗

μ 0.91 0.32 2.85∗ 0.39 0.16 2.49∗ 0.79 0.28 2.79∗
ϑ 0.11 0.15 0.71
∗Signifcant at 95% level of confdence.
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