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ABSTRACT

Based on stated preference (SP) survey data from Santiago metro system, this
thesis analyzes the influence of congestion on passengers’ perceived travel time.
The survey data includes 413 respondents’ socioeconomic characteristics, as
well as their decisions in each choice scenario (2,461 valid in total), where both
options may have a varied journey duration, crowding level, and whether or
not a seat is available. Discrete choice models such as multinomial logit (MNL),
mixed multinomial logit (MMNL), and latent class logit (LCL) are estimated in
both preference space and crowding multiplier space (CM-space). The findings
reveal that passengers are willing to accept longer travel times in exchange for
less crowded conditions and there is significant heterogeneity in the amount of
willingness throughout the population. Specifically, crowding is viewed as a
negative factor by metro users, represented as a perceptional weight on travel
time that may reach a value of 1.5-1.7 for sitting and 1.9-2.2 for standing at a den-
sity of 6 standees per square meter. Moreover, crowding levels in the SP survey
are represented using three distinct forms (text, 2D diagram, or photo), but no
significant impact of the varied forms of representation on crowding perception
is discovered. The results also show that utilizing a smartphone has a signifi-
cant impact on decreasing passengers’ perceived congestion levels when they
have to stand throughout the journey. There is also an international comparison
with prior research from Seoul, New York, Sweden, Tle-de-France, London and
the South East of England, and Netherlands.

Keywords: Choice modeling, Discrete choice model, Random parameters,

Parametric heterogeneity, Crowding multiplier, Standing multiplier
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CHAPTER 1
INTRODUCTION

1.1 Literature Review

The complicated character of the crowding issue drew considerable attention in
the area of psychology as early as the 1970s [24][34]. Daniel Stokols [48], a psy-
chologist, believes, the word “crowding” includes both objective and subjective
components. The number of individuals per unit of space is used to quantify
objective crowding, while subjective crowding refers to a person’s felt state of
mind that may develop when there is a large discrepancy between anticipated
and actual interpersonal distance [6]. As a result, when physical space becomes
too restricted, one of the most important aspects of subjective crowding is the
“felt loss of behavioral flexibility and privacy” [44]. Furthermore, crowding
externalities have a detrimental impact on public transportation performance.
Crowding, for example, may result in sluggish boarding, which increases travel
time and decreases travel time reliability, or security problems such as tram-
pling, which endangers passengers’ safety [49]. As a result, Strategic consulting
company Sinclair Knight Merz (SKM) [47] has identified four major crowding
effects: in-vehicle crowding, platform congestion, excessive waiting time, and
extended dwell time. The primary concern of this thesis, however, is in-vehicle

crowding impact. !

In-vehicle crowding is a situation in which a large number of passengers
occupy the majority of the space in a vehicle, causing passengers to be uncom-

fortable. In-vehicle crowding discomfort, in the context of public transportation,

!Unless otherwise stated, crowding in the following discussion refers to in-vehicle crowding.



is an individual’s subjective feeling of discomfort when confronted with a high
density of people on public vehicles such as buses and metros. It may not only
cause bodily and emotional pain for the passenger, but it may also lead to a
sense of uneasiness over life and property [16][18]. As a result, congestion has
a substantial impact on passengers’ travel route and mode selection. Given the
subjective impact on passengers’ feelings, crowding level is therefore the third
explanatory variable in determining passenger mode choice after trip price and
duration. How much more travel time is a passenger ready to accept in ex-
change for less crowding? What is the marginal rate of substitution between

trip time and crowding level, in other words?

Crowding multipliers [55] may be utilized to answer the questions. The idea
of crowding multipliers is straightforward: the value of travel time for passen-
gers in crowded and uncrowded situations differs. In other words, crowding
multipliers reflect the perceived in-vehicle times of passengers. Because pas-
sengers’ perceived in-vehicle time in a packed state should be greater than in
a less packed condition given the same actual travel time, travel time reduc-
tions in crowded situations have greater value than travel time reductions in
less crowded situations. As a result, they may reflect the real time-based value

of journey time in congested situations.

For more than a decade, crowding valuation has been a hotly debated aca-
demic issue. Crowding valuation studies have been conducted in the UK
[55][56], Bogota [26], Paris [27], [le-de-France [35], Sydney [28], Mumbai [7], Los
Angeles [54], New York [5], Singapore [51], Sweden [13], Seoul[46], Netherlands
[58], Hong Kong [30], Santiago [10][9][50], etc. The majority of studies estimated

crowding multipliers using a multinomial logit (MNL) model, while some used



a mixed multinomial logit (MMNL?) model to account for unobserved prefer-
ence heterogeneity. Normal distribution [56], triangular distribution [7], and
lognormal distribution [50] were employed in the mixed logit models. Recent
research has also argued against employing a parametric distribution in a mixed
logit model. Bansal et al. [5] utilized the semi-nonparametric logit model, which
includes the logit-mixed logit (LML) model and the mixture-of-normals MNL
(MON-MNL) model, to quantify the preference difference in passengers in a

more flexible manner.

1.2 Background information

In Santiago, Chile, crowding on public transportation is a frequent occurrence.
Its city-wide integrated public transportation system, known as Red Metropoli-
tana de Movilidad [43][8] (English: Metropolitan Mobility Network; named
Transantiago until March 2019), was inaugurated in February 2007. Local
(feeder) bus routes, major bus lines, and the Metro (subway) network are all
part of the system. It has an integrated pricing system that enables customers to
move from bus to bus, metro to bus or metro to train on a two-hour time limit
from the first trip (maximum of two changes) for the price of one ticket by using
a single contactless smart card called ”Bip! card”. Bus-to-metro transfers costs
0.03 USD during Horario Valle (English: low-use hours) and 0.12 USD during

Horario Punta (English: rush hour). 3

Transantiago’s implementation has been difficult, since the reduced bus fleet

and new routes have been insufficient to effectively service the population. The

2The acronym ML is also often used.
3Source: Red Metropolitana de Movilidad Official site


http://www.red.cl/

most common criticisms include a shortage of buses and irregular frequencies,
a lack of or inadequate infrastructure (such as segregated lanes, prepaid areas,
and bus stops), the network’s coverage, and the number of transfers required
for longer journeys. As a consequence, the Metro has become congested [25][8],
reaching 6 standees per square meter or more during peak hours. This elicited a
wide range of behavioral reactions from users, ranging from changing means of
transportation (there has been an increase in automobile and bicycle usage) to
route choices that, under normal crowding circumstances, would be character-
ized as counter-intuitive or illogical [45]. For example, customers may choose
longer routes in order to improve their chances of getting a seat on the train, or
they may choose not to join a train or bus because it is deemed overcrowded
[50]. Therefore, understanding the relationship between crowding and passen-
ger’s travel choice is essential. It is important not only for the planning of new
public transportation services, but also for the management of existing routes
and services and the cost-benefit analysis of policy interventions aimed at re-

ducing crowding levels, either directly or indirectly [50].

1.3 Contributions

This thesis makes three contributions. First, based on stated preference (SP) sur-
vey data, this thesis constructs a multinomial logit model in preference space to
examine passengers’ choice of public transportation, with crowding level being
one of the most relevant explanatory characteristics. The SP survey data origi-
nates from a survey created on the Qualtrics online survey platform. The poll,
which began in September 2014 and finished in October 2014, was conducted

in two ways: online and in person. There were 413 total respondents that com-



pleted the poll (210 online surveys and 203 face-to-face surveys). The survey’s
specifics are covered in Chapter 2. In addition to the fundamental multinomial
logit model, the thesis investigates the impact of various crowding level dis-
play forms on passengers’ perceived crowding level. There are three presenting
formats: 2D schematics of public transportation carriages (bird’s eye view), im-
ages shot inside public transportation carriages, and text. Whelan and Crockett
[56], Batarce, Munoz, and Ortuzar [9] depicted the amount of crowding in the
form of photographs. Crowding is defined as the likelihood of occurrence by
Lu, Fowkes, and Wardman [39], while Li, Gao, and Tu [37] explain and illus-
trate various crowding levels in the form of colors. Tirachini et al. [50] utilized
three distinct forms to describe congestion levels and stated that the varied pre-
sentation styles had no meaningful influence on passengers’ route and mode
choice. Moreover, this thesis analyzes the effect of various smartphone use on

respondents’ perceived crowding level.

Second, this thesis employs mixed multinomial logit and latent class logit
models in preference space to account for unobserved preference heterogeneity.
The MMNL model makes the assumption that the parameters have a lognor-
mal distribution. Even though the lognormal distribution may misspecify the
underlying mixing density, it has the virtue of being analytically tractable and
produce a decent estimate of crowding multipliers when the median value is
used. Sociodemographic factors like gender, wealth, age, car ownership, occu-
pation and number of metro trips per week are taken into account in the LCL

model.

Finally, crowding multipliers (CM) and standing multipliers (SM) of MNL

and MMNL models when passengers are sitting or standing are calculated.



These models are re-estimated in CM-space, which directly offer the crowd-
ing multipliers (similar as WTP-space). Furthermore, a worldwide comparison
of CM and SM is carried out across seven cities or regions, including Santiago,
Seoul, New York, Sweden, London and the South East (SE) of England, Tle-de-

France, and Netherlands.



CHAPTER 2
DATA ANALYSIS

This chapter provides a thorough description of the survey data. The survey
included respondents’ background and socioeconomic characteristics (e.g. race,
gender, age, income, occupation and car ownership), metro usage, smartphone
availability and use, crowding perception, crowding description, and Stated
preference (SP) data. The details are illustrated in Section 2.1, 2.2, 2.3, 2.4, 2.5,

2.5, respectively.

2.1 Background and socioeconomic characteristics

The survey includes information on respondents’” background and socioeco-
nomic variables such as gender, age, education level, automobile and smart-
phone ownership, income, etc. As indicated in Figure D.1, 47.2 percent of re-
spondents are female, while 52.8 percent are male. In terms of age distribution,
Figure D.2 demonstrates that the majority of respondents are under the age of
50. Figure D.3 shows that 35.8 percent of respondents have a middle school ed-
ucation and 30.3 percent have a bachelor’s degree. Figure D.4 and Figure D.5
demonstrate that 62.2% of respondents own vehicles and 69.2% possess smart-
phones, respectively. Figure D.6 and Table C.1 depict the income distribution.
64.0% respondents have an income lower than 800 $, however, the respondent

with an income larger than 1500 $ also takes up to 18.9%.



2.2 Metro Usage

This section discusses the respondents’” use of public transportation. Figure
D.7 shows the association between automobile ownership and the number of
weekly metro journeys. It may be inferred that if a respondent has a vehicle, he
or she is more likely to make less metro journeys, compared with other respon-

dent who does not own a vehicle.

The link between average travel time and auto ownership is shown in Figure
D.8. Unfortunately, there is no discernible trend, i.e., journey time is unrelated

to auto ownership.

Another factor to consider is the form of transportation, i.e., is the journey
completed solely by metro or combined with bus? Figure D.9 indicates that
53.3 percent of journeys include just the metro, whereas 37 percent use both the
metro and the bus. The association between travel time and trip type is shown

in Figure D.10.

2.3 Smartphone availability and use

In this part, the population consists only of respondents who own a smartphone.
Figure D.11 reveals that 35% of respondents use their cellphones during the
route and 24% use their cellphones for the bulk of the travel. Only 18.5 per-
cent of respondents never use their smartphone when traveling. Respondents
are then presented with a range of scenarios, and their reactions are recorded
in Figure D.12. According to the survey, most respondents prefer to use their

smartphone even on a short journey; however, no significant difference is dis-



covered in the other situations: around half of respondents will use their smart-

phone while the remainder will not.

24 Crowding perception

Respondents are asked how safe and comfortable they feel at three distinct
crowding levels: low (level 1 and 2), medium (level 3 and 4) and high (level
5 and 6). Note that the three levels are selected at random from congestion lev-
els1and 2, 3 and 4, and 5 and 6 to ensure that each respondent will evaluate all
three crowding levels (low, medium and high). Respondents are asked to eval-
uate each degree of occupancy on a scale of 1 to 7, with 1 indicating extremely
insecure (or very uncomfortable) and 7 indicating very secure (or very comfort-
able). Because it is the scale of marks in the Chilean school system (where 7 is
the highest possible score, 1 is the lowest value, and 4 is the minimum mark to
pass), the 1 to 7 scale has the benefit of being very intuitive in Chile [50]. The av-
erage score for the six occupancy levels is given in Figure 2.1', along with their
corresponding 2D representations for ease of comprehension. Users do not per-
ceive a difference in comfort or security between levels 1 and 2 or occupancy,
in which all passengers sit, and thus it can be suggested that the main variable
affecting both security and comfort is the presence of standees (the difference
is not statistically significant at the 5% level). The presence of standees causes
the degree of comfort to fall faster than the level of safety between levels 2 and
3. From level 3 and above, felt security outperforms perceived comfort on aver-
age. Notably, perceived comfort and security are declining at a comparable rate

across levels 4 and 6.

'The 2D diagram in the figure is credit to A. Tirachini et al.
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Figure 2.1: Mean security and comfort score for different crowding levels.

According to Figure D.13, when the occupancy level is low, most respon-
dents feel comfortable and safe; when the occupancy level is medium, most
respondents feel neither comfortable nor uncomfortable and slightly safe; and
when the occupancy level is high, the majority of respondents feel uncomfort-
able and unsafe. It’s also worth noting that the variation in the responses to the
security questions is greater than the variation in the responses to the comfort
questions. This makes sense since various crimes are associated with various
levels of occupancy. Muggings, for example, are more likely to occur when
there are a large number of individuals present, while attacks are more likely to
occur when there are a small number of people present. In other words, the link
between sense of comfort and occupancy level is more likely to be linear, but the

association between impression of security and occupancy level is more akin to
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a bell-shaped curve. When comparing the average score, the survey does not
disclose a significant difference between men and women; nonetheless, it can
be inferred that when the occupancy level is low, males feel more comfortable

but less secure than women.

2.5 Crowding description

The survey includes three types of crowding descriptions: 2D graphics, pho-
tographs, and text. An example of 2D graphics is shown in Figure D.14.? and an
example of crowding levels using photos is shown in Figure D.15.% The standees
density varies from 0 (no passenger is standing) to 6 pax/m? (technical capac-
ity). It should be noted that a single crowding description format is utilized
for each participant, i.e., one respondent cannot be provided with two or more

alternative crowding description forms.

2.6 Stated preference (SP) survey data

Each responder is presented with six binary choice problems and asked to
choose one of the two alternatives in each instance. Each option includes three
distinct characteristics, including travel duration, crowding level (expressed in
one of the three aforementioned forms), and whether he or she has a seat or
must stand throughout the journey. Figure 2.2* shows a sample of a choice sce-

nario as presented in the survey. Table C.3 is an example of one of the six choice

2The figure is credit to A. Tirachini et al.
3The figure is credit to A. Tirachini et al.
4The diagram is credit to P. Bansal, et al.
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tasks presented to one respondent. The first column ID relates to a respondent’s
unique id, and each respondent is requested to make a decision in every sep-
arate choice task, numbered 1 to 6. Note that the crowding level is shown in
text format here, and the significance of each number is shown in Table C.4. The
value 1 in column Stand or not indicates that the responder has to stand during
the trip, whereas 0 indicates that the responder has a seat. In each choice situ-
ation, the respondent must choose either alternative 1 or alternative 2, with no

other options available.

Select the travel condition that you prefer:

Travel Time: 18.750 mins Travel Time: 11.250 mins

You are traveling standing in a train like this: You are traveling seated in a train like this:

Figure 2.2: Stated preference survey sample.

12



CHAPTER 3
DISCRETE CHOICE MODELS

In this chapter, three different discrete choice models are built to estimate the
crowding multipliers for Santiago’s metro users. According to Section 2.6, each
respondent is faced with six different binary choice tasks, and he or she needs
to choose one of the two alternatives (there is no opt out choice) in each choice
task. Note that in the following sections, the choice task scenario is denoted by
t,t =1,...,T, whereas each responder is denoted by n, n = 1,..., N. Appendix

A contains a list of the major notations used in the models.

The multinomial logit (MNL) model [40] may describe observable choice
heterogeneity by interacting attributes with individual characteristics, unob-
served choice heterogeneity necessitates additional assumptions and a separate
model. To account for unobserved preference heterogeneity, Boyd and Mellman
[14] developed the mixed multinomial logit (MMNL) model, which adds ran-
dom parameters that follow a prespecified parametric continuous mixing dis-
tribution to the MNL model. Following the landmark work by McFadden and
Train [41], which demonstrated that any random utility maximization model
can be approximated by MMNL provided the mixing distributions of the ran-
dom parameters are set properly, MMNL quickly became common practice in
choice modeling research. In addition to MMNL, others assumed that the popu-
lation can be divided into finite classes or clusters, i.e., the number of preference
parameters is discrete, as in the latent class logit (LCL) specification: Kamakura
and Russell [31], DeSarbo et al. [21], and Bhat [11]. Latent class logit model can
be viewed as a special case of MMNL because any mixing distribution can be

approximated by increasing the number of classes to infinity.
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Most research in the MMNL literature have employed normal heterogene-
ity distributions. However, Louviere and Eagle [38], Fosgerau et al. [23], and
Adamowicz et al. [1] have argued that the normal mixing distributions may in-
troduce misspecification problems if the assumed distribution is not appropri-
ate for the data. For example, if a normal distribution is assumed, researchers
may obtain a positive marginal utility of cost. Therefore, lognormal distribution
has been used in this case when some parameters are believed to have a fixed

sign for everyone, see examples in Tirachini et al. [50].

However, in reality, the theoretical generality of MMNL model is limited by
the difficulties of defining and estimating parameter distributions that are both
sufficiently flexible and computationally practical [4]. A model that is more
flexible than MMNL model is called mixed-mixed logit, or mixture-of-normals
multinomial logit (MON-MNL) model. The MON-MNL model is essentially a
logit model with random parameters represented by a discrete mixture of con-
tinuous (Gaussian) heterogeneity distributions. The flexible representation of
random heterogeneity in MON-MNL comes from the notion that any contin-
uous distribution may be approximated to a chosen degree of accuracy by a
discrete mixture of normal distributions [22]. Keane and Nada [32] used sim-
ulated and expressed preference datasets to compare MON-MNL with MMNL
and discovered that MON-MNL outperformed parametric models in terms of

the Bayes Information Criterion (BIC).

Train [52] proposed logit-mixed logit (LML) model for defining the distribu-
tion of random parameters that is mathematically simple but allows for a great
degree of flexibility. This specification can estimate any mixing distribution to

any degree of precision. Using flexible forms such as polynomials, splines, and

14



step functions, the researcher defines variables to characterize the shape of the
mixing distribution. The gradient of the loglikelihood is simple to compute,

making estimation easier.

While LML model assumes all utility parameters to be random, Bansal [4] ar-
gued that that fixed parameters are usually needed in practice. For instance, (a)
to account for alternative-specific fixed effects, the utility should contain fixed
alternative-specific constants (ASCs); (b) because preferences for a particular co-
variate may not differ among people, the calculated parameter may simply be
non-random; (c) by allowing the mean of a random parameter (e.g., marginal
utility of price) to vary by sociodemographics, a parsimonious specification of
heterogeneity combines various means (deterministic taste variation) with the
same variance of the unobserved component (e.g., gender). This taste variation
specification necessitates the addition of a fixed parameter on the covariate’s
interaction with the demographic dummy (e.g., price X gender). Bansal devel-
oped the LML-FR model, extending the LML model to include both random

and fixed parameters.

In this chapter, different discrete choice models including basic MNL,
MMNL (or ML) and LC are implemented, see in Section 3.1, 3.2 and 3.3. MOM-
MNL and LML are covered in Appendix B.

3.1 Multinomial logit model

First, a multinomial logit model is constructed, with just three characteristics of
the alternatives taken into account: travel time, crowding level, and a binary

indicator indicating whether the passenger is standing or sitting throughout
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the ride. It is expected that when journey duration varies, the coefficient of
crowding level will differ, since the impact of crowding on a short trip vs a long
trip is obviously not the same. Similarly, it is assumed that the binary indicator’s
coefficient is linked to both trip time and crowding level. As a result, alternative

metro routes 1 and 2 have the following utility functions:

Uine = PBrrT Trne + Brra(TT 1 X dine) + Brrasi(TTine X dipe X Lsi100) + Erpe

= xllnuB + & (3 1

Uane = BrrT Ton + Brra(TTon X dane) + Brras (T Ton X dope X Lsion) + Bo + Eam
= X3 + Eont
where B8 = (Brr, Brra. Brras:» Bo) is the vector of corresponding estimated param-
eters, X1y = (TT1 TT1e X dies TT1n X dipg X g1, 0) and xp,y = (T Tops, TToy X
donts TTops X dope X 1gpns, 1). Note that the constant for u;,, is set to 0 to ensure
identification. 7T, denotes the travel time for alternative j, d;, denotes the
crowding level for alternative j and 1g,j, is the binary indicator of whether pas-
senger n is stand or not in choice task ¢ for alternative j. &, is the error term
and it is assumed that g;,, and &,,, are iid and follow Gumbel distribution, or
type-1 extreme value (EV1) distribution [53], i.e., &}, “E V1(u, A), where u is the
location and A is the scale. The logit type models is based on the assumption,
and the following part derives the multinomial logistic choice probabilities. In

this case, J = 2 since there are two alternatives.

The utility function may be used to rank options based on preferences. For
example, if alternative 1 is selected, it has a higher utility value than the other

alternatives. Therefore, the probability that alternative 1 is chosen can be written
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as follows:
Plnt = P(ulnt > uZnt)

= P(X,,,B + €10 > X5, + €nr)
(3.2)

= P(&am — &1m < X1,8 = X33

= F(x},,8 = X3,8)
where the last equation follows from the fact that the difference of two inde-
pendent random variables g;; and ¢, that follows EV1 distribution is logistically
distributed [19][3], and F stands for the cumulative distribution function (CDF).
Since €p, € “E V1(u, ), then:

S —EmTH—H
A

Emr — €1t ™~ A(

) = A(glnt - glnt) (33)

where A denotes the CDF of logistic regression. Hence, the probability of choos-

ing alternative 1 becomes:

Pl"t = A(x;nlﬁ - XémlB)
_ exp(x’lmﬁ - x,2nt18)
N - B (3.4)
1 +exp(x], B — x5,
_ exp(x},B)
exp(x},B) + exp(x), )

Similarly, the probability of choosing alternative 2 is:

exp(xy,,8)
exp(x], B) + exp(x;, B)

(3.5)

2nt =

The probability for respondent n making the sequence of choices in all choice

tasks may be expressed as follows:

_ l_[ [ exp(xlmlg) ])’mr [ eXp(xém,B) Yant (3 6)

exp(x},B) + exp(x,, )| | exp(x},B) +exp(x),5)
where y;, equals to 1 if and only if alternative j is chosen by respondent n in

choice task t.
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Several different statistic values are utilized to assess the model’s goodness
of fit. Rho-square, or p* value is the percentage increase in the loglikelihood of
the model compared to the equally likely model, and it takes the following form

[42]:
2 1. LBure)
L(0)

where £L(0) is the loglikelihood of a equally likely model or a null model, i.e.,

(3.7)

when all the parameters are set to 0 and hence all choice are chosen with the

same probability:
N
1
L£0) = Z; ln(J—n) (3.8)

where J, is the total number of alternatives respondent n has. The loglikelihood
value for a logistic regression model is always negative (because the likelihood
contribution from each observation is a probability between 0 and 1). If the
model does not outperform the null model in predicting the result, then LBure)
will not be much larger than £(0), and in this case p* ~ 0; if the model was
exceptionally excellent, those with a success (1) outcome would have a fitted
probability close to one, and those with a failure (0) outcome would have a
titted probability near to zero. In this case L(Byre) is close to 0 and hence p? ~ 1.
However, usually the value is not big; in fact a Rho-square between 0.2 to 0.4
indicate excellent model fit [7]. But since p? value is monotonic in the number of
parameters K, it has the risk of overfitting. In order to penalize for the number

of parameters, adjusted Rho-squared p* is preferred [42]:

_ LPBure) - K

2
pr=l £00)

(3.9)

In addition to p? and p?, Akaike information criterion (AIC) and Bayesian

information criterion (BIC) are also useful. Let N be the number of observations,
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then AIC and BIC are defined as follows [2][15][57]:

AIC = 2K = 2L(Bure)
(3.10)

BIC = KIn(N) = 2LBurr)

The preferred model, given a collection of candidate models fitting the data,
is the one with the lowest AIC value [2]. Thus, AIC rewards quality of fit (as
measured by the likelihood function), but it also contains a penalty that in-
creases as the number of estimated parameters increases. Overfitting is dis-
couraged by the penalty, which is desirable since increasing the number of pa-
rameters in the model nearly always enhances the quality of fit. The model with
the lowest BIC value is recommended [57], as is the model with the lowest AIC
value. A lower BIC indicates that there are fewer explanatory factors, a better fit,
or both. The BIC penalizes free parameters more severely than the AIC, albeit

this depends on the size of n and the relative magnitude of n and .

Let us now return to the MNL estimate. The estimation of g8 is shown in
Table 3.1. Note that all models in this thesis are estimated using the R package

Apollo [29]. The result shows that these parameters are all significant. The

Table 3.1: Basic MNL.

Coefficients Estimate Std. Error t-value p-value
Bo 0.145 0.041 3.550 0.000
Brr -0.098 0.015 -6.456 0.000
Brra -0.012 0.002 -6.451 0.000
Brras: -0.008 0.001 -5.516 0.000
Log-likelihood: -1680.618

Rho-square: 0.0172

Adj.Rho-square: 0.0148

AIC: 3369.24

BIC: 3392.48
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positive constant f, indicates that there is a potential bias towards choosing
alternative 2, the one that is shown on the right side of each choice task. Such
bias, or so-called left-right bias [17] is common in discrete choice experiment
and its influence can be ignored if the model is sophisticated. Srr is negative
and it is reasonable since increasing the travel time of a alternative makes it less
attractive, i.e., the probability of choosing this alternative decreases. As for the
other two coefficients, they are all negative which meets with the expectation.
Similarly, when the crowding level increase, or when the passenger has to stand,

the probability of choosing such alternative decreases.

Recall that the crowding multipliers is time-based (not money-based), hence
they can be treated as the marginal utility of travel time in crowding conditions

over that of travel time in uncrowded conditions:

CMsitting = ﬁTT—+ ﬁTTd xd =1+4; xXd
Prr (3.11)

+ X d+ X d
CMslunding — ﬁTT ﬁTTd BTTdSt — 1 + (/11 + /12) % d

Brr

where CM,ing and C M unaing stand for the crowding multiplier for a passenger

who is sitting and standing correspondingly. Moreover, A, = Brrq4/Brr and A, =
Brras:/Brr. Section 4.2 contains a comprehensive explanation of the crowding

multiplier.

The second MNL model tests the influence of different crowding presen-
tation formats on respondent’s perceived crowding level and route choice. In
this case, 2D diagram is set to be the reference, and hence there are only two

dummy variables indicating whether the crowding is presented in photo or in
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text. Then, the utility function takes the following form:

Uine =PBr1T Trne + Brra(T T 1t X dine) + Brras(TTine X die X Lgp1n)+

Brrasex(T T X din)T ext + Brrass rext(T Tine X dipe X Lg10) T ext+

IBTTd,photu(TTlnt X dlnt)PhOtO +,8TTdSl,phut()(TT1nt X dlnt X lSllnl)Ph0t0 + E1mt

Wont =Pr1T Tont + Br1a(T Tone X dont) + Brrasi(T Tope X dope X Lg12p)+

Brrdtext(TTon X don)Text + Brrast sexe(T Tope X doye X Lg100) T ext+

Brra_photo(T Taw X day)Photo + Brrasi_photo(T Tone X dopy X 110 )Photo + By + €2y

(3.12)

where Photo and Text are dummies. Brr4 photo aNA Brras: proto are the parame-

ters for passenger density and whether the passenger is stand or not when the

crowding presentation format is photo. Similarly, Br74 sexr and Brras:sexr denotes

the parameters for passenger density and whether the passenger is stand or not

when the format is text. Results of the estimation is shown in Table 3.2. The

Table 3.2: MNL considering different crowding representation formats.

Coefficients Estimate Std.Error. t-value p-value
Bo 0.145 0.041 3.557 0.000
Brr -0.098 0.0152 -6.462 0.000
Brra -0.012 0.002 -5.634 0.000
Brras: -0.007 0.002 -4.028 0.000
Brrd_photo 0.001 0.002 0.494 0.622
Brrd.ext -0.001 0.002 -0.574 0.566
Brrasi_photo -0.001 0.002 -0.399 0.690
Brrasisex -0.002 0.002 -0.949 0.343
Log-likelihood: -1679.444

Rho-square: 0.0179

Adj.Rho-square: 0.0132

AIC: 3374.89

BIC: 3421.37

P‘Value Of ﬁTTd,photw IBTTdJext/ ﬁTTdSt,phato and ﬁTTdSt,text are 1argel' than 0051 Wthh
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indicates that there is no significant perception bias at 95% confidence level. Be-
cause the crowding presentation format has no effect on the perceived crowding

level of respondents, the following models all omit the format control variables.

However, new specifications of Equation 3.13 where the interactions with
photo and text only happen for the highest/the two highest/the three/the four
levels of crowding differs from the results that all levels of crowding are consid-

ered in Equation 3.12. The new specification is:

Uit =BrrTTin + Brra(TTin X din)+
Brras(TT e X ding X Lsp10)+
Brrasex(TT i X din)Text X 1epn)+
Brrasisext(TTin X dine X Lsin) Text X Lepn)+
Brra_photo(TT1n X dyp) Photo X 1cpy)+

Brrasi_photo(T Tine X dine X s 1) Photo X Lcpy) + €1
(3.13)

Uone =PrrT Tons + Brra(T Ton X do)+
Brras(TTon X dany X Vg on)+
Brrasext(TTon X dan)Text X Lepn)+
Brrasizex(TTan X dop X Vs o) Text X 1epn)+

ﬁTTd,photo(TTZnt X dZnt)PhOtO X lCLnt)+

Brrasi_phoio(T Tons X dops X Ls ) Photo X Lcpy) + Bo + Exme

A new indicator variable 1¢,,, is added into the utility, which 1¢;,, = 1 if and
only if the crowding level of at least one of the two alternatives in choice situ-
ation n for respondent ¢ is larger than some certain value, otherwise 1¢.,, = 0.
For instance, if only the highest level of crowding is considered, then 1¢.,, = 1

means that at least one alternative has crowding level equals to 6. The results
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are shown in Table C.5, C.6, C.7, C.8 correspondingly. Note that when consid-
ering the four highest levels of crowding, the estimation results are the same
as Table 3.2, which considers all the six levels of crowding. This is due to the
fact that no choice situation in the survey has both choices with crowding levels
less than 3. Unlike when there is no significant perception bias when all levels
of crowding are considered, when only the highest/two highest/three highest
levels of crowding are considered, the photo format tends to make respondent
feel more uncomfortable than 2D diagram, as it describes the crowding situa-
tion in a more intuitive way and thus makes respondent feel as immersive. The
main distinction between text and picture is that when text interacts with just
the greatest degree of crowding, it is no longer relevant. One potential reason
is that text, to some degree, has a similar impact to photos in that it gives the
responder with a good imagination of the actual scene (which is exactly what
a photo shows). Text, on the other hand, cannot give the same impression as a

picture when discussing an extreme instance.

The third MNL model tests the influence of different smartphone usage on
respondent’s perceived crowding level. Three questions emerge from this spec-

ification:

Is there an effect of smartphone possession on respondents’ crowding val-

uation?

* Does the frequency with which respondents use their smartphones influ-

ence their crowding valuation?

* Will a respondent’s perceived crowding level change if he or she chooses

not to use his smartphone while the train is overcrowded?

¢ Will respondents’ crowding valuation be affected by their use of smart-
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phones for various purposes?

The following specification of utility function is used, taking the first ques-
tion (Is there a relationship between smartphone ownership and respondents’

crowding valuation?) for example:

Wine =Br1TTine + Brra(T T X ding) + Brras (T Tine X dipg X Lsg1n)+

Brra_phone(T 1 X dip)Phone + Brras: phone(T Tine X dine X 1s410:)Phone (3.14)

Wont =BT Top + Brra(T Top X dons) + Brras (T Top X don X Lson)+
Brrd_phone(T Tone X don)Phone + Brras: phone(T Tont X dope X 1s10n:) Phone
where Phone is the dummy variable. If Phone = 1, the responder has a smart-
phone; otherwise, Phone = 0. Brra phone and Brras: phone are the parameters for
passenger density and whether the passenger is standing or sitting when the
responder possesses a smartphone. The estimate results are given in Table 3.3.
The findings indicate that, although smartphone ownership has no impact on

Table 3.3: MNL considering phone ownership.

Coefficients Estimate Std.Error. t-value p-value
Bo 0.144 0.041 3.536 0.000
Brr -0.098 0.015 -6.444 0.000
Brra -0.012 0.002 -5.472 0.000
Brras: -0.010 0.002 -5.607 0.000
Brrd_phone -0.001 0.002 -0.395 0.693
Brrast_phone 0.003 0.002 1.986 0.047
Log-likelihood: -1678.632

Rho-square: 0.0183

Adj.Rho-square: 0.0148

AIC: 3369.26

BIC: 3404.13

felt congestion while the respondent is sitting, it has a substantial affect (at

95% confidence level) on perceived crowding when the respondent has to stand
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throughout the journey. The presence of a smartphone reduces the respondent’s
perceived crowding levels, as shown by the positive sign of Brr4s:_phone- In other
words, while standing throughout the journey, smartphone users are less sen-
sitive to congestion than non-smartphone owners. This may be explained by
the distractions provided by smartphones, such as viewing movies, listening to
music, and using social media, among other things, which diverted passengers’
attention away from the discomfort and insecurity created by congestion. If the
passenger has a seat, this distraction is little; however, if the passenger must

stand throughout the trip, it becomes substantial.

It should be noted that owning a smartphone does not guarantee that the
passenger would use it, although according to the survey data, just 18.5 % of
passengers have smartphones but choose not to use them during the journey
(see in Figure D.11). As a result, it is reasonable to assume that smartphone
owners are also smartphone users. To validate this assumption, a new specifi-
cation where Phone&U se is the new dummy and it equals to 1 if and only if the

passenger has a smartphone and will use it during the trip is considered:

Wint =Br7T Tine + Brra(TT1ne X dine) + Brras (T Tine X dipe X Lspin)+

IBTTd,phone&use(TTlnl X d]m)PhOI’le&US€+
IBTTdSt,phone&use(TT]nt X dlnt X lStlnI)Phone&Use

(3.15)
Wont =Br7T Tone + Brra(T Ton X done) + Brras (T Tone X dopy X Vs op)+

IBTTd,phone&use(TTZnt X dgn,)Phone&Use+

,BTTdSt,phone&use(TTZnt X dZnt X 1St2nt)Ph0ne&Use

The results shown in Table 3.4 is close to Table 3.3. This supports the as-

sumption that smartphone owners are also smartphone users.
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Table 3.4: MNL considering phone ownership and use.

Coefficients Estimate Std.Error. t-value p-value
Bo 0.144 0.041 3.540 0.000
Brr -0.098 0.015 -6.443 0.000
Brra -0.012 0.002 -5.718 0.000
Brras: -0.010 0.002 -5.750 0.000
Brrd_phonesuse -0.001 0.001 -0.461 0.645
Brrasi_phone&use 0.003 0.002 1.998 0.046
Log-likelihood: -1678.606

Rho-square: 0.0184

Adj.Rho-square: 0.0148

AIC: 3369.21

BIC: 3404.08

The next MNL model is estimated and the results are shown in Table C.9.
Brrd.ai, Brrdmaj, Brranar, Brramay are the parameters for passenger density when
passengers use their phones for the whole journey, the majority of the journey,
half of the journey, and less than half of the journey, respectively. Similarly,
Brrasi.ais Brrasimaj, Brras:naif, Brraseinay are the parameters for passenger density
when the passenger is standing under different frequencies of smartphone use.
To guarantee identification, the frequency that a smartphone is never utilized
by the passenger is assigned as a reference. The estimate results show that there
is no significant crowding perception bias across different frequencies of smart-

phone usage.

Another MNL model investigates if various purposes for smartphone us-
age affect perceived crowding levels. According to the findings in Table C.10,
when passengers use their smartphone for telephone conversations and work
(with apps, work emails, etc.), their perceived crowding level increases, whereas
when they use their smartphone for messaging (WhatsAPP, etc.), watching

videos, and playing games installed on their phone or online, their perceived
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crowding level decreases. It can be concluded that perceived crowding rises
when people use their smartphones for work and reduces when they use them
for leisure. The other purpose of smartphone use, however, had no effect on
perceived crowding levels at 95% confidence level. All of this becomes insignif-
icant when it comes to perceived crowding levels when passengers are standing,
which may be linked to the fact that many opt not to use cellphones or use them

less while standing.

3.2 Mixed multinomial logit model

In the previous section, a multinomial logit model is built, which assumes that
the parameters are the same for every respondent. However, respondents might
differ in their valuations for each attributes, due to some reasons like individual
preferences. Thus, in this section, a mixed multinomial logit (MMNL) model is
built to test the assumption that there is unobserved heterogeneity in 8. This
means that there is a unique B, = (Burr,Burrdas Burras: Bro) for each respondent
n, but each respondent will have the same parameter g, for different choice sit-
uations 7. In MMNL model, it is assumed that 8, ~ f(B,|6), where f is some
known distribution and 6 are the unknown parameters of the distribution, such
as mean and variance. If the values of g, for each respondent n is known, the

choice probability would be:

(3.16)

/

Zj eXP(xjm n)

For our model, there are only two alternatives, and the probability condi-

tional on B, that respondent n makes the sequence of choices is the same as
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MNL model in Section 3.1:

T ’ Vint ’ Vont
[ exp(x},,Bn) )] [ exp(x3,,8n) (3.17)

P n n =
OnlBn) 1_[ exp(x’lm ) + exp(x,zm n exp(x,lntﬂ”) + exp(xém n)

t=1

The choice probability should be the integral of the conditional probability

over the density of 8,. Therefore, the choice probability for respondent  is:

PN = f P18 f(BalO)d,
ﬁn

_ ﬂ[ exp(x, ) H xp(xs, )
Bn t=1 )

exp(x},,B.) + exp(x}, By exp(x},,Bn) + exp(x}, Bn

Yant
)] J(B160)dp,

(3.18)

Then the loglikelihood function would be the log sum of the above equation:

N
LMV = N )y ( f P(ynwn)f(ﬁnwmﬁn)
n=1 (3.19)

The last equation is what known as maximum simulated likelihood estima-
tion [36][12]. r = 1,..., R is the number of draws and 8 is the parameter that is
drawn from the distribution f(8,|6) that needs to be estimated. Repeat R times
and the average results will be the estimation of the choice probability PYMNE,
By the law of large number [20], this is an unbiased estimator of P¥*NL [12]. As

R — oo, it is consistent and smooth with respect to the unknown parameters.

In practice, f(B,|6) can be lognormal, uniform, or any other distributions.
When all parameters are assumed to have the same sign for each responder, the
lognormal distribution works well. In our case, parameter 8,77, B,rra and B,rras:
are believed to be negative for all respondents. Therefore, a lognormal density is

used, i.e., InB, ~ N(u, %) and hence p and o are the parameters to be estimated.
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Another reason for choosing lognormal is that in this case both 8,77, and B,774s:

would have finite moments, and according to Equation 3.11, this would make

sure that the crowding multipliers also have finite moments.

The number of Halton draws is 2000 and the estimation results are shown

in Table 3.5. Results show that there is significant heterogeneity across respon-

dents. Another MMNL model where parameters are assumed to be normally

distributed is reported in Table C.11. All describing statistic values indicate that

the first MMNL model performs better than MNL model.

Table 3.5: Mixed multinomial logit model using lognormal mixing densities.

Coefficients Estimate Std.Error t-value p-value
Bo 0.192 0.052 3.675 0.000
Brr - i1 -2.019 0.193 -10.449 0.000
Brr - o 1.087 0.163 6.682 0.000
Brra - 1 -4.109 0.231 -17.825 0.000
Brra-o 1.627 0.225 7.246 0.000
Brras: - 1 -4.516 0.239 -18.873 0.000
Brras: - o 1.110 0.220 5.051 0.000
Log-likelihood: -1494.816

Number of observations: 2467

Number of individuals: 413

Number of draws: 2000

Rho-square: 0.1258

Adj.Rho-square: 0.1217

AIC: 3003.63

BIC: 3044.31

3.3 Latent class logit model

Similar to the MMNL model that considers the heterogeneity across respon-

dents, latent class logit (LCL) model assumes that 8, follows a discrete instead
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of a continuous heterogeneity distribution. Different from continuous distribu-
tion, if B, follows a discrete distribution, then the number of 8, will be finite and

the utility function for each class g will be:

()] (q) ) (@)
”1?11 ﬁ ! TTlnt +,3TTd(TT1m X dyn) +,B(TquS,(TT1nt X dipe X Vgi1ns) + 313”

rg@) 4 D
xlnﬂBq + glnt (3 20)
) (9) (@) '
u(z(,lﬂ = q TT2nt +ﬁTTd(TT2nt X d2nt) +ﬁTTdS,(TT2nt X d2nt X 1St2nt) +ﬁ£)q) + 82?1;

_ (@
- xénrlg @ + 82nt

where g9 = (Tq} (Tq} " (T"% s B(")) For each possible 8, it has an associated

(@)

probability w,” for respondent n. Similar as MMNL model, if the values of 3%

for each class g is known, the choice probability will be:
exp(x,5)
2 j exp(x;.mﬁ@)

P(y;ulB?) = (3.21)

The unconditional probability that respondent n makes the sequence of

choices is:

[ T
PG = Y w [ | poulB) (3.22)
q=1 t=1

Therefore, the likelihood function is:

PLCL l_l Z ey l_[ P(yulB?) (3.23)

n=1 g=1

There are different ways to assign w\’. To ensure that 2 Wn wd = 1,Yn and

wi? > 0, a multinomial logit is specified:

(q)
W}g;):M,q:l,,,,,Q (3.24)
22, exp(y )

where ¥ is a constant and ¥’ = 0 ensures identification. It is also possible to

add sociodemographics to the probabilities:

W AD
W@ = SXP( YD 10 (3.25)
2ge1 EXP(hyy @)
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where £, is a vector of sociodemographics of respondent n. In our model, 4,
contains income, car ownership, age, gender, occupation and number of metro

trips per week (return = 2 trips):

M _ 1

R exXp(Y® + VinelCn + Yaurolauto, + Yage@8€n + Ymaie Lmate, + YocupOCUPy + ViptPn)
o PP + YineliCy + Yauiolauio, + Yage@8€n + Ymaielmate, + YocupOCUPn + YiptPn)
" 1+ exp(Y® + YincdnCy + YautoLauto, + VageQ8€n + Ymate Lnaiey + YocupOCUPy + YiptPn)

(3.26)

where inc,, age,, ocup, and tp, represent the income, age, occupation and num-
ber of metro trips per week of respondent n. 1,,,, and 1,,,, are the binary in-
dicators of whether respondent n has a car or is a male respectively. Then, the

loglikelihood function is:

N 2 T ’ (q) Yint ’ (q)
LLeL - Z In Z wfﬂ) l_[ [ exp(x},B8'") ] [ exp(x,,8%)
n=1 g=1 =1

exp(x},,B?) + exp(x), BD) exp(x},,B?) + exp(x), BD)
(3.27)

The estimation result is shown in Table 3.6. The absolute value of 87 of class
2 is larger than that of class 1, indicating that class 2 has a higher value of travel
time. Moreover, class 1 has larger crowding multipliers for both standing and
sitting. These all indicate that class 1 is more sensitive to crowding than class 2
is. Regarding intercept parameters, 5, for class 1 is no longer significant, which

means that the potential bias towards choosing alternative 2 decreases.

However, Brr for class 1 is not significant, with a p-value larger than 0.05.
This implies that the value of travel time is split within classes 1. Class 2, on the
other hand, has a significant S7r under 95 % confidence level. Males, those with
a higher income, those who are younger, those who possess a car, and those
who take more metro trips per week are more likely to be classified as class 2.

In terms of age and occupation (significant under 95% confidence level), this is
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a fair outcome. This makes sense since younger individuals are less likely to be

bothered by congestion, even if they must stand for the whole of the journey.

They are busier and stronger than the elderly, therefore journey time is more

important than congestion. It is also reasonable regarding occupation, since

students are more concerned with travel time since they utilize the subway to

go to school and the penalty for being late is severe.

Table 3.6: Latent class logit model.

Coefficients Estimate Std.err. t-value p-value
Class 1: By 0.087 0.084 1.042 0.297
Class 1: Brr -0.028 0.044 -0.647 0.518
Class 1: Brrq -0.035 0.006 -6.254 0.000
Class 1: Brras: -0.017 0.005 -3.514 0.000
Class 2: By 0.214 0.069 3.114 0.002
Class 2: Brr -0.220 0.027 -8.258 0.000
Class 2: Brrq -0.011 0.002 -4.338 0.000
Class 2: Brras: -0.012 0.002 -5.350 0.000
Class Membership (Class 2)

y@ 0.838 0.550 1.523 0.128
Vimale 0.375 0.254 1.475 0.140
Vine 0.095 0.067 1.415 0.157
Yage -0.019 0.009 -2.115 0.034
YVauto 0.477 0.264 1.808 0.071
Yocup -0.282 0.117 -2.417 0.016
Yip 0.016 0.028 0.575 0.565
Log-likelihood: -1514.984

Rho-square: 0.1119

Adj.Rho-square: 0.1031

AIC: 3059.97

BIC: 3147.09

Other latent class logit models were considered as well. Instead of 2 classes,

3 classes are used and the estimation result is shown in Table C.12. Class 3 indi-

viduals are the least susceptible to crowding circumstances, and they are more
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likely to be male, have a higher income, own a car, and take more metro trips per
week. However, elderly individuals no longer fall into this category, indicating
that the connection between age and crowding sensitivity may not be as simple
as it seems. Another latent class logit model with continuous random parame-
ters (travel time are assumed to be lognormally distributed) was built and the

result is shown in Table C.13. However, 871 — u of class 1 is not significant.
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CHAPTER 4
RESULTS ANALYSIS

4.1 Choice model results comparison

Table 3.1 shows the result for the base multinomial logit model and Table 3.5
presents the result for the mixed multinomial logit model. To compare two
nested models, likelihood-ratio test can be used. The likelihood-ratio test com-
pares the quality of fit of two competing statistical models based on the ratio
of their likelihoods, especially one discovered via maximizing over the whole
parameter space and another discovered after imposing a restriction. If the con-
straint (i.e., the null hypothesis) is supported by the observed data, the differ-
ence between the two likelihoods should be less than sampling error [33]. As
a result, the likelihood-ratio test determines if this ratio is statistically different
from one, or, more precisely, if its natural logarithm is substantially distinct from

zero. A simple hypothesis test is as follows:

H():GZOU
(4.1)
H1 :GZOR

where 6, are the parameters of unrestricted model and 6 are the parameters
of restricted model. Suppose restricted model imposes M restrictions, then the

limiting distribution of the likelihood ratio test is:
-2 (L(??R; ) = Ly; y)) ~Xu (4.2)

L(g;y)and LBy y) represent the loglikelihood achieved by the restricted model
and unrestricted model correspondingly. For a 95% confidence level, reject Hy, if

test statistics is larger than xgs,, ,,-
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Another test for model comparison is the Ben-Akiva & Swait test. Ben-Akiva

& Swait test is based on adjusted p* and can be used for non-nested models:

P(B} - p} 2 2) < @(=22L0) +dfi - df) (4.3)

where z is the observed difference in adjusted p?, ® is the cumulative standard
normal distribution, and df; and df; are the degree of freedom for model 1 and

model 2.

The MMNL model is significantly better than MNL model, which is sup-
ported by both the likelihood-ratio test and Ben-Akiva & Swait test. The test
result is shown in Table 4.1 and 4.2, and the p-value for likelihood-ratio test and
Ben-Akiva & Swait test are both below 0.05 for 95% confidence level. This again
supports the assumption that there is significant heterogeneity across individu-

als. The simulated distribution for each parameters are shown in Figure 4.1, 4.2

and 4.3.

Table 4.1: Likelihood-ratio test for MNL and MMNL.

Log-likelihood df

MNL -1680.62 4
MMNL -1494.82 7
Difference 185.80 3
Likelihood ratio test-value 371.6
Degrees of freedom 3
Likelihood-ratio test p-value 0.000

df is the number of parameters for the model.
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Table 4.2: Ben-Akiva & Swait test for MNL and MMNL.

LL (0) LL df  Adj.Rho-square
MNL -1709.99  -1680.62 4  0.0148
MMNL -1709.99  -1494.82 7  0.1217
Difference 0.00 185.80 3 0.1069

Ben-Akiva & Swait test p-value  0.000
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Figure 4.1: Brr simulated distribution histogram, sample = 5,000.

4.2 Crowding multipliers

4.2.1 CM-space

In the valuation of crowding, the distributional assumptions on random het-
erogeneity can be imposed in two ways: (a) by specifying the distribution of
marginal utilities (preference space) and then deriving the distribution of the

implied crowding multiplier, or (b) similar to willingness-to-pay space (WTP-
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Figure 4.2: Brrq simulated distribution histogram, sample = 5,000.

space), by specifying the distribution of the crowding multiplier directly (CM-
space). All the aforementioned model can be estimated in crowding multipliers
space (CM-space). This new specification can provide an insight on crowding

multipliers directly. Equation 4.4 specifies the utility in CM-space:

Wine = Brr[TTine + A(TT 1 X dine) + A(TT 1 X iy X Agi100)] + 1

= x,lm‘ﬁ + E1ne
(4.4)

Wope = Brr[TTon + A(TTop X dopg) + Ap(TTop X dope X Xg1200)] + o + E2n

_
- x2ntﬁ + &y

Recall from Section 3.1, A, = Brra/Brr and A, = Brras:/Brr. Therefore, CM iyine

and CM ;4n4ing can be written as:

My = BTNy )
ﬁTT (45)

+ xXd+ X d
CMstanding = ﬁTT ﬁTTd ﬁTTdS[ =1+ +A)xd

Brr
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Figure 4.3: Brrqs, simulated distribution histogram, sample = 5,000.

Standing multiplier calculates the increase in the value of travel time saved

while standing over sitting and it can be written as the following:

_ CMsmnding

SM = 4.6
cM sitting ( )

It is worth noting that the CM-space specification not only allows for direct
interval inference for the crowding multiplier, but also allows for the direct as-
sumption of heterogeneity distributions. Working with ratios is difficult from
an econometric standpoint, since it may lead to odd forms of the mixing distri-

bution and unlikely values of the crowding multipliers.

The estimation results for MNL and MMNL model in CM-space are shown
in Table 4.3 and Table 4.4. For LCL model in CM-space, the estimation result is
shown in Table C.14.

Table 4.5 shows the crowding multipliers when metro passengers may sit
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Table 4.3: MNL model in CM-space.

Coefficients Estimate Std. Error t-value p-value
Bo 0.145 0.041 3.550 0.000
Brr -0.098 0.015 -6.459 0.000
A 0.121 0.008 16.025 0.000
Ay 0.082 0.008 10.916 0.000
Log-likelihood: -1680.618
Rho-square: 0.0172
Adj.Rho-square: 0.0148
AIC: 3369.24
BIC: 3392.48

Table 4.4: MMNL model in CM-space.
Coefficients Estimate Std.Error t-value p-value
Bo 0.189 0.053 3.528 0.000
Brr - 1 -1.869 0.188 -9.921 0.000
Brr-o 1.475 0.315 4.683 0.000
A - -2.330 0.105 -22.266 0.000
A -0 1.886 0.238 7.926 0.000
A - -3.107 0.208 -14.965 0.000
-0 1.628 0.232 7.032 0.000
Log-likelihood: -1504.034
Number of observations: 2467
Number of individuals: 413
Number of draws: 2000
Rho-square: 0.1204
Adj.Rho-square: 0.1164
AIC: 3022.07
BIC: 3062.74

while traveling. When pax/m?* = 0, i.e., no passenger is standing, the crowding

multipliers is only related to the value of travel time which is equal to 1 in this

case. The crowding multipliers increase with passenger density, as expected,

indicating that increased crowding levels increase the disutility of travel time.

As a result, metro users are willing to accept longer travel times in exchange
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for less crowded conditions. Assuming metro users are also willing to pay for
reduced travel time, it can be inferred that they are willing to pay more for
reduced travel time under crowded conditions. This willingness to pay rises as

crowding density rises.

The standard error of the crowding multipliers grows with density, accord-
ing to Equation 3.11, and this is consistent with both models. It is worth noting
that the mean crowding multipliers of the MMNL model are substantially big-
ger than those of the MNL model, which is due to the fat upper tail of the lognor-
mal density function. This impact might be mitigated by utilizing the median
rather than the mean. The median crowding multipliers will not be affected by
the minority of respondents who are more sensitive to crowding situations. As
a result, the median crowding multipliers of the MMNL model are similar to

those of the MNL model.

When it comes to standing crowding multipliers, the situation is fairly close.
Even though the mean crowding multipliers of MMNL model are significantly
larger, the crowding multipliers of the MNL model are quite similar to the me-
dian MMNL value. The comparison of different crowding multipliers is shown
in Figure 4.4. It can be concluded that, despite considerable variety in user aver-
sion to crowding, values up to 1.5-1.7 for sitting and up to 1.9-2.2 for standing
at a density of standees of 6 pax/m?, values up to 1.2-1.3 for sitting and values
up to 1.4-1.6 for standing at a density of standees of 3 pax/m? would be a fair

indicator of crowding multipliers for Santiago metro passengers.

The outcome of the standing multiplier, according to Equation 4.6, is dis-
played in Table 4.7. In Santiago, the value of a seat ranges between 1.04 and

1.29, implying that standing travel time is valued between 4% and 29% more
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than seated transit time.

Table 4.5: Crowding multipliers: sitting conditions.

MNL ML

Mean Mean Median
pax/m? Est. St. Err Est. St. Err Est. St. Err
0 1.000 1.000 1.000
1 1.121 0.011 1.556 0.195 1.098 0.006
2 1.242 0.022 2.113 0.390 1.196 0.013
3 1.363 0.032 2.669 0.586 1.293 0.019
4 1.484 0.043 3.226 0.781 1.391 0.026
5 1.606 0.054 3.782 0.976 1.489 0.032
6 1.727 0.065 4.338 1.171 1.587 0.038

Table 4.6: Crowding multipliers: standing conditions.

MNL ML

Mean Mean Median
pax/m? Est. St. Err Est. St. Err Est. St. Err
0 1.000 1.000 1.000
1 1.203 0.015 1.733 0.231 1.142 0.013
2 1.407 0.030 2.466 0.463 1.284 0.026
3 1.610 0.044 3.199 0.694 1.426 0.039
4 1.814 0.059 3.932 0.926 1.568 0.052
5 2.017 0.074 4.665 1.157 1.709 0.066
6 2.220 0.089 5.397 1.388 1.851 0.079

4.2.2 International comparison of crowding multiplier

The comparison of crowding multipliers and standing multipliers of this thesis
with those of London and the South East (SE) of England[56], Seoul [46], New
York [5], Sweden [13], lle-de-France [35] and Netherlands [58] is shown in Table

4.9. Crowding multipliers sitting is shown in Figure 4.5 and crowding multipli-
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Figure 4.4: Comparison of crowding multipliers: MNL and ML models.

Table 4.7: Standing multipliers.

MNL ML
Mean Mean Median
pax/m? Est. Est. Est.
1 1.073 1.114 1.040
2 1.133 1.167 1.074
3 1.181 1.199 1.103
4 1.222 1.219 1.127
5 1.256 1.233 1.148
6 1.285 1.244 1.166

ers standing is shown in Figure 4.6." The crowding multiplier sitting at 6 pax/m?
in this thesis is close to that of all cities except Seoul and New York, which both
surpass 2. As a result, these two cities are among the top 50 most populous

in the world, with Seoul ranked 33st and New York ranking 44th.> All cities’

!Note that in order to plot CM on the same x axis, the technical capacity for Seoul [46] and
lle-de-France [35] is both set to 5 pax/m?
2World Population Prospects (United Nations, 2021)
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sitting crowding multipliers in the MMNL model are greater than those in the
MNL model. Santiago lies in the middle, with New York having the highest and

Seoul having the lowest.

25

—=— Seoul
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—A— New York
London SE
Sweden
—e— France
Netheriands

2.0
|

Crowding multiplier
1.5

1.0

Density of standees [pax/m"2]

Figure 4.5: International comparison for crowding multiplier sitting.

For the MNL standing CM, only {le-de-France was under the 2.0 CM thresh-
old and Seoul exceeds the 3.0 CM threshold. Santiago is about equivalent to
London and the South East of England. Santiago had the lowest standing CM
peak for the mixed logit standing CM, at 5.40, while Seoul had the greatest. Ac-
cording to Table 4.8% and Figure 4.7* (For detailed means of transportation to
work/school in the three cities, see in Figure D.16”), One possible explanation
is that Santiago inhabitants spend a higher proportion of their income on trans-
portation than residents of the other two cities (Santiago is 11.8% , while Seoul

is 8.3% and New York is 6.5%). Therefore, it is possible to argue that metro

3Data source: NUMBEO
4Original figure comes from NUMBEO
>Original figure comes from NUMBEO
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Figure 4.6: International comparison for crowding multiplier standing.

passengers in Santiago are less sensitive to congestion in the metro system than

passengers in Seoul and New York.

Table 4.8: Lives comparison between Santiago, Seoul and New York.

City Santiago Seoul New York
Population 6,811,595 9,967,677 8,230,290
Average Monthly Net

Salary (After Tax) 641.78 $ 2,596.08 $ 6,526.66 $
A single person estimated

monthly costs without rent 686.60 3 1,079.14 8 1,345.05%
Average transportation cost

(one-way ticket) 1.07 % 1105 275%
Average transportation cost 54.67 4855 130.00 $

(monthly pass)
Note: All data is from 2021.

Passengers’ appraisal of crowding when they have a seat does not change
much among cities. However, when passengers are forced to stand throughout

their journey, the value of crowding varies dramatically from city to city. This
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Figure 4.7: Distribution of living expenses in Santiago, Seoul and New York.

may be explained by the fact that various metro systems have varied designs
and routes. A metro train, for example, with fewer seats implies that customers
are unlikely to acquire a seat during peak hours. Meanwhile, travelers are more
sensitive to congestion if they must stand for extended interurban journeys. As
a result, it is possible to deduce that, when compared to sitting circumstances,
crowding multipliers standing are also influenced by the design of metro trains

and the metro system.
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Table 4.9: International Comparison of Crowding Multiplier (CM) and Standing Multiplier (SM) Results.

CM at highest CL

Standing pax/m?
or Number of
passengers (% of

Author Year City Method Transit mode CL total number of Sitting Standing SM
seats) at the
highest CL
Shin et al. [46] 2021 Seoul MNL Metro 6  200% 2.15 3.22 1.50
MMNL 341 7.19 2.11
Bansal et al. [5] 2019 New York MNL Subway 5 5 2.13 2.65 1.24
MMNL 5.95 6.92 1.16
Biorklundand =17 g0 qen MNL  PT 4 8 150 213 142
Swirdh [13] ' ' ’
Kroes et.al [35] 2014 Ile-de-France MNL Metro 8 250% 1.39 1.55 1.12
ng‘zf; ?;C]l 2009 London SE MNL  Rail 7 6 163 2.04 1.25
Yapetal. [58] 2020 Netherlands MNL Bus 4 3 1.34 - -
This thesis 2021 Santiago de Chile MNL Metro 6 6 1.73 2.22 1.29
MMNL 4.34 5.40 1.24

Note: PT stands for Public Transportation, CL stands for Crowding level, CM stands for Crowding multiplier, SM stands for
Standing multiplier.

Note: Two different ways of quantifying crowding levels are included, either measuring the number of standing passen-
gers per m?, or the number of passengers over the number of seats.

Note: CM for MMNL model is the mean value, not the median value.

Note: All researches use stated preference data.



CHAPTER 5
CONCLUSION

Crowding is included as one of the key explanatory factors in choice models,
and it is an important factor in explaining user behavior in Santiago. Crowding
multipliers and standing multipliers are obtained after estimating basic multi-
nomial Logit models, mixed multinomial logit models, and latent class logit
models. In addition, the significance of the form of representation of the crowd-
ing level was investigated, and it was shown to have no significant influence.
Furthermore, results show that (a) while smartphone ownership has no effect
on felt congestion while the respondent is sitting, it has a significant effect on
perceived crowding when the respondent has to stand the entire journey; (b)
there is no significant crowding perception bias across different frequencies of
smartphone usage; and (c) perceived crowding increases when people use their

smartphones for work and reduces when they use them for entertainment.

The assessment of crowding effect and the value of having a seat has the
potential to influence project appraisal by allowing different benefits for users
to be evaluated at different crowding levels. This might have been helpful in
the Santiago public transportation planning model, since it was assumed that
one minute is worth the same whether on trains or buses. The results of this
thesis may be used to assess the value of increasing service frequency, train size,
or seat capacity as methods for improving service quality. The crowding mul-
tiplier sitting is determined to be 1.5-1.7 at a density of standees of 6 pax/m?2,
but the crowding multiplier standing is between 1.9 and 2.2 for the same den-
sity. Crowding multipliers for the MNL and the median MMNL are not far

apart, suggesting that in the instance of Santiago, using crowding multipliers
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from a basic MNL model is sufficient to predict the crowding sensitivity of the
population as a whole. However, substantial variability exists in our dataset,
which both MMNL and LCL models can detect. Using the LCL model, this the-
sis attempts to discern between groups of consumers with varied preferences.
However, distinct groups cannot be readily distinguished based on their back-

grounds and socioeconomic status.

The models are also estimated in CM-space in this thesis. In the crowded
valuation literature, preference space models have previously been calculated.
However, only a few articles specifically mention random crowding multipli-
ers. It is worth noting that the CM-space specification not only allows for direct
interval inference for the crowding multiplier, but also allows for the direct as-
sumption of heterogeneity distributions (whereas preference space imposes a
multiplier with a ‘ratio of a mixture of normals’). Working with ratios is dif-
ficult from an econometric standpoint, since it may lead to odd forms of the

mixing distribution and high (unlikely) values of the crowding multipliers.

Moreover, results obtained in this thesis are compared with results from
Seoul, New York, Sweden, Ile-de-France, London and the South East of Eng-
land, and Netherlands. Because all of these studies use stated preference data,
there is no reason to be concerned about the suggestion made by Kroes et al.
[35] and Horcher et al. [30] that crowding multipliers obtained from stated pref-
erences data may be larger than those obtained from revealed preferences data.
The results indicate that Santiago’s crowding multiplier is around the average
of these cities, suggesting that Santiago metro passengers are neither greatly nor

seldom affected by congestion.

In terms of policy implications, the anticipated crowding multipliers should
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be tested in the assessment of modifications to the current metro network and
service, such as increasing or decreasing service frequency in peak and off-peak
hours. Without a crowding disutility, increasing train frequency just reduces
waiting time. The method given here may be used to quantify the impact of

such intervention on travel time comfort for an actual metro line in Santiago.
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APPENDIX A

NOTATIONS
n=1,...,N: respondent or passenger
t=1,...,T: choice task situation

j=1,...,J: alternative
ujy: utility of alternative j for respondent n in choice task ¢
TT,: travel time (min) of alternative j for respondent n in choice task ¢

d ;. passenger density (pax/m?) of alternative j for respondent n in choice

task ¢

1,,: a binary indicator of whether the passenger n is standing or not in

alternative j of choice task ¢

B = Brr.Brra,Brras:Bo): a vector of corresponding preference parameters

in MNL model

® B, = (BurrsBurras Burrass Bno): a vector of corresponding preference param-

eters of respondent n in MMNL model

* Brr — W, Brr — 0, Brra — 1, PBrra — O, Prrast — U Brras: — 0, Po: parameters of

interest of MMNL model

B = (7’,’}, (T”} " ﬁ(T"% IS o g’)): a vector of corresponding preference parame-
ters of class ¢ in LCL model

wi?: probability for 8 of respondent n

h,: a vector of sociodemographics for respondent n

¥4 a vector of parameters for A, in class ¢

Ay: the ratio of Brr4 and Brr
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Ay: the ratio of Brr4s; and Brr

K: the total number of parameters of interest

CM sianaing: crowding multiplier in standing conditions
C M iying: crowding multiplier in sitting conditions

S M: standing multiplier
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APPENDIX B
APPENDIX OF CHAPTER 3

B.1 Mixture-of-normals logit (MON-MNL) model

The name of MOM-MNL model or mixed-mixed logit model is kind of self-
explained. The random parameters in MMNL model are described by a dis-
crete mixture of continuous (Gaussian) heterogeneity distributions in MOM-
MNL model. With C components in the mixture, utility derived for individual

n in component ¢ from making choice j in choice situation ¢ is:

U;nt = x;'ntac + Z;'mﬂ; + Eijnt (Bl)

where x,, are the alternative-specific characteristics and z;,, are random param-

eters, with a fixed marginal utility @. and a random marginal utility 3; of class

c respectively. Note that 8 ~ N(y.,A.) and &, “E V1(0,1). The probability of

choosing alternative j by individual 7 of class ¢ in choice situation ¢, conditional
C 1Q-
on Sy is:
/ ’ C
exp(x @ T2 jm,Bn)

J ’ ’ c
=1 eXP(xjma/C + s )

Pjnt()’jntla'caﬁrc;) = (BZ)

Then the conditional likelihood function given that respondent n makes the

sequence of choices is:

MON-MNL
4

T J
[Pjnt(yjntla'c’ﬁ?)]yjm (B3)
=1 j=1

s J

Define a membership component w = (wy,...,wy). W, is a random value
with probability P(w, = ¢) = s.,, where 0 < s, < 1 and }).s. = 1. Class mem-

bership probability s. may be given as logit-type expressions, with link func-
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tions characterizing classes based on sociodemographics. Therefore, the uncon-

ditional probability is:

C
PiO) =) {sc [ f £ By, Ac)dﬁ]} (B4)
c=1 B
where 6 is the parameters of interests and 6 = {ay, s, y1, Al ..., ac, sc, Ve, Ac).

The loglikelihood of MON-MNL model is:

N C
LMONMNL = 3 In (Z {sc [ f 6N f By, Ac)dﬁ]}) (B.5)
B

n=1 c=1

The loglikelihood function does not have a close-form solution. Again, maxi-

mum simulated likelihood estimation can be used.

B.2 Logit-mixed logit (LML) model

Logit-mixed logit model uses a discrete mixing distribution over a finite support

set §. The probability of a random g, belongs to a specific value 3,, is:

exp(z(Bnr)y)
225 eXP(2(Bns)y)

where y is a vector of parameters and z(8,,) is vector-valued function (e.g. spline,

Wn(ﬂn :ﬁnrb/) = (B6)

step, or polynomial function) that captures the shape of the mixing distribution.
For instance, if z(8,,) is step function. Let 7,,,m € {1,..., M} be a partition of S,

then the probability w,(8, = B,y) becomes:

CXP(Znﬂle l(ﬂnr € Tm)’)/m)
2 exp(Zymy 1Bur € Tu)¥)

where 1(8,, € T,,) is a vector of M indicators that identify the subset containing

Wn(ﬁn = ﬁnrl’)/) = (B7)

Bnr- The conditional choice probability is:

’ ’
exp(xjnta + ijﬁnr)

7
21 OXP(X, @ + 25, Bor)

Pjnt(yjmla/’ﬁnr) = (B8)
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Therefore, the unconditional likelihood function is:

T J
grLlML = Z 1_[ n I:Pjnt(yjntla'aﬁnr)wn(ﬂn = ﬁnrly)]yjm (B9)

and the loglikelihood is:

N T

LML Z Vint Z ZJ: In
n=1

=1 j=1

Z Pjnt(yjnt|aaﬂnr)wn(ﬂn = ﬁnrb’)

reS

(B.10)

Since the support set S is too large, direct maximization of the sample loglikeli-
hood is computationally intractable in practice. Maximum simulated loglikeli-

hood estimation can be applied by using a randomly generated subset S € S

N T

A LML

Ousre = argmax L = Z Vint Z In
0y -

J
n=1 t=1 j=1

Z Pjnl(yjntla’aﬂnr)wn(ﬁn = ﬂnrl)’)} (Bll)

reS
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APPENDIX C

APPENDIX OF TABLES

Table C.1: Income profile.

Household income ($/month) Percent. Accum.
0-200 14.8% 14.8%
200-400 19.9% 34.7%
400-600 19.1% 53.8%
600-800 10.2% 64.0%
800-1000 5.8% 69.8%
1000-1500 11.1% 80.9%
1500 or higher 18.9% 100%
Table C.2: Descriptive sample statistics (N = 413).
Sociodemographics variables Min Max Median Mean Std. Dev.
Male indicator 0 1 0 0.460543  0.498594
Age (years) 17 73 33 35.03083  11.93868
Education levels 2 6 5 4.477805 1.187198
Occupation 1 6 3 3.379778  1.208151
Car ownership indicator 0 1 1 0.676326  0.468022
Personal income as share 1 5 3 2 69852 1431465

of household income

Table C.3: Example of six stated choice components for a respondent.

Alternative 1

Alternative 2

Choice Travel time Crowding Stand Traveltime Crowding Stand

1D task (mins) level or not (mins) level or not
1 1 15.000 6 1 16.875 4 1
1 2 11.250 4 1 16.875 2 0
1 3 15.000 6 0 13.125 5 1
1 4 18.750 1 0 11.250 6 0
1 5 16.875 1 0 15.000 3 0
1 6 11.250 3 0 13.125 1 0
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Table C.4: Crowding level description in text format.

Level Description

Less than half of seats are occupied. No one is standing

More than half of seats are occupied. No one is standing

All seats are occupied. Few people standing, there is no difficulty moving
All seats are occupied. People standing, minor difficulty moving

All seats are occupied. Many people standing, it is difficult to move

All seats are occupied. Maximum number of people standing,

maximum difficulty to move

AN Ol WIN -

Table C.5: MNL considering different crowding representation formats, where
the interactions with Photo and Text only happen for the highest levels of
crowding.

Coefficients Estimate Std.Error. t-value p-value
Bo 0.187 0.043 4.334 0.000
Brr -0.084 0.016 -5.167 0.000
Brra -0.009 0.002 -4.413 0.000
Brras: -0.006 0.002 -3.038 0.002
Br1d_photo -0.005 0.002 -2.523 0.012
Brrdrext -0.002 0.002 -1.164 0.244
Brrasi_photo -0.002 0.002 -1.018 0.309
Brras: Text -0.004 0.002 -2.076 0.038
Log-likelihood: -1674.455

Rho-square: 0.0208

Adj.Rho-square: 0.0161

AIC: 3364.91

BIC: 3411.4
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Table C.6: MNL considering different crowding representation formats, where
the interactions with Photo and Text only happen for the two highest levels of
crowding.

Coefficients Estimate Std.Error. t-value p-value
Bo 0.175 0.042 4.167 0.000
Brr -0.101 0.016 -6.395 0.000
Brra -0.009 0.002 -4.705 0.000
Brras: -0.007 0.002 -3.699 0.000
Brra_photo -0.006 0.002 -3.329 0.000
Brrdtex -0.008 0.002 -3.958 0.000
Brras: photo -0.002 0.002 -0.860 0.390
Brrdsi Text -0.003 0.002 -1.457 0.145
Log-likelihood: -1667.391

Rho-square: 0.0249

Adj.Rho-square: 0.0202

AIC: 3350.78

BIC: 3397.27

Table C.7: MNL considering different crowding representation formats, where
the interactions with Photo and Text only happen for the three highest levels of
crowding.

Coefficients Estimate Std.Error. t-value p-value
Bo 0.142 0.041 3.470 0.000
Brr -0.108 0.016 -6.913 0.000
Brra -0.010 0.002 -5.025 0.000
Brras: -0.009 0.002 -4.687 0.000
Brrd_photo -0.005 0.002 -2.752 0.000
Brrdrext -0.006 0.002 -3.453 0.001
Brrasi_photo 0.000 0.002 0.145 0.885
Brras: Text -0.001 0.002 -0.471 0.638
Log-likelihood: -1672.98

Rho-square: 0.0216

Adj.Rho-square: 0.017

AIC: 3361.96

BIC: 3408.45
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Table C.8: MNL considering different crowding representation formats, where
the interactions with Photo and Text only happen for the four highest levels of
crowding.

Coefficients Estimate Std.Error. t-value p-value
Bo 0.145 0.041 3.557 0.000
Brr -0.098 0.0152 -6.462 0.000
Brra -0.012 0.002 -5.634 0.000
Brras: -0.007 0.002 -4.028 0.000
Brra_photo 0.001 0.002 0.494 0.622
Brrdrext -0.001 0.002 -0.574 0.566
Brras:_photo -0.001 0.002 -0.399 0.690
Brras: Text -0.002 0.002 -0.949 0.343
Log-likelihood: -1679.444

Rho-square: 0.0179

Adj.Rho-square: 0.0132

AIC: 3374.89

BIC: 3421.37

Table C.9: MNL considering phone usage frequency.

Coefficients Estimate Std.Error. t-value p-value
Bo 0.134 0.049 2.709 0.007
Brr -0.115 0.019 -6.093 0.000
Brra -0.015 0.003 -4.986 0.000
Brras: -0.008 0.003 -2.811 0.005
Brra.ai 0.004 0.003 1.499 0.134
Brrasi.ai -0.002 0.003 -0.672 0.502
Brramaj 0.003 0.003 0.945 0.345
Brrasimaj 0.000 0.003 -0.142 0.887
Brrd_haly -0.003 0.004 -0.970 0.332
Brrasi half 0.004 0.004 0.998 0.318
Brranaf -0.006 0.003 -1.659 0.097
Brrasiinaly -0.004 0.003 -1.143 0.253
Log-likelihood: -1149.137

Number of Observations: 1706

Rho-square: 0.0282

Adj.Rho-square: 0.0181

AIC: 2322.27

BIC: 3404.13
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Table C.10: MNL considering different purpose of phone use.

Coefficients Estimate Std.Error. t-value p-value
Bo 0.137 0.051 2.698 0.007
Brr -0.122 0.020 -6.239 0.000
Brra -0.015 0.003 -4.917 0.000
Brras: -0.010 0.003 -3.731 0.000
Brrd_social -0.002 0.002 -0.922 0.357
Brrasi_social -0.002 0.002 -0.824 0.410
Br1dmessage 0.005 0.002 2.196 0.028
Brrastmessage 0.001 0.002 0.250 0.803
Brrd.seie -0.005 0.002 -2.129 0.033
Brrasi.sele 0.002 0.002 0.865 0.387
Brrd news -0.001 0.002 -0.354 0.723
Brrasinews -0.001 0.002 -0.361 0.718
Br1d_ebook -0.002 0.003 -0.581 0.561
Brrasi_ebook 0.001 0.003 0.379 0.705
Brrdmusic -0.002 0.002 -0.977 0.328
Brrdstmusic 0.002 0.002 1.037 0.300
Brravideo 0.009 0.004 2.186 0.029
Brrasivideo 0.004 0.004 0.954 0.340
Brrd_game 0.006 0.002 2.566 0.010
Brras:_game 0.003 0.002 1.377 0.169
Brrd.work -0.007 0.003 -2.713 0.007
Brrdsiwork -0.001 0.003 -0.335 0.738
Log-likelihood: -1096.058

Number of Observations: 1646

Rho-square: 0.0393

Adj.Rho-square: 0.02

AIC: 2236.12

BIC: 2355.05
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Table C.11: Mixed multinomial logit model using normal mixing densities.

Coefficients Estimate Std.Error t-value p-value
Bo 0.193 0.051 3.757 0.000
Brr - 1 -0.167 0.027 -6.171 0.000
Brr - o 0.248 0.024 10.320 0.000
Brra - 1 -0.026 0.003 -8.337 0.000
Brra - o 0.021 0.003 7.156 0.000
,BTTdSt - -0.016 0.002 -7.274 0.000
Brras: - o -0.007 0.005 -1.472 0.141
Log-likelihood: -1512.314

Number of observations: 2467

Number of individuals: 413

Number of draws: 2000

Rho-square: 0.1156

Adj.Rho-square: 0.1115

AIC: 3038.63

BIC: 3079.3
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Table C.12: Latent class logit model, with 3 classes.

Coefficients Estimate Std.err. t-value p-value
Class 1: B, 8.465 14.616 0.579 0.562
Class 1: Brr -7.277 36.767 -0.198 0.843
Class 1: Brra -0.402 3.010 -0.133 0.894
Class 1: Brras: 0.433 0.817 0.530 0.596
Class 2: B, 0.082 0.085 0.961 0.337
Class 2: Brr -0.020 0.044 -0.461 0.645
Class 2: Brrq -0.035 0.006 -6.065 0.000
Class 2: Brras: -0.017 0.005 -3.337 0.001
Class 3: B 0.210 0.070 3.000 0.003
Class 3: Brr -0.211 0.028 -7.479 0.000
Class 3: Brra -0.011 0.003 -4.143 0.000
Class 3: Brras: -0.013 0.002 -5.415 0.000
Class Membership (Class 2)
Y@ -1.023 1.744 -0.587 0.557
Y2 -0.026 0.783 -0.034 0.973
Y 0.014 0.257 0.054 0.957
e 0.080 0.080 1.001 0.317
@ 0.376 0.933 0.403 0.687
Yooup 0.209 0.451 0.464 0.643
o -0.001 0.072 -0.019 0.985
Class Membership (Class 3)
y3 -0.538 1.763 -0.305 0.760
Y 0.384 0.813 0.473 0.637
¥ 0.122 0.268 0.456 0.648
Yo 0.065 0.081 0.804 0.421
&) 0.931 0.968 0.962 0.336
P -0.079 0.465 -0.170 0.865
v 0.021 0.074 0.287 0.774
Log-likelihood: -1507.149
Rho-square: 0.1165
Adj.Rho-square: 0.1012
AIC: 3066.3
BIC: 3217.31
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Table C.13: Latent class logit model, with continuous random parameters.

Coefficients Estimate Std.err. t-value p-value

Class 1: By 0.459 0.321 1.431 0.152

Class 1: Brr — u -5.119 3.946 -1.297 0.195

Class 1: Brr — o -0.799

Class 1: Br7q -0.224 0.059 -3.804 0.000

Class 1: Brras: -0.095 0.028 -3.382 0.001

Class 2: 8y 0.173 0.052 3.355 0.001

Class 2: Brr — u -1.842 0.150 -12.251 0.000

Class 2: Brr — o 0.940 0.121 7.778 0.000

Class 2: Br7q -0.015 0.002 -6.741 0.000

Class 2: Brras: -0.015 0.002 -7.816 0.000

Class Membership (Class 2)

y? 2.285 0.494 4.622 0.000

Yomate -0.073

Vine 0.012

Yage -0.007 0.008 -0.859 0.390
2 0.110

Yooup -0.218 0.101 -2.155 0.031

o 0.009 0.022 0.421 0.673

Log-likelihood: -1479.159

Rho-square: 0.1329

Adj.Rho-square: 0.1229

AIC: 2992.32

BIC: 3091.06
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Table C.14: Latent class logit model in CM-space.

Coefficients Estimate Std.err. t-value p-value
Class 1: 8y 0.087 0.084 1.042 0.297
Class 1: Brr -0.028 0.043 -0.654 0.513
Class 1: Brra 1.229 1.734 0.709 0.478
Class 1: Brras: 0.604 0.784 0.771 0.441
Class 2: By 0.214 0.069 3.114 0.002
Class 2: Brr -0.220 0.027 -8.258 0.000
Class 2: Brra 0.049 0.007 6.554 0.000
Class 2: Brras: 0.056 0.006 9.590 0.000
Class Membership (Class 2)

y? 0.838 0.550 1.523 0.128
Yimale 0.375 0.254 1.475 0.140
Yine 0.095 0.067 1.415 0.157
Yage -0.019 0.009 -2.116 0.034
Yauto 0.477 0.264 1.808 0.071
Yocup -0.282 0.117 -2.417 0.016
Yip 0.016 0.028 0.575 0.566
Log-likelihood: -1514.984

Rho-square: 0.1119

Adj.Rho-square: 0.1031

AIC: 3059.97

BIC: 3147.09
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APPENDIX OF FIGURES
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Figure D.1: Gender proportion.
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Figure D.2: Age proportion.
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Education Level of Respondents
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Figure D.3: Education level.
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Figure D.4: Car ownership.
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Figure D.5: Smartphones percentage.
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Figure D.6: Income.
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Figure D.10: The relationship between trip type and travel time.
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If have smartphone, how frequently is the smartphone used?
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Figure D.11: Smartphone usage frequency.
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Will you use your smartphone when you don't feel safe? Will you use your smartphone when the train is too crowded?
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Figure D.12: Situations which the respondents will use smartphone. (a) during
a short trip; (b) when travelling with others; (c) when he or she feels unsafe; (d)
when the train is too crowded.
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Figure D.13: Crowding perception: how secure and how comfortable the re-
spondent feels for three different crowding levels. (a) occupancy level low,
comfort; (b) occupancy level low, security; (c) occupancy level medium, com-
fort; (d) occupancy level medium, security; (e) occupancy level high, comfort;

(f) occupancy level high, security.
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Figure D.14: Crowding levels using 2D diagrams.
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Figure D.15: Crowding levels using photos.
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Main means of transportation to work/school in Santiago
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Figure D.16: Main means of transportation to work/school in (a) Santiago, (b)
Seoul and (c) New York.
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