
Adjectives qualifying individuals’ perceptions

impacting on transport mode preferences
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Abstract

In this paper, we present an analysis of the impact of perceptions on transport mode
choice. Traditional revealed preference surveys very often only involve questions leading
to the collection of quantitative data, discrete or continuous, but little attention is given
to qualitative data. In the survey on which this research is based, such data appears
as adjectives describing a series of transport modes, freely reported by respondents. The
calibration of an integrated choice and latent variable model has shown that travelers’ per-
ception of comfort in public transports has a significant impact on their mode preferences.
Moreover the prediction of individuals’ choices by such model is much more accurate than
by a logit model with multiple alternatives.
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1 Introduction

Individuals’ mobility is complex and sometimes hard to understand. In this research, we
are particularly interested in understanding the transport mode choices of inhabitants of
low-density areas, in order to figure out their needs in terms of mobility. Our assumption
is that their mode preferences are not only driven by classical variables such as cost or
time, but that some aspects related to their attitudes or perceptions play a major role in
their decisions and need to be taken into account to analyze their transport mode choices.

This motivates the development of survey designs, involving new ways of phrasing
questions in order to obtain different types of answers. To capture individuals’ attitudes
or perceptions, the techniques used in the literature include showing a certain number of
statements where respondents have to indicate a rating on a five-point scale. For exam-
ple, Vredin Johansson et al. (2006) collect ratings of the importance of some attitudinal
questions related to comfort, convenience and flexibility of transport modes, Abou-Zeid
et al. (2008) ask respondents to indicate their satisfaction when they commute either by
public transports or by car, Hurtubia et al. (2010) and Atasoy et al. (2010) request indi-
viduals to rate their agreement on a list of statements related to a set of topics, including
environmental concern or lifestyle.

The design of diverse data collection techniques generates a need for the development of
new demand models. In particular, we want to address the issue of assessing the impact on
choice of latent attitudes or perceptions. So far, this has been performed by integrating
a choice model with a latent variable model in a hybrid framework (see Walker, 2001,
Walker and Ben-Akiva, 2002 and Ben-Akiva et al., 2002). In the literature, the effect on
choice of several latent variables has been evaluated. In particular, Espino et al. (2006)
assess the effect of the latent variable of comfort on the choice between bus and car.
Vredin Johansson et al. (2006) also analyze the impact of comfort on mode preferences as
well as the one of flexibility and care for environment.

We tackle the issue of collecting indicators of perception by using a particularly new
method which consists of asking respondents to report several adjectives describing best
a variable of interest (Kaufmann et al., 2001 and Kaufmann et al., 2010). In the case of
the analysis of transport mode preferences, this variable can be any available mode in the
context of the study.

The subsequent step is to model the impact of perception on mode choice. Perception
being a concept which is not directly available from the data, we model it as a latent
variable. Hence, the framework we will use in this modeling context is an integrated
choice and latent variable model.

The field of possible answers for a question asking to report adjectives describing
people’s perception of a transport mode is very wide and therefore allows for the analysis
of a variety of themes related to perception. For instance, one could model perception
of flexibility, environmental impact or reliability of a particular transport mode. In this
paper the analysis of the impact on choice of individual’s perception of comfort in public
transports is presented.

The data which was used in this research comes from a revealed preference survey
performed in low-density areas of Switzerland as a joint project between PostBus, one
of the major companies operating in such regions, and EPFL’s Transportation Center
(TraCe). In this survey, inhabitants were asked to describe all trips performed on a
particular day as well as a the chosen transport modes.

In this paper, we first present the data collection phase. Then we describe the inte-
grated choice and latent variable model and explain how we take into account qualitative



2 DATA COLLECTION 4

adjective data in the framework. In order to test the validity of the model, a forecast-
ing analysis is performed and presented in a subsequent section. We finally conclude by
presenting some possible further developments.

2 Data collection

In order to analyze the transport mode choices of inhabitants of regions which are little
connected, a revealed preference survey was set up. Such survey aims at collecting data
about individuals’ real choices.

This section presents the context preceding this survey as well as its structure.

2.1 Complete survey

The revealed preference survey on which the present research is based was designed using
results of a qualitative survey conducted on inhabitants of rural areas or suburban areas.
The latter consisted on interviews coupled with GPS recordings of the respondents’ trips.
A complete description of the qualitative survey is given in Doyen (2010).

The outcomes of the qualitative survey enabled us to design the questions asked in the
revealed preference survey. In particular, this is the case of some of the questions related
to people’s opinions or attitudes such as their concern for environmental.

2.2 Revealed preference survey

The qualitative survey was followed by a quantitative one, i.e. the revealed preference
survey, which was conducted between 2009 and 2010. Two exemplars of a questionnaire
were sent to each household of 57 towns or villages connected by post busses. The towns
and villages were selected in order to be representative of the whole network of PostBus
and respondents of 16 years and over were asked to answer the questionnaire. In total,
1′763 valid questionnaires were collected. Each of them consisted of six parts:

Description of trips: The respondents had to report all trips they performed in one
day. In particular, they had to mention in the mode(s) they used for each trip, the
activity they performed at the destination, the trip duration and the cost of fuel or
public transport ticket. To summarize, this section contained the central information
necessary for the calibration of a discrete choice model.

Opinions: A series of statements was shown to the respondents and they had to rate
their agreement on a five-point Likert scale, ranging from a total disagreement to
a total agreement. The sentences related to different topics such as environmental
concern, mobility, residential choice and lifestyle were defined on the basis of results
of the qualitative survey. Examples of statements related to each respective theme
are reported below:

The price of gasoline should be increased in order to reduce traffic conges-
tion and air pollution.

Taking the bus helps making a town more comfortable and welcoming.

Accessibility and mobility conditions are important in the choice of an
accommodation.

I always plan my activities a long time in advance.
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The answers to these statements build the data necessary for the inclusion of latent
variables in the choice model.

Mobility habits: In order to understand the underlying concepts that drive individuals’
mode preferences, a section of the questionnaire was dedicated to the collection of
information on people’s mobility habits. For instance, it included questions about
the transport modes used for certain trip types (work, shopping, leisure, etc.) or
during childhood.

Perception of transport modes: Respondents were asked to report three adjectives
describing best each transport mode of a given list. The latter included the following
modes: car, train, bus/metro/tram, post bus, bike or walk. This section of the survey
is fundamental to our analysis of perception of transport modes, as it provides a very
rich data set made of words freely reported by respondents. But in order to include
such variables into a model, they need to be quantified. This procedure is explained
in details in section 2.3.

Household description: As mode choices are often results of common decisions taken
within a household and not necessarily relative to the respondent’s own choice, a sec-
tion of the questionnaire was designed to collect information about the respondent’s
household, such as its number of cars or its total income.

Personal data: Finally, classical socio-economic data about the respondent was col-
lected.

The data collected in all sections above provided a very complete basis for the calibra-
tion of a discrete choice model. Let us remark that due to the inaccuracy of the durations
and costs reported by the respondents for each of their trips, we used times and costs
given on the websites of the Swiss railways (SBB) http://www.cff.ch and of ViaMiche-
lin http://fr.viamichelin.ch. The same websites were used to infer the times and costs
for the non-chosen alternatives.

2.3 Adjective data

In the section of the questionnaire on the perception of the transport modes, respondents
had to report three adjectives describing best the following set of transport modes: car,
train, bus/metro/tram, post bus, bike or walk. As an illustation, Table 1 presents the
exact way the question was formulated.
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For each of the following transport modes, give three adjectives that describe them
best according to you.

Adjective 1 Adjective 2 Adjective 3

1 The car is:

2 The train is:

3 The bus, the metro and the tram are:

4 The post bus is:

5 The bicycle is:

6 The walk is:

Table 1: Question on the perception of several transport modes, as it appeared in the questionnaire.

These adjectives were grouped into several themes including comfort, perception of
time, perception of cost, difficulty of access, flexibility, efficiency, reliability, environmen-
tal impact, appreciation, look, etc. The adjectives classified within each theme provide
information which we assume to reflect closely each respondent’s perception of each topic,
as they are freely reported.

In the model presented in this paper (see section 4 for the specification), we are inter-
ested in evaluating the effect of the perception of one of the characteristics of transport
modes listed above, that is comfort in public transports, on the mode choice. Hence, we
use the adjective data relative to modes train, bus/metro/tram and post bus as indicators
of this particular attribute. But first the adjective data must be quantified, i.e. we need
to find a scale of ‘comfort’. In order to have enough variability in this scale, we ranked the
adjectives describing comfort on a five-point scale from −2 to 2. For example, adjective
‘bumpy’ would be rated as −2, adjective ‘tiring’ as −1, adjective ‘empty’ as 1, adjective
‘relaxing’ as 2. All adjectives which are not related to comfort were coded as 0. The adjec-
tives related to the theme comfort with their corresponding scale are shown in Table 21.
Let us note that none of the adjectives of the table are coded with value 0 as they are all
related to the perception of comfort, in a positive or negative way. Adjectives with scale
0 are related to other themes. Example of such adjectives could be ‘precise’, ‘expensive’
or ‘healthy’ which do not give any information on the perception of comfort.

Let us note that a drawback of the coding of adjectives presented here is that it is
subjective, as some variation when assigning the scales could occur from one modeler to
the other. Improvements on that aspect are planned in future research.

1Let us remark that some of the words reported by respondents are actually not adjectives. They were
nevertheless included in the analysis.
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Comfort Scale

hardly full 1

packed -1

bumpy -2

comfortable 1

hard -1

irritating -2

tiring -1

unsuitable with bags -1

uncomfortable -1

bad air -2

unsuitable with strollers -1

difficult -2

full -1

relaxing 2

restful 2

without stress 2

shaking -2

stressful -1

suffocating -1

empty 1

Table 2: List of adjectives related to the perception of comfort, together with the corresponding
scale.

As respondents reported three adjectives for each of the three public transports (train,
bus/metro/tram and post bus), the coding described above implied the creation of nine
variables, which are indicators of the perception of comfort in public transports. These
indicators will be used as measurements of the latter.

3 Integrated choice and latent variable model

In this section, we present the modeling framework that is used to explain and predict
individuals’ mode preferences.

As we aim at explaining people’s mode choices with attitudes or perceptions, which
are not directly available from the data, we use a modeling framework allowing for the
inclusion of latent concepts, i.e. an integrated choice and latent variable model (see Walker,
2001). A scheme of such framework is shown in Figure 1. It consists of two models:
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• A discrete choice model.

• A latent variable model.

Two sorts of variables build this framework:

Measurable variables: These variables (represented by rectangles) are either explana-
tory variables X, which aim at explaining individuals’ choices or latent attitudes,
indicators I of a latent variable, often in the form of answers to questions about
opinions, or indicators y of the respondents’ actual choices. We use indicators of a
latent variable to quantify it, as it is not directly available from the data.

Latent variables: The latent variables X∗ (represented by ovals) can be attitudes or
perceptions, which cannot be directly obtained from the data, or utilities U , which
measures how useful the different choices are for each individual.

An integrated choice and latent variable model is made of two types of relationships:

Structural equations: These equations aim at explaining an unobservable variable by
some observable explanatory variables.

Measurement equations: These relationships express a measurable indicator by latent
variables, the latter being not directly available from the data.

Figure 1: The integrated choice and latent variable model (Walker, 2001). Variables in rectan-
gles are observable and variables in ovals are latent. The continuous arrows represent structural
equations and the dashed ones are measurement equations.
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Two types of structural equations are specified, one for the choice model and one for
the latent variable model.

The structural equation for the choice model is given by the following relationship:

Uin = Vin + εin, with εin ∼ EV(0, 1) (1)

In equation (1), Uin represents the utility of alternative i for respondent n. According
to the random utility theory, each utility Uin is the sum of a deterministic term Vin and a
random variable εin of an extreme value distribution with location parameter 0 and scale
parameter 1. The deterministic part is a function V : R

2p −→ R of observable explanatory
variables Xin, latent variables X∗

n and a p-dimensional vector of parameters β. In other
terms, we have

Vin = V (Xin,X∗
n;β). (2)

The structural equation for the latent variable model is given by the following formula:

X∗
n = h(Xin;λ) + ωin, with ωin ∼ N (0, σω) (3)

The latent variable X∗
n of equation (3) is expressed as a function h : R

2l −→ R of
observable explanatory variables Xin for an alternative i and an individual n, and an l-
dimensional vector λ of coefficients. Similarly as for the structural equation of the choice
model, we specify a random term ωin. In this case, it is normally distributed with mean
0 and standard deviation σω.

In the integrated choice and latent variable model, we specify measurement equations
for the latent variables, as the latter cannot be obtained directly from the data. For
each individual n and each alternative i, these equations express an indicator In as a
function m : R

2a −→ R of latent explanatory variables X∗
n and of a a-dimensional vector

α, where a is the number of indicators of latent variables X∗
n. A random term νn of

Logistic distribution with location parameter 0 and scale parameter 1 is added to function
m. To summarize, the measurement equations are of the following form:

In = m(X∗
n;α) + νn, with νn ∼ Logistic(0, 1) (4)

In the model presented in this paper, we use discrete indicators for the latent variable.
The reason is that the indicators used for measuring the latent variable can only take five
integer values from −2 to 2 (see section 2.3 for more details).

For a discrete indicator with k levels i1, . . . , ik, such that i1 < i2 < . . . < ik, the
measurement equations are given by threshold functions:

In =































i1 if −∞ < X∗
n ≤ τ1

i2 if τ1 < X∗
n ≤ τ2

. . .

ik if τk−1 < X∗
n ≤ +∞

(5)

for every individual n. In other terms, we specify an ordered logit model for latent variable
X∗

n. Parameters τ1, . . . , τk−1 are thresholds which need to be estimated.
The vectors of parameters β, λ, σω and α, as well as threshold values τ1, . . . , τk−1 are

estimated by maximum likelihood techniques. For each individual n, the joint probability
of choosing alternative i and observing indicator In is given as follows:

f(yin, In|Xin;α, β, λ, σω) =

∫

X∗
n

P (yin|Xin,X∗;β, σω)·f(In|Xin,X∗
n;α, σω)·f(X∗

n|Xn;λ, σω)dX∗
n,
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where choice indicator yin is defined as follows:

yin =







1 if Uin = maxj Ujn

0 otherwise
(6)

The following likelihood function is then estimated:

L =

N
∏

n=1

f(yin, In|Xin;α, β, λ, σω). (7)

Values for parameters β, λ, σω, α and τ1, . . . , τk−1 are obtained by maximizing L and
enable the modeler to evaluate the effect of characteristics of the alternative and/or the
respondent on the choice. The software used for the estimation of the model of this paper is
BIOGEME (Bierlaire, 2003). We used its extended version which is presented in Bierlaire
and Fetiarison (2009).

4 Model specification and estimation

In section 3, we described the modeling framework we wish to apply in order to analyze
the mode preferences of the individuals. In this section, we present its specification and
estimation results.

4.1 Choice variable

Before providing the specification of the discrete choice model, we need to define the choice
variable carefully. The latter is defined as the transport mode used by the respondents.
It can be one of the three following categories:

• Public transport modes, such as bus, train, etc. This category is denoted as PT in
the choice model.

• Private transport modes, such as car, motorbike, etc. This category is denoted as
PM in the choice model.

• Soft modes, such as walk or bike. This category is denoted as SM in the choice
model.

The respondents’ mode choice are analyzed on loops and not on single trips, that
is, one observation corresponds to one sequence of trips starting from each respondent’s
home and ending at the same place. For example, one simple loop can consist of a series
of starting points and destinations home-work-home. A longer loop such as home-work-
shopping-home can include an additional trip for shopping. In the data, 2′265 loops were
identified from the 1′763 valid questionnaires.

Hence, the choice variable is defined as the set of modes, i.e. public transports, private
modes or soft modes, used on each loop.

4.2 Model specification

The integrated choice and latent variable model is made of two models: a discrete choice
model and a latent variable model. For the discrete choice model, the deterministic parts
of the utility functions are given as follows:

VPM = ASCPM + βcost · costPM + βwork · work + βFrench · French + βtimePM
· timePM
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VPT = ASCPT+βcost·costPT+βtimePT
·timePT+βcomfort·PerceptionComfortPT·HighUsagePT

VSM = ASCSM + βdistance · distance

All three utility functions include constant terms, that is, parameters ASCPM, ASCPT

and ASCSM for the private, public and soft transport modes, respectively. The constant
term ASCPT is fixed to 0. We assume that the deterministic utilities VPM and VPT of
the private and public transport modes are influenced by the travel times timePM and
timePT, and travel costs costPM and costPT. For the soft modes, a distance term distance
is included.

In addition to the characteristics of the transportation alternatives, some socio-economic
variables are assumed to have an impact on the transport mode choice, that is, a vari-
able work which is an indicator that the respondent peformed home-work-home loops and
a variable French indicating that the respondent resides in a French-speaking region of
Switzerland.

In the deterministic utility VPT, a latent explanatory variable PerceptionComfortPT
is also included and accounts for the image people have of comfort in public transports. It
is interacted with a variable HighUsagePT which indicates if the respondent uses public
transportation at least once a week. By interacting the perception of comfort in public
transports and a frequent use of the latter, we assume that travelers who often take public
transports have a better image of their comfort.

The perception of comfort in public transports PerceptionComfortPT is described by
the following structural equation:

PerceptionComfortPT = λmean + λGerman · German + λage50 · age50 + λactive · active

+ λcars · cars + ω, with ω ∼ N (0, σ) (8)

In equation (8), we specify an intercept λmean and assume that several socio-economic
variables have an effect on individual’s perception of comfort in public transportation. The
latter include an indicator German of a residence in a German-speaking region, a variable
age50 indicating that the respondent is younger than 50 years, a variable active equal to
1 if the respondent has a full-time / part-time job, and 0 for another working status, and
a variable cars indicating if the respondent’s household owns at least 2 cars. A random
variable ω of mean 0 and standard deviation σ is also added to the structural equation,
in order to take into account effects which the deterministic part does not model.

As latent variable PerceptionComfortPT cannot be directly quantified by a survey
question, measurement equations that relate it with indicators are specified. The indica-
tors are the values ranging from −2 to 2 which were assigned to each adjective respondents
reported for a list of transport modes, according to the procedure explained in section 2.3.
In particular, we asked respondents to report three adjectives for the each of the following
three types of public transports: train, bus/metro/tram and post bus.

This enables us to define 9 indicators, which can be written as follows, according to
equation (5), for k = 1, . . . , 9:

Ik =











































−2 if −∞ < PerceptionComfortPT ≤ τ1

−1 if τ1 < PerceptionComfortPT ≤ τ2

0 if τ2 < PerceptionComfortPT ≤ τ3

1 if τ3 < PerceptionComfortPT ≤ τ4

2 if τ4 < PerceptionComfortPT ≤ +∞

(9)
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In practice, we do not estimate each τr, with r = 1, . . . , 4, but define other variables
δs, with s = 1, . . . , 3, such that

τ2 = τ1 + δ1

τ3 = τ2 + δ2

τ4 = τ3 + δ3

with δs ≥ 0 ∀s = 1, . . . , 3. Variables δs, with s = 1, . . . , 3 are hence defined in order to
have τ1 < τ2 < τ3 < τ4. Then the only parameters which must be estimated are τ1 and all
variables δs, with s = 1, . . . , 3.

Each indicator Ik defined in equation (9), with k = 1, . . . , 9, is related to latent variable
PerceptionComfortPT via a measurement equation specified as follows:

Ik = αk · PerceptionComfortPT + νk, with νk ∼ Logistic(0, 1)

4.3 Estimation results

Parameters ASCh with h ∈ {PM,PT,SM}, βi, with i ∈ {cost, timePM , timePT ,distance,
work,French, comfort}, λj , with j ∈ {mean,German, age50, active, cars}, σ, αk with k =
1, . . . , 9, and finally τ1 are estimated by maximizing likelihood function specified in equa-
tion (7).

Let us note that for normalization purposes, α1 is fixed to 0.
The estimation results of the integrated choice and latent variable model are reported

in Table 3. A first observation is that all parameters are significant at a 95% level of
confidence, except τ1. The significance of the latter has no importance, as it is only the
value of a threshold. The following conclusions can be drawn from the estimates of the
integrated choice and latent variable model:

• Regarding the choice model, the alternative specific constant ASCPT was set to 0.
This means that given the positive signs of constants ASCPM and ASCSM, individuals
have an a priori preference for private transport modes, such as car, and soft modes
over public transport modes. Moreover, ASCPM is larger than ASCSM, which shows
that people have a greater preference for private modes over the soft ones.

• The negative sign of parameter βcost shows that the higher the price of one loop is,
the lower its utility is. The time coefficients βtimePM

and βtimePT
both have negative

signs as well, indicating that travel durations affect the utilities of private modes
and public transports in a negative way. Moreover, the time coefficient βtimePT

for
public transportation is smaller than the one for private modes. This shows that
travel time is less important in the choice of public transports than in the choice of
private modes. Finally, the total distance of a sequence of trips affects the choice of
soft modes in a negative way. This can be seen in the negative sign of parameter
βdistance and is consistent with the fact that travelers do not want to choose soft
modes when they need to perform long distances.

• Some socio-economic variables have a significant effect on the choice of transport
modes. First, when loops only include a trip from home to work and back from
work to home are performed, public transportation is preferred. This can be seen
in the negative sign of coefficient βwork. Second, the positive sign of βFrench shows
that, in French-speaking regions, inviduals have a preference for private modes. This
could be due to the fact that the public transportation offer is not as developed as
in German-speaking regions.
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• The positive sign of coefficient PerceptionComfortPT shows that a good perception
of comfort in public transports drives their selection, when the traveler is a frequent
user of such modes. Let us recall that parameter PerceptionComfortPT was inter-
acted with variable HighUsagePT, which indicates that the respondent uses public
transportation at least once a week.

From the analysis of the estimates of the parameters of the structural equation of latent
variable PerceptionComfortPT, we notice that individuals with full- or part-time jobs have
a negative perception of comfort in public transports. Age is also a factor affecting the
perception of comfort is such modes, i.e. people below 50 years have a more negative
image of it. Leaving in a German-speaking region is positively correlated with a good
perception of comfort in public transports. Finally, respondents with at least two cars in
the household have a negative image of comfort in public transports.
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Name Value Robust std error Robust t-test p-value

1 ASCPM 2.20 0.19 11.64 0.00

2 ASCSM 1.74 0.34 5.16 0.00

3 βcost −0.02 0.01 −2.54 0.01

4 βdistance −0.21 0.05 −4.07 0.00

5 βwork −0.47 0.12 −3.96 0.00

6 βcomfort 0.39 0.14 2.89 0.00

7 βFrench 0.70 0.15 4.56 0.00

8 βtimePM
−0.02 0.01 −3.91 0.00

9 βtimePT
−0.01 0.00 −3.19 0.00

10 λactive −0.29 0.08 −3.67 0.00

11 λage50 −0.28 0.07 −4.04 0.00

12 λmean 7.44 2.43 3.06 0.00

13 λGerman 0.14 0.06 2.17 0.03

14 σ 0.22 0.06 3.82 0.00

15 λcars −0.19 0.07 −2.70 0.01

16 δ1 3.07 0.12 24.80 0.00

17 δ2 4.72 0.06 80.11 0.00

18 δ3 2.05 0.07 27.99 0.00

19 α2 0.92 0.03 29.72 0.00

20 α3 0.87 0.05 18.26 0.00

21 α4 0.83 0.06 14.69 0.00

22 α5 0.77 0.08 9.74 0.00

23 α6 0.79 0.08 10.46 0.00

24 α7 0.95 0.02 48.32 0.00

25 α8 0.88 0.04 20.19 0.00

26 α9 0.85 0.06 15.44 0.00

27 τ1 0.73 2.46 0.30 0.77

Table 3: Estimates of the coefficients of the integrated choice and latent variable model that aims
at evaluating demand for the three transportation modes, with corresponding standard errors,
values of t-test and p-values.
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5 Validation

From the estimations results presented in section 4.3, we can conclude that the perception
of comfort in public transports has a significant impact on mode choice preferences.

Now we would like to assess the validation power of the model. As no other similar
data set is available, we first estimate the model described in section 4.2 on 80% of the data
and in a second phase, we apply it on the remaining 20%. The purpose of this procedure
is to see if the choice probabilities computed for each observation of the 20% of the data
are predicted correctly. By choice probability, we mean the probability predicted by the
model that the respondent chooses the transport mode he reported.

For comparison purposes, a simple logit model with multiple alternatives was also
estimated on the same data set with 80% of the observations and validated on the data
set with 20% of the observations. Histograms of the choice probabilities predicted on 20%
of the data are plotted in Figure 2 for both the logit model and the integrated choice
and latent variable model. A choice probability close to 1 indicates that the alternative
selected by the respondent is predicted by the model with a high confidence.
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Histogram of choice probabilities for ICLV
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Figure 2: Histogram of the choice probabilities for the logit model with multiple alternatives (left)
and for the integrated choice and latent variable model (right), resulting from the estimation of
each model on 80% of the data and application on the remaining 20%.

We notice from Figure 2 that the integrated choice and latent variable model improves
the predictive power of the model as more choice probabilities have moved from the left to
the right of the graph. Table 4 shows the frequency of choice probabilities which are higher
than 0.5 and 0.9 for both the logit model with multiple alternatives and the integrated
choice and latent variable model. The inclusion of the latent variable of comfort in public
transports has increased the proportion of choice probabilities above 0.5 from 67.2% to
74.9% and the proportion of choice probabilities above 0.9 from 17.9% from 30.1%.



5 VALIDATION 16

Threshold MNL ICLV

0.5 67.2% 74.9%

0.9 17.9% 30.1%

Table 4: Frequency of choice probabilities higher than 0.5 and 0.9 both for the logit model with
multiple alternatives (MNL) and for the integrated choice and latent variable model (ICLV).

An additional indicator of validity of the integrated choice and latent variable model
is the value of ρ̄2. Similarly as in Table 4, the values of ρ̄2 together with the final values
of log-likelihood are reported in Table 5. We notice that the fit of the integrated choice
and latent variable model is better than the one of the logit model, which additionally
supports the introduction of the perception of comfort in the choice model.

Value MNL ICLV

Log-likelihood −1206.31 −9818.49

ρ̄2 0.420 0.554

Table 5: Values of final log-likelihood and ρ̄2 for the logit model (MNL) and the integrated choice
and latent variable model (ICLV).

5.1 Analysis of demand indicators

The mode choice model presented in section 4.2 enables us to perform an analysis of
demand for public and private transports. To do so, we compute two sorts of aggregate
indicators: market shares and elasticities (see Table 6). These indicators were corrected
in order to be representative of the whole population of the peri-urban regions where
the survey was conducted. In particular, persons with a high education level, with ages
between 40 and 79 years, or men had a higher response rate than other categories. This bias
was corrected by introducing weights in the computation of market shares and elasticities.
These weights were computed using the iterative proportional fitting (IPF) algorithm.

We report two types of aggregate elasticities, that is, direct elasticities and cross elas-
ticities. We are interested in analyzing the percent change in the market shares of the
alternatives of private, public and soft modes with respect to changes in a particular
quantity xj ∈ {costPM, costPT, timePM, timePT}.

Aggregate direct elasticities are computed using the following formula:

Ei
xi

=

∑N
n=1 wnPn(i)Ei

xin
∑N

n=1 wnPn(i)
,

where wn is the corrective weight of observation n which was computed using the IPF
algorithm, Pn(i) is the probability that the individual who performed loop n chooses
alternative i and Ei

xin
is the disaggregate direct elasticity of the demand for observation

n for variations in individual quantity xin. This disaggregate elasticity is computed using
the following expression:

Ei
xin

=
∂Pn(i)

∂xin

xin

Pn(i)
.
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To summarize, an aggregate direct elasticity denotes the percent change in the market
share for alternative i with respect to a change of 1% in the value of an attribute xi of i.

Aggregate cross elasticities are given by the following expression:

Ei
xj

=

∑N
n=1 wnPn(i)Ei

xjn
∑N

n=1 wnPn(i)
,

where Ei
xjn

is the elasticity of the demand for observation n for variations in individual
quantity xjn. This disaggregate elasticity is computed using the following expression:

Ei
xjn

=
∂Pn(i)

∂xjn

xjn

Pn(i)
.

An aggregate direct elasticity hence represents the percent change in the market share for
alternative i with respect to a change of 1% in the value of an attribute xj of another
alternative j.

Table 6 shows that private modes have the highest market share. They are followed
by public transports.

From an analysis of the elasticities, we can conclude that demand is little elastic to
changes in travel time or cost. The cost elasticity for public transportation is very low
(−0.07) indicating that an increase of 1% in the cost of travel fares results in a decrease of
0.07% of the market share of public transports. This is also the case for the cost elasticity
for private modes (−0.02), which shows that an increase of 1% in the travel costs (e.g.
which could be driven by an increase of the petrol price) only induces a decrease of 0.02%
in the market shares of private modes. Similarly, cross elasticities with respect to changes
in cost of private and public modes are rather low, ranging between 0.01 and 0.05.

The demand elasticities for public transports (−0.32) and private modes (−0.15) rela-
tive to time are higher than the ones relative to cost, but still very low. Indeed, an increase
of 1% in the duration of a loop of public transports results in a decrease of 0.32% of their
market share. For private modes, the same increase of the travel time induces a decrease
of 0.15% in their market share. The cross elasticities of demand relative to changes in
travel time in private or public modes are also higher than the ones relative to changes in
cost. For instance, the market share of soft modes can increase of 0.14% if the travel cost
of public modes increases of 1%.

Indicator PM PT SM

Market share 65.2% 28.5% 6.28%

Elasticity for cost of PM −0.02 0.05 0.02

Elasticity for cost of PT 0.03 −0.07 0.01

Elasticity for time of PM −0.15 0.32 0.14

Elasticity for time of PT 0.14 −0.32 0.05

Table 6: Market shares for private modes, public transports and soft modes, and direct and cross
elasticities of demand relative to variations in cost and time for private modes and public transports.

5.2 Impact of an increase of the comfort level

After observing the significant impact of the perception of comfort in public transports
(see section 4.3), we would like to test how the market shares of the different transport
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modes vary with respect to a change in this perception. As an example, we analyze the
variation of the market shares when the individuals’ perception of comfort is increased by
50%. The obtained market shares are reported in Table 7, as well as the ones predicted
by the model without any increase of the perception of comfort. We notice that such an
increase shifts the market share of public transports from 28.5% to 36.1% and hence shows
that changes in the perception of comfort in these modes can impact on their choice in a
non-negligible way.

Perception of comfort PM PT SM

Without increase 65.2% 28.5% 6.28%

With a 50% increase 58.3% 36.1% 5.64%

Table 7: Market shares for private modes, public transports and soft modes, without and with an
increase of 50% in the perception of comfort in public transports.

6 Conclusion and further works

With the model presented in this paper, we could show that in addition to travel times and
costs, and socio-economic information of the respondent, perceptions can have a significant
impact on mode choice. This is the case for the latent variable of a positive perception of
comfort in public transports.

The novelty of this approach also lies in the fact that the data used to model perception
are originally adjectives freely reported by respondents. In order to quantify them, a clas-
sification into categories followed by an attribution of a perception scale were performed.

The validation of such integrated choice and latent variable shows a large improvement
over the validation of a logit model with multiple alternatives, which assesses a good
prediction power.

Despite some promising modeling results, the transformation of the qualitative data
consisting of adjectives into quantitative indicators is subjective. Different modelers might
indeed give slighly different ratings to the same adjective. In our future research we plan
to improve the mapping from the adjective data to the indicator values.

In this paper, we analyzed the impact of the perception of comfort in public transports.
In addition to this latent variable, the perception of comfort in private modes could also be
introduced. Moreover, further improvements could consist of the inclusion of other latent
perceptions, such as the image of reliability, of security or of the environmental impact.

The perception of comfort in public transports was interacted with a frequent use
of public transports. In order to better capture differences between frequent riders and
other travelers, a latent class model could be developed. Such resulting model could hence
combine the integrated choice and latent variable model with a latent class model such as
in the generalized random utility framework (Walker and Ben-Akiva, 2002).
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