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Abstract: The currently available transport modeling tools are used to evaluate the effects of behavior
change. The aim of this study is to analyze the interaction between the transport mode choice and
travel behavior of an individual-—more specifically, to identify which of the variables has the greatest
effect on mode choice. This is realized by using a multinomial logit model (MNL) and a nested
logit model (NL) based on a utility function. The utility function contains activity characteristics,
trip characteristics including travel cost, travel time, the distance between activity place, and the
individual characteristics to calculate the maximum utility of the mode choice. The variables in
the proposed model are tested by using real observations in Budapest, Hungary as a case study.
When analyzing the results, it was found that “Trip distance” variable was the most significant,
followed by “Travel time” and “Activity purpose”. These parameters have to be mainly considered
when elaborating urban traffic models and travel plans. The advantage of using the proposed logit
models and utility function is the ability to identify the relationship among the travel behavior of
an individual and the mode choice. With the results, it is possible to estimate the influence of the
various variables on mode choice and identify the best mode based on the utility function.

Keywords: transport mode choice; multinomial logit model; nested logit model; utility function

1. Introduction

Transport modeling is used to evaluate effects of behavior changes and to determine
the impacts of infrastructure upgrades. The available tools are becoming complex, and a
growing number of parameters, aspects, and stakeholders have to be considered [1].
The traditional modeling tools have been extended with activity-based models, which serve
the analysis of traffic impacts and travel behavior, where a main issue is the identification
of the most relevant modeling parameters [2].

The models based on daily activity and mode choice processes have dominated the
transportation research community. These models predict behavior including information
about daily activities and mode choice. The major advantages of using the activity-based
models and mode choice behavior are an explicit analysis of complex travel behavior and a
better understanding of travelers’ responses to transportation policies.

Although the theoretical underpinnings of these models differ, they commonly have
the assumption that the individuals will have within their choice sets the alternative they
prefer. They sometimes find themselves subject to a set of constraints [3,4]. However,
in most of these models, the choice sets are typically assumed to be given or derived accord-
ing to some rules based on the importance of the very choice to the user. The delineation of
choice sets is particularly important in activity-travel modeling, which receives increasing
attention in the activity-based travel demand modeling [5,6].

In various statistical or econometric utility-based models, it is assumed that users faced
with a set of alternatives choose maximum utility. The choices are calculated as a function
that maximizes the overall utility of a daily activity pattern within derived choice sets [7].
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In this context, the mode choice set refers to the set of all available discrete alternatives
known by the individual. This means that the traveler considers different elements such as
contextual factors, choice alternatives, and subjective values before activity-travel plans
are executed. The most widespread tool is multinomial logit modeling with a well-defined
mathematical structure and easily interpretable results, where one focus of the analysis
the definition of trip characteristics and socio-demographic variables [8]. It is often stated
that the models have to include the connection of attitudes and behavior, where it has to be
explored how individual parameters have an effect on mode choice [9].

Therefore, this paper aims to examine the relationships among the transport mode
choice, the individual, household characteristics, and daily activity of travelers by using a
multinomial logit model and nested logit model; then, it identifies which of these variables
have a great effect on the mode choice. As well as the determination of the utility function
formulated from an individual, household characteristics and daily activity behavior are
dealt with as a utility maximization problem to define the most suitable mode choice.
In this paper, the activity-based modeling parameters are examined with their effect on
mode choice using a novel combination of logit models. The proposed results will be useful
both for transport modelers and decision makers, who would like to examine the factors of
travel behavior change.

The paper is organized as follows: Section 2 offers a theoretical background, Section 3
presents the model formulation, Section 4 covers the study area and the interview technique
as well as the process of data collection and how the model is estimated. It also includes
a brief analysis of socio-economic characteristics in the study area. Section 5 is on model
specification with model estimation, results, and utility function analysis, and Section 6
concludes the paper by highlighting some of the research results.

2. Theoretical Background

A primarily focus of modeling theory is on the utility-based modeling approach
based on Joh et al. [10]. Several concepts of the activity-based models have been sug-
gested in the research including constraint-based models, (nested logit) utility-maximizing
models, advanced statistical models, and models-based individual behavior. Similarly,
Bhat and Pendyala [11] discussed adopting diverse methodologies including discrete choice
theory, utility theory, latent class modeling, rule-based modeling, and micro-simulation
approaches to mode choice and activity behavior. In their work, they analyzed interactions
between modeling intra-household and mode choice in the context of daily activity be-
havior. Based on their findings, there are parameters that have important implications for
modeling travel behavior. Therefore, it is relevant to explore which parameters have the
main effects on travel behavior.

Several models contain elements of both mode choice and preferences. For example,
Timmermans et al. [12] introduced a simple model. They state that the presence of children
of various ages in the household, work status of the household, age, and car availability of
the spouses have their effect on the time duration for activity and travel behavior in the
household. Multinomial logit models, including 53 these variables, were used to predict
a time duration dedicated set of activities. Statistical-modeling approaches are also used
to study the effect of household socio-demographic statistics on mode choice behavior in
daily activity, as it can be seen in the studies of Wallace et al. [13] and Yang et al. [14]. In this
process, they proposed different regression models to understand the results. Discrete
choice models are often applied to dealing with the concepts of this nature. The authors
discussed the potential strengths and weakness of the modeling approaches, where the
main issue is the statistical significance and the usability for decision-making.

Dissanayake and Morikawa [15] proposed various discrete choice (multinomial and
nested logit) models to investigate the role of household structure and travel characteristics
to undertake the daily activity at various degrees of complexity. They found that these
models are appropriate mainly because of the goodness of model fitting. This means that
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using logit models will result in meaningful interpretations; thus, we also used them in
this study.

Considering the connection of the elements, Ye et al. [16] were dealing with trip
chaining and mode choice, where they have identified individual trip chains and tried
to analyze the effects of mode choice. Comparing this approach with other solutions,
it was resulted that these steps are the most appropriate and provided the best goodness
of fit values. Moreover, Islam and Habib [17] have investigated the relationship between
mode choice and complexity of the daily activities. In this process, they have studied the
hierarchical relationship between activity chain and mode choice. They found that mode
choice decisions remain consistent during the weekdays. As a main result, it was stated the
several socio-economic characteristics are influencing the choice; thus, a deeper analysis on
these factors would be required in this study.

To provide a case study, Ashalatha et al. [18] analyzed a revealed preference study of
mode choice in India by using multinomial logit model. The analysis indicated that the
preference of using a car increases with age, while the preference of using a two-wheeler
decreases in comparison to the use of bus. Furthermore, the results have shown that an
increase in time and cost makes the travelers change to private modes from public transport.
This paper also justifies the applicability of the model for mode choice analysis.

Several research papers have shown that although the topic of mode choice is of high
significance on the research agenda for many years, most models of transport demand
are still based on individual travel behavior to analyze transport mode choice. Therefore,
the aim of this paper is to systematically deal with a model of mode choice processes in
a daily activity by using a multinomial logit model (MNL) and nested logit model (NL).
Hence, it investigates mode choice based on a utility function with a special focus on
individual and household characteristics and daily activity and trip characteristics as well.

3. Model Formulation
3.1. Analysis Framework

The basic assumption is that mode choice depends on travel behavior and environmen-
tal situation. The traveler has opinions (knowledge) of the environment and preferences
and basic needs. These opinions and preferences lead to plans, programs, and sched-
ules. The traveler processes those plans, programs, and schedules in temporal and spatial
ways [19].

This research aims to explore mode choice behavior in Budapest. This model based on
the activity-travel survey collected from the household information is undertaken. In this
study, the methodology proposed can be divided into three steps: the first step involves
the identification of mode (walk, private transport, and public transport), calculation of
the trip characteristics (time, cost, and distance), determination of the number of trips per
mode, identification of the activity purpose, and the individual and household characteris-
tics. The second step is to analyze the mode choice based on the individuals, household,
and travel characteristics by using MNL and NL. The third step is to investigate the mode
choice behavior based on the utility function.

3.2. Basic Construction of Utility Theory

Utility is an indicator value for an individual on mode choice. Generally, this factor
can be derived from the attributes of alternatives, and the utility maximization rule states
that an individual will select the alternative out of the set of available alternatives that
maximize his or her utility. The utility function (U) has the property that an alternative
is chosen if its utility is greater than the utility of all other alternatives in the individual’s
choice set [20]. This can be stated as an alternative (i), which is chosen among a set of
alternatives (j), if and only if the utility of alternative (i) is greater than or equal to the utility
of all alternatives (j) in the choice set (C). Let (U;) be the utility function of a mode choice
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by traveler (i) from alternatives (j), which can be represented as Equation (1) of observed
utility and an error part [7].
Uir = Vie + eit, 1

where:

Uj; = is the utility function of the alternative (i) to the mode choice (t), (Uj; is equivalent to
U (Xj, St) but provides a simpler notation),

Vit = is the deterministic or observable portion of the utility estimated by the analyst, and
gj; = is the error or the portion of the utility unknown to the analyst.

In the case of mode choice modeling, the objective is analysis of the traveler behavior
to select a mode choice from the available alternatives so that the utility will be maximized.

3.3. Utility Associated with Alternatives Chosen by Travelers

The utility component alternatives are including mode choice chosen by the traveler.
It includes walking or travel by car or travel by public transport and variables associated
with the alternatives that describe individual characteristics in addition to trip characteris-
tics. These variables affect the utility of each choice made by travelers [21,22].

The general utility function is as follows in Equation (2):

Visiy = PB1 X Sin+ B2 X Sp+ ...+ B X Sig, 2)

where:

V(siy = is the value of the utility function of mode choice (i) by traveler,

Six = is the mode choice (i) by traveler, which includes walk, car, and public transport (PT)
Bi = is the coefficient of the independent variable or variables associated with the alter-
natives that describe individual characteristics in addition to trip characteristics which
include travel time, travel cost, trip distance, activity purpose, individual income, and trans-
fer number.

For each mode that is included in this research, the variables are walk (W), car (C),

and public transport (PT). Thus, the utility function of each alternative reads as follows
(3,4, and 5):

Visow)) = BE + B TTw + vp TDw + BE TCw + BApAwp + By INw1, (©)
Visic)) = Be + BSTTc + B5TDc + BETCe + BGpAwp + BinINwi, 4)

Viscery) = Be' + B TTpr + Bp TDpr + BE TCpr + B Awp + BivINwi + Bk, (5)
where:
V(siy = is the value of the utility function of mode choice (i) by traveler,
Six = is the mode choice (i) by traveler which includes walk, car, and PT,
TT; = is the travel time of mode choice (i) in (min),
TC; = is cost travel of mode choice (i) in (Ft),
TD; = is trip distance of mode choice (i) in (km),
Awp = is weight case of activity purpose (i),
INw = is weight case of monthly income (i),
B = is coefficient of the independent parameter that defines alternatives of mode choice (i)
chosen by traveler,

From the equations above, one can see the linear utility function of mode choice. It is
used to estimate the utility values of each choice of alternatives, which depend on the values
of travel cost, travel time, trip distance, and the variables associated with the alternatives.

Traveler’s choice means assigning the chosen value of the alternative with the high
utility and not a choice of another alternative with less value.
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3.4. The Multinomial Logit Model and the Nested Logit Model

The mode choice process can be easily explained by random utility theory [23]. For this
study, the multinomial logit model and a hierarchical logit (or nested logit) modelling
structure are used to investigate and identify the effect of the variables related to travelers
on mode choices as well as estimate the coefficients of the underlying model.

The multinomial logit model (MNL) and NL model are generally one of the best
structures used for modeling mode choices, which are used in the utility function technique
to identify mode choice in travel behavior analysis [24]. Mode choice models statistically
relate the choice made by each traveler to the attributes of the alternatives available.
The components of the utilities of the different set of alternatives in the MNL model are
assumed to be independent.

The mathematical structure known as the MNL gives the choice probabilities of each
alternative as a function of the systematic portion of the utility of all the alternatives.
The general Equation (6) for the probability of choosing an alternative ‘i’ (i = 1, 2,.., ]) from
a set of | alternatives is:

Pr (l) — exp(‘/in)

= _ZPlin) ©)
v exp(Vin)

where:

Pr (i) = is probability of utility for a mode choice (1) by the traveler choosing alternative (i),
Vin = is the utility systematic component for a mode choice (1) by the traveler choosing
alternative (i),

V) = is the systematic component of the utility of the set alternative (j).

The MNL identifies how the independent variables are related to the dependent
variable and are expressed in terms of utility.

The nested logit (NL) model is a generalization of the multinomial logit model (MNL),
and it characterizes a partial relaxation of the independence of irrelevant alternatives (IIA)
property of the MNL model. A nested logit model is appropriate when the subsets of
similar alternatives are grouped in hierarchies or nests [25,26].

A nested logit model can consist of three-mode choice groups: public transportation
modes, private transportation modes, and walk modes. The NL model can be calibrated to
find coefficients by using standard logit estimation. The hierarchical structure of the NL
model as the one represented by Equation (7) is estimated for each hierarchy [27,28].

e:B/Sji

e

@)

Pji

where:

Pj; = is the probability that traveler i chooses alternative j,
B’ = is a vector of all estimable coefficients for alternative j,
S;ji = is a vector of all explanatory variables for traveler i.

The multinomial logit model treats all alternatives equally, whereas the nested logit
model includes intermediate branches that group alternatives. The multinomial logit
models are more widely adopted than the nested logit model to the paradigm of utility
maximization where the MNL model provides a link by which choice probabilities can be
estimated given the characteristics of the modes and the traveler.

4. Descriptive Analysis
4.1. Study Area
One of the important steps in the household survey process is the selection of the

study area. Budapest is the capital and the most populous city of Hungary; therefore, it is a
suitable choice as the study area.
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The data collection was realized by the Hungarian Census Bureau in 2014. This type
of data provides detailed information about the travel behavior of the travelers including
socio-demographic variables and daily activity plans. In more details, the dataset consists of
the following variables: departure time, arrival time, travel time, transport mode, activity
type (e.g., home, work, leisure, education, and other). In addition, the data collected
from respondents includes information on individuals and their household characteristics,
the daily activity, and trip characteristics. From the collected data, after filtering, a total
of 1889 trips were identified. The applied interview process is designed to cover most of
the individuals and household characteristics, the daily activity, and trip characteristics.
This interview method is structured along with questions regarding what aspects appear
in the daily activity process of the respondents and why these elements are important and
how each aspect affects the mode choice.

4.2. Socio-Economic Characteristics

This section presents a descriptive analysis of the socio-economic characteristics of
the household and individuals obtained from the sample and also the trip characteristics.
This analysis clearly explains that there are significant variations between employment
percentage, income level and education level, and vehicle owners in the study area. Table 1
shows the descriptive statistics of the study area, which represents socio-economic and
demographic characteristics of the household and individuals. Table 2 presents the fre-
quencies percentages of household and individuals’ characteristics and activity purpose.

Table 1. Descriptive statistics of the sample data of household and individual characteristics and
trip characteristics.

Mean Std. Deviation Variance
Statistic Std. Error Statistic Statistic
Age 48.52 0.401 17.422 303.511
Gender 1.47 0.011 0.499 0.249
Number of family members 2.78 0.029 1.254 1.572
The vehicle per the household 1.60 0.011 0.489 0.239
Average time 23.54 0.346 15.039 226.180
Average distance 5.220 0.102 4.447 19.777
Average cost 2.66 0.100 4.363 19.039

Table 2. Frequency percentage of the activity purpose and household characteristics of the sam-

ple data.

Variables N Marginal Percentage

Work 789 41.8%

Education 229 12.1%

Activity purpose Shopping 335 17.7%

Leisure 248 13.1%

Other 288 15.2%

Between 75K Ft and 50K Ft 94 5.0%

Between 100K Ft and 75K Ft 267 14.1%

Income Between 125K Ft and 100K Ft 228 12.1%

Between 150K Ft and 125K Ft 771 40.8%

No answer 529 28.0%

primary schools 130 6.9%

vocational training 199 10.5%

Education high school 919 48.7%

College and University 550 29.1%

Without education and No answer 91 4.8%
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Table 2. Cont.
Variables N Marginal Percentage

Active search engine, full time 962 50.9%
Entrepreneur 107 5.7%

Employment Unemployed 346 18.3%

Retired 415 22.0%
Housewife 59 3.1%

Total 1889 100.0%

4.3. Model Specification

The primary data collected from the individual information and the household ques-
tionnaire survey are sorted out and coded as different groups of similar characteristics.
The coded data are later used as the set of variables for model generation where the chosen
variables for the model are based on previous theoretical and empirical work on the mode
choice model and daily activity analysis conducted by other researchers. Hence, the final
specification of the variables based on statistical testing is arrived at here.

Three categories of variables that have an influence on the transport mode are consid-
ered: namely, individual and household socio-demographics, daily activity characteristics,
and trip characteristics. Table 3 provides a list of variables used in the model. The descrip-
tive analysis of the variables included in the study is given in Table 3.

Table 3. Description of the list of variables in the model.

Description
Variables . Measure
Household Characteristics

HSIZE Household size Scale
Average household monthly income (1 if between 75K Ft and
HINCOME 50K Ft, 2 if between 100K Ft and 75K Ft, 3 if between 125K Ft and Ordinal
100K Ft, 4 if between 150K Ft and 125K Ft, 5 if no answer)

VEHOWNER Vehicle ownership( 1(\;;3}1111212; Sezr i};c;}is;e)zhold) (Private car) Scale
Individual Characteristics
AGE Age of individual Scale
GENGER Gender (1 if male and 2 if female) Scale
Employment Employment (1 if full time, 2 if entrepreneur, 3 if unemployed, Ordinal

4 if retired, and 5 if housewife)
Education level (1 if primary schools, 2 if vocational training,
EDUCATION 3 if high school, 4 if college and university, and 5 if without Ordinal
education and no answer)

Trip Characteristics

ACP Activity purpose (1 if W, 2if E, 3if S, 4 if L, and 5 if O) Nominal
DISTANCE Average distance of each mode Scale
TIME Average time of each mode Scale
COsT Average cost of each mode Scale
TRANSFER Transfer number Scale

TRMO Transport mode (walk, private car as driver, and public transport) = Nominal

5. Model Estimation and Results
5.1. Checking of the Selected Model

Then, we investigated the fitting of the model to the data for any particular MNL
model [29]. The goodness-of-fit of a statistical model describes how well it fits into a set of
observations. According to the results, the model has shown goodness-of-fit to the data.
Table 4 explains goodness-of-fit to the model.
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Table 4. Goodness-of-fit.

Goodness-of-Fit

Pearson
Deviance

Chi-Square df
349,557.680 5271
1300.734 5271

Sig.
0.000
0.000

5.2. Pseudo R-Square

To assess the goodness-of-fit model, the pseudo R2 is examined. The pseudo-R2 values
can be calculated by MNL, as shown in Table 5. R2 summarizes the proportion of variance
in the dependent variable associated with independent variables. The model with the

largest pseudo-R2 statistic is the best according to the measures [30].

Table 5. Pseudo R-square.

Pseudo R-Square

Cox and Snell 0.828
Nagelkerke 0.906
McFadden 0.717

5.3. Goodness-of-Fit Measures

The likelihood-ratio test assesses the goodness of fit of two competing statistical
models based on the ratio of their likelihoods, specifically one found by maximization
over the entire parameter space and another found after imposing some constraint [31].
The significance of the difference between (Likelihood Ratio Tests) and (-2 Log-Likelihood
of Reduced Model) for our selected model is given in Table 6. From the results, it is showing
that the vehicle per household, time, and cost variables have more effect on transport mode
choice than other variables. These results show the existence of a statistically significant
relationship among the combination of independent variables and the dependent variable.

Table 6. Likelihood ratio tests of the selected model.

Likelihood Ratio Tests
Model Fitting Criteria Likelihood Ratio Tests
Effect - ikeli
2 ]ﬁgguilel(gﬁlgggl of Chi-Square df Sig.

Intercept 1306.279a 0.000 0 0.000
Age 1312.711 6.432 3 0.092
Gender 1309.199 2.920 3 0.404
Family Size 1316.669 10.389 3 0.016
Vehicle per Household 1436.839 130.560 3 0.000
Time 1600.673 294.394 3 0.000
Distance 1366.080 59.800 3 0.000
Cost 2264.042 957.763 3 0.000
Transfer Number 1328.588 22.309 3 0.000
Activity 1408.940 102.661 15 0.000
Income 1316.391 10.111 12 0.606
Education 1337.475 31.196 12 0.002
Employment 1312.062 5.783 12 0.927
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5.4. Parameter Estimates
5.4.1. The Multinomial Logit Model

The multinomial logit (MNL) model was used to estimate the coefficients using in the
utility function and identify the influence of the different individuals” and the household
characteristics and also trip characteristics on the mode choice. The MNL model of the
estimation coefficients, the statistically significant level, and -test of the variables obtained
from the analysis are shown in Table 7.

Table 7. Estimation coefficients, the statistically significant and t-test of the variables of multinomial logit model (MNL).

Parameter Estimates

Transfer Number-3

Transport Mode Walk Private Transport Public Transport
Coeff. t-Test Sig. Coeff. t-Test Sig. Coeff. t-Test Sig.
Constant —0.041 —10.230 0.000 1.380 —1.532 0.000 2.000 4.203 0.000
Gender (Male) 0.391 —0.729 0.063 0.607 1.302 0.056 0.495 —0.618 0.002
Gender (Female) 0.412 —0.812 0.071 0.214 2.708 0.041 0.712 —4.241 0.032
Age-1 0.038 —0.459 0.005 —0.005 —0.198 0.049 0.011 0.587 0.030
Age-2 0.159 —4.637 0.020 0.645 2.005 0.022 0.405 6.240 0.001
Age-3 0.010 —2.151 0.014 0.329 —4.512 0.000 0.551 —3.110 0.020
Family Size-1 0.626 —3.002 0.048 0.809 1.705 0.038 1.008 3.510 0.024
Family Size-2 —0.520 —1.880 0.001 1.207 —1.301 0.000 0.724 2.114 0.000
Veh. per Household-1 —2.980 1.890 0.000 1.232 —1.244 0.001 —1.503 —0.440 0.000
Veh. per Household-2 0.521 —-912 0.424 —0.317 —8.110 0.012 1.505 —2.150 0.010
Income-1 0.043 —4.346 0.037 0.720 4.922 0.049 0.945 —0.951 0.068
Income-2 —0.362 1.551 0.033 0.470 3.863 0.039 0.818 —5.066 0.060
Income-3 —0.908 —1.585 0.009 —0.197 2.698 0.054 —0.054 —1.213 0.187
Income-4 —0.253 4.951 0.088 0.650 —1.619 0.023 0.454 —2.708 0.004
Income-5 —0.173 —3.355 0.000 0.962 —5.575 0.000 0.051 8.346 0.000
Education-1 0.623 —3.441 0.581 0.997 7.780 0.163 2.201 —4.401 0.011
Education-2 —0.124 —1.981 0.912 —0.050 1.033 0.937 1.521 0.721 0.006
Education-3 1.859 2.035 0.072 0.540 2.289 0.336 2.309 —3.967 0.002
Education-4 0.469 5.216 0.658 —0.306 —9.723 0.592 1.434 4.648 0.009
Education-5 —0.051 —9.039 0.000 2.110 4.303 0.090 1.852 3.557 0.000
Employment-1 —0.155 9.824 0.898 0.126 —5.109 0.860 0.295 —3.432 0.782
Employment-2 0.987 4.133 0.529 0.747 —11.449 0.000 1.000 7.154 0.420
Employment-3 —0.570 —7.828 0.663 —0.335 7.143 0.663 0.149 —0.097 0.895
Employment-4 0.161 —5.704 0.899 0.216 4.938 0.775 0.699 0.186 0.524
Employment-5 0.416 —2.435 0.000 —0.081 1.962 0.000 0.217 0.222 0.051
Activity-1 0.113 12.773 0.012 0.416 —8.142 0.052 0.326 —2.929 0.065
Activity-2 —0.278 —3.605 0.012 —0.234 5.827 0.056 —0.379 —2.435 0.053
Activity-3 0.181 —8.426 0.035 —0.282 4.561 0.085 0.137 2.809 0.086
Activity-4 —0.361 0.977 0.094 —0.372 —2.279 0.046 —0.491 1.339 0.018
Activity-5 0.126 —5.579 0.039 0.241 2.806 0.037 —0.143 2.103 0.007
Average Time-1 0.362 —28.784 0.041 —0.384 3.959 0.042 0.389 18.436 0.028
Average Time-2 0.015 0.525 0.007 —0.267 —3.456 0.085 0.241 2.856 0.013
Average Time-3 —0.218 5.944 0.018 —0.235 0.961 0.031 0.103 —6.074 0.030
Average Time-4 0.131 7.495 0.000 0.416 —1.138 0.034 —0.009 —5.336 0.003
Average Time-5 —0.057 13.683 0.000 0.621 —0.257 0.009 —0.143 5.416 0.000
Average Distance-1 1.686 —33.918 0.026 1.165 8.462 0.008 0.520 16.171 0.052
Average Distance-2 1.369 —10.112 0.022 0.235 7.049 0.030 0.695 1.845 0.012
Average Distance-3 1.051 11.389 0.035 0.880 —1.961 0.052 1.644 —7.770 0.061
Average Distance-4 0.836 12.494 0.000 1.370 —3.447 0.001 1.399 —7.185 0.001
Average Distance-5 —1.572 11.343 0.000 1.756 —9.784 0.000 0.813 —0.338 0.000
Average Cost-1 3.948 —9.137 0.001 0.368 9.350 0.039 —0.284 17.686 0.062
Average Cost-2 1.606 4.440 0.017 0.222 —0.006 0.066 0.732 —3.829 0.054
Average Cost-3 0.198 6.525 0.005 0.070 —1.659 0.064 0.483 —4.007 0.027
Average Cost-4 0.451 9.499 0.006 0.497 —0.759 0.035 0.938 —7.405 0.023
Transfer Number-1 - - - - - - 1.400 —7.520 0.036
Transfer Number-2 - - - - - - 0.375 10.234 0.023

- - - - - - —1.013 0.317 0.012
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The model estimation is statistically significant, and multi-collinearity is not present
in the model; therefore, the standard errors of the regression coefficient 3 have a value of
no more than 4. On the other hand, regression coefficients of the independent variables
are measured by calculating the change in the logit for a one-unit change in the predictor
variable while the other predictor variables are kept constant.

In this study, the dependent variable is the transport mode, which includes a walk
(walk and bike), private transport (car), and public transport (PT).

To analyze the model, we have discussed and focused on independent variables
related to dependent variables, which have statistical significance less than 0.05 being
based on the model results as shown in Table 8. Consequently, model interpretation will
only focus on these variables as follows:

e  The results indicate that the one-unit increase in the independent variable (Gender
male) is associated with a 0.607 increase in the relative log odds of choosing a car
against choosing public transport (0.495). This result shows that males incline to travel
by car more than by using other transport modes.

e Table 7 also shows the variable of the vehicle per household (1), which indicates that
the one-unit increase in the independent variable is associated with a 1.232 increase
in the coefficient of choosing a car. This confirms that the presence of vehicles in a
household has a strong statistical influence to reduce public transport use.

e  The model result shows that the monthly income (4 and 5) and the one-unit increase
in the independent variable INCOME—4 and 5) is associated with a (0.650 and 0.962)
increase in the relative choice of car. Consequently, this result indicates that an increase
in the total household income affects the increase in the probability of travelers to use
the car.

e  The results have shown that the variable coefficients of the education level (1, 2, 3,
4, and 5) are associated with a (2.201, 1.521, 2.309, 1.434, and 1.852) increase in the
coefficient of choosing PT against decreased in travel by other transport modes.

e  The results indicate that the variable coefficient of the employment (housewife) is
(0.416) for travel by walk and (0.416) for travel by PT, while (—0.081) is for travel by
car. This confirms that housewives do not prefer the car for traveling.

e  The model result has shown the one-unit increase in the independent variable of
the time (2 and 3) respectively, is associated with a 0.241 and 0.103 increase in the
coefficient of choosing the travel mode by PT against the decrease in travel by car,
which is (-0.235). This confirms that when the travel time increases by more than
30 min, travelers transform from PT to private transport.

e  The variable of the work activity (1) indicates that the one-unit increase in the in-
dependent variable is associated with a 0.416 increase in the coefficient of choosing
travel mode by car against the decrease in travel by PT, which is (0.326), and the walk
is 0.113.

e  The findings of the independent variable of the distance shows that travelers prefer to
walk when that distance is less than 4 km, while other travelers prefer to travel by PT
when the distance between the activity destinations is 4-10 km. Then, the travelers
are inclined to travel by car if the distance more than 10 km.

e  The variable of the travel cost (4), which indicates that the one-unit increase in the
independent variable is associated with a 0.938 increase in the coefficient of choosing
travel mode by PT against an increase in travel by car, is 0.497. This confirms that the
travel cost has a strong statistical influence on public transport use and car use.

e Table 7 shows that the increase in the number of transfers from public transport to
make the trip to the activity destination leads to decreasing the probability of using
PT for traveling.

Considering these study findings, the individuals and the household characteristics,
and also the trip characteristics, they have their effect on the mode choice in Budapest with
a statistically significant difference or variation for each independent variable.
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Table 8. Estimation correlation and the statistically significant of the variables of nested logit model (NL).

Travel Mode
. Walk Car Public Transport
Variables
Pearson Si Pearson Si Pearson Si
Correlation & Correlation & Correlation &
Activity Purpose-1 —0.282 0.000 0.184 0.000 0.067 0.002
Activity Purpose-2 0.083 0.000 —0.133 0.000 0.056 0.007
Activity Purpose-3 0.190 0.000 —0.104 0.000 —0.065 0.003
Activity Purpose-4 —0.022 0.054 0.052 0.011 —0.031 0.040
Activity Purpose-5 0.127 0.000 —0.064 0.003 —0.048 0.018
Age 0.092 0.000 —0.051 0.013 —0.031 0.092
Gender 0.051 0.013 —0.077 0.000 0.030 0.096
Income —0.015 0.050 0.184 0.000 —0.163 0.000
Family Size 0.004 0.037 —0.025 0.038 0.021 0.082
Education Level-1 0.079 0.000 —-0.176 0.000 0.101 0.000
Education Level-2 0.046 0.024 —0.024 0.051 —0.017 0.236
Education Level-3 —0.047 0.021 —0.053 0.011 0.091 0.000
Education Level-4 —0.119 0.000 0.018 0.000 —0.106 0.000
Education Level-5 0.004 0.000 —0.099 0.000 —0.082 0.000
Vehicle per Household —0.040 0.042 0.094 0.000 —0.056 0.008
Employment 0.035 0.000 —-0.177 0.000 —0.033 0.074
Average Time —0.478 0.000 0.111 0.019 0.403 0.000
Average Distance —0.492 0.000 0.309 0.000 0.129 0.000
Average Cost —0.343 0.000 0.501 0.000 —0.183 0.000
Transfer Number —0.354 0.000 0.304 0.000 0.315 0.252

5.4.2. The Nested Logit Model

In this paper, the nested logit model is applied to estimate the relationship between the
socio-demographic characteristics and mode choice to perform daily activity in Budapest.
Furthermore, this paper presents an analysis of the socio-demographic characteristics and
their influence on mode choice.

As far as the mode choice analysis is concerned, it is carried out by considering the
nested logit model to investigate the more closely correlated alternatives (variables) of
the main mode choices. Different nesting structures have been implemented to carry out
the mode choice analysis. Three of the most significant nests are a walk, car, and public
transport put together.

Estimation of the nested logit model has been most generally undertaken by limited
information and maximum likelihood techniques [15]. This method first estimates the
correlation of parameters for the nested logit model and then estimates the coefficient of
parameters for each mode based on the computation of the log sum values. The overall
model fit is adequate, and it is also observed that most of the variables share a high t-statistic
value, which indicates the significance of these variables in the model. The parameter
coefficients for the nested logit model are presented in Table 8.

The nested logit model is using to get a thorough understanding of travel behavior.
This is shown in Table 8. In the model specification, all the estimated parameters have
expected signs with plausible magnitudes and are found to be significant at 0.05 degrees
of freedom.

By observing the relationship between activity purpose and mode choice, it has been
found out that the work activity presents a positive coefficient for public transport or car
and a negative coefficient for a walk.

As far as individual characteristics are concerned, age has shown a negative coefficient
for public transport but a positive coefficient for walk and car. On the other hand, gender
has shown a negative coefficient for walking and traveling by car but a positive coefficient
for public transport.
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In household characteristics, it has been found that family size has a positive effect
on choosing the car for traveling as well as vehicle per household has a positive effect on
choosing private transport, where the results have also shown that married travelers are
more likely to use a personal car more than other choices. Household income shows a
negative coefficient for public transport and walk, and it indicates a positive coefficient for
car, suggesting that higher incomes lead to a greater likelihood of using private transport.
In trip characteristics, travel time is a negative coefficient for walking and the use of cars
in the private nest: as travel time increases, travelers are more likely to substitute private
transport for public transport. Distance between activity destination and travel cost shows
a positive coefficient for cars suggesting that travelers living far away from the downtown
are more likely to choose these modes. It is observed that increasing the number of transfers
between modes lead to a reduced likelihood of using public transport.

Table 9 shows the correlations the parameters of the modes (walk, car, and PT) have
beside the 20 explanatory variables within the NL model. It has been found out that there
is a significant correlation between the modes and the main explanatory variables.

Table 9. Estimation coefficients and the t-test of the variables of NL.

Travel Mode
Variables Walk Car Public Transport
Coefficients t-Test Coefficients t-Test Coefficients t-Test
Constant 0.356 7.051 0.116 1.467 0.528 6.849
Activity Purpose-1 —0.270 —9.666 0.175 5.500 0.095 2.822
Activity Purpose-2 —0.037 —1.063 —0.090 —2.247 0.127 2.991
Activity Purpose-3 0.047 1.435 —0.035 —0.930 0.012 —0.313
Activity Purpose-4 —0.154 —4.282 0.139 3.391 0.015 0.352
Activity Purpose-5 0.030 1.265 0.002 0.081 —0.028 —1.128
Age 0.000 3.898 0.001 1.335 —0.001 —-1.910
Gender —0.001 0.657 —0.053 —2.347 0.054 2.456
Income —0.015 —0.062 0.063 6.907 —0.048 —5.382
Family Size —0.017 —2.055 0.023 —2.685 —0.006 0.727
Education Level-1 —0.262 —4.614 —0.101 —1.615 0.363 5.440
Education Level-2 —0.330 —6.284 0.175 3.025 0.155 2.517
Education Level-3 —0.407 —8.929 0.182 3.629 0.225 4.204
Education Level-4 —0.466 —9.926 0.369 7.147 0.097 1.759
Education Level-5 0.209 9.306 —0.110 —4.862 —0.076 —3.310
Vehicle per Household —0.120 0.558 0.256 2.671 —0.136 —1.451
Employment 0.048 —1.557 —0.053 —5.869 0.005 0.569
Average Time —0.013 6.594 —0.0095 —0.135 0.013 18.792
Average Distance —0.042 —15.129 0.052 14.000 —0.030 —7.377
Average Cost —0.010 —4.070 0.035 13.929 —0.020 —7.169
Transfer Number 0.010 0.594 0.148 8.068 —0.205 —10.280

The goodness of fit of the model is reasonable, and the data used in this model are
found to be appropriate. The log-likelihood ratio (LLR) test is conducted for the nested logit
model. The LLR value of the developed model is substantially greater than the chi-square
value with the respective degrees of freedom as far as Table 10 can tell.

Table 10. Model fitting information.

Model Fitting Information

Model Model Fitting Criteria Likelihood Ratio Tests
ode -2 Log Likelihood Chi-Square df Sig.
Final 1375.586 3255.550 36 0.000
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5.4.3. Estimation of Utility Function

The estimation procedure is based on random utility maximization (RUM) choice
theory to provide parameter estimates for the mode choice based on the utility function.
Specifically, the multinomial logit model with utility function as the objective function of
mode choice is estimated based on the observed one-day daily activity traveling found
in conventional travel datasets. In this study, the choice set of alternatives has been
determined with reference to observed travel patterns from travelers in the dataset.

Table 11 and Figures 1 and 2 present the utility values of mode choice concerning
gender (male and female). It has been observed that men prefer to use private transport
when making trips, based on the average utility value, and the utility values of private
transport are greater than those of public transport. In contrast, women prefer public
transport for making trips when compared with men; based on the average utility value,
the utility values of private transport are less than PT.

Table 11. Summary: Average utility value of transport mode based on the variables.

Mode

Variables Utility of Utility of  Utility of
Walk Car PT
Gend Man 5.9 14.4 10.5
ender Woman 43 3.6 7.2
Between 1 and 20 7.2 2.4 4.0
Age Between 21 and 59 6.4 12.5 10.8
Greater than 60 1.7 3.7 5.3
Family size 2 persons or less 6.6 8.8 10.4
y More than 2 persons 5.6 13.0 94
.. Work activity 5.8 11.6 75
Activity Purpose Shopping activity 8.2 3.6 6.9
Monthlv income Between 75K Ft and 50K Ft 7.9 2.5 9.3
y Between 75K Ft and 50K Ft 39 59 4.6

Gender (Man)

—e—Utility of PT (upt)  —e— Untillity Private Car (uc) o— Utility of Walk (uw)

Figure 1. Utility value of dependent variable based on gender (Man).

Gender (Woman)
50.0
40.0
30.0
20.0
10.0

-10.0
-20.0
-30.0
-40.0
-50.0

—e—Utility of PT (upt) ~ —@— Utillity Private Car (uc)  —e— Utility of Walk (uw)

Figure 2. Utility value of dependent variable based on gender (Woman).
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The age of traveler has shown an effect on utility value for choosing the mode. This is
shown in Figures 3-5 and Table 11. Travelers who belong to age group of 10 to 20 are more
users of a walk or public transportation for complete their activity. In addition, travelers at
the age of 21-59 have less utility value for using public transport compared to traveling by
car. Meanwhile, it has been found that travelers in the age group of 60 years and above
make a greater number of trips by public transport compared to other age groups.

Age Between (10 to 20)

Figure 3. Utility value of dependent variable based on age (between 1 and 20 years).

Age Between (21 to 59)

—e—Utility of PT (upt) —e— Utillity Private Car (uc) —o— Utility of Walk (uw)

Figure 4. Utility value of dependent variable based on age (between 21 and 59 years).

Age Between (Greater than 60)

—eo— Utility of PT (upt)  —e— Utillity Private Car (uc) —eo— Utility of Walk (uw)

Figure 5. Utility value of dependent variable based on age (greater than 60).

The number of persons in a household influences the utility values concerning mode
choice for traveling. Table 11 and Figures 6 and 7 present the utility values of the mode
choice concerning the family size. It has been observed that family size (1 or 2 people) has
less probability of using private transport when making trips. In contrast, this probability
of using private transport for making trips increases. Based on the average utility value,
the utility values of private transport are more than public transport when the family size
is larger (more than two people).



Sustainability 2021, 13, 4332 15 0f 18

Family Size 2 person or less

—e— Utility of PT (upt)  —e— Utillity Private Car (uc)  —e— Utility of Walk (uw)

Figure 6. Utility value of dependent variable based on family size (two persons or less).

Family Size more than 2 person

—e— Utility of PT (upt) —e—Private Car  —eo— Utility of Walk (uw)

Figure 7. Utility value of dependent variable based on family size (more than two persons).

Figure 8 and Table 11 include results indicating that workers have a greater propensity
to make work activity trips by using private transport more than other modes.

Work Activity

—e— Utility of PT (upt)  —e— Utillity Private Car (uc)  —e— Utility of Walk (uw)

Figure 8. Utility value of dependent variable based on activity purpose (work activity).

According to the results found in Figure 9 and Table 11, one can find that the shopping
activity is often affected by the location of the market or how far it is from the house.
The travel by using a walk or public transport to complete shopping activity has more
utility to the traveler than the use of the car for shopping.

Referring to the results given in Figures 10 and 11 as well as Table 11, one can clearly
find out that the household income has a significant impact on the choice of transport
mode, and it consequently affects the utility value of traveler in the choice of the transport
mode. In particular, the traveler with a high income is inclined to use a car for traveling.
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Shopping Activity

—e—utility of PT (upt)  —e— Utillity Private Car (uc) —e— Utility of Walk (uw)

Figure 9. Utility value of dependent variable based on activity purpose (shopping activity).

Income Between 75 to SO

A

v [
o /_, &
3 25 27 u;: 33 §5°p7 39 #Va3 a5 47 49

53 55 57 59 61 63 65 67 69 71 73 75 77 79 81 83 85\87[B9 91 93

—e—Utility of PT (upt)  —e—Utillity Private Car (uc)  —eo— Utility of Walk (uw)

Figure 10. Utility value of dependent variable based on income (between 75K Ft and 50K Ft).

Income Between 150 to 125

50.0

40.0

30.0

200

100

\
00 )
100

200

30.0

400

—e—Utility of PT (upt)  =—e—Utillity Private Car (uc) - Utility of Walk (uw)

Figure 11. Utility value of dependent variable based on income (between 150K Ft and 125K Ft).

Table 11 presents the average utility values of variables (gender, age, family size,
activity purpose, and monthly income) in relation to mode choice. This analysis has been
done by considering the modes a walk, private transport (car), and public transport.

The presented figures and Table 11 show that the utility values are highly dependent
on the socio-demographic parameters, especially age and activity purpose. This means
that the final choice of transport mode will be different for the younger generation and
older generation, as they have specific priorities, which are reflected in their utility function.
In general, younger persons tend to walk, when realizing an activity, while this transport
mode is almost neglected in case of the older generation. Transport by car is mostly
appreciated for middle-age persons. Similar differences apply for the activity purpose,
where work-related and leisure-related activities are attracting different transport modes.
For example, going to work is usually a commuting activity by car, while shopping at the
grocery store can be easily achieved by walking.
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6. Conclusions

This research aims to estimate the influence of various variables on mode choice.
To achieve this work, we used a multinomial logit model (MNL) and nested logit model
(NL) to analyze the relationships between mode choices of the traveler and the characteris-
tics of the individual, the household, the activities, and the trip.

Using the modeling techniques, tests were carried out to justify that the models fit
the data according to statistical terms. In addition, the estimates of the variables were
reviewed and interpreted. As the main results, it was found that these estimates focusing
on the variables have a high significance on the mode choice. The coefficients and ¢-tests
of variables showed that all explanatory variables were significant, but the effects and
contribution of each variable were not the same. Thus, they were sorted according to
their effects based on the model. As a conclusion, the significance of the variables could

VZaTi V77

be identified, in the following order: “trip distance”, “travel time”, “activity purpose”,

oo VTS

“household income”, “travel cost”, “vehicle per household”, “number of transfers between
public transport”, “family size”, “age”, “gender”, “employment”, and finally “education”.
This means that travel time and activity purpose are the most decisive factors, which
influence the mode choice of an individual.

The utility function presented in this study highlights the concepts of utility maxi-
mization when performing the mode choice of travelers. This function includes the utility
of performing daily activities so that it introduces a trade-off between different modes
based on utility. This model allows accommodating the selection of travel mode depending
on the trip distance, travel time, travel cost, activity purpose, monthly income, and transfer
number to achieve the best personal utility. New terms in the utility function are introduced
to improve the model performance and simplify the estimation of the maximum utility
of mode choice. With the results, it is possible to estimate the influence of the various
variables on mode choice and identify the best mode based on the utility function. This can
have a practical application when elaborating urban traffic models and travel plans. Thus,
the results can be relevant for both to urban planners and city-related decision-makers.

Overall, the research provides promising insights into the mode choice behavior in
Budapest. The main limitation of the study lies in used modeling techniques. Hence,
advanced models such as mixed logit or Probit models can be applied for further improve-
ment. In addition, as the travel behavior of travelers may change over time, this may imply
some limitations of the results. Therefore, it would be beneficial to run the models on a
fresh and full dataset in the future. Another limitation is the size of the useful dataset.
In the filtering process, several trips had to be discarded because of missing information.
As future research, extended analysis to a large dataset will be useful for further identifying
various variables considering the effect on mode choice. Finally, this study leads to the
development of a microsimulation-based prototype of mode demand models.
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