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A personalized route planner is elaborated to support commuting, where soft measures are applied to influence
the intentions of individual travel behavior. In order to do that a utility function is created, which consists of four
attributes (travel time, travel cost, environmental effect, and health effect) to reflect on user preferences and
considers four transport modes (walking, cycling, public transport, and car) as alternatives. The outcome of the
utility function is a suggested transport mode based on the attributes, where the travelers may provide a feed
back, whether they would really choose the suggested transport mode. During the analysis, statistical methods
are used to determine the most substantial factors affecting transport mode choice and trip characteristics. Based
on the analysis, travel time is still the most determinant attribute in transport mode choice. Considering the
results, the web application suggests in most cases cycling as the best mode choice, and almost half of all users
agree to choose the best transport mode, which is suggested by the application. The acceptance rate is much
higher in case of public transportation and walking. The applicability of reduction, tunneling, suggestion,
personalization, and simulation strategies are demonstrated. The elaborated method supports finding a solution
to change travel behavior by understanding the affecting factors of the individual decision-making process,
which might help promoting the choice of environmentally friendly transport modes.

1. Introduction
Sustainable travel behavior means that environmental, economic,
and social impacts are reduced when users make a travel mode choice,
usually different than car, as defined by Sunio and Schmöcker (2017).
Sustainable travel behavior is therefore recognized as an essential aspect
in the development of socially, environmentally, and economically
sustainable communities (Gudmundsson et al., 2016). This can be
realized by introducing sustainable urban mobility plans, which focus
on those demand management strategies that can facilitate alternatives
to private cars (Myrovali et al., 2020). The introduction of such policies
might influence the decisions of travelers in cities resulting in a more
sustainable travel behavior (Morris & Guerra, 2015). In terms of the
negative impact, choosing public transport or active modes (walking
and cycling) is considered sustainable compared to car usage (Lind et al.,
2015). The promotion of sustainable transportation mode choice miti
gates the environmental effects of mobility (e.g. pollution, noise), and
has a direct positive effect on the citizens. Therefore, ways of supporting
sustainable mode choice need to be further investigated.

The majority of the available strategies aims to influence long-term
behavioral change (Andersson et al., 2018; Dastjerdi et al., 2019; Di
Dio et al., 2018). Through proper intervention, behavioral change can be
triggered, which leads toward the adoption of more sustainable behav
ioral habits, such as reducing car usage (Anagnostopoulou, Urbancic
et al., 2018). Existing strategies consist of soft measures, such as an
awareness raising campaign or organizing a bike-to-work day (Martin
et al., 2012) and hard measures, such as an establishment of a bike lane
or parking regulation (Ferguson, 2016). The main difference between
these two types of measures is in case of hard measures the need for
infrastructural developments accompanied by higher financial invest
ment requirements, while soft measures usually require lower financial
resources are based on information provision. Technologies and soft
measures are crucial for sustainable development (Di Dio et al., 2018;
Zong & Zhang, 2019). More specifically, information and communica
tion technologies (ICT), more directly Intelligent Transport Systems
(ITS), have the potential to influence travel purposes, routes, and mode
choice (Iordanopoulos et al., 2018).
This influence can be achieved by persuasive technologies, which are
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designed to change (travel) behavior of users through influencing indi
vidual decisions as defined in Anagnostopoulou, Bothos et al. (2018).
Route planning applications (a subset of ICT and ITS) can promote
sustainable modes so that these technologies can be used as persuasive
techniques to support changes in travel behavior (Giuliano & Hanson,
2017). On the one hand, ICT can change the utility of different transport
modes, which has an impact on the transport mode choice by making
public transport, walking, and cycling more attractive (e.g. through ICT
commuters access the public transport schedules, cycling routes). On the
other hand, ICT can represent a barrier to sustainable transport as well,
since several mobile applications provide real-time information on
traffic and suggest unsustainable modes as the best option. Thus, in
dividuals might be encouraged to drive a car which generates traffic
jams in residential areas (Gössling, 2017). Currently, there are several
applications developed to nudge users taking into account environ
mental or health effects (Bothos et al., 2014), but they do not use a
combined set of parameters to facilitate behavior change, and do not
intend to change the travel behavior of commuters. Therefore, the
following research question can be formulated: How to elaborate route
planning applications and apply influencing strategies supporting sus
tainable transport mode choice for the commuters, which could
convince people to change travel behavior?
The main added value of the proposed application compared to the
existing methodologies (Andersson et al., 2018) is the ability of
considering multiple objectives expressed in a comprehensive manner, i.
e. the user’s utility function for the daily commuting. On the one hand,
the present research suggests a selection of strategies to influence
commuters’ choice towards sustainable options, on the other hand a
feasible implementation is proposed and justified via a real-world pilot.
Based on previous achievements, the research contribution of this study
is to:

mode choice and travel satisfaction, including travel-related attitudes.
The researchers find that active travel results in the highest levels of
travel satisfaction, and urban commuters evaluate car and public
transport trips more negatively than suburban commuters. Based on the
results of Hasnine et al. (2018), students tend to choose active modes
and public transport when heading to the city center. While considering
long-term implications, bike would be much preferred in case of suitable
infrastructure. Almarsi and Alraee (2013) develop a mode choice model
for work trips. The developed models are able to predict the choice
behavior with a high confidence level; however, these models do not aim
to change travel behavior nor to suggest transport modes.
The monitoring and understanding of factors influencing transport
mode choice is essential in choice modelling since it directly deals with
the behavioral aspects of travelers. Generally, the individual mode
choice is influenced by factors (Ortuzar & Willumsen, 2011) which can
be classified into three categories, i.e. the individual characteristics of
the traveler (e.g. income, car ownership, household structure, the
possession of driving license, or attitude), the trip characteristics (e.g.
trip purpose, the time of the day, or whether it is an individual or group
trip), and the characteristics of the transport facility (e.g. travel time,
costs, availability, reliability, comfort, safety, and security).
Among the three categories mentioned above the individual char
acteristics of the traveler is the only one which contains subjective as
pects concerning the mode choice for daily commuting, e.g. intentions,
attitudes and awareness of consequences are important factors. At the
same time, characteristics of the trip and the transport facility are
objective parameters, which are given and cannot be influenced.
Accordingly, persuasive technique is a promising approach to influence
travel behavior towards sustainable travel modes via affecting subjec
tive individual parameters.
Another classification includes five groups of factors (Yang et al.,
2018), which are the travel demand determinants, the transport mode
characteristics, the socio-demographic characteristics, the subjective
attitudes and perceptions, and the environmental characteristics. Other
factors (Kwan et al., 2018), which have impact on travel behavior, are
the psychological values of the locals, the national economic policies,
and changes due to life-course transitions. According to the above, when
persuasive techniques are deployed, besides the most influencing factors
(travel time and cost), two subjective factors can be taken into consid
eration, i.e. environmental and health effects.
To provide a suitable utility function for suggesting sustainable
transport modes, its parameters must be identified. The results by
Almarsi and Alraee (2013) show that the factors significantly affecting
mode choice are the total travel time, the total cost, the ownership of the
means of transport, the distance, and the age. Sun et al. (2018) consider
that in case of car, the influential factors for decision-making are the
travel time and the uncertainty of parking. Moreover, it is investigated
that under what conditions car users would give up driving and switch to
public transport. The study of Ng (2018) illustrates how different policy
scenarios might help cities to achieve a more sustainable transportation
development, and how important it is to consider carbon emission in
model choice models. According to Anagnostopoulou, Bothos et al.
(2018), the most commonly visualized information is CO2 emission,
cost, and the burnt calories. The scholars assume that in case of a switch
to more environmentally friendly transport modes, the cost of mobility
is reduced, and users burn more calories. Tajalli and Hajbabaie (2017)
study the associations between commuting mode choice and the phys
ical and mental health of travelers in New York City. The results show
that walking and using subway are the healthiest modes of commuting.
Showing health benefits, when listing the choice options, may have a
positive effect on sustainable mode choice. Traditional route planners
typically provide only time and distance information, while the health
effects of walking or cycling are measured by special apps, which do not
intend to change the travel behavior. Thus, these parameters must be
considered when constructing a utility function.
The Theory of Planned Behavior was assessed by several researchers.

• investigate how persuasive strategies can be effectively included in a
route-planning application to encourage sustainable travel behavior
for commuting,
• create a multiobjective utility function, which considers several pa
rameters to support the suggestion process,
• analyze how specific factors (travel time, travel cost, environmental,
and health effect) influence the intention of individual travel
behavior in an urban area,
• measure (by direct feedback from the user) whether the traveler
preference is accomplished based on the suggestions of the
application,
• assess user features, mode choice, feedback, acceptance, and their
interconnections.
The paper is structured as the following. Section 2 discusses the
related works focusing on mode choice, soft measures, and persuasive
technologies. In Section 3, a model is described where a specific utility
function is created. Section 4 presents the results, including user related
parameters, trip related parameters, and statistical analysis. In Section 5,
the results are discussed, and extension options with limitations are
mentioned. Finally, Section 6 provides the conclusion of the study.
2. Related works
Mode choice is a complex process which is strongly influenced by
different socio-economic and habitual factors. Hilgert et al. (2016)
analyze whether and how commuting mode choice patterns vary on the
individual level and which factors influence this variation. The results
indicate that commuting mode choice is determined by several factors
like socio-demographics, commuting tour characteristics, and the
availability of cars and transit passes. The study of Li and Zhao (2015)
highlights that travelers with higher status tend to travel more by car,
while in case of short trips, bicycle is especially popular among the
transport modes. De Vos et al. (2016) focus on the relation between
2
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Olsson et al. (2018) investigated, which parameters have the greatest
effect on the reduction on car usage. Using ordered logit models, it was
shown that personal norms, attitudes, and perceived behavior control
are the most relevant mechanisms that play a role in the mode choice.
Klöckner and Blöbaum (2010) elaborated a comprehensive model,
where travel behavior changes were investigated using a structural
equation model. They found that intentions and habits have a significant
impact on the mode choice. Similarly, Sunio et al. (2018) used a stage
model of self-regulated behavioral change to analyze the potential
behavior changes of university students. The results are based on lon
gitudinal data, using a before and after data collection, where they found
that a substantial change in travel behavior can be achieved through
four stages: predecision, pre-action, action, and post-action.
Special attention needs to be paid to soft measures in influencing
travel behavior. These measures include the promotion of sustainable
travel, the educational and travel related awareness campaigns, the
advertising campaigns, and the use of travel plans, as stated by Nasrudin
et al. (2017). Based on the study of Bamberg et al. (2011), such measures
are aimed to influence directly the decision-making process by affecting
individual perceptions through the modification of the individuals’
judgements on the consequences associated with the use of different
transport modes. Bamberg (2013) found that behavior change can be
achieved by using personalized information and a stage-based dialog
intervention, which resulted in the reduction of car usage.
Andersson et al. (2018) investigate through a theoretical framework,
how behavioral change can be reached by implementing smartphone
applications. The results suggest that customization, information, feed
back, commitment, and good design are important aspects when aiming
to encourage the choice of more sustainable modes. Therefore, in this
study, these approaches are applied by providing comprehensive in
formation about the transport modes.
Persuasive strategies guide travelers to change their mobility and

make sustainable decisions. Some commonly applied persuasive strate
gies are collected in Table 1. Anagnostopoulou, Bothos et al. (2018) find
that self-monitoring, feedback, tailoring, and comparison are the most
relevant strategies. According to the research of Sunio and Schmöcker
(2017), self-monitoring and feedback are the most used persuasive
strategies applied in urban mobility applications.
Bothos et al. (2014) propose a set of persuasive strategies for
route-planning mobile applications by using the concept of choice ar
chitecture to support travelers to choose more sustainable transport
modes. In general, the results show the positive impact of the application
on travelers and the change of their attitudes toward environmentally
friendly solutions. Anagnostopoulou, Urbancic et al. (2018) aim to
change mobility behavior through personalized interventions by using
persuasive technologies. A route planner application is developed, and
after the pilot period, it is found that 40% of the suggestion, which
support more sustainable mode choice, receive positive feedback.
Günther et al. (2020) applied persuasive strategies, such as simula
tion, gamification, and rewards, to persuade drivers of electric cars to
change their driving style. Although in this case the intention was not to
change the used transportation mode, but to drive more eco-friendly.
They have realized a feedback mechanism combined with financial
benefits, but as a result it came out that the gamification elements
reached the strongest decrease in terms of energy consumption. Dast
jerdi et al. (2019) tested how much individual travel decisions can be
influenced using a travel app with persuasive features, where
self-monitoring, tailoring, comparison, and gamification were included.
They found that enjoyment, social interaction, and the promotion of
environmentally friendly options are the main motivation factors.
Ahmed et al. (2020) were dealing with personalized travel planning,
where they analyzed strategies to achieve behavioral change. They have
applied persuasive techniques, where personalization, liking, social
learning, and cooperation was applied. Travel plans were created for the
users promoting choices of environmental and health benefits. As a
result, there was a 25% decrease in terms of CO2 emission and about 6%
increase in terms of level of physical activity. Related works are listed in
Table 2 summarizing the name of the application, the persuasive

Table 1
Persuasive strategies to change travel behavior (Anagnostopoulou, Bothos et al.,
2018).
Strategy

Description

Reduction
Tunneling

Reduces a complex task to a simple activity.
Guides users through a sequence of actions (a step-by-step
format).
Provides information according to the needs of the user group.
Provides suggestions to help travelers to reach the target
behavior.
Provides personalized content/services adapted to specific users.
Provides the ability to review the past behavior of the subject.
Displays consequences of a particular behavior (links the cause
and effect).
Provides the ability to rehearse behavior or content of the
intervention.
Offers praise in order to make people more open to persuasion.
Provides reminders about the target behavior.
Implements game elements in a non-game context.
Supports target behavior to perform better.
A system is designed to look familiar for a user.
A system with increased visual attractiveness to increase
persuasion.
Acts like it has a social role (e.g. coach, instructor, or buddy).
Provides opportunity to observe the behavior of others.
Influences the target behavior through providing normative
information.
Provides the opportunity to monitor whether there are other
users performing the same behavior along with them.
Stimulates the target behavior through competition with each
other.
Provides information about the adoption of the target behavior.
Provides a possibility to compare the own behavior with others’
behavior.
Adaptation of the users’ target behavior through cooperation.
Uses principles of reinforcement and shaping to change behavior.
Collection of data about behavior through observation.

Tailoring
Suggestion
Personalization
Self-monitoring
Simulation
Rehearsal
Praise
Reminders
Gamification
Rewards
Similarity
Liking
Social role
Social learning
Normative
Social
facilitation
Competition
Recognition
Comparison
Cooperation
Conditioning
Surveillance

Table 2
Web applications using persuasive techniques and their effects.

3

Name of the
application

Persuasive
strategy used

Effects, outcomes

Related material

OPTIMUM

all strategies listed
in Table 1

Anagnostopoulou,
Urbancic et al.
(2018)

Persuasive
Experiment of
Chemnitz
University of
Technology

simulation,
gamification, and
rewards

Advanced Realtime
Multimodal
Information
System for
Copenhagen
Traffic
Management
SPARROWS

self-monitoring,
tailoring,
comparison, and
gamification

through
personalized
persuasive
messages users
make more
sustainable
mobility choices
drivers of electric
cars are persuaded
to drive more ecofriendly so that
energy
consumption can
be reduced
individual travel
decisions are to be
influenced using a
travel app with
persuasive
features
through
personalized
travel planning
users choose proenvironmental
mobility
alternatives

Ahmed et al. (2020)

personalization,
liking, social
learning, and
cooperation

Günther et al.
(2020)

Dastjerdi et al.
(2019)
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strategies used, the outcome, and the reference materials.

• Four attributes are used: travel time (TT), travel cost (TC), environ
mental effect (EE), and health effect (HE).
• As a decision rule, the utility function is defined for ranking the
transport modes.

3. Method
The understanding of travel behavior aids the establishment of sus
tainable transport systems. This section provides a description of the
factors affecting mode choice, the most common approaches used for
mode choice analysis (including the suggested utility function), the
establishment of the application, the data collection steps, and the
applied persuasive strategies.
The first step of the method is to define the parameters, which are the
attributes (set by the users) and alternatives (analyzed transport modes),
influencing the mode choice. Then, a utility function is created consid
ering the defined parameters. The outcome of the utility function is a
suggested transport mode based on the attributes. As a final step, the
travelers may provide a feedback, whether they would really choose the
suggested transport mode.

There are various forms of utility functions to measure mode choice,
which are commonly applied in transport literature and real-world
practice, as well (Koppelman, 1981). The utility function proposed in
the paper is a linear cost function consisting of four attributes on
transport mode choice to reflect user preferences. This function is
created to express quantitatively the preference of the individual trav
elers. During planning routes, the users can specify their own prefer
ences based on their travel habits by using weight parameters (w) from
0 (no preference) to 4 (maximum preference) related to the four attri
butes. Using a Likert scale is a standard process in capturing travelers’
viewpoints regarding transport related choice options (Eboli & Maz
zulla, 2010). The route planning for the four transport modes is based on
Google API, where the cost terms (C) are calculated based on the routes
provided by Google API. The utility is mathematically represented as a
linear function of the parameters of the trip for the specific transport
mode (m), as described in Eq. (1).

3.1. Model description
Discrete choice models (Muro-Rodríguez et al., 2017) are widely
applied to determine factors affecting transport mode choice and the
probability of choosing a particular mode from various options. These
models have the capability to predict individual and group decisions.
The individual decision-making process is presented as a sequence of the
following steps: the definition of the choice problem, the generation of
the alternatives, the evaluation of the attributes for each alternative.
According to the study of Ben-Akiva and Bierlaire (1999), a discrete
choice model is based on the following general assumptions:

ui = − wTT ⋅sTT ⋅CmTT − wTC ⋅sTC ⋅CmTC − wEE ⋅sEE ⋅CmEE + wHE ⋅sHE ⋅CmHE

(1)

where:
•
•
•
•
•
•
•
•

• Decision maker: Defining the decision-making entity and its char
acteristics. The decision maker is usually assumed to be an
individual.
• Alternatives: Determining the available options that an individual
considers during a choice process. A discrete choice model includes a
finite number of alternatives, which are mutually exclusive and
collectively exhaustive. The set of the considered alternatives is
called the choice set.
• Attributes: Measuring the benefits and costs of each alternative. A set
of attributes forms an alternative. Some attributes may be applied to
all alternatives, but some might be more specific.
• Decision rule: Describing the process applied by the decision maker
to choose an alternative.

w – weight parameter,
s – scaling factor,
C – cost term,
TT – travel time,
TC – travel cost,
EE – environmental effect,
HE – health effect,
m – transport mode.

The scaling factor (s) is calculated to normalize the terms of the
utility function presented in Eq. (2).
s(attribute) =

1
(
)
max C1(attribute) , C2(attribute) , C3(attribute) , C4(attribute)

(2)

Therefore, the elaborated model compares all alternatives based on
the results of the route-planning application and suggests the transport
mode with the highest utility value.
3.2. Route-planning web application

Most discrete choice models are modelled within a microeconomic
utility-maximization theoretical framework (e.g. random utility theory).
Random utility theory is based on the hypothesis that every individual is
a rational decision-maker, maximizing utility related to own choices.
The utility of an alternative depends on the attributes of the alternative
and the individual that can be observed (e.g. travel cost, gender, and
age) as well as on attributes that cannot be observed (e.g. service quality,
safety, and convenience) (Cascetta, 2009).
Utility can be defined as a value for an individual. The utility of a
transport mode is the attraction associated with a particular transport
mode used by the traveler for a trip. It can be stated that an alternative
(i) will be preferred and chosen from other alternatives, if and only if the
utility of the alternative (i) is greater or equal to the utility of all alter
natives (j) in the choice set (Minal & Ravi Sekhar, 2014).
Based on the utility theory, in the algorithm of this study, the
alternative with the highest utility value is chosen by the individual. The
assumptions of the applied method are the following:

The developed route-planning web application (https://movecit.
codecluster.io) is a pilot action of MoveCit project (INTERREG, 2019).
The project ran between 2016 and 2019 and was supported by the
INTERREG Central Programme (Fig. 1). The project aimed to address the
practical usage and the benefits of sustainable transport modes. The
application helps travelers to determine which transport mode is better
to use for urban trips (typically for commuting between home and
workplace) based on their preferences expressed by the utility function
in Eq. (1).
The main steps of the application usage are the following:
• The travelers register and provide information about their general
background (age, gender, and education), locations (home and work
address), and travel preferences (e.g. car type, biking speed, or the
availability of public transport pass).
• The application creates possible routes for each transport mode
(walking, cycling, public transport, and car) from the place of de
parture to the destination with a possibility to add multiple
destinations.

• The individual is a user of the route planning application.
• Alternatives are presented by four modes of transport (m): walking
(1), cycling (2), public transport (3), and car (4).
4
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Fig. 1. Example of the planning process in MoveCit web application (https://movecit.codecluster.io).

• The traveler can compare the results of each transport mode based on
travel time, travel cost, environmental effect, and health effect. The
long-term results related to the weekly, monthly, and yearly periods
are illustrated as graphs.
• Finally, the traveler can provide a feedback on the chosen transport
mode.

for trips by car, the walking time to/from the car and search time for
a parking place are set.
• Travel cost (Hungarian Forint): The cost of the trip is calculated by
the travel distance using data specified by the traveler.
• Environmental effect (g): CO2 emissions are calculated by the
average values for public transport and car (e.g. derived from the
type and the age of the car).
• Health effect (kcal): It shows burned calories during the trip based on
the distance.

It is worth pointing out that the application does not consider real
time data for trip planning (e.g. traffic jams) because it aims to support
travel behavior change on a long term rather than providing real time
travel information for a specific trip.
Various data are collected from users by the route-planning appli
cation. This method of data collection can be considered as stated
preference surveying. In terms of the route-planning application, the
information is related to actual trips made by the users considering the
place of departure, the place of destination, the preferences, and the
transport mode they chose from the available alternatives. Basically, the
data are gathered through answering a set of questions while creating
and setting profiles as well as planning routes in the application. How
ever, users can also plan routes with the application without creating a
profile, but in this case the settings and the results are somewhat limited.
The primary data used for the analysis can be divided into two
groups.
The first group deals with information related to the profiles of the
users, which consists of:

The basis of determining the most appropriate transport mode is to
use a utility function, which provides a combination of the attributes.
Travelers can set priorities (weights) for each attribute by using the scale
from 0 to 4 in the application. Even though the most appropriate
transport mode based on the profile and the settings of the users is
proposed by the application, the traveler may decide not to choose it.
The mode choice is a complex task, and it can be influenced by the
travelers’ psychological factors, attitudes, and personal perception, too.
Due to this, each user is asked to leave a feedback on the chosen mode of
transport.
The backend is developed in PHP, the database is handled with
MySQL, the user interface is developed with Vue.js, while the trip
planning is carried out by using Google API via JSON interface. All the
data are processed and stored in the centralized database of the routeplanning application. The collected data are analyzed by using Matlab
software (version R2021a). There are many built-in commands and
math functions in Matlab that help users in mathematical and statistical
calculations, generating plots, and performing numerical methods.

• User characteristics: gender, the year of birth, home, and work
address.
• Travel habits and preferences: the most frequently used mode of
transport, the usage information of regularly used modes of transport
(e.g. average parking time, average cost, or the possession of
monthly pass).
• Factors affecting mode choice: weights from 0 to 4 for each transport
mode assigned by users, where 0 means the least preferred option,
and 4 the most preferred one.

3.3. Application of persuasive strategies
The route-planning application can be considered as a tool of
persuasive strategies. Based on the listed persuasive strategies, reduc
tion, tunneling, suggestion, personalization, and simulation are used in
the application (Table 3). The reason for selecting these persuasive
strategies is twofold. These strategies are easily usable in a web appli
cation. However, the incorporation of more strategies is likely to
discourage the participants from using the application.

The second group represents data about the trips made by the trav
elers. The data are collected during the route planning and as an output,
displays the information related to each transport mode, such as travel
time, distance, emission, health effect, and feedback option. As the main
affecting parameters, the following attributes are presented in the
application:

3.4. Use case of the web application
A typical use case can be described in three steps: getting to know the
application (quick planning with modest personalization), detailed
planning (every possible personalization), and providing results. These
steps are supported by the following three main pages of the application.
The landing page (Fig. 2 Error! Reference source not found.) has a

• Travel time (min): Travel time includes the duration of the trip and
the additional time specified for each transport mode. For example,

5
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registration-free quick planner for those, who do not want to register,
but have some initial interest in the application. The blue area serves for
setting the origin and the destination, and the selection of the departure
time. The orange area contains the sliders for the attributes (travel time,
travel cost, environmental effect, and health effect), but it is not active
for unregistered users. The map view in the yellow area provides the
route visualizations.
When a user chooses to register, more complex functionalities can be
reached, where the settings can be also stored. In the Registration page
(Fig. 3) in blue area the home and workplace address can be stored,
while in the orange area the parameters can be changed. The red area is
to collect information about age, gender, and education. The green area
contains a mode-specific list with detailed parametrization possibilities,
such as the walking time to the first public transport stop or the average
cost of private car usage. The parameters have a default value, which can
be modified by the users based on their experience.
On the results page (Fig. 4) the chosen settings are shown, where the
blue area represents the origin and destination, and the orange area
represents the attributes. The green area provides the numerical results
and the suggested transport modes in order based on the utility function,
whereas the yellow area served to show the route results on the map,
highlighting the selected routes from each transport mode. Finally, the
purple area shows the feedback option.

Table 3
Persuasive strategies used in the application.
Strategy

Description

Reduction

It reduces a complex task to a simple activity. The mode choice is a
complex decision with several parameters, which is reduced by
using four main attributes and by providing a ranking of transport
modes based on personal preferences applying the utility function.
The users are guided towards their choices; the uncertainty is
reduced because they are able to plan their trips step-by-step. The
application provides detailed settings to determine the individual
travel behavior characteristics, and during the planning, only the
weights have to be set, the ranking and suggestions are
automatically generated.
The transport mode which is proposed to the user based on the
personal preferences is highlighted. The application provides a
ranking of the transport modes by using the weights and the
parameters which are set by the traveler during the planning and in
the personal settings.
The application offers personalized content which helps to reach
better results. Specific transport related parameters can be set by
the user, such as car type, biking speed, or the availability of a
public transport pass. With the parameters and the weights
assigned to the transport modes, a fully personalized mode choice
recommendation is created by the application.
The developed application informs the users about the possible
consequences of choosing a particular transport mode. Not only the
ranking of transport modes is shown, but the travel time, the travel
cost, the environmental effects, and the health effect of the different
mode choice are provided to the traveler, too. Thus, with all
available information the traveler can make a more conscious
decision, which is reflected in the feedback.

Tunneling

Suggestion

Personalization

Simulation

3.5. Sample description
Considering the trips (Table 4), more than half are created by male

Fig. 2. The landing page of the web application.
6
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Fig. 3. The registration page of the web application.

users (56%), and about one third are created by female users (31%),
while 13% of the users do not specify the gender. Regarding the age,
younger and older generations are defined reflecting the Hungarian
demographic feature, i.e. people under 26 years old are more likely to be
still university students than workers. In this vein, more users are
coming from the younger generation (57%) and less from the older
generation (43%). The mean value of age is 29 with a standard deviation
of 6.6, where the minimum age is 20 and the maximum age is 64. In
terms of car ownership, 31% of the users own a car, and 69% do not own
a car, which is close to the country’s average values (regarding car

ownership by families). Considering public transportation (PT), users
with a monthly pass (81%) are well represented. In terms of education
users with university diploma are overrepresented with 58%. The
generally used transport modes for commuting are also assessed, where
more options could be chosen as travel preferences. In most cases public
transport is combined with another transport mode, such as walking
(67%), car (53%), and cycling (47%). The bias in the gender and age is
caused by the fact that the application was highly promoted among
university students of engineering. However, the general analysis clearly
shows that not only students used the application; thus, the data set
7
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Fig. 4. The results page of the application.

than 1000, but in order to avoid redundancy, those trips were filtered
out which appeared multiple times with the same settings originating
from the same user. Thus, two types of data are used for the analysis:
information about the users, such as age, gender, and travel related
preferences as well as information about the planned trips, including
mode choice, feedback, and acceptance. Reduction, tunneling, sugges
tion, personalization, and simulation persuasive strategies are demon
strated by the results of the pilot, and are incorporated directly via the
functionalities of the application.

Table 4
General analysis of the users participated in the data.
Parameters

Options

Percentage

Gender

Male
Female
Not specified
Younger users (<=26 years)
Older users (>26 years)
Yes
No
Yes
No
Elementary school
High school
University/College
Car and public transport
Cycling and public transport
Walking and public transport

56%
31%
13%
57%
43%
31%
69%
81%
19%
1%
41%
58%
53%
47%
67%

Age
Car ownership
PT pass ownership
Education
Travel preferences

4.1. Attributes
In order to analyze the importance of the attributes which influence
transport mode choice, the average weights of the attributes (Table 5)
and the distribution of the values are calculated (Fig. 5). After regis
tration, the users set the weights from 0 to 4 for their trips based on the
attributes used in the application. The most determinant attribute of
transport mode choice is travel time with an average of 2.75. This
highlights that users consider travel time as lost time, which conse
quently, should be minimized. Although travel cost (1.81) is the second
most important attribute, the difference between this attribute and the

might be relevant in conducting further analysis.
4. Results
The application was tested in Budapest from November 2018 to
November 2019. The route planner was advertised among the university
community via social media channels and through e-mail lists of specific
user groups. During this period, 400 valid trips were generated by the
web application and the number of the created individual profiles ach
ieved 161. In the raw database, the total number of trips reached more

Table 5
Average weights of the attributes.
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Attribute

Travel time

Travel cost

Env. effect

Health effect

Average weight
Standard deviation

2.75
0,82427

1.81
1,015372

1.79
0,838624

1.09
1,102304
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Fig. 5. Distribution of attribute weights.

third one, the environmental effects (1.79) is negligible. Thus, it can be
concluded that during their mode choice decisions, users consider the
environmental impact of traveling in an increasing manner. The result
confirms the intention of the project’s goals, i.e., people must be
encouraged to use environment-friendly transport modes. Although the
attribute of health effect is the lowest in average (1.09), it is still
remarkable considering that the full scale is from 0 to 4. It suggests that
people are aware of their health during travel, in a measure of more than
25% in general.
By analyzing the distribution of the attribute weights (only discrete
values are allowed), it can be concluded that travel time has the most
choices of value 2, which is followed by value 4. Obviously, the most
weights with value 4 are present (35%) in case of travel time, that is why
this attribute is the most important.
In case of travel cost, most of the choices are value 1, which is quite
surprising, i.e., 50% of the users (including value 1 and value 0) do not
consider cost as a decisive factor. This result presents an important fact
that money is not the sole tool to influence travel behavior as it is
frequently considered by policy makers (Bhatt et al., 2008).
The environmental effect has similar level of choices of value 1,
which means that 50% of the users (including value 1 and value 0) do
not think that emission is important for them. However, in this case
almost 10% of the users consider this as the most important aspect
(giving value 4).
The health effect is much less appreciated, as almost 80% of the users
do not consider this attribute as an important one. Note that this result
does not indicate that people do not care about heath. It rather shows
that nowadays, people do not think about travel time as a useful time to
serve health related purposes.
Altogether, except for health effects, less than 5% of the users

consider any of the attributes as absolutely not important (giving value
0), but at the same time, except for travel time, similarly less than 10% of
the users consider the other attributes as absolutely important (giving
value 4).
Using the attributes, the reduction strategy is applied, which prac
tically makes the modeling of the complex decision with a few param
eters possible. Leaving the opportunity to the users to set these
parameters and applying the utility function to model the transport
mode choice, a transparent procedure is provided to support user
decision.
4.2. Travel time and travel distance
Travel time and travel distance are important parameters affecting
mode choice. For each trip, the best mode is suggested by the applica
tion, which might be car, public transport, cycling, or walking. The
Table 6
Mean and standard deviation of travel distances and travel times.
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Transport
mode

Mean (min, max)
travel distance
(km)

Std. dev. of
distance
(km)

Mean (min,
max) travel
time (min)

Std. dev.
of time
(min)

Walking

1.28 (0.29, 5.65)

1.39

17.78

Cycling

7.35 (0.57, 28.6)

5.21

Public
transport
Car

26.84 (1.53,86.31)

22.53

31.73 (15.2,61.85)

18.13

14.42 (3.48,
71.50)
29.28 (2.00,
107.01)
49.44 (5.82,
109.02)
41.96 (31.16,
54.90)

18.52
27.24
10.23
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The suggestion strategy is realized by providing the best transport
mode. Based on the results, usually sustainable transport modes are
suggested, which is completely in line with the general aim of the
application.
By analyzing the registered users’ gender and age, it can be stated
that the gender distribution of the best mode choice suggestion by the
application (male: 55-62%, female 32-37%) is very similar to the gender
distribution of the sample (male 56%, female 31%) in all cases of
transport modes (Fig. 9). Only car is an exception since it is suggested
only for male registered users (but this is due to the car ownership and
the possession of driving license rather than the gender). This means that
there is no specific gender-based difference between the suggested trips
by the application.
Considering age, only walking suggestion (younger 60%, older 40%)
correlates with the age distribution of the sample (younger 57%, older
43%). However, cycling and public transport are suggested more often
for the older generation. This is well understandable in case of public
transport, and it provides a positive encouragement to older generation
to utilize bike more often as a transport mode.

mean and standard deviation of the travel distances and travel times are
calculated for the best transport modes (offered by the application), see
Table 6.
Walking has a mean travel distance of 1.28 km, which is quite
normal, as people do not usually walk too far to reach their workplaces.
Cycling has a mean value of 7.35 km, which means that this mode is
suggested mainly for shorter trips. In case of public transport, the range
(26.84 km) is similar to that of the car (31.73 km), which means that
longer trips, especially from the agglomeration are suggested by these
modes. It should be noted that travelers could also plan trips from the
agglomeration; thus, the average values are higher than urban averages.
In terms of standard deviation, the car’s is relatively low, but this is due
to the low number of proposed suggestions by car.
Considering the travel time, walking (14.42 minutes) is followed by
cycling (29.28 minutes), which means that on average trips more than
30 minutes are not suggested by these modes. The average travel time by
car (41.96 minutes) is less than the average by public transport (49.44
minutes), which means that commuting by public transport takes a bit
longer.
From the histograms in Fig. 6, it can be derived that the usual travel
distances are up to 15 km, and usual travel times reach from 10 minutes
to 50 minutes.
Furthermore, the distribution of travel distances and travel times is
analyzed, as well. In Fig. 7, it can be observed that in case of walking,
every suggested trip is within 10 km and in case of cycling, within 30
km. Commuting by car and public transport are very diverse, up to 90
km. Considering the travel times, walking is usually up to 20 minutes,
but in some cases, it can be even more than one hour. Cycling is mostly
suggested for trips lasting less than one hour. Public transport covers
almost all-time intervals; however, usually, it is not suggested for trips
lasting less than 10 minutes. This result confirms that the suggestions of
the application are correct and effective for practical use.

4.4. Feedback and acceptance
Feedback is a response of a user to the proposed transport mode for
each trip. At the end of the process, after the application calculates the
best modes (based on the inputs and the preferences of the users), the
traveler is asked to accept or reject the calculated best mode choice. If
the suggested mode is not accepted, the users give feedback on their own
choices.
From the 400 trips generated, the users left a total of 156 feedback
information. Considering those users who created a profile, the pro
portion of providing feedback is much higher (48%) than in case of users
who did not create a profile, where this value is only 25%.
This justifies that tunneling strategy works. Thus, if users are willing
to create a profile and provide information about their intentions of
travel behavior, their planning related uncertainty is reduced because of
the step-by-step approach, and they are more likely to give feedback on
their choices, too.
Considering the feedback, 42% of all users agree to choose the best
transport mode, which is suggested by the application. When gender and
age are considered (Fig. 10), it becomes evident that male travelers are
more willing to accept (46%) the suggestions than female users (32%),
while age has not a significant effect on that.
It is emphasized that the suggested order of the mode choice is
effective, too, i.e. it is still a positive result considering the general aim of
sustainability, if the user chooses the second option instead of the best
suggested mode. Taking into account the first- and second-best mode
choices, the acceptance value increases from 42% to 87%, which truly

4.3. Transport mode choice
As one of the main features of the application, based on the results of
the utility function, the transport modes have an order, and there is a
best choice among them relying on the parameters set by the users
(Fig. 8). In most cases, cycling is ranked as a first choice (77%). This is
mostly caused by the fact that travelers set relatively high weight on
travel time, travel cost, and environmental effects, and bike is a very
efficient transport mode considering these parameters. Public transport
reaches 17%, while walking and car are practically not suggested as a
best mode to travel. This can be mainly because in the case of car, all
costs have been incorporated, and a very realistic travel time, including
parking time is calculated, which puts this mode in a disadvantageous
situation.

Fig. 6. Histogram of travel distances and travel times.
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Fig. 7. Distribution of travel distances and travel times.

workplace/school. The output was the decision of the user, i.e. accepting
(1) or not accepting (0) the suggestion. The logistic function to be
modeled is as follows:
p(x) =

1
1 + e−

(β0 +β1 x1 +β2 x2 )

(3)

where:
• p is the probability of accepting the suggested transport mode by the
application,
• x1 and x2 are the predictors, i.e. the age of the users and the distance
between home and destination,
• β0 , β1 and β2 are regression parameters.
The results of the multivariate binomial logistic regression are shown
on Figs. 11 and 12 filtered by the suggested transport mode for public
transport and cycling. For this analysis only a subset of the measured
data could be applied, i.e. users who provided feedback after using the
pilot web application. That is why the regression was not applicable for
private car and walking modes due to the very small number of data (less
than 10 samples for these modes).
It is observable that the distance between home and workplace/
school location is a highly determinant independent variable for the
persuasion. Besides, the age of the users also counts, i.e. the older is the
user, the more likely will be the nudge accepted. Table 7 summarizes the
coefficients (β, p) of the multivariate logistic regression with the related
p-values for public transport and cycling.

Fig. 8. Distribution of best transport mode choice suggested based on the
utility function.

justifies the usability of suggestions provided by the application.
Thus, the personalization strategy is a success, too as a personalized
content is provided to those users who registered. Furthermore, it is
likely that travelers accept the personalized suggestions proposed by the
application.
In order to model the acceptance of the application’s suggestion,
multivariate logistic regression was applied to the data with binary
output (Long, 1997). This is a regression type, where one or more in
dependent variables (predictors) are analyzed according to the observed
outcome, which can take only two possible values (0 or 1). The chosen
predictors were the age of the users and the distance between home and

4.5. Feedback and transport mode choice
When the transport modes are separately handled (Fig. 13), it can be
observed that the acceptance is much higher in case of public

Fig. 9. Best transport mode choice per gender and age.
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Fig. 10. Acceptance rate of the best mode choice per gender and age.

Fig. 11. Probability of user acceptance for public transport as a suggested mode considering age and distance.

transportation (87%) and walking (75%) than traveling by car (50%) or
cycling (28%). The very low number of users willing to choose the bike
is because of the lack of a well-established cycling infrastructure in the
city. Furthermore, the fact that cycling is suggested significantly more
often than other transport modes, creates this specific situation where
not all travelers tend to choose the best transport mode based purely on
the parameters.
As Fig. 13 analyzes the acceptance rate of each transport mode, but it
does not provide information about the modal share of the travelers, this
aspect is put into focus, as well. Most of those users who provide feed
back and accept the best mode choice use bike (50%) and public
transport (40%), while those who do not accept, are mostly bikers.
The relation is examined between the set attributes and the feedback
provided by the users (Fig. 14). Those registered users are included in
this part of the study who consider the attribute levels important (level 3
or 4) and provide a feedback on their mode choice (walking, cycling,
public transport, or car). Based on the Budapest pilot data, it is
observable that the users considering travel time and travel cost as an
important influencing factor primarily choose public transportation
(67%). Furthermore, public transportation is mostly chosen by users
who care about environmental factors when choosing the transport
mode. However, among these users, cycling is chosen by 1/4 of the

users, too. Interesting results are provided in case of health effects,
where users rather walk or use bike, when they consider this attribute
important.
Bike users and walkers do not consider travel time and travel cost so
much as decisive factors (less than 20%). While travelers choosing car
usually do not consider travel cost and health as an important attribute.
Finally, to support the conscious decision of the users, the long-term
impacts of each transport mode choice are visualized in terms of the four
attributes (travel time, travel cost, environmental effect, and health ef
fect), which can be seen in a weekly/monthly/yearly period. In Fig. 15,
which is a screenshot from the web application, the result of a typical
trip is shown by the application considering the environmental effect (i.
e. the CO2 emission in g), which is the highest in case of car and the
lowest in case of walking and cycling.
This analysis confirms the applicability of the simulation strategy,
where the users are informed about several aspects of their transport
mode choice, and they have the opportunity to choose and to provide
feedback on their decisions.
5. Discussion
Based on the analysis, travel time is still the most determinant
12
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Fig. 12. Probability of user acceptance for cycling as a suggested mode considering age and distance.

finding a solution to change travel behavior by understanding the
affecting factors of the individual decision-making process, which might
help promoting the choice of environmentally friendly transport modes.
In order to find effective solutions related to excessive car use,
changes in travel behavior are required. In general, the choice of a
particular transport mode is influenced by a variety of factors. There
fore, it is crucial to understand the affecting factors and the individual
decision-making process. This understanding might help transport
planners and policy makers to take measures for mitigating the negative
effects of urban transportation by promoting the choice of environ
mentally friendly transport modes which might bring changes in the
travel behavior of travelers.
Before registration, data handling information was available for the

Table 7
The coefficients of the multivariate logistic regression concerning the user
acceptance for public transport and cycling.
Transport modes

β

p

Public transport
Cycling

[-5.3114 0.0483 0.0492]
[1.5081 0.0398 -0.0295]

[0.1108 0.1466 0.6078]
[0.0624 0.3209 0.2378]

attribute in transport mode choice. Considering the results, the web
application suggests in most cases cycling as the best mode choice, and
almost half of all users agree to choose the best transport mode, which is
suggested by the application. The acceptance rate is much higher in case
of public transportation and walking. The elaborated method supports

Fig. 13. Acceptance rate of best choice per transport mode.
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Fig. 14. Distribution of the mode choice per attributes among users who set the attribute levels 3 or 4 and provided a feedback on their mode choice.

Fig. 15. Long term impacts of transport mode choice showing the monthly CO2 emission (g).

users, where they could be informed about the data handler, the aims of
data collection, the types of handled data, the duration of data handling,
and the data processing methods. The data protection was ensured by
following the General Data Protection Regulation (GDPR) rules, and the
users could ask anytime to delete their data from the database.
Based on the analysis of the importance of the attributes which affect
travel behavior, it is determined that travel time has still the highest
average value in transport mode choice. Meanwhile, the environmental
and health effects play less relevant roles. Therefore, it is suggested to
launch an educational campaign to increase the awareness of travelers
about the negative impacts of unsustainable mode choice on the envi
ronment and highlight the importance of a healthy lifestyle.
The travelers provided a feedback reflecting on their intentions, but
as commuting is strongly influenced by habits, it cannot be assured that

their travel behavior changes. This change should be supported by other
actions, such as awareness raising campaigns, innovative measures, and
financial incentives to reach that travelers decide on a sustainable mode
choice on a long term. The results of the pilot, where 42% of the users
agreed to follow the best transport mode suggestion are similar to the
results provided by Anagnostopoulou, Urbancic et al. (2018), where
40% of the suggestions received positive feedback in case of their route
planner application. This means that the majority of users do not intend
to change travel behavior, but a relatively high effect can be achieved.
It is observed that most users leave feedback on the sustainable
transport modes (cycling and public transport), and the number of
people who choose car for their urban trips is very low. These results
seem to be promising, but there can be a slight bias, as well since regular
car drivers, inflexible travelers, or digitally not so advanced users may
14
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not even open the application. Thus, it is needed to encourage more
drivers and excluded user groups to use the application since the main
purpose of using the application is to affect the travel behavior of such
users.
The developed web application can effectively support raising
awareness campaigns or the elaboration of workplace mobility plans. As
an implication of the results, the best transport modes can be suggested,
however it has to be validated beyond providing a feedback by the users,
whether they would really change their transport mode based on the
suggestions of the web application. In order to assess long term travel
behavior effects, focus group meetings should explore how individuals
react to the direct suggestions of such a tool, and how web applications
can support personal goals leading to actual decisions. Thus, considering
the practical implications, the web application can be an efficient tool,
when developing policies aiming to promote sustainable mode choice.
In addition, on the theoretical level, the elaborated utility function and
web application provides a good example for the research community,
how to suggest the best transport mode considering some relevant pa
rameters. Thus, based on this work more sophisticated results can be
produced in the future.
A limitation of the study is the number of feedback messages left by
the users in the application. Therefore, it is planned to recruit more
people to use the application and encourage them to leave feedback.
This can be achieved through the active advertising of the application,
awareness campaigns, the implementation of additional persuasive
techniques, the introduction of new functions, and the extension of the
application in terms of other transport modes.
Another main limitation of the study is that there is no robust eval
uation of the impact of the web application related to the foreseen travel
behavior change. Due to the limitation of the project scope and budget,
further investigation this was not realized. Based on the project goals,
the conducted research was not longitudinal, thus the finally selected
transport mode was not assessed.
Furthermore, an international comparison might be beneficial,
where users with different socio-demographic background, personal
preferences, and regular travel behavior might be invited to participate
in a global assessment. The application is designed to meet the current
standards; thus, it can be applied in any environment. From a technical
point of view, the application is capable of expanding its territorial
coverage and including other locations as far as map, routing, and
timetable information are available.
Some important achievements of the application include the utili
zation of persuasive strategies and its ability to examine the individual
travel preferences for a large number of users. Hence, the application
can test the extent to which it might influence travel decisions using soft
mobility tools. However, several functionalities are missing from the
current application, which may be added in the next phase of the
development.
The applied methods in this pilot belong to the soft strategies of
changing travel behavior and aim to encourage users to choose sus
tainable transport modes. However, it is worth pointing out that the
persuasive strategies have limitations. In particular, persuasive tech
nologies focus on a specific target behavior and the choices of people
instead of offering more collective approaches. This limitation makes
“the vision of sustainability” narrow for the reason that social, cultural,
and institutional aspects of living are neglected (Dastjerdi et al., 2019).

to assess the travel preferences of users and thereby help them to choose
the most appropriate transport mode (walking, cycling, public trans
portation, car) considering sustainability. The obtained results give the
user a clear picture of the advantages and disadvantages of the various
modes of transport in terms of attributes, such as travel time, travel cost,
environmental effect, and health effect.
The usability of the web application occurs on multiple levels. On the
one hand, based on the feedback of the users, the application is an
innovative and well-designed tool for individual travelers to choose the
best transport mode for their daily travel routines. On the other hand,
from a social point of view, if a sufficiently large number of travelers use
the application, the statistical results collected from trip planning can be
useful for strategic transport planning and organization processes, such
as public transport timetables or car-sharing / car-pooling services.
Highlighting the main results, travelers consider the environmental
impact of traveling in an increasing manner during their mode choice
decision. In most cases, the application suggests cycling as the best mode
choice. This is primarily caused by the fact that users set relatively high
weight on travel time, travel cost, and environmental effects, and bike is
a very efficient transport mode considering these parameters. In case of
registered users, the proportion of providing feedback is much higher
than in case of users who do not create a profile. Considering the feed
back, almost half of all users agree to choose the best transport mode,
which is suggested by the application. The acceptance rate is much
higher in case of public transportation and walking. Those users who
consider travel time and travel cost as an important influencing factor
primarily choose public transportation.
When creating the application, persuasive strategies are applied.
Reduction serves to simplify the complex task of mode choice. Attributes
which might be set by the users to calculate the best mode choice by the
utility function are provided. Tunneling guides the users with a step-bystep approach by providing detailed settings to determine individual
travel behavior characteristics and by planning a ranked list of routes for
the various transport modes. Suggestion proposes the users the best
transport mode based on their personal settings. Personalization offers
personalized content to reach better results. Simulation informs the
users about the possible consequences of choosing a particular transport
mode. Thus, the proposed research provides new insights regarding the
application of persuasive technologies to support sustainable transport
mode choice. Based on the results, it can be stated that these technolo
gies can be well applied, and users are willing to follow specific
suggestions.
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6. Conclusion
This paper introduces a web-based application which is designed to
promote sustainable traveling for daily commuting by using a persuasive
tool. An analysis on the intention of travel behavior change in Budapest
is performed based on the MoveCit application. The application provides
suggestions for the best transport mode choice and asks for feedback
from the users.
The main innovation of the developed application is that it is capable
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