
Citation: Mašek, J.; Štefancová, V.;

Mazanec, J.; Juránková, P. The

Classification of Application Users

Supporting and Facilitating Travel

Mobility Using Two-Step Cluster

Analysis. Mathematics 2023, 11, 2192.

https://doi.org/10.3390/

math11092192

Academic Editors: Hongzhi Wang

and Ye Chen

Received: 2 March 2023

Revised: 26 April 2023

Accepted: 5 May 2023

Published: 6 May 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

mathematics

Article

The Classification of Application Users Supporting and
Facilitating Travel Mobility Using Two-Step Cluster Analysis
Jaroslav Mašek 1, Vladimíra Štefancová 1,* , Jaroslav Mazanec 2 and Petra Juránková 3

1 Department of Railway Transport, Faculty of Operation and Economics of Transport and Communications,
University of Zilina, Univerzitna 1, 01026 Zilina, Slovakia

2 Department of Quantitative Methods and Economic Informatics, Faculty of Operation and Economics of
Transport and Communications, University of Zilina, Univerzitna 1, 01026 Zilina, Slovakia

3 OLTIS Group a. s., Dr. Milady Horákové 1200/27a, 779 00 Olomouc, Czech Republic
* Correspondence: vladimira.stefancova@fpedas.uniza.sk

Abstract: There is a significant and supported trend toward the achievement of ensuring contin-
uous door-to-door travel in the pan-European transport network. Many innovative programs
are dedicated to this topic through assigned projects. This paper is based on the concrete partial
results of the H2020 project Shift2Rail IP4 to support the deployment of mobility as a service
(IP4MaaS). Attitudes towards travel for demonstration sites were assessed based on the outputs of
a sample of respondents from two countries. Cooperation in working on the IP4MaaS project was
also provided by a partner from Slovakia (UNIZA) and the Czech Republic (OLTIS). Mathematical
statistical tools were used to evaluate the available data to find a connection with promoting
mobility as a service. This paper aims to identify differences in travelers’ needs with a focus on
using applications using two-step cluster analysis. The research resulted in the identification of
differences in traffic behavior within MaaS activities when comparing different clusters reflecting
preferences for using a website or mobile application.

Keywords: mobility; cluster analysis; MaaS activities; H2020
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1. Introduction

The door-to-door strategy is gradually coming to the fore, even with the idea of
providing continuous transport services connecting several operators within one digital
platform. Promoting door-to-door mobility is a very current topic that is being studied in
numerous studies. Research in Dresden focused on identifying the needs and preferences
of public transport users for mobile applications to support mobility [1]. As part of
transport planning, the decision of transport routes and the inclusion of private door-
to-door services to ensure transport service is taken as a key element [2]. In Singapore, a
public transport routing approach was assessed, including door-to-door shared services [3].
The option of continuous traffic service also applies to the reduced-mobility population.
Research in Barcelona highlighted the importance of door-to-door transportation services
even for disadvantaged road users, emphasizing the influence of road characteristics
and the need for priority-based trip allocation [4]. Research in Turkey examined the
impact of the availability of transport infrastructure and the attractiveness of the region on
regional mobility [5].

Digitization in general provides a wide range of available data, which makes it possible
to understand and link user behavior. Processing data from multiple communication
systems and interconnected subsystems helps in the development of smart cities [6]. In
the context of the design of a smart city, the interaction between mobile applications and
transport itself is especially important. When setting up a functional system, a process
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consisting of a sufficient amount of traffic data, map documents, and outputs from real-time
sensors or transport operators is considered [7]. The identification of factors influencing
urban tourists’ receptivity as well as citizens traveling for work or school is an important
input when assessing mobility [8]. The effective operation of public transport systems is
closely related to a detailed understanding of the behavior of its participants. In Hong
Kong, research focused on evaluating spatial, temporal, modal, and targeted user group
parameters based on data from smart cards [9]. Knowing the social demographics of
passengers is the basis for the future design of transport services. This topic was addressed
by a study that used data extracted from traffic cards to understand and assess the travel
habits of different population groups [10]. A study in Canada focused on assessing the
impact of transport mobility benefits on older non-working citizens [11]. Business trips
have a significant impact on the increased demand for transport services. A Swedish
study tested the interaction of the application of mobility services with the reservation
and implementation of business trips in the context of public transport as well [12]. Part
of the provision of transport is also the offer of shared mobility services in urban areas.
Understanding the decision-making process when choosing public transport or alternative
shared means plays a significant role in setting up a mobility plan [13]. A French study
evaluated mobility with lower density, and the results showed that it is in such cases that
carpooling and walking in conjunction with mobile apps are most applied [14]. Shifting
traffic in cities to public transport services ensuring mobility is also closely related to a
properly set parking policy, especially in city centers [15]. The choice of transport mode is
also connected with the assessment of safety. Travel users perceive the provision of safe
driving very sensitively and have high expectations for intelligent transport systems [16,17].

Cluster analysis is widely used in various areas, including the transport sector. In a
Portuguese urban area, cluster analysis was used to investigate the segmentation of public
transport users and their perception of satisfaction with transport services, revealing four
user segments [18]. London’s public transport network was an area of research that consid-
ered the heterogeneity of commuters and assessed the diversity of urban residents as well
as temporal attributes within days and sequences of activities [19]. Another English study
focused on the approach to the analysis of travel workflows based on geodemographic
classification [20]. The recognition of the important predictor was identified through cluster
analysis in traffic congestion, while the factors influencing the management, flow, and
functioning of traffic were outlined [21]. The impact of transport on carbon dioxide emis-
sions in Chinese cities was also examined using a two-stage cluster analysis, which was
divided into various categories based on the degree of impact of each driver [22]. Another
study focused on traffic from the point of view of motorcyclists, and segmented motorcycle
crashes into homogeneous clusters through cluster analysis [23].

Mobility as a service (MaaS) can be expressed as a tool to achieve sustainable mobility
and increase the share of trips by public transport [24]. It is based on the idea of access
to a centralized platform for planning, payment, and travel management along with
the combination of several types of transport [25]. From another point of view, MaaS
emphasizes the need to focus on finding the most acceptable way of moving and deciding
to make that move [26]. The term MaaS represents a tool to support mobility. Numerous
studies are devoted to this topic. The London study pointed to the potential of the mobility
as a service package from the point of view of supporting shared modes. More than
half of the respondents confirmed that they would be interested in trying new modes
of transport and, thus, supporting travel by shared modes [27]. MaaS is defined as a
user-oriented service concept providing people with door-to-door mobility solutions. The
importance of future planned bus transport in the context of MaaS appears to be an
essential element in strengthening public transport [28]. The possibility of unified search,
reservation, and payment through a digital platform helps to promote mobility. Even
though it focuses more on passenger transport, the idea of integration of freight transport
was also investigated, as the means of freight transport affects the capacity of road traffic
and, thus, affects mobility [29]. The MaaS scheme operates in various industries, and
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it is described in many studies. Another London study focused on examining newly
existing mobility services such as car sharing or bike sharing and their impact on urban
mobility [30]. The legislative framework within the digital market in the context of Maas
is addressed by research that pointed to the need to harmonize the legal framework for
personal multimodal transport [31]. A Dutch study also addressed the topic of MaaS
implementation and its impact on passengers’ transportation, in which five different
clusters were identified concerning individuals’ inclinations [32]. An Australian study
assessed consumer preferences, where willingness to use MaaS was shown to be dependent
on age and life stage [33]. A German study addressed MaaS from the perspective of
identifying key motivational determinants and their interrelationships [34].

The Maas initiative provides a comprehensive approach to solving urban mobility
through a single interface, with technical support and a journey planner as desirable
elements [35]. From the results of research on the use of MaaS in Metro Manila, it was
concluded that the respondents highlighted the reliability and cost savings, and about
80% of them would use the MaaS application [36]. A Belgian pilot study looked at the
possibilities of replacing the car with the effects of MaaS, with findings indicating the impact
of MaaS on car ownership and use [37]. Another study on MaaS focused on mobility as a
service preferences in the context of understanding potential demand from the perspective
of different subscription options [38]. The international Delphi study gathered the opinions
of experts on the future implementation of MaaS, in which their attitudes and reactions to
vulnerabilities as well as opportunities were considered [39]. The impact of shared mobility
on MaaS was addressed in a case study in Madrid, where emerging shared mobility
operators and their provided transport services were investigated [40]. Travel behavior and
the connection to MaaS were addressed in another study, where the preference for public
transport from the perspective of passengers with a motor vehicle was compared [41].
The need for innovation and the provision of public benefits to the traveling public was
highlighted as a significant prerequisite for the future preference for MaaS [42].

Solving key social trends such as reducing greenhouse gas emissions or solving
problems with congested roads are positive effects that are expected. Shift2Rail IP4 supports
MaaS routing to offer transport services and specific route settings directly with individual
operators through a digital platform. The IP4MaaS project aimed to support the deployment
of MaaS schemes by testing technologies developed under IP4 within Shift2Rail through
complementary IP4MaaS projects through demonstration implementation. This project
involved 26 participants from eight countries (Belgium, Spain, Greece, Italy, Poland, Croatia,
the Czech Republic, and Slovakia) to achieve jointly set goals. Project activities between
partners were strengthened by mutual co-creation such as brainstorming, workshops,
and imaginative activities with the aim of harmonizing opinions and achieving set goals
through project demonstrations [43].

2. Materials and Methods

The data from our questionnaire survey led to us obtaining the needs and expectations
of potential users within MaaS activities. We used a conversational survey using the Coney
tool, while the questions were asked via chat. It was easy to answer the list of questions in
the form of an online interview through this platform. The original English version was
translated into several languages, while our partial survey used the Czech language. The
survey was anonymous and took place from 1 March 2022 to the end of April [43]. The
questionnaire was answered by respondents over the age of 18. The questionnaire was
divided into two sections: a socio-demographic section (age, gender, social status) and an
application section focusing on functionality and user-friendliness. We segmented users
using two-step cluster analysis in the statistical analytical program SPSS 26. This program
was used to calculate the relative importance of the predictor (see Figure 1) based on the
formula below.

VIi =
−log10(sigi)

maxj∈Ω

(
−log10

(
sigj

)) (1)
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where:

Ω is a set of predictor and evaluation fields;
sigi is a p-value computed by applying a certain test. If sigi equals 0, set sigi = MinDouble,
where MinDouble is the minimal double value [44].
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Clustering is a known way of segmentation in many areas, including k-means, hier-
archical clusters, and two-step clusters. Two-step cluster analysis is a different algorithm
from traditional clustering techniques for handling categorical and continuous variables,
determining the automatic selection of the number of clusters, and scalability. In other
words, the method uses categorical and continuous variables [45]. Two-step cluster anal-
ysis is useful when the dataset has a complex structure or when there is no clear prior
knowledge about the number of clusters. This approach provides a flexible and effective
way to uncover the underlying structure in the data and generate meaningful insights.

Distance measures explain how the similarity between two clusters is computed
using log-likelihood and Euclidean distance. Euclidean measures only use continuous
variables, in contrast to log-likelihood distance. This method assumes that all variables
are independent. Moreover, continuous variables should be normally distributed, and
categorical variables should be multinomial.

2.1. Log-Likelihood Distance

The log-likelihood distance (also known as the log-likelihood ratio) is a measure of
the difference between two probability distributions. It is commonly used in information
theory and machine learning to compare the fit of two models to a given set of data. The log-
likelihood distance is defined as the difference between the log-likelihood of the observed
data using one model and the log-likelihood of the same data using a second model. A
smaller log-likelihood distance between two models indicates that the two models are more
similar in their predictions for the observed data, while a larger log-likelihood distance
indicates that the models are less similar. In other words, a model with a higher log-
likelihood is considered to be a better fit for the data, and the log-likelihood distance can
be used to compare the goodness-of-fit of different models. Finally, using log-likelihood
distance in two-step cluster analysis can provide a more robust clustering method compared
to methods that only use Euclidean distance or other measures of similarity. The distance
between clusters i and j is defined as

d(i)(j) = ξi + ξj − ξ(i,j) (2)
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ξs = −Ns

((
KA

∑
k=1

1
2

log
(
σ̂2

k + σ̂2
sk

))
+

(
KB

∑
k=1

^
Esk

))
(3)

^
Esk = −

Lk

∑
l=1

(
Nskl
Ns
∗ log

(
Nskl
Ns

))
(4)

where:

KA is the total number of continuous variables;
KB is the total number of categorical variables;
Lk is the number of categories for the kth categorical variable;
Ns is the total number of data records in cluster s;
Nskl is the number of records in cluster s whose categorical variable k takes the l category;
σ̂2

k is the estimated variance of the continuous variable k;
σ̂2

sk is the estimated variance of the continuous variables k in cluster j;
d(i)(j) is the distance between the i and the j;
(i, j) is the index representing cluster formed by combining clusters i and j [45].

2.2. Optimal Cluster Number

The optimal number of clusters is identified by the maximum value of the ratio of
distance measures according to [46,47] in the statistical analytical program IBM SPSS 26.
BIC and AIC are calculated for each number of clusters within a specific range. These
indicators identify the optimal number of clusters. AIC (Akaike information criterion) and
BIC (Bayesian information criterion) are both measures of the goodness-of-fit of a statistical
model used to compare different models and select the best one. Both AIC and BIC balance
the model’s goodness-of-fit with its complexity, as a model with too many parameters can
easily fit the data too well, but at the cost of overfitting. In general, AIC and BIC provide
similar information, but BIC tends to favor simpler models, while AIC is more balanced
between fit and complexity. The choice of which measure to use depends on the specific
problem and the trade-off between model fit and complexity that is desired. BIC statistics
for a partition with R clusters are calculated as:

BICR = −2
R

∑
r =1

ξr + mrlog(N) (5)

with

mr = R

{
2KA +

KB

∑
k=1

(Lk − 1)

}
(6)

where:

BICR is the Bayesian information criterion;
mr is the ratio in the r-cluster developed during the hierarchical clustering stage;
Lk is the number of groups in k categorical variables [47,48].

In addition, we also monitored the ratio of BIC changes and the ratio of distance
measures. However, the statistical analytical program automatically determines the optimal
number of clusters without the author’s decision [49].

2.3. Cluster Quality

The silhouette coefficient is a measure of the quality of a clustering solution in unsu-
pervised machine learning. It provides a way to assess the similarity of the data points
within a cluster and the dissimilarity between different clusters. The silhouette coefficient
ranges from −1 to 1, where a value close to 1 indicates that the data points in a cluster
are well separated and similar to each other, while a value close to −1 indicates that the
data points in a cluster are dissimilar and assigned to the wrong cluster. A value close to
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0 indicates that the data points are indifferently similar to their cluster and the neighboring
clusters. In other words, the silhouette value identifies poor classification (from −1.0 to
0.2), fair classification (from 0.2 to 0.5), and good classification (from 0.5 to 1.0) [50]. This
coefficient is computed for each data point, and the average silhouette score for all data
points provides an overall measure of the quality of the clustering solution. The silhouette
score can be used to compare different clustering solutions and to determine the optimal
number of clusters for a given dataset. The silhouette value is calculated as

SWi =
bi − ai

max(ai, bi)
(7)

ai =
∑jεCg(j 6=i) Dij

nq − 1
(8)

bi =
∑j∈Ch

Dij

nh
(9)

SC =
∑n

i=1 SWi

n
(10)

where:

SWi is the silhouette coefficient for the ith object;
SC is the average silhouette coefficient;
ai is the average of the minimum distance between the ith objects in the same cluster
(average intra-cluster distance);
bi is the average of the minimum distance between the ith objects in a different cluster
(average inter-cluster distance);
Cg, Ch are cluster elements;
Dij is the distance;
nq, nh are the number of objects in the gth (hth) cluster;
n is the total number of observations [50,51].

It is a widely used metric for evaluating clustering solutions and is particularly useful
for datasets with defined clusters or for datasets with a large number of clusters.

3. Results

Optimal cluster number. Table 1 reveals important metrics such as BIC, BIC change,
ratio of BIC, and ratio of distance measures determining the optimal number of clusters.
The maximum value of the ratio of distance measures identifies four clusters as the
optimal number.

Cluster quality. The silhouette measure is higher than 0.2. This metric represents the
fair zone. These results demonstrate that the behaviors are significantly different from each
other, but respondents in individual groups have similar features and preferences.

Cluster structure. Table 2 shows that the total number of respondents is 350, but all
four clusters consist of 261 respondents. Other respondents are excluded due to missing
data. As can be seen, clusters consist of different numbers of respondents. We find that
the third cluster consists of more than 80 respondents (31.40%). On the other hand, the
first cluster includes fewer than 50 respondents (18.00%).

Moreover, Figure 1 shows that the most significant predictors are gender (100%), user
preference focusing on using a website, mobile application, or both (63%), and age category
(54%). Other predictors are less significant. Predictor importance explains the relative
importance of each predictor.
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Table 1. Optimal cluster number based on ratio of distance measures.

Number of
Clusters

Schwarz’s Bayesian
Criterion (BIC) BIC Change a Ratio of BIC Changes b Ratio of Distance

Measures c

1 2794.695
2 2603.075 −191.62 1.000 1.220
3 2459.052 −144.023 0.752 1.127
4 2339.487 −119.565 0.624 1.648
5 2295.396 −44.091 0.230 1.058
6 2257.667 −37.728 0.197 1.066
7 2226.747 −30.92 0.161 1.061
8 2201.740 −25.007 0.131 1.325
9 2200.588 −1.152 0.006 1.027

10 2201.336 0.749 −0.004 1.088
11 2207.889 6.552 −0.034 1.052
12 2217.721 9.832 −0.051 1.031
13 2229.430 11.709 −0.061 1.020
14 2242.326 12.896 −0.067 1.201
15 2265.164 22.838 −0.119 1.042

a The changes are from the previous number of clusters in the table. b The ratios of changes are relative to the
change for the two-cluster solution. c The ratios of distance measures are based on the current number of clusters
against the previous number of clusters.

Table 2. The total sample divided into four clusters.

N % of Combined % of Total

Cluster 1 47 18.00% 13.40
2 70 26.80% 20.00
3 82 31.40% 23.40
4 62 23.80% 17.170

Combined 261 100.00% 74.60

Excluded Cases 89 25.40

Total 350 100.00%

Figure 2 shows that the respondents are divided into four clusters. These clusters
are made up of respondents with similar demographic characteristics and preferences for
using applications. As can be seen, these clusters are created using six input categorical
variables such as gender, age category, trip frequency, and user preferences. The color scale
distinguishes predictors by within-cluster importance (see the legend).

Table 3 demonstrates that the first cluster consists exclusively of respondents aged
18 to 24. Other age groups are not represented in this cluster. On the other hand, the
fourth cluster consists of respondents from 25 to 64 years old; both age categories from
25 to 44 and 45 to 64 have equal representation. Finally, the second and third clusters
have diverse representations in all age categories. We find that the second cluster consists
primarily of respondents from 18 to 24 years old, unlike the third cluster. This cluster
consists of respondents from 25 to 44 years old (44.80% of this age group).

Table 3. The age of the respondents and their division into clusters.

18–24 Years 25–44 Years 45–64 Years

Frequency % Frequency % Frequency %

Cluster 1 47 42.70 0 0.00 0 0.00
2 32 29.10 17 19.50 21 32.80
3 31 28.20 39 44.80 12 18.80
4 0 0.00 31 35.60 31 48.40

Combined 110 100.00 87 100.00 64 100.00
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Table 4 reveals that the first cluster consists only of men, unlike the third group. On
the other hand, the second and fourth groups are made up of both sexes, but the majority
are men.

Table 4. The gender of the respondents and their division into clusters.

Female Male

Frequency % Frequency %

Cluster 1 0 0.00 47 28.80
2 3 3.10 67 41.10
3 82 83.70 0 0.00
4 13 13.30 49 30.10

Combined 98 100.00 163 100.00

Table 5 demonstrates that respondents in the second and third clusters often go on
trips, unlike the other groups.
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Table 5. The frequency of trips and their division into clusters.

Very Often Frequently Rarely Sometimes Never

Frequency % Frequency % Frequency % Frequency % Frequency %

Cluster 1 6 10.70 13 18.30 11 21.60 16 23.20 1 7.10
2 20 35.70 21 29.60 7 13.70 18 26.10 4 28.60
3 16 28.60 27 38.00 21 41.20 18 26.10 0 0.00
4 14 25.00 10 14.10 12 23.50 17 24.60 9 64.30

Combined 56 100.00 71 100.00 51 100.00 69 100.00 14 100.00

Table 6 shows that mobile applications are popular for three of the four clusters; the
exception is the second cluster. This cluster prefers a web application as opposed to a
mobile application.

Table 6. The user preferences and their division into clusters.

Web App Mobile App I Do Not Care

Frequency % Frequency % Frequency %

Cluster 1 0 0.00 47 24.50 0 0.00
2 29 76.30 15 7.80 26 83.90
3 9 23.70 68 35.40 5 16.10
4 0 0.00 62 32.30 0 0.00

Combined 38 100.00 192 100.00 31 100.00

Table 7 demonstrates that access to information about all possible means of transport
in the same place is extremely and very important for most users.

Table 7. The degrees of importance of having traffic schedules and services in one place and their
distribution into clusters.

Extremely Important/Very Important Moderately Important Not Important at All/Slightly Important

Frequency % Frequency % Frequency %

Cluster 1 45 19.40 1 5.60 1 9.10
2 55 23.70 6 33.30 9 81.80
3 72 31.00 10 55.60 0 0.00
4 60 25.90 1 5.60 1 9.10

Combined 232 100.00 18 100.00 11 100.00

Table 8 reveals that respondents substantially prefer online booking and quick access
to tickets in the app in all clusters except the second cluster.

Table 8. The degrees of importance of having access to all tickets in one app and their distribution
into clusters.

Extremely Important/Very Important Moderately Important Not Important at All/Slightly Important

Frequency % Frequency % Frequency %

Cluster 1 47 25.10 0 0.00 0 0.00
2 24 12.80 27 58.70 19 67.90
3 70 37.40 6 13.00 6 21.40
4 46 24.60 13 28.30 3 10.70

Combined 187 100.00 46 100.00 28 100.00
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Moreover, Appendix A contains the tables dividing respondents into clusters according
to selected variables.

Cluster comparison. Figure 3 compares all four clusters. We find that the third (red)
cluster consists only of women who prefer mobile applications to web applications (almost
83%). Most women are between 25 and 45 years old (47.6%). These women often go on
trips, and online booking of all parts of the trip and quick access to transport information
in one application is very or extremely important. The other groups include mainly men.
Moreover, the first (green) cluster comprises only men. Men prefer the mobile app in all
clusters except the second cluster. The results show that most of the men are between
18 and 24 years old. Finally, frequent travel is typical for the second (light blue) cluster, with
a lower preference for online booking of all parts of the trip as the only cluster. However,
information about all possible means of transport is very or extremely important. Even
though the first (green) and fourth (dark blue) clusters travel less often than the other
groups, both groups prefer one mobile application with all important information about
means of transport and online booking with easy access to tickets.
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4. Discussion

The field of transport offers a lot of data, which with proper analysis and interpretation
can bring a lot of benefits. The following studies performed cluster analysis for sequencing
enormous amounts of traffic data to categorize them according to related characteristics
and understand mutual associations [52,53]. The cluster segmentation technique made it
possible to sort travel attendees based on travel distance and frequency of attendance to
present a proposal for market applications [54]. In our case, the respondents were divided
according to similar demographic characteristics as well as preferences for using a web
or mobile application. Two-step cluster analysis was used in the selection of transport
simulation model parameter values for the rapid processing of enormous amounts of data
with both continuous and categorical variables [55]. Our dataset was also redistributed
using a two-step clustering method based on the significance of the variables. Cluster anal-
ysis was applied to create homogeneous transport markets, where markets of comparable
sizes were combined into one group [56]. The assignment of our sample resulted from
grouping into homogeneous groups according to travel behavior. In another study, pas-
senger demand for public transport services was predicted through the spatial clustering
of applications [57]. Our research focused on comparing the preferences of users using a
web or a mobile application. A study in the United States assessed the interaction between
travelers and online travel systems using cluster analysis [58]. Support for spatial planning
of transport in cities is related to the efficient processing of traffic data. Cluster analysis
evaluated travel data in terms of the interaction of travel flows and spatial structure [59].
The impact of fares on the status of public transport was investigated by a study in Italy
that used cluster analysis to segment passengers [60]. In our article, we examined the
preference for online reservations with easy access to tickets. The prediction of the flow of
passenger transport was conducted using cluster analysis, which divided the stations into
six categories concerning their patterns of passenger transport [61].

Our paper focused on identifying differences in passenger needs through a statistical
analytical tool. Two-step cluster analysis was applied to a wide range of available data
from a survey reflecting traffic behavior within MaaS activities. The sample consisted
of approximately 300 respondents divided into four clusters. The most influential pre-
dictors were gender, user preferences for using a website or mobile application, and age
composition. The third cluster was made up of working-age women who prefer mobile
applications to web applications, for whom quick access to online booking information is
essential. The other groups were dominated by men, while the first cluster was composed
exclusively of men. Even though the second cluster in terms of frequent travel was not
extremely interested in online booking, the opposite was true in the other clusters. In
the first, third, and fourth clusters, respondents preferred reservations through a mobile
application, while they rated the availability of traffic information as extremely important.

The limited sample that was available for analytical purposes can be considered a
limitation of our research. As part of further research activities, we would be interested in
expanding awareness of MaaS activities among the public as well.

5. Conclusions

Traffic movement prediction is determined by the demand for transport services.
Identifying real demand is an essential aspect that is facilitated by constantly advancing
and improving intelligent transport systems with designed mobility applications. Profiling
public transport users is an important prerequisite for understanding the perception and
behavior of passengers using public transport services. Achieving the segmentation of
public transport participants with the same or at least related features is possible through
cluster analysis.

In recent years, the MaaS initiative has been developed, which focuses on understand-
ing travel behavior and combines the offer of transport services of operators on one global
platform. The intention of this direction is the possibility of providing online reservations,
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payments, and the availability of travel information for business but also private trips by
supporting all modes of transport within the framework of public transport.

In this paper, the partial results of the demonstration activities of Shift2Rail IP4 for the
Slovak and Czech sides were evaluated. Data reflecting travel attitudes were obtained from
the online conversational inquiry tool. Cluster analysis was used to evaluate the sample, in
which an optimal number of four clusters was identified. Individual clusters consisted of
different numbers of respondents with similar characteristics.

This article aimed to identify the differences in the needs of passengers to determine
the direction of the use of the application with a focus on the future development of
mobility as a service. The importance of individual predictors was determined based
on the attitudes towards the input variables. The three most important predictors were
considered in descending order, namely gender, web or mobile application preference, and
age category. The results of our research indicated that respondents are interested in timely
traffic information and prefer a mobile application for online booking. The benefit of this
paper was to highlight the partial demographic results affecting travel activities within
MaaS for the Czech and Slovak sides. The results of this research for the Czech and Slovak
participation are useful for supplementing the overall evaluation of the perception of MaaS
in the world.
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Appendix A

Table A1. Age structure.

Age

Cluster

1 2 3 4 1 2 3 4

abs. %

18–24 years 47 32 31 0 100.00 45.71 37.80 0.00

25–44 years 0 17 39 31 0.00 24.29 47.56 50.00

45–64 years 0 21 12 31 0.00 30.00 14.63 50.00

Total 47 70 82 62 100.00 100.00 100.00 100.00

Table A2. Gender structure.

Gender

Cluster

1 2 3 4 1 2 3 4

abs. %

Female 0 3 82 13 0.00 4.29 100.00 20.97

Male 47 67 0 49 100.00 95.71 0.00 79.03

Total 47 70 82 62 100.00 100.00 100.00 100.00
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Table A3. Frequency of trip.

Frequency of Trip

Cluster

1 2 3 4 1 2 3 4

abs. %

Very often 6 20 16 14 12.77 28.57 19.51 22.58

Frequently 13 21 27 10 27.66 30.00 32.93 16.13

Rarely 11 7 21 12 23.40 10.00 25.61 19.35

Sometimes 16 18 18 17 34.04 25.71 21.95 27.42

Never 1 4 0 9 2.13 5.71 0.00 14.52

Total 47 70 82 62 100.00 100.00 100.00 100.00

Table A4. User preference.

Preference

Cluster

1 2 3 4 1 2 3 4

abs. %

Web app 0 29 9 0 0.00 41.43 10.98 0.00

Mobile app 47 15 68 62 100.00 21.43 82.93 100.00

I do not care 0 26 5 0 0.00 37.14 6.10 0.00

Total 47 70 82 62 100.00 100.00 100.00 100.00

Table A5. Degree of importance of having access to all possible means of transport and all different
service providers in the same place.

Importance

Cluster

1 2 3 4 1 2 3 4

abs. %

Extremely important/Very important 45 55 72 60 95.74 78.57 87.80 96.77

Moderately important 1 6 10 1 2.13 8.57 12.20 1.61

Not important at all/Slightly important 1 9 0 1 2.13 12.86 0.00 1.61

Total 47 70 82 62 100.00 100.00 100.00 100.00

Table A6. Degree of importance of all payable parts of the trip.

Importance

Cluster

1 2 3 4 1 2 3 4

abs. %

Extremely important/Very important 47 24 70 46 100.00 34.29 85.37 74.19

Moderately important 0 27 6 13 0.00 38.57 7.32 20.97

Not important at all/Slightly important 0 19 6 3 0.00 27.14 7.32 4.84

Total 47 70 82 62 100.00 100.00 100.00 100.00
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46. Şchiopu, D. Applying TwoStep cluster analysis for identifying bank customers’ profile. Buletinul 2010, 62, 66–75.
47. Tevdovski, D. Twostep cluster analysis: Segmentation of the largest companies in Macedonia. In Proceedings of the Interna-

tional Scientific Conference: Challenges for Analysis of the Economy, the Businesses and Social Progress, Szeged, Hungary,
19–21 November 2009.

48. Astuti, A.B.; Fernandes, A.A.R.; Amaliana, L.; Yanti, I.; Isaskar, R. Step Cluster Analysis for Tourist Segmentation Coastal Object
for Green Marketing Strategy. IOP Conf. Ser. Earth Environ. Sci. 2019, 239, 012019. [CrossRef]
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