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Abstract

Urbanization leads to a surge in demand for transportation and infrastructure improvements. In this context, understanding and
optimizing travel behavior are crucial for effective transportation planning. This research investigates travel behavior patterns and
user profiles in the realm of urban mobility. The study adopts an approach utilizing real-world data from an activity-based dataset
collected through a survey. The methodological framework is characterized by a multi-step process which includes data preprocessing,
cleaning, and aggregation, as well as principal component analysis and k-means cluster analysis with inertia evaluation for an optimal
number of clusters. The cluster analysis unveils seven distinct clusters. Stability lovers are elderly people who prefer public transport,
happiness seekers are attraction-driven car users, weekend shoppers, park goers, and sports practitioners rely on their cars for their
activities, too. Furthermore, inflexible travelers value the service quality and "routine enthusiasts" stick to travel routines. Notably,
bicycle usage prevails among stability lovers and routine enthusiasts, while shared transportation gets little attention in any of the
clusters. By recognizing the adaptability of this methodology to specific city contexts, current research provides a way to understand

travel behavior thus offering valuable insights for informed transportation policy planners.
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1 Introduction
Understanding travel behavior plays crucial role in urban
and transportation planning and policymaking (Rashidi
et al., 2015). Travelers aim to optimize their trips by doing
the maximum number of activities and spending a mini-
mum amount of time on using transport modes (Subbarao
etal., 2020). These complicated patterns may require com-
plex methods, such as machine learning algorithms.
Machine learning models have been already used to
make predictions and classify data using statistical knowl-
edge to perform operations in a supervised, unsupervised,
or reinforced manner. The supervised method occurs
when the input data are provided together with the output
data. The unsupervised method is applied when the input
data are provided alone to the model, and the reinforced
manner takes place when the model learns through inter-
action. The supervised and unsupervised methods can be
combined, where the mixed method is called semi-super-
vised (Koushik et al., 2020). Among the unsupervised
methods, there is the k-means method, which provides

data classification based on the distance of each individual
to different centroids (Pedregosa et al., 2011). Therefore,
this method groups individuals close to a common point
and may determine similar attributes, which help identi-
fying mobility patterns.

Moreover, data classification needs adequate data,
which can be acquired by real-time sensing, research,
observations, and surveys. In this research, a survey is
applied to collect socio-demographic data and informa-
tion on travel behavior to identify and classify the com-
mon traits. Therefore, this research work uses an unsu-
pervised machine learning method called k-means cluster
analysis to classify the travelers into groups and extract
their shared attributes and travel behavior thus creating
a profile description for each group together with an inves-
tigation of the choice of the number of clusters.

This study offers a valuable solution through the
applied methodology. By utilizing a dataset, which com-
prises general activity behavior, the approach transcends
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the limitations of existing research works, which often
relies solely on transit user data. Current study provides
a more comprehensive understanding of travel behav-
ior by encompassing such factors as activity frequency,
spent time, transport mode, and socio-demographic pro-
files. The research work delves into not merely the travel
behavior but into user profiles, as well. The adaptability of
the methodology to specific localities and its potential to
guide policy as well as land use decisions based on user
profiles opens doors to innovative approaches in urban
planning and transportation policy.

2 Literature review

Several authors (Jain and Tiwari, 2019; Koushik et al.,
2020; Papadimitriou et al., 2017) have investigated activ-
ity-based data to understand people's travel behavior.
Manoj and Verma (2015) aim to find similarities among
non-workers in distinct household income groups and
in socio-demographics, which influence their activi-
ty-travel choices. Therefore, activity-travel survey data
are analyzed where travel indicators are studied, as well.
Moreover, statistical models are presented to discover
how sensitive the groups are to the behavior indicators.
The work points out that low-income groups are more
mobility-constrained, walk more, make more social stops,
and do less recreational activities than members of the
other income groups.

Socio-demographic data seems to be important in
the exploration of mobility patterns. Hibino et al. (2020)
use data from the Tokyo Person Trip Survey (Tokyo
Metropolitan Area Transportation Planning Council, 2018)
to identify differences in trip patterns based on gender,
age, and household size. While using an activity-based
model, the researchers aggregate the data and demonstrate
them in graphs and tables, which show the trip charac-
teristics of each group. Afterward, the considerations are
summarized as results. The findings suggest that house-
hold composition is important in demand forecast given
the differences between trip patterns and trends. Another
important study by Subbarao et al. (2020) analyzes the
travel behavior on weekdays and weekends and investigate
the relationship of trip-chain and mode choice decisions
on weekdays and weekends. Structural equation model-
ing is applied to understand the multidirectional relation-
ship of 15-day activity-travel data of a survey. The results
reveal that the mode choice is made before the decision on
the trip chain and is more important than the trip chain
on weekdays while they have equal importance during
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weekends. Moreover, the socio-demographic variables
have significant impact on both mode and trip choices
regardless of the day.

By aggregating a different path to the activity-based
data, Victoriano et al. (2020) identify and characterize
mobility strategy profiles from residents' seven-day activ-
ity, travel, expenditure, and social interaction diaries.
An approach based on machine learning including self-or-
ganizing map and decision tree (DT) algorithms is used to
identify mobility strategies characterized by travel behav-
ior. The results show that the increased levels of private
vehicle modal split tend to demonstrate higher levels of
social interaction with individuals in the social circle than
in case of public transport users.

In activity-based data, it is common that many different
variables related to travel behavior and socio-demograph-
ics exist; thus, a dimensional reduction without losing
important information is often required. Therefore, Jain
and Tiwari (2019) use principal component analysis (PCA)
to propose the application of a proxy variable of income
on household data thus studying socioeconomic well-be-
ing scores (SEWS) and understanding the travel behav-
ior of different income groups. The results show that the
groups with low and middle SEWS rely more on walking
and traveling short distances, which is different from the
groups having high and very high SEWS.

Furthermore, PCA isused to understand emissions in the
research conducted by Rashidi et al. (2015). The research-
ers present a framework using qualitative and quantita-
tive approaches with PCA to estimate the emissions across
the city by considering and comparing several pollutants
and travel characteristics to investigate their relationship.
Moreover, there is a clear indication that the urban vari-
ables examined by the scholars affect the emission rates.

To extract patterns from activity-based data, research-
ers combine the PCA with other methods. Xu and
Lin (2016) model and optimize the selection process of
transit projects by using multicriteria analysis and prin-
cipal component analysis combined with a dynamic pro-
gramming algorithm (PCA-DP). The mixed method cov-
ers the aspects of system performance evaluation from a
payoff function generated by the PCA and used as input
to the dynamic programming algorithm. Another combi-
nation of methods occurs with the introduction of logistic
regression. Zhao et al. (2018) explore the attitudes of resi-
dents from Beijing, China, and it is shown how the cycling
environment, travel behavior, urban distribution, and
socio-demographic attributes influence them to choose
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cycling or car purchasing. The researchers use PCA and
multinomial logistic regression analysis to conclude that
the cycling environment is related to future cycling behav-
1or, short travel distances, low education and low income.

Furthermore, Gascon et al. (2020) examine connections
between the built environment and public transport use
in various cities of Europe by applying a PCA with logis-
tic regression including several factors, such as personal
characteristics, attitudes on transport, and frequency of
transit use. The researchers conclude that a limitation on
motorized vehicles in urban areas should be introduced,
and investments in reliable and affordable transport ser-
vices as well as improvements in residential built environ-
ments should be realized.

Matowicki et al. (2021) state that carsharing is used
by travelers with different needs and the most relevant
socio-demographic aspects influencing decision-mak-
ing are the followings: family income, city, the number of
available vehicles, attitudes, and perceptions. Moreover, the
scholars use PCA and logistic regression to identify groups
with various motivations aiming to uncover factors influ-
encing users when picking carsharing as a transport mode.

Merging the PCA and clustering analysis is the topic of
the study of Csaji et al. (2013) exploring the connections
between the traits of human behavior. Data are extracted
from an anonymized telecommunication dataset. By using
the PCA and clustering methods, the researchers reduce the
variable space and create groups that reveal most import-
ant geographical features and that people usually spend
more time at only a few locations. Following the same
direction, Papadimitriou et al. (2017) make an in-depth
analysis of walking and crossing behavior influenced by
human factors while highlighting primordial components
of pedestrians' attitudes and identifying their profiles.
PCA is applied on the travel characteristics, and through
cluster analysis, two groups of individuals are identified.
The results show that pedestrians can have positive and
negative attitudes, and there are three principal compo-
nents of pedestrian behavior: risk perception, risk-taking,
and walking motivation.

Other researchers try to build profiles for the clusters
resulted from the clustering methods. Egan et al. (2022)
propose a typology for cycle parking by analyzing sur-
vey data in Ireland. The scholars use PCA to reduce vari-
ables, and cluster analysis is applied to make profiles, so
that cycle parking classification is provided. Pronello and
Camusso (2011) classify travelers based on their attitudes by
using exploratory factor analysis and k-means cluster anal-
ysis to improve the comprehension of market segmentation

and delineate transportation policies. The scholars clas-
sify the travelers as the followings: travel pleasure addicts,
paying ecologists, time addicts, and timeservers. Practical
market solutions, such as investing in public transport
quality, making private transport uncomfortable, and pro-
moting alternative modes are suggested as well.

Market segmentation is the topic of Li et al.'s (2013)
study, who apply clustering methods. Attitudinal market
segmentation is used to uncover some possible markets
of the bicycle use by applying structural equation model-
ing and k-means cluster analysis on a survey that reveals
travelers' commuting behavior. Moreover, the researchers
divide the bicycle market into different segments and ana-
lyze the characteristics of each segment to promote cycling
effectively. The k-means clustering provides a base for pro-
filing each uncovered segment thus demonstrating that it
is a relevant approach to understand the bicycle commut-
ing activities. Furthermore, Rakha et al. (2014) investigate
trip patterns within a chosen city and propose a methodol-
ogy to generate urban trips from an activity-based travel
survey by using PCA and k-means clustering to clas-
sify the profiles for mobility modeling while identifying
activities people engage in and their travel inside the city.
The researchers distinguish between the following four
clusters: stay at home, worker, adventurer, and student.

These methods consider machine learning. Koushik et al.
(2020) present an insightful work on this topic and explore
the trends of travel behavior by reviewing the literature
about analysis and modeling that applies machine learn-
ing techniques on activity-travel behavior. The study high-
lights the following methods: neural networks, support vec-
tor machines, decision tree, reinforcement learning, random
forest, naive bayes classifier, recommender systems, PCA,
and k-means cluster analysis. PCA and A-means seem not to
be the most common techniques used in the field thus open-
ing space for more investigation.

3 Method
Clustering is applied in various scientific fields including
transportation. Hierarchical clustering methods order the
specific items into clusters based on similar characteristics
within the clusters (Saha et al., 2019). The clustering pro-
cess can be agglomerative or divisive. In the former case
items are collected into groups that form the clusters, in
the latter case the items are separated into smaller clusters.
For the cluster analysis, an activity-based questionnaire
was conducted in 2022 with the participation of 781 people
from more European countries. The survey was distributed
through direct e-mails, social media channels, and online



forums by using convenience sampling. The survey has six
behavior-related questions and five socio-demographic-re-
lated questions where categorical and numerical answers
are given. The questions assess the respondents’ travel
behavior related to leisure and general activities.

The dataset resulted from the survey is imported into
a framework built in python to process the data and run
the cluster analysis by using primarily Pandas and Scikit-
learn libraries. In the data processing phase, the questions
not answered are considered "not applicable". The partic-
ipants with missing socio-demographic data are deleted
since it is impossible to infer these data. Finally, due to
the categorical variables, the dataset has to be transformed
into a numerical format, which results in 375 components.

To reduce the number of variables and avoid the effect of
outliers (Cheng, 2021), the data are merged. First, the "year
of birth" variable is replaced by "age category" where each
respondent is assigned to a category from 1 to 5, which
represents age interval of each participant. The categories
described in Table 1, have different interval distributions
for the first and fifth categories to balance intervals.

The second merge intends to reduce the number of out-
liers in the data where some variables in the dataset with
375 components are logically combined according to the
relative position and the number of individuals. This anal-
ysis is conducted by checking the count plot of each vari-
able verifying what can be combined. As an example, in
the variable "How often do you go to bar, pub, or café on
average during a month?", the values "several times" and
"almost every day" are merged. With the merged values,
the dimensions of the data are reduced from 375 to 304.

To minimize the inertia of the analysis by reducing
the dimensions of the data, the principal components of
the dataset are identified by checking the total variance
(43.72) in the dataset and extracting the number of vari-
ables responsible for 95% of this variance (40.62), which
reveals 148 eigenvectors among 304. They are the vectors
that do not turn when multiplied by the covariance matrix.
The biggest eigenvalues correspond to those dimensions

Table 1 Age categories

Year of birth interval Age category Age interval
1938-1958 1 80-60
1958-1968 2 60-50
1968-1978 3 50-40
1978-1988 4 40-30
1988-2000 5 30-18
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where the variance is the greatest; thus, they are the prin-
cipal components (Abdi and Williams, 2010).

Once the data processing phase is concluded, the clus-
ter analysis is conducted. In this research, the k-means
method, which is an algorithm that groups the individu-
als of equal variance while aiming for the minimization of
inertia, is used (Sun et al., 2023). The method breaks a pop-
ulation down into a £ number of clusters described by the
centroids also known as means 4. The inertia can be inter-
preted as a measure of internal coherence of clusters where
the less the inertia, the greater the coherence (Pedregosa
et al., 2011). Given that, the algorithm chooses the initial
centroids and loops between following two steps:

1. locate the nearest centroid for each individual,

2. assign new centroids by the mean of previous values.

This process is repeated until the centroids do not
change significantly. Therefore, Eq. (1) is minimized.

n

> min |- ) <
Furthermore, an analysis is conducted to investigate
what would be the best value for &. The test consists of cal-
culating the value of inertia in the dimensionally reduced
dataset by using 148 principal components for k varying
from 2 to 19 and verifying where the reduction curve, as
shown in Fig. 1, starts to stabilize. The k range is limited to
this interval as a primary investigation due to computational
efficiency, but it showed to be enough for the analysis, since
the number of clusters to be chosen were less than 10.
Additionally, it is important to highlight that the higher
the number of clusters, the better the inertia. Still, if the
inertia is taken to the extreme minimum, the cluster-
ing ends up in individuals and does not give any useful
insight. Therefore, there must be a balance in choosing the
value of k. Fig. 1 shows the results of the 18 runs and the
variation in the inertia between the number of the clusters.
A first look at the inertia curve reveals that it has
a smooth shape which makes it difficult to assess a point
of stabilization in the reduction step. Thus, the curve of
the variation between the clusters, shown in Fig. 2, is
explored. Additionally, it is demonstrated that at the num-
ber of 7 clusters, the variation starts to stabilize suggest-
ing a possible value for £.
The total number of participants is assigned to var-
ious groups, and distributions are generated and plot-
ted for each variable thus revealing their characteristics.
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These plots, as demonstrated in Fig. 3, are to extract spe-
cific profiles that could explain most respondents' behav-
ior. Although the assessment can be subjective, logical
thinking is needed to establish a standard interpretation.
Therefore, a major part of each cluster is analyzed with its
neighbors, and one trait is extracted for the variable in spe-
cific clusters. Moreover, these traits constitute the char-
acteristics of the clusters, and based on these, a profile,
which specifies and describes the majority of the group, is
formed for each group.

4 Results

In this section, the results of the k-means cluster analysis
applied on the dataset derived from the survey are pre-
sented. The number of clusters is defined as seven, given
the stabilization of the inertia variation curve, where a

population of 781 is represented. This division shows
a similar distribution between the clusters except for
Cluster 1, as demonstrated in Table 2.

As the main objective of this research, the clusters can
extract the participants' characteristics to build the group
members' general preference and travel behavior profiles.
As mentioned before, the characteristics are investigated,
and the most common traits are collected in the descrip-
tions of each cluster. A representative name is assigned to
each group due to identification reasons.

4.1 Cluster 1 — Stability lovers

The members of this cluster have stable daily routines and
use their free time to relax and meet friends or family.
They prefer spending their leisure time in open spaces
and avoid crowded places. While they are not flexible
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Fig. 3 Frequency clustering for bar, pub, and café

Table 2 Cluster distribution and participant profiles

Cluster  Percent. Flexibilit Age Leisure Transp.
number  of total Y group activities modes
fixed walking
0, )
1 7.04% routines elderly  open spaces public tr
2 14.72%  moderate adults, shoppmg, car
elderly family
3 15.24% high adults sport car
o . restaurant,  walking,
4 15.74%  very high adults bar, park public tr
5 14.60%  extremely  elderly not really car
not sport,
N .
6 16.01% Aexible ~ Younger shopp}ng, car
family
restaurant,
. bar, sport .
0, > )
7 16.65%  partially  younger shopping, public tr
family

with their routines, they can adjust the time or location
for activities outside their usual schedule. Moreover,
when they are outside of their homes, they do not spend
much time on activities and prefer nearby places to con-
duct them (Fig. 3). Despite owning cars, they often choose
to walk or use public transportation for short distances.
The members of this group live in small towns close to
places they frequently visit, and belong to older genera-
tions with stable incomes.

4.2 Cluster 2 — Happiness seekers

The members of this cluster engage in a variety of activ-
ities during their leisure time, including shopping and
visiting family and friends (Fig. 3). While they generally
avoid crowded places, they occasionally make exceptions.

In general, "happiness seekers" are flexible, except when
it comes to activities related to attractions, which they
prioritize and spend more time. They are also willing to
travel longer distances to reach their destinations, typi-
cally driving their cars for these trips. This group con-
sists of adults and elderly individuals with college degrees,
living outside of big cities and having average incomes.
Additionally, they have more cars, which are their favorite
transport mode to use almost always (Table 2).

4.3 Cluster 3 — Sports practitioners

In this cluster (Fig. 3), members tend to realize leisure
activities primarily related to sports, while they usually do
not visit cinemas or concerts. The respondents are keen on
shopping and spending time on visiting family and friends.
They have a high degree of spatial and temporal flexibil-
ity, and they easily change their plans. Sports practitioners
spend a reasonable time outdoors mainly conducting sports
activities, but do not spend much time in bars and pubs.
However, these participants like stay for longer times in
restaurants and shopping facilities. They seem to move
within a specific range, except for reaching their families,
which can be far from them and take more time. Members
in this group have college degrees and do not live in big
cities. They consist of adults with average income, having
more cars, and preferring driving these cars.

4.4 Cluster 4 — Parkgoers

In this cluster, members are enthusiastic about their lei-
sure time (Fig. 3). They enjoy being outdoors, and meet-
ing family and friends in parks, restaurants, and pubs.
Sport activities and shopping are also important for them
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due to their active lifestyle. Parkgoers are highly flexible
with both the location and timing of their leisure activities,
often based on the occasion. They favor outdoor spaces
and parks, primarily seeking green areas. These respon-
dents allocate a reasonable amount of time to leisure activ-
ities and handle routine tasks like visiting the ATM or post
office efficiently. Parkgoers are willing to travel longer dis-
tances for obligatory tasks or special places but prefer lei-
sure activities close to home. For nearby activities they
usually walk or use public transport, reserving their cars
for longer trips. The group is formed by younger people
and adults with average incomes and college degrees,
owning a car and residing in large towns (Table 2).

4.5 Cluster 5 — Weekend shoppers

Members of this cluster generally do not favor leisure activ-
ities (Fig. 3), but when they conduct such activities, they
prefer visiting restaurants or parks. At the same time, they
are very enthusiastic about shopping and spending time
with family and friends. In case of any activity, they are
extremely flexible regarding time and location. Weekend
shoppers spend reasonable time outside of their homes but
not very frequently. They enjoy dining out and often partic-
ipate in shopping activities, which can be time-consuming.
While they work at various distances from their homes,
they prefer to spend their leisure time nearby, except when
visiting museums or concerts, which may involve longer
travel. This group consists of elderly individuals with aver-
age incomes. Some members live outside of big cities and
typically have two cars per household.

4.6 Cluster 6 — Inflexible travelers

These travelers enjoy practicing sports, shopping, and vis-
iting family and friends, but they rarely go to pubs, restau-
rants, or parks (Fig. 3). They also tend to avoid cinemas,
theaters, and concerts, although they do spend time outside
their homes when they choose to. These participants have
limited spatial and temporal flexibility and are not fond
of changes. The time they spend in pubs and parks varies
by occasion, while shopping and eating out can take lon-
ger. Additionally, the time spent with family and friends
is very important. They prefer nearby activities, making
their travel time short, except for special occasions, like
visiting museums and concerts, which may require longer
trips. Moreover, their families usually live close by. This
group consists of young individuals with average incomes
and high school or college degrees, living in both small
and big cities. They own more cars and often use them as
their preferred transport mode (Table 2).

4.7 Cluster 7 - Routine enthusiasts

In this cluster, members enjoy practicing sports, shopping,
and visiting family and friends. They often visit pubs, bars,
and parks, but they do not prefer eating outside (Fig. 3).
Having a calm social time seems important for these partic-
ipants, so they typically avoid cinemas, theaters, and con-
certs. In case of social activities, they are flexible regard-
ing time and space, but when it comes to ordinary tasks,
their flexibility reduces especially in terms of time. Routine
enthusiasts spend a reasonable time outside of their homes,
and social events can be lengthy and distant. Going to the
gym and doing sports are very important for this group.
They prefer conducting ordinary activities quickly and
close to their homes. Spending time with family and friends
is crucial for them. They typically use public transport for
all activities, but sometimes they also walk. This group
includes young members living in metropolitan areas,
where households generally own one car (Table 2).

5 Discussion

The results demonstrate some expected and some unex-
pected features within the clusters, which are worth high-
lighting. Stability lovers are represented by elder people
who have car but prefer using public transport or walking
instead of driving their cars. Therefore, this segment relies
on the public transport network throughout the day to do
their routine-related activities. However, happiness seek-
ers love attractions in their leisure time, and the distance
to travel does not matter for them. They travel by driv-
ing their cars; thus, weekends, holidays, and special dates
mean that these people use the road network making the
quality of infrastructure important for them.

Groups that prefer using cars are weekend shoppers, park
goers, and sports practitioners, which is a surprising result.
Weekend shoppers move from the suburbs and outskirts to
the city to do shopping activities on weekends. Park goers
use the public transport for their daily trips, but they prefer
driving for long distances. Finally, sports practitioners pre-
fer open-air activities and sports near their homes, but they
are keen on using cars and no other transport modes.

A group that is likely to use public transport is inflexible
travelers. As punctuality is of high importance for them,
they may demand well-planned transportation services and
reliable schedules. Moreover, these travelers prefer doing
activities nearby. Similar to them are routine enthusiasts,
who focus on their routines and ordinary tasks but are flex-
ible when spending their leisure time. This segment may
use public transport throughout the weekdays for going to



work and during the weekend for leisure activities. This
pattern is also identified by Strémblad et al. (2022), who
highlight a higher public transport usage in case of outdoor
activities, but lower utilization in case of cultural events.

The survey demonstrates that stability lovers and rou-
tine enthusiasts are more likely to use bicycles due to their
focus on their daily standard activities, but none of the
segments show interest in shared transport services.

The environmental impacts due to the usage of private
cars by weekend shoppers, park goers, sports practitioners
increase traffic congestion, air pollution, and emissions.
To mitigate these effects, promoting sustainable alterna-
tives like public transport, cycling, and walking is crucial.
For clusters that already prefer public transport, enhanc-
ing service quality and reliability, and realizing pedestri-
an-friendly measures can further reduce private car usage.

These results may provide adequate guide for planning
transportation policies and investments in the fields of
infrastructure and public services, considering the needs
of all socioeconomic groups, particularly those who rely
heavily on public transport or have limited access to pri-
vate vehicles. The study can show demand for improve-
ments in such areas as communication and support for
elderly public transport users, service quality, road qual-
ity, the connection of the transportation network to pub-
lic places, leisure areas, and dense commercial areas, as
well as the deployment of sports facilities in the neighbor-
hoods, and understanding the transportation needs and
behavior changes. As an example, support for elderly peo-
ple might be improved by offering dedicated assistance
with boarding and alighting. The communication and
support may be optimized by knowing when this group
uses public transport.

Clustering algorithms are commonly used in mobility
pattern investigation studies since they can group individ-
uals with related characteristics. This research work pre-
treats the data to make them suitable to the algorithm. One
of the limitations is solved by aggregating the data and
eliminating the outliers, while the PCA use the categorical
variables in the data (Koushik et al., 2020).

During the pre-tuning phase, choosing the & value is
a challenging task because in this case, it is not clear how to
identify the exact point where the decay starts to stabilize
in the inertia curve. Since in cluster analysis, the objective
is to look for common characteristics that form a group of
individuals (Yadav and Sharma, 2013), the less the number
of the groups that can describe the majority of the data is
the better. Therefore, the bigger the number of the clusters

Moro Zamprogno and Esztergar-Kiss | 369
Period. Polytech. Transp. Eng., 52(4), pp. 362-371, 2024

the lower the inertia but at the same time, the higher the dif-
ficulty of identifying general patterns. Thus, there is a need
to use a complementary approach to choose a limit for the
inertia and consequently, to choose a & value.

Some limitations of the method are overcome by
applying dimensional reduction techniques. However, it
is challenging to extract the patterns from each cluster.
In some cases, there are skewed distributions inside the
clusters that reveal the main trait, but sometimes there are
semi-uniform distributions, which make the process diffi-
cult. Moreover, the data presented in the analysis are from
various countries, which makes it impossible to draw con-
clusions about a specific place thus helping the formation
of plans and actions in a region.

To overcome limitations, future research should add
a complementary qualitative or quantitative approach to
the inertia method. The results demonstrate that some
clusters have more latent differences than others. The use
of data from specific countries or cities may give new
possibilities in identifying the characteristics of local
groups and in investigating reasons behind their behav-
ior. Interviews, focus groups, and workshops, can pro-
vide deeper insights into the motivations and preferences
of each cluster. Furthermore, the elaborated results can
be used as a guideline to develop daily or weekly activ-
ity chains for the clusters. These qualitative insights can
complement quantitative findings, offering a richer under-
standing of transportation behavior and supporting tar-
geted, user-centered interventions.

6 Conclusion
The topic of current study is profile identification related to
travel behavior where an unsupervised machine learning
cluster analysis method is applied. A dataset built from an
activity-based survey is used where the participants' travel
habits and socio-demographic characteristics are gathered.
The analysis requires a pre-tuning of parameter &, which
defines the number of clusters by describing how coherent
the data are when examining their inertia. Therefore, the
possibilities for the & value are assessed by merging the
related variables and using PCA. As a result, seven clusters
are defined. Afterward, the individuals are distributed to
the clusters, and a description, which demonstrates the peo-
ple's primary features and profiles, is elaborated for each
group. The results demonstrate that the applied method is
useful in distinguishing expected behavior in each group
according to the members' traits, making it possible to gen-
erate profiles as mentioned in the results section.
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In conclusion, using k-means cluster analysis to inves-
tigate travel behavior and user profiles not merely reveals
the demand for improvements in areas ranging from sup-
port for elderly public transport users to infrastructure and
service quality but empowers decision-makers to develop
informed public policies. By utilizing a specific dataset
and Python framework, the findings underscore the poten-
tial for tailored, locally applicable methods to enhance
transportation systems thus bringing benefit to the society.
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