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Highlights:
	■ data from smart travel cards is used to determine tourist profiles of public transport users in the Camp de Tarragona (Catalonia, Spain);
	■ a method for identifying and classifying profiles using smart card data, replicable in other case studies, is defined and validated;
	■ traveller profiles and their patterns in pre-pandemic and pandemic context are compared;
	■ traveller profiles with the greatest decline in public transport usage and those more resilient during the COVID-19 are identified and characterised;
	■ lessons are drawn for promoting tourists use of public transport during disruptive periods such as the COVID-19 pandemic.

Article History: Abstract. The COVID-19 pandemic′s harmful effects have varied across economic sectors and been particularly 
adverse for the transport and tourism sectors. This article analyses the pandemic′s impact on tourists′ use of pub-
lic transport since 2020, including its patterns of change and general decline, using data from more than 40000 
smart card holders considered to be summertime users during the peak tourist season in Camp de Tarragona 
(Catalonia, Spain). 3 model-based clustering analyses of pre-pandemic data from 2019 were performed and used 
to classify data generated since the pandemic began in 2020. The 1st model included variables of each smart 
card′s volume of activity, the 2nd model analysed the concentration or spatial dispersion of validated uses of each 
card, and the 3rd model examined the temporal dimension of the use of smart cards depending on the defined 
objective. Among the major findings, the number of journeys plunged by 92% in summer 2020 – that is, by far 
more than throughout the year (64%), which suggests a higher loss of travellers linked with tourism activities (e.g., 
tourists, 2nd-residence owners, and workers in the tourism sector). Regarding the spatial dimension, patterns with 
minor reductions related to trips taken within cities (45%) or between major cities (78%). By contrast, travellers 
with sprawled patterns fell the use by 93%. Last, profiles obtained from variables of a temporary nature presented 
similar percentages of losses; the most significant losses were for use distributed throughout the day (91.81%) 
and throughout the night (90.12%). This article provides valuable insights into the pandemic′s varied effects on 
the use of public transport during peak season at a  tourist destination, insights that could inform policies and 
actions to ensure a more robust response to future crises.
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Notations

AIC – Akaike information criterion;
AFC – automated fare collection;
ATM – Territorial Mobility Authority (in Catalan: Autoritat 

Territorial de la Mobilitat);
BIC – Bayesian information criterion;

CSV – comma-separated value;
LPA – latent profile analysis;
SD – standard deviation. 

1. Introduction

Developing adequate public transport networks at tourist 
destinations is essential not only to improving the attrac-
tiveness and competitiveness of the destinations (Prideaux 
2000; Kim et  al. 2023) but also to reducing the impact 
of tourism flows on residents′ mobility and quality of life 
(Miravet et al. 2021a). For one, appropriate public trans-
port networks improve tourists′ mobility at destinations 
once they arrive by allowing them to forgo hiring cars 
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or other sorts of motorised vehicles (Gutiérrez, Miravet 
2016a). They also increase the number of attractions that 
can be visited (Leask et al. 2013; Zientara et al. 2024) and, 
as a  result, make longer stays more likely (Miravet et al. 
2021a). For another, tourists′ use of public transport partly 
mitigates the impact of negative externalities associated 
with using private motorised vehicles (Domènech et  al. 
2023) and contributes to the dispersion of visitors across 
the destination and thus lessens crowding around major 
centrally located tourist attractions (Albalate, Bel 2010). 
Furthermore, increasing tourists′ use of public transport 
instead of private motorised vehicles can help destinations 
to increase the urban space devoted to pedestrians, which 
affords a more pleasant visiting experience and higher lev-
els of satisfaction among tourists (Ram, Hall 2018). More 
sustainable mobility is also pivotal to preventing tour-
ists′ potential dissatisfaction due to negative externalities 
stemming from the use of highly polluting modes of trans-
port (Becken et al. 2017; Kim et al. 2023). Last, from the 
other direction, public transport can benefit from massive 
influxes of visitors due to the additional revenue created 
(Albalate, Bel 2010).

All these trends are far more likely to occur in the ab-
sence of a  pandemic. Beginning in 2020, the COVID-19 
caused a general halt in most economic sectors around 
the world, and its impact was particularly harmful for the 
tourism industry, owing to an initial shutdown of all tour-
ism activity in many countries, bans on international trav-
el, and, in some countries, even barriers to national travel 
(Gössling et  al. 2021). Much like the pandemic′s  effects, 
the recovery of tourism activity across countries has been 
asymmetrical, for some destinations, especially mature 
mass coastal destinations, have been far more vulnerable 
than others to the pandemic′s  effects on tourism (Duro 
et  al. 2021). Public transport has been also severely af-
fected. During the pandemic′s 1st months, mobility plum-
meted due to restrictions imposed by governments to 
deter the spread of the virus (Jenelius, Cebecauer 2020). 
Even when mobility began to recover, public transport was 
perceived as a vector of contagion (Abdullah et al. 2021), 
and the higher perceived risk of becoming infected led 
to a  slower recovery in the use of public transport ser-
vices than experience by other modes of transport (Eisen-
mann et  al. 2021). The use of public transport in mass 
coastal destinations has been even more sensitive to the 
pandemic, not only because tourists′ journeys are primar-
ily for leisure (Delclòs-Alió et al. 2022), but also because 
residents may fear sharing transport services with visitors, 
who are generally also perceived as a vector of contagion 
(Vich et al. 2022).

Analysing pandemics and their effects on ridership on 
public transport is nothing new. In fact, such trends were 
previously assessed in the context of the SARS and MERS 
outbreaks (Kim et al. 2017; Lau et al. 2003; Wang 2014). 
That said, interest in the present contribution is justified 
for its insights into an airborne pandemic′s  impacts on 
the demand for public transport in a  region where tour-

ists play a key role in the configuration of mobility rela-
tionships shaped by seasonality (Gutiérrez, Miravet 2016b). 
To be sure, the COVID-19 pandemic has also exerted con-
siderable pressure on the financial structures supporting 
public transport service providers (Gutiérrez et al. 2021), 
especially for companies operating in regions where tour-
ists′ demand for public transport services forms a substan-
tial part of the annual revenue and where tourist arrivals 
are more sensitive to disruptive circumstances. In light of 
those trends, the response to declining demand for pub-
lic transport could reduce the quality of transport services 
provided and, in turn, deteriorate destination image (Eu-
sébio, Vieira 2013).

Data from smart travel cards used to purchase pub-
lic transport services are especially useful for studying the 
incidence of disruptive events on the operation of such 
services (Kurauchi, Schmöcker 2017; Tang et al. 2016). In-
deed, smart card data have already been used to explore 
the COVID-19 pandemic′s effects on the demand for pub-
lic transport (Almlöf et  al. 2021; Mützel, Scheiner 2022; 
Jenelius, Cebecauer 2020; Gramsch et al. 2022). The chief 
advantage provided by such data is the data′s  total flex-
ibility concerning the dimensions of time and space, which 
can afford an evolving image of the demand for public 
transport services (Bagchi, White 2005; Pelletier et al. 2011; 
Tang et al. 2019). Beyond that, such flexibility is particularly 
relevant in contexts where demand is unstable, including 
seasonal tourist destinations (Domènech et al. 2020; Mi-
ravet et al. 2021b).

This article distinguishes profiles of tourists who used 
public transport smart cards in 2019 in the Costa Daurada 
(Catalonia, Spain), a mature, highly popular coastal desti-
nation located in the Camp de Tarragona region (Catalo-
nia, Spain). The profiles are constructed based on mobility 
behaviour during the peak tourist season in 2019 by ap-
plying clustering techniques to data from smart cards used 
by travellers. In turn, smart card data for 2020 are used to 
explore the effects on each profile identified in 2019. Al-
together, the approach provides a clear picture of the ef-
fects on different segments of demand for public trans-
port caused by both the crisis in tourist activity due to the 
spread of SARS-CoV-2 and the limited use of public trans-
port due to fears of becoming infected.

In the rest of this article, Section 2 presents previous 
studies that are relevant to the present contribution, Sec-
tion 3 describes the methods used in the study conducted 
for the article, and Section 4 describes the main findings. 
Section 5 discusses the results and their implications, after 
which Section 6 provides the article′s conclusions.

2. Background

2.1. The COVID-19 pandemic  
and public transport

The COVID-19 pandemic has significantly altered the mo-
bility of populations, primarily as a consequence of general 
constraints in daily activities due to travel restrictions and 



Transport, 2025, 40(2): 173–196 175

social distancing policies issued by national, regional, and 
local governments around the world (De Vos 2020; Wang 
et al. 2024). As a  result of such policies and restrictions, 
the demand for all modes of transport plummeted during 
the 1st phase of the pandemic in spring 2020 (Anke et al. 
2021). The subsequent recovery of traffic flows in the af-
termath of the lockdown periods was slow for all modes 
of transport as well (Beck et al. 2020) and was marked by 
fears of contracting the disease while travelling (Campisi 
et al. 2022a, 2022b; Mogaji 2020). Even so, the decline in 
the use of public transport was more acute than for all 
other forms of transport (Jenelius, Cebecauer 2020; Eisen-
mann et al. 2021; Cheng et al. 2024), and its recovery was 
also far slower, to the point that while other modes of 
transport have gradually returned to or been close to re-
covering pre-pandemic levels of demand (Das et al. 2021; 
Zhang et al. 2023; Zaragozí et al. 2023), total ridership on 
public transport and the frequency of using it have re-
mained below 2019 levels (Long et al. 2023). 

The uneven loss of ridership between public transport 
and other modes of transport is due to several factors. 
1st, from a demographic perspective, gender and espe-
cially age have been associated with a higher perception 
of risk stemming from using public transport (Böcker et al. 
2023). 2nd, from a socioeconomic perspective, some seg-
ments of the population were forced to continue using 
public transport services (Lizana et al. 2024). Having a job 
requiring an in-person presence and the unavailability of 
private transport prevented the most disadvantaged sec-
tors of workers from limiting their use of public transport 
(Jiao, Azimian 2021), and, for that reason, global mobil-
ity figures dropped, while preferences between modes of 
transport changed. Part of the demand for public trans-
port has since shifted to other modes of transport, includ-
ing private vehicles, despite the pernicious consequences 
of that modal shift for climate change and air quality. The 
perceived risk of contagion associated with using public 
transportation services was the principal driver of the re-
duction in demand (Barbieri et al. 2021; Cheng et al. 2024), 
and that persistent perception has become a chief obsta-
cle to returning to pre-2020 ridership numbers (Abdullah 
et al. 2021; Tan, Ma 2021; Zaragozí et al. 2023; Wang et al. 
2024). Although some works from the pandemic′s  initial 
phases revealed the potential of public transport services 
to be a vector of contagion for SARS-CoV-2 (Harris 2020; 
Shen et al. 2020), those conclusions were not supported 
by subsequent studies (Severo et al. 2021; Moreno et al. 
2021; Hu et al. 2021). The underlying reason for the shift 
in findings lies in the rapid implementation of measures to 
prevent contagion on board vehicles (Hanaei, Rezaei 2020; 
Pradhan et al. 2020), measures that have proven their ef-
fectiveness at preventing new infections (Ku et al. 2021).

Knowledge of the COVID-19 pandemic′s evolving im-
pact on public transport ridership in relation to daily mo-
bility is extensive. In fact, evidence from around the world 
allows comparisons of trends across countries. By contrast, 
despite an analysis of the pandemic′s impact on long-haul 
travel (Abu-Rayash, Dincer 2020; Korinth 2020), few studies 

have investigated the pandemic′s impact on public trans-
port services at tourist destinations, even though such 
studies continue to be needed. 

1st, the circumstances of tourists′ use of public trans-
port services are highly particular and have to be account-
ed for when analysing the pandemic′s impact. After all, in 
the absence of tourists, the demand for public transport 
at destinations quickly evaporates. That trend warrants at-
tention, tourism activity has been highly sensitive to the 
pandemic, and intentions to travel have been severely al-
tered due to not only restrictions on travel and tourist 
mobilities but also changes in people′s perceptions of the 
risks associated with travel. Avoiding travel altogether is 
a plausible response to situations when prospective visi-
tors perceive risks associated with spending a holiday at 
certain destinations (Cahyanto et  al. 2016). Along those 
lines, the pandemic amplified negative emotional reac-
tions and perceived risks when planning holidays (Zhang 
et al. 2020) and at once generated subjective conjectures, 
formed in the collective imaginary, that may have been 
unrealistic (Lu, Atadil 2021). Even then, perceived risks in 
travelling often emerge at the individual level and vary 
from one person to the next depending on external and 
context factors and the characteristics of individual tour-
ists (Neuburger, Egger 2021). 

2nd, the use of public transport at destinations in-
volves journeys to places and attractions that tourists visit 
during their stays and the journeys back to their accom-
modations. Tourists′ behaviour at destinations and thus 
patterns in what they visited and modes of transport used 
to reach those places and attractions were seriously af-
fected by the pandemic. Using data from a survey of the 
Swiss population′s habits on holidays, Thao et al. (2024) 
confirmed the perceived health risk of using shared modes 
of transport due to the pandemic and their preference for 
private transport instead. Similarly, using survey and mo-
bile phone data, Östh et al. (2023) observed a modal shift 
from public transport to private cars and micro-mobili-
ty when comparing leisure mobility in summer 2020 and 
summer 2021 with 2019. From another angle, Da Silva 
Lopes et al. (2021) found that the pandemic shortened the 
time devoted to visiting attractions and shrank the size of 
visiting areas in the city of Porto (Portugal). Other evidence 
indicates that private vehicles gained ground as an op-
tion for travelling during the holidays (Ivanova et al. 2021). 

3rd and last, and in complement to the 2 other ele-
ments, travelling to tourist destinations and the mobility-
oriented decisions made therein, as opposed to decisions 
in daily commuting journeys, are voluntary. Consequently, 
individuals might be likely to renounce, whether in part or 
in full, travelling to tourist destinations and within them in 
the event that the perceived risk of contagion is too great. 
In that sense, risk perception has been a  cornerstone in 
examining tourists′ decision-making processes under the 
threat of the pandemic (Rahman et al. 2021). 

Those 3 elements, combined with a perceived higher 
risk of contagion associated with public transport servic-
es than with private transport, have caused the demand 
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for public transport at tourist destinations to plummet 
(Delclòs-Alió et al. 2022), especially in urban contexts. The 
drop was particularly severe at coastal destinations charac-
terised by a high density of visitors and a high dependency 
on international tourism, due to their greater vulnerabil-
ity to the incidence of COVID-19 (Duro et al. 2021). How-
ever, despite the pandemic′s apparent impact, its effects 
on the use of public transport services among tourists at 
destinations remain unclear. In response, studying how the 
pandemic may have affected tourists′ use of public trans-
port, and the determinants of that phenomenon would 
be valuable. Thus, in the study presented here, smart card 
data from 2019 and 2020 – the 1st year of the pandem-
ic – were used to compare the use of public transport by 
tourists across time.

2.2. Profiling travellers using data  
from smart travel cards 
In recent decades, public transport services have adopted 
AFC systems, which use smart travel cards and guarantee 
controlled access for users and do so quickly and agilely. 
AFCs also allow centralising and registering verified trans-
port use. During the 1990s and 2000s, AFCs gained initial 
popularity and have since spread to major cities world-
wide, with examples that now include the Octopus Ccard 
in Hong Kong, Navigo in Paris, the Compass Card in Van-
couver, Oyster in London, Bip! in Santiago, the Troika card 
in Moscow, and OV-Chip in the Netherlands.

Research using data from smart travel cards has sup-
ported destination inference, origin–destination matrices, 
the estimation of demand, and studies on passenger be-
haviour and trip chains, among others (Cats 2024). Early 
on, Trépanier et al. (2007) used smart card data to deter-
mine the destination stops of bus passengers and esti-
mate trip destinations and chains, while Munizaga & Pal-
ma (2012) later developed an approach to inferring alight-
ing stops to construct origin–destination matrices. A clus-
ter analysis of passengers based on spatial and temporal 
behaviour has also been conducted (Morency et al. 2007), 
and, more recently, Foell et al. (2015) developed probabil-
ity models to predict daily bus usage, while Raveau et al. 
(2011) used smart card data to model travel choices. The 
estimation of the object of the travel activity has been 
studied as well (Devillaine et al. 2012; Kusakabe, Asaku-
ra 2014).

In a review on using public data from smart cards, Pel-
letier et al. (2011) pinpointed 3 ways of using data from 
AFCs in research: (1) strategic-level studies, including long-
term network planning, passenger behaviour analysis, and 
demand forecasting; (2) tactical-level studies, including 
longitudinal studies oriented towards identifying patterns 
in travel behaviour in order to adjust transport services; 
and (3) operational-level studies, which focus primarily on 
indicators of supply and demand. Considering all 3 pur-
poses, research actions towards analysing, segmenting, 
and better identifying the travel behaviour of public trans-
port passengers seem to be the common denominator of 
studies using smart card data.

More recently, Ghaemi et al. (2017) classified studies 
on travel behaviour using data from smart travel cards into 
3 domains: (1) studies on understanding the data, which 
often involves manipulating data to extract significant in-
dicators of what is happening in the transport network 
analysed; (2) studies to explain travel behaviour, which 
necessarily implies using external data sources according 
to the objective and needs of the study; and (3) studies 
aimed at supporting decision-making, primarily to forecast 
demand and plan transport. Considering those 3 domains, 
this article falls into the 2nd and presents research con-
ducted to determine profiles of travellers.

As stated by Zaragozí et  al. (2021), data from smart 
travel cards present various opportunities for research-
ers to seize. For one, the data comprise the whole uni-
verse of public transport users in a specific area, in con-
trast to samples used in traditional surveys. For another, 
they enable analyses at different territorial and temporal 
scales because all travels reported are time-stamped and 
can be geo-referenced. This type of data additionally sup-
ports longitudinal studies at the individual level because 
each transaction is linked to a  card. Beyond that, smart 
card data makes inter-annual studies possible, which al-
lows examining the evolution of the demand for mobil-
ity and public transport at different spatial and temporal 
(or individual) scales. On the downside, smart travel card 
data also present some difficulties. On that count, the da-
ta are continuously collected and due to the possibility of 
representing large volumes may be regarded as a type of 
big data. Added to that, because AFC systems are created 
for collecting fares and managing regional fare integration 
zones, the data require substantial cleaning, processing, 
and enrichment in preparation for use in research. Last, 
sociodemographic data associated with each smart travel 
card are usually restricted, unavailable or of low quality.

The mentioned studies, including ones measuring the 
impact of the COVID-19 pandemic on public transport 
(Fernández Pozo et  al. 2022; Jenelius, Cebecauer 2020), 
have focused on the daily mobility of residents and ex-
tracted trends in the use of public transport. By contrast, 
few studies to date have identified the pandemic′s impact 
on tourists or specific groups of travellers among general 
users of a given public transport network. Nevertheless, 
the application of advanced classification analysis and the 
possibility of identifying tourist profiles based on the fare/
card type and their behaviour by using smart cards opens 
the doors to illuminating the resilience of public trans-
port and understanding the diverse behaviours of multi-
ple tourist profiles.

3. Data and methods

3.1. Study area

The area examined in the study was Camp de Tarragona (Fig-
ure 1), which in 2021 had a population of 641923 inhabitants 
(Statistical Institute of Catalonia, https://www.idescat.cat).  
Spatially, most of the distribution of economic activity 
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and population is concentrated along the coast, especially 
in the cities of Tarragona (i.e., with 135436 inhabitants) 
and Reus (i.e., with 106084 inhabitants), together with the 
3 coastal municipalities of Cambrils, Salou, and Vila-Seca, 
with 35064, 28512, and 22522 inhabitants, respectively. 
Those municipalities form the main tourist destination in 
south Catalonia – the Costa Daurada – where more than 
77% of all hotel accommodations in the region are con-
centrated, which in 2019 represented more than 20 million 
overnight stays in regulated accommodations. Camp de 
Tarragona is also a  region where the impact of seasonal 
tourism on the demand for public transport is particu-
larly evident. Studies in the area have identified the high 
use of public transport among tourists arriving by plane 
and train (Gutiérrez, Miravet 20216a). As a  result of such 
use, in the municipalities with the most tourists (i.e., Sa-
lou, Cambrils, and Vila-seca), ridership on public transport 
usually increases sixfold during the summer (Domène-
ch et  al. 2020). Therefore, the studied area presents an 
ideal case for exploring the use of public transport by  
tourists. 

Even Camp de Tarragona and beyond, the COVID-19 
pandemic significantly disrupted the mobility of the pop-
ulation. Social distancing policies issued by governments, 
meaning a reduction in daily activities, and travel restric-
tions had significant impacts worldwide. In Spain, a nation-
al lockdown was imposed from 15 March to 13 May 2020, 
along with various restrictions imposed for several months 
afterwards. Across the European Union, national borders 
were closed until 21 June 2020, and only then reopened 
exclusively countries in the Schengen area, although nu-
merous restrictions and quarantine policies were imposed 
depending on the traveller′s country of origin. The cumu-
lative incidence of COVID-19 in the 14 days prior to the 
end of the national lockdown was 27.93 per 100000 in-
habitants; however, that number increased to 149.75 per 
100000 inhabitants on 21 August 2020 (INE 2020). Con-

cerning the study presented herein, it is worth noting the 
unconventional decrease of 74.5% in the number of visi-
tors to tourist destinations in Spain during the summer of 
2020 (Vich et al. 2022).

For the study, smart travel card data were obtained 
from the AFC system managed by the ATM of Camp de 
Tarragona, the public transport authority responsible for 
managing the integrated fare system in the studied ar-
ea. That system, Sistema de Gestió de la Integració Tarifar-
ia, stores information about the time at which passengers 
boarded vehicles, the location of the bus stop where they 
boarded, the bus line, and the type of transport fare paid 
(Gutiérrez et al. 2020).

Smart card data used in the study were limited not on-
ly to the summer (i.e., from 15 June to 15 September) in 
both 2019 and 2020 but also to the T-10 fare type. T-10 is 
the unique, multi-person fare in the ATM system that al-
lows groups to travel in which each person uses the same 
card (i.e., consecutive transactions when boarding). The 
standard T-10 card covers 10 transactions and can be re-
charged as many times as desired, although no more than 
30 transactions at a time are allowed. The T-10 card is the 
most-used card by visitors due to the flexibility that it of-
fers and can also be used to identify different profiles of 
visitors and locals travelling by public transport in Camp 
de Tarragona (Gutiérrez et al. 2020). By contrast, the other 
transport fare options offered by the ATM system are in-
tended to promote user loyalty by diminishing the unitary 
price of each journey by means of public transport. They 
impose some travel conditions that make them unattrac-
tive for visitors, including that cards cannot be used by 
groups because the fares are unipersonal and that they 
require a minimum number of trips in 30 days or across 
longer periods. It is also possible to travel by acquiring 
a  single ticket, which is an attractive option for visitors. 
Single tickets, nevertheless, do not allow tracking users of 
public transport, for their data remain unconnected.

Figure 1. Map of Camp de Tarragona, the study area, by population
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Table  1  shows global figures representing the COV-
ID-19 pandemic′s impact on public transport ridership be-
tween 2019 and 2020. The number of transactions made 
with T-10 cards was 10 times greater in 2019 than in 2020 
(i.e., 588,709 transactions vs. 48604 transactions), and the 
percentage of T-10 card uses across all transactions near-
ly halved during the study period (i.e., 89.66% in 2019 vs. 
56.70% in 2020). The number of T-10 cards issued also re-
veals a notable decrease from 34214 cards in 2019 to on-
ly 4562 cards in 2020. Last, the number of T-10 cards is-
sued among all cards of any type issued fell from 93.79% 
in 2019 to 70.74% in 2020. Figure 2 shows the difference 
in the percentage of transactions between 2019 and 2020. 
A general drop affected all municipalities, although espe-
cially coastal ones.

3.2. System architecture

The resilience of the various profiles of public transport 
use against the pandemic′s effects was examined through 
a  series of methods embodied in the software architec-
ture shown in Figure 3. The figure illustrates the analyti-
cal methods employed, the software tools and technology 
used, and the flow of smart card data from raw data to 
actionable, meaningful information through 3 conceptual 
layers: content, services, and applications.

1st, the content layer was used for collecting and load-
ing the data. After data from the ATM system were an-
onymised, raw smart card data in CSV format, along with 
geospatial datasets in ESRI shapefile format for spatial con-
text, were ingested through loading scripts into a Google 
BigQuery database used as backed-as-a-service data stor-
age system. Data models for tables and different views of 
the data were designed and prepared.

2nd, the service layer was used to oversee data wran-
gling and cleaning. A  series of SQL queries in Google 
BigQuery were performed to compute a set of meaning-
ful variables (see Section 3.3) in preparation for statistical 
analysis. In the service layer, structured data outputs were 
generated in the form of data frames and GeoData; the 
structured data outputs were essential for creating vari-
ables and further analysis. Both the structured data and 
GeoData prepared in the services layer ensured that the 
data were clean and ready for use in the analysis and clas-
sification tasks performed by the tidyLPA in the next layer 
(i.e., application layer). 

3rd and last, the application layer focused on data 
analysis and visualisation. Using R  scripts, the processed 
and structured data were retrieved from Google BigQuery 
to perform model-based clustering and classification for 
3 groups of variables in the (1) activity, (2) spatial, and (3) 
schedule dimensions. Model-based cluster analysis applied 
to the 2019 data likewise differentiated between activities, 
the spatial dimension, and scheduling habits. The result-
ing clusters from the 2019 data were used to classify the 

Figure 2. Difference in the percentage of transactions 
between 2019 and 2020

Table 1. Statistics of smart cards used in the summer  
(i.e., from June 15 to September 15)

Year 2019 2020
Fare types All T-10 All T-10
Number of cards 
issued

36478 34214 
(93.79%)

6449 4562 
(70.74%)

Number of 
transactions

656577 588709 
(89.66%)

85719 48604 
(56.70%)

41.6 °N

41.5 °N

41.4 °N

41.3 °N

41.2 °N

41.1 °N

41.0 °N

41.6 °N

0.8 °E 1.0 °E 1.2 °E 1.4 °E 1.6 °E

(–100, –80] (–80, –60] (–60, –40] (–40, –20] (–20, 0]

Percentage difference

Figure 3. Software architecture for analysing data from 
smart cards
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2020 data to compare the pandemic′s impact on each of 
the profiles identified in 2019. Analyses were conducted in 
the R statistical language version 4.2.2 (R Foundation 2025).

3.3. Analysis 

The analytical process involved pre-processing the data, 
filtering the data, creating variables, and classifying vari-
ables. Whereas the 1st 2  steps were briefly described in 
relation to the tools used in the system architecture in 
Section 3.2, the last 2 steps – creating and classifying the 
variables – become important especially when describing 
the analytical methods employed.

To create variables, 25 variables grouped into the ac-
tivity, spatial, and schedule dimensions were extracted via 
a series of SQL queries (Table 2). Those variables afforded 
an overall image of the behaviour of each T-10 card in 
terms of activity level, spatial distribution, and schedul-
ing habits.

Data classification was divided into 5 steps. 
1st, variable selection was performed with attention to 

the process of selecting a  feature subset, which can pre-
vent redundancy. As detailed in Section 4, a set of corre-
lation matrices were created to highlight the most corre-
lated features (i.e., absolute correlation coefficient >0.75). 

Table 2. Statistics of the smart cards used in the summer (i.e., June 15 to September 15)

Type Name Description (range) Mean (SD) Median [min, max]
Target card grouping variable (N = 34214) – –

Ac
tiv

ity

transactions total number of transactions (N = 588709) 17.21 (14.34) 11 [1, 19]
avg_transactions average number of transactions per day 5.11 (2.76) 4.50 [1, 38]
active_period number of days between the 1st and last day the card 

was used (card lifespan)
9.17 (12.95) 5 [1, 95]

active_days number of days the card was used 3.66 (2.99) 3 [1, 58]
active_months number of months the card was used 1.24 (0.49) 1 [1, 4]
avg_group_size average number of consecutive transactions in any stop 2.78 (1.45) 2.50 [0, 30]
min_group_size minimum number of consecutive transactions in any stop 2.19 (1.42) 2 [0, 30]
max_group_size maximum number of consecutive transactions in any stop 3.30 (1.85) 3 [0, 30]
group_transactions number of transaction chains with more than one 

transaction
14.95 (13.32) 10 [0, 17]

Sp
at

ia
l

visited_municipalities number of municipalities visited during the entire period 2.76 (1.02) 3 [0, 8]
used_routes number of routes used during the entire period 1.89 (0.7) 2 [1, 10]
main_municipality percentage of transactions concentrated in the most-

visited municipality
56.18 (18.46) 50.00 [0, 100]

main_two_municipalities percentage of transactions concentrated in the 2 most-
visited municipalities

86.02 (14.87) 89.00 [0, 100]

main_three_municipalities percentage of transactions concentrated in the 3 most-
visited municipalities

96.23 (8.04) 100.00 [0, 100]

transactions_tarr_reus percentage of transactions concentrated in the main 
cities – Tarragona and Reus – over 50000 inhabitants

28.87 (23.52) 4 [0, 77]

transactions_cgc percentage of transactions concentrated in the main 
touristic cities – Cambrils, Salou, and Vila-seca – between 
20000 and 50000 inhabitants

69.60 (25.17) 70.00 [0, 100]

transactions_urban_
municipalities

percentage of transactions concentrated in the main cities 
over 10000 inhabitants

69.60 (7.73) 70.00 [0,100]

Sc
he

du
le

weekdays percentage of transactions on weekdays 76.67 (27.80) 83.33 [0, 100]
weekends percentage of transactions on weekends 23.33 (27.80) 16.67 [0, 100]
first_half_day percentage of transactions on the 1st half of day 

(7:00–16:00)
51.89 (29.19) 50.00 [0, 100]

second_half_day percentage of transactions on the 2nd half of day 
(16:00–21:00)

43.26 (27.28) 44.86 [0, 100]

time_morning Percentage of transactions concentrated in the morning 
(7:00–12:00)

27.00 (23.63) 25.00 [0, 100]

time_midday Percentage of transactions concentrated in midday 
(12:00–17:00)

31.45 (24.19) 31.03 [0, 100]

time_afternoon Percentage of transactions concentrated in the afternoon 
(17:00–21:00)

36.70 (26.80) 38.71 [0, 100]

time_night Percentage of transactions concentrated at night 
(21:00–6:00)

4.85 (11.80) 0.00 [0, 100]
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Next, a meaningful subset was chosen based on the corre-
lations between variables and on the capacity of a feature 
to describe smart card patterns and underlying models. 
Last, a new set of correlograms were plotted to compare 
the level of redundancy in the new subset.

2nd, the data from 2019 were clustered. Model-based 
clustering assumes that the observed data come from 
a mixture of distributions and that each group or class is 
described by a density function, usually a Gaussian distri-
bution. It affords numerous advantages over other cluster-
ing methods, including the assessment of the number of 
clusters and an appropriate model. Finite mixture models, 
a model-based clustering approach, provide probabilistic 
clustering in which clusters correspond to model compo-
nents (Hennig et al. 2015).

3rd, a LPA model, a type of finite mixture model, was 
used to classify the cards into different profiles. LPA is 
a type of latent variable analysis based on the assumption 
that the data originate from an unknown distribution aris-
ing from a mixture of simpler distributions. Those tech-
niques are often referred to as “Gaussian mixture mod-
els”, for they typically assume that the data distribution is 
a mixture of one or more clusters that can be described 
by normal distributions. The probability density function 

at each point is given by ( ) ( )
1

;
g

i i
i

f y f y p
=

×=å , in which 

y  represents the observed data, and g denotes the num-
ber of component densities, which in the study was as-
sumed to be multivariate normal components, ( )1f y , ( )2f y

 
, 

…, ( )gf y , mixed in unknown proportions, p1, p2, …, pn. The 
posterior probability that an observation yj belongs to the 

ith component of the model is ( ) ( )
( )

i i j
i j

j

f y
y

f y

p
 =

×
 for i = 

1, ..., g. Using the expectation–maximisation algorithm, 
the LPA model seeks maximum likelihood estimators for 
the parameters of the distributions and pi. The result pro-
vides an estimate of the posterior probabilities that the 

observed yj belongs to the ith component of the model – 
that is, to the cluster Ci for i = 1, ..., g. The R package ti-
dyLPA (Rosenberg et al. 2018), an interface with the mclust 
package also in R (Scrucca et al. 2016), was used to apply 
LPA. The package tidyLPA not only uses a  tidy interface 
(Wickham et al. 2019) but also facilitates the specification 
of models that are common to LPA.

4th, 3 classifications were made to better understand 
the features of cards regarding their different activity lev-
els, spatial distribution, and scheduling habits.

5th and finally, the data from 2020 were classified. To 
illustrate the changes occurring to each of the identified 
profiles for 2019, the smart card data from 2020 were clas-
sified using the same models obtained for 2019. In that 
way, smart cards were classified by models that charac-
terised their behaviour according to profiles previously 
identified in 2019, and a between-years comparison could 
therefore be easily performed.

4. Results

This section describes the clusters of the activity, spatial, 
and schedule variables. Based on those clusters, different 
profiles of travellers were detected, followed by an analysis 
of the evolution of the profiles between 2019 and 2020.

4.1. Activity clusters

1st, a correlogram showcasing the different activity-related 
features was plotted, as shown in Figure 4a. Given the high 
correlation grade between the variables, the following fea-
tures were discarded for their redundancy (i.e., absolute 
correlation coefficient >0.75): group_transactions, active_
months, max_group_size, avg_transactions, and min_group_
size. In light of its limited informational value and skewed 
distribution – 78% of the data were valued at 1, 20% at 2, 
and the remaining at predominantly 3 with a few instances 
of 4 – the variable active_months was excluded from the 

Figure 4. Correlogram showing self-correlation of activity variables:  
a  – all variables; b  – selected variables
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analysis. Although its correlation was less than 0.75, the 
variable adversely affected clustering performance. The 
selected activity features appear in Figure 4b.

Following the feature selection, clusters were obtained 
using LPA. Table 3  shows the different models obtained 
and their fit indices. Based on the fits, the 3 latest models 
(i.e., with 5, 6, and 7 profiles) were the highest-performing, 
whereas the models with 6 or 7 profiles presented groups 
with less than 1% of the total cards and had the lowest 
minimum posterior probabilities, meaning that individu-
al cards were not classified as accurately in their respec-
tive groups as in the model with 5 profiles. Therefore, the 
model with 5 profiles was chosen.

Table  4  presents descriptive statistics of the activity 
profiles; additional graphical representations of the clus-
ters appear in Appendix. In general, T-10 cards were clear-
ly used by groups of tourists and not long-lasting, for they 
had an average group size of 2.78 people and a card lifes-
pan (i.e., active_period) of 9.17 days. For a better under-
standing of the characteristics of the profiles, each has 
been named accordingly as follows:
	■ Profile A1: Sporadic (N = 1783) had the highest score for 
card lifespan (i.e., active_period), a moderate number of 
active days, and a  low number of transactions, thereby 
making the profile a  good representative of residents 

and people who own a 2nd-residence in the area and 
travel sporadically for leisure;

	■ Profile A2: Continued (N = 494) had the highest num-
ber of transactions and active days, a high card lifespan 
(i.e., active_period), and one of the lowest average group 
sizes, all of which made it the perfect fit for seasonal 
workers who used the T-10 fare;

	■ Profile A3: Groups (N = 407), characterised by its high 
average group size, represented potential excursionists 
travelling in groups;

	■ Profile A4: Long-term (N  = 4306) had a  high number 
of transactions distributed along a moderate number of 
days. Thus, the profile might represent tourists having 
a  long (i.e., 2-week) stay on average according to the 
card′s lifespan (i.e., active_period);

	■ Profile A5: Short-term (N = 27224) stood out significant-
ly for having accrued the most cards (i.e., 79.56% of all 
cards). The profile contrasted Profile A4: Long-term, for 
whereas the latter represented tourists with long stays 
(i.e., 2  weeks on average), the profile represented the 
average tourist in the Costa Daurada, whose stays are 
short (i.e., 5 days on average). The profile subsequently 
had its activity concentrated in a brief period of individ-
ual trips or in small groups and thus depicted the major 
types of tourism at the destination: tourists travelling in 
families or in couples.

Table 3. Profiles based on activity variables in 2019, with the selected model in yellow

Probability Class

Class AIC BIC Entropy min max 1 2 3 4 5 6 7
2 805265.3 805375.0 0.9863781 0.9708336 0.9979927 31722 2492
3 789298.2 789450.1 0.9484448 0.8567533 0.9898127 3005 29218 1991
4 780107.8 780301.9 0.9570076 0.8555235 0.9894300 2962 409 1977 28866
5 762991.8 763228.2 0.9526662 0.8725295 0.9853362 1783 494 407 4306 27224
6 759778.5 760057.1 0.8948376 0.6317863 0.9869072 24814 258 1761 2796 483 4102
7 752365.4 752686.2 0.8831571 0.6745753 0.9805219 290 22509 235 1758 5768 2599 1055

Table 4. Descriptive statistics of the activity profiles in 2019

A1: Sporadic
(N = 1783)

A2: Continued
(N = 494)

A3: Groups
(N = 407)

A4: Long-term
(N = 4306)

A5: Short-term
(N = 27224)

Total
(N = 34214)

transactions Mean 
(SD)

17.7
(10.9)

65.7
(28.9)

26.9
(17.9)

40.3
(13.9)

12.5
(7.04)

17.2
(14.3)

Median 
[min max]

15.0
[2.0, 69.0]

60.5
[19.0, 189]

20.0
[8.0, 119]

39.0
[10.0, 129]

10.0
[1.0, 40.0]

11.0
[1.0, 189]

active_period Mean 
(SD)

51.4
(14.6)

47.9
(17.8)

2.64
(3.7)

13.0
(6.8)

5.2
(4.58)

9.17
(12.9)

Median 
[min max]

49.0
[28.0, 93.0]

46.0
[11.0, 95.0]

1.0
[1.0, 36.0]

11.0
[3.0, 41.0]

4.0
[1.0, 33.0]

5.0
[1.0, 95.0]

active_days Mean 
(SD)

6.04
(3.03)

18.3
(6.8)

1.69
(1.05)

7.17
(2.1)

2.71
(1.39)

3.66
(2.99)

Median 
[min max]

5.0
[2.0, 16.0]

16.0
[10.0, 58.0]

1.0
[1.0, 7.0]

7.0
[3.0, 18.0]

3.0
[1.0, 10.0]

3.0
[1.0, 58.0]

avg_group_size Mean 
(SD)

1.88 
(0.81)

2.13 
(0.881)

10.2 
(3.82)

3.10 
(1.17)

2.69 
(1.11)

2.78 
(1.45)

Median 
[min max]

1.8 
[0, 7.0]

2.11 
[1.0, 5.7]

9.0 
[6.67, 30.0]

2.92 
[1.0, 9.15]

2.5 
[0, 7.0]

2.5 
[0, 30.0]
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Last, data from 2020 were classified using the same 
model of 2019 for comparison. Table  5, presenting de-
scriptive statistics of the profiles for 2020, shows that dif-
ferences from the 2019 clustering are clearly visible, in-
cluding a marked increase in the lifespan of cards and de-
creases in average group size and the number of trans-
actions.

4.2. Spatial clusters

In the same way as activity clustering, Figure 5 shows cor-
relograms representing the initial (Figure  5a) and final 
(Figure 5b) results of the selection of variables. 4 variables 
were discarded for their redundancy: visited_municipalities, 

transactions_tarr_reus, transactions_urban_municipalities, 
and main_three_municipalities.

Next, clusters were formed by applying LPA; Ta-
ble  6  shows the different models obtained and their fit 
indices. The same reasoning in forming the activity clus-
ters was followed in forming the spatial clusters – that is, 
the 3 latest models (i.e., with 5, 6, and 7 profiles) were the 
highest-performing, but the models with 6 and 7 profiles 
presented groups with less than 1% of the total cards and 
had the least minimum posterior probabilities. Therefore, 
the model with 5 profiles was chosen.

Table 7  shows the descriptive statistics of the spatial 
profiles. Remarkably, the transactions in the tourist mu-
nicipalities (i.e., Cambrils, Salou, and Vila-seca) represented 

Table 5. Descriptive statistics of the activity profiles in 2020

A1: Sporadic
(N = 996)

A2: Continued
(N = 135)

A3: Groups
(N = 28)

A4: Long-term
(N = 206)

A5: Short-term
(N = 3197)

Total
(N = 4562)

transactions Mean 
(SD)

13.0
(7.85)

44.7
(24.3)

29.2
(37.0)

27.7
(13.5)

7.23
(5.04)

10.7
(11.1)

Median 
[min max]

10.0
[2.0, 52.0]

40.0
[17.0, 170]

18.0
[8.0, 197]

25.5
[9.0, 88.0]

6.0
[1.0, 36.0]

8.0
[1.0, 197]

active_period Mean 
(SD)

50.9
(14.2)

53.8
(17.8)

2.32
(4.10)

19.0
(7.43)

7.2
(7.75)

18.6
(21.3)

Median 
[min max]

49.0
[28.0, 92.0]

53.0
[12.0, 94.0]

1.0 
[1.0, 22.0]

19.0
[4.00, 36.0]

4.0
[1.0, 32.0]

9.0
[1.0, 94.0]

active_days Mean 
(SD)

5.87
(2.97)

21.4
(7.94)

1.46
(1.10)

8.56
(2.49)

2.47
(1.59)

4.04
(4.27)

Median 
[min max]

5.0
[2.0, 16.0]

20.0
[9.0, 48.0]

1.0
[1.0, 5.0]

8.0
[4.0, 17.0]

2.0
[1.0, 9.0]

3.0
[1.0, 48.0]

avg_group_size Mean 
(SD)

1.47
(0.567)

1.38
(0.881)

11.3
(4.37)

2.02
(1.09)

1.96
(1.08)

1.89
(1.29)

Median 
[min max]

1.27
[0, 5.0]

1.09
[1.0, 10.0]

9.67
[7.5, 24.0]

1.82
[1.0, 6.0]

2.0
[0, 7.0]

1.67
[0, 24.0]

Figure 5. Correlograms showing the self-correlation of spatial variables:  
a  – all variables; b  – selected variables
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69.6% of all transactions, and card transactions tended to 
be concentrated in the 2 main municipalities, at a rate of 
86%. Each profile was named accordingly as follows:
	■ Profile S1: Cities (N = 7453) had a lower presence than 
other profiles in the touristic municipalities (i.e., Cam-
brils, Salou, and Vila-seca) while maintaining a high spa-
tial concentration in terms of the number of transactions 
made in the major municipalities visited (i.e., main_mu-
nicipality and main_two_municipalities);

	■ Profile S2: Sprawl (N  = 13,639) had the most-used 
routes and the lowest percentage of spatial concentra-
tion, with the least number of transactions concentrated 
in the 2 major municipalities visited;

	■ Profile S3: Coast (N = 8822) had a high number of trans-
actions around the most touristic municipalities and 
a high percentage of spatial concentration;

	■ Profile S4: Concentrated in cities (N = 1048) stood out 
by having the lowest percentage of transactions around 
the most touristic municipalities and one of the highest 
percentages for spatial concentration (i.e., main_munici-
pality and main_two_municipalities);

	■ Profile S5: Concentrated on coast (N  = 3252) related 
to profile S4 (i.e., Concentrated in cities) in having one 
of the highest percentages of spatial concentration (i.e., 

main_municipality and main_two_municipalities). At the 
same time, it also had the highest percentage of trans-
actions around the most touristic municipalities.

The identified profiles share numerous characteristics. 
In Profiles S1 and S4, most transactions were made in one 
of the 2 most important cities (i.e., Tarragona and Reus), 
which makes them good representatives of cultural tour-
ism in urban environments. In Profiles S3  and S5, most 
transactions were made in the touristic municipalities (i.e., 
Cambrils, Salou, and Vila-seca), which makes them good 
representatives of sun-and-sand tourism. However, pro-
files S4 and S5 were both highly concentrated around only 
one municipality, which makes them more spatially con-
centrated than their counterparts S1 and S3.

Based on the classification of data from 2020, Ta-
ble  8  presents descriptive statistics of the spatial pro-
files. Compared with transactions in 2019, a generalised 
decrease in the most touristic municipalities can be ob-
served – namely, from 69.6% in 2019 to 51.8% in 2020 – 
with S1: Cities and S2: Sprawl being the most-affected pro-
files. A slight increase in the spatial concentration of cards 
appeared in the number of transactions in the main mu-
nicipalities visited by the card holder (i.e., main_municipal-
ity and main_two_municipalities).

Table 6. Profiles based on spatial variables in 2019, with the selected model in yellow

Probability Class

Class AIC BIC Entropy min max 1 2 3 4 5 6 7
2 962956.6 963066.3 0.9479918 0.8452416 0.9949068 32602 1612
3 926153.9 926305.8 0.9001004 0.9472128 0.9684168 10534 15847 7833
4 914726.0 914920.1 0.9021769 0.9410066 0.9654850 13161 16352 1075 3626
5 901025.6 901261.9 0.9117115 0.9188214 0.9590967 7453 13639 8822 1048 3252
6 904711.1 904989.6 0.8782586 0.0052578 0.9621334 11768 5243 2777 7059 7351 16
7 899473.0 899793.7 0.8907574 0.2712793 0.9662109 631 11486 4963 7324 2795 472 6543

Table 7. Descriptive statistics of the spatial profiles in 2019

S1: Cities 
(N = 7453)

S2: Sprawl 
(N = 13639)

S3: Coast 
(N = 8822)

S4: Concentrated 
in cities 

(N = 1048)

S5: Concentrated 
on coast 

(N = 3252)

Total
(N = 34214)

transactions_cgc Mean 
(SD)

45.9
(13.7)

65.9
(15.1)

92.1
(9.98)

4.23
(7.69)

99.3
(3.09)

69.6
(25.2)

Median 
[min max]

50.0
[0, 70.6]

66.7
[0, 100]

100
[60.0, 100]

0
[0, 23.5]

100
[80.0, 100]

70.0
[0, 100]

main_two_municipalities Mean 
(SD)

96.9
(6.16)

70.6
(9.63)

94.0
(7.51)

99.3
(3.47)

99.9
(0.733)

86.0
(14.9)

Median 
[min max]

100
[60.0, 100]

72.0
[0, 94.0]

100
[74.0, 100]

100
[67.0, 100]

100
[91.0, 100]

89.0
[0, 100]

main_municipalitiy Mean 
(SD)

54.7
(6.65)

41.8
(7.90)

60.9
(8.95)

92.0
(11.2)

95.7
(7.30)

56.2
(18.5)

Median 
[min max]

50.0
[38.0, 75.0]

40.0
[0, 68.0]

60.0
[42.0, 90.0]

100
[65.0, 100]

100
[78.0, 100]

50.0
[0, 100]

used_routes Mean 
(SD)

1.43
(0.606)

2.23
(0.676)

1.94 
(0.547)

1.26
(0.558)

1.53
(0.546)

1.89
(0.703)

Median 
[min max]

1.0
[1.0, 5.0]

2.0
[1.0, 10.0]

2.0
[1.0, 7.0]

1.0
[1.0, 6.0]

2.0
[1.0, 4.0]

2.0
[1.0, 10.0]
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4.3. Schedule clusters

Again, the same rationale for activity and spatial cluster-
ing was followed for schedule clustering. Figure 6 shows 
correlograms representing the initial (Figure 6a) and final 
(Figure  6b) result of variable selection. 4  variables were 
discarded due to redundancy: first_half_day, weekdays, 
weekends, and time_afternoon.

Table 9 shows the different models obtained and their 
fit indices. Based on fit, the 3 latest models (i.e., with 5, 6, 
and 7 profiles) were the highest-performing. Among simi-
larities between the models revealed by deeper analysis, 
models with 6 and 7 profiles were nearly identical to the 
5-profile model but divided some profiles into smaller 
ones. Because those finer divisions did not provide any ad-
ditional or meaningful information about the smart cards, 
the model with 5 profiles was chosen.

As with the previous clustering analyses, Table 10 pre-
sents descriptive statistics of the profiles. Each profile was 
named accordingly and is described in the following:
	■ Profile T1: Night (N = 2774) had the highest concentra-
tion of transactions at night (time_night), primarily in-
cluding card transactions from 21:00 to 6:00;

	■ Profile T2: Distributed (N  = 11,668) had a  balanced 
concentration of transactions throughout the day, with 
many during the 1st (i.e., time_morning and time_mid-
day) and the 2nd halves of the day;

	■ Profile T3: Evening (N = 5252) had the most card trans-
actions during the 2nd half of the day, especially from 
16:00 to 21:00;

	■ Profile T4: Noon (N = 8745) represented card transac-
tions during midday, primarily between 12:00 and 17:00;

	■ Profile T5: Early risers (N = 5775) had the highest con-
centration of card transactions during the morning be-
tween 7:00 and 12:00.

Table 8. Descriptive statistics of the spatial profiles in 2020

S1: Cities
(N = 1646)

S2: Sprawl
(N = 937)

S3: Coast 
(N = 840)

S4: Concentrated 
 in cities 

(N = 578)

S5: Concentrated  
on coast 
(N = 561)

Total
(N = 4562)

transactions_cgc Mean 
(SD)

32.4
(22.4)

50.9
(26.5)

93.4
(10.9)

1.86
(5.57)

99.2
(3.3)

51.8
(37.4)

Median 
[min max]

40.7
[0, 70.0]

57.6
[0, 100]

100
[60.0, 100]

0
[0, 23.5]

100
[80.0, 100]

50.0
[0, 100]

main_two_municipalities Mean 
(SD)

96.2
(7.17)

69.8
(14.9)

96.8
(5.98)

99.3
(3.2)

99.9
(0.571)

91.7
(14.1)

Median 
[min max]

100
[60.0, 100]

75.0
[0, 100]

100
[78.0, 100]

100
[70.0, 100]

100
[93.0, 100]

100
[0, 100]

main_municipalitiy Mean 
(SD)

55.0
(7.09)

43.3
(9.65)

62.0
(9.23)

92.1
(12.0)

96.2
(7.02)

63.6
(20.6)

Median 
[min max]

50.0
[40.0, 75.0]

45.0
[0, 70.0]

61.0
[43.0, 82.0]

100
[67.0, 100]

100
[78.0, 100]

57.0
[0, 100]

used_routes Mean 
(SD)

1.64
(0.849)

2.68
(1.35)

1.99
(0.731)

1.30
(0.622)

1.45
(0.568)

1.85
(1.02)

Median 
[min max]

1.0
[1.0, 6.0]

2.0
[1.0, 8.0]

2.0
[1.0, 7.0]

1.0
[1.0, 6.0]

1.0
[1.0, 3.0]

2.0
[1.0, 8.0]

Figure 6. Correlogram showing the self-correlation of schedule variables:  
a  – all variables; b  – selected variables
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Table 11 presents descriptive statistics of the profiles 
for 2020. The total averages did not significantly change 
from one year to the next, although each profile did ex-
perience some changes. Cards tended to be more tempo-

rarily concentrated by profile, as shown by the increase of 
transactions during the 2nd half of the day, morning, and 
noon for profiles T3: Evening, T4: Noon, and T5: Early Ris-
ers, respectively.

Table 9. Profiles based on schedule variables (2019), with the selected model in yellow

Probability Class

Class AIC BIC Entropy min max 1 2 3 4 5 6 7
2 1204408 1204518 0.7168136 0.8907952 0.9353218 13676 20538
3 1197850 1198002 0.7361772 0.7820151 0.9025426 18446 11751 4017
4 1172515 1172709 0.7757724 0.8046899 0.9391861 4800 13997 12551 2866
5 1164236 1164472 0.7930217 0.8422535 0.9356653 2774 11668 5252 8745 5775
6 1153424 1153702 0.8423840 0.8538415 0.9416129 5332 10899 8984 2762 1176 5061
7 1143467 1143788 0.8629073 0.8468671 0.9541488 2766 6341 1543 10592 1170 7844 3958

Table 10. Descriptive statistics of the schedule profiles in 2019

T1: Night
(N = 2274)

T2: Distributed
(N = 11668)

T3: Evening
(N = 5252)

T4: Noon 
(N = 8745)

T5: Early Risers 
(N = 5775)

Total
(N = 34214)

second_half_day Mean 
(SD)

40.8
(20.9)

44.9
(12.0)

86.5
(13.2)

40.7
(18.9)

5.79
(9.07)

43.3
(27.3)

Median 
[min max]

46.7
[0, 76.0]

46.2
[10.0, 75.0]

86.4
[57.7, 100]

44.4
[0, 100]

0
[0, 35.7]

44.9
[0, 100]

time_morning Mean 
(SD)

11.0
(15.0)

37.9
(12.0)

4.39
(7.46)

9.70
(10.5)

59.4
(19.0)

27.0
(23.6)

Median 
[min max]

0
[0, 66.7]

37.5
[8.00, 68.8]

0
[0, 26.3]

7.69
[0, 40.0]

50.0
[30.0, 100]

25.0
[0, 100]

time_midday Mean 
(SD)

13.3
(15.9)

20.8
(15.0)

15.3
(16.9)

57.7
(18.7)

36.6
(20.0)

31.5
(24.2)

Median 
[min max]

8.00
[0, 71.4]

21.4
[0, 61.5]

10.3
[0, 90.0]

50.0
[24.0, 100]

42.9
[0, 70.0]

31.0
[0, 100]

time_night Mean 
(SD)

37.7
(15.8)

2.68
(5.77)

2.26
(5.54)

1.78
(4.81)

0.471
(2.86)

4.85
(11.8)

Median 
[min max]

33.3
[19.7, 100]

0
[0, 25.0]

0
[0, 23.8]

0
[0, 25.0]

0
[0, 30.0]

0
[0, 100]

Table 11. Descriptive statistics of the schedule profiles in 2020

T1: Night
(N = 274)

T2: Distributed
(N = 956)

T3: Evening
(N = 1012)

T4: Noon
(N = 1193)

T5: Early Risers
(N = 1127)

Total
(N = 4562)

second_half_day Mean 
(SD)

38.7
(23.6)

45.4
(12.8)

90.7
(12.3)

33.9
(25.1)

4.17
(7.95)

41.9
(34.4)

Median 
[min max]

40.0
[0, 75.0]

50.0
[18.2, 75.0]

100
[60.0, 100]

40.0
[0, 100]

0
[0, 33.3]

40.0
[0, 100]

time_morning Mean 
(SD)

7.20
(12.6)

38.9
(12.1)

2.69
(5.99)

6.52
(9.84)

67.7
(22.8)

27.6
(30.1)

Median 
[min max]

0
[0, 66.7]

40.0
[12.5, 66.7]

0
[0, 25.0]

0
[0, 35.7]

61.1
[30.0, 100]

20.0
[0, 100]

time_midday Mean 
(SD)

15.7
(18.8)

19.1 
(15.5)

12.2 
(17.1)

67.5 
(22.6)

29.2 
(22.4)

32.5 
(29.4)

Median 
[min max]

9.55
[0, 66.7]

20.0
[0, 60.0]

0
[0, 77.8]

60.0
[27.8, 100]

33.3
[0, 70.0]

30.0
[0, 100]

time_night Mean 
(SD)

41.9
(20.0)

1.69
(4.89)

1.26
(4.15)

1.10
(3.87)

0.294 (2.05) 3.51
(11.5)

Median 
[min max]

33.3
[20.0, 100]

0
[0, 25.0]

0
[0, 22.5]

0
[0, 22.2]

0
[0, 22.5]

0
[0, 100]
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4.4. Comparison

As described, data collected from smart cards were 
grouped into 3  categories (i.e., activities, spatial, and 
schedule) and 5 profiles per category. The results of clus-
tering yielded the 3 respective statistical models, which al-
lowed describing each cluster in detail and classifying data 
by year. In turn, the chief results of the study are summa-
rised in Figure 7, in which red bars represent the number 
of cards for each profile in 2019. Therein, the card data 
for 2020 per profile, classified according to the clustering 
models, appear in percentages as blue bars. Last, the ab-
solute values of the number of cards for each profile and 
year are shown as points. Differences between the pro-
files of one year and the next are easily attributable to the 
disturbances caused by the pandemic to tourists′ arrivals 
and visitors′ willingness to board public transport vehicles.

The 1st and most striking change concerns with the 
dominant use of T-10 cards, which corresponds to con-
centrated use by visitors during short periods (i.e., A5: 
Short-Term). The change can be easily appreciated in ab-
solute terms because the number of cards for the profile 
decreased from 27240 in 2019 to 3197 in 2020. However, 
in relative terms, the profile continued to have the most 
frequent use in terms of activity type. Regarding the most-
affected activity profiles, the sporadic use of cards (i.e., A1: 
Sporadic) quadrupled in use in 2020 due to irregularity in 
movements during the period and a  lower reduction in 
use than the rest of profiles. Obviously, the group travel 
profile (A3) with the T-10 card (i.e., consecutive validations 
at the same stop) practically disappeared in plummeting 
from 407 to only 28 cards. Although the average size of 
the groups did not decrease much, throughout the year 
no card exhausted the maximum number of 30 trips that 
the T-10 card can carry.

As for the spatial profiles, the decrease in the num-
ber of trips with the T-10 was generalised. Even so, it is 
worth distinguishing profiles that involved travelling to in-
land municipalities, which experienced drastic drops, from 
profiles that moved only to coastal municipalities and the 
rest of profiles that did so in a concentrated, city-oriented 
way. The behavioural change shows the clear preference of 
visitors in 2020 to stay in the same location (i.e., S1: Cities, 
S4: Concentrated in cities, and S5: Concentrated on coast), 
accompanied by a slight decrease in visitors who moved 
primarily between major cities (i.e., Reus and Tarragona).

The profiles based on schedules clearly show a  de-
crease in the use of T-10 cards. However, it seems that 
the decline was far more pronounced in the profiles that 
distributed journeys with public transport throughout vari-
ous time slots, going from 11668 to 956 cards in the pro-
file (T2). The rest of the profiles experienced significant 
falls in absolute terms, but their relative weight increased 
due to the complementary nature of the groups.

5. Discussion

The study′s  initial hypothesis was that the impact of the 
COVID-19 pandemic on the demand for public transport 
among different segments of tourists was unevenly affect-
ed during the summer of 2020, given that people′s be-
havioural responses to travel was directly determined 
by their subjective perception of risk (Neuburger, Egger 
2021). In that vein, the period of the analysis is particularly 
relevant, for it was characterised by the pairing of tourist 
activity, just after the end of lockdowns, with severe re-
strictions imposed to deter the spread of the disease and 
people′s fear of contracting it at the time, when an effec-
tive vaccine was not yet available. During that time frame, 

Figure 7. Comparison of the size of activity, spatial, and schedule profiles between 2019 and 2020
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several bans and travel restrictions persisted that impacted 
both the number of visitors and their type. Added to those 
elements, individual-level fear of the disease conditioned 
tourists′ decisions regarding travelling to a destination and 
where and how to move around it during their stays (Shin 
et al. 2022).

Given the uncertain circumstances of the pandemic, 
a time marked by continuously evolving, unpredictable sit-
uations, the availability of meaningful information about 
the era has become especially valuable. In that context, 
tourists′ demand for public transport services was influ-
enced by a  range of simultaneously occurring elements 
that varied from one day to the next. Indeed, the reduc-
tion in visitors′ ridership under the threat of infection was 
a consequence of the reduction in tourist arrivals, changes 
in the profile of visitors, restrictions imposed on certain ac-
tivities, and the fear of being infected on board or at the 
attraction or place to be visited. Those factors could also 
act unevenly across individuals, which would lead to an 
even more even complex scenario. Empirical evidence re-
lated to passenger reduction due to fear of infection has 
remained rather scarce and rarely highlights factors that 
resulted in larger or smaller impacts on ridership. In that 
sense, Delclòs-Alió et al. (2022) concluded that some fac-
tors (e.g., expenditure and age) could have driven asym-
metries in tourists′ abandonment of public transport dur-
ing the pandemic. Such a  diversity of elements caused 
additional uncertainty for the managers of tourist desti-
nations and public transport operators. For that reason, 
the detection of differences in the use of public transport 
across profiles might indicate distinct degrees of tourists′ 
sensitivity to boarding public transport vehicles at certain 
times of day or to visiting specific types of attractions. That 
information is highly valuable for detecting transport lines, 
places, and time slots that have become more vulnerable 
due to the pandemic.

As expected, the combined effect of a high level of vul-
nerability to COVID-19 among mature, mass coastal desti-
nations (Duro et al. 2021) with the pandemic′s greater im-
pact on leisure mobility through public transport (Delclòs-
Alió et al. 2022; Östh et al. 2023; Thao et al. 2024) caused 
a significant drop in the demand for public transport com-
pared with reductions that have occurred in urban con-
texts (Almlöf et al. 2021; Jenelius, Cebecauer 2020; Rod-
ríguez González et al. 2021; Mützel, Scheiner 2022; Zhang 
et al. 2021; Fernández Pozo et al. 2022). The number of 
smart cards used by tourists fell by 87%, while the number 
of journeys plunged by 92%. The latter percentage con-
trasts the percentage of loss of interurban public transport 
journeys throughout the year that, despite the absolute 
halt in mobility during the lockdown period, dropped by 
64% compared with 2019 (Zaragozí et al. 2023). 

The evidence obtained not only depicts a scenario in 
which the pandemic radically reduced the demand for 
public transport services but also confirms the hypoth-
esis that it shaped how public transport was used at the 
destination. Regarding changes related to patterns in the 
validation of transport cards, the greater reduction in trips 

than in the number of cards signalled a decline in the av-
erage intensity of use. That result is backed by the smaller 
contraction registered by the number of journeys associ-
ated with A1: Sporadic (44%). Differences also emerged in 
the spatial dimension. The type of cards presenting small-
er reductions in the demand for public transport were 
labelled S1: Cities (78%) and S4: Concentrated in cities 
(45%). By contrast, those within the category representing 
dispersion (i.e., S3: Sprawl) fell in utilisation by 93%. Op-
posed to patterns in the spatial and activity dimensions, 
patterns in schedules presented a more balanced decrease 
in terms of use. All categories fell between 80% and 90%, 
with the most significant losses in the profiles T1: Night 
and T2: Distributed, with drops of 90% and 92%, respec-
tively.

That transport operators are under financial pressure 
has previously been documented (Gutiérrez et al. 2021; Ti-
rachini, Cats 2020; Wasserman et al. 2022; Shaheen, Wong 
2021). Nonetheless, according to the study′s results, public 
transport operators whose demand is based on the mas-
sive influx of visitors to a territory were in a worse position 
in terms of financial exposure than companies operating 
within urban environments. The recovery of pre-pandemic 
levels in ridership on public transport is paramount to the 
parallel recovery of tourist activity. In that sense, from the 
perspective of public transport operators, it is essential to 
provide services that meet visitors′ needs, even if the re-
covery of confidence in the health-related safety aboard 
public transport vehicles is slow (Vich et al. 2022) and even 
though the range of mobility-related decisions available 
to them is far higher than for commuters (Zamparini et al. 
2022). As the study′s  results show, the spatial reduction 
in and reduced frequency of tourists′ journeys across the 
destination was uneven, which indicates that tourists were 
willing to forgo travelling to certain locations instead of 
others and to modify how they used public transport ser-
vices. Consequently, the lack of the use of public trans-
port can be detrimental not only for transport operators 
but also for the attractiveness of the destination, because 
of the decline of the potential places that can be reached 
from where tourists′ accommodations are located if pub-
lic transport is not an option for moving around at the 
destination. 

Taking all those elements under consideration, offer-
ing high-quality services is essential for visitors and needs 
to be attractive enough to convince them to move around 
during their stays. In that light, it is pivotal to cover the 
whole catchment area, which is configured by the spatial 
distribution of tourists′ attractions and accommodations, 
and the frequency of trips available (Gronau, Kagermeier 
2007). Because the choice of a destination and the loca-
tion of the accommodation directly depend on the range 
of desired attractions that are accessible (Lue et al. 1993; 
Paulino et al. 2019), public transport is key to developing 
a destination′s  competitiveness (Prideaux 2000). Beyond 
that, for mature mass coastal destinations, it is impera-
tive to rejuvenate the destinations and boost attractive-
ness to give visitors access to a  diversity of attractions 
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beyond the beach (Bujosa et al. 2015). In turn, the recov-
ery of overnight stays, visits around influential areas, and 
levels of public transport ridership are highly dependent 
on each other. Furthermore, and perhaps more critically, 
the recovery of tourists′ trust is not a homogeneous trend 
across visitors (Shin et al. 2022), for some might hesitate 
to board a bus or train again. Along the same lines, Ong 
et al. (2024) have posited that changes in the profiles of 
mobility related to non-commuting trips after the pan-
demic are likely to become structural and remain in the 
future depending on individual characteristics and percep-
tions. Bearing that in mind, and as previously introduced, 
data provided by smart travel cards can be a useful tool 
to monitor and manage the evolving scenario caused by 
asymmetric shocks. The underlying reason is that they al-
low the segmentation of the demand to the point that 
comparing ridership before and after a shock for each pro-
file becomes feasible. As a result, it is possible to pinpoint, 
which profiles remain reluctant to board public transport 
vehicles, capture passenger behaviours, and identify trans-
fers from one profile to another. It is also possible to dis-
entangle, which tourist attractions reached by public trans-
port have lost visitors. 

Under those circumstances and following Miravet et al. 
(2021a), it is necessary to design appropriate tailor-made 
communication campaigns to focus on the profile of visi-
tors who are targets of the potential gain of using public 
transport. The success of such campaigns is contingent on 
the availability of appropriate sources of data that allow 
the differentiation of behavioural patterns with respect to 
the use of public transport. Moreover, the sources of infor-
mation need to be able to accommodate the continuous 
dynamics of demand inflows derived from uncertain cir-
cumstances. The effort needs to be shared between pub-
lic transport operators and destination managers, for they 
provide a combined product that includes transport and 
visits to attractions. On that count, the recovery of the 
attractiveness of public transport services and the recov-
ery of destinations′ potential visits have to be regarded as 
parallel trends; otherwise, they might be unsuccessful and 
generate dysfunction. 

The study presented in this article was not exempt 
from limitations. 1st, because smart card travel data usual-
ly only indicate the bus stop or station where users board, 
where tourists disembark remains unknown (Gutiérrez 
et al. 2020; Zaragozí et al. 2021). 2nd, restrictions related 
to data privacy regulations have blurred the precision of 
certain elements of the data, including bus stops or the 
exact times of validations. Instead, data at the municipality 
level and time slots were used. 3rd, a non-negligible part 
of tourist′s  journeys is not validated by means of smart 
travel cards but single transport tickets, and it is impos-
sible to track bus passengers who paid for single tickets. 
Last, the data provided by the integrated fare system do 
not contain data beyond the journey; thus, there is a lack 
of information about the socioeconomic characteristics of 
the card holders.

6. Conclusions

This article has sought to disentangle the extent to which 
the demand among different profiles of public transport 
users was affected by the COVID-19 pandemic during the 
2020 tourist season in the Costa Daurada. The character-
istics of such a popular coastal destination are especially 
relevant, not only due to the high sensitivity of its de-
mand to the incidence of the pandemic but also due to 
the central role that public transport plays in developing 
tourist activity in the area (Miravet et al. 2021a) and the 
substantial share of transport operators′ revenue that di-
rectly depends on tourists′ use of the services (Gutiérrez, 
Miravet 2016a).

Following the methodology established by Gutiérrez 
et al. (2020) and Zaragozí et al. (2021) for analysing smart 
travel card data in the context of tourist destinations, LPA 
was applied to anonymised smart card data from 2019. 
The analysis distinguished 5 profiles of visitors based on 
card usage activity: recurrent users, groups, short stays, 
long stays, and sporadic users. LPA was also used to es-
tablish 5 traveller profiles pertinent to a card′s spatial uti-
lisation: coast, city, dispersed, coast-concentrated, and 
city-concentrated. Last, a 3rd classification was explored 
by considering the temporal use of the cards, which yield-
ed the following profiles: night, distributed, evening, noon, 
and early risers. Subsequently, smart travel cards used by 
tourists in 2020 were classified according to the profiles 
identified in 2019 to compare both years.

Therefore, from a  methodological point of view, the 
study has highlighted the suitability of smart travel cards 
to exploring the repercussions of shocks to the demand 
for public transport. Such cards enable researchers to dis-
entangle asymmetric impacts based on comparisons with 
users′ former behaviours, especially considering the di-
mensions of time and space (Kurauchi, Schmöcker 2017). 
In fact, analysing AFC data had already been pinpointed as 
especially valuable in the context of seasonal tourist desti-
nations characterised by continuous fluctuations in trans-
port ridership owing to seasonality (Miravet et al. 2021a). 

Last, future research should analyse whether the pro-
file of public transport users gradually recovered after 
the summer of 2020  and which profiles of users did so 
at a slower pace. Such information is highly valuable for 
destination managers to ascertain whether a lack of recov-
ery of visits to attractions may be due to the use of public 
transport. Beyond that, the methodology applied to the 
study should be extrapolated to other tourist destinations 
and to both rural and urban environments.
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Appendix

Figures A1, A2 and A3 represent all 3 different clustering′s.
Descriptive statistics, as showed on Section 4, are rep-

resented using a boxplot. Each point of the boxplot rep-
resents the mean of a profile on such variable, bars rep-
resent the confidence interval, and boxes represent the 

standard deviation enclosing ±64% of all the cards in such 
profile.

The bivariate scatterplot presents another way of visu-
alising the cluster and easily visualising the clusters. Rela-
tions between variables are shown by pairs and the diago-
nal is composed by a density plot of each variable.

a

b

A1: Sporadic

A2: Continued

A3: Groups

A4: Long-term

A5: Short-term

Class

Figure A1. LPA with activity variables:  
a  – boxplot that shows the relation between profiles and variables; 

b  – bivariate scatterplot of the data where clusters and their differences are easily identified
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Figure A2. LPA with spatial variables:  
a  – boxplot that shows the relation between profiles and variables; 

b  – bivariate scatterplot of the data where clusters and their differences are easily identified

Figure A1. LPA with activity variables:  
a  – boxplot that shows the relation between profiles and variables; 

b  – bivariate scatterplot of the data where clusters and their differences are easily identified

S1: Cities

S2: Sprawl

S3: Coast

S4: Concentrated in cities

S5: Concentrated on coast

Class

a

b
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Figure A3. LPA with schedule variables:  
a  – boxplot that shows the relation between profiles and variables; 

b  – bivariate scatterplot of the data where clusters and their differences are easily identified

a

b
T1: Night

T2: Distributed

T3: Evening

T4: Noon

T5: Early risers

Class
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