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ABSTRACT

Digital markets have altered how economic agents interact and have changed the behaviour
of tourists. In addition, the COVID-19 pandemic has shown that it is necessary to constantly
monitor the evolution of digital consumer behaviour and the factors that influence it, as they
are dynamic elements that evolve over time. This paper analyses digital inequalities and
validates the main factors influencing tourists to book online tourism services. This research
uses a set of microdata with 69,752 and 23,779 observations to analyse the booking mode of
accommodation and transportation services, respectively, obtained from the Resident Travel
Survey of the National Statistics Institute of Spain during the period 2016-2021. The article
confirms variations in the online consumer profile and in the trip's characteristics. One of the
most relevant findings is the narrowing of the generational gap in the online contracting of
tourist services. However, there are remaining digital inequalities, such as regional inequalities
and others based on the education level and income of tourists. It is also highlighted that
different types of trips, depending on the destination, the type of accommodation or transport
have a different propensity to be booked through digital purchase channels. The accessibility
to big data sources and recent advances in machine learning models have also made the
methodologies for analysing digital consumer behaviour evolve and must be incorporated into
tourism studies. This study compares the predictive performance of different methodologies
in the context of e Tourism. In particular, we evaluate the potential predictive power that
could be obtained using machine learning techniques to explain consumer behaviour in e-
Tourism and use it as a benchmark to compare it with the results obtained using traditional
statistical methods. The selected predictive evaluation metrics show that the logistic
regression statistical model outperforms the predictive power of the Multilayer Perceptron
neural network and presents values very close to the maximum predictive power achieved by
the Random Forest algorithm.
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RESUMEN

Los mercados digitales han alterado la forma en que interactuan los agentes econdmicos y
han cambiado el comportamiento de los turistas. Ademas, la pandemia de COVID-19 ha
demostrado que es necesario monitorear la evolucion del comportamiento del consumidor
digital y los factores que influyen en él, ya que son elementos dinamicos que evolucionan en
el tiempo. Este articulo analiza las desigualdades digitales y valida los principales factores que
influyen en los turistas para reservar servicios turisticos en linea. Esta investigacion utiliza un
conjunto de microdatos con 69.752 y 23.779 observaciones para analizar el modo de reserva
de los servicios de alojamiento y transporte, respectivamente, obtenidos de la Encuesta de
Turismo de Residentes del Instituto Nacional de Estadistica durante el periodo 2016-2021. El
articulo confirma variaciones en el perfil del consumidor online y en las caracteristicas del
viaje. Uno de los hallazgos mas relevantes es la reduccion de la brecha generacional en la
contratacién online de servicios turisticos. Sin embargo, subsisten desigualdades digitales,
como las desigualdades regionales y otras basadas en el nivel de estudios y los ingresos de los
turistas. También se destaca que diferentes tipos de viajes, dependiendo del destino, el tipo
de alojamiento o transporte, tienen una propension diferente a reservarse a través de canales
de compra digitales. La accesibilidad a las fuentes de big data y los avances recientes en los
modelos de aprendizaje automatico también han hecho evolucionar las metodologias para
analizar el comportamiento del consumidor digital y deben incorporarse a los estudios de
turismo. Este estudio compara el rendimiento predictivo de diferentes metodologias en el
contexto del turismo electrénico. En particular, evaluamos la potencial capacidad predictiva
gue podria obtenerse usando técnicas de aprendizaje automatico para explicar el
comportamiento del consumidor en e-Tourism y lo usamos como punto de referencia para
compararlo con los resultados obtenidos usando métodos estadisticos tradicionales. Las
métricas de evaluacion predictivas seleccionadas muestran que el modelo estadistico de
regresion logistica mejora la capacidad predictiva de la red neuronal Multilayer Perceptrony
presenta valores muy cercanos la maxima capacidad predictiva alcanzada por el algoritmo
Random Forest.

Palabras clave: turismo electrdnico, reservas en linea, comportamiento del consumidor, big
data, regresion logistica, aprendizaje automatico, comportamiento dindamico.

I. INTRODUCTION

The tourism industry has gained synergy effects from using Information and
Communications Technology (ICT) (Buhalis et al., 2011; Femenia-Serra et al., 2019; Gratzer et
al., 2004). This sector was a pioneer in adopting and developing ICT applications in online
sales, which boosted confidence among consumers (Garin-Mufioz & Pérez-Amaral, 2011).
Currently, the large number of available resources allows consumers to make travel plans and
book tourist services through the Internet.

According to the Spanish National Commission of Markets and Competition (CNMC),
electronic commerce (e-Commerce) in Spain has experienced continuous growth in recent
years, tripling its turnover between the first quarter of 2016 and the fourth quarter of 2021.
The tourism sector has led the number of transactions and the turnover of e-Commerce in
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Spain until 2019 (CNMC, 2021). However, the COVID-19 pandemic had a very uneven impact
on the different economic sectors, mainly affecting the tourism industry (del Rio-Chanona et
al., 2020; Li et al., 2021) and reducing its market share (CNMC, 2021).

The importance of e-Commerce in tourism has generated a substantial body of
knowledge focused on the theoretical and empirical development of ICT adoption in tourism
named e-Tourism. Gratzer et al. (2002) were the first to name e-Tourism the research area in
the field of ICT and tourism. Subsequently, Neidhardt and Werthner (2018) have named
e-Tourism as the analysis, design, implementation, and application of IT/e-Commerce
solutions in the travel and tourism industry, as well as the analysis of the impact of the
respective technical/economic processes and market structures.

The analysis of consumer behaviour and tourism demand is a relevant topic in
e-Tourism research and has been the subject of numerous studies (Coenders et al., 2016;
Gardella et al., 2021; Garin-Mufioz & Pérez-Amaral, 2011; Reverte & Luque, 2021). This may
be because identifying and interpreting the factors that make travellers more likely to book
tourism services online is of great relevance to policymakers and companies. However,
consumer behaviour and the analytical techniques for its study evolve over time, so its
continuous analysis is necessary.

Traditionally, consumer behaviour research in e-Tourism has been based on statistical
models, such as logit models (e.g., Boto-Garcia et al., 2021; Chen & Hsu, 1999; Inversini &
Masiero, 2014; Lyu & Hwang, 2021), but, following Pourfakhimi et al. (2019), e-Tourism
researchers have to take a "hike" to alternative academic fields of studying human behaviour.
In our "hike", we have observed that accessibility to big data sources and recent advances in
machine learning (ML) models have motivated its implementation in consumer behaviour
research in other academic fields (Dang & Pham, 2021; Liébana-Cabanillas & Lara-Rubio, 2017;
Zhao et al., 2020). One of the advantages of applying ML techniques is the higher predictive
capacity that can be achieved (Martin-Baos et al., 2021; Walker & Jiang, 2019). Furthermore,
in line with van Nuenen and Scarles (2021), the implementation of the wide range of
prediction and classification tasks offered by ML methods may be of significant benefit to
tourism studies.

This study uses microdata for the period 2016—2021 from the Residents Travel Survey
(RTS) of the National Statistics Institute of Spain (INE) to address the following research
questions: (i) What factors and how do they influence the digital consumer behaviour in
e-Tourism?; (ii) Have regional and socioeconomic inequalities increased in the online booking
of tourism services in the leisure trips among residents in Spain? and (iii) How can consumers'
decisions be forecasted more accurately?

The remainder of this paper is organised as follows. The second section provides a brief
review of the literature on consumer behaviour in e-Tourism, as well as consumer behaviour
modelling and the use of ML algorithms in academic research. The third section presents an
exhaustive overview of e-Tourism in Spain and its recent evolution. The fourth section shows
the methodology used in this study. The fifth section offers the results obtained. Finally, the
article ends with the conclusions, including the corresponding policy recommendations,
limitations and future avenues of research.
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Il. BRIEF LITERATURE REVIEW

The COVID-19 pandemic has been the accelerator of the process of integration of
consumers into digital markets (Ali, 2020; Guthrie et al., 2021; Vollero et al., 2021), which
started before the outbreak of the pandemic (Purwanto et al., 2021). The measures adopted
by governments to contain the spread of the pandemic significantly altered the behavioural
pattern of consumers around the world (Mendieta-Aragdn, 2023; Pollak et al., 2022). As a
consequence, recent literature confirms the shift in demand from traditional markets to
digital markets in different economic sectors, such as the book market (Nguyen et al., 2020),
the food sector (Chen et al., 2021; Din et al., 2022), including restaurants (Dsouza & Sharma,
2021; Mahmood et al., 2022) and clothing (Ong et al., 2021).

The COVID-19 pandemic has induced many consumers to adopt online shopping
channels predominantly (Peji¢-Bach, 2021). Although it is expected that most habits will
return back to normal after the pandemic, some habits adopted by the consumer will
inevitably remain because the consumer has discovered an alternative that is more
convenient, flexible and accessible (Sheth, 2020; Timotius & Octavius, 2021).

The prominent scientific area of e-Tourism has penetrated mainstream tourism
research and has attracted the attention of numerous scholars (Buhalis & Law, 2008; Desplas
& Mao, 2014, Gretzel et al., 2020; Navio-Marco et al., 2018; Ukpabi & Karjaluoto, 2017).

Amaro and Duarte (2013), in their systematic review and meta-analysis of consumers'
behaviour toward online travel purchasing, highlight three main categories of factors that
encourage consumers to book tourist services online: (1) characteristics of the consumers,
(2) perceived characteristics of the Internet as a sales channel and (3) characteristics of the
website or products.

Previous studies support that sociodemographic and economic factors, such as gender,
age, education, income level, and digital skills, among others, mainly determine the adoption
of the Internet as a shopping channel in tourism (Aeknarajindawat, 2019; Amaro & Duarte,
2015; Garin-Munoz et al., 2020). Some other research examines the effect that certain travel
characteristics may have on online tourism consumption. For example, travel destination and
type of transportation (Garin-Mufioz & Pérez-Amaral, 2011), length of stay (Coenders et al.,
2016) or travel purpose and season of the year in which it took place (Boto-Garcia et al., 2021).

On the other hand, multiple theories and models try to explain consumers' utilisation
of new technologies. Ukpabi and Karjaluoto (2017) synthesised the theories, models and
frameworks used to investigate consumers' adoption of ICT in tourism services. Most of these
theories are based on the Theory of Reasoned Action (TRA; Fishbein and Ajzen, 1975) and its
extensions, the Theory of Planned Behavior (TPB; Ajzen, 1985), and the Technology
Acceptance Model (TAM; Davis, 1989).

The TAM is the most common theory in e-Tourism research (Miranda & Briley, 2021;
Pourfakhimi et al., 2020; Ukpabi & Karjaluoto, 2017). The TAM model predicts the behaviour
of adopting new technologies by individuals based on two motivational factors: perceived
usefulness (PU) and perceived ease of use (PEOU). PU refers to the subjective evaluation of
the benefits obtained from using ICT. PEOU denotes the degree to which the prospective user
expects the achievement of their goal to be simple and effortless (Davis, 1989). Both PU and
PEOU have a direct and positive impact on consumer decision-making for purchasing online
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tourism services and can be determined by the characteristics of both the individual and the
trip.

The logistic regression model has been the predominant method for modelling
consumer behaviour in tourism studies (Boto-Garcia et al., 2021; Inversini & Masiero, 2014;
Jun et al,, 2010; Mendieta-Aragdn, 2022). Some reasons for using these statistical models are
the binary nature of the dependent variables and the fact that logistic regression models allow
the interpretation of the estimation coefficients. This last reason can be especially useful for
identifying the determinants influencing consumer behaviour and making economic policy
recommendations.

On the other hand, the improvement of ML algorithms and the continuous increase in
the available data sources have attracted the attention of tourism researchers to apply these
new techniques (Solano Sanchez et al., 2022). In particular, ML models have mainly been
applied in tourism research to forecast tourism demand (Bigné et al., 2019; Hu & Song, 2020;
Phillips et al., 2015; Wen et al., 2019; Xu et al., 2016), to reveal latent topics with textual data
in bibliometric reviews (Mariani & Baggio, 2022; Rahmanov et al., 2021) or to identify tourist
preferences (Alsayat, 2023; Arefieva et al., 2021).

ML models have potentially greater predictive power than conventional statistical
models because, by construction, ML models use algorithms that learn from data and
automatically fit relationships between variables without needing a formal theoretical
framework. Researchers from many disciplines have recently compared the predictive
performance of statistical and machine learning models in consumer behaviour studies and
concluded that the non-parametric approach of ML models provides more accurate predictive
results (Aluri et al., 2019; Chiang et al., 2006; Dang & Pham, 2021; Greene et al., 2017; Liébana-
Cabanillas & Lara-Rubio, 2017). These experimental studies show that ML algorithms
approximate the best possible predictions. Following Fudenberg et al. (2022), we evaluate the
potential predictive power that could be obtained using machine learning techniques to
explain consumer behaviour in e-Tourism and use it as a benchmark to compare it with the
results obtained using traditional statistical methods.

I1l. DATABASE: AN OVERVIEW OF E-TOURISM IN SPAIN AND ITS RECENT EVOLUTION

In this study, we use a microdata set from the monthly information provided by the
Residents Travel Survey (RTS) of the National Statistics Institute of Spain during the period
2016-2021.

The RTS is a continuous survey that aims to estimate the number of tourist travels
made by residents in Spain and its main characteristics (destination, duration, purpose,
accommodation, means of transport, expenditure and sociodemographic characteristics of
the travellers, among others)®. This survey follows the methodology of the European
Statistical Office (Eurostat). Therefore, it allows for comparisons between regions and

! The RTS defines tourist travel as all displacements to the main destination out of the regular residence area of
the person that involve at least one overnight stay out of the mentioned setting, and with a length shorter than
one year. In addition, the main reasons for it must be different from an employment in a company or residence
in the place visited.
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countries. Likewise, the richness of the data allows differentiation between tourist
accommodation services (EFACCOMM) and transportation services (E-TRAVEL). We define
online purchases as bookings made via a website or an app. On the contrary, offline purchases
are classified as those booked in person, by phone or mail (for more details, see Annex 1).

Although the RTS provides information on the different reasons for the trips, we have
focused on leisure travellers who book tourism services. That is, in the case of
accommodation, individuals staying in a second residence are not considered. Similarly, in the
case of transport, travellers using their private vehicles are not considered.

The sample sizes were 69,752 and 23,779 observations for EEACCOMM and E-TRAVEL,
respectively. The data used in this study were weighted to obtain a representative sample at
the population level. The relative weights were extracted from the RTS survey itself and
allowed to get estimates that were not affected by a possible sample selection bias?.

In order to better understand the sample, we proceed to carry out a brief descriptive
analysis of the data. Figure 1 shows the evolution of the penetration rates of e-Commerce in
the tourism sector based on the percentage of trips booked online by residents in Spain for
each of the years 2016—-2021. This figure is disaggregated according to tourist accommodation
and transport services. The penetration rate of both services shows an upward trend over
time, with a significant increase in 2021. Even though both services present penetration rates
above 60 per cent, the transportation services have a slightly higher propensity to be
purchased online than the accommodation services.

Figure 1. Evolution of penetration rates of e-Tourism in Spain (2016—2021)
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Source: Self-elaborated. Data: Residents Travel Survey (INE)

2 Specifically, we refer to the sample selection bias within the sample of actual travellers, as the weighting of
the observations guarantees the representativeness of the actual trips made by residents in Spain.
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Table 1 shows the penetration rates of e-Commerce in the tourism sector according to
the different groups of travellers and the services purchased. This preliminary analysis
suggests the existence of multidimensional digital inequalities.

From this descriptive analysis, we already obtain some preliminary findings relevant to
our research. A significant digital divide can be highlighted by age in favour of younger groups.
Nevertheless, this generational gap decreased during the period studied. For example, in the
case of E-ACCOMM and E-TRAVEL, the digital divide decreased by 8.9% and 7.6%,
respectively. Similarly, a wide difference is observed between the group of travellers with
higher education (University bachelor or more) and individuals with a primary education level.
Even worse, the educational gap increased in the period analysed, especially in transportation
services (9.1%).

3 The digital divide is obtained as the difference between the highest and smallest penetration rate relative to
the highest penetration rate for each factor. For example, in accommodation services, the generational gap in
2016 = (69-30)/69 = 56% and generational gap in 2021 = (78-38)/78 =51 %. The variation rate of generational
gap for the period 2016-2020 = (51-56)/56 = -8.9%
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Table 1. Penetration rate of e-Tourism services through different groups of trips

E-ACCOMM E-TRAVEL
2016 2021 2016 2021
GENDER Female 61% 69% 70% 81%
Male 61% 72% 70% 78%
AGE [15-25) 64% 77% 63% 78%
[25-35) 69% 78% 81% 90%
[35-45) 61% 70% 82% 87%
[45-55) 57% 69% 73% 82%
[55-65) 60% 65% 64% 72%
[65-75) 49% 54% 36% 44%
+75 30% 38% 25% 33%
EDUCATION Primary or less 43% 49% 37% 34%
Secondary, first stage 52% 60% 55% 67%
Secondary, second stage 63% 70% 60% 78%
University bachelor or more 65% 75% 83% 86%
INCOME [0-1000¢€) 59% 65% 45% 60%
[1000-1500 €) 54% 66% 62% 63%
[1500-2500 €) 59% 68% 68% 79%
[2500-3500 €) 62% 73% 72% 84%
[3500-4999 €) 72% 75% 85% 86%
+ 5000€ 67% 72% 89% 85%
AUTONOMOUS COMMUNITY Andalucia 54% 69% 62% 81%
OF RESIDENCE Aragon 63% 68% 74% 76%
Asturias 56% 67% 66% 47%
Islas Baleares 74% 72% 76% 90%
Canarias 75% 79% 77% 89%
Cantabria 67% 65% 82% 70%
Castilla y Ledn 55% 62% 54% 83%
Castilla — La Mancha 57% 70% 52% 85%
Cataluia 67% 75% 73% 70%
Com. Valenciana 58% 67% 68% 82%
Extremadura 56% 72% 67% 56%
Galicia 57% 60% 61% 63%
Madrid 64% 73% 80% 87%
Murcia 55% 66% 66% 88%
Navarra 57% 72% 65% 77%
Pais Vasco 62% 69% 64% 78%
La Rioja 59% 69% 49% 51%
DESTINATION National 57% 69% 60% 77%
International 83% 84% 88% 89%
LENGTH OF STAY [1-5] 62% 71% 69% 76%
[6-10] 63% 72% 76% 88%
[11-15] 50% 63% 68% 79%
+16 42% 43% 65% 69%
TYPE OF ACCOMMODATION Hotel 67% 75%
Apartments 62% 75%
Rural 53% 65%
Others 35% 44%
TYPE OF TRANSPORTATION Air 89% 91%
Sea 69% 88%
Car 49% 65%
Bus 28% 53%
Train 53% 71%
GROUP SIZE 1 68% 76% 69% 76%
2 63% 70% 67% 80%
+3 57% 67% 78% 84%
TOTAL 61% 70% 70% 79%
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Regarding consumer income, a higher penetration rate of e-Commerce is observed in
the group of consumers with higher income levels. However, these inequalities have been
reduced by 48.8% for the accommodation service and 39.5% for the transportation service.

The penetration rate is not homogeneous across Autonomous Communities and the
tourist services acquired. Although there are wide differences depending on the region and
the booked service, Madrid, the Balearic Islands, and the Canary Islands have the highest
penetration rates for both accommodation and transport services. These results reveal the
interregional differences in the adoption of e-Tourism in Spain, as well as the effect of the
geographical characteristics of the insular regions, which force individuals to mainly use the
transport services of airlines, which in some cases, they only offer their services through the
electronic market.

The sample analysis also suggests that online reservations are much more intensive for
international destinations than national destinations, but online reservations for national
destinations have increased considerably. For example, the penetration rate for
accommodation in national destinations increased from 57% in 2016 to 69% in 2021, and for
transportation, this rate increased from 60% in 2016 to 77% in 2021.

The 2021 data also reveal differences depending on the type of service booked.
Regarding accommodation, the highest penetration rate was for tourist apartments and
hotels (75%), compared to rural housing (65%). With an average increase of 10.5 percentage
points, this descriptive analysis demonstrates the relevant digitisation of the accommodation
sector, which has experienced considerable growth in online reservations. Similarly, for the
type of transportation, the online booking of airline tickets stands out (91%), compared to
purchasing bus tickets (53%). The reason could be that airlines mostly use online sales
channels, while bus transport companies mostly use offline sales channels. Therefore, these
inequalities could come from the supply side rather than the demand side.

Summarising, the sample shows the unequal penetration rates of e-Commerce in the
main tourist services and their recent evolution in the trips made by residents in Spain.
According to these findings, it is timely and appropriate to model the digital behaviour of
tourists considering the traveller's sociodemographic characteristics and the trip's
characteristics and to analyse which factors interfere to a greater extent in the consumer
decision process.

IV. METHODOLOGY

This study aims to identify the main determinants of tourists' use of online shopping
channels. To do this, we use the statistical logistic regression model, widely used in the tourist
behaviour literature. In addition, in order to explore the advantages of machine learning
models in tourism research, this study evaluates the predictive capacity of the logistic
regression with respect to the potential predictive capacity of ML methods. In particular, it
compares the predictive capacity of the logistic regression model, and two machine learning
models, one based on artificial neural networks (ANNs) and the other on decision trees (DTs).

Logistic regression models are mostly used for modelling, data analysis and inference
tools. They allow us to understand the role of the input variables in explaining the output
variable (Hastie et al., 2009). Logit models are usually fit by maximum likelihood and are
parametric models because they assume that the relationship of variables takes a logistic
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functional form. On the contrary, ML models are mainly used for predictions. ML models are
non-parametric, so they do not explicitly assume a parametric form for the function of
variables. Instead, they computationally estimate the functional form that is as close to the
given data points as possible.

The ANN classifier selected is a Multilayer Perceptron (MLP; Rosenblatt, 1961). MLP is
the most common neural network architecture. It consists of a set of multiple hierarchical
layers of processing elements (called nodes) that are fully connected from one layer to the
next. Within the MLP method, the information flow is processed in a feed-forward manner,
that is, the output of one layer is the input of the next layer. The training process is performed
by backpropagating the errors and adjusting the network weights correspondingly to decrease
the deviations of the outputs from the target values.

A DT is a hierarchical model composed of multiple decisions and leaf nodes. The
decision rules are applied recursively to partition the attribute space of a dataset into pure,
single-class subspaces or subtrees, where each leaf node represents a class or category of the
explained variable (Myles et al., 2004). The DT algorithm selected for this analysis was random
forest (RF). The RF is an ensemble learning method proposed by Breiman (2001). The RF
constructs a wide range of decision trees with randomly selected observations from the
training set. Then, every decision tree is used to make a prediction and output the class of
each observation or instance.

The odds ratio (OR) of the explanatory variables using a logistic regression model is
employed to measure the influence of each of the determinants of e-Tourism. The OR
measures the magnitude of the association between two dichotomous variables. It is
calculated as the quotient of the two odds (see Eq. 1.)

Pk,Xl
Odd 1-P
Odds ratio (OR): kX1 = k,x1 (1)
Oddy,, Pixo
- Pk,xo

where Oddy ,, is the odds of the reference category. Although it is common to use the first
category of each explanatory variable as the reference category to calculate the OR, the choice
of the reference category is arbitrary in that, the resulting estimates are equivalent. Categories
with estimated values greater than 1, indicate that the odds have increased, therefore, there
is a higher probability of occurrence than the reference group. Conversely, categories with
ORs below 1, indicate lower odds, hence, there is a lower probability of occurrence than the
reference group.

The significance of the independent variables is used in statistical models to identify
the variables that explain the dependent variable. In contrast, in ML models, the variable
importance is used as a variable selection tool (Ellies-Oury et al., 2019; Zhang et al., 2018).
Although they have different natures and methodologies, both measures have the same
purpose, namely, to determine the factors that influence an event.

Therefore, we also compare the significance of the variables in the statistical models
with the importance of the variables in ML models. We measure the variable importance in
the logit model using the chi-square value of the Wald test of the joint significance of the
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categories of each variable and the variable importance in ML models by comparing the
model's predictive accuracy.

This study also uses several evaluation metrics to identify the advantages and
limitations of statistical and ML models. Specifically, we compute: Accuracy, which represents
the proportion of correct model classifications; the area under the ROC curve (AUC), which
indicates the ability of the model to distinguish between classes; Sensitivity and Specificity,
which represent, in our case, the ability of the model to correctly classify the online and offline
reservations, respectively. Specifically, these measures are defined as follows:

A True Positives + True Negatives 2)
ccuracy =
Y True Positives + False Positives + True Negatives+ False Negatives
1
AUC= j True Positive Rate (False Positive Rate’l(x)) dx (3)
0
. True Positives 4
Sensitivity= (4)

True Positives+False Negatives

True Negatives (5)

Specificity= - —
True Negatives+False Positives

V. RESULTS AND DISCUSSION
5.1. Determining factors of e-Tourism

Based on the theoretical TAM model, the determinants of online purchasing of tourist
services for holiday trips are identified. We present two alternative models for the use of the
Internet by individuals for booking or purchasing tourist services. One is for accommodation
services, and the other for transportation services.

The dependent variables are dichotomous, which take the value 1 if the individual has
purchased or booked the considered tourist service online, and 0 if the purchase has been
offline. Table 2 presents the independent or explanatory variables used in this study. These
variables belong to two broad categories: the sociodemographic and economic characteristics
of travellers and the characteristics of the trip. In the present analysis, all explanatory variables
were converted into categorical values to calculate the OR estimates.
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Table 2. Description of explanatory variables

Variable Name Description

Gender GENDER 1if male; 0 if female.

Age AGE Seven groups according to the age of the traveller.

Education EDUC Four groups of the educational level of the tourist.

Income INCOME Six groups measured by the monthly net income of

households (in euros).
Autonomous Community CCAA_RES Regional dummies to control the effects of the Autonomous
of residence Community of residence of the tourist.
Destination DEST Dummy variable equals to 1 if the final destination is abroad;

0 if it is a national destination.

Length of stay L_STAY Four categories measured by the number of overnight stays.
Type of accommodation ACCOMM Four categories according to the type of accommodation.
Type of transportation TRANSP Five categories according to the type of transportation.

Mode of booking for the RES_ACCOMM  Three groups depending on whether the tourist booked
accommodation service online, offline, or not booked the accommodation service.
Mode of booking for the RES_TRANSP Three groups depending on whether the tourist booked
transportation service online, offline, or not booked the transportation service.
Group size G_SIZE Three categories according to the group size.

Year YEAR Temporal dummies to control the effect of time.

Multicollinearity may cause the estimated logistic regression coefficients to be
inaccurate, consequently reducing the model's predictive power. Therefore, we use Cramér's
V coefficients to evaluate the multicollinearity between explanatory variables (Hernandez &
Hernandez, 2019; Mehmood, 2021). In our case, we removed the destination variable from
the E-TRAVEL model because of its high association with the type of transport variable (V=
0.5465). Additionally, we conducted the Wald test and verified that the explanatory variables
are jointly statistically significant to explain the dependent variables.

Table 3 shows the ORs estimated for the E-ACCOMM and the E-TRAVEL models using
logistic regression in Stata v.17 statistical software. The interpretation of the estimation
results is as follows:
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E-ACCOMM E-TRAVEL E-ACCOMM E-TRAVEL
Odds ratio Odds ratio Odds ratio Odds ratio
GENDER Male 1.04 1.10 DEST International 2.48 x**
) Ref. category:
Ref. category: Female National
AGE [25-35) 0.89 * 1.00 L_STAY [6-10] 0.92 *** 1.15 **
Ref. category: [15-25) [35-45) 0.76 *** 0.98 Ref. category: [1-5] [11-15] 0.56 *** 1.06
[45-55) 0.66 *** 0.79 ** +16 0.34 *** 1.00
[55-65) 0.56 *** 0.60 ***
[65-75) 0.33 *** 0.32 *** ACCOMM Apartments 1.00
+75 0.26 *** 0.28 *** Ref. category: Hotel Rural 0.69 ***
Others 0.25 ***
EDUC Secondary, first stage 1.10 1.17 TRANSP Sea 0.51 ***
Ref. category: Secondary, second stage 1.49 **x* 139 * Ref. category: Air Car 0.22 ***
Primary or less University bachelor or more 1.58 *** 2.05 *** Bus 0.08 ***
Train 0.19 ***
INCOME [1000-1500 €) 1.05 1.32 **
Ref. category: [0—1000€) [1500-2500 €) 1.20 *** 1.31 ** RES-ACCOMM Online 12.20 ***
[2500-3500 €) 1.24 **x* 1.55 **x* Ref. category: Offline  No reservation 3.38 Hkx*
[3500-4999 €) 1.45 **x 1.98 ***
+ 5000€ 1.06 2.23 ¥** RES-TRANSP Online 10.39 ***
Ref. category: Offline  No reservation 3.64 ***
CCAA_RES Aragon 1.24 **x* 1.93 **x*
Ref. category: Andalucia Asturias 0.92 0.90 G_SIZE 2 0.91 *** 0.98
Islas Baleares 1.07 0.99 Ref. category: 1 +3 0.79 *** 0.75 ***
Canarias 1.47 *** 0.99
Cantabria 1.20 *** 0.78 YEAR 2017 1.03 1.05
Castillay Ledn 1.06 1.21 Ref. category: 2016 2018 1.33 *** 1.31 ***
Castilla — La Mancha 1.22 *** 1.09 2019 1.37 *** 1.14
Cataluna 1.41 **x* 0.82 * 2020 1.51 *** 1.17
Com. Valenciana 1.10 * 1.05 2021 1.66 *** 1.76 ***
Extremadura 1.01 1.25
Galicia 0.84 *** 0.60 *** constant 0.37 *** 0.70
Madrid 1.29 **x 2.04 **x*
Murcia 1.02 0.71 *
Navarra 1.22 **x* 1.21
Pais Vasco 1.29 *** 1.12
La Rioja 1.29 **x* 1.15
Note: *** p-value < 0.01; ** p-value < 0.05; * p-value <0.1
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1) Gender: The results show that the gender variable is not statistically significant to
explain the reservation mode of any of the considered tourist services
(accommodation or travel).

2) Age: As expected, age has a negative impact on E-ACCOMM and E-TRAVEL. The age
groups with a higher propensity to acquire tourism services online are individuals aged
15-25. Consumers aged 75 and above have a lower probability of adopting e-Tourism.

3) Education: The traveller's academic study level positively and significantly affects both
models, especially the transport service.

4) Income: The income level also positively and significantly affects the use of the Internet
as a reservation mode for tourist services. Consumers with a higher household income
tend to engage in e-Tourism with a higher likelihood than those with lower income
levels.

5) Destination: The destination of travel (national or international) is an important
determining factor in the online booking of accommodation services, showing a
significant and greater propensity for international travel.

6) Length of stay: Long-term trips show a lower probability of booking accommodation
services through the Internet. However, the number of overnight stays is not a
determining factor in the online booking of transport services.

7) Accommodation type: The results show that there are no differences between online
reservations for hotel accommodation services and tourist apartments. However,
there is a lower likelihood of booking online trips with accommodation in rural houses.

8) Type of transport: The type of transport is an important variable in E-TRAVEL and
shows a high tendency to book airline tickets online. In contrast, bus tickets are less
likely to be purchased online.

9) The results show a higher probability of booking the accommodation service online if
the transport service is also booked online and vice versa.

10) Group size: As the travel group size increases, the level of Internet usage for purchasing
tourist services in leisure trips decreases in both models.

The regional dummies reveal significant differences between tourists from
different Autonomous Communities of Spain. We also include time dummy variables in
the models, which reflect a growing trend in using the Internet as a shopping channel in
tourism. Furthermore, these results confirm that the COVID-19 pandemic has accelerated
a transformation in tourist behaviour and consumers' decision-making process towards
their participation in digital markets. In the same sense, other works that reinforce the
dynamic behaviour of the consumer in the tourism sector are Ghaedi (2022), Liu et al.
(2023) and Sharma et al. (2020).

5.2. Prediction of e-tourist behaviour

In this section, the performance of the statistical and machine learning models is
measured based on the predictive accuracy of the mode of booking accommodation and
transportation services by tourists.
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Table 4 shows the ranking of variable importance for both services using logit, RF, and
MLP estimation methods. Owing to the multicollinearity problem, the destination factor is not
included in the E-TRAVEL model. The ranking of the independent variables for RF is generally
consistent with the logit models.

Table 4. Comparison of variable importance in statistical models and machine learning

E-ACCOMM E-TRAVEL
LOGIT RF MLP LOGIT RF MLP
1 RES-TRANSP RES_TRANSP  GENDER TRANSP TRANSP GENDER
2 DEST AGE EDUC RES-ACCOMM  RES_ACCOMM  AGE
3 AGE L_STAY AGE CCAA_RES CCAA_RES EDUC
4 L_STAY ACCOMM INCOME AGE EDUC INCOME
5 YEAR EDUC RES_TRANSP EDUC AGE CCAA_RES
6 CCAA_RES CCAA_RES DEST INCOME INCOME TRANSP
7 ACCOMM GENDER G_SIZE YEAR G_SIZE RES_ACCOMM
8 INCOME G_SIZE ACCOMM G_SIZE L_STAY G_SIZE
9 G_SIZE INCOME YEAR GENDER YEAR L_STAY
10 EDUC DEST CCAA_RES L_STAY GENDER YEAR
11 GENDER YEAR L_STAY

Note: In logit models, ranking shows the order of attributes with the highest statistical significance. In ML models,
ranking is the order in which the last attributes were removed, starting with all attributes (the variables removed in the
first place are those that occupy the last positions). Attribute evaluator method: Wrapper subset evaluator (Kohavi &
John, 1997). Search method: Greedy stepwise (backward).

The variables with a higher statistical significance in the logit models coincide with the
most important variables in the RF models. The most important and significant variable for
accommodation is the mode of booking the transport. Other important and highly significant
variables are the age of the traveller and the number of overnight stays. The destination is a
very significant variable for the logit model, but not important for the RF model. In the case
of transportation, the variables: type of transport, the mode of booking the accommodation,
and the Autonomous Community of residence, have the greatest significance for the logit
model and the greatest importance for the RF model. The booking mode of the alternative
tourism service (transport or accommodation, depending on the model) has a high
significance and importance in predicting consumer behaviour. This variable reflects the
consumer's digital skills and the habit of using online shopping channels. These findings are in
line with Garin-Mufioz et al. (2020) and confirm that digital consumer skills are a determinant
factor of e-Tourism adoption. On the other hand, airlines were the pioneers in introducing this
type of online sales and have generated great confidence among consumers, favouring the
adoption of electronic commerce. In the transport service, the type of transport has a high
capacity to explain the individual's behaviour, possibly because, as anticipated by our
descriptive analysis, air travel has a high propensity to be booked online.

Based on the previously identified consumer behaviour determinants, we evaluate
these factors' predictive capacity to determine the booking mode of accommodation and
transportation services using the evaluation metrics indicated in the methodology section.
Table 5 presents the results of the procedure. We assess the predictive capacity of the models
using 10-fold cross-validation with WEKA 3.8.4. software. K-fold cross-validation is one of the
most popular methods for model evaluation that minimises overfitting issues (Vu et al., 2022).
K-fold cross-validation divides the data set into k smaller subsets, called "folds", then trains
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the model on k-1 of these folds and evaluates the remaining fold. This process is repeated k
times, using different combinations of training and test folds, and the evaluation scores are
averaged to obtain a more accurate estimate of model performance.

Table 5. The predictive capacity of the logit, RF, and MLP models

E-ACCOMM E-TRAVEL
LOGIT RF MLP LOGIT RF MLP
Accuracy 71.3% 71.5% 57.5% 82.5% 84.5% 59.4%
AUC 0.71 0.71 0.50 0.87 0.89 0.50
Sensitivity 0.94 0.85 0.70 0.92 0.93 0.70
Specificity 0.20 0.42 0.30 0.58 0.64 0.30

Note: The values in bold indicate the parameters with the best metric for each model.

The logit results show a higher accuracy for transport services (82.5%) than for
accommodation services (71.3%). This may be because different tourist services have
different levels of acceptance in the electronic market. The higher level of ICT adoption in
booking the transport service, especially for some means of transport, such as the purchase
of airline tickets, may have increased the predictive capacity of transport models.

Regarding comparing the three approaches, the results show that RF outperforms logit
and MLP algorithms in terms of all evaluation metrics, except for the sensitivity test in
E-ACCOMM. All the models have a high sensitivity rate, hence, they are suitable for predicting
online booking cases. However, the specificity is significantly higher in RF algorithms.
Therefore, managers concerned with predicting the person who books tourism services offline
should mainly use RF. According to our results, MLP is not an adequate model to predict
consumer behaviour in e-Tourism because it shows the worst measures in all cases.

Taking the predictive capacity of the Random Forest model as a reference, since it is
the one with the highest potential predictive performance, the logistic regression model
shows a very similar predictive capacity, indicating the good performance of the logit model,
both for predicting tourist behaviour and for modelling determining factors and quantify the
impact of each of them.

VI. CONCLUSIONS

This study contributes to the literature on electronic tourism by examining the factors
that influence tourists to use the Internet as a purchase channel. The results show inequalities
in their behaviours depending on the socioeconomic characteristics of the individual and the
characteristics of the trip. This study also evaluates the benefits of using machine learning
models in tourism behaviour studies for predictive purposes.

It is observed that the factors have varied in intensity and influence, demonstrating
the dynamic nature of digital consumer behaviour and that the profiles of the e-tourist evolve
over time, which justifies a work like this.

Investigaciones Turisticas

N° 26, julio 2023, pp. 350-374 365



Mendieta-Aragon, A. y Garin-Mufioz, T.

In line with Garin-Mufioz et al. (2020), our analysis supports the existence of a
multidimensional digital divide according to age, educational level, and income level. In
addition, we find differences between the regions of Spain regarding the use of e-Tourism.
Our findings show the narrowing of the generational digital divide in both the booking of
accommodation and transport services. However, the inequalities in the reservation mode of
tourist services generated between individuals due to educational level have widened,
especially in transport services. The analysis also shows different penetration rates depending
on the characteristics of the trip. Therefore, we modelled the adoption of e-Tourism by
residents in Spain based on the sociodemographic and economic characteristics of the
individual and also considering the characteristics of the trip.

The modelling of the behaviour of the e-tourist reveals that age still has a negative
effect on the adoption of the Internet as a reservation channel in tourism, and education and
income have a significant and positive impact on the probability of booking both tourist
services online, especially in transportation services. Regarding travel characteristics, the
destination of the trip is an important factor in the online booking of accommodation services.
The probability of booking accommodation online increases in international travel compared
to national travel. The type of accommodation or transport (depending on the model) is also
an important variable. In accommodation services, there are no significant differences in the
mode of booking hotel rooms and the rental of tourist apartments. In recent years, there has
been a boom in online peer-to-peer platforms such as Airbnb, which specialises in renting
tourist apartments and Online Travel Agencies, such as Booking, which have increased online
transactions for these types of accommodation. However, in transportation services, there is
a clear propensity to purchase airline tickets online. This could be due to the emergence of
low-cost airlines, some of which only operate through the web. A relevant finding is that when
an individual contracts a tourist service online (accommodation or transport), there is a high
probability that the other service will also be purchased online.

One of the main contributions to the existing literature is that this study explores the
potential of using ML methods to investigate the complexity of tourist behaviour. The use of
ML models to predict consumer behaviour has theoretical and practical implications. On the
one hand, predictive models can help researchers and managers to identify patterns and
trends in data that might not be detected with other methodological approaches. This can
lead to new insights and findings that lead to the development of new theories and concepts
about consumer behaviour. On the other hand, from a practical perspective, the capacity to
accurately predict the behaviour of tourists can have important economic implications since
it can help tourist companies and destinations to optimise their resources, reduce costs and
increase revenues. Furthermore, an accurate prediction model can be used to develop
targeted marketing strategies and personalised tourism products that meet the needs of
specific tourism segments.

We agree with Liébana-Cabanillas and Lara-Rubio (2017) that the application of
machine learning predictive models can be compatible with different sectors and markets,
such as the tourism sector. Our results reveal the improvement of the predictive capacity of
the RF model concerning the logistic regression model. However, in this particular case, this
improvement is not significantly higher. Therefore, applying machine learning or statistical
models would be appropriate depending on the objectives of academics or managers. In
predictive terms, the improvement of machine learning predictive models could be
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differential for the decision-making of tourism companies. However, in addition to achieving
a high predictive capacity, the logistic regression model allows managers and stakeholders to
identify the determinants of tourism behaviour and decide on economic policy, acting on
those factors whenever possible.

Despite its contributions, this study has some limitations that may open up
opportunities for future research. Due to the fact that we use a secondary official data source
capable of representing all the trips made by residents in Spain, our explanatory variables are
restricted to the information provided by the RTS survey. Therefore, it would be interesting
to analyse in future research to include a set of primary data with specific information about
consumers, such as the perceived risk of using the Internet as a shopping channel. The
predictive analysis has focused on two types of machine learning models based on neural
network algorithms and decision trees. However, the application of different algorithms based
on artificial intelligence is a clear avenue for new research.

In any case, we consider that our findings represent a little step forward in
understanding the digital inequalities generated in e-Tourism, and in the use of machine
learning models in studies of tourist behaviour. Our article shows the evolving nature of the
digital tourist profiles and the usefulness of the application of new methods for tourism
analysis.
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ANNEX

Annex 1. Reservation mode of the tourist service according to the RTS questionnaires

Accommodation

Transportation

Online
» Directly with the establishment through its web

or App

> In a travel agency or tour operator through its
web or App

» Through a specialised web (for instance, AirBnb,
Homeaway, Homelidays, Niumba, Rentalia,
Housetrip, Wimdu, Interhome, Friendly
Rentals)

> Directly with the owner through its web or App

> In a travel agency or tour operator through its

web or App

Offline
» Directly with the establishment in person, by

mail or by phone

» In a travel agency or a tour operator in person,
by mail or by phone

» Directly with the owner in person, by mail or by
phone

> In a travel agency or a tour operator in person,

by mail or by phone

Online
» Directly with the company through its web or App

> In a travel agency or tour operator through its web or

App

» Through the web or App

Offline
» Directly with the company in person, by mail or by

phone

> In atravel agency or a tour operator in person, by mail

or by phone

» Directly with the driver in person, by mail or by phone




	5.2. Prediction of e-tourist behaviour
	VI. CONCLUSIONS
	ANNEX



