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ABSTRACT

This study presents a novel approach to tourism market segmentation by integrating personality traits to enhance traditional de-

mographic methods. In partnership with Cumbria Tourism (local DMO), this study conducted in Cumbria, UK, home of the Lake

District National Park, the research utilized 1217 quantitative surveys to analyse visitor personality traits, motivations, and activ-

ities. Through factor and cluster analysis, five unique visitor segments were identified: Reserved Explorers, Culturally Curious,

Diligent Adventurers, Social Explorers, and Balanced Explorers. Each segment displayed distinctive traits, motivations, and

activities, further supplemented by chi-square tests that highlighted socio-demographic differences. The findings underscore the

value of incorporating personality traits through digital footprints for dynamic segmentation. This methodology not only offers

deeper insights into visitor profiles, but it also aids in developing customized marketing strategies and products, determining

activity preferences and providing a competitive edge for tourism destinations globally.

1 | Introduction

The choice of segmentation technique has always been a critical
question for Destination Management Organizations (DMOs),
generally facing resource constraints and limited market re-
search funds (McKercher et al. 2022). While various segmenta-
tion options exist, including socio-demographic, geographical,
behavioural, and psychographic factors, in the field of tourism,
there is not a universally recognized “best” method, and each
segmentation basis has its merits and serves specific purposes
(McKercher et al. 2022). Cho, Bonn, and Li (2019), argue that
given the diverse range of tourism products, amenities, and ser-
vices offered by most destinations, describing today's tourists
comprehensively has become increasingly challenging. Many
researchers still rely on conventional criteria for segmentation,

such as socio-demographic factors and trip-related characteris-
tics, including age, gender, travel duration, and travel purpose
(Morrison 2023). However, other recent research by Kovaci¢
et al. (2022) highlights that while sociodemographic characteris-
tics may influence tourists' activity choices, they are less critical
in determining activity preferences.

Existing segmentation methods in tourism face several chal-
lenges and limitations. Traditional approaches often rely on
visitor surveys, which can be cumbersome, time-consuming,
and prone to biases (Wang, He, and Leung 2018). These surveys,
while useful for gathering comprehensive information on visi-
tor profiles, predominantly focus on identifying trends in socio-
demographics and the sales of existing tourism products and
services. However, they may not fully capture the dynamic and
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evolving nature of tourist behaviours and preferences (Yavorska
et al. 2019).

Integrating technology could respond to these challenges, by
leveraging mobile devices for extensive data collection, and
developing a transformative solution for advanced tourist seg-
mentation. This approach, advocated by researchers such as
Gretzel (2022) and Sigala (2018), enables access to diverse data
sets, including geolocation, mobile app usage, and social media
interactions. Such rich data sources facilitate the creation of
detailed, dynamic market segments, with big data analytics of-
fering actionable insights (Solazzo et al. 2022). The integration
of technology, particularly through mobile apps, facilitates the
seamless absorption of data, significantly easing the clustering
process for DMOs (Hossain and Amin 2015). Mobile apps serve
as powerful tools for collecting real-time and diverse data, rang-
ing from user preferences, behaviours and activities to geograph-
ical information (Wang, He, and Leung 2018). Behavioural data
collection, especially, holds potential for personality psychol-
ogy, a field traditionally dependent on self-assessment methods
(Stachl et al. 2017).

Khoi, Phong, and Le (2020), mentions that the psychology of
interaction with experiences depends on personality traits.
Previous studies by Kovacic et al. (2022) and Alves et al. (2023),
have solidified the understanding of personality traits' influence
on activity preferences at a destination, demonstrating the effec-
tiveness of personality traits as predictors of tourist activities.
This approach not only improves marketing efficacy, but also
meets evolving consumer expectations, fostering a stronger con-
nection between destinations and their audiences (Wei, Onder,
and Uysal 2024). However, implementing personality-based
segmentation frameworks is challenging due to the difficulty
of obtaining these attributes cost-effectively and at scale (Wei
et al. 2017).

Despite the extensive body of work on traditional segmen-
tation factors like demographics and travel motivations (Li
and Kovacs 2024; Otoo, Kim, and Park 2020), the integra-
tion of personality traits in tourist profiling is still an under-
researched area (Kovacic¢ et al. 2022; Alves et al. 2023). While
previous research by Plog (1974), Cohen (1972, 1974, 1979), and
Smith (1977) has highlighted the significance of psychograph-
ics in understanding tourist behaviour, these models are often
critiqued for oversimplifying the complex motivations and be-
haviours of tourists. They tend to categorize diverse individual
experiences into broad typologies, which may not fully capture
the variability and nuances of tourist behaviour. To address
this gap, this research utilizes the Big Five personality traits
approach which delves into the stable, intrinsic psychological
characteristics of individuals (Roberts 2019). This study aims
to identify the distinct visitor segments based on personality
traits, motivations, and visitor activities in Cumbria. Known for
its natural beauty and UNESCO World Heritage Sites like The
Lake District National Park, Cumbria attracts around 47 million
visitors annually (Cumbria LEP 2023). Cumbria Tourism, the
region's official DMO, aims to be the UK's top Tourist Board by
exceeding visitor and business expectations (Cumbria Tourism,
2024), and the results of this research will help achieve this aim.
This wealth of information enables DMOs to employ advanced
clustering techniques, leading to more refined and insightful

segmentation of tourist markets, that leads from expectation to
prediction. Incorporating personality traits into segmentation
models highlights the potential of personalized strategies in the
digital age.

2 | Literature Review

2.1 | Destination Management Organizations
(DMOs) and Tourism Segmentation

Over the years, Destination Management Organizations
(DMOs) have transitioned from being primarily marketing-
focused entities to assuming a comprehensive management
role (Sotiriadis 2021). This development led to multiple impli-
cations in strategic planning, brand identity, value co-creation,
visitor experience, and broader engagement in tourism devel-
opment and sustainability (Novotny, Dodds, and Walsh 2024).
Gretzel (2022), argues that increased demand for DMOs to adopt
a knowledge management role at the destination level, trans-
formed them into what is referred to as “intelligent agents”.
This transformation implies that DMOs are expected to effec-
tively utilise the collective knowledge assets of the destination,
integrating insights from researchers and governments to en-
sure sustained viability and success in the global marketplace
(Gretzel 2022).

In their quest to comprehend and cater to the diverse needs of
their target audience, DMOs employ market segmentation strat-
egies. Market segmentation refers to dividing the broader market
into distinct segments based on shared characteristics, allowing
DMOs to tailor their strategies to specific groups (McKercher
et al. 2022). Traditionally, common criteria for segmenting tour-
ism markets, involve socio-demographic factors (e.g., education,
gender, age, family size, income), geographical factors (local
versus non-local residents), behavioural factors (preferences,
usage frequency, brand loyalty), and psychographic factors (life-
style, interests, motivation, activities, personality) (McKercher
et al. 2022). Over the years, there has been a noticeable shift
in focus from socio-demographic to behavioural and psycho-
graphic factors, reflecting a deeper understanding of the nu-
anced and dynamic nature of tourist behaviours and preferences
(Li and Kovacs 2024; Otoo, Kim, and Park 2020).

Previous research by Plog (1974), Cohen (1972, 1974, 1979), and
Smith (1977) created tourist typologies based on psychological
characteristics and preferences to describe tourist behaviours,
in the context of destination choices. Cohen (1972) was one of
the first to propose a tourist typology, which consisted four cat-
egories: the organized mass tourist, who prefers package tours,
highly organized, and favours familiarity; the individual mass
tourist, who has more control over their itinerary and is not
bound to a group; the explorer, who plans trips independently and
seeks local interactions without full immersion; and the drifter,
who is highly independent, without fixed schedules, lives with
locals, and prioritizes novelty while minimizing familiarization.
Following Cohen's (1972) taxonomy, Smith (1977) developed a
classification of tourists, identifying seven types: explorers, elite
tourists, off-beat tourists, unusual tourists, incipient mass tour-
ists, mass tourists, and charter tourists. Smith's (1977) typology
has been critiqued by Mehmetoglu (2004), because it was based
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on specific observations of tourist behaviour in particular con-
texts, basing tourist classifications on their interactions with the
host communities, the degree of adaptation to local norms, and
their impact on the destinations they visit.

Plog (1974) is considered a pioneer in the development of a tool
for directly measuring tourist personality, which has become
a widely recognized psychographic measurement model in the
tourism industry. The tool conceptualizes the scale as a contin-
uum, with allocentrism and psychocentrism at opposite ends,
and has been used to develop a tourist typology. According to
Plog (2002), allocentric tourists are characterized by their high
level of novelty-seeking behaviour and independence, while
psychocentric tourists tend to prefer familiar environments,
exhibit uncertainty avoidance, and conform to social norms.
Plog’'s model became well-known, prompting researchers to ex-
tend it by correlating its dimensions with extraversion (Jackson,
Schmierer, and White 1999; Hoxter and Lester 1988), sensation
seeking, powerlessness, and generalized anxiety (Griffith and
Albanese 1996), activation theories (Nickerson and Ellis 1991).

Using the orthogonal scales of Allocentrics-Psychocentrics
and Introversion-Extraversion, Jackson, = White, and
White (2001) proposed four tourist types—explorer, adven-
turer, guided, and groupie, a model later examined by Jackson
and Inbakaran (2006). They confirmed that Extraversion and
Allocentrism are independent constructs, while Openness to
Experience and Allocentrism were found to be correlated, as
also suggested by Nickerson and Ellis (1991).

Recent research (see Table 1) indicates a shift in tourism ty-
pology towards more diverse conceptualizations, with studies
emphasizing the ongoing deconstruction of established typolo-
gies to reveal the diversity of tourism experiences within them
(Uriely 2005). For instance, based on Cohen's individual mass
tourist type, Wickens (2002) proposed five micro-types of tour-
ists in Chalkidiki, Greece. These include the Cultural Heritage
type, interested in the region's cultural, natural, and historical
aspects; the Raver type, attracted to sensual pleasures, beaches,
and nightclubs; the Shirley Valentine type, seeking romantic
experiences with local men; the Heliolatrous type, focused on
relaxation and sunbathing; and the Lord Byron type, who re-
turns annually for familiarity, nostalgia, and a sense of home.
Similarly, @gaard et al. (2019) expanded Cohen's (1979) classi-
fication of tourists, while Bayarsaikhan, Kim, and Gim (2020)
developed typologies based on destination choice, referencing
Plog's (1974) established framework. Research on creative tour-
ism activities (Remoaldo et al. 2020), and sensitive destinations
(Jeong et al. 2018) further diversify tourist clustering insights.

However, while traditional psychographic segments, such as
Plog's (1974) model and Cohen's (1979) typologies of tourist ex-
periences, have long provided foundational insights into tourist
preferences, these frameworks were developed without access
to the nuanced, real-time data now available through mobile
technology. In contemporary contexts, where preferences and
behaviours can shift dynamically, these broad typologies may
fall short in capturing the complexity and fluidity of modern
tourist behaviour, especially given the transformative role of
mobile technology in shaping how tourists interact with tour-
ism activities. For instance, Ahani et al. (2019) applied machine

learning to TripAdvisor data to achieve market segmentation
of spa hotel travellers, offering insights into specific customer
profiles within this niche. Building on the focus of spa hotels,
Nilashi et al. (2021) utilised preference learning to refine trav-
eller segmentation further, identifying distinct customer groups
for spa hotels in Malaysia. Similarly, Alsayat (2023) applied so-
cial data analytics to examine hotel choice behaviours among
travellers in Saudi Arabia. Expanding this approach to eco-
conscious tourism, Yadegaridehkordi et al. (2021) integrated
Multi-Criteria Decision Making (MCDM) and clustering to seg-
ment travellers based on online reviews, illustrating the broader
utility of data-driven segmentation in hospitality.

Building on this foundation, integrating insights from technol-
ogy diffusion studies provides a more nuanced and contextually
relevant understanding of tourist behaviour, closely aligning
with the study's research objectives. In particular, the adoption
of the Big Five personality traits approach offers a psychologi-
cally detailed alternative to traditional typologies, which can be
limiting in an era where data from mobile technology increas-
ingly allows for real-time behavioural insights. Personality traits
such as openness, conscientiousness, extraversion, agreeable-
ness, and negative emotionality provide a stable, intrinsic foun-
dation for understanding behavioural tendencies across various
contexts, including travel (Roberts 2019). When analysed along-
side the continuous data generated through mobile technology,
these traits offer a detailed view of individual variations and
complex decision-making processes, supporting a more predic-
tive and comprehensive model of tourist behaviour.

Furthermore, motivation is seen as a crucial criterion for seg-
menting tourists (Shi, Liu, and Li 2018). Recent research by
Pan and Shang (2023) emphases on the psychological and
physiological drivers of tourists. Empirical studies exploring
tourist motivation incorporate various theoretical models,
such as the push-pull factor framework (Dann 1977), escape-
seeking model (Iso-Ahola 1983), and travel career pattern model
(Pearce and Lee 2005). Predominantly, travel motivations like
novelty and escape consistently emerged in tourism research
despite the common understanding of their complexity depend-
ing on the destination (Morrison 2023; Maghrifani, Liu, and
Sneddon 2022). The interest in segmenting tourism markets
based on travel motivations is growing, as it allows for customis-
ing offerings to suit specific tourist groups (Li and Kovacs 2024).
For example, VisitScotland employs different segments that are
determined by travellers’ motivations and behaviours such as
adventure seekers, curious travellers, engaged sightseers, food-
loving culturalists, and natural advocates (VisitScotland 2024).
Similarly, Destination Canada breaks travellers into groups
based on their social values and world views, with free spirits,
cultural explorers, and authentic experiencers representing its
key global markets (Destination Canada 2024).

However, acquiring data on visitor profiles poses significant
challenges. Traditionally, DMOs have relied on visitor sur-
veys as a primary method to gain insights into travellers' be-
haviours (Choe and Fesenmaier 2021). For instance, Cumbria
Tourism employs surveys to gather comprehensive information
on visitor profiles, covering demographics, visitation patterns,
motivations for visiting Cumbria, information sources, trans-
portation, expenditures, activities, overall experiences, and trip
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TABLE1 | Psychographic tourist segmentation studies.

Authors Main factors Destination Methodology Sample size Identified segments
Bayarsaikhan Plog's personality Mongolia Multinomial 406 Psychocentric tourists:
et al. (2020) types logistic regression Prefer urban tourist
Destination choices attractions.
Travel-related Midcentric tourists:
variables Inclined towards
natural-rural areas.
Allocentric tourists: Likely
to visit primitive areas.
Remoaldo Travel motivations Portugal Surveys 814 Novelty-seekers
et al. (2020) Perceptions Cluster analysis Knowledge and
evaluation of skills learners
activities Leisure creative-seekers
Jeong Travel motivations Lao people's Surveys 722 Nature and cohesion-
et al. (2018) Attitudes Democratic Factor analysis seeking tourists
Travel-related republic Cluster analysis Nature-seeking tourists
characteristics Passive nature-
seeking tourists
Want-it-all tourists
Ogaard Travel preferences, Norway Surveys 1162 Cohen's (1972) typology
et al. (2019) Destination Factor analysis (organized mass tourist,
valuations, Cluster analysis individual mass tourist,
Destination the explorer, the drifter)
perceptions with an additional
segment: Lone Explorer,
with less emphasis on
cultural immersion
and social contact
Cohen (1979) Modes of tourist Not specified Qualitative Not specified Organized mass tourist
experience (degree of analysis Individual mass tourist
institutionalization— The explorer
tour packages, The drifter
guided tours; novelty
vs. familiarity,
interaction with
local culture, travel
independence)
Wickens (2002) Choice of holiday, Chalkidiki, Qualitative 86 Cultural heritage
types of activities, Greece analysis The raver
views about the The shirley valentine
host community The heliolatrous
The lord byron
Plog (1974) Psychographic United States Qualitative Over 60 Psychocentric tourists
characteristics of analysis in-depth Near-psychocentric
tourists (personality- interviews and tourists
venturesomeness vs. monitoring Mid-centric tourists
dependability, values, 200 telephone Near-allocentric tourists
attitudes, interests, calls;1600 Allocentric tourists
and lifestyles) surveys

satisfaction. The latest Cumbria Visitor Survey in 2022 involved
face-to-face interactions with over 2000 visitors, at more than 60
locations across Cumbria (Cumbria Tourism 2022). Considering
that Cumbria attracts 47 million visitors annually (Cumbria
LEP 2023), this approach has limitations in data sample acquisi-
tion and effectiveness.

Studies by Wang, He, and Leung (2018) and Onder, Koerbitz,
and Hubmann-Haidvogel (2016) highlight the limitations
inherent in traditional market research methods, including
budget constraints, rigid timeframes, dependence on local-
ized face-to-face surveys, and results that are often narrowly
focused on specific demographics. These findings underscore
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the need for innovative research approaches to overcome these
constraints and gain a more comprehensive understanding of
tourist behaviours utilizing the technological advancement of
mobile devices.

2.2 | Integrating Mobile Technology

The digital transformation of the tourism sector and the
widespread adoption of mobile technologies are redefining
how destinations engage with and serve visitors (Pappas
et al. 2021). As travellers increasingly rely on smart devices
to plan, navigate, and share their journeys, mobile technol-
ogy has become central to destination marketing and man-
agement, providing destinations with competitive advantages
(Parapanos and Michopoulou 2023; Kim and Kim 2017).
Gretzel et al. (2015) highlighted that the collection and or-
ganisation of data through digital platforms not only enriches
onsite experiences but also strengthens relationships between
destinations and visitors, fostering loyalty and satisfaction.
With instant access to information, directions, and recom-
mendations, mobile devices support seamless, personalised
encounters that meet visitors' rising expectations for dynamic,
engaging experiences (Stankov and Gretzel 2020). The impor-
tance of these technologies is heightened by the increased
competition in the tourism industry, as destinations that make
use of mobile technology to interact with visitors in real-time
can better meet immediate needs, improving both visitor sat-
isfaction and operational efficiency (Buhalis, O'Connor, and
Leung 2022).

Mobile devices also offer unparalleled advantages in data
collection, owing to their portability, accessibility, and so-
phisticated functionalities, such as GPS tracking and sensor
technology that record user interactions in real time (Montag
et al. 2021). In contrast to traditional surveys which are lim-
ited in scope, frequency, and accuracy, data derived from
mobile devices can capture human movement, behaviours,
and preferences on a large scale, offering invaluable real-
time insights (Wang, He, and Leung 2018; Wang, Park, and
Fesenmaier 2012). These dynamic data streams reveal nu-
anced shifts in travel behaviour across varying conditions,
such as the distinctions between peak and off-peak seasons
or weekday and weekend travel patterns, and the influence
of weather or events on visitor flows. By enabling researchers
to study both interpersonal similarities and unique visitor be-
haviours, mobile technology provides a comprehensive under-
standing of the diverse groups and patterns within the tourism
landscape (Wang, He, and Leung 2018). Furthermore, mobile
devices enable the tracking of long-term visitor behaviour,
which reveals trends in repeat visitation, evolving interests,
and destination loyalty, offering a depth of insight that tradi-
tional surveys cannot achieve (Wang, He, and Leung 2018). As
such, mobile data fills significant gaps in traditional survey
methodologies, offering a robust and nuanced view of tourism
behaviours that are invaluable for effective planning and des-
tination management.

Traditional market research methods, such as surveys and
questionnaires, present inherent limitations when it comes to
capturing the subtleties of visitor motivations and behaviours,

especially when precision is needed for targeted marketing
and resource allocation (Wang, He, and Leung 2018; Onder,
Koerbitz, and Hubmann-Haidvogel 2016). Mobile technology
addresses these limitations by enabling DMOs to move be-
yond broad demographic profiles and into the realm of rich
psychographic and behavioural insights. For instance, as
Parapanos (2023) argued, mobile data can be fed into machine
learning algorithms that analyse and predict visitor pref-
erences based on actual behaviours and observed patterns,
thereby enabling DMOs to deliver highly personalised tour-
ism experiences aligned with individual motivations and pref-
erences. This level of personalisation supports deeper visitor
engagement and promotes sustainable tourism practices by
catering to those visitors who value and respect the destina-
tion, helping to ensure positive impacts on the local environ-
ment and economy. Additionally, the use of mobile data not
only streamlines the data collection process but also enhances
the precision of clustering and segmentation strategies, al-
lowing DMOs to create highly targeted marketing approaches
(Hossain and Amin 2015). By developing visitor profiles that
capture the distinct motivations and preferences of diverse
visitor segments, DMOs are better equipped to craft experi-
ences that resonate with and satisfy visitors, fostering a more
fulfilling and impactful tourism experience that enhances the
long-term success of the destination.

2.3 | Personality Traits and Digital Footprints

Recognizing individual differences and predicting behaviour
accurately (Béckstrom et al. 2020), personality traits consti-
tute stable patterns of thoughts, emotions, and behaviours that
distinguish individuals from one another (Roberts 2019). By
capturing individual differences and predicting behaviour, the
exploration of personality traits provides valuable insights into
the intricate interplay between personal preferences and travel
motivations (Sreen et al. 2023). The Five Factor Model, intro-
duced by Goldberg in 1990, provides a comprehensive taxonomy
of personality traits widely accepted in academia and industry
(Soto and Jackson 2020; Bleidorn et al. 2019; McCrae 2013).
According to trait theory, personalities consist of these Big Five
traits: Open-mindedness (desire for intellectual stimulation and
variety); Extraversion: (preference for social interaction and
optimism); Agreeableness (need for pleasant and harmonious
relations); Conscientiousness (willingness to follow established
rules and norms); Neuroticism or Negative Emotionality (re-
flects emotional stability, including feelings of fear, anxiety, and
insecurity) (Degnet et al. 2022; Soto and John 2017).

Recent research underscores the strong link between person-
ality traits and visitor activity preferences (Kovacic¢ et al. 2022;
Katifori et al. 2019). Alves et al. (2023) emphasize the value in
segmenting tourists based on personality, noting correlations
between personality dimensions and attraction choices, such
as open individuals preferring museums, in contrast to extra-
verts. Further, Rafiq, Adil, and Wu (2022) demonstrated that
extraverts are more inclined towards ecotourism compared to
those with neurotic tendencies. This finding is complemented
by Kesenheimer and Greitemeyer (2021), who reported that ex-
traverted tourists are more likely to invest in ecotourism to re-
duce environmental impact. The significance of this outcomes
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demonstrates that understanding visitors’ personality traits can
help predict their behaviour on destination.

Technological advancement of mobile devices enhanced the
ability to correlate digital footprints with personality traits
(Beierle et al. 2020). Digital footprints include data generated
from online activities such as location history, app usage, search
queries, and social media interactions (Montag et al. 2021). By
analysing this data from mobile devices, algorithms can inter-
pret actual behaviours, like how users interact with apps and
device functions (Beierle et al. 2020; Hinds and Joinson 2019).
For instance, mobile apps can track GPS data to monitor where
tourists go, and which places they visit. They can also analyse
in-app behaviour to understand user preferences and integrate
social media activity to gain additional insights into user per-
sonalities (Stachl et al. 2017).

Furthermore, the use of Electronic Data Interchange (EDI)
systems enables the seamless exchange of data between orga-
nizations, facilitating more comprehensive data collection and
analysis (Oleiwi 2023). EDI systems automate the transfer of
data, reducing manual errors and ensuring that information
is quickly and accurately shared across various platforms
(Oleiwi 2023). This interoperability allows for the aggregation
of diverse data sources, enhancing the depth and breadth of the
data used in tourism profiling. However, it is crucial to ensure
that these data collection methods are secure and respect user
privacy (Razavi 2020). Encryption protocols and stringent ac-
cess controls must be implemented to protect sensitive informa-
tion from unauthorized access and breaches (Stachl et al. 2017).
Additionally, addressing potential biases in the data is essential
to ensure inclusive and accurate tourism profiling. Data qual-
ity issues, such as incomplete or outdated information, must be
identified and rectified to maintain the integrity of the profiling
process. Regular audits and validation checks can help mitigate
these issues, ensuring that the data is reliable and reflective
of current trends and behaviours (Madavarapu 2023). By ad-
dressing these considerations, EDI systems can significantly
enhance the effectiveness of personality-based tourism pro-
filing, offering personalized and enriching experiences for all
travellers.

Previous studies investigated the link between the usage of
mobile devices with the Big Five personality traits, finding
that users high in extraversion have higher tendency for call
frequency and more use of photography apps, whereas users
high in conscientiousness engage more with work emails
and less with entertainment apps (Beierle et al. 2020; Stachl
et al. 2017). Furthermore, extraversion and neuroticism users
correspond to more frequent phone checks, and agreeableness
to higher call frequency, with emotional stability reflected
in SMS message patterns (Beierle et al. 2020; Chittaranjan,
Blom, and Gatica-Perez 2013).

Research underscores significant correlations between person-
ality traits and digital footprints on social media through mobile
devices (Marengo and Montag 2020). For example, extraversion
exhibits a robust association with Facebook data, indicating that
individuals perceiving themselves as extraverted engage in dis-
tinct online behaviours, leading to increased platform activity

(Montag et al. 2021). However, the complexities linked to self-
report methods, encompassing challenges in introspection,
susceptibility to social desirability biases, and inconsistencies
arising from variations in the complexity of personality ques-
tionnaires, necessitate a crucial examination of innovative ap-
proaches that rely on insights derived from digital data (Boyd,
Pasca, and Lanning 2020).

Despite existing studies exploring the influence of personality
traits and travel motivations on visitor activities (e.g., Kovaci¢
et al. 2022; Alves et al. 2023) and the link between personality
traits, activities, and technology usage (e.g., Beierle et al. 2020;
Stachl et al. 2017; Chittaranjan, Blom, and Gatica-Perez 2013),
the application of personality traits and travel motivations as a
basis for segmenting tourist markets represents an innovative
approach.

2.4 | Visitor Activities and Digital Footprints

Digital footprints provide a nuanced understanding of trav-
ellers’ psychographic profiles, including attitudes, interests,
and opinions, as reflected in their online activities and inter-
actions (Otoo, Kim, and Park 2020). For example, study by
Onder, Koerbitz, and Hubmann-Haidvogel (2016) highlighted
how geotagged photos can serve as reliable indicators of tour-
ism demand, revealing attractions to specific destinations or
experiences. This approach is further enriched by Cao, Xu,
and Xian (2022), who analysed travel texts to uncover the
movement patterns of Chinese tourists in Malaysia, shedding
light on their preferred attractions and travel routes. Similar
study by Vu et al. (2018) employed travel diaries based on
venue check-in data, which distinctively highlighted the dif-
fering activity interests. Dong et al. (2023) utilise tourism
digital footprints to study tourists' spatiotemporal behaviour
and recreation preferences, categorizing them into distinct
patterns such as “natural landscape” and “historic culture”.
Finally, Yu et al. (2016) harnesses the power of data through
mobile devices to model user preferences, paving the way
for personalized travel package recommendations. These
collective studies underscore the comprehensive capacity of
digital footprints in mapping out the complex and varied be-
haviours and preferences of tourists. Previous literature re-
veals the affection of users with technology in a destination
and the importance for DMOs to absorb this information for
clustering tourists. Besides the noticeable focus from socio-
demographic to behavioural and psychographic factors (Li
and Kovacs 2024), limited research has investigated travel
motivations, personality traits and visitor activities in tourism
segmentation for a local DMO.

2.5 | The Present Study

To address the above research gap, this study aims to identify
the distinct visitor segments based on personality traits, moti-
vations, and visitor activities in Cumbria. Effective segmenta-
tion is crucial for tailoring content and services (Razavi 2020),
specially for DMOs asked to integrate insights from researchers
to effectively leverage the collective knowledge. This research
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primarily focuses on the significant influence of personality
traits, travel motivations and visitor activities on behaviours.
Whereas limitations from traditional market research meth-
ods (Onder, Koerbitz, and Hubmann-Haidvogel 2016), restrain
DMOs from collecting accurate data, mobile phone data offer
distinct advantages and detailed information on travel patterns
(Wang, He, and Leung 2018). The outcome of this study will in-
form online platforms on mobile devices, developing a manage-
ment tool in the hands of DMOs. Capitalising on such platform
enhances the precision and effectiveness of clustering strategies
(Hossain and Amin 2015) empowering DMOs to tailor their ap-
proaches to the unique characteristics and preferences of differ-
ent tourist clusters. The structure of this study is modelled after
the approach used by Errichiello et al. (2019). This study poses
two key research questions:

RQ1. What are the distinct visitor segments based on personality
traits, motivations, and visitor activities in Cumbria?

RQ2. Do visitor segments identified through clustering based on
personality traits, motivations, and activities exhibit significant
socio-demographic differences?

3 | Methods

For the purpose of this research, a questionnaire-based ap-
proach was used to create clusters, which will inform algorithms
essential for advancing to more innovative data collection
methods. This is viewed as a critical first step before developing
and employing a mobile application for the destination to col-
lect and analyse digital footprints and other data. Similar strat-
egies in other industries, such as the gaming industry where
player typologies are identified before informing algorithms
(Parapanos 2023), serve as an inspiration. This knowledge is
valuable as it addresses a gap in the literature where most des-
tinations rely on traditional segmentation methods primarily
based on demographics such as age, gender, and origin.

To achieve the aim this study employed a quantitative cross-
sectional survey to investigate the distinct visitor segments
based on personality traits, motivations, and visitor activities in
Cumbria. Conducted from September 2022 to September 2023,
the survey targeted visitors aged 18 and above during both peak
and off-peak seasons, using random sampling. The sample is
proficient and experienced in using mobile technology while at
the destination (Cumbria), reflecting current trends in tourism
where digital platforms are crucial.

To pilot test the survey, a qualitative approach was utilized with 10
participants to ascertain the clarity of the survey items. The final
version received 1217 responses, representing a 10% response rate.
This sample size aligns with statistical guidelines for adequate
representation, considering a 50% variance, a 95% confidence
level, and a 3% margin of error (Taherdoost 2016). Scales were se-
lected from the literature to measure personality traits (OCEAN
Model- Open-Mindedness, Conscientiousness, Extraversion,
Agreeableness, Negative Emotionality), using a shortened ver-
sion of the Big Five Inventory-2 (BFI-2), the BFI-2-S (Soto and
John 2017). Travel motivation items were formulated following

an extensive literature review (Capar, Pala, and Toksoz 2022;
Maghrifani, Liu, and Sneddon 2022; Jeong et al. 2018; Sung,
Chang, and Sung 2016; Wong, Cheung, and Wan 2013; Hsu, Cai,
and Li 2010; Pearce and Lee 2005), while preferences for activ-
ities were also established through an in-depth review of exist-
ing literature (Kovacic et al. 2022; Alves et al. 2023, 2020). Each
dimension was measured using multi-item measurement scales.
Respondents were asked to indicate their agreement on a Likert
scale ranging from 1 (strongly disagree) to 5 (strongly agree).

4 | Results

Statistical analyses were carried out using SPSS version 24.0.
After screening the data in SPSS, descriptive statistics provided
a comprehensive overview of the sample based on demographic
and travel-related characteristics. The sample for the study
consisted of 1217 valid questionnaires, with females compris-
ing the majority at 62%. The prevalent age groups of the re-
spondents are in Group 5:60 +yrs., representing 25.2%, and the
minority of responses in Group 1: 18-29yrs., accounting 17.3%
of the total respondents. The highest percentage of travellers
were British citizens (82.9%), 61% are employed, and 30.6%
completed an undergraduate degree. They travel to Cumbria
with a partner (42.4%), for leisure (90.4%) (see Table 2).

The validity of the personality traits measured by Confirmatory
Factor Analysis, with KMO value at 0.817 exceeds the recom-
mended 0.6 and Bartlett's Sphericity is Sig. at 0.000 indicating
that the current data was suitable for factor analysis (Field 2018)
(see Table 3).

Exploratory Factor Analysis (EFA) using Principal Axis
Factoring identified key dimensions of travel motivations
and visitor activities. KMO values at 0.817 and 0.810 respec-
tively, with Bartlett's test significant at 0.000, indicating data
suitability for EFA (Field 2018). Five items (travelling to un-
derstand more about myself, to be away from the crowds of
people, doing adventure activities in the air (e.g., parachute
jump, gliding), attending other special events (e.g., wedding,
birthday party), exercising (e.g., walking, running, cycling),
were not loading hence removed (Hair et al. 2014)). Scale re-
liability was confirmed with Cronbach's alpha values above
0.70, denoting good internal consistency (Field 2018). The
final analysis retained 18 items for travel motivation, reveal-
ing five factors accounting for 67.8% variance (see Table 4),
and 17 items for visitor activities, revealing five factors ex-
plaining 65.49% variance (see Table 5).

To obtain profiles with similar personality traits, travel mo-
tivations, and visitor activities, a two-step analysis using hi-
erarchical and k-means techniques was employed, following
established procedures in tourism studies (Cha et al. 2024;
Ghosh and Mukherjee 2023; @gaard et al. 2019). This hy-
brid approach, recommended by Hair et al. (2014), utilized
Euclidean distance for measuring similarity and employed the
Ward method to ensure maximum homogeneity within each
cluster. The initial analysis, guided by the agglomeration co-
efficient and dendrogram, suggested a five-cluster structure
(see Figure 1).
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TABLE 2 | Profile of the respondents.

Profile of the respondents

Frequency Percent Frequency Percent
Gender Male 457 37.6 Work status Employed 742 61.0
Female 754 62.0 Self-employed 106 8.7
Prefer not to say 6 0.5 Student 82 6.7
Total 1217 100.0 Retired 251 20.6
Age 18-29 211 17.3 Unemployed 18 1.5
30-39 216 17.7 I prefer not to say 18 1.5
40-49 194 15.9 Total 1217 100.0
50-59 283 23.3 Employed 742 61.0
60+ 307 25.2 Education High school 119 9.8
Prefer not to say 6 0.5 College 266 21.9
Total 1217 100.0 Undergraduate degree 372 30.6
Nationality AU Australia 14 1.2% Master's degree 216 17.7
CA Canada 13 1.1% Total 1217 100.0
CN China 11 0.9% Travel Alone 201 16.5
IN India 14 1.2% partner With a partner 516 424
GB United 1009 82.9% With family 326 26.8
Kingdom
US United States 44 3.6% With friends 155 12.7
Others 440 9.1% With a traveling group 11 0.9
Total 1217 100% Prefer not to say 8 0.7
Past visits None 96 7.9 Total 1217 100.0
One time 218 17.9 Trip purpose Leisure 1100 90.4
Two to four times 381 31.3 Business 8 0.7
Five times 512 42.1 Leisure and business 65 5.3
or more
Prefer not to say 10 0.8 Other 43 3.5
Total 1217 100.0 Prefer not to say 1 0.1
Total 100%

Furthermore, in the conducted ANOVA analysis, all variables
exhibited statistically significant differences among the clusters
(p<0.05) (see Table 6, Figure 2).

Chi-square tests, as noted by Knapp (2018), were employed to
analyse demographic differences in the identified clusters. The
combination of crosstab analysis and K-means clustering, as de-
scribed by Ceylan, Cizel, and Karakas (2021), was used to create
tourist typologies and interpret patterns. These tests revealed
no significant differences between segments in terms of travel
partner (y?=27.2; p=0.13). Subsequently, new typologies were
named based on their key characteristics and dominant traits
relevant to this study (see Table 7).

5 | Discussion

The study aims to identify the distinct visitor segments based
on personality traits, motivations, and visitor activities in
Cumbria. This research is guided by two primary research
questions. The first question (RQ1) seeks to identify and
characterize the unique visitor segments that emerge when
visitors are clustered according to their personality traits, mo-
tivations, and activities. The second question (RQ2) explores
whether these identified segments exhibit significant socio-
demographic differences, thereby providing a deeper under-
standing of the visitor profile in Cumbria. This approach aims
to offer valuable insights into the diverse visitor landscape,
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TABLE 3 | Personality traits: Constructs and items.

Cumulative
interpretation
Factor Measuring item Factor loading variance (%) Cronbach's o
Negative emotionality T am someone who is emotionally —0.824 17.471 0.871
stable, not easily upset.
I am someone who worries a lot. 0.795
I am someone who is relaxed, —0.780
handles stress well.
I am someone who is temperamental, 0.747
gets emotional easily.
I am someone who tends to 0.703
feel depressed, blue.
Conscientiousness I am someone who tends 0.789 10.147 0.797
to be disorganized.
I am someone who keeps —0.742
things neat and tidy.
I am someone who is persistent, —0.700
works until the task is finished.
I am someone who can be 0.663
somewhat careless.
I am someone who has difficulty 0.632
getting started on tasks.
Agreeableness I am someone who can be -0.714 10.061 0.764
cold and uncaring.
I am someone who is —0.705
sometimes rude to others.
I am someone who assumes 0.666
the best about people.
I am someone who tends to —0.657
find fault with others.
I am someone who is 0.653
compassionate, has a soft heart.
Extraversion I am someone who is outgoing, sociable. 0.755 8.054 0.748
I am someone who tends to be quiet. —0.727
I am someone who is full of energy. 0.683
I am someone who is dominant, 0.672
acts as a leader.
I am someone who is less —0.492
active than other people.
Open-mindedness I am someone who has little —-0.723 5.903 0.745
interest in abstract ideas.
I am someone who is fascinated 0.715
by art, music, or literature.
I am someone who has little creativity. —0.662
I am someone who has few —0.641
artistic interests.
I am someone who is original, 0.612
comes up with new ideas.
Note: Confirmatory Factor Analysis extraction method: Principal Component; Rotation method: Varimax.
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TABLE 4 | Travel motivation and visitor activities: Constructs and items.

Cumulative
Factor interpretation
Factor Measuring item loading variance (%) Cronbach's o
Nature escape I travel to Cumbria to admire 0.922 23.695 0.767
and be close to nature.
I travel to Cumbria to get a better 0.778
appreciation of nature.
I travel to Cumbria to escape 0.436
from the daily routine.
Self-development I travel to Cumbria to develop 0.653 13.234 0.765
my skills and abilities.
I travel to Cumbria to get 0.649
outside of my comfort zone.
I travel to Cumbria to gain a 0.602
sense of accomplishment.
I travel to Cumbria to experience a 0.438
new culture and meet new people.
Relationship and recognition I travel to Cumbria to share skills 0.655 6.737 0.700
with others/showing what I can do.
I travel to Cumbria to connect 0.621
with friends or relatives living
in other locations.
I travel to Cumbria to meet new people 0.602
who enjoy the same things as I do.
I travel to Cumbria as it is a destination 0.442
that would impress others.
Autonomy I travel to Cumbria to do 0.792 4.761 0.877
things my own way.
I travel to Cumbria to be independent. 0.782
Nostalgia I travel to Cumbria to think about 0.854 3.228 0.871
good times I have had in the past.
I travel to Cumbria to reflect 0.832
on past memories.
Novelty and stimulation I travel to Cumbria to experience 0.669 2.930 0.702
thrills or excitement.
I travel to Cumbria to explore the 0.592
unknown/do something new.
I travel to Cumbria to seek 0.574

fun and enjoyment.

Note: Exploratory Factor Analysis: Extraction method: Principal Axis Factoring, Rotation method: Varimax.

contributing to more targeted and effective tourism strategies
in the region.

51 | RQ1

This study found five clusters (Reserved Explorers, Culturally
Curious, Diligent Adventurers, Social Explorers and Balanced
Explorers) of tourists visiting Cumbria. This is to suggest that

a mobile platform recognizing tourists' segments in the county
of Cumbria will cluster them into groups with different char-
acteristics based on their personality traits, travel motivations
and activities in the destination. Algorithms will be formed
based on the interactions of tourists with the technology and
patterns will reveal the cluster each tourist is more likely to
belong to. This section will present and discuss the character-
istics of these clusters and the strategies to create engagement
with them.
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TABLE 5 | Visitor activities: Constructs and items.

Cumulative
Factor interpretation
Measuring item loading variance (%) Cronbach’s o
Local culture While in Cumbria, I choose to visit 0.835 20.823 0.799
monuments (e.g., castles, churches,
historic houses) parks, and gardens.
While in Cumbria, I choose 0.821
to visit museums.
While in Cumbria, I choose to 0.671
visit exhibitions/art galleries.
While in Cumbria, I choose to visit 0.536
archaeological sites/ruins.
While in Cumbria, I choose to take 0.503
boat trips to explore the destination.
Thematic activities While in Cumbria, I choose to engage in 0.786 15.968 0.786
thematic sports (e.g., horse riding, archery).
While in Cumbria, I choose to participate 0.689
in food and beverage masterclasses.
While in Cumbria, I choose to participate 0.643
in sporting competitions (e.g., trail
running, cycling competition).
Recreation and adventure While in Cumbria, I choose to practice 0.725 9.057 0.700
wild swimming/forest bathing.
While in Cumbria, I choose to 0.669
practice hiking/mountaineering/
long walks in nature.
While in Cumbria, I choose to do 0.594
adventure activities on water (e.g.,
sailing, canoeing, diving, jet skiing).
While in Cumbria, I choose to do 0.487
adventure activities on the land (rock
climbing/abseiling/off road).
Entertainment While in Cumbria, I choose to attend 0.916 5.040 0.723
cultural activities/artistic performances.
While in Cumbria, I choose to 0.538
attend festivals/concerts.
While in Cumbria, I choose to take boat 0.520
trips for the historical value of the route.
Health and wellbeing While in Cumbria, I choose to 0.838 4.049 0.862
go to a SPA/beauty centre.
While in Cumbria, I choose to undergo 0.804
health and wellness treatments.
Note: Exploratory Factor Analysis: Extraction method: Principal Axis Factoring, Rotation method: Varimax.
5.2 | Cluster 1—The Reserved Explorers comfortable, and more solitary travel experiences. They also

have the highest negative emotionality (21.00) among all clus-

This cluster named Reserved Explorers due to their personality ~ ters, which might influence their choice of more predictable and

characterised by the lowest open-mindedness (18.89) and extra- less adventurous travel experiences. Their travel motivations
version (15.50) scores, which indicates a preference for familiar, align with nature escape (13.16) and self-development (10.83).
11 of 22

85UB017 SUoWWOD aAIIeRID o|edljdde sy Aq peusenob ate sajoile O esn Jo Sajni Joj Arliq1T 8UIUO 4|1/ UO (SUONIPUOD-PUe-SLLB)W0D A8 | 1M ARelg 1[I UO//SANY) SUONIPUCD pue swie | 8y} 8es *[520z/20/52] uo Arigiauljuo As|im s91 Ag 9000, 11/200T 0T/10p/woo Ao imArelq i puljuoy//:sdny wouy pepeojumod ‘T ‘G202 ‘0L6TZZST



Dendrogram using Ward Linkage

Rescaled Distance Cluster Combine

FIGURE1 | Dendrogram with clusters (results from hierarchical clustering).

With a high interest in local culture (16.01), this cluster's inter- Demographically, this cluster is predominantly female (80.5%),

ests involve immersion in local activities, such as visiting mu- with a notable presence across 50-59: 49 (23.9%) and 60+: 61
seums, art galleries, archaeological sites, and less aligned with (29.8%) age groups. Most travellers in this cluster are from the
high-energy activities like entertainment and adventure. United Kingdom (82.9%), and the educational background is
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TABLE 6 | Mean score of segments.

Final cluster centers

Cluster
1 2 3 4 5 F test ANOVA Sig.
Open mindedness 18.89 24.42 22.01 20.94 20.11 71.904 0.000
Conscientiousness 20.85 19.91 24.56 22.55 24.06 68.390 0.000
Extraversion 15.50 20.26 22.56 20.06 20.63 132.822 0.000
Agreeableness 23.65 22.47 25.80 23.72 23.71 29.008 0.000
Negative emotionality 21.00 18.85 13.56 16.34 12.84 191.012 0.000
Nature escape 13.16 13.43 13.01 7.72 12.80 389.144 0.000
Self-development 10.83 13.41 15.56 13.47 11.45 96.165 0.000
Relationship and recognition 8.52 9.68 12.78 12.81 8.97 148.781 0.000
Autonomy 6.32 7.22 8.12 9.02 6.45 104.958 0.000
Nostalgia 6.56 6.38 7.63 6.32 5.84 25.388 0.000
Novelty and stimulation 10.06 11.44 12.51 11.25 10.87 46.610 0.000
Local culture 16.01 17.51 18.00 10.63 13.44 175.364 0.000
Thematic activities 4.96 5.77 7.76 8.78 5.03 134.451 0.000
Recreation and adventure 10.15 12.47 13.41 8.75 11.12 87.939 0.000
Entertainment 6.82 8.10 9.97 11.51 6.08 247.890 0.000
Health and wellbeing 3.61 3.84 5.16 3.67 3.41 35.950 0.000

varied, including high school (12.2%), college (27.3%), under-
graduate (29.3%), master's degree (13.2%), and postgraduate
(11.7%) levels. Overall, these tourists prefer structured and pre-
dictable travel experiences, valuing comfort, and familiarity
over novelty and adventure.

The characteristics of this cluster should allow mobile platforms
effective marketing strategies to promote nature getaways, se-
rene landscapes, and cultural heritage tours to appeal to this
group's distinct preferences for cultural and nature exploration.
Users in this platform will receive travel packages with less so-
cial experiences in less crowded settings that align with their
reserved nature.

5.3 | Cluster 2—The Culturally Curious

This cluster owes its name to the highest score in open-
mindedness (24.42) and lower negative emotionality (18.85).
Tourists within this cluster characterized by a strong curiosity
and willingness to engage in new experiences. Their moder-
ate conscientiousness (19.91) and extraversion (20.26) suggest
a balanced approach to planning and social interactions. Their
travel motivations are geared towards self-development (13.41),
novelty and stimulation (11.44), and they have a high interest in
local culture (17.51), and recreational adventure (12.47).

A diverse group in terms of age and nationality, with a skew
towards younger and middle-aged adults 18-29 (21.3%); 30-39

(20.8%); 40-49 (16.2%). The majority is actively employed
(58.3%), and substantial proportion of travellers are from the
United Kingdom (77.8%). The educational background is varied,
with a noticeable representation of those with undergraduate
(32.9%) and postgraduate (21.8%) qualifications.

Overall, this cluster includes individuals who seek culturally
enriching experiences, are open to new ideas and adventures,
and value a mix of structured and spontaneous travel activities.
Technology recognizing tourists within this segment will pro-
mote marketing strategies focusing on the unique and diverse
offerings of the destination, highlighting off-the-beaten-path
and culturally enriching experiences, but also adventure sports,
nature trails, educational workshops, and opportunities for self-
discovery and adventure.

5.4 | Cluster 3—The Diligent Adventurers

Members in this cluster characterized by the highest conscientious-
ness (24.56), extraversion (22.56) and agreeableness (25.80) among
all clusters, combined with lower negative emotionality (13.56),
indicating a preference for well-organized and harmonious social
interactions. Their motivations in self-development (15.56), rela-
tionship recognition (12.78), nature escape (13.01), and novelty and
stimulation (12.51) reflect a desire for enriching, fun and meaning-
ful travel experiences. This cluster demonstrates the highest affinity
for nostalgia (7.63) compared to others, reflecting a fondness for
reminiscing past experiences. This group demonstrates a significant
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FIGURE 2 | Cluster centres.

interest in local culture (18.00), favouring museum visits, historical
exploration, but also recreational adventures (13.41). Additionally,
they show the greatest preference for health and wellbeing activi-
ties (5.16) among all clusters, indicating a focus on experiences that
enhance physical and mental wellness.

Demographically, this cluster comprises more female (59.8%)
than male (37.9%) travellers. The age distribution shows a bal-
anced representation across different age groups, with a nota-
ble presence in the 50-59 (24.9%) and 60+ (24.9%) categories. A
considerable proportion of travellers in this cluster are from the
United Kingdom (79.3%). In terms of education, a notable num-
ber of individuals have an undergraduate (28.2%) degree, and
the majority visited the destination 5 times or more (56.0%).

Overall, they represent tourists who value structured, enriching,
and socially fulfilling travel experiences, combining a desire for
personal growth with a preference for comfortable and familiar
settings. Tourists clustered in this group by the mobile platform
will receive marketing offers focused on opportunities for cul-
tural learning, community interaction, and health and wellbeing
related activities.

5.5 | Cluster 4—The Social Explorers

This cluster named Social Explorers because of their elevated
levels of open-mindedness (20.94), conscientiousness (22.55),
extraversion (20.06), and agreeableness (23.72), with a lower
level of negative emotionality (16.34). Motivations of these
tourists show a strong inclination towards relationship recog-
nition (12.81) and autonomy (9.02), enjoying recognition for
their unique choices while also valuing the freedom to explore
and engage with the destination on their own terms. With a
strong preference for entertainment (11.51), and thematic ac-
tivities (8.78), this cluster has a desire for excitement and stim-
ulation during their travels.

Demographically, this is a slightly female-dominated compo-
sition (61.7%) and a notable presence in the 18-29 (20.9%) and
30-39 (21.3%) age groups, indicates younger demographic. Most
of the travellers are from the United Kingdom (80.2), with a size-
able portion being employed (64.4%) or self-employed (19.8%).
The educational background is varied, with a substantial num-
ber of individuals holding undergraduate (29.6%) and master's
degrees (18.2%).
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Overall, this cluster is socially engaged, culturally open, and
dynamic, with interests in interactive and themed travel experi-
ences. Algorithm clustering tourists in this group will emphasize
promoting opportunities for social interaction and community
engagement, such aslocal festivals, group tours, social gatherings,
and networking events, but also authentic local experiences that
allow them to immerse themselves in the destination's culture.

5.6 | Cluster 5—The Balanced Explorers

Lastly, Balanced Explorers exhibit high levels of open-
mindedness (20.11), conscientiousness (24.06), and agreeable-
ness (23.71), with higher extraversion (20.63) and the lowest
negative emotionality (12.84) among the clusters. Their travel
motivation reveals significant inclination towards nature es-
cape (12.80), suggesting a desire to enjoy natural environments
and seek relaxation away from their usual settings. Their inter-
est in self-development (11.45) indicates a preference for expe-
riences that contribute to personal growth and learning. With
a notable interest in local culture (13.44), they enjoy immersive
experiences that involve understanding and engaging with the
cultural aspects of their travel destinations. Additionally, their
affinity for recreation and adventure (11.12) suggests they are
also drawn to activities that offer physical engagement.

Demographically, this cluster consists of an older age group,
with a considerable proportion in the 50-59 (28.1%) and 60+
(29.1%) age brackets. The gender distribution comprises 56.6%
females, with many travellers being from the United Kingdom
(86.4%). The educational background is diverse, with a notable
presence of individuals with undergraduate (32.5%) and post-
graduate (16.2%) degrees.

Overall, these tourists seek travel experiences that offer a mix
of cultural immersion, personal growth, natural escapism, and
recreation. Mobile technology will promote activities that focus
on personal growth, with customizable itineraries that allow
them to choose a mix of nature and culture.

The current study extends Plog's (1974) foundational research
on tourist typologies by identifying similar behavioural typol-
ogies within the same destination. Tourists are categorized
into five clusters: Reserved Explorers, Culturally Curious,
Diligent Adventurers, Social Explorers, and Balanced
Explorers—each with distinct preferences and motivations
that align with Plog's psychocentric-allocentric spectrum.
Plog's Dependables prefer familiar, safe, and structured desti-
nations, often revisiting the same locations for predictability
and comfort. In contrast, Venturers seek unique, less tour-
isty destinations, embracing novel experiences and cultural
immersion. The Reserved Explorers resemble Dependables
in their preference for familiar, low-intensity experiences
and predictability. Conversely, the Culturally Curious illus-
trate Venturers in their open-mindedness and eagerness for
diverse cultural activities. The Diligent Adventurers and
the Social Explorers bridge the gap, incorporating elements
of both Dependable and Venturer characteristics. Diligent
Adventurers align with the structured and health-conscious
aspects of Dependables, but are open to cultural activities like
Venturers. Social Explorers share Venturers' enthusiasm for

new experiences and stimulation but also value relationships
and group activities like Dependables. Finally, the Balanced
Explorers align with the mid-centric position on Plog's con-
tinuum, blending aspects of both Dependables and Venturers
with their high open-mindedness and extraversion, while ap-
preciating structure and comfort. These findings reveal that
the diversity in traveller behaviours and motivations extends
beyond the choice of destination, highlighting the varied ways
in which different types of tourists engage with and experi-
ence the same destination.

Similarly, certain clusters show clear parallels with
Cohen's (1972, 1974, 1979) types, indicating that contemporary
travellers often blend characteristics, revealing more nuanced
and diverse behaviours and motivations than Cohen's original
framework implies. For instance, the Reserved Explorers align
with the Organized Mass Tourist in their preference for famil-
iarity and structure, but their deep interest in local culture adds
complexity not captured by Cohen's (1972) typology. Similarly,
the Culturally Curious share the Explorers’ openness to new
experiences and cultural engagement, but their balanced ap-
proach to planning introduces a structured element not typ-
ically associated with Explorers. The Diligent Adventurers
combine the organized, enriching experiences of the Individual
Mass Tourist with a strong focus on health, wellbeing, and cul-
tural activities, reflecting evolving traveller priorities. Social
Explorers, reminiscent of Drifters in their quest for novelty and
social interaction, also value comfort and structure, blending
spontaneity with planning. The Balanced Explorers integrate
the adventurous spirit of Explorers with the structured com-
fort of Individual Mass Tourists, demonstrating a mix of open-
mindedness, conscientiousness, and extraversion.

57 | RQ2

This study explores whether identified segments exhibit signif-
icant socio-demographic differences, providing a deeper under-
standing of the visitor profile in Cumbria. Results underscore
the superiority of personality trait-based segmentation over
traditional methods based on demographics or travel patterns.
Delineating these distinct tourist segments, the study provides
invaluable insights for the tourism industry, informing targeted
marketing, efficient resource allocation, product development,
and customized services (Cha et al. 2024).

This research recognizes the noticeable shift in focus from
socio-demographic to behavioural and psychographic factors,
(Li and Kovacs 2024) and offer a more intricate understanding
of tourist behaviours and preferences. This approach, combin-
ing personality traits, travel motivations and activities, achieves
a multidimensional analysis, enriching the understanding of
tourist segments. Results explain detailed and accurate profiling
of tourists, addressing the dynamic complexity of contemporary
tourist behaviour, a dimension often overlooked by conventional
segmentation.

Furthermore, research expands on the use of technology as a
vital, dynamic tool for the evolving creation of tourist clus-
ters. Digital footprints offer a more precise and efficient data
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collection than traditional data collection methods like surveys
and interviews, providing insights into tourists' behaviours. This
technique is less labour-intensive and enables the collection of
larger, year-round data samples, leading to a more comprehen-
sive understanding of tourist activities (Dong et al. 2023). Digital
footprints' benefits include precise location tracking, detailed be-
havioural data, reduced costs, and the capacity to manage large
sample sizes. These advantages significantly improve the con-
trol and understanding of the diversity in individual recreational
behaviours (Barros, Gutiérrez, and Garcia-Palomares 2022).
Analysing behavioural patterns through mobile phone usage
and digital interactions allows for finer distinctions in tourist
groupings. Dolnicar and Leisch (2017) highlight the importance
of using various algorithms and conducting iterative analyses in
data-driven tourist segmentation to accommodate variability in
results and the exploratory nature of such studies.

6 | Conclusion

The study identifies the distinct visitor segments based on per-
sonality traits, motivations, and visitor activities in Cumbria.
This research is guided by two primary research questions:

+ (RQ1) seeks to identify and characterize the unique visitor
segments that emerge when visitors are clustered according
to their personality traits, motivations, and activities.

« (RQ2) explores whether these identified segments exhibit
significant socio-demographic differences, thereby provid-
ing a deeper understanding of the visitor profile in Cumbria.

Traditionally, tourist segmentation heavily relies on demo-
graphic and behavioural data collected through surveys, which
can be cumbersome, time-consuming, and prone to biases. The
quantitative analysis of 1217 surveys revealed five distinct visi-
tor segments (Reserved Explorers, Culturally Curious, Diligent
Adventurers, Social Explorers, Balanced Explorers) in Cumbria
with distinct behaviours. These profiles highlight the heteroge-
neity within Cumbria’s visitor market concerning their person-
alities, motivations, and preferred activities.

6.1 | Theoretical Implications

Despite existing studies exploring the influence of personality
traits and travel motivations on visitor activities (e.g., Kovaci¢
et al. 2022; Alves et al. 2023) and the link between personality
traits, activities, and technology usage (e.g., Beierle et al. 2020;
Stachl et al. 2017; Chittaranjan, Blom, and Gatica-Perez 2013),
the application of personality traits and travel motivations as a
basis for segmenting tourist markets represents an innovative
approach for a local DMO. Currently, local DMO uses surveys to
gather comprehensive information on visitor profiles, covering
demographics, visitation patterns, motivations transportation,
expenditures, activities, overall experiences, and trip satisfac-
tion. Technology now allows for more sophisticated and con-
tinuous data collection methods, which significantly enhance
segmentation accuracy and relevance. Traditional methods,
like the one-off surveys conducted once every 2years, offer
limited insights and quickly outdated results. Our research

incorporating digital footprints and real-time data can pro-
vide a more dynamic and ongoing understanding of tourist be-
haviours. This shift from static to continuous data collection is a
crucial theoretical contribution, emphasizing the importance of
real-time analytics in tourism studies.

Employing factor analysis and clustering techniques, this multi-
dimensional segmentation model surpasses conventional de-
mographic or motivation-based approaches, contributing to
theoretical enrichment within the field of tourist segmentation
and destination management. Thereafter, this study adds the-
oretical contributions to advance understanding of destination
management and tourist segmentation.

While there are clear parallels between certain clusters and
tourist typologies such as Plog's (1974) and Cohen's (1972, 1974,
1979), contemporary travellers often embody a blend of char-
acteristics from multiple typologies, indicating that tourist be-
haviours and motivations are more nuanced and diverse than
what these original frameworks suggest. This underscores the
inadequacy of rigid categorizations. Travelers today are more
likely to exhibit fluid preferences that shift based on context,
personal development goals, and situational motivations. As
a result, the diversity and complexity in traveller behaviours
highlight the need for more dynamic and flexible frameworks
to better understand and cater to the multifaceted nature of con-
temporary tourism. This nuanced understanding can enhance
destination marketing, travel planning, and the overall tourist
experience by acknowledging and accommodating the broad
spectrum of traveller preferences and motivations.

Furthermore, while the specific clusters identified in our study
are tailored to a particular destination, the underlying method-
ology is applicable and can be adapted to various contexts. It is
likely that different clusters might occur in different destina-
tions or tourism businesses. This flexible framework allows for
its application across different destinations and types of tourism
products. For instance, other tourism destinations, hotels, or
theme parks can adopt this methodology to better understand
and segment their visitors.

6.2 | Practical Implications

The practical implications offer valuable insights for Cumbria’s
tourism industry. The identified visitor clusters provide a basis
for tailoring marketing communications and product devel-
opment to align with the unique preferences of each segment,
thereby fostering enduring relationships and loyalty. Moreover,
the study suggests that DMOs can benefit from integrating dig-
ital footprints, such as mobile app usage, to continuously and
in real-time update tourist clusters. Implementing personality
traits in the segmentation process enhances adaptability and
reflects evolving behaviours, aligning with the contemporary
trend of utilizing technology for more efficient and insightful
tourism research.

For instance, we suggest using a mobile app informed by our al-
gorithms, DMOs can continuously track and analyse visitor be-
haviour, leading to more precise and actionable insights. This
approach not only enhances the segmentation process, but also
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allows DMOs to tailor their marketing efforts more effectively, re-
sponding promptly to emerging trends and preferences. The study
informs DMOs that their market can be clustered based on digital
footprints, which challenges the traditional socio-demographic
segmentation. This strategy encourages DMOs to capitalise on
available technology and digital footprint gaining competitive ad-
vantage through more personalise experience and effective mar-
keting. By embracing these advancements, DMOs can transition
from periodic, limited data collection through surveys to a con-
tinuous, data-driven approach through mobile apps algorithms,
enabling them to identify and track behaviours more accurately
and adapt their strategies in real time. Overall, this study pro-
vides initial guidance for DMOs globally and encourages further
research into the necessary capacities and strategies to navigate
the ongoing digital transformation in tourism.

7 | Limitations and Future Research

The study is limited to visitors within Cumbria, warranting
cautious extrapolation of findings. Future studies can validate
if similar clustering patterns manifest in other destinations.
Additionally, qualitative investigations can provide deeper
insights into the cognitive and emotional factors underlying
cluster behaviours. Longitudinal designs tracking future travel
patterns may also substantiate cluster distinctions. Overall, this
study serves as a foundation to re-examine tourist segmentation
through an expanded lens encompassing personality, motiva-
tion, activities, and demographic variables within varied geo-
graphical contexts.

Future research will build upon the theoretical groundwork
laid in this study by transitioning to practical implementation
for collecting actual usage data, focusing on participants’ digi-
tal footprints. This includes developing and deploying a mobile
application designed to gather and analyse digital footprints
and other relevant data, with the goal of refining and adapting
identified clusters based on real-world behavioural patterns.
The initial phase has established a foundational knowledge base
necessary for advancing to more sophisticated data collection
methodologies. Integrating digital footprints into the analysis is
crucial for gaining a comprehensive understanding of contem-
porary tourist behaviours and motivations. While the current
work remains theoretical, upcoming phases will involve practi-
cal application and experimentation, guided by insights gained
from this study. This approach aims to enhance the validity and
applicability of findings, contributing to the ongoing evolution
of tourism research and practice.

Data Availability Statement

Data will be made available from corresponding author upon reason-
able request.

References

Ahani, A., M. Nilashi, O. Ibrahim, L. Sanzogni, and S. Weaven. 2019.
“Market Segmentation and Travel Choice Prediction in Spa Hotels Through
TripAdvisor's Online Reviews.” International Journal of Hospitality
Management 80: 52-77. https://doi.org/10.1016/j.ijhm.2019.01.003.

Alsayat, A. 2023. “Customer Decision-Making Analysis Based on Big
Social Data Using Machine Learning: A Case Study of Hotels in Mecca.”
Neural Computing and Applications 35: 4701-4722. https://doi.org/10.
1007/s00521-022-07992-x.

Alves, P., H. Martins, P. Saraiva, J. Carneiro, P. Novais, and G. Marreiros.
2023. “Group Recommender Systems for Tourism: How Does Personality
Predict Preferences for Attractions, Travel Motivations, Preferences and
Concerns?” User Modeling and User-Adapted Interaction 33, no. 5: 1141-
1210. https://doi.org/10.1007/s11257-023-09361-2.

Alves, P., P. Saraiva, J. Carneiro, et al. 2020. “Modeling Tourists'
Personality in Recommender Systems: How Does Personality Influence
Preferences for Tourist Attractions?” In Proceedings of the 28th ACM
Conference on User Modeling, Adaptation and Personalization (4-13).

Bickstrom, M., F. Bjorklund, R. Persson, and A. Costa. 2020. “Five-
Factor Personality Inventories Have a Competence-Related Higher-
Order Factor due to Item Phrasing.” Frontiers in Psychology 11:
557544.

Barros, C., J. Gutiérrez, and J. Garcia-Palomares. 2022. “Geotagged
Data From Social Media in Visitor Monitoring of Protected Areas; a
Scoping Review.” Current Issues in Tourism 25: 1399-1415.

Bayarsaikhan, T.,S.-T.Kim,and T.-H. Gim. 2020. “International Tourists’
Destination Choice Differences According to Plog's Personality Types:
Analyzing the Case of Mongolia Based on the Recreation Opportunity
Spectrum.” International Journal of Urban Sciences 24, no. 4: 485-515.
https://doi.org/10.1080/12265934.2020.1771195.

Beierle, F., T. Probst, M. Allemand, et al. 2020. “Frequency and Duration
of Daily Smartphone Usage in Relation to Personality Traits.” Digital
Psychology 1, no. 1: 20-28. https://doi.org/10.24989/dp.v1i1.1821.

Bleidorn, W., P. L. Hill, M. D. Back, et al. 2019. “The Policy Relevance of
Personality Traits.” American Psychologist 74, no. 9: 1056-1067.

Boyd, R. L., P. Pasca, and K. Lanning. 2020. “The Personality
Panorama: Conceptualizing Personality Through Big Behavioural
Data.” European Journal of Personality 34, no. 5: 599-612. https://doi.
org/10.1002/per.2254.

Buhalis, D., P. O'Connor, and R. Leung. 2022. “Smart Hospitality: From
Smart Cities and Smart Tourism Towards Agile Business Ecosystems
in Networked Destinations.” International Journal of Contemporary
Hospitality Management 35, no. 1: 369-393.

Cao, Z., H. Xu, and B. T. S. Xian. 2022. “Chinese Tourists in Malaysia:
An Analysis of Spatio-Temporal Behavior Based on Tourism Digital
Footprints.” IEEE Access 10: 122047-122060.

Capar, G., T. Pala, and D. Toks6z. 2022. “Travel Itch as a New
Phenomenon.” Tourism and Hospitality Management 28, no. 1: 83-99.

Ceylan, D., B. Cizel, and H. Karakas. 2021. “Destination Image
Perception Patterns of Tourist Typologies.” International Journal of
Tourism Research 23, no. 3: 401-416.

Cha, J.,M.Jo, T.J. Lee, and S. S. Hyun. 2024. “Characteristics of Market
Segmentation for Sustainable Medical Tourism.” International Journal
of Tourism Research 26, no. 1: €2626.

Chittaranjan, G., J. Blom, and D. Gatica-Perez. 2013. “Mining Large-
Scale Smartphone Data for Personality Studies.” Personal and
Ubiquitous Computing 17: 433-450.

Cho, M., M. A. Bonn, and J. Li. 2019. “Differences in Perceptions
About Food Delivery Apps Between Single-Person and Multi-Person
Households.” International Journal of Hospitality Management 77:
108-116.

Choe, Y., and D. R. Fesenmaier. 2021. “Designing an Advanced System
for Destination Management: A Case Study of Northern Indiana.”
Industrial Management & Data Systems 121, no. 6: 1167-1190.

Cohen, E. 1972. “Toward a Sociology of International Tourism.” Social
Research: An International Quarterly 39: 164-182.

19 of 22

85UB017 SUoWWOD aAIIeRID o|edljdde sy Aq peusenob ate sajoile O esn Jo Sajni Joj Arliq1T 8UIUO 4|1/ UO (SUONIPUOD-PUe-SLLB)W0D A8 | 1M ARelg 1[I UO//SANY) SUONIPUCD pue swie | 8y} 8es *[520z/20/52] uo Arigiauljuo As|im s91 Ag 9000, 11/200T 0T/10p/woo Ao imArelq i puljuoy//:sdny wouy pepeojumod ‘T ‘G202 ‘0L6TZZST


https://doi.org/10.1016/j.ijhm.2019.01.003
https://doi.org/10.1007/s00521-022-07992-x
https://doi.org/10.1007/s00521-022-07992-x
https://doi.org/10.1007/s11257-023-09361-2
https://doi.org/10.1080/12265934.2020.1771195
https://doi.org/10.24989/dp.v1i1.1821
https://doi.org/10.1002/per.2254
https://doi.org/10.1002/per.2254

Cohen, E. 1974. “Who Is a Tourist?: A Conceptual Clarification.”
Sociological Review 22, no. 4: 527-555. https://doi.org/10.1111/j.1467-
954X.1974.tb00507.X.

Cohen, E. 1979. “A Phenomenology of Tourist Experiences.” Sociology:
The Journal of the British Sociological Association 13, no. 2: 179-201.
https://doi.org/10.1177/003803857901300203.

Cumbria LEP. 2023. “Visitor Economy.” https://www.thecumbrialep.
co.uk/visitor-economy/.

Cumbria Tourism. 2022. “Cumbria Visitor Research 2022.” https://
www.cumbriatourism.org/product/cumbria-visitor-survey-2022/.

Dann, G. M. S.1977. “Anomie, Ego-Enhancement and Tourism.” Annals
of Tourism Research 4, no. 4: 184-194.

Degnet, M., H. Hansson, M. Hoogstra-Klein, and A. Roos. 2022. “The
Role of Personal Values and Personality Traits in Environmental
Concern of Non-Industrial Private Forest Owners in Sweden.” Forest
Policy and Economics 141: 102767. https://doi.org/10.1016/j.forpol.2022.
102767.

Destination Canada. 2024. “What Is Explorer Quotient?” https://www.
destinationcanada.com/en/tools.

Dolnicar, S., and F. Leisch. 2017. “Using Segment Level Stability to
Select Target Segments in Data-Driven Market Segmentation Studies.”
Marketing Letters 28: 423-436.

Dong, W., Q.Kang, G. Wang, B. Zhang, and P. Liu. 2023. “Spatiotemporal
Behavior Pattern Differentiation and Preference Identification of
Tourists From the Perspective of Ecotourism Destination Based on the
Tourism Digital Footprint Data.” PLoS One 18, no. 4: €0285192.

Errichiello, L., R. Micera, M. Atzeni, and G. Del Chiappa. 2019.
“Exploring the Implications of Wearable Virtual Reality Technology
for Museum Visitors' Experience: A Cluster Analysis.” International
Journal of Tourism Research 21: 590-605. https://doi.org/10.1002/
jtr.2283.

Field, A. P. 2018. Discovering Statistics Using IBM SPSS Statistics. 5th
ed. Sage.

Ghosh, P., and S. Mukherjee. 2023. “Understanding Tourist Behaviour
Towards Destination Selection Based on Social Media Information: An
Evaluation Using Unsupervised Clustering Algorithms.” Journal of
Hospitality and Tourism Insights 6, no. 2: 754-778.

Gretzel, U. 2022. “The Smart DMO: A New Step in the Digital
Transformation of Destination Management Organizations.” European
Journal of Tourism Research 30: 3002.

Gretzel, U., M. Sigala, Z. Xiang, and C. Koo. 2015. “Smart Tourism:
Foundations and Developments.” Electronic Markets 25: 179-188.

Griffith, D. A., and P. J. Albanese. 1996. “An Examination of Plog's
Psychographic Travel Model Within a Student Population.” Journal of
Travel Research 34, no. 4: 47-51.

Hair, J.F., W. C. Black, B.J. Babin,and R. E. Anderson. 2014. Multivariate
Data Analysis. Pearson Education Limited. Knapp.

Hinds, J., and A. Joinson. 2019. “Human and Computer Personality
Prediction From Digital Footprints.” Current Directions in Psychological
Science 28, no. 2: 204-211.

Hossain, T. M. T., and M. Amin. 2015. “Innovative Mobile Marketing
Strategies for Tourism Sector Using Segmentation for Targeted and
Effective Marketing Programs.” In International Journal of Academic
Conference Proceedings (IJACP), International Conference on Business
Management & IS. Singapore.

Hoxter, A. L., and D. Lester. 1988. “Tourist Behavior and Personality.”
Personality and Individual Differences 9, no. 1: 177-178.

Hsu, C. H. C., L. A. Cai, and M. Li. 2010. “Expectation, Motivation, and
Attitude: A Tourist Behavioral Model.” Journal of Travel Research 49,
no. 3: 282-296.

Iso-Ahola, S. E. 1983. “Towards a Social Psychology of Recreational
Travel.” Leisure Studies 2, no. 1: 45-56.

Jackson, M., G. White, and M. G. White. 2001. “Developing a Tourist
Personality Typology.” In CAUTHE 2001: Capitalising on Research;
Proceedings of the 11th Australian Tourism and Hospitality Research
Conference, University of Canberra Press, 177.

Jackson, M. S., and R. Inbakaran. 2006. “Development of a Tourist
Personality Inventory.” CAUTHE 2006: To the City and Beyond, 932.

Jackson, M. S., C. L. Schmierer, and G. N. White. 1999. “Is There a Unique
Tourist Personality Which Is Predictive of Tourist Behaviour?” 45.

Jeong, Y., S. Zielinski, J. Chang, and S. Kim. 2018. “Comparing
Motivation-Based and Motivation-Attitude-Based Segmentation of
Tourists Visiting Sensitive Destinations.” Sustainability (Basel) 10, no.
10: 3615. https://doi.org/10.3390/SU10103615.

Katifori, A., M. Vayanou, A. Antoniou, P. Ioannidis, and Y. Ioannidis.
2019. “Big Five and Cultural Experiences: Impact From Design to
Evaluation.” In Adjunct Publication of the 27th Conference on User
Modeling, Adaptation and Personalization (UMAP’'19 Adjunct), 363-
369. Association for Computing Machinery. https://doi.org/10.1145/
3314183.3323861.

Kesenheimer, J. S., and T. Greitemeyer. 2021. “Going Green (and Not
Being Just More Pro-Social): Do Attitude and Personality Specifically
Influence Pro-Environmental Behavior?” Sustainability 13, no. 6: 3560.
https://doi.org/10.3390/su13063560.

Khoi, N. H., N. D. Phong, and A. N. H. Le. 2020. “Customer Inspiration
in a Tourism Context: An Investigation of Driving and Moderating
Factors.” Current Issues in Tourism 23, no. 21: 2699-2715.

Kim, D., and S. Kim. 2017. “The Role of Mobile Technology in Tourism:
Patents, Articles, News, and Mobile Tour App Reviews.” Sustainability
9, no. 11: 2082. https://doi.org/10.3390/su9112082.

Knapp, H. 2018. Intermediate Statistics Using SPSS. SAGE Publications, Inc.

Kovacic¢, S., T. Jovanovi¢, M. D. Vuji¢i¢, A. M. Morrison, and J. Kennell.
2022. “What Shapes Activity Preferences? The Role of Tourist Personality,
Destination Personality and Destination Image: Evidence From Serbia.”
Sustainability 14, no. 3: 1803. https://doi.org/10.3390/su14031803.

Li, P. Q, and J. F. Kovacs. 2024. “Creative Tourism and Visitor
Motivation.” International Journal of Tourism Research 26, no. 1: e2601.

Madavarapu, J. 2023. “Electronic Data Interchange Analysts Strategies
to Improve Information Security While Using EDI in Healthcare
Organizations.” University of the Cumberlands, Available From
ProQuest Central; ProQuest Dissertations & Theses Global.

Maghrifani, D., F. Liu, and J. Sneddon. 2022. “Understanding Potential
and Repeat Visitors' Travel Intentions: The Roles of Travel Motivations,
Destination Image, and Visitor Image Congruity.” Journal of Travel
Research 61, no. 5: 1121-1137.

Marengo, D., and C. Montag. 2020. “Digital Phenotyping of Big Five
Personality via Facebook Data Mining: A Meta-Analysis.” Digital
Psychology 1, no. 1: 52-64.

McCrae, R. R., and P. T. Costa Jr. 2013. “Introduction to the Empirical
and Theoretical Status of the Five-Factor Model of Personality Traits.”
In Personality Disorders and the Five-Factor Model of Personality, ed-
ited by T. A. Widiger and P. T. Costa Jr., 15-27. American Psychological
Association.

McKercher, B., D. Tolkach, M. Eka, M. Ni, and G. N. Byomantara Dewa.
2022. “Choosing the Optimal Segmentation Technique to Understand
Tourist Behaviour.” Journal of Vacation Marketing 29, no. 1: 71-83.
https://doi.org/10.1177/13567667221078240.

Mehmetoglu, M. 2004. “A Typology of Tourists From a Different Angle.”
International Journal of Hospitality & Tourism Administration 5: 69-90.
https://doi.org/10.1300/J149v05n03_05.

20 of 22

International Journal of Tourism Research, 2025

85UB017 SUoWWOD aAIIeRID o|edljdde sy Aq peusenob ate sajoile O esn Jo Sajni Joj Arliq1T 8UIUO 4|1/ UO (SUONIPUOD-PUe-SLLB)W0D A8 | 1M ARelg 1[I UO//SANY) SUONIPUCD pue swie | 8y} 8es *[520z/20/52] uo Arigiauljuo As|im s91 Ag 9000, 11/200T 0T/10p/woo Ao imArelq i puljuoy//:sdny wouy pepeojumod ‘T ‘G202 ‘0L6TZZST


https://doi.org/10.1111/j.1467-954X.1974.tb00507.x
https://doi.org/10.1111/j.1467-954X.1974.tb00507.x
https://doi.org/10.1177/003803857901300203
https://www.thecumbrialep.co.uk/visitor-economy/
https://www.thecumbrialep.co.uk/visitor-economy/
https://www.cumbriatourism.org/product/cumbria-visitor-survey-2022/
https://www.cumbriatourism.org/product/cumbria-visitor-survey-2022/
https://doi.org/10.1016/j.forpol.2022.102767
https://doi.org/10.1016/j.forpol.2022.102767
https://www.destinationcanada.com/en/tools
https://www.destinationcanada.com/en/tools
https://doi.org/10.1002/jtr.2283
https://doi.org/10.1002/jtr.2283
https://doi.org/10.3390/SU10103615
https://doi.org/10.1145/3314183.3323861
https://doi.org/10.1145/3314183.3323861
https://doi.org/10.3390/su13063560
https://doi.org/10.3390/su9112082
https://doi.org/10.3390/su14031803
https://doi.org/10.1177/13567667221078240
https://doi.org/10.1300/J149v05n03_05

Montag, C., P. Dagum, B. J. Hall, and J. D. Elhai. 2021. “Do We Still Need
Psychological Self-Report Questionnaires in the Age of the Internet of
Things?” Discover Psychology 2. https://doi.org/10.1007/s44202-021-
00012-4.

Morrison, A. M. 2023. Marketing and Managing Tourism Destinations.
3rd ed. Routledge. https://doi.org/10.4324/9781003343356.

Nickerson, N. P., and G. D. Ellis. 1991. “Traveler Types and Activation
Theory: A Comparison of Two Models.” Journal of Travel Research 29,
no. 3: 26-31.

Nilashi, M., S. Samad, H. Ahani, et al. 2021. “Travellers Decision Making
Through Preferences Learning: A Case on Malaysian Spa Hotels in
TripAdvisor.” Computers & Industrial Engineering 158: 107348. https://
doi.org/10.1016/j.cie.2021.107348.

Novotny, M., R. Dodds, and P. R. Walsh. 2024. “The Destination
Marketing Organization as an Intelligent Agent: Evaluating
Engagement in Knowledge Management Practices.” International
Journal of Tourism Research 26, no. 1: €2605.

@gaard, T., R. Doran, S. Larsen, and K. Wolff. 2019. “Complexity and
Simplification in Understanding Travel Preferences Among Tourists.”
Frontiers in Psychology 10. https://doi.org/10.3389/fpsyg.2019.02302.

Oleiwi, R. A. 2023. “The Impact of Electronic Data Interchange on
Accounting Systems.” International Journal of Professional Business
Review 8, no. 4: e01163. https://doi.org/10.26668/businessreview/2023.
v8i4.1163.

Onder, 1., W. Koerbitz, and A. Hubmann-Haidvogel. 2016. “Tracing
Tourists by Their Digital Footprints: The Case of Austria.” Journal of
Travel Research 55, no. 5: 566-573.

Otoo, F., S. Kim, and J. Park. 2020. “Motivation-Based Segmentation of
Chinese Senior Travellers: The Role of Preferences, Sociodemographic, and
Travel-Related Features.” Journal of Vacation Marketing 26, no. 4: 457-472.

Pan, Y., and Z. Shang. 2023. “Linking Culture and Family Travel
Behaviour From Generativity Theory Perspective: A Case of Confucian
Culture and Chinese Family Travel Behaviour.” Journal of Hospitality
and Tourism Management 54: 212-220.

Pappas, N., A. Caputo, M. M. Pellegrini, G. Marzi, and E. Michopoulou.
2021. “The Complexity of Decision-Making Processes and IoT Adoption
in Accommodation SMEs.” Journal of Business Research 131: 573-583.

Parapanos, D. 2023. “Make it Fun for Everyone!” In Computer Science
for Game Development and Game Development for Computer Science,
IntechOpen edited by E. Sobota and E. Pietrikova, 7-19. https://doi.org/
10.5772/intechopen.1002007.

Parapanos, D., and E. Michopoulou. 2023. “Innovative Mobile
Technology in Hotels and the Use of Gamification.” Tourism Planning
& Development 20, no. 2: 162-187.

Pearce, P. L., and U. Lee. 2005. “Developing the Travel Career Approach
to Tourist Motivation.” Journal of Travel Research 43, no. 3: 226-237.

Plog, S. C. 1974. “Why Destination Areas Rise and Fall in Popularity.”
Cornell Hotel and Restaurant Administration Quarterly 14, no. 4: 55-58.

Plog, S. C. 2002. “The Power of Psychographics and the Concept of
Venturesomeness.” Journal of Travel Research 40, no. 3: 244-251.
https://doi.org/10.1177/004728750204000302.

Rafiq, F., M. Adil, and J.-Z. Wu. 2022. “Examining Ecotourism
Intention: The Role of Tourists’ Traits and Environmental Concerns.”
Frontiers in Psychology 13. https://doi.org/10.3389/fpsyg.2022.940116.

Razavi, R. 2020. “Personality Segmentation of Users Through Mining
Their Mobile Usage Patterns.” International Journal of Human-
Computer Studies 143: 102470.

Remoaldo, P., J. Serra, N. Marujo, et al. 2020. “Profiling the Participants in
Creative Tourism Activities: Case Studies From Small and Medium Sized

Cities and Rural Areas From Continental Portugal.” Tourism Management
Perspectives 36: 100746. https://doi.org/10.1016/j.tmp.2020.100746.

Roberts, B. 2019. “The Policy Relevance of Personality Traits.” American
Psychologist 74, no. 9: 1056-1067.

Shi, T., X. Liu, and J. Li. 2018. “Market Segmentation by Travel
Motivations Under a Transforming Economy: Evidence From the
Monte Carlo of the Orient.” Sustainability 10: 3395.

Sigala, M. 2018. “New Technologies in Tourism: From Multi-
Disciplinary to Anti-Disciplinary Advances and Trajectories.” Tourism
Management Perspectives 25: 151-155.

Smith, V. L. 1977. Hosts and Guests: The Anthropology of Tourism.
University of Pennsylvania Press.

Sotiriadis, M. 2021. “Tourism Destination Marketing: Academic
Knowledge.” Encyclopedia 1, no. 1: 42-56. https://doi.org/10.3390/encyc
lopedial010007.

Soto, C.J., and J. J. Jackson. 2020. “Five-Factor Model of Personality.”
In Oxford Bibliographies in Psychology, edited by D. S. Dunn. Oxford.

Soto, C. J., and O. P. John. 2017. “The Next Big Five Inventory (BFI-
2): Developing and Accessing a Hierarchical Model With 15 Facets
to Enhance Bandwidth, Fidelity, and Predictive Power.” Journal of
Personality and Social Psychology 113: 117-143.

Solazzo, G., Y. Maruccia, V. Ndou, and P. Del Vecchio. 2022. “How
to Exploit Big Social Data in the Covid-19 Pandemic: The Case of the
Italian Tourism Industry.” Service Business 16, no. 3: 417-443. https://
doi.org/10.1007/s11628-022-00487-8.

Sreen, N., A. Tandon, F. Jabeen, S. Srivastava, and A. Dhir. 2023.
“The Interplay of Personality Traits and Motivation in Leisure Travel
Decision-Making During the Pandemic.” Tourism Management
Perspectives 46: 101095.

Stachl, C., S. Hilbert, J.-Q. Au, et al. 2017. “Personality Traits Predict
Smartphone Usage: Personality Traits Predict Smartphone Us Age.”
European Journal of Personality 31, no. 6: 701-722.

Stankov, U.,and U. Gretzel. 2020. “Tourism 4.0 Technologies and Tourist
Experiences: A Human-Centered Design Perspective.” Information
Technology & Tourism 22: 477-488.

Sung, Y. K., K. C. Chang, and Y. F. Sung. 2016. “Market Segmentation
of International Tourists Based on Motivation to Travel: A Case Study
of Taiwan.” Asia Pacific Journal of Tourism Research 21, no. 8: 1-21.

Taherdoost, H. 2016. “Sampling Methods in Research Methodology;
How to Choose a Sampling Technique for Research.” International
Journal of Academic Research in Management (IJARM) 5. https://doi.
0rg/10.2139/ssrn.3205035.

Uriely, N. 2005. “The Tourist Experience: Conceptual Developments.”
Annals of Tourism Research 32, no. 1: 199-216.

VisitScotland. 2024. “Our Target UK Consumer Segments.” https://
www.visitscotland.org/research-insights/about-our-visitors/uk/marke
t-segments#methodology.

Vu, H. Q., G. Li, R. Law, and Y. Zhang. 2018. “Tourist Activity Analysis
by Leveraging Mobile Social Media Data.” Journal of Travel Research
57, no. 7: 883-898.

Wang, D., S. Park, and D. R. Fesenmaier. 2012. “The Role of Smartphones
in Mediating the Touristic Experience.” Journal of Travel Research 51,
no. 4: 371-387. https://doi.org/10.1177/0047287511426341.

Wang, H., Z. He, and Y. Leung. 2018. “Applying Mobile Phone Data to
Travel Behaviour Research: A Literature Review.” Travel Behaviour and
Society 11: 141-155. https://doi.org/10.1016/j.tbs.2017.02.005.

Wei, H., F. Zhang, N. J. Yuan, et al. 2017. “Beyond the Words: Predicting
User Personality From Heterogeneous Information.” In Proceedings
of the Tenth ACM International Conference on Web Search and Data

21 0f 22

85UB017 SUoWWOD aAIIeRID o|edljdde sy Aq peusenob ate sajoile O esn Jo Sajni Joj Arliq1T 8UIUO 4|1/ UO (SUONIPUOD-PUe-SLLB)W0D A8 | 1M ARelg 1[I UO//SANY) SUONIPUCD pue swie | 8y} 8es *[520z/20/52] uo Arigiauljuo As|im s91 Ag 9000, 11/200T 0T/10p/woo Ao imArelq i puljuoy//:sdny wouy pepeojumod ‘T ‘G202 ‘0L6TZZST


https://doi.org/10.1007/s44202-021-00012-4
https://doi.org/10.1007/s44202-021-00012-4
https://doi.org/10.4324/9781003343356
https://doi.org/10.1016/j.cie.2021.107348
https://doi.org/10.1016/j.cie.2021.107348
https://doi.org/10.3389/fpsyg.2019.02302
https://doi.org/10.26668/businessreview/2023.v8i4.1163
https://doi.org/10.26668/businessreview/2023.v8i4.1163
https://doi.org/10.5772/intechopen.1002007
https://doi.org/10.5772/intechopen.1002007
https://doi.org/10.1177/004728750204000302
https://doi.org/10.3389/fpsyg.2022.940116
https://doi.org/10.1016/j.tmp.2020.100746
https://doi.org/10.3390/encyclopedia1010007
https://doi.org/10.3390/encyclopedia1010007
https://doi.org/10.1007/s11628-022-00487-8
https://doi.org/10.1007/s11628-022-00487-8
https://doi.org/10.2139/ssrn.3205035
https://doi.org/10.2139/ssrn.3205035
https://www.visitscotland.org/research-insights/about-our-visitors/uk/market-segments#methodology
https://www.visitscotland.org/research-insights/about-our-visitors/uk/market-segments#methodology
https://www.visitscotland.org/research-insights/about-our-visitors/uk/market-segments#methodology
https://doi.org/10.1177/0047287511426341
https://doi.org/10.1016/j.tbs.2017.02.005

Mining, 305-314. Association for Computing Machinery. https://doi.
0rg/10.1145/3018661.3018717.

Wei, W., I. Onder, and M. Uysal. 2024. “Smart Tourism Destination
(STD): Developing and Validating an Impact Scale Using residents'
Overall Life Satisfaction.” Current Issues in Tourism 27: 2849-2872.
https://doi.org/10.1080/13683500.2023.2296587.

Wickens, E. 2002. “The Sacred and the Profane: A Tourist Typology.”
Annals of Tourism Research 29, no. 3: 834-851.

Wong, M., R. Cheung, and C. Wan. 2013. “A Study on Traveler
Expectation, Motivation and Attitude.” Contemporary Management
Research 9, no. 2: 169-186. https://doi.org/10.7903/cmr.11023.

Yadegaridehkordi, E., M. Nilashi, M. H. Bin Md Nasir, et al. 2021.
“Customers Segmentation in Eco-Friendly Hotels Using Multi-Criteria
and Machine Learning Techniques.” Technology in Society 65: 101528.
https://doi.org/10.1016/j.techsoc.2021.101528.

Yavorska, V., I. Hevko, V. Sych, O. Potapchuk, and K. Kolomiyets.
2019. “Features of Application of Information Technologies in Modern
Tourism.” Journal of Geology, Geography and Geoecology 28, no. 3: 591-
599. https://doi.org/10.15421/111956.

Yu, Z., H. Xu, Z. Yang, and B. Guo. 2016. “Personalized Travel Package
With Multi-Point-of-Interest Recommendation Based on Crowdsourced
User Footprints.” IEEE Transactions on Human-Machine Systems 46,
no. 1: 151-158. https://doi.org/10.1109/thms.2015.2446953.

22 0f 22

International Journal of Tourism Research, 2025

85UB017 SUoWWOD aAIIeRID o|edljdde sy Aq peusenob ate sajoile O esn Jo Sajni Joj Arliq1T 8UIUO 4|1/ UO (SUONIPUOD-PUe-SLLB)W0D A8 | 1M ARelg 1[I UO//SANY) SUONIPUCD pue swie | 8y} 8es *[520z/20/52] uo Arigiauljuo As|im s91 Ag 9000, 11/200T 0T/10p/woo Ao imArelq i puljuoy//:sdny wouy pepeojumod ‘T ‘G202 ‘0L6TZZST


https://doi.org/10.1145/3018661.3018717
https://doi.org/10.1145/3018661.3018717
https://doi.org/10.1080/13683500.2023.2296587
https://doi.org/10.7903/cmr.11023
https://doi.org/10.1016/j.techsoc.2021.101528
https://doi.org/10.15421/111956
https://doi.org/10.1109/thms.2015.2446953

	The Role of Digital Footprints for Destination Competitiveness and Engagement: Utilizing Mobile Technology for Tourist Segmentation Integrating Personality Traits
	ABSTRACT
	1   |   Introduction
	2   |   Literature Review
	2.1   |   Destination Management Organizations (DMOs) and Tourism Segmentation
	2.2   |   Integrating Mobile Technology
	2.3   |   Personality Traits and Digital Footprints
	2.4   |   Visitor Activities and Digital Footprints
	2.5   |   The Present Study

	3   |   Methods
	4   |   Results
	5   |   Discussion
	5.1   |   RQ1
	5.2   |   Cluster 1—The Reserved Explorers
	5.3   |   Cluster 2—The Culturally Curious
	5.4   |   Cluster 3—The Diligent Adventurers
	5.5   |   Cluster 4—The Social Explorers
	5.6   |   Cluster 5—The Balanced Explorers
	5.7   |   RQ2

	6   |   Conclusion
	6.1   |   Theoretical Implications
	6.2   |   Practical Implications

	7   |   Limitations and Future Research
	Data Availability Statement
	References


