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Highlights

What are the main findings?

e  Gen-Z heritage tourism behaviour reflects digital, social, emotional, and experiential
influences.

e An OR-AI framework integrates PLS-SEM, ANN, and Fuzzy Logic to analyse be-
havioural drivers, identify key predictors, and explore potential nonlinear patterns.

What are the implications of the main findings?

e  Survey data from 150 Gen-Z respondents demonstrate the application of a multi-stage
analytical approach combining explanatory, predictive, and fuzzy classification methods.

e GZ-HAQ and HAI indicate low heritage activation, highlighting opportunities to
strengthen engagement through immersive heritage experiences.

Abstract

Generation Z (Gen-Z) is emerging as an important tourism market segment whose heritage
tourism behaviour is shaped by digital, social, emotional, and experiential factors. This
study develops and empirically examines an OR-AI framework integrating Partial Least
Squares Structural Equation Modelling (PLS-SEM), Artificial Neural Networks (ANNSs),
and Fuzzy Logic (FL) to investigate relationships among Social Media Influence, Peer-Based
Influence, Initial Triggers, Emotional Drivers, and Experiential Preferences. Survey data
from 150 Gen-Z respondents were analysed through a multi-stage approach. PLS-SEM
identified the strongest structural association between social media influence and initial trip
triggers, while emotional drivers showed the strongest direct association with experiential
preferences. ANNs complemented this analysis by identifying model-relative predictive
importance and potential nonlinear patterns. FL was used to derive the Gen-Z Heritage
Activation Quadrant (GZ-HAQ) and Heritage Activation Index (HAI). The resulting HAI of
0.224 indicated a low level of heritage activation. These findings highlight the potential value
of immersive cultural experiences and emotionally engaging interpretation in strengthening
Gen-Z heritage tourism involvement.

Keywords: artificial intelligence; Generation-Z; heritage activation; heritage tourism; opera-
tional research; social media influence

1. Introduction

The constantly evolving global tourism market has seen a rise in Gen-Z as an influential
visitor segment, demanding a reassessment of heritage tourism planning and management
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strategies (Y. Zhang et al., 2026; [lhan et al., 2022; Haddouche & Salomone, 2018). This
segment represents approximately 32% of the world’s population, with 472 million people
in India, making it a significant demographic whose travel choices are influenced by digital
engagement, social interactions, and value-oriented consumption patterns (Sujood et al.,
2025; Seyfi & Hall, 2024). Compared with previous generations, Gen-Z travellers often
enrich their travel experiences through social media engagement, peer interaction, content
consumption, and a desire for authentic experiences (Miskolczi et al., 2025; Nurranto, 2025;
Robinson & Schinzel, 2019). As noted by Chen et al. (2025), this shift has transformed the
visitor journey in heritage tourism into a more experience-oriented process in which digital,
social, and emotional dimensions influence travel choices and destination perceptions.
Consequently, understanding how these interrelated drivers are associated with heritage
tourism behaviour (HTB) has become increasingly important for scholars and practitioners
(Fahimah et al., 2026). Heritage destinations face growing competition for tourists” attention
amid evolving digital ecosystems and changing patterns of cultural engagement (Buhalis &
Karatay, 2022; Mason et al., 2010). Although heritage locations remain important attractions,
tourists increasingly evaluate destinations through digital content before visiting them
physically (Nag, 2025; Goh & Okumus, 2020; Goh & Lee, 2018). Social media channels,
user-generated content (UGC), online reviews, and influencers have consequently become
relevant to tourism decision making (Hua et al., 2024; Sujood et al., 2025). Travel choices
may also be associated with curiosity, nostalgia, fear of missing out (FOMO), and the desire
for social recognition. As stated by Selim et al. (2021), these developments suggest that
conventional approaches focusing primarily on destination attributes and demographics
may not fully explain HTB. Instead, itis important to examine the relationships among digital
influences, peer influences, situational triggers, emotions, and experience expectations.
However, these behavioural tendencies should not be assumed to characterise all Gen-Z
tourists uniformly, as preferences and constraints vary across educational, socioeconomic,
and geographical contexts.

The decision-making process of tourists has become more complex with developments
in digital technology and artificial intelligence (AI) (Sharma, 2025). Gen-Z tourists increas-
ingly use technology-based resources, including social media, recommendation systems,
online communities, and digital content to evaluate potential travel destinations and experi-
ences (Vasanicova et al., 2026; Dixit, 2025; Jamir et al., 2026). Previous studies also indicate
that younger tourists may accept technology-based tourism services when these improve
convenience, personalisation, and decision-making quality (Miskolczi et al., 2026). Nonethe-
less, digital influences do not operate independently (Cheung et al., 2022); they interact with
peer recommendations, emotions, and situational factors, creating behavioural relationships
that may be difficult to capture through conventional analytical approaches (Guttentag,
2023; Jun, 2015; Mehrabian & Russell, 1974). Understanding Gen-Z HTB therefore requires
methods that examine both hypothesised structural relationships and potentially complex
predictive patterns. Despite growing scholarly interest in Gen-Z tourism behaviour, gaps
remain in understanding how digital, social, emotional, and situational factors relate to
experiential preferences in heritage tourism. Previous studies have frequently applied
structural equation modelling (SEM) to examine constructs such as social media influence,
destination image, satisfaction, and visit intention (Fahimah et al., 2026; Liébana-Cabanillas
etal., 2025). Although SEM provides insights into relationships between latent constructs, a
specified structural model may not fully represent complex predictive patterns (Nag, 2025;
Leong et al., 2025). Moreover, research frequently emphasises explanatory methods without
integrating predictive modelling and decision-support approaches (Vasanicova et al., 2026;
Xiao & Xu, 2025; Liébana-Cabanillas et al., 2025; Fang, 2023; Bonsall, 2004; Wang et al., 2000).
Consequently, the relationships among social media influence, peer influence, initial travel
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triggers, emotional drivers, and experience preferences remain insufficiently integrated,
particularly in heritage tourism. An analytical framework that distinguishes structural
associations, indicator-level predictive importance, and graded behavioural activation can
provide a more comprehensive perspective on these dimensions.

The current research addresses this gap through an integrated operations research (OR)
and Al framework incorporating Partial Least Squares Structural Equation Modelling (PLS-
SEM), Artificial Neural Networks (ANNSs), and Fuzzy Logic (FL). The proposed framework
addresses four research questions. First, how are initial travel triggers, peer-based influence,
and social media influence associated with Gen-Z HTB? Second, how do emotional drivers
relate to the relationships between external stimuli and experience preferences? Third,
which behavioural indicators demonstrate the greatest relative predictive importance in
modelling heritage tourism preferences, and what complex predictive patterns can ANNs
capture? Fourth, what complementary insights can an integrated OR-AI framework offer
beyond a single analytical method? The study uses PLS-SEM to examine the direction and
strength of hypothesised relationships among social media influence, peer-based influence,
initial triggers, emotional drivers, and experiential preferences (Nguyen et al., 2026; Lusian-
ingrum & Pertiwi, 2023). ANNSs are then used to rank the relative predictive importance of
input indicators and model potentially nonlinear relationships, complementing the struc-
tural analysis (Uikey et al., 2025; Liébana-Cabanillas et al., 2025). Finally, FL is applied as a
decision-support technique to represent behavioural activation through graded categories
(Gonwirat et al., 2026; Nag, 2025). The methods are complementary; PLS-SEM examines
the hypothesised associational structures, ANNs assessthe predictive importance of the
model per se, while FL translates behavioural dimensions into a graded system of activation
categories. The outputs are interpreted based on the different analytical functions to which
they belong and are not considered as equivalent types of evidence.

This study provides theoretical, methodological, and managerial contributions.
Through the integration of digital, social, emotional, and experiential factors, it examines
behavioural associations underlying Gen-Z HTB. The study adopts the Theory of Planned
Behaviour and Stimulus-Organism-Response (SOR) paradigm to conceptualise the interac-
tions between exterior digital stimuli, interior psychological consequences, and experiential
preferences of heritage tourists (Fahimah et al., 2026; Hua et al., 2024). Methodologically,
the integration of PLS-SEM, ANN, and FL combines structural analysis, prediction, and
decision support within a single framework (Nag, 2025; Leong et al., 2025). The frame-
work provides complementary evidence on structural associations, predictive importance,
and fuzzy classification, while recognising that each output is subject to its respective
methodological assumptions and empirical limitations. Managerially, it offers insights
for destination planners, heritage managers, and tourism marketers seeking to develop
emotionally engaging, socially oriented, and digitally informed heritage experiences (Zeqiri
& Youssef, 2026; Selim et al., 2021). The findings are interpreted within the specific context
of the surveyed tourism students in Jaipur rather than as representative of all Gen-Z tourists
or heritage destinations across India. The study also highlights the relevance of authentic
cultural immersion, socially engaging activities, and accessible experiential opportunities
as potential directions for visitor engagement. Its findings provide an exploratory basis for
identifying behavioural priorities rather than demonstrating the effectiveness of particular
management interventions.

2. Literature Review

With the emergence of Gen-Z as an influential tourism segment and the increasing
complexity of heritage destination management, the tourism industry is undergoing a shift
in how visitor behaviour is understood. This literature review synthesises empirical and
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conceptual research to establish the theoretical foundations for examining the relationships
between Gen-Z’s behavioural patterns and experiential preferences in heritage tourism.
It explores the digital, social, emotional and situational aspects of travel behaviour and
highlights the lack of synergy between them in a common analytical framework. Particularly,
the difference between explaining behavioural relationships, predicting experiential prefer-
ences, and translating behavioural indicators into decision-support categories is highlighted.
The review then sets the foundation for embedding behavioural theory into analytical tools
that can assist in the planning of heritage tourism and visitor experiences.

2.1. Gen-Z Tourism Behaviour: Digital Natives in the Experience Economy

Born between the mid-1990s and early 2010s, Gen-Z is a significant demographic
group, but they have not been extensively studied in the context of heritage tourism (Sujood
et al., 2025; Roche & Szobonya, 2022). Gen-Z travellers are digital natives, who exhibit high
levels of engagement with technology in their everyday lives and affect the way they access
travel-related information and services (Nayak et al., 2025). Digital media are not the only
determinants of their travel behaviour, but the interplay between digital information and
offline experiences partially also influences their travel behaviour (Nurranto, 2025; Robinson
& Schiénzel, 2019). Acharjee and Ahmed (2023) identify social influences as important
in Gen-Z travel intentions. Significant relationships between social media influence and
intentions to visit heritage destinations are also found in tourism literature based on the
Theory of Planned Behaviour and environmental concern (Sujood et al., 2025; Arasli et al.,
2021). The social proof and sense of urgency created by user-generated content (UGC)
and peer recommendations through Instagram and TikTok can serve as stimuli (T. Kim
et al., 2025; N. Zhang & Zhang, 2025). The processes are connected to fear of missing out
(FOMO), and destination choices can be affected by the desire to participate in popular
activities (Verma, 2025). Making digital content visible and shareable could raise awareness
of a destination, provoke an emotional response and build expectations on what happens
at a heritage site (Hulu & Juliana, 2026; Christou et al., 2025). Further studies based on
Stimulus-Organism-Response (SOR) framework indicate that perceptions of UGC, specifi-
cally presentation and perceived authenticity, are related to destination image and perceived
value (Wei et al., 2025; Hua et al., 2024; Lusianingrum & Pertiwi, 2023; Jacoby, 2002).

In addition to digital and social influences, situational triggers that can start travel
planning can also influence decisions (Halibas et al., 2026; Nag, 2025). Destination aware-
ness, accessibility, affordability, promotional opportunities, financial constraints, and trip-
planning limitations represent relevant triggers (Nag, 2025; Nowacki et al., 2023; Lindberg
& Stemmer, 2022; Bonsall, 2004). Nguyen et al. (2026) and Oppewal et al. (2015) suggest
that travel decisions involve evaluations in which practical considerations interact with
psychological motivations and social influences. Similarly, Su and Rahman (2026), Lusian-
ingrum and Pertiwi (2023), and Rasoolimanesh et al. (2022) highlight the relevance of
such triggers to destination consideration and travel decisions, particularly where budgets
and itineraries are constrained. Situational triggers may therefore be associated with both
emotional responses and experiential preferences (Cheung et al., 2022; Bagozzi et al., 2016).

Another important dimension of Gen-Z travel behaviour is the search for authenticity
(Guan, 2025; de Almeida & Leal, 2024). Gen-Z tourists may seek meaningful connections
with local culture and history, although such preferences should not be assumed to dis-
tinguish all younger travellers uniformly from previous generations (Nuenen, 2021). This
is consistent with the experience economy, which adds value by providing memorable
experiences, not just services (Robinson & Schinzel, 2019; Mehmetoglu & Engen, 2011;
Oh et al., 2007). Sustainable destination branding can also influence perceptions about
a destination by using sustainable practices and collaborative marketing strategies that
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convey a sense of authenticity and align with SDG 11’s goals (Seyfi et al., 2023a, 2023b).
This view highlights the importance of economic, social, and environmental sustainability
in the context of understanding tourists’ perceptions of the environment and evaluating
destinations and experiences (Sujood et al., 2025). These studies suggest that there are
four dimensions of tourism behaviour that are interrelated, namely, digital exposure, peer
influence, situational triggers, and experiential expectations. Their relationship, however,
must be further explored in the context of their combined relationships in the context of the
heritage tourism, especially by separating structural association from predictive importance
and behavioural classification.

2.2. Heritage Tourism Experiences in the Digital Era
2.2.1. Authenticity and Cultural Immersion

Authenticity and cultural immersion are significant aspects of heritage tourism, espe-
cially in studies of Gen-Z tourists (Calderén-Fajardo et al., 2025; de Almeida & Leal, 2024).
Today, tourists may want to engage in culture, traditions and history in an active way, but
preferences differ, and it is important not to overlook the fact that there is more to it than
just a generational difference between active and passive tourists (Robinson & Schénzel,
2019). Evaluating the products of heritage tourism relies not only on the properties of
heritage assets but on opportunities for emotional engagement, immersion, and participa-
tion. The concept of experiential value has been proposed by recent research indicating
that heritage events are perceived as valuable when they are authentic, memorable, and
relevant to personal identity and interest (Nurranto, 2025; Lucia, 2025; Meacci & Liberatore,
2018). These experiences can help to enhance visitor engagement and influence destination
attractiveness. Trust and engagement have also been linked with authenticity in the context
of sustainable destination branding efforts (Nurranto, 2025; Selim et al., 2021). Pine and
Gilmore (1998) and Schmitt (2009) link experiential consumption with the general trend
towards experiences that require active participation rather than passive observation. Her-
itage places must therefore be able to create thematic experiences that meet a variety of
visitor demands in creative and engaging ways. If the visitor is looking for an immersive
experience, heritage walks, engagement with artisans, involvement in local culture and
community-based interpretation can deliver this aspect. These activities create a conceptual
framework for the way that experiential preferences are seen as a relevant dimension of
Gen-Z HTB and the associations with digital, social, emotional, and situational factors.

2.2.2. Digital Engagement and Social Influence

Digital engagement has significantly influenced tourism decision making as one infor-
mation source for travellers, notably Gen-Z who rely on social media for travel information
(Zhao et al., 2025). Sujood et al. (2025) and Xiang and Gretzel (2010) identify social media
as an important resource for destination discovery, evaluation, and storytelling. Travel
narratives, influencer recommendations, destination images, and UGC on platforms such as
YouTube, Instagram, and TikTok may shape perceptions before a visit takes place (Harrison,
2021; Tankovi¢ & Vidovi¢, 2023; Talos et al., 2025). Research using the SOR framework
associates UGC with destination image, perceived value, and behavioural responses, partly
because visitors may perceive it as more authentic than some forms of conventional market-
ing communication (Hua et al., 2024; Dauletova et al., 2024; Lusianingrum & Pertiwi, 2023).
Social media engagement, online reviews, and peer recommendations also provide social
validation and may reduce uncertainty about destination choice (Xiang & Gretzel, 2010;
Jani et al., 2024). Gen-Z travellers may be particularly exposed to digital content, which
can inform travel goals and destination preferences through social acceptance and online
engagement (Sujood et al., 2025; Haddouche & Salomone, 2018). Within heritage tourism,
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social media influence and peer influence can therefore be conceptualised as external stimuli
associated with cognitive and emotional responses (Wu et al., 2023). Nevertheless, digital
visibility and peer validation should be distinguished analytically: social media may stimu-
late awareness or travel planning, whereas peer recommendations may contribute to trust,
perceived affordability, and the evaluation of an experience. Their relative contributions to
experiential preferences should therefore be examined rather than assumed to be equiva-
lent. Understanding these distinctions is important for investigating the behavioural factors
associated with young travellers’ heritage experiences.

2.2.3. Emotional Responses in Heritage Tourism

Emotions are important in tourist behaviour because affective experiences can influ-
ence decisions alongside rational evaluations (Bagozzi et al., 2003; DeWall et al., 2016).
Emotional responses in heritage tourism might be triggered by social interactions, cultural
landscapes, historical narratives, symbolic meanings and shared experiences. Gen-Z tourists
may also respond to emotional cues encountered through social interactions and digital
media (Hua et al., 2024; Sujood et al., 2025). Among these influences, FOMO has received
increasing attention as a potential motivation for participating in activities perceived as
socially desirable or widely undertaken (Verma, 2025; M. J. Kim, 2023). Sharing travel
experiences online and repeated exposure to travel-related posts may intensify this feel-
ing. However, nostalgia, curiosity, enthusiasm, and emotional attachment may also shape
destination choice and the evaluation of travel experiences (Hirschman & Holbrook, 1982;
Rasoolimanesh et al., 2022). Heritage sites can evoke such responses through their associa-
tions with cultural identity, collective memory, and history (Robinson & Schéanzel, 2019).
Mehmetoglu and Engen (2011) further highlight the contribution of emotional connections
to visitor involvement and memorable experiences. Emotional responses may therefore
represent an important link between external stimuli and experiential preferences, although
the nature and strength of these relationships depend on the empirical evidence. Examining
EMOT alongside digital, social, and situational factors provides a basis for investigating
how these dimensions are associated with Gen-Z heritage tourism preferences.

2.2.4. Situational and Travel Planning Triggers

Situational factors that initiate and shape travel planning may influence tourist be-
haviour alongside psychological and social influences. Oppewal et al. (2015) explain that
such triggers can be practical aspects that can be converted into general interest about
travel leading to destination assessment and planning. Budget constraints, travel costs,
convenience, destination awareness, and transportation availability are cited as factors that
are relevant to destination choice in previous studies (Nguyen et al., 2026; Wang et al.,
2000). Similarly, Nowacki et al. (2023) note that these factors are important when consid-
ering potential destinations, especially in situations where there are financial or logistical
restrictions. Travel planning can start through a triggering event that can be exposure to
information about the destination, a promotional offer received, recommendations from
friends or finding a cheap way to travel (Sujood et al., 2025; Jun, 2015). During subsequent
evaluations, these triggers may be associated with changes in emotions and experience
expectations. Some travellers may choose a destination first and then consider how they
will get there, and others may consider the mode of travel first and then choose a specific
destination (Nguyen et al., 2026). Situational triggers are thus a relevant dimension of HTB
as they can relate initial interest to destination consideration and experiential preferences.
From a broad perspective, the literature highlights the dimensions of digital engagement,
peer influence, emotional responses, and situational triggers as relevant factors of heritage
tourism behaviour, yet they are interrelated. Three analytical needs emerge: examining
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their hypothesised structural relationships, identifying the relative predictive importance of
behavioural indicators, and translating the resulting patterns into interpretable activation
categories. These needs provide the rationale for the study’s integrated PLS-SEM, ANN,
and FL approach.

2.3. Theoretical Foundations
2.3.1. Theory of Planned Behaviour

The Theory of Planned Behaviour (TPB), proposed by Ajzen, is frequently applied
to explain and predict human behaviour in tourism. TPB posits that attitudes towards a
behaviour, subjective norms, and perceived behavioural control are associated with be-
havioural intention, which is a key predictor of actual behaviour. TPB provides a framework
for analysing psychological constructs associated with destination choice, revisit intentions,
sustainable tourism behaviour, and heritage tourism in relation to SDG 11 (Fahimah et al.,
2026; Sujood et al., 2025). In Gen-Z heritage tourism, evaluations of authenticity and prefer-
ences for particular experiences may relate to attitudes towards heritage experiences. Peer
influence, social approval, recommendations, social media interactions, and user-generated
content (UGC) may reflect subjective norms. Affordability, accessibility, convenience, and
destination awareness may relate to perceived behavioural control, although these factors do
not necessarily measure the construct directly. The TPB therefore provides a theoretical basis
for examining how Gen-Z tourists” heritage tourism preferences relate to social influence,
situational factors, and experience evaluations. Younger tourists’ destination intentions have
been associated with social influence and perceived usefulness, highlighting the relevance
of subjective norms in digital tourism contexts (Sujood et al., 2025; Seyfi et al., 2025). In this
study, TPB provides a complementary interpretive perspective for understanding social
influence, situational considerations, and experience evaluations. Because the empirical
model does not operationalise all three core TPB constructs or directly measure behavioural
intention as its principal outcome, the framework is not treated as a complete empirical test
of the TPB.

2.3.2. Stimulus—Organism—Response Theory

The Stimulus-Organism—Response (SOR) theory complements the TPB by providing
a framework for examining cognitive and emotional responses to external stimuli. Devel-
oped in environmental psychology, SOR proposes that external stimuli affect individuals’
internal states, which may subsequently relate to behavioural responses (Sivasothey et al.,
2024). It has been applied in tourism, hospitality, and digital marketing to examine rela-
tionships between social interactions, technological characteristics, environmental stimuli,
and tourists” attitudes, emotions, and behavioural intentions (Hua et al., 2024; Leong et al.,
2025). In heritage tourism, external stimuli may include digitally mediated experiences,
peer recommendations, social media content, and destination marketing (Riordan, 2024).
The organism component encompasses cognitive and emotional evaluations, including
authenticity preferences, curiosity, nostalgia, enthusiasm, and fear of missing out (FOMO).
These responses may inform tourists’ evaluations of heritage experiences and experiential
preferences. For Gen-Z travellers exposed to interconnected digital environments, SOR
theory helps organise the examination of how external stimuli relate to cognitive and emo-
tional responses and, in turn, behavioural preferences. Research indicates that UGC and
digital interaction may be associated with younger travellers’ decisions, perceived value, and
destination-image formation (Hua et al., 2024; Lusianingrum & Pertiwi, 2023). In this study,
social media and peer influence represent external stimuli, while emotional responses and
experience preferences inform the interpretation of the organism and response components,
respectively. The SOR framework is thus used to guide the hypothesised relationships that
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are examined in the study, and the cross-sectional design aids in interpretation in terms of
associations rather than definite causal sequences.

2.4. Artificial Intelligence and Tourism Decision-Making

Artificial intelligence (AI) has grown the analytical and operational potential of tourism
decision making, allowing tourism organisations to analyse behaviour and enhance services.
To help stakeholders grasp tourist preferences, forecast demand and tailor travel experiences,
machine learning (ML) and predictive analytics, as well as recommendation systems and
intelligent decision-support tools, can be utilised (Vasanicova et al., 2026). Alis also gaining
prominence as a facilitator of competitiveness, innovation, and adaptability in data-driven
tourism destinations (Xia et al., 2026). The applications include but are not limited to
for example visitor prediction, sentiment analysis, recommendation systems, destination
marketing and customer relationship management. Younger tourists, including Gen-Z
travellers, may be receptive to Al-assisted services that improve convenience, customisation,
and decision-making support (Miskolczi et al., 2026; Vasanicova et al., 2026; Seyfi et al.,
2025). Al-based systems can identify behavioural patterns that may be difficult to capture
using conventional statistical approaches (Nag, 2025). Artificial neural networks (ANNs),
in particular, can model nonlinear relationships and generate predictions, offering an addi-
tional approach to analysing complex patterns in tourist behaviour (Liébana-Cabanillas
et al., 2025; Leong et al., 2025). Al-based analytical approaches can therefore complement
theory-driven statistical analysis by examining predictive patterns in tourists’ choices and
evaluations (Nag, 2025; Xia et al., 2026). In the present study, ANNs are used as a predictive
complement to PLS-SEM; variable-importance scores indicate model-specific predictive con-
tributions, not causal effects or statistical significance. Accordingly, the study applies ANNs
to examine the relative importance of behavioural indicators within the specified models
rather than to establish the effectiveness of Al-enabled tourism services or demonstrate
causal behavioural mechanisms.

2.5. Behavioural Intelligence and Heritage Tourism: Bridging the Gap

Although research on Gen-Z tourist behaviour is expanding, gaps remain in under-
standing how digital, social, emotional, and situational factors relate to heritage tourism
experiences. Studies have examined social media, destination image, UGC, travel motiva-
tion, and tourist satisfaction, but they often consider these factors individually, offering a
partial account of contemporary tourist decision-making (Liébana-Cabanillas et al., 2025;
Leong et al., 2025). Interrelationships between social media influence, peer influence, travel
triggers, emotional drivers, and experiential preferences in the context of heritage tourism
require further study, as cultural and technological elements may interact to create visitor
experiences (Hua et al., 2024; Robinson & Schinzel, 2019). This gap is especially significant
in the context of digital visibility and social validation’s relationship to emotional activation
and preferences for authentic and culturally immersive experiences.

The second gap relates to the analysis techniques employed in tourism behaviour
research. A considerable number of studies have used individual methods to examine
theoretical relationships between behavioural constructs, especially structural equation
modelling (SEM) (Liébana-Cabanillas et al., 2025). Whereas cross-sectional observational
results do not, in themselves, establish causality, SEM can assess specified relationships
and can give explanatory insights. There may also be nonlinear patterns and interactions in
human decision making that are not fully captured by linear models (Leong et al., 2025).

There are two complementary analytical options: Al and fuzzy logic (FL). The combi-
nation of PLS-SEM, ANNs and FL can provide the theory-based assessment of structural
relationships; prediction of potentially nonlinear relationships; and classification under
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uncertainty. Multi-analytic approaches have been applied in tourism research on technology
adoption, generative Al acceptance, and consumer behaviour (Zeqiri & Youssef, 2026; Fak-
fare et al., 2025; Soliman et al., 2025; Eroglu & Machleit, 2008). These approaches provide
distinct forms of evidence and should not be treated as interchangeable or independently
confirmatory (Nag, 2025).

The literature thus suggests the need for an integrated analytical approach which
connects digital involvement, peer influence, situational factors, emotional responses, and
experiential preferences. This present study aims to fill this gap by following an operations-
research (OR)-informed approach that integrates PLS-SEM for the theory-based assessment
of the structural component, ANNs for prediction, and FL for graded classification. The
cross-sectional design and convenience sampling were mentioned, and the one city nature
does not allow generalisations or broad conclusions beyond the surveyed Gen-Z tourism
students and to universal patterns of Gen-Z HTB, but rather are treated as preliminary
evidence. The novelty of the contribution is the embedding of these analytical functions in
a single framework, with clear distinctions between the output of each of these functions
and the evidential limitations of each.

2.6. Integrated PLS-SEM—-ANNs—Fuzzy Framework

The combination of PLS-SEM, ANNs and FL brings complementary analysis angles
to the study of Gen-Z HTB. Theoretically specified relationships between constructs are
measured in PLS-SEM, predictive patterns and relative importance of input indicators are
measured in ANNSs, and uncertainty is expressed in FL by graded classifications. They each
conduct a unique analytical function and may offer a wider perspective on tourist behaviour
and decision making in relation to their tourism experiences than one-method approaches
(Leong et al., 2025; Liébana-Cabanillas et al., 2025; Nag, 2025). However, the three methods
produce different types of evidence and should not be interpreted as interchangeable or as
independently validating one another.

2.6.1. PLS-SEM Applications: Establishing Causal Validity

PLS-SEM is a variance-based structural equation modelling technique widely applied
in tourism and information systems research because of its flexibility in estimating complex
models and accommodating different data distributions (Leong et al., 2025). Its primary
purpose in this study is to examine theoretically specified relationships between latent
constructs. By estimating path coefficients indicating the strength and direction of associ-
ations among social media influence, peer influence, emotional drivers, and experiential
preferences, PLS-SEM enables researchers to examine theoretical frameworks, including
SOR-based relationships (Miskolczi et al., 2026; Fahimah et al., 2026). Its advantages in-
clude suitability for prediction-oriented research and flexibility in specifying formative
and reflective constructs. Liébana-Cabanillas et al. (2025) emphasise that it is useful in ex-
ploratory studies, analysing theoretical hypotheses and behavioural drivers. Recent studies
found links between perceived usefulness and the adoption of Al by Gen-Z tourists, where
skill-erosion awareness (SEA) was identified as a possible moderator (Miskolczi et al., 2026;
Vasanicova et al., 2026). However, path estimates from PLS-SEM are modelled associations
and are not causal in themselves. Moreover, linear path specifications would not be able
to represent nonlinear relationships, and explained variance does not necessarily reflect
out-of-sample predictive performance (Leong et al., 2025; Liébana-Cabanillas et al., 2025).
Here, PLS-SEM is thus applied to evaluate the specified structural relationships, rather
than causal validity. It is interpreted in conjunction with the results of the measurement
model and the limitation of the cross-sectional sample. Using only PLS-SEM can also offer
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a limited description of intricate predictive patterns, justifying the need for additional
analytical techniques.

2.6.2. ANN Applications: Capturing Nonlinearity and Enhancing Prediction

ANN s offer an alternative method to PLS-SEM that allows for modelling potentially
nonlinear relationships. An ANN is a computational method that can learn complex
patterns without the researchers stating all the functional relations in advance (Liébana-
Cabanillas et al., 2025). In recent years, ANNs have been employed in tourism research to
forecast visitor numbers, interpret the sentiment of UGC, and understand visitor decisions
regarding destinations (Nag, 2025; Xia et al., 2026). In the proposed scheme, ANNs explore
the predictive patterns and the relative contributions of the individual predictors to the
tourist behaviour. Some applications have been reported to achieve higher ANN predictive
accuracy than conventional statistical methods (Liébana-Cabanillas et al., 2025; Leong et al.,
2025). ANNSs could discover nonlinear relationships, which may not be captured by the
specific PLS-SEM paths, such as relations between social media influence, peer recom-
mendations, and situational triggers. PLS-SEM, on the other hand, evaluates theoretically
postulated relationships between constructs. A complementary use of both can thus offer
wider perspectives on Gen-Z preferences for heritage tourism (Liébana-Cabanillas et al.,
2025). However, the performance of ANNSs is dependent on the size of the data set used, the
specification of the model and the procedure used to validate it; robustness to missing values
or noise should not be assumed without evidence (Nag, 2025). As a study with a small sam-
ple size and only one training—test split, the results of ANNSs are interpreted as provisional
predictive evidence, not as validated or stable predictions. Reported variable-importance
scores reflect relative contributions to the fitted models, not statistical significance or causal
effects or presence of specific behavioural thresholds. As such, ANNs does not establish
causal relationships or statistical significance, but rather supplements structural analysis.

2.6.3. Fuzzy Logic in Tourism Decision Support: Managing Uncertainty

PLS-SEM and ANN can give structural and predictive insights, but the results can
be challenging to interpret on a managerial level in terms of categories. In FL, ambiguity
and uncertainty in tourism-related judgements is represented (Nag, 2025). FL differs from
binary logic in that it allows for the possibility of membership in a category that is not
binary, allowing for the representation of behaviour in terms of linguistic variables like
“Very Low,” “Low,” “Moderate,” “High,” and “Very High” (Gonwirat et al., 2026). This
makes FL relevant to tourism research, where behavioural responses are often subjective
and context-dependent. In the present study, FL serves as a decision-support layer for
classifying heritage activation using specified inputs, membership functions, rules, and
weights. The resulting classification is model-derived and should not be interpreted as an
independently validated behavioural measure. Fuzzy membership functions can represent
varying degrees of experiential preferences using defined input variables (Nag, 2025). The
present framework combines three analytical perspectives rather than mathematically in-
tegrating PLS-SEM coefficients and ANN importance scores into the fuzzy model. Fuzzy
inference allows gradual transitions between behavioural categories and enables examina-
tion of how specified inputs contribute to classifications. For this purpose, models that allow
a certain degree of scenario exploration can be provided, provided that the membership
functions, rules, weights and input transformations are explicitly documented (Gonwirat
et al., 2026; Zeqiri & Youssef, 2026). More recently, FL has also been used in combination
with machine learning and other methods to solve complex tourism planning problems
in the presence of uncertainty (Gonwirat et al., 2026; Zeqiri & Youssef, 2026). However,
the resulting categories remain sensitive to modelling assumptions, including member-
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ship specifications, weighting choices, and classification thresholds. FL therefore supports
interpretable classification without independently improving ANN prediction or validat-
ing PLS-SEM relationships. The integrated framework combines structural assessment,
predictive modelling, and classification-oriented decision support to examine Gen-Z HTB
(Gonwirat et al., 2026; Nag, 2025; Soliman et al., 2025).

2.7. Research Framework

This study presents an integrated research framework based on the SOR theory, organ-
ising proposed relationships among social, psychological, and situational factors associated
with Gen-Z tourism behaviour in digitally mediated environments (Hua et al., 2024; Lu-
sianingrum & Pertiwi, 2023). The framework recognises that travel preferences may reflect
relationships between external stimuli and internal cognitive and emotional evaluations,
extending traditional models focused on individual destination-choice factors (Seddighi &
Theocharous, 2002). External inputs that relate to travellers’ expectations and perceptions
include Social Media Influence (SMI), Peer-Based Influence (PEER), and Initial Triggers
(TRIG). SMI encompasses engagement with travel content on platforms such as Instagram
and TikTok, influencer trust, destination comparison, idea generation, and visual appeal
(Harrison, 2021; Tankovi¢ & Vidovié¢, 2023; Rocky et al., 2026). Social media can be used
to create awareness, build images and set expectations around a destination using visual
content and UGC. PEER captures recommendations from friends and family, online reviews,
social media content, and promotional offers associated with social validation and reduced
perceived uncertainty (Xiang & Gretzel, 2010; Jani et al., 2024). TRIG is a situational aspect
related to travelling, such as budget, means of transport, and the prioritisation of travel
destinations (Nguyen et al., 2026; Oppewal et al., 2015).

The internal psychological and experiential aspects of the proposed framework are
presented as Emotional Drivers (EMOT) and Experiential Preferences (EXP), where EXP is
measured as a preference-related outcome and not a measure of actual tourist behaviour.
EMOT includes affective elements, including FOMO, nostalgia, and social pressure of cul-
turally significant or conspicuous destinations (Verma, 2025; Rasoolimanesh et al., 2022).
EXP is related to the desire for authenticity, immersion in culture, and personally mean-
ingful experiences (Calderon-Fajardo et al., 2025; Nurranto, 2025). The previous studies
have linked digital stimuli and social influence to emotional experiences and experiential
expectations of Gen-Z travellers (Fahimah et al., 2026; Robinson & Schidnzel, 2019). The
framework therefore hypothesises relationships between SMI, PEER, TRIG, EMOT and EXP,
which are examined in PLS-SEM; the other relationships are explored through predictive
patterns in ANNSs, and the EXP is separately classifiable and interpretable in FL. Each of the
three methods serves a different analytical goal; the results are not used as substitutes for
each other or as independent confirmations or validations of the other. The cross-sectional
design does not provide data about a temporal order or causal mechanisms suggested by
the SOR theory.

2.8. Hypothesis Development

This research suggests that, based on the SOR framework, external digital and social
inputs are linked to travellers’ psychological evaluations and experiential preferences. Social
media influences destination expectations and emotional responses by enabling destination
discovery, comparison, engagement with destination influencers, and access to visually
appealing content about travel (Hua et al., 2024; Sujood et al., 2025; Xiang & Gretzel, 2010).
Social validation, such as peer recommendations, online reviews, UGC, and promotional
offers, can also be associated with emotional appraisals and experiences preferences (Jani
et al., 2024; Tankovi¢ & Vidovi¢, 2023). At initial decision making, destination evaluation
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may be linked to initial travel triggers, such as transportation planning, destination prioriti-
sation, and budget considerations (Nguyen et al., 2026; Oppewal et al., 2015). The affective
responses that could be linked to stimuli (such as FOMO, nostalgia, and social pressure)
are classified as EMOT (Verma, 2025; DeWall et al., 2016). EXP includes authenticity, cul-
tural immersion, and personal interests (Nurranto, 2025; Calderén-Fajardo et al., 2025; de
Almeida & Leal, 2024; Robinson & Schinzel, 2019).

Social media may also contribute to travel planning by increasing destination awareness
and providing information about promotional offers, transportation, and budgets (Harrison,
2021; Jerez-Jerez et al., 2026). Repeated exposure to travel-related content may therefore be
associated with situational considerations involved in destination evaluation (Sujood et al.,
2025; Hua et al., 2024). Accordingly, SMI is expected to be positively associated with TRIG
(Fahimah et al., 2026; Robinson & Schénzel, 2019). The proposed model further examines
whether SMI, PEER, and TRIG are positively associated with EMOT and EXP and whether
EMOT is positively associated with EXP. These hypotheses specify expected directions of
association within the proposed structural model; they do not assume that the relationships
are causal or that every hypothesised path will be statistically significant. Accordingly, the
following hypotheses are proposed:

H1. Social Media Influence is positively associated with Initial Triggers.

H2. Social Media Influence is positively associated with Emotional Drivers.

H3. Social Media Influence is positively associated with Experiential Preferences.
H4. Peer-Based Influence is positively associated with Emotional Drivers.

HS5. Peer-Based Influence is positively associated with Experiential Preferences.
He6. Initial Triggers are positively associated with Emotional Drivers.

H7. Initial Triggers are positively associated with Experiential Preferences.

HS8. Emotional Drivers are positively associated with Experiential Preferences.

3. Methodology
3.1. Study Area

The study was conducted in Jaipur, Rajasthan, India, a prominent heritage tourism
destination known as the “Pink City.” Its forts, palaces, museums, historic marketplaces,
and cultural districts attract domestic and international tourists. Jaipur also offers a digitally
connected tourism environment in which destination perceptions are shaped by social
media, online travel information, and technology-enabled experiences. The city was chosen
as a single case setting because the physical and cultural heritage sites found in cities,
along with their current tourism context, offer a meaningful backdrop for the study of the
linkages between digital and social impacts, situational triggers, emotional responses, and
experiential preferences. Its heritage landscape is made up of visits to monuments, cultural
festivals, heritage walks, and meeting local artisans. The results of Jaipur, however, cannot
be extrapolated to other locations or the broader Gen-Z population.

3.2. Survey Design

A structured questionnaire was developed using measurement items from previous
tourism, destination competitiveness, and consumer behaviour studies. Five latent con-
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structs captured key dimensions of Gen-Z heritage tourism behaviour (Table 1). Social
Media Influence (SMI) comprised nine indicators relating to social media platforms, influ-
encers, visual content, and online destination information. Experiential Preferences (EXP)
comprised two indicators concerning immersive, meaningful, and culturally engaging expe-
riences. Emotional Drivers (EMOT) comprised three indicators reflecting FOMO, nostalgia,
and social pressure. Peer-Based Influence (PEER) comprised four indicators relating to
budget offers, social media content, recommendations, and online reviews. Initial Triggers
(TRIG) comprised three indicators concerning trip-planning sequences and budget consid-
erations. All items used a five-point Likert scale ranging from 1 (strongly disagree) to 5
(strongly agree). The constructs operationalised the proposed framework and captured
respondents’ reported preferences and decision-making perceptions. Pilot testing assessed
readability and wording, not comprehensive psychometric validity.

Table 1. Measurement constructs, indicators, and item descriptions in the study (Source: Author).

Latent Construct

(Parameter) Short Variable Names Original Items/Description
SMI1—SM_IdeaGen Use of social media tF) ge‘t ideas and compare
destinations
SMI2—Instalmpact
SMI3—TikTokImpact
SMI4—TrustInfluencers . .
Social Media Influence (SMI) SMI5—SM_VisualAppeal Influence of Instagram, TikTok, trends, visuals,
SMI6—SM_ChoiceMade influencers
SMI7—SM_Trends
SMI8—SM_Compare
SMI9—SM_DestInfluence Inﬂuer.m.e of social media 'content on th(la final
decision to select a heritage destination
TRIG1—TransportFirst Sequence of trip planning (transport-first vs
Initial Triggers (TRIG) TRIG2—DestinationFirst destination-first) and influence of budget
TRIG3—BudgetChange constraints
EMOT1—FOMO . -
Emotional Drivers (EMOT) EMOT2—Nostalgia Foﬁgaxsjiﬁg ir;fngzli?zrizgezlsn
EMOT3—IG_Pressure J & P
Experiential Preferences (EXP) EXP1—ImmersiveCulture Preference for culturally immersive, meaningful
P EXP2—PersonalHobbies experiences driven by intrinsic interests
PEER1—BudgetDeals
PEER2—SMContent Influence from budget offers, user-generated
Peer-Based Influence (PEER) PEER3—FriendSuggest content, family/friends, and online reviews

PEER4—OnlineReviews

3.3. Data Collection

Data were collected via an online survey over four weeks in November and December
2025. A pilot test of the survey instrument was conducted with twelve participants from the
target population prior to its distribution. The objective was to evaluate the general structure
of the survey, consistency in question wording, and suitability of the survey content. Minor
improvements were made to enhance readability and resolve ambiguity. The pilot focused
on questionnaire comprehension and design before the main survey.

A total of 150 valid responses were obtained from undergraduates enrolled in the
Bachelor of Tourism Studies degree programme at Indira Gandhi National Open University
(IGNOU). The Gen-Z group investigated in this study comprised respondents aged 18-26.
Participants were recruited through the IGNOU Examination Centre in Jaipur and student
forums. The study used convenience sampling, with recruitment focused on students
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accessible through these channels. This demographic was chosen because of its famil-
iarity with tourism concepts, active use of digital technology, and relevance to patterns
of heritage tourism consumption. However, tourism students may differ from the wider
Gen-Z population in their knowledge of tourism and travel-related decision making, and
participation through student forums may introduce self-selection bias. The sample was
accordingly chosen for its relevance and access to the present exploratory study, not for
representativeness of the population. The sample of 150 respondents was used to pro-
vide an empirical foundation for an initial examination of the proposed relationships and
exploratory predictive patterns. Its suitability was assessed based on the analytical aims
and the scope of the study, taking care of the stability and generalisability of the results,
especially those obtained with the ANN modelling.

All participants were made aware of the purpose and objectives of the research prior
to completing the questionnaire and were entirely voluntary. To reduce response bias,
neither monetary nor non-monetary incentives were provided. Throughout data collection,
confidentiality and anonymity were maintained, and no personally identifying informa-
tion was gathered. Verbal consent was obtained from participants before they completed
the questionnaire. For exploratory analysis, the relationships between Social Media Influ-
ence (SMI), Peer-Based Influence (PEER), Initial Trip Triggers (TRIG), Emotional Drivers
(EMOT), and Experiential Preferences (EXP) were analysed among the surveyed Gen-Z
tourism students using PLS-SEM, ANNSs, and fuzzy logic (FL). These approaches were
employed to analyse complementary dimensions of the same data set used: structural
associations with PLS-SEM, predictive pattern with ANNs, and graded classifications with
FL. They are used in a complementary way, which widens the analytical approach but is
not independent validation of the findings. Additionally, the small sample size and recruit-
ment strategy restrict the generalisability of the results outside the study participants. The
online, self-reported and cross-sectional nature of the study reduces the ability to examine
non-response bias, temporal ordering and causal relationships. Results from the study,
therefore, should be seen in relation to surveyed tourism students and not as representative
of all Gen-Z travellers.

3.4. PLS-SEM Analysis

PLS-SEM was used to evaluate the measurement and structural characteristics of the
study model and investigate the proposed relationships between the latent constructs.
Given its suitability for exploratory, prediction-oriented studies and its ability to estimate
measurement and structural models simultaneously, PLS-SEM was selected (Hair et al.,
2019). Its use in this study should not be interpreted as evidence that causal relationships
can be established from cross-sectional survey data. The analysis comprised two stages:
measurement model assessment and structural model assessment, both conducted using
SmartPLS 4 software. The analysis focused on examining construct reliability and validity,
estimating the direction and strength of the proposed relationships, and assessing the
explanatory contribution of the model. Given the exploratory scope and sample character-
istics, the results were interpreted in conjunction with effect sizes, statistical evidence, and
the study’s sampling limitations.

3.4.1. Measurement Model

The measurement model included 21 observed variables belonging to five latent con-
structs: Social Media Influence (SMI), Initial Triggers (TRIG), Emotional Drivers (EMOT),
Experiential Preferences (EXP), and Peer-Based Unfluence (PEER). Internal consistency
reliability was assessed using Cronbach’s alpha and composite reliability (rtho_a and rho_c),
while convergent validity was evaluated using average variance extracted (AVE).

https://doi.org/10.3390/tourhosp7110363


https://doi.org/10.3390/tourhosp7110363

Tour. Hosp. 2026, 7, 363

15 of 51

Cronbach’s alpha values ranged from 0.641 to 0.826 (Table 2). The PEER construct had
the lowest alpha (0.641), indicating comparatively modest internal consistency; this result
warrants caution when interpreting relationships involving PEER. Composite reliability
values (rho_c) ranged from 0.789 to 0.866, exceeding the commonly used threshold of 0.70.
AVE values for EMOT (0.684), EXP (0.750), and TRIG (0.587) exceeded the suggested
threshold of 0.50, supporting convergent validity for these constructs. However, PEER had
an AVE of 0.491 and SMI had an AVE of 0.431, both below the recommended threshold
of 0.50. Although their composite reliability values provide some evidence of internal
consistency, this does not by itself establish adequate convergent validity. These constructs
were retained for the exploratory structural assessment, with their measurement limitations
explicitly considered when interpreting the corresponding relationships.

Table 2. Construct reliability and validity of the study (Source: Author).

, Composite Composite Average Variance

Cronbach’s Alpha Reliabilify (rho_a) Reliabilify (rho_c) Extragted (AVE)
EMOT 0.767 0.780 0.866 0.684
EXP 0.683 0.798 0.856 0.750
PEER 0.641 0.670 0.789 0.491
SMI 0.826 0.852 0.866 0.431
TRIG 0.657 0.671 0.810 0.587

The Heterotrait-Monotrait Ratio (HTMT) was used to evaluate discriminant validity.
All HTMT values ranged from 0.221 to 0.575, remaining below the conservative criterion of
0.85 (Tables 3 and 4). These results support discriminant validity according to the HTMT
criterion. The Fornell-Larcker results were considered alongside the AVE findings rather
than as a substitute for convergent validity assessment. The constructs encompassed several
conceptual features of Gen-Z heritage tourism behaviour and showed acceptable separation
according to the reported HTMT values. The highest HTMT values were observed between
SMI and TRIG (0.575) and between TRIG and EMOT (0.571).

Table 3. Discriminant validity—HTMT of the study (Source: Author).

EMOT EXP PEER SMI TRIG
EMOT
EXP 0.549
PEER 0.448 0.313
SMI 0.367 0.221 0.289
TRIG 0.571 0.414 0.346 0.575

Table 4. Discriminant validity—Fornell-Larcker criterion of the study (Source: Author).

EMOT EXP PEER SMI TRIG
EMOT 0.827
EXP 0.430 0.866
PEER 0.328 0.039 0.701
SMI 0.309 0.153 —0.007 0.657
TRIG 0.437 0.291 0.087 0.452 0.766

3.4.2. Structural Model

Following measurement model assessment, the structural model was evaluated using
path coefficients, coefficients of determination (R?), and effect sizes (f?) (Figure 1 and
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Tables 5-8). Bootstrapping with 5,000 subsamples, percentile confidence intervals, and
one-tailed testing at a 5% significance level was used to assess the estimated relationships.
The model examined the relationships of SMI and PEER with EMOT and EXP, together with
the relationships of TRIG with both endogenous constructs. The coefficient of determination
indicated that the model explained 29.6% of the variance in EMOT (R? = 0.296; Adjusted
R? = 0.274). TRIG demonstrated an R? value of 0.205 (Adjusted R? = 0.196), while EXP
reported an R? value of 0.209 (Adjusted R? = 0.176), indicating modest explanatory power
across the endogenous constructs. The structural relationships revealed varying strengths
of association. SMI was positively associated with TRIG (B = 0.502, f* = 0.257), representing
the largest direct path coefficient and effect size among the specified relationships. TRIG
was positively associated with EMOT (B = 0.387, {2 = 0.129), whereas its direct relationship
with EXP was smaller (p = 0.160, {2 = 0.016). PEER was positively associated with EMOT
(p = 0.375, f2 = 0.126), while its direct relationship with EXP was negative and small in
effect size (B = —0.146, f2 = 0.014). The statistical evidence varied across the estimated
paths; coefficients and effect sizes were therefore interpreted alongside their corresponding
test statistics and confidence intervals rather than as evidence that all proposed relationships

were supported.

EMOT1 EMOT2 EMOT3

N ot/

1.018 0.988 0.996

0.387
TRIG1
0.926
1.004—» TRIG2
0375 1.006
000 TRIG3
TRIG
0.160
A
-0.146 > EXP
PEER 1.021  0.962
¥ X
EXP1 EXP2

Figure 1. Path coefficient of the study (Source: Author).

Table 5. R-square of the study (Source: Author).

R-Square R-Square Adjusted
EMOT 0.296 0.274
EXP 0.209 0.176
TRIG 0.205 0.196
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Table 6. f-square of the study (Source: Author).
EMOT EXP PEER SMI TRIG
EMOT 0.157
EXP
PEER 0.126 0.014
SMI 0.028 0.001 0.257
TRIG 0.129 0.016

Table 7. Path coefficient—Mean, STDEV, T values, p values, confidence intervals (Source: Author).

Original Sample Mean Standard Deviation T Statistics o o
Sample (O) (M) (STDEV) (l0/STDEV|) P Values 5.0% 95.0%
EMOT -> EXP 0.440 0.449 0.113 3.880 0.000 0.267 0.625
PEER -> EMOT 0.375 0.331 0.152 2471 0.007 0.023 0.546
PEER -> EXP —0.146 -0.101 0.232 0.628 0.265 —0.439 0.294
SMI -> EMOT 0.199 0.213 0.121 1.641 0.050 0.017 0.411
SMI -> EXP —0.050 —0.053 0.138 0.363 0.358 -0.271 0.178
SMI -> TRIG 0.502 0.530 0.113 4.430 0.000 0.362 0.704
TRIG -> EMOT 0.387 0.384 0.131 2.951 0.002 0.166 0.597
TRIG -> EXP 0.160 0.144 0.131 1.223 0.111 —-0.074 0.354
Table 8. Effects—Mean, STDEV, T values, p values, confidence intervals (Source: Author).
Standard
Total Indirect Original Sample Mean L. T Statistics
Deviation p Values 5.0% 95.0%
Effects Sample (O) (M) (STDEV) (|O/STDEV])
PEER -> EXP 0.165 0.147 0.075 2.186 0.014 0.008 0.265
SMI -> EMOT 0.195 0.202 0.078 2.478 0.007 0.084 0.335
SMI -> EXP 0.254 0.260 0.091 2.775 0.003 0.118 0.411
TRIG -> EXP 0.171 0.173 0.077 2.210 0.014 0.062 0.308
Standard
i . Original Sample Mean N T Statistics
Specific Indirect Effects Deviation p Values 5.0% 95.0%
Sample (O) (M) (STDEV) (IO/STDEV])
PEER -> EMOT -> EXP 0.165 0.147 0.075 2.186 0.014 0.008 0.265
SMI -> EMOT -> EXP 0.087 0.095 0.061 1.442 0.075 0.006 0.200
TRIG -> EMOT -> EXP 0.171 0.173 0.077 2.210 0.014 0.062 0.308
SMI -> TRIG -> EMOT -> EXP 0.086 0.091 0.045 1.903 0.029 0.031 0.172
SMI -> TRIG -> EMOT 0.195 0.202 0.078 2.478 0.007 0.084 0.335
SMI -> TRIG -> EXP 0.081 0.073 0.070 1.158 0.123 —-0.041 0.184
Standard
Original Sample Mean R T Statistics
Total Effects Deviation p Values 5.0% 95.0%
Sample (O) (M) (STDEV) (IO/STDEV])
EMOT -> EXP 0.440 0.449 0.113 3.880 0.000 0.267 0.625
PEER -> EMOT 0.375 0.331 0.152 2.471 0.007 0.023 0.546
PEER -> EXP 0.019 0.047 0.226 0.085 0.466 -0.301 0.403
SMI -> EMOT 0.393 0.415 0.113 3.472 0.000 0.228 0.598
SMI -> EXP 0.204 0.207 0.127 1.609 0.054 —0.003 0.410
SMI -> TRIG 0.502 0.530 0.113 4.430 0.000 0.362 0.704
TRIG -> EMOT 0.387 0.384 0.131 2.951 0.002 0.166 0.597
TRIG -> EXP 0.331 0.318 0.132 2.500 0.006 0.100 0.532

Furthermore, EMOT was positively associated with EXP (B = 0.440, 2 = 0.157), repre-
senting the strongest direct relationship with experiential preferences in the model. This
association suggests that emotional responses, including nostalgia, fear of missing out
(FOMO), and social pressure, co-vary with preferences for immersive and culturally mean-
ingful heritage experiences. However, the cross-sectional design does not establish that these
emotions cause such preferences. SMI displayed a smaller positive association with EMOT
(B =0.199, f2 = 0.028) and a negligible negative direct association with EXP (p = —0.050,
2 = 0.001). The small direct SMI-EXP coefficient does not establish a direct relationship in
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the hypothesised positive direction. Whether SMI is associated with EXP through indirect
pathways must be assessed separately using the reported indirect-effect estimates.

The indirect-effect results provide additional insight into the specified pathways
(Table 8). The reported specific indirect effect of PEER on EXP through EMOT was positive
(B = 0.165, reported p = 0.014), as was the indirect effect of TRIG on EXP through EMOT
(B = 0.171, reported p = 0.014). These estimates are consistent with indirect statistical
associations through emotional responses, although they do not establish causal mediation.
The reported serial indirect effect of SMI on EXP through TRIG and EMOT was also positive
(B = 0.086, reported p = 0.029). In contrast, the specific indirect effect of SMI on EXP
through EMOT was reported as B = 0.087 (p = 0.075), and the indirect effect through TRIG
alone was p = 0.081 (p = 0.123). These latter estimates do not provide sufficient evidence of
statistically significant indirect relationships at the 5% level based on the reported p values.
The indirect-effect confidence intervals and p values should be checked against the original
SmartPLS output before the final interpretation.

Overall, the findings provide partial support for the proposed structural framework.
SMI was strongly associated with TRIG, and EMOT had the strongest direct association with
EXP. Other relationships were smaller or did not show consistent statistical evidence. The
findings offer exploratory evidence concerning the relationships among social, situational,
emotional, and experiential factors in the surveyed sample; they should not be interpreted
as definitive causal mechanisms or generalised to all Gen-Z tourists. ANNs complement
PLS-SEM by examining predictive patterns within the same dataset, while FL provides
graded classifications of heritage activation. These methods address different analytical
questions and should not be taken as independent confirmation of the structural results
(refer Table 9).

Table 9. Outer loadings—Mean, STDEV, T values, p values, confidence intervals (Source: Author).

Standard

Original Sample Mean R T Statistics o o
Sample () (M) ]()SeleS]tglst)l (10/STDEV)) p Values 5.0% 95.0%

EMOT1 <- EMOT 1.018 1.013 0.059 17.247 0.000 0.915 1.102
EMOT2 <- EMOT 0.988 0.984 0.039 25.607 0.000 0.925 1.043
EMOT3 <- EMOT 0.996 0.994 0.092 10.847 0.000 0.836 1.117
EXP1 <- EXP 1.021 0.999 0.058 17.555 0.000 0.916 1.065
EXP2 <- EXP 0.962 0.972 0.102 9.430 0.000 0.793 1.087
PEER1 <- PEER 0.661 0.527 0.460 1.437 0.075 —0.244 1.137
PEER2 <- PEER 1.152 0.891 0.346 3.332 0.000 0.096 1.237
PEER3 <- PEER 0.965 0.735 0.297 3.254 0.001 0.041 1.033
PEER4 <- PEER 1.137 0.858 0.342 3.319 0.000 0.048 1.217
SMI1 <- SMI 1.005 0.970 0.134 7.495 0.000 0.743 1.173
SMI2 <- SMI 1.093 1.061 0.089 12.255 0.000 0.921 1.197
SMI3 <- SMI 1.108 1.073 0.095 11.641 0.000 0.920 1.204
SMI4 <- SMI 1.190 1.157 0.073 16.335 0.000 1.049 1.253
SMI5 <- SMI 1.153 1.108 0.139 8.289 0.000 0.862 1.277
SMI6 <- SMI 1.071 1.018 0.141 7.584 0.000 0.764 1.201
SMI7 <- SMI 0.730 0.683 0.218 3.342 0.000 0.296 0.985
SMI8 <- SMI 0.725 0.697 0.172 4.213 0.000 0.379 0.936
SMI9 <- SMI 0.604 0.590 0.186 3.248 0.001 0.254 0.858
TRIG1 <- TRIG 0.926 0.912 0.117 7916 0.000 0.704 1.057
TRIG2 <- TRIG 1.094 1.077 0.103 10.644 0.000 0.916 1.194
TRIG3 <- TRIG 1.006 0.993 0.092 10.965 0.000 0.858 1.125

3.5. Artificial Neural Network (ANN) Stage

To complement the structural relationships examined through PLS-SEM, an Artificial
Neural Network (ANN) analysis was performed to capture complex nonlinear relationships
among Gen-Z tourism behavioural factors. ANN was selected because tourism decision
making may involve nonlinear interactions, threshold effects, and dependencies that may
not be fully represented through conventional structural equation modelling. A multilayer
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perceptron (MLP) network architecture was employed using SPSS 16.0 Neural Networks.
This approach complements PLS-SEM by examining the relative predictive contribution of
individual indicators within a flexible nonlinear modelling framework. The ANN analysis
was conducted in two sequential stages corresponding to the organism-related components
of the SOR framework. In the first network, Experiential Preferences (EXP1 and EXP2)
were specified as dependent variables, while Social Media Influence (SMI1-SMI9), Initial
Triggers (TRIG1-TRIG3), Emotional Drivers (EMOT1-EMOT3), and Peer-Based Influence
(PEER1-PEER4) were treated as input covariates. The network comprised one hidden
layer with three neurons, using a hyperbolic tangent activation function, while an identity
activation function was applied to the output layer. In the second network, Emotional Drivers
(EMOT1-EMOT3) were specified as dependent variables, while SMI1-SMI9, TRIG1-TRIGS3,
PEER1-PEER4, and EXP1-EXP2 were used as input covariates. This network comprised
one hidden layer with two neurons, with a hyperbolic tangent activation function in the
hidden layer and an identity activation function in the output layer. For both networks,
the covariates were standardised and the sum-of-squares error function was used. The
sample was randomly divided into training and testing subsets for each network, and
model performance was evaluated using training and testing errors. Sensitivity analysis
based on normalised variable importance was employed to identify the relative contribution
of individual input variables to the ANN predictions. The two-network design enabled
the analysis to distinguish predictors associated with experiential preferences from those
associated with emotional responses, while retaining the interconnected nature of the
proposed behavioural framework. The training/testing procedure provided an assessment
of model performance on both model-fitting and held-out observations. Given the sample of
150 respondents, the ANN results are interpreted as exploratory predictive evidence, with
the variable-importance rankings understood relative to each fitted network. These rankings
complement the PLS-SEM findings by highlighting which observed indicators contributed
most strongly to the model’s predictions; they represent predictive importance rather than
causal effects or statistical significance. The detailed model architectures, performance
measures, parameter estimates, and sensitivity analyses are presented in Section 3.6.

3.6. ANN Results and Sensitivity Analysis

The two ANN models provided complementary perspectives on the predictors of
experiential preferences and emotional drivers. The first model examined the combined
contribution of social media exposure, travel triggers, emotional responses, and peer influ-
ence to experiential preferences. The second examined how these factors, together with
experiential preferences, contributed to the prediction of emotional responses. This two-
model approach allowed the relative importance of behavioural indicators to be compared
across the two outcome dimensions.

3.6.1. ANN Model for Experiential Preferences

The first ANN model included SMI, TRIG, EMOT, and PEER as predictor variables,
with EXP (EXP1 and EXP2) set as output variables. The network included 19 input neurons,
one hidden layer with 3 neurons, and 2 output neurons (Table 10). The output layer used
the identity function, and the hidden layer used the hyperbolic tangent activation function.
The model produced a training sum-of-squares error of 53.201 and a testing sum-of-squares
error of 49.045. The average overall relative error was 0.537 for the training sample and 0.877
for the testing sample (Tables 11 and 12). Training and testing results are complementary
in terms of model fit and predictive performance. The training relative error was less than
the testing relative error, suggesting that the model fitted the training observations more
closely; the testing results were also used to provide an initial assessment of the model’s

https://doi.org/10.3390/tourhosp7110363


https://doi.org/10.3390/tourhosp7110363

Tour. Hosp. 2026, 7, 363

20 of 51

performance on observations not used during the model fitting process. The held-out
results should be used in conjunction with the variable-importance results and the sample
size to evaluate the contribution of the model. Sensitivity analysis indicated that PEER1
was the most important variable, assigning 100% of the importance to it. The social pressure
and visibility component (EMOT3) had 66.8%, and the nostalgia component (EMOT2) had
59.9% (Table 13). These rankings emphasize the predictive value of the budget-related
offers, as well as the emotionally relevant components of heritage tourism in the fitted model.
The salience of PEER1 suggests that practical affordability and promotional information
could be especially informative for predicting experiential preferences in this sample. The
significance of EMOT2 and EMOTS3 also suggests that affective associations and social-
media-related pressures play an important role in the prediction of desired experiences
in the model. Travel-planning and peer-related indicators also contributed to the model.
The importance of transport-oriented planning behaviour, as represented by TRIG1, was
normalised to 44.8% and recommendations from friends and acquaintances, PEER3, to
44.1%. SMI1, SMI3, and SMI5 had importance scores of 40.3%, 37.6%, and 35.1%, respectively
(Figures 2 and 3; Table 13). The overall trend indicates that experiential preferences are
aligned with not just one, but a combination of affordability, social recommendations,
emotional reactions, practical planning, and digital content. This interpretation expands the
results from the perspective of destination promotion only and emphasises the importance
of both practical and experiential aspects in the context of Gen-Z heritage tourism. The
network parameter estimates have positive and negative values of weights between input
variables, hidden neurons, and outputs (Table 12). These weights help the network make
predictions when there are complex combinations of inputs. Their interpretation is most
relevant at the network level, along with the sensitivity analysis, and not as direct estimates
of individual behavioural effects. In general, the ANN results offer another predictive view
of experiential preferences, with information about budget-related peers and emotional
indicators having strong positions in the fitted network.

.
J ° 8 ° o
8 o
8 g ° ° o
a E o S) & )
o . @0 o0 Oy, %,
] ° ° Do,
el 8 E ) @,
EN H 3 0y, ®q
S| s °l 2 o, ° k] Q
2 i & RS °% S °
S o
£ 8 %z, R, °
@ -] g o p %
axr © ° 8 © 1 °e Ry
E 8 8 ‘@ ®
8 ° @
8 ° =
T
1 2 3 H
T Predicted Value
1 3 H H
EXP1 Dependent Variable: EXP1
3 3 o
o g g o
o o ° 8 Vo
L] 9 8 ° % oy
] o % o
° o 0 8 8 ' o ¢ ®, %
o | © ° 2 8 = ° Q @, %%
ERE 8 E ® @ 2, o
s ° 3 Q &) oy @
1 : i S
H ° % X2, %0
v, ° ) °
&’ g ° < ° ! S O
[}
o % o ® %
°
| g o ° ° )
8
3 °
T T T T
o 0 1 2 3 H H
T Predicted Value

T T T T
1 2 3 H H
EXP2 Dependsnt Variable: EXP2

Figure 2. ANN prediction and residual diagnostics for experiential preference indicators (Source: Au-
thor).
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Table 10. Case processing summary and ANN architecture for predicting experiential preferences
(Source: Author).

Case Processing Summary

N Percent
Synaptic Weight > 0
Training 100 66.7% —— Synaptic Weight < 0
Sample
Testing 50 33.3%
Valid 150 100.0% x
Excluded 0 o
Total 150
Network Information
1 SMI1
2 SMI2
3 SMI3
4 SMI4
5 SMI5
6 SMI6
7 SMI7
8 SMI8
Covariates 0 SMIY
10 TRIG1
Input 11 TRIG2
Layer
12 TRIG3 — 2l
13 EMOT1 P
EXP2
14 EMOT2
15 EMOT3
16 PEER1
17 PEER2
18 PEER3
19 PEER4
Number of Units @ 19
Rescaling Method for Standard-
Covariates ised
Number of Hidden Layers 1
Hidden Number of Units in Hidden Layer 1 2 3
Layer(s) :
Activation Function Hyperbolic
tangent
Dependent 1 EXP1
Variables 2 EXP2
Number of Units 2
Output Rescaling Method for Scale Standard-
Layer Dependents ised
Hidden layer activation function: Hyperbolic tangent
Activation Function Identity Output fayer activation function: Idsntity
Error Function Sum of
Squares

2. Excluding the bias unit.
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Table 11. Model summary of the ANN for predicting experiential preferences (Source: Author).

Model Summary

Sum of Squares Error 53.201
Average Overall Relative Error 0.537
. EXP1 0.578
Training Relative Error for Scale Dependents
EXP2 0.497
Stopping Rule Used 1 consecutive step(s) with no decrease in error
Training Time 00:00:00.026
Sum of Squares Error 49.045
Average Overall Relative Error 0.877
Testing
EXP1 0.861

Relative Error for Scale Dependents

EXP2 0.896

2. Error computations are based on the testing sample.

Table 12. Parameter estimates of the ANN for experiential preference prediction (Source: Author).

Parameter Estimates

Predicted
Predictor Hidden Layer 1 Output Layer
H(1:1) H(1:2) H(1:3) EXP1 EXP2
(Bias) 0.041 —0.460 —0.686
SMI1 —0.410 0.214 0.030
SMI2 0.486 —-0.011 0.177
SMI3 —-0.131 —-0.151 —0.362
SMI4 0.067 —0.207 —0.158
SMI5 0.269 —0.005 0.635
SMI6 —0.230 —-0.181 0.490
SMI7 0.110 0.490 —-0.115
SMI8 0.250 0.505 0.192
Input SMI9 0.068 0.367 —0.184
Layer TRIG1 0.284 —-0.129 —0.387
TRIG2 —0.130 0.286 —0.368
TRIG3 —0.405 -0.292 —0.027
EMOT1 0.553 0.805 -0.271
EMOT2 0.324 —0.520 —0.577
EMOT3 1.178 —-0.103 0.017
PEER1 0.501 —0.364 —0.569
PEER2 0.506 0.077 —0.211
PEER3 —0.693 0.002 0.190
PEER4 —0.104 0.224 —0.236
(Bias) —0.197 -0.143
Hidden H(1:1) 0.531 0.705
Layer 1 H(1:2) —0.406 —0.606
H(1:3) —0.514 —0.241
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Table 13. Independent variable importance and normalised importance in the ANN model for

predicting experiential preferences (Source: Author).

Importance Normalised Importance
SMI1 0.056 40.3%
SMI2 0.038 27.4%
SMI3 0.053 37.6%
SMI4 0.039 27.9%
SMI5 0.049 35.1%
SMI6 0.040 28.8%
SMI7 0.025 17.5%
SMI8 0.035 25.2%
SMI9 0.035 24.8%
TRIG1 0.063 44.8%
TRIG2 0.028 20.0%
TRIG3 0.047 33.6%
PEER1 0.140 100.0%
PEER2 0.024 17.4%
PEER3 0.062 44.1%
PEER4 0.046 33.1%
EMOT1 0.040 28.5%
EMOT2 0.084 59.9%
EMOT3 0.094 66.8%
Normalized Importance
0% 20% 40% 60% 8% 100%
PEER1
EMOT3 |
EMOT2 |
TRIGT |
PEER3] ]
SMI1 |
SMI3 ]
SMI5 |
TRIG3 |
PEER4] |
SMIB |
EMOT1 ]
SMI4] ]
SMi2— ]
SMiE- ]
SMIg ]
Rez____ ]
SMI7 |
PEER2-
0.000 0.025 0.050 0.075 0100 0125
Importance

Figure 3. Normalised importance of input variables in the ANN model for predicting experiential
preferences (Source: Author).
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3.6.2. ANN Model for Emotional Drivers

The second ANN model investigated the predictors of emotional responses using
EMOT1-EMOTS3 as output variables and SMI, TRIG, PEER, and EXP as input covariates.
The network architecture comprised 18 input neurons, one hidden layer with two neurons,
and three output neurons (Table 14). The model generated a training sum-of-squares error
of 117.990 and a testing sum-of-squares error of 51.213 (Table 15). The average overall
relative error for training and testing was 0.742 and 0.822, respectively. The model’s training
and testing errors provide two complementary measures of its performance across the avail-
able data subsets. The average overall relative errors were relatively close (0.742 and 0.822),
providing an initial comparison of relative error across the training and testing samples. The
sum-of-squares errors should be considered alongside these relative errors because they
are also affected by the number of observations in each subset. Together, these measures
provide an exploratory assessment of the network’s ability to predict emotional-driver
indicators. Sensitivity analysis identified EXP1 as the most important predictor of emotional
responses, with a normalised importance score of 100%. TRIG3, representing budget-driven
planning changes, recorded 71.4%, while SMI2 and SMIS8 recorded 40.5% and 37.8%, respec-
tively. PEER2 and PEER4 recorded 33.7% and 32.6% (Figures 4 and 5; Tables 16 and 17).
The prominence of EXP1 indicates that preferences for immersive cultural experiences
were highly informative when predicting emotional responses in this network. TRIG3’s
importance highlights the predictive relevance of changes in budget-related planning, while
SMI2 and SMIS8 indicate the contribution of social-media trends and destination-comparison
behaviour. The peer-related indicators further suggest that socially shared content and
online reviews provide additional information for predicting emotional responses. The
network structure represents combinations of social media, situational, peer-related, and
experiential inputs in the prediction of emotional-driver indicators. The sensitivity results
suggest that emotional responses are best interpreted within a broader behavioural context,
in which desired experiences, practical travel considerations, and digital and social infor-
mation all contribute to the model’s predictions. This pattern is consistent with the study’s
SOR-based conceptualisation of tourism behaviour, while the importance scores remain
specific to the fitted network and dataset.

Taken together, the two ANN models highlight complementary patterns in Gen-Z HTB.
Budget-related offers and emotional indicators were prominent in predicting experiential
preferences, while experiential preferences and budget-related planning changes were
prominent in predicting emotional responses. Social-media- and peer-related indicators also
contributed to both models, supporting an interpretation of heritage tourism preferences
as involving interconnected digital, social, emotional, and practical considerations. These
findings complement the PLS-SEM results by identifying relative predictive importance
within nonlinear models, alongside the structural associations estimated through PLS-SEM.
The ANN results also provide a useful basis for prioritising variables for further examination
in the fuzzy decision-support stage. Where ANN-derived importance scores are used to
determine fuzzy weights or inputs, the transformation should be specified explicitly in the
fuzzy methodology so that the analytical link between the two stages is transparent.
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Table 14. Case processing summary and ANN architecture for predicting emotional drivers (Source:
Author).

Case Processing Summary

N Percent
Sample fraining 7 Lo gm0
Testing 43 28.7% -
Valid 150 100.0%
Excluded 0
Total 150 m
Network Information
1 SMI1
2 SMI2
3 SMI3
4 SMI4
5 SMI5
6 SMI6
7 SMI7
8 SMI8
Covariates ? SMI9
10 TRIG1
ILf;l;:; 11 TRIG2
12 TRIG3
13 PEER1
14 PEER2
15 PEER3
16 PEER4
17 EXP1
18 EXP2
Number of Units ? 18
Rescaggﬁall/i[i(};:d for Standardised
Number of Hidden Layers 1
Hidden Number of Units in 5
Layer(s) Hidden Layer 12
Activation Function Hﬁfégg ic
1 EMOT1
Dependent Variables 2 EMOT2 J
3 EMOT3
?j;tilrlt Number of Units 3 Hidden layer activation functin: Hyperbalic tangent
Y Rescaling Method for Scale Standardised Output layer activation function: Identity
Dependents
Activation Function Identity
Error Function Sum of Squares

2. Excluding the bias unit.
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Table 15. Model summary of the ANN for predicting emotional drivers (Source: Author).

Model Summary

Sum of Squares Error 117.990
Average Overall Relative Error 0.742
EMOT1 0.658
Training Relative Error for Scale Dependents EMOT2 0.758
EMOT3 0.810
Stopping Rule Used 1 consecutive step(s) with no decrease in error *
Training Time 00:00:00.022
Sum of Squares Error 51.213
Average Overall Relative Error 0.822
Testing EMOT1 0.979
Relative Error for Scale Dependents EMOT2 0.725
EMOT3 0.801
2. Error computations are based on the testing sample.
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Figure 4. ANN prediction and residual diagnostics for emotional drivers (Source: Author).
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Figure 5. Normalised importance of input variables in the ANN model for predicting emotional
drivers (Source: Author).

Table 16. Parameter estimates of the ANN for emotional drivers (Source: Author).

Parameter Estimates

Predicted
Predictor Hidden Layer 1 Output Layer
H(1:1) H(1:2) EMOT1 EMOT2 EMOT3
(Bias) 0.141 0.120
SMI1 —0.220 0.225
SMI2 0.259 0.252
SMI3 0.111 —0.464
SMI4 —0.011 0.462
SMI5 —0.085 0.304
SMI6 0.178 —0.278
SMI7 —0.126 0.031
SMI8 —0.555 0.397
Input SMI9 0.290 —0.001
Layer TRIG1 0.195 0.243
TRIG2 0.186 0.054
TRIG3 —0.951 —0.027
PEER1 —0.011 —0.094
PEER2 —0.250 0.556
PEER3 —0.548 0.036
PEER4 —0.145 0.040
EXP1 -0.172 0.477
EXP2 —0.124 0.518
(Bias) —0.025 0.088 0.018
Hidden
Layer 1 H(1:1) —0.655 —0.557 —0.130
H(1:2) 0.191 0.121 0.528
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Table 17. Independent variable importance and normalised importance in the ANN model for
predicting emotional drivers (Source: Author).

Importance Normalised Importance
SMI1 0.061 32.1%
SMI2 0.078 40.5%
SMI3 0.030 15.7%
SMI4 0.012 6.3%
SMI5 0.019 9.7%
SMI6 0.023 12.2%
SMI7 0.053 27.5%
SMI8 0.072 37.8%
SMI9 0.049 25.8%
TRIG1 0.007 3.6%
TRIG2 0.036 18.8%
TRIG3 0.137 71.4%
PEER1 0.050 25.9%
PEER2 0.064 33.7%
PEER3 0.041 21.5%
PEER4 0.062 32.6%
EXP1 0.191 100.0%
EXP2 0.015 7.7%

3.7. Fuzzy Heritage Activation Assessment

The methodology classifies Gen-Z tourists according to their level of heritage activation
and involvement by converting behavioural outcomes into fuzzy membership functions.
The final phase of the hybrid framework uses a fuzzy decision-support system to translate
the behavioural patterns examined through ANN into interpretable heritage activation
categories. Fuzzy Logic (FL) is appropriate for this purpose because heritage tourism
preferences often vary by degree: a tourist may express a strong preference for cultural
immersion but experience limited emotional attachment, or they might feel emotionally
drawn to a heritage destination without seeking an in-depth cultural experience. Unlike
binary classification, fuzzy membership accommodates these overlapping preference types
and provides a more nuanced basis for behavioural segmentation.

Experiential Activation and Emotional Activation, informed by the constructs exam-
ined in the ANN stage, form the basis of the Generation-Z Heritage Activation Quadrant
(GZ-HAQ) model. Emotional Activation represents emotional responses associated with
nostalgia, FOMO, social pressure, and place connection, whereas Experiential Activation
represents preferences for immersive, authentic, and culturally meaningful heritage expe-
riences. Their combination distinguishes tourists according to both the intensity of their
experiential preferences and their emotional engagement. These dimensions generate
four behavioural segments: Experience Seekers, Passive Tourists, Emotional Tourists, and
Heritage Enthusiasts.
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3.7.1. Design of Heritage Activation Membership Functions

To model experiential activation, a sigmoid membership function was specified to
represent the progressive increase in experiential engagement as tourists express stronger
preferences for cultural immersion and authentic heritage experiences:

1
1+ o153

where x represents the experiential preference score measured on a five-point Likert

MHexp(X) =

scale. The midpoint value of x = 3 represents the transition around a neutral experiential
preference level.

Experiential Activation Membership Function (EAMF)

The Experiential Activation Membership Function represents the degree to which
a respondent expresses preferences for immersive, meaningful, and culturally engaging
heritage experiences.

0, x<1
Hexp(X) = m,l <x<5
1, x>5
where:
x € [1,5]

Hexp(x) € [0,1]

The inflection point occurs at x = 3, representing a neutral experiential preference
level (Figure 6). The slope parameter of 1.5 provides a gradual transition in membership,
reflecting the assumption that preferences for cultural immersion and authentic experiences
tend to increase by degree rather than change abruptly between low and high activation.

10 = oo oo
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Figure 6. Experiential Activation Membership Function for immersive heritage experience preferences
(Source: Author).

Similarly, emotional activation was modelled using a steeper sigmoid function to
represent a more rapid increase in emotional engagement as emotional-driver scores rise:

1
Hemor (X) = 1 + ¢-20(x-25)
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Membership Degree, pgmor(x)

where x denotes the emotional-driver score. The midpoint of x = 2.5 represents the transition
around which emotional activation increases most rapidly.

Emotional Activation Membership Function (EMAMF)

The Emotional Activation Membership Function represents the degree of emotional
stimulation associated with FOMO, nostalgia, social pressure, and emotional attachment to
heritage destinations.

0, x<1
Hemor (X) = m,l <x<b
1, x>5
where:
x € [1,5]

Memor(x) € [0,1]

The midpoint occurs at x = 2.5 (Figure 7). Compared with the experiential function,
the larger slope parameter of 2.0 represents a steeper transition in emotional membership.
This modelling choice distinguishes emotional responses, which may intensify around
salient social or psychological cues, from experiential preferences that may develop more
gradually through interest in cultural immersion and authentic heritage experiences. The
parameters operationalise these conceptual differences within the proposed model.

B PSR
: L 1 |
i nepor(T) = W i
0.8 - E forl<az<5 3
’ |
E € Eemor(2) i
064 ! Midpoint 10 | 0.000
1.5 0.018 ‘
T 2.0 0.119 !
E 25 0.500 i
0471 3.0 0.881
! 3.5 0.982 !
| 4.0 0.997
024 | 45 1.000 3
5.0 1.000
5 1

0.0 4 t—e==mm T
| . | : :
1 2 3 4 5

Likert Scale Score ()

Domain: z € [1,5] | Range: ppyor(z) € [0,1]

Figure 7. Emotional Activation Membership Function for emotional drivers (Source: Author).

The sigmoid functions represent gradual changes in activation and provide a con-
tinuous mathematical basis for expressing behavioural membership. Their parameters
are specified as part of the proposed operational model, with the resulting classifications
interpreted in conjunction with the construct scores and quadrant calculations below.
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3.7.2. Construct Score Computation

The latent construct scores were calculated by averaging the observed indicators asso-
ciated with each construct. The SMI score was calculated using nine indicators:

SMI, + SMI, + SMI, + SMI, + SMI5 + SMI,, + SMI, + SMIg + SMI,

SMI = 5

Substituting the observed mean values:

2.780 + 2.500 + 2.647 + 2.527 + 3.020 + 2.800 + 2.993 + 2.573 + 2.647
SMI = + + + + 5 + + + + — 271

The TRIG score was computed as:

TRIG, + TRIG, + TRIG,
3
2.580 + 2.867 + 2.620

TRIG = 3 = 2.689

TRIG =

The EMOT score was calculated as:

enoT — EMOT + EMOT, + EMOT,

3
EMOT — 2.660 + 2.?47 + 2.660 260
The EXP score was determined using:
EXP — EXP; + EXP,
2
EXP = w = 2.687

Finally, the PEER score was computed as:

PEER, + PEER, + PEER; + PEER,
4

PEER — 2.640 +2.953 1— 2.827 +3.340 _ 5940
Averaging the indicators provides a common construct-level summary while preserv-
ing the original five-point response scale. These scores offer an interpretable basis for
comparing social media influence, travel-planning triggers, emotional drivers, experiential
preferences, and peer influence within the surveyed sample. In particular, the EXP score
summarises preferences for culturally immersive and personally meaningful experiences,
while the EMOT score represents the emotional dimension of heritage tourism engagement.

These construct scores served as the basis for the subsequent activation calculations.

PEER =

3.7.3. Experiential and Emotional Activation Scores
For interpretability and comparison, the experiential and emotional construct scores

were linearly normalised to an interval between 0 and 1 using:

x—1

MO =

The normalized experiential activation score was:

2687 —1
EXP = % =0.4218
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Similarly, the normalized emotional activation score was:

EMOT = % = 0.4055
The normalised scores place experiential preferences and emotional drivers on a com-
mon scale, allowing their combined contribution to heritage activation to be examined. The
experiential score of 0.4218 represents the normalised level of preference for immersive and
meaningful heritage experiences, while the emotional score of 0.4055 represents the corre-
sponding level of emotional activation. Together, these scores provide the two dimensions
required to differentiate preference types within the GZ-HAQ framework.

3.7.4. Heritage Activation Quadrant Membership Functions

The normalised activation scores were used to calculate membership values for the
four behavioural quadrants (Figure 8). The quadrant model combines experiential and
emotional activation so that preferences for cultural immersion and authentic heritage
experiences can be interpreted alongside emotional engagement, rather than treating either
dimension as a sufficient indicator of heritage activation on its own.

Quadrant Membership Functions

1.0 | :
! ' ——— Heritage Enthusiasts (zyg)
i i
i \ Emotional Tourists (ugr)
| 1
i ' :
0.8 i :‘ —— Experience Seekers (p1gs)
' ! —— Passive Tourists (upr)
i |
2 : !
g : |
o 0.6 1 . |
Q | :
8= i |
= | 1
[ i i
b i '
< 044 | 1
£ | :
[} i
= | :
! |
i 1
02 { ‘ |
i
|
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I
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001 : : - . .
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Activation Level (z)
Heritage Enthusiasts Emotional Tourists Experience Seekers Passive Tourists
(High EXP, High EMOT) (Low EXP, High EMOT) (High EXP, Low EMOT) (Low EXP, Low EMOT)

Hue(x) = pexe(x) x pesor(z) ezr(z) = [1 = pexp(2)] X pesior(z) #es(z) = pexp(z) x (1= peaor(z)] per(z) = (1 = pexp(2)] x [1 = peaor(2)]

Note: ipxp(x) and pgpor(x) are the membership degrees of Experiential Activation and Emotional Activation, respectively.
Forall z € [1, 5): 0< pi(z) <1 and  ppe(z) + per(z) + pes(z) + ppr(z) =1

Figure 8. Quadrant membership functions for Gen-Z heritage tourism behavioural activation
(Source: Author).

For Heritage Enthusiasts:
HuE = Pexp(X) * HepmoT (X)

upe = 0.4218 x 0.4055 = 0.171

For Emotional Tourists:

per = [1 = pexp(¥)] * pEpor (%)
uepr = (1 —0.4218) % 0.4055 = 0.234

For Passive Tourists:

ppr = [1 = pexp ()] * [1 = pppmor (%) ]
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ppr = (1 —0.4218) * (1 — 0.4055) = 0.344

For Experience Seekers:

Hes = pexp(X) * [1 = pepmor (%) ]
Mgs = 0.4218 % (1 — 0.4055) = 0.251

The normalisation condition was satisfied:
0.171 + 0.234 + 0.344 + 0.251 = 1.000

The membership values thus represent a full partition of the two-dimensional activation
space. Heritage Enthusiasts combine experiential and emotional activation; Experience
Seekers exhibit relatively greater experiential than emotional activation; Emotional Tourists
exhibit relatively greater emotional than experiential activation; and Passive Tourists exhibit
comparatively lower activation on both dimensions. These categories offer a useful way
to separate the different preference types which are otherwise lumped into one average
engagement score.

3.7.5. Dominant Behavioural Segment

The resulting membership values indicate that Passive Tourists have the highest mem-
bership within the surveyed sample. Table 18 presents the membership distribution.

Table 18. Fuzzy membership values and dominant behavioural segments of Gen-Z heritage tourists
(Source: Author).

Segment Membership
Heritage Enthusiasts 0.171
Emotional Tourists 0.234
Experience Seekers 0.251
Passive Tourists 0.344
Since:
upr = 0.344

Passive Tourists are the most prevalent membership category (0.251), followed by
Experience Seekers (0.251), Emotional Tourists (0.234) and Heritage Enthusiasts (0.171).
This distribution indicates that the examined group seems to have a higher relative density
in the low-activation quadrant than in the quadrant of higher experiential and emotional
involvement. The membership values, however, are fuzzy membership values and not
percentages of respondents who fall into the four distinct membership groups. In addition,
the relatively larger proportion of Experience Seekers compared to Heritage Enthusiasts
indicates that experiential preference and emotional activation should be treated in distinct
ways. For some tourists, cultural atmosphere and authentic heritage experiences might
be important but not equally strong emotional factors. In contrast, the Emotional Tourist
category represents emotional involvement that is not matched by the same magnitude
of experiential activation. This distinction provides a helpful framework for designing
interpretation and visitor-engagement approaches for various types of preferences.

3.7.6. Heritage Activation Index (HAI)

To provide an aggregate measure of heritage engagement, a Heritage Activation Index
(HAI) was calculated using weighted membership values:

HAI = 040355 + 0.30pz5 + 0.20457 + 0.10pp7
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The weighting scheme gives the greatest weight to Heritage Enthusiasts, who combine
experiential and emotional activation, followed by Experience Seekers, Emotional Tourists,
and Passive Tourists. The ordering emphasises the mixture of cultural-experience prefer-
ences and emotional engagement and, when one dimension is comparatively stronger, also
recognises experiential or emotional engagement. The weights are a specific, theory-based
prioritisation in the proposed index.

Substituting the computed membership values:

HAI = 0.40(0.171) + 0.30(0.251) + 0.20(0.234) + 0.10(0.344) = 0.224

The HAI was interpreted using the classification scheme shown in Table 19.

Table 19. Heritage Activation Index (HAI) classification ranges and interpretation (Source: Author).

HAI Range Interpretation
0.00-0.20 Very Low Heritage Activation
0.21-0.40 Low Heritage Activation
0.41-0.60 Moderate Heritage Activation
0.61-0.80 High Heritage Activation
0.81-1.00 Very High Heritage Activation

The calculated value of:
HAI = 0.224

This value is in the Low Heritage Activation category within the study’s classification
scheme. Interpreted alongside the quadrant memberships, the result indicates scope to
strengthen the translation of social media exposure, peer influence, and emotional triggers
into stronger preferences for cultural immersion and authentic heritage experiences. The in-
dex offers a brief summary of the combined activation pattern, while the quad memberships
show the differentiation in activation pattern between experiential and emotional prefer-
ence types, which the aggregate score would not show. The findings will help heritage-site
managers with differentiated engagement strategies. Visitors with stronger experiential
preferences may respond to immersive interpretation, heritage walks, artisan interactions,
and opportunities to engage with local cultural practices. Individuals with higher emotional
activation can be engaged with through personal stories, memory-based interpretation
and heritage storytelling. Visitors who are not as activated in both dimensions might
have an opportunity to deeper engage through more accessible interpretation, low-cost
interactive activities, and introductory digital content. Such strategies convert the acti-
vation categories into actionable recommendations to promote more significant heritage
tourism participation.

3.8. Integrated OR-AI Framework

The proposed framework integrates Operations Research (OR) and Artificial Intel-
ligence (AI) methodologies into a unified decision-support architecture for examining
and forecasting Gen-Z heritage tourism behaviour (HTB). Its contribution lies in combin-
ing three complementary analytical functions: PLS-SEM examines theoretically specified
structural relationships, ANNSs identify nonlinear predictive patterns, and FL translates
activation scores into interpretable behavioural categories. This integrated pathway links
behavioural analysis with practical visitor-segmentation and heritage-management deci-
sions. The framework consists of three stages. The first stage uses PLS-SEM to examine
the proposed behavioural model. PLS-SEM was selected for its suitability for exploratory
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Emotional Activation, ppyor(x)

tourism research, its ability to model latent variables, and its capacity to estimate rela-
tionships among behavioural dimensions. The PLS-SEM stage examines the specified
associations between SMI, PEER, TRIG, EMOT, and EXP. It identifies the direction and
magnitude of the modelled relationships, providing a structural account of how digital
and social influences and situational triggers relate to emotional drivers and experiential
preferences. These estimates provide the explanatory component of the framework and
guide interpretation of the subsequent predictive analysis. The second stage uses ANNs to
examine nonlinear relationships among the behavioural variables. Tourism decision making
can involve combinations of social context, emotional responses, practical constraints, and
experience preferences. Thus, two multilayer perceptron networks were designed. The first
predicts EXP using SMI, PEER, EMOT, and TRIG as input variables. The second predicts
EMOT using SMI, PEER, TRIG, and EXP as predictors. The ANN stage takes the structural
analysis one step further by providing information on the relative predictive significance
of the individual indicators in each fitted network. For experiential preferences, PEER1
was the most important predictor, followed by EMOT3 and EMOT?2. For emotional drivers,
EXP1 was the most important predictor, followed by TRIG3. These patterns underscore the
significance of the budget-related offers, feelings, experiential preferences, and practical
considerations of travel planning in the predictions of the model. The importance rankings
are network specific and do not replace the structural relationships estimated by PLS-SEM,
but rather supplement. The third stage presents a fuzzy decision-support system to con-
vert the activation dimensions into behaviour categories. The GZ-HAQ is comprised of
experiential activation (preferences for immersive, authentic, and culturally meaningful
heritage experiences) and emotional activation (responses related to nostalgia, FOMO,
social pressure, and place connection). The resulting quadrants are Heritage Enthusiasts,
Experience Seekers, Emotional Tourists and Passive Tourists (Figure 9). The HAI also
summarises the quadrant memberships by means of a weighted index, which serves as an
aggregate indicator which can be used in conjunction with the underlying preference types.

1 4
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Each respondent is assigned a membership degree to all four quadrants.
HuE + PET + pES + ppr =1 for all z € [1, 5]

Figure 9. Quadrant-based behavioural activation framework for Gen-Z heritage tourists (Source:
Author).
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From an OR perspective, the framework functions as a multi-stage decision-support
approach. PLS-SEM provides structural analysis, ANNSs offer nonlinear predictive mod-
elling, and FL produces interpretable behavioural classifications. The combined approach
supports a progression from identifying relationships among behavioural constructs to
prioritising predictive indicators and interpreting visitor activation patterns. For destina-
tion managers, this can inform the selection of engagement strategies according to visitors’
preferences, emotional responses, and practical travel considerations. From an Al per-
spective, the framework combines predictive modelling with a fuzzy classification layer
that makes behavioural outputs easier to interpret for planning purposes. ANNs provide
relative predictive-importance information, while FL organises experiential and emotional
activation into categories that can be communicated to heritage managers. The framework’s
practical value therefore lies in connecting model-based behavioural insights with differen-
tiated interventions, rather than treating prediction alone as the final management outcome.
Figure 9 provides a conceptual illustration of the integrated framework. The PLS-SEM stage
examines the specified relationships involving SMI, PEER, and TRIG, alongside EMOT
and EXP. The ANN stage then evaluates nonlinear predictive patterns for experiential
preferences and emotional drivers. The fuzzy decision-support system uses the normalised
activation dimensions to produce the GZ-HAQ memberships and HAI The integrated
OR-AI framework thus offers a structured approach to examining Gen-Z heritage tourism
behaviour across three complementary levels: structural relationships, nonlinear predictive
importance, and interpretable activation categories. Its preference-sensitive segmentation is
particularly useful for distinguishing visitors who favour cultural immersion and authentic
heritage experiences from those whose engagement is primarily emotional or remains
comparatively low. This distinction can help heritage stakeholders design more targeted,
accessible, and meaningful visitor experiences.

4. Results
4.1. Demographic Profile of Respondents

The study gathered information from 150 Gen-Z students participating in the Bachelor
of Tourism Studies programme at IGNOU. The respondents were chosen because they
represent a segment of young adults who are familiar with tourism and have access to the
internet. Every participant was between the ages of 18 and 26, representing the Gen-Z age
group considered in this study. The respondents frequently used social media platforms
to compare destinations, find travel ideas, and obtain tourism information. This profile
was relevant to examining the relationships between digital engagement, peer influence,
emotional motivations, experiential preferences (EXP), and heritage tourism behaviour
(HTB). Additionally, the respondents’ educational background provided familiarity with
tourism concepts and destination evaluation, making their responses relevant to examining
heritage tourism preferences. However, tourism students may differ from the wider Gen-Z
population in their knowledge of destinations and travel decision making. The findings
are therefore interpreted primarily in relation to the surveyed cohort. The demographic
profile supports the study’s objective of examining Gen-Z HTB through an integrated
PLS-SEM-ANNSs-FL framework, with particular attention to digital engagement, social
influence, emotional responses, and preferences for meaningful tourism experiences.

4.2. Measurement Model Assessment

The measurement model was evaluated for internal consistency reliability, convergent
validity, and discriminant validity. Cronbach’s alpha, composite reliability (CR), and
average variance extracted (AVE) were used to assess construct reliability and validity
(Table 20). Cronbach’s alpha values ranged from 0.641 to 0.826. SMI demonstrated the
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highest reliability (« = 0.826), followed by EMOT (x = 0.767), EXP (« = 0.683), TRIG
(x = 0.657), and PEER (x = 0.641). Although the values for EXP, TRIG, and PEER are
below the conventional 0.70 benchmark, they exceed 0.60, a threshold sometimes accepted
in exploratory research. PEER has the lowest alpha (0.641), indicating comparatively
modest internal consistency and warranting cautious interpretation. Composite reliability
values ranged from 0.789 to 0.866, exceeding the commonly used threshold of 0.70. EMOT
and SMI recorded the highest CR values (0.866). AVE was used to assess convergent
validity. EMOT (AVE = 0.684), EXP (AVE = 0.750), and TRIG (AVE = 0.587) exceeded the
recommended threshold of 0.50. PEER (AVE = 0.491), and SMI (AVE = 0.431) fell below
this threshold. Although their composite reliability values indicate internal consistency,
this does not fully resolve the concern regarding convergent validity. These constructs were
retained to preserve their conceptual relevance to the proposed behavioural framework;
their structural relationships are consequently interpreted with this measurement limitation
in mind. The heterotrait-monotrait ratio (HTMT) was used to assess discriminant validity.
All HTMT values ranged from 0.221 to 0.575, below the conservative threshold of 0.85. The
reported HTMT values support discriminant validity between the constructs under this
criterion. Taken together, the reliability and discriminant-validity results provide a basis for
proceeding to structural assessment, while the lower AVE values for SMI and PEER and the
modest alpha for PEER remain important qualifications when interpreting the findings.

Table 20. Reliability and validity assessment (Source: Author).

Construct Alpha CR AVE
EMOT 0.767 0.866 0.684
EXP 0.683 0.856 0.750
PEER 0.641 0.789 0.491
SMI 0.826 0.866 0.431
TRIG 0.657 0.810 0.587

4.3. Structural Model Assessment

Following measurement model assessment, the structural model was evaluated us-
ing path coefficients, coefficients of determination (R?), and effect sizes (f2). The model
explained 29.6% of the variance in EMOT (R? = 0.296), 20.9% in EXP (R? = 0.209), and
20.5% in TRIG (R? = 0.205). These values indicate modest-to-moderate explanatory power,
showing that the specified behavioural constructs account for a meaningful proportion of
the variation in emotional responses, experiential preferences, and initial travel triggers.
SMI and TRIG showed the strongest structural association (B = 0.502; f* = 0.257), indicating
a positive relationship between social media influence and initial travel triggers. This associ-
ation is consistent with the role of digital content in destination discovery, comparison, and
early-stage travel planning. Social media trends, visual content, and influencer informa-
tion may help bring heritage destinations into consideration when young travellers begin
evaluating travel options. The effect size (f* = 0.257) indicates a comparatively substantial
contribution within the specified model. PEER had a positive association with EMOT (B =
0.375; f2 = 0.126), indicating that peer-related information and social validation are asso-
ciated with emotional responses to heritage tourism. TRIG was also positively associated
with EMOT (p = 0.387; £* = 0.129), suggesting that practical considerations surrounding
travel planning coexist with emotional responses in the decision-making process. EMOT
had the strongest positive direct association with EXP (p = 0.440; f2 = 0.157). This finding
highlights the relevance of emotional responses—including nostalgia, FOMO, and social
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pressure—to preferences for immersive cultural experiences and personally meaningful her-
itage engagement. It suggests that experiential preferences should be understood alongside
emotional motivations rather than solely through exposure to digital content or destination
information. Other relationships were weaker. PEER had a negative association with EXP
(B = —0.146; f2 = 0.014), while SMI had a small positive association with EMOT (p = 0.199;
2 = 0.028) and a negligible negative association with EXP (f = —0.050; £ = 0.001). TRIG
was positively associated with EXP (f = 0.160; £ = 0.016) (refer Table 21). The small effect
sizes for PEER — EXP, SMI — EXP, and TRIG — EXP indicate that these direct relationships
contribute relatively little to the explained variance in experiential preferences. In contrast,
the stronger EMOT — EXP association highlights the importance of emotional responses
in understanding preferences for culturally immersive and authentic heritage experiences.
The path coefficients describe estimated structural associations, while statistical significance
should be assessed using the corresponding inferential results. The overall pattern supports
examining Gen-Z HTB through interconnected digital, social, situational, emotional, and
experiential dimensions rather than treating any single factor as a complete explanation of
heritage tourism preferences.

Table 21. Structural model results (Source: Author).

Path B
SMI — TRIG 0.502
PEER — EMOT 0.375
TRIG — EMOT 0.387
EMOT — EXP 0.440
PEER — EXP —0.146
SMI - EMOT 0.199
SMI — EXP —0.050
TRIG — EXP 0.160

4.4. Artificial Neural Network Results

ANNSs were used to complement the structural relationships examined through PLS-
SEM by modelling nonlinear patterns among the behavioural constructs. Two multilayer
perceptron (MLP) models were developed, each using a single hidden layer with a hyper-
bolic tangent activation function and an identity output function. The first ANN model
predicted EXP using SMI, TRIG, EMOT, and PEER indicators as input variables. The net-
work comprised 19 input neurons, 3 hidden neurons, and 2 output neurons representing
EXP1 and EXP2. The average overall relative errors were 0.537 for training and 0.877 for
testing. Sensitivity analysis identified PEER1 as the most important predictor of EXP, with
a normalised importance of 100%. EMOT3 (66.8%), EMOT2 (59.9%), TRIG1 (44.8%),
and PEER3 (44.1%) also recorded notable importance scores. These rankings indicate
that budget-related offers and peer-related information were particularly informative for
predicting experiential preferences in the fitted network. The importance of EMOT3 and
EMOT?2 further highlights the predictive relevance of social-media-related pressure and
nostalgia. Taken together, the findings suggest that preferences for cultural immersion and
meaningful heritage experiences are associated with a combination of practical affordability,
social recommendations, and emotional considerations. The normalised importance scores
represent relative contributions within this ANN model, rather than statistical significance
or causal effects. The second ANN model used SMI, TRIG, PEER, and EXP as inputs to
predict EMOT. The network comprised 18 input neurons, 2 hidden neurons, and 3 output
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neurons representing EMOT1, EMOT2, and EMOT3. The average overall relative errors
were (.742 for training and 0.822 for testing. Sensitivity analysis identified EXP1 as the most
important predictor, with a normalised importance of 100%, followed by TRIG3 (71.4%),
SMI2 (40.5%), SMI8 (37.8%), and PEER2 (33.7%). The prominence of EXP1 indicates that
preferences for immersive cultural experiences were highly informative when predicting
emotional-driver indicators in this model. The importance of TRIG3 highlights the pre-
dictive relevance of budget-related planning changes, while SMI2 and SMIS8 point to the
contribution of social media trends and destination-comparison behaviour. PEER2 also
contributed to the model’s predictions, suggesting that socially shared content provides
additional information for understanding emotional responses. The two networks reveal
complementary predictive patterns: budget-related peer information and emotional indica-
tors were prominent in predicting experiential preferences, whereas experiential preferences
and budget-related triggers were prominent in predicting emotional responses. This pattern
aligns with the proposed SOR framework, in which external social and situational inputs
are considered alongside internal emotional and experiential dimensions. Because the
ANN models used a single random training/testing split, their importance rankings are
best interpreted as exploratory results that identify priorities for further examination. These
findings provide a predictive complement to PLS-SEM and inform the subsequent fuzzy
decision-support stage.

4.5. Heritage Activation Results and Segmentation

The fuzzy stage translated the activation dimensions into interpretable heritage tourism
categories using the GZ-HAQ framework. The purpose of this stage was to distinguish
preference types according to the combination of experiential and emotional activation, with
particular attention to preferences for cultural immersion, authentic heritage experiences,
and emotional connection. The scenario matrix illustrates how different combinations of
social media influence, experiential preferences, and emotional activation can be interpreted
within the proposed decision-support framework (Table 22).

Table 22. Heritage activation scenario matrix (Source: Author).

Scenario Condition Fuzzy Rule Heritage Activation Outcome
IF SMl is High AND EXP is High
S1 High SMI + High EXP THEN Heritage Activation is Very High
Very High
. IF SMI is Low AND EXP is High
52 Low SMI + High EXP THEN Heritage Activation is Moderate Moderate
. IF SMI is High AND EXP is Low
53 High SMI + Low EXP THEN Heritage Activation is Moderate Moderate
IF EMOT is High AND EXP is High
54 High EMOT + High EXP THEN Heritage Activation is Very High
Very High
S5 Low EMOT + Low EXP IF EMOT is Low AND EXP is Low Low

THEN Heritage Activation is Low

The scenario matrix illustrates the decision logic of the proposed framework: strong
experiential preferences are associated with higher activation outcomes, particularly when
accompanied by emotional engagement. High social media influence alone is assigned
a moderate activation outcome when experiential preferences are low, emphasising the
distinction between digital exposure and active interest in heritage experiences. The matrix
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therefore supports a practical interpretation in which destination visibility can attract
attention, while preferences for cultural immersion and authentic experiences are central to
stronger heritage activation. These scenarios represent specified fuzzy rules rather than
independently measured effects of interventions. Respondents” activation profiles were
summarised using the four quadrant membership values (Table 23).

Table 23. Heritage activation quadrant results (Source: Author).

Segment Membership Value
Heritage Enthusiasts (nHE) 0.171
Emotional Tourists (pET) 0.234
Experience Seekers (HES) 0.251
Low-Activation Tourists (WLAT) 0.344

The findings show that Low-Activation Tourists had the highest membership value
(0.344), followed by Experience Seekers (0.251), Emotional Tourists (0.234), and Heritage
Enthusiasts (0.171). These are fuzzy membership values rather than exclusive respondent
counts or percentages. The pattern indicates that the combined low-activation category has
the highest membership in the model, while the relatively strong membership of Experience
Seekers suggests that experiential interest may be present even when emotional activation
is less pronounced. This distinction is relevant to heritage tourism planning. Experience
Seekers may be particularly receptive to cultural immersion, authentic local experiences, in-
terpretation walks, and opportunities to engage with heritage practices. Emotional Tourists
may respond more strongly to storytelling, nostalgia, and narratives that connect heritage
places with personal or collective memory. For visitors with lower activation across both di-
mensions, accessible interpretation and introductory interactive experiences may help make
heritage more engaging. These differentiated strategies follow from the preference types
represented in the GZ-HAQ model. The Heritage Activation Index (HAI) was calculated
from the fuzzy membership values to provide an aggregate assessment of heritage activa-
tion. The resulting HAI was 0.224, placing the surveyed cohort within the Low Heritage
Activation category under the study’s classification scheme. The HAI summarises the over-
all activation pattern, while the quadrant memberships provide additional detail about the
relative balance between experiential preferences and emotional engagement. Considered
together, these outputs indicate opportunities to strengthen emotional connection, cultural
immersion, and meaningful participation in heritage tourism among the surveyed Gen-Z
students. The findings also suggest that destination awareness and digital exposure should
be complemented by experience-oriented engagement. For heritage managers, this could
include immersive interpretation, culturally grounded storytelling, interaction with local
artisans, and accessible digital material that encourages visitors to explore the historical
and cultural significance of a place. The framework provides a structured way to relate
such management options to the preference types identified through fuzzy classification.

4.6. Integrated Framework Performance

The complementary contributions of PLS-SEM, ANN, and FL were examined to assess
the analytical contribution of the proposed OR-AI framework (Tables 24 and 25). The three
stages provide distinct forms of evidence: structural relationships, nonlinear predictive
importance, and fuzzy behavioural classification.
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Table 24. Performance of the integrated OR-AI framework (Source: Author).
Analytical Stage Primary Function Key Outputs Contribution
Theory testing and causal Reliability, validity, path Identified significant linear
PLS-SEM . . 2 . .
explanation coefficients, R relationships among constructs
Nonlinear prediction and Relatn{e STHOTS, §ynapt1c Captured nonlinear interactions
ANN L . weights, variable . )
sensitivity analysis . and ranked predictor importance
importance
FL Behavioural classification =~ Membership values, HAI =~ Converted analytical outputs into
and decision support score, activation scenarios  interpretable activation outcomes
Table 25. Summary of framework outcomes (Source: Author).
Component Principal Finding
PLS-SEM Social media significantly influences travel triggers and indirectly shapes emotional
and experiential responses
ANN Model 1 Peer Influence is the strongest predictor of experiential preferences
ANN Model 2 Experiential preferences and budggt—related triggers are dominant predictors of
emotional activation
Fuzzy Logic Low-Activation Tourists represent the largest behavioural segment
HAI Assessment Low Heritage Activation (0.224)

The PLS-SEM stage identified the strongest estimated structural association between
SMI and TRIG (p = 0.502), highlighting the relationship between digital media and the
initiation of heritage tourism planning. PEER and TRIG were positively associated with
EMOT, while EMOT showed the strongest positive direct association with EXP. The results
indicate that social and situational factors are important, as well as emotional factors, in
explaining preferences for immersive and culturally meaningful heritage experiences. The
findings of the measurement model also suggest that the results for SMI and PEER need
to be analysed with the consideration of AVE below 0.50. The ANN stage complemented
these relationships by ranking the relative predictive importance of indicators within each
network. PEER1 was found to be most important in the experiential-preference model,
followed by EMOT3 and EMOT?2. In the emotional-driver model, EXP1 was the most
important predictor, followed by TRIG3. The results add up, suggesting that predictive
importance is found in budget-related information, experiential preferences, emotional
reactions, and social media engagement. They also demonstrate the value of examining
experiential preferences and emotional responses as distinct but interconnected dimensions.
The fuzzy stage translated the activation dimensions into behavioural membership profiles.
The sample was categorised as Low Heritage Activation with a HAI value of 0.224, and the
highest HAI value for the category was for Low-Activation Tourists (0.344). The Experience
Seeker (0.251) also suggests that it is vital to understand guests who might have stronger
cultural interests and a preference for real-life experience than emotional activation. Thus,
the quadrant model provides additional interpretive detail beyond the aggregate HAI score.

Overall, the results show that the proposed OR-AI framework enables the integration
of structural evaluation, nonlinear prediction and fuzzy classification in unified analytical
flow. Its contribution is not that the three methods independently validate the same result,
but that they address complementary questions: PLS-SEM examines specified construct
relationships, ANNSs identify relative predictive importance, and FL converts activation
dimensions into interpretable preference types. The integrated outputs provide a foun-
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dation for creating a program of heritage tourism that integrates digital discovery with
meaningful interpretation and cultural immersion opportunities. This finding is consistent
with a preference-sensitive management of the heritage tourism. Rather than relying on
destination visibility alone, managers can consider the different needs of Experience Seekers,
Emotional Tourists, Heritage Enthusiasts, and Low-Activation Tourists when designing
interpretation and engagement strategies. The framework thus suggests an exploratory
decision-support approach to link the behavioural analysis with practical options for en-
hancing the engagement of the surveyed Gen-Z tourism students with the heritage.

5. Discussion
5.1. Behavioural Drivers

The study provides useful insights into the behavioural processes affecting Gen-Z's
interactions with historic sites. It concludes that the assessment of heritage tourism des-
tinations by Gen-Z is complex, consisting of digital influence, emotional arousal, social
validation, and experience. The results do not suggest that Gen-Z are a distinct segment
as a whole, but that the behaviours outlined are significant in the sample surveyed. The
outcomes align with current travel literature that indicates that heritage tourism is slowly
evolving from a purely educational and cultural experience to a more experiential and digi-
tally mediated tourism (Nurranto, 2025; Robinson & Schénzel, 2019). Social media influence
(SMI) is found to be significant in predicting trip triggers (TRIG), with its direct effect on
emotional activation (EMOT) being borderline significant and direct effect on experience
(EXP) being non-significant, according to the PLS-SEM results. This suggests that social
media can play a role in destination awareness and travel planning but doesn’t directly lead
to greater experiential engagement. The experience of seeing these images, the endorsement
by influencers and others, and the user-generated experience before travel can influence
perceptions of a destination. Attention, visibility and engagement therefore play a role in
travellers’ choice of travel, making digital communication relevant for the competitiveness
of heritage destinations. Peer-related factors emphasize the social context of the travel
behaviour of the surveyed Gen-Z users. Feedback on travel experiences, community-based
information and recommendations from friends may serve as a trust-building mechanism
that helps diminish travel uncertainty. The results align with the existing studies show-
ing that younger generations are using peer-generated content and traditional marketing
communications together (Sujood et al., 2025). Another point of interest regarding the
ANN results is the high ranking of the indicators related to peer. This further indicates
that social validation and perceived affordability are important factors to consider in the
design of experiential tourism offers. This means that managers of heritage destinations
can better foster and support visitor-generated content and digital advocacy—and ensure
that the promotion of the destination is aligned with visitors” authentic experiences. In
addition, EMOT is a significant aspect of the proposed behavioural framework. Visitors’
perception of a place and their willingness to visit may be affected by nostalgia, curiosity,
social connection, and fear of missing out (FOMO). The results indicate that, heritage visits
can have other motivations besides education, such as identity expression and emotional
fulfilment. Heritage experiences can therefore be used to enable social expression and per-
sonal meaning as well as engagement with the past. Similarly, EXP plays an important role
in the proposed framework. The positive relationship between EMOT and EXP (p = 0.440)
suggests a close connection between emotional activation and experiential engagement
in the structural model. The results align with the transition from a passive approach to
consuming heritage to an active one through meaning making with the local community,
culture and true stories. For Experience Seekers, immersive cultural activities, heritage
walks, artisan interactions, and opportunities to engage with local traditions may help

https://doi.org/10.3390/tourhosp7110363


https://doi.org/10.3390/tourhosp7110363

Tour. Hosp. 2026, 7, 363

43 of 51

translate destination interest into meaningful participation. Experience design is therefore
relevant in the consideration of heritage destination management.

5.2. Nonlinear Effects

One contribution of the study is the use of ANNSs to complement the explanatory
patterns identified through PLS-SEM. Whereas PLS-SEM estimates specified structural
relationships, ANNs provide a model-specific ranking of the relative predictive impor-
tance of the input variables. The two approaches therefore offer complementary rather
than interchangeable evidence. This distinction is consistent with research highlighting
the complexity of visitor decision making and the potential value of predictive modelling
beyond conventional linear approaches (Liébana-Cabanillas et al., 2025). In the first ANN
model, which predicts EXP, PEER1 had the highest normalised importance (100%), fol-
lowed by EMOT3 (66.8%), EMOT2 (59.9%), TRIG1 (44.8%), and PEER3 (44.1%). These
results suggest that specific peer-related and emotional indicators contributed substan-
tially to the model’s predictions. Social media indicators did not uniformly dominate the
variable-importance ranking. This pattern complements the PLS-SEM finding that the
direct SMI-EXP relationship was non-significant (p = —0.050, p = 0.358), suggesting that
destination visibility alone may be insufficient to explain experiential engagement. In the
second ANN model, which predicts EMOT, EXP1 had the highest normalised importance
(100%), followed by TRIG3 (71.4%), SMI2 (40.5%), and SMIS8 (37.8%). The prominence of
EXP1 suggests that experience-related information is particularly relevant to the model’s
predictions of emotional activation. However, variable importance does not establish causal
direction or demonstrate reciprocal effects between emotion and experience.

Although ANN can represent complex and nonlinear relationships, the present analysis
does not independently establish specific behavioural thresholds or demonstrate that small
changes in an input produce disproportionately large changes in outcomes. The reported
variable-importance rankings should therefore be interpreted as exploratory, model-specific
predictive evidence rather than proof of threshold effects. Furthermore, the ANN models
used a single training—testing split without repeated resampling or k-fold cross-validation,
which limits the extent to which the rankings can be generalised beyond this sample. These
findings nevertheless have practical implications. Heritage destination managers should
not assume that incremental improvements in digital marketing will automatically produce
equivalent gains in visitor engagement. Instead, digital communication should be connected
to credible peer information, emotionally meaningful interpretation, and opportunities for
participation. For example, promotional content that communicates the authenticity of a
heritage experience and provides clear information about activities and costs may be more
useful than visibility-focused communication alone. The integrated analytical approach
demonstrates how ANN can supplement structural analysis by identifying behavioural
indicators that merit further investigation in heritage tourism research.

5.3. Heritage Activation and Visitor Engagement Implications

The results indicate that behavioural dimensions are important to understanding Gen-
Z travellers’ interactions with heritage. The performance of a destination is still dependent
on physical resources, infrastructure, accessibility, conservation quality and promotional
activities. However, the findings also highlight the relevance of social media exposure,
peer influence, emotional activation, and experience-related factors. The management of
heritage should thus embrace the protection of the physical entity as well as the ways in
which visitors interpret, experience and interact with it. The fuzzy activation results offer an
additional perspective. Low-Activation Tourists represented the largest fuzzy membership
(0.344), while the cohort’s Heritage Activation Index (HAI) was 0.224, classified as Low
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Heritage Activation under the study’s specified classification scheme. The results in this
report do not mean to say that 34.4% of respondents were exclusively in the low-activation
group, but rather that the model assigned a relatively higher membership to this group. The
results indicate that simply seeing and hearing digital content may not be enough to create
more meaningful emotional and experiential involvement. The management challenge is
therefore to translate destination visibility into meaningful participation rather than simply
increasing awareness.

The results also highlight the complementary roles of digital inputs, social influence,
emotional responses, and experience expectations within the proposed framework. Social
validation is possible through peer networks, social engagement is embedded in EMOT,
experiential orientation is in EXP and social media is related to destination awareness and
travel-related triggers. The structural and predictive results indicate that these dimensions
should be analysed as a package, with the proportions varying from one method to another.
It is not just destination visibility that matters in some cases, where experiential opportu-
nities are scarce or not tied to visitors’ interests. Likewise, where cultural assets are not
experienced through immersion, emotion and individual relevance, the assets can be under-
engaged. It is therefore important for heritage managers to think about adopting integrated
approaches, involving digital stories, visitors” interaction, experiential design, and emo-
tional interpretation. The GZ-HAQ segmentation framework provides an exploratory way
to categorize these priorities into four profiles: Heritage Enthusiasts, Emotional Tourists,
Experience Seekers and Low-Activation Tourists. These profiles can guide differentiated
engagement approaches, and the utility of these profiles needs to be evaluated by appli-
cation to other sets of visitors. Heritage Enthusiasts can be engaged with opportunities to
go deeper into cultural experiences; Emotional Tourists can enjoy storytelling, collective
memory and personal narratives; Experience Seekers can be offered authentic cultural
elements and direct interaction with the local community; and Low-Activation Tourists
can find accessible introductory interpretation and low-barrier participatory opportunities.
These differentiated approaches may enable managers to link heritage interpretation into
the interests and levels of engagement of visitors.

5.4. OR and AI Contribution

The study’s methodological contribution is the integration of Operations Research
(OR) and Artificial Intelligence (AI) techniques within a behavioural framework for heritage
tourism. Rather than relying on a single analytical technique, the study combines PLS-SEM,
ANNSs, and fuzzy logic (FL) to examine complementary aspects of Gen-Z heritage tourism
behaviour. This integrated approach connects structural explanation, predictive mod-
elling, and decision-support classification within one analytical workflow. The PLS-SEM
component examines the specified relationships among SMI, peer influence (PEER), trip
triggers (TRIG), EMOT, and EXP. The findings are indicative of relationships between the
behavioural constructs, but not causal relationships. The findings were partially supportive
of the proposed Stimulus—Organism—Response (SOR) framework by revealing significant
SMI, PEER, TRIG, and EMOT relations in the model, respectively, as SMI — TRIG, PEER —
EMOT, TRIG —» EMOT, and EMOT — EXP. The findings should be interpreted with cau-
tion, however, because of non-significant direct paths and limitations in the measurement
models. The ANN component is used to supplement the structural analysis by ranking
the input variables based on their relative predictive importance in the given models. This
assists in finding individual indicators in which two constructs may not have a clearly
direct relationship, but the indicator is still worth monitoring. However, ANN importance
rankings are model-dependent and do not independently establish causal mechanisms,
statistically significant effects, or specific behavioural thresholds. The ANN results are thus
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considered as complementary evidence to the PLS-SEM findings and as exploratory in na-
ture. The FL component translates numerical scores into interpretable activation categories.
The HAI and GZ-HAQ provide a structured way to communicate overall activation and
differentiated behavioural profiles to heritage tourism planners. Because the membership
functions, weighting scheme, and classification thresholds are specified within the proposed
framework, the resulting categories should be interpreted as exploratory decision-support
outputs rather than externally validated measures of visitor behaviour. Their practical
value lies in helping stakeholders organise possible interventions according to the activation
patterns indicated by the model. Collectively, the integration of PLS-SEM, ANNSs, and FL
demonstrates how complementary analytical methods can support behavioural analysis
and decision-making in heritage tourism. The proposed framework offers a potentially
transferable analytical structure, although its predictive stability, classification performance,
and applicability across destinations require further empirical assessment. As tourism
environments become increasingly data-driven, such integrated approaches may help her-
itage managers identify behavioural priorities and develop more evidence-informed visitor
engagement strategies.

6. Conclusions

This study developed and empirically examined an integrated OR-AI framework for
understanding Gen-Z heritage tourism behaviour (HTB). The study aims to explore the
relationships among SMI, PEER, TRIG, EMOT, and EXP in view of the emerging impor-
tance of digitally mediated and experience-oriented tourism, and these relationships were
explored using PLS-SEM, ANN, and FL. The results suggest a multi-faceted experience of
culture sites, including digital, social, emotional, and experiential aspects, within Gen-Z’s
experience. In the PLS-SEM results, SMI significantly predicted TRIG, while PEER and
TRIG significantly predicted EMOT, and EMOT significantly predicted EXP. By contrast,
the direct SMI-EXP, PEER—EXP, and TRIG—EXP paths were not statistically significant.
These differences show the need to distinguish among different structural relationships,
rather than assume that all behavioural drivers have a common influence. The ANN results
complemented the structural findings by identifying peer-related and emotional indica-
tors as important predictors of EXP, while an experience-related indicator was the most
important predictor of EMOT in the second model. These rankings provide exploratory
evidence of model-specific predictive importance but do not, on their own, demonstrate
behavioural thresholds or causal effects. In the fuzzy inference stage, the GZ-HAQ and
HAI translated the specified behavioural indicators into interpretable activation profiles.
Low-Activation Tourists had the largest fuzzy membership (0.344), and the cohort’s HAI of
0.224 fell within the study’s Low Heritage Activation category. These outputs indicate the
classification produced by the proposed framework, rather than independently validated
or mutually exclusive visitor segments. This study’s results demonstrate that heritage
engagement is influenced not only by the destination’s attributes but also by the potential
for a heritage experience to foster social validation, emotional engagement, and immersion.
The proposed OR-AI framework provides a structured way to examine these dimensions
through complementary analytical methods. The framework is relevant to the Sustain-
able Development Goals (SDGs) with respect to SDG 9, which refers to the use of digital
technologies and analytical tools for tourism planning, and SDG 11, which focuses on the
challenge of culturally relevant engagement and sustainable protection of heritage. These
contributions represent potential planning applications; the study did not directly measure
SDG outcomes or demonstrate improvements in heritage conservation. The framework
should be examined using larger and more diverse samples, various destinations, and
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different cultures and the stability and practical performance of the predictive and fuzzy
classification components should be tested.

6.1. Theoretical Contributions

This research has significant implications for heritage tourism and behavioural tourism
research by promoting a heritage activation approach based on visitor behavioural in-
telligence. Traditional tourism frameworks often emphasise destination resources, infra-
structure, accessibility, governance, and service provision. These are significant but do not
account for all the ways in which visitors interpret, experience and interact with heritage
sites. Using the SOR framework, this study examines how digital inputs, social influences,
emotional responses, and experience-related factors are associated within Gen-Z heritage
tourism behaviour. The findings provide partial empirical support for the proposed be-
havioural relationships: social media influence is significantly associated with trip triggers,
peer influence and trip triggers are significantly associated with emotional activation, and
emotional activation is significantly associated with experience. The non-significant direct
relationships between some predictors and EXP further indicate that behavioural dimen-
sions should not be assumed to influence all outcomes in the same way. The study therefore
extends destination-focused perspectives by integrating multiple behavioural dimensions
into a single analytical framework. The heritage activation perspective also connects visitor
behaviour with the broader sustainability agenda. In relation to SDG 9, the framework
illustrates how analytical and Al-based methods can be applied to tourism planning. In the
context of SDG 11, it underscores the importance of heritage engagement and culturally
relevant visitor experiences for people-centred heritage management. These connections
link the SDGs conceptually and practically, but not as direct contributions to measured
sustainability outcomes.

6.2. Methodological Contributions

The methodological contribution of this study is the combined use of PLS-SEM, ANNs
and FL. Their application is combined in a single framework that allows structural anal-
ysis, predictive modelling and decision-support classification for the study of behaviour
activation in heritage tourism. PLS-SEM focuses on the specified relations between the
behavioural constructs, and ANNs rank the relative predictive value of single indicators. FL
then translates numerical outputs into interpretable activation profiles and categories. This
division of analytical roles allows the methods to complement one another without treating
structural coefficients, predictive importance rankings, and fuzzy membership values as
equivalent forms of evidence. Development of the GZ-HAQ and HAI also provides another
exploratory tool for communicating behavioural patterns in a way that could be potentially
useful to tourism planners. The weights, membership functions and thresholds should be
documented and tested on a wider sample before the categories are accepted as validated
measurement or classification tools. The framework thus provides a methodological basis
for further research on the integration of behavioural theory, OR and Al in heritage tourism.

6.3. Practical Contributions

The results can be relevant to heritage destination managers, tourism planners and
destination marketing organisations. First, the strong SMI-TRIG relationship shows the
importance of social media as a travel triggering factor within the sample population. Digital
Storytelling, Influencer Collaborations, User-Generated Content and Visual Communication
can all be tools used by Heritage destinations to raise awareness and share the value of
heritage experiences. But the lack of a significant direct relationship between SMI and
EXP suggests that digital visibility does not alone drive engagement, and that it is essential
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to link to a relevant experiential opportunity. Second, the positive correlation between
EMOT and EXP confirms the significance of an emotionally meaningful experience by
visitors. Heritage destinations can develop heritage trails, interpretative activities, cultural
workshops, artisan interactions, and opportunities to engage with local practices. For
Experience Seekers, priority may be given to authentic cultural immersion and direct
participation; for Emotional Tourists, storytelling and memory-based interpretation may be
more relevant; and for Heritage Enthusiasts, opportunities for deeper cultural exploration
may be appropriate. Low-Activation Tourists can be served by easy to access introductory
interpretation, interactive displays and low-barrier activities that foster initial participation.
These are proposed management applications of the profiles, rather than interventions
tested by the present study. Third, the fuzzy classification results offer a structured way
to identify areas for further attention. The largest fuzzy membership was assigned to
Low-Activation Tourists, and the overall HAI was classified as low. These findings can
help heritage managers prioritize activities aimed at engaging visitors, but it is important
to note that the memberships are model-based degrees and not an actual estimate of the
percentage of tourists in each segment. Actual implementation and evaluation would
be helpful to determine if the proposed profiles enable effective targeting and resource
allocation. Lastly, the integrated OR-AI system can be used as a decision support tool
in the field of heritage tourism planning, where the structural relationships, predictive
importance rankings and categories of fuzzy activation are combined. It has potential SDG
9 relevance because it can be used to inform tourism planning, as well as SDG 11 relevance
because of its potential to inform culturally responsive visitor experiences and heritage
safeguarding. The framework should be viewed as a planning aid, not as a substitute for
conservation expertise, community participation, or destination-specific evidence. Future
research should assess its performance across locations, larger and more diverse samples,
and different cultural settings. Longitudinal and comparative studies could also examine
whether targeted engagement strategies are associated with changes in visitor participation,
heritage appreciation, and destination-level management outcomes.
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