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Abstract
Today, tourism as a globaliys
the world's GDP. Teeghnolo
always at the forqr%ﬂs apivot
industry. Y

The present study is
analysis
method and
calculated f alidation. In the quantitative part, data from 391
tourists were coltected from three Iranian tourist regions using a multi-
stage cluster sampling method based on the Gregg and Morgan table
and analyzed with/@ questionnaire.

Data analysis with SPSS (exploratory factor analysis) and LISREL
(confirmatory factor analysis) showed that the key components of the
marketing model include tourist preferences, purchasing behavior, and
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targeted advertising, which are enhanced by artificial intelligence
(clustering and prediction). The model’s convergent and divergent
validity and reliability (Cronbach’s alpha and composite reliability)
were also confirmed.

Keywords: Tourism, marketing model, artificial intelligenc

Introduction
Tourism, as a global system, plays a pivotal role in comigibuting to the
world’s GDP, accounting for approximately 10.42% of g i
2019, equivalent to 268.29 billion USD. The tourispigl
consistently been at the forefront o i
advancements, with Artificial Intelligence
transformative force in reshaping marketin Al enables the
analysis of large datasets, demand forecasting, angdpersonalized service
delivery, which are essential for e i he efficiency and
competitiveness of the touriSg sector. @e its global significance,
the tourism industry fa llenges ‘Stich as rapidly changing
customer preferences, the nee st reduction, and the demand for
improved service quality. Thi y aims to design a tourism
marketing modelllegieragin nologies, focusing on integrating
key marketing el8nentsasu s destination attractiveness, digital
advertising, and custo erience to address these challenges and
promote inable development.

Methodolo
This research ployed a mixed-methods approach, combining
qualitative and quantitative methodologies. In the qualitative phase,
semi-structured intérviews were conducted with 21 experts, including
Al specialists, rism executives, and academic faculty members,
selected via snowball sampling until theoretical saturation was
achieved. Data were analyzed using Braun and Clarke’s thematic
analysis method with MAXQDA software, and the coding process was
validated with a Cohen’s Kappa index of 0.793, indicating a reliable
level of agreement. In the quantitative phase, data were collected from
391 tourists using multi-stage cluster sampling based on the Krejcie and
Morgan table. Al input data comprised textual data (tourist reviews),
numerical data (visitor statistics), and visual data (destination images),
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analyzed using machine learning algorithms such as Support Vector
Machines (SVM) and neural networks, implemented through Python
software. Quantitative data analysis was performed using SPSS for
exploratory factor analysis and LISREL for confirmatory factor
analysis, ensuring the model’s validity and reliability through tests of
convergent and divergent validity, Cronbach’s Alpha, and composite
reliability.

Findings
Qualitative findings revealed key factors influ
marketing, including destination characteristics (natural, ultural, and
infrastructural ~ features), causal conditions (e.g
environments and policy frameworks), a
technological infrastructure). The quantitative validated the
proposed model, demonstrating that Al sig ances tourism
marketing elements.  Specifically, Al impsoves destination
attractiveness by analyzing tourist feedbaglsa ual data to highlight
key attractions, optimizesydigital sing through targeted
campaigns enabled by ch learning;” and enhances customer
experience by offeringgperso services such as tailored travel
recommendations. Thgymodel itions these marketing elements—
destination attféctiveness, ™\di
experience—as mediat
outcomes, which inclu

challenges.

Conclusion

This study highlights the critical role of Al in revolutionizing tourism
marketing by, proving key elements such as destination
attractiveness, digital advertising, and customer experience. The
proposed model demonstrates that Al-driven strategies can enhance
service quality, reduce operational costs, and increase efficiency,
thereby contributing to sustainable tourism development. The findings
underscore the need for tourism stakeholders to invest in Al
infrastructure and training to fully leverage its potential. While this
study provides a robust framework for Al integration in tourism
marketing, its generalizability may be limited by contextual variations
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across different regions. Future research could explore the application
of this model in specific geographic contexts or investigate additional
Al technologies, such as natural language processing or predictive
analytics, to further enhance tourism marketing strategies.
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