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Abstract

The rapid advancement of Artificial Intelligence (AI) has transformed the tourism industry,
enabling tour operators to enhance decision-making processes for travellers. This study explores
the application of Al in influencing tourist travel decisions, with a focus on tour operators in
Arusha, Tanzania. The research examines the current use of Al in Arusha’s tourism industry, the
effectiveness of Al in influencing Arusha’s tourist travels decision-making process and the
challenges of Al usage by tour operators in Arusha. The study is anchored on the Theory of
Reasoned Action, the Theory of Planned Behavior and the Customer Experience (CX) Theory.
Using a Quantitative methods approach, data was collected from tour operators through structured
questionnaires to assess Al utilization, its effectiveness, and barriers to integration. The findings
reveal that over 90% of tour operators in Arusha reported using Al tools in at least one stage of
the tourist journey, which enhances tourist engagement and operational efficiency, limited
adoption due to lack of awareness, skill gaps, financial constraints, and technological challenges
remains a significant barrier. Additionally, the study highlights the role of Al in providing
multilingual support, improving customer satisfaction, and optimizing business strategies. The
research concludes that Al has significant potential to revolutionize Arusha’s tourism sector by
improving service delivery and increasing conversion rates. However, for Al to be fully leveraged,
stakeholders must address the challenges of adoption, invest in Al training, and develop policies
that promote Al integration. The study offers valuable insights for tour operators, policymakers,
and technology developers aiming to enhance the competitiveness of Arusha’s tourism industry

through Al-driven innovations.

Keywords: Artificial Intelligence, Tourism, Tour Operators, Travel Decision-Making,

Personalization, Arusha, Tanzania
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Definition of Terms

Artificial intelligence (AI) is an advanced system of computers that can execute tasks that would
typically require human intellect, such as learning, reasoning, problem-solving, interpreting
natural language, detecting patterns, and making data-driven judgments (Bulchand-gidumal,

2022).

Generative Al is a designed system to create new content, such as text, images, videos, and music.
It generates outputs based on training data, which allows for creativity and personalization. This
technology utilizes machine learning models, like GPT or diffusion-based systems, to produce

human-like and contextually relevant results (Dwivedi et al., 2024).

Specialized Al is a system built for specific tasks with high precision and efficiency, often tailored
to solve well-defined problems in areas like recommendation systems, Dynamic pricing, predictive

analytics, or data processing (Florido-Benitez & del Alcazar Martinez, 2024).

Tourist Travel Decision is a structured process involving the planning and purchasing of various
travel elements such as destinations, accommodations, and activities, influenced by personal

preferences, external factors, and sociocultural influences (Juvan et al., 2017).

A Tour Operator is a company or individual that offers travel packages, accommodations,
transportation, and guided tours for tourists visiting a country. They act as intermediaries between
tourists and service providers like hotels, lodges, transport companies, and local guides, offering
safari packages, mountain climbing, beach holidays, cultural tours, and tailored itineraries (Alam

et al., 2024).

1



Chapter One:

Introduction

1.1 Background

Artificial Intelligence (AI) refers to sophisticated computer systems designed to perform functions
traditionally associated with human cognition, including learning, logical reasoning, problem-
solving, natural language processing, pattern recognition, and data-informed decision-making
(Kazak et al., 2020). Likewise, Al employs several tactics like deep learning, machine learning, ,
natural speech processing, computer vision, and automaton which rely on enormous amounts of
data, significant computer power processing, and advanced systems that have progressively
improved as an outcome of various trends (Antonopoulos et al., 2020; Weber et al., 2023).
Additionally, Mounika (2020) acknowledged that the ongoing technological advancements have
facilitated the integration of Al across various sectors such as healthcare, banking, automotive,
agriculture, entertainment, and security. These implementations primarily serve functions
including data analysis, data processing, virtual assistance, simulation, and the detection of

fraudulent activities.

The tourism sector is increasingly exploring and implementing various Al technologies such as
voice recognition, natural language processing, robotics, virtual travel assistants, personalized
recommendation engines, and predictive analytics tools (Zlatanov & Popesku, 2019a).
Consequently, Al outperforms the old-fashioned search engines and human capabilities, enabling
service providers to analyse massive datasets and learn from experiences to enhance tourist
satisfaction (Kazak et al., 2020). Besides, Al helps tourists to decide on various aspects of future
safari plans including accommodations, destinations, and activities while enhancing their overall
experience by offering personalised tailored preferences, timely responses, and increased

engagement (Koo & Xiang, 2021).

Also, tour operators play a critical role in promoting tourism by ensuring seamless experiences for
travellers and contributing to the country's economic development through job creation and foreign
exchange earnings (Cetinkaya & Oter, 2016). On the other hand, tour operators utilize Al to
improve travel decisions for tourists by offering personalized recommendations and optimizing

interactions with customers (Florido-Benitez & del Alcazar Martinez, 2024). These Al platforms

3



analyze traveler preferences, past behaviors, and real-time data to create tailored itineraries,
accommodations, and activities, which often results in higher booking conversion rates (Dwivedi
et al., 2024). Virtual assistants enable seamless communication, provide multilingual support, and
offer 24-hour customer service, making them appealing to a diverse range of clients. Additionally,
predictive analytics help forecast demand trends, which enhances operational efficiency and the

overall client experience, ultimately promoting growth in the tourism sector (Alam et al., 2024).

The use of Al by tour operators differs based on its applications, which can be categorized into
Generative Al and specialized Al (Balushi, 2023). According to Dwivedi et al., (2024) showed
that Generative Al is designed to create new content, including text, images, videos, and music. It
generates outputs based on the training data it has received. This technology excels in creativity
and personalization, utilizing machine learning models such as GPT or diffusion-based systems to
produce human-like and contextually relevant outputs. On the other hand, Specialized Al is a
system built for specific tasks with high precision and efficiency, often tailored to solve well-
defined problems in areas like recommendation systems, Dynamic pricing, predictive analytics, or

data processing (Florido-Benitez & del Alcazar Martinez, 2024).

Furthermore, tourist travel decision-making is a structured process involving the planning and
purchasing of various travel elements such as destinations, accommodations, and activities,
influenced by personal preferences, external factors, and sociocultural influences (Juvan et al.,
2017; Miah et al., 2017). Besides, Putrianti et al., (2023) revealed that the tourist travel decision-
making process includes five stages: identifying needs and wants, gathering information, obtaining
customer assistance, making a choice, and following up on the purchase. However, in the travel
industry, the Consumer Decision-Making Model (CDMM) is helping tourists make better
decisions by breaking down the process into five stages. According to the model, tourist decision-
making involves steps like recognising the problem, information searching, alternative
evaluations, making a buying decision, and evaluating the post-purchase experience (Antunes,

2020; Stankevich, 2017).

Technology, particularly RAISA (Robots, Artificial Intelligence, and Service Automation), plays

a critical role in enhancing tourist travel decision-making and operational efficiency in the



hospitality industry across all stages of the guest cycle: pre-arrival, arrival, stay, departure, and
post-departure, yet Al respectively can be employed in each stage to influence tourists' travel
decisions (Lukanova & Ilieva, 2019). Similarly, Al-powered travel-related websites, service
robots, social media, and smartphones, such as chatbots, Al-mobile apps, interactive Al social
hubs, robot luggage delivery, and check-in during the arrival phase, can influence tourist travel
decisions (Chen & Wei, 2024). Additionally, they can assist in service delivery and luggage pickup
during the guest stay phase, as well as help with check-in and check-out during the arrival and
departure phases and also assist in pre and post-departure reviews and recommendations (Derrick

et al., 2017; Stringam & Gerdes, 2021).

The adoption and application of Al in decision-making by tour operators proved to have impacts
on tourist travel decisions (Chen & Wei, 2024; Juvan et al., 2017; Lukanova & Ilieva, 2019;
Putrianti et al., 2023). Additionally, Al is widely employed in various countries to enhance user
experience, and operational efficiency and impact tourist travel decisions including the United
States (US) where Al is primarily used in search and booking engines to learn user booking habits,
adjust website content, and assess consumer profiles for fraud detection which had a positive
influence on the tourist travel decisions (Huang et al., 2022). Still, Vietnam developed and
implemented Al chatbots that enhance human-Al interactions in the hotel industry, increasing trust

and empathy, which positively influences decision-making processes (Nguyen et al., 2023).

Conversely, Serbia enhances tourist travel decision-making by employing travel Al chatbots to
assist users with website navigation, bookings, and travel recommendations (Zlatanov & Popesku,
2019b). Likewise, Saudi Arabia developed Al chatbots for tourist recommendations to facilitate
two-way interactions through mobile apps, simplifying the tourist's travel decision process by
consolidating communication (Alotaibi et al., 2020). In addition, China impacts the tourist travel
decision by employing Al-facial recognition check-in kiosks and smile-to-pay systems to expedite
check-ins and transactions in hotels and food outlets (Morosan, 2020). However, India enhances
tourist travel decisions by employing Al Odyssey which helps with excursion budgeting, travel
planning, recommendations for restaurants and accommodations, customer support, translation,
and route planning superlative practices (Subburayan, 2023). Furthermore, Al usage in tourist

travel decisions in Turkey and China has significantly impacted tourist purchasing behaviour and



marketing more than traditional strategies and social media influences (Chen & Wei, 2024;

Durmaz & Baser, 2023).

The effectiveness of Al in influencing tourist travel decisions has been proven through various
matters including customer satisfaction, conversion rate, and predictive accuracy (Law et al., 2018;
Sharma et al., 2020). Correspondingly, Customer satisfaction directly influences customer loyalty
and repeat business, making it a vital indicator for assessing the effectiveness of Al in the travel
industry (Xiang et al., 2015). Additionally, Law et al., (2018) demonstrates the effectiveness of Al
in influencing traveller decisions, leading to conversion rates, especially in online travel platforms.
Moreover, predictive accuracy is a key measure of Al effectiveness in tourism, as accurate
predictions can significantly enhance the decision-making process (Ivanov & Webster, 2024).
Besides, Return On Investment (ROI) is a critical metric that businesses use to evaluate the
financial effectiveness of Al in the tourism sector, especially in enhancing customer experience

and operational efficiency (Bulchand-Gidumal et al., 2024).

Despite the effectiveness of Al in executing various tasks, it has numerous key challenge factors
that affect the adoption, integration and effective utilization of Al in the tourism industry (Duan et
al., 2019; El-Mofock, 2023; Nam & Dutt, 2020). Additionally, the high implementation costs of
Al are a challenge for many travel-related enterprises, which may prevent its widespread
adoption(Duan et al., 2019; Jabeen et al., 2022). Not only that, Data privacy and security have
been shown to hinder the application and adoption of Al by the tourism industry, hence Many
companies need to invest in robust security measures to protect customer data (Amankwah-Amoah

& Lu, 2022; Bulchand-Gidumal et al., 2023; EI-Mofock, 2023).

Africa is regarded as the future of Al in various industries ranging from agriculture, banking,
hospitality, tourism, security, and health, making AI crucial for future innovation and
development, inspiring further research and technology use (Bowen & Morosan, 2018). In
addition, Global Al tech companies like IBM and Google recognise Africa's potential, establishing
Al research labs in Nairobi, Johannesburg, and Accra to advance Al research and development on
the continent (Hao, 2019; Kopalle et al., 2022). In addition, the application of Al in decision-

making in other industries in Africa revealed that Al and algorithmic decision-making systems,



commonly used in agriculture for efficiency, have broad applications, including simplifying
public-sector procurement as well as helping reduce fraud, corruption, and inefficiencies in
government processes (Aworka et al., 2022; Foster et al., 2023; Gwagwa et al., 2021; Olabimpe,
2024). Also, Al is employed in Ghana and Morocco to enhance decision-making in
entrepreneurship and business development of various sectors based on product development
acceleration, improve quality, cut production costs, and reduce errors (Amankwah-Amoah & Lu,

2022; Amoako et al., 2021).

Despite Al being regarded as new and underdeveloped in Africa's tourism sector, it significantly
impacts the industry in various ways, including tourists’ awareness, perception, and attitude to Al,
concerns about Al replacing human jobs, and ethical issues related to societal morals and values,
which generally affect tourist travel decisions (Ivanov & Webster, 2017). Additionally, A study
conducted in Egypt found that large and medium-scale tour operators use more Al techniques than
small and micro-scale operators, indicating significant differences in the attitudes towards Al tools
among Egyptian tourism companies confirmed to impact tourist travel decisions (Gaafar, 2020).
However, prior studies done specifically on the influence of Al applications on tourist travel

decision-making in Africa are inadequate.

Additionally, prior studies conducted in Tanzania focused on the use and integration of Al in
decision-making in other sectors revealed to have a substantial impact on improving supply chain,
forecasting accuracy and efficiency (Kikwete, 2024; Sukums et al., 2023). Besides, Al such as
machine learning and predictive analytics enhance inventory management and resource allocation
(Kikwete, 2024). Similarly, the adoption and application of Al have impacts on the Tanzania
hospitality and tourism sector; Arusha utilised Al in risk mapping to wildlife and human
distribution around the major tourist destination (Y1i et al., 2021). In addition, Integrating Al with
web-based safari review systems proved that Al-integrated websites assist and enhance tourist
travel decisions by recommending locations, events, references, and recommendations (Silaa,
2023). However, there are inadequate previous studies that major in the application of Al to

influence tourist travel decisions in Arusha.



1.2 Problem Statement

The previous studies done based on Al and decision-making in other global sectors revealed that
Al is revolutionising human decision-making through the use of big data, algorithms, and
computer power, as a result, there is a high demand for information systems researchers to examine
their impact on decision and contribute to the success of Al applications (Amankwah-Amoah &
Lu, 2022; Amoako et al., 2021). Moreover, recently, Al has emerged as a transformative tool in
global tourism, offering capabilities such as personalized travel recommendations, dynamic
pricing, enhanced customer engagement, and efficient resource management (Aworka et al., 2022;
Foster et al., 2023). Despite its potential, the adoption and application of Al by tour operators in
Arusha remain limited, with most operators relying on traditional methods for marketing, itinerary

planning, and customer interaction

Similarly, the rapid integration of Al within the global tourism sector has prompted significant
concerns regarding the extent to which it influences tourists' decision-making processes (Stylos,
2020). Furthermore, Al automation and application in the tourism industry indicate that Al
significantly enhances service provision and decision-making through automation (Ivanov &
Webster, 2019). Additionally, Al applications in prediction and forecasting have been shown to
improve service quality, tourist satisfaction, revenue, and marketing efforts (Adam et al., 2021;
Calvano et al., 2020; Fararni et al., 2021; Huang, 2013). Moreover, the adoption of Al-powered
online services by companies to offer 24/7 customer support, personalised service
recommendations, improved tourist reviews and service delivery concluded the critical roles in
impacting tourist travel decisions (Echavez et al., 2012; Huang et al., 2022; Nam & Dutt, 2020).
However, inadequate studies have been done globally specifically on the influence of Al on tourist
travel decisions from the perspective of tour operators, hence creating a knowledge and

information gap between the researchers and tour operators.

Earlier studies conducted in Africa on Al and decision-making in other industries revealed that Al
and algorithmic decision-making systems, widely used for efficiency improvement, have broad
applications, such as streamlining public-sector procurement and aiding in the reduction of fraud
and corruption in Africa (Aworka et al., 2022; Kipkorir-Songol et al., 2021; Olabimpe, 2024).

Additionally, Al is transforming the health sector by enhancing decision-making through



constraint reasoning and mixed-initiative frameworks, thereby enhancing patient and doctor
experiences and work environments, thus contributing to healthcare development (Obasa & Palk,

2023; Olaide Babarinde et al., 2023).

Besides, several studies conducted in Botswana and South Africa tourism industries discovered
that Al was used to operate activities from front to back-office operations like prediction analysis,
virtual assistance, and conversational experiences (Ndoro, Johnston, & Seymou, 2020). In
addition, these applications have been found to enhance not only tourist travel decisions but also
customer service and interaction, improving overall tourist experiences (Mustafa et al., 2024). Not
only that, a study conducted in Kenya focused on enhancing travel agency recommender systems
through Al-driven social media, discovered that offering tailored suggestions based on user
preferences and recommendations significantly impacts tourist travel decisions (King’ori, 2023).
Yet, inadequate studies have been done on Africa precisely on the influence of Al on tourist travel

decisions, which creates a knowledge and information gap among researchers and stakeholders.

Furthermore, Tanzania is among the pioneers of East African countries in integrating Al in its
various sectors ranging from health, agriculture, finance, weather forecast, and mining
(Amankwah-Amoah & Lu, 2022; Kipkorir-Songol et al., 2021; Omary, 2023). Additionally, the
Tanzania health sector has employed Al to support clinical decision-making based on disease
diagnosis, predictive disease outbreak analytics, clinical decision support system, electronic health
records, drug discovery and workflow (Chikusi et al., 2022; Masanja & Mkumbo, 2020; Yi et al.,
2021). Despite this, Al has been applied in the tourism industry to stimulate tourist travel decisions
by integrating it into web-based safari review systems, locations and events suggestions, and
recommendations (Silaa, 2023). Moreover, the lack of understanding and integration of Al
technology among tour operators hinders their ability to meet evolving traveller expectations,
particularly as tourists increasingly rely on Al-driven platforms for planning and decision-making
(EI-Mofock, 2023). This gap presents challenges in capturing the full potential of the tourism
market, particularly for younger, tech-savvy travellers who demand personalized and seamless

experiences.



Despite Arusha being a popular tourist region in Tanzania with numerous tourist destinations, tour
companies, and a well-developed hotel sector, there is limited use of Al by tour operators. This is
exclusively evident in the lack of influence Al has on tourist travel decisions, particularly from the
perspective of Arusha. Therefore, gaining insights into how Al influences tourist travel decision-
making is essential for stakeholders aiming to enhance service delivery and support the strategic
advancement and technological development of the tourism sector in Arusha. This underscores
the pressing need to investigate how Al is applied to influence tourists' travel decisions in Arusha,

Tanzania from the perspective of tour operators.

1.3 General Objective
The general objective of the study was to investigate the application of Artificial Intelligence in

influencing tourists’ travel decisions in Arusha.

1.4 Specific Objectives
The specific objectives of the study are;
i.  To identify the current use of Al by Arusha’s tour operators
ii.  To assess the effectiveness of Al in influencing Arusha’s tourist travel decision-making
process

iii.  To analyse the challenges of Al usage by tour operators in Arusha

1.5 Research Questions
1. What is the current use of Al by Arusha’s tour operators?
1.  How effective is Al in influencing Arusha's tourist travel decision-making process?

iii.  What is the challenge of Al usage by tour operators in Arusha?

1.6 Scope and Limitation of the Study

1.6.1 Scope of the Study

Based on the Geographical scope, the research on the application of Al by tour operators to
influence tourists' travel decisions was conducted in Arusha, Tanzania. Arusha is an important
centre for Tanzania's tourism industry, playing a crucial role in the country's GDP through foreign

currency contribution. The study intended to investigate the role of Al in shaping tourists' travel
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decisions within the industry, thus enriching our understanding of Al's influence on travel choices.
The study involved key stakeholders, specifically tour operators registered in Arusha. These
stakeholders are crucial in providing information, planning, and facilitating interactions with
tourists throughout their decision-making journey. The study was scheduled to take place from

January 2025 to April 2025.

Furthermore, for thematic scope, the research mainly focused on the practical uses of Al within
tourism-related roles. Particular elements of Al that were covered include: Tailored Suggestions:
The application of Al to recommend personalized itineraries, packages, or experiences based on
tourist preferences, behaviors, and previous travel history. Automated Customer Support: Tools
like chatbots and virtual assistants that provide answers to inquiries, assist with support, and
manage bookings. Forecasting Tools: Resources utilized by tour operators to predict demand,
adjust pricing, and allocate resources using data-informed insights. Language Translation
Services: Al-powered tools that facilitate communication between tour operators and visitors from
other countries. Tourist Profiling and Categorization: The use of machine learning to classify
tourists for focused marketing and enhanced service delivery. Al in Marketing Solutions: The
application of Al tools for email marketing, social media campaigns, and digital advertisements

aimed at impacting travel choices.

1.6.2 Limitations of Study

This study was conducted in Arusha, Tanzania, and focused on the use of Al in influencing tourists'
travel decisions. Several potential limitations were considered, including the geographical scope
and time constraints. The geographical scope presented challenges due to the nature of the location
and the industry. These challenges included accessibility, logistics, cultural and language barriers,
data availability and quality, legal and ethical constraints, industrial seasonality factors, and
resource constraints. Furthermore, the study involved a large number of respondents and used

various data collection techniques, which were highly time-consuming.

Mitigation of Study Limitations was as follows: To address geographical and logistical challenges
in Arusha, the study used a multi-modal data collection approach, combining physical and online

methods. When in-person visits to remote tour operators were impractical, online questionnaires
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via Google Forms, and email correspondence were utilised. Collaboration with local tourism
networks, such as the Tanzania Association of Tour Operators (TATO), broadened access to
diverse respondents. Additionally, due to the time constraints of the research schedule and the
seasonal nature of tourism, the study employed efficient sampling methods such as the Random
sampling technique to select tour operators who were actively engaged in Al-related practices.
Also, research assistants were brought on board to help distribute and collect questionnaires. This
approach not only sped up data collection but also ensured comprehensive geographic and

demographic representation.

Furthermore, to overcome the language barrier and cultural difference, the questionnaires were
translated into Swabhili, the widely spoken local language, ensuring greater comprehension among
respondents. Also, to ensure data availability and quality, both open-ended and closed-ended
questionnaires were used in a self-administered and assisted approach. The study addressed ethical
concerns by following strict standards, including informed consent, anonymity, and secure data
storage. Respondents were assured that their data would only be used for academic purposes and
that sensitive information would remain confidential. Ethical clearance was obtained from relevant

authorities to validate the study.

1.7 Significance of Study

This research could be useful to the corporate community, government, academia, and the general
public in Tanzania who work in the tourism sector. The revealed information could be
tremendously valuable to the hospitality, tourism, transportation, and national economies since it

could affect the understanding and acceptance of Al in the following ways:

1.7.1 The Government
The study's results could assist the government in shaping laws and policies that promote the
adoption and use of Al in line with national morals and ethics, while also enhancing public

awareness of best practices for Al usage.
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1.7.2 The Tourism Operators

The business owner could gain significant advantages from advancements in financial forecasting,
customer support systems, and big data analysis and interpretation. These improvements could
enhance business performance and maximize profits for the organization, making them a top

priority.

1.7.3 Tourists
The study's conclusions could serve as a crucial benchmark for travelers to understand, embrace,
and apply Al in various contexts, including decision-making, planning, and enhancing service

quality.

1.7.4 The Academicians and Future Researchers

The study findings could pave the way by creating and identifying other gaps that researchers have.
For researchers, the study could create an opportunity for other scholars to further study Al not
only in the travel industry but also in other industries. Moreover, for academicians, it could
provide updated information and knowledge based on Al and tourist travel decisions, which could

be used to enhance the skills of academicians and students.
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Chapter Two:

Literature review
2.1 Overview
This chapter focuses on theoretical and empirical literature reviews. The theoretical review focused
on the relevant theories. The empirical literature review aimed to explore and understand the
existing knowledge by delving into the depth of the problem and identifying any gaps that would
help conduct the study.

2.2 Theoretical Review
The study reviewed three theories Theory of Reasoned Action (TRA), the Theory of Planned
Behavior (TPB) and Customer Experience (CX Theory). The TRA, TPB and CX theories were

adopted because they are most relevant to this study.

2.2.1 Theory of Reasoned Action

The theory of Reasoned Action (TRA), initially proposed by Fishbein and Ajzen in 1975, argues
that an individual's behavioural intentions are influenced by their attitudes towards behaviour and
subjective norms (Fishbein & Ajzen, 1975). Regarding the use of Al technology in travel decisions
by tour operators, TRA argues that a tour operator's intention to use Al-driven tools is influenced
by both their attitudes towards these technologies and the perceived social norms or pressures
surrounding their use (Alam et al., 2024). Also, consumers' decisions to use new technology are
mainly influenced by various determinants, such as the way and timing of its use. Also, a factor
that influences a person's behaviour is an attitude which comprises cognitive, emotional, and
behavioural components. Therefore, behavioural intention to engage in a certain activity refers to
a person's feeling to use a technology, which is influenced by its ease of use and usefulness (Hasni

et al., 2022).

A study on the adoption of augmented reality by Malaysian travel and tour operators found that
perceived relative advantages and compatibility positively influenced their intentions to implement
the technology (Alam et al., 2024). Also, Subjective norms like the social expectations from
stakeholders, such as clients, industry peers, and competitors, regarding Al use, significantly

influence tour operators' intentions to adopt new technologies (Ho et al., 2022). Additionally,
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Topsakal & Cuhadar, (2024) study used the Unified Theory of Acceptance and Use of Technology
(UTAUT2) to understand tourists' acceptance of Al technologies. They found that performance
expectation, facilitating environments, and hedonic motivation significantly influenced tourists'
intentions to use Al-enhanced tour guide apps, aligning with TRA's emphasis on attitudes and

subjective norms.

Also, A recent study by Nguyen et al., (2023) found that trust and perceived enjoyment
significantly influence tour operators' acceptance of Al chatbots. The Technology Acceptance
Model (TAM), which shares foundational concepts with the Theory of Reasoned Action (TRA),
revealed that perceived ease of use, trustworthiness, and enjoyment significantly impact tour
operators' intentions to use Al chatbots, highlighting the role of individual attitudes and
perceptions in Al technology acceptance. Furthermore, Choung et al., (2023) explored the
significance of trust in adopting Al technology. Their findings revealed that trust greatly influences
the intention to use Al, primarily through perceived usefulness and attitudes toward the
technology. This aligns with the TRA, which highlights the impact of attitudes and subjective
norms on behaviour intentions. By analyzing these factors, TRA suggests that attitudes toward
technology and the influence of perceived social expectations motivate tour operators to adopt Al.
Understanding these elements can simplify the development of strategies to encourage Al adoption

in the tourism industry.

Despite this, TRA is foundational in understanding behavioral intentions; however, it has faced
critiques regarding its application to technology adoption, including the acceptance of Al by tour
operators. Firstly, according to Otieno et al., (2016) argued that the theory has limited
consideration of external factors because it primarily focuses on individual attitudes and subjective
standards within the TRA. As a result, it may overlook crucial outside influences such as user
readiness, awareness of innovation, and the overall environment. While TRA does not adequately
address these issues, factors like organizational support and technological infrastructure are
essential for the successful deployment of Al by tour operators. Also, Hussain et al., (2016)
revealed that TRA places a strong emphasis on rational decision-making, assuming that individuals
make choices based on logical evaluations. However, this perspective may overlook habitual

behaviors and decisions that require minimal cognitive effort. For tour operators, the decision to
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adopt Al might be influenced more by established routines or heuristic methods than by rational
analysis, which TRA does not fully consider. Furthermore, Unlike the Theory of Planned Behavior
(TPB), the TRA does not consider perceived behavioural control, which refers to an individual's
perception of their ability to perform a behaviour. This omission is significant in technology
adoption contexts, where the perceived ease or difficulty of using Al systems can significantly

influence decision-making (Paul et al., 2016).

2.2.2 Theory of Planned Behavior

The Theory of Planned Behaviour (TPB), developed by Ajzen in 1991, expands on the Theory of
Reasoned Action by incorporating the concept of perceived behavioural control alongside attitude
and subjective norms aiming to predict a person's intention to engage in a certain behaviour (Ho
et al., 2022). Subjective norms perceived behavioural control, and attitudes toward Al adoption
collectively influence the decision-making process of tour operators regarding the integration of
Al technologies into their services (Alam et al., 2024). In addition, Subjective norms reflect the
social pressures from stakeholders such as clients, industry peers, and regulatory bodies that affect

operators' willingness to adopt Al (Habes et al., 2023).

Moreover, Perceived behavioural control pertains to operators' self-assessed ability to effectively
implement and utilize Al, taking into account factors like resource availability, technical expertise,
and organizational readiness (Han et al., 2020). Meanwhile, attitudes toward AI adoption
encompass operators' positive or negative evaluations of integrating Al, which are shaped by
perceptions of its usefulness, ease of use, and potential to enhance customer experiences (Pillai &
Sivathanu, 2020). Together, these factors create a comprehensive framework for understanding Al

adoption in the tourism industry.

Furthermore, TPB has been utilized in empirical research to explore how visitors embrace Al
technologies. For instance, in their study on tourists' intentions regarding Al-enhanced tour guide
applications, Topsakal & Cuhadar, (2024) found that hedonic motivation, enabling conditions, and
performance expectancy significantly influenced acceptance. Their research highlights how
tourists' perceptions of Al applications are shaped by their perceived usefulness and enjoyment.

Similarly, Chi et al., (2022) examined how travelers perceive the use of Al devices in tourism
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services. Their findings indicate that acceptance of the technologies is primarily influenced by
cognitive reasons, such as perceived utility, as well as emotional responses, like enjoyment.
Moreover, they highlighted that visitors' intentions to engage with Al technologies are

significantly affected by social pressures and their sense of control over using these devices.

Despite this, TPB is an extension of the TRA, arguing that attitudes, subjective standards, and
perceived behavioral control influence an individual's intention to perform a behavior. While it is
frequently used to analyze Al adoption in the tourism industry, it has faced criticism. According
to Shi et al., (2021) TPB's focus on individual intentions overlooks broader organizational and
environmental influences, such as organizational readiness, competitive pressure, and
technological infrastructure. Studies integrating the Technology-Organization-Environment
(TOE) framework with the Diffusion of Innovation (DOI) theory emphasize the importance of
these factors in technology adoption decisions for tour operators. Also, TPB fails to consider the
alignment between a technology's perceived value and an organization's goals, a crucial factor in
mediating the relationship between perceived advantages and adoption intention, suggesting a
potential lack of explanatory power in such contexts (Alam et al., 2024; Ho et al., 2022). In
addition, the TPB model is criticized for its static approach, failing to consider the dynamic nature
of technology adoption processes, which are often iterative and influenced by feedback, learning,

and evolving perceptions (Chi et al., 2022).

2.2.2 Customer Experience (CX) Theory

Customer Experience (CX) theory emphasizes the holistic perception customers have of their
interactions with a brand, from pre-purchase to post-purchase (Chi et al., 2022). Similar to this,
CX Theory emphasizes the holistic perception customers form through their interactions with a
company's products, services, and touchpoints including cognitive, emotional, and sensory
dimensions of customer interactions before, during and after the trip (Lemon & Verhoef, 2016).
In tourism, CX is crucial for shaping travel decisions, with tourists seeking personalized
experiences (Topsakal & Cuhadar, 2024). The integration of Al by tour operators has transformed

CX, influencing tourist behaviour, and driving competitive advantage (Tong et al., 2022).
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Moreover, Tour operators can enhance customer experience (CX) by using customer journey
mapping (CJM), which is a strategic analytical tool or design model that visualizes the complete
experiences of tourists (Lemon & Verhoef, 2016). This mapping technique helps identify key
touchpoints and areas that may need improvement (Heuchert, 2019; Paz et al., 2018). Also, CIM
provides a descriptive representation of the customer experience and serves as a prescriptive
framework for organizations to improve processes (EI-Mofock, 2023). By integrating Al into this
process, tour operators can create a more personalized and efficient approach to influencing

travelers' decisions (Sarpong, 2016).

Al tools like virtual assistants and chatbots improve the pre-travel experience by addressing
queries, recommending destinations, and providing booking help by minimising friction and
enhancing customer experience, leading to increased satisfaction (Bulchand-Gidumal et al., 2024).
In addition, AI applications offer real-time updates, language translation, and local
recommendations, ensuring a seamless travel experience. This approach aligns with customer
experience theory by addressing the needs of tourists promptly and effectively (Gretzel et al.,
2015). Furthermore, Post-travel engagement with Al allows tour operators to collect feedback and
assess customer sentiment, promoting continuous service improvement. This engagement helps

build long-term relationships and encourages repeat business (Samara et al., 2020).

The CX theory benefited this study by exploring Al integration into customer journey touchpoints
to make travel decisions more flexible and easier. Al integration helps understand customers'
desires, such as vacations, recreation, and special events (Rana et al., 2022). It also helps
researchers understand how tourists search for information, such as destinations, accommodations,
activities, and reviews, and compare options (Singh, 2023). Al can streamline the search process
by providing tailored suggestions, real-time information, and personalized itineraries
(Nuruzzaman & Hussain, 2018). Moreover, CX helps identify the decision-making process for
booking flights, accommodations, and tours, facilitating the automated process of services (Ivanov
& Webster, 2024). Similar to this, CX provides insight into post-purchase reflection, enabling
researchers to explore how Al analyzes post-travel feedback through sentiment analysis of reviews

and social media posts (Mussa, 2020).
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However, the theory faces some criticism as follows, firstly, the emphasis on human-centric
interactions is a key aspect of customer experience (CX) theory, which highlights the importance
of personal touchpoints in creating memorable experiences (Khan & Igbal, 2020). However, critics
argue that this focus may limit the acceptance of Al technologies, which are often viewed as
impersonal or lacking emotional intelligence (Moon et al., 2016). Tour operators, who heavily
depend on personalized service, may resist adopting Al tools due to concerns that these
technologies could diminish the essential human element of CX (Gursoy et al., 2019). Therefore,
the theory does not sufficiently address how Al can enhance human interactions instead of

replacing them.

Moreover, the current framework for integrating Al into customer journey mapping is inadequate,
leading to scepticism among tour operators regarding Al's ability to enhance customer experience
(CX) without disrupting existing workflows or alienating customers (Tussyadiah & Park, 2018).
One major criticism is that the theory lacks clear guidelines on how Al can be effectively
incorporated into the customer experience lifecycle. In addition, CX theory often neglects the
ethical implications of using Al to collect and analyze customer data. Tour operators are worried
about the potential misuse of tourist information, which could undermine trust and adversely affect
the customer experience (Mariani et al., 2022). A significant criticism of the theory is that it does
not address how Al-driven data collection aligns with ethical practices in CX. Furthermore, CX
theory often faces criticism for being overly Western-centric, which can restrict its relevance in
diverse cultural contexts. Tour operators in non-Western regions may have different perceptions
of artificial intelligence (Al) and its role in shaping customer experiences (Shen et al., 2020). One
key criticism is that the theory does not adequately consider cultural differences in Al acceptance

and customer experience expectations.

2.3 Empirical Literature Review
This section discusses other related studies on Al and tourist travel decision-making conducted by
various scholars. The study organises specific objectives into topics for an effective empirical

literature review.
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2.3.1 The History of Artificial Intelligence and Its Entry into Tourism

Artificial Intelligence (Al) has its roots in the mid-20th century, when Alan Turing proposed the
concept of machines capable of thinking, which led to the creation of the Turing Test in 1950
(Gongalves, 2023). Similarly, the origins of Al can be traced to early theoretical developments by
Turing in the 1950s, with significant practical implementations emerging in the 1960s and 1970s
(Warwick & Shah, 2016). The term "Artificial Intelligence" was officially introduced by John
McCarthy in 1956 during the Dartmouth Conference (Bhutani & Sanaria2, 2023). However, it is
in the past two decades that Al has experienced widespread commercial adoption, largely due to
advancements in computational power and the availability of big data, impacting various sectors,
including tourism (Duan et al., 2019). Initially, early Al applications were based on rule-based
systems. However, advancements in machine learning (ML), neural networks, and deep learning

in the 21st century have significantly transformed Al capabilities (Ivanov & Webster, 2019).

Al in the tourism industry has progressively improved efficiency, personalisation, and the overall
customer experience (Gaafar, 2020). The evolution of Al has key milestones. In the pre-Al era
(before the 2010s), the travel planning and booking process involved manual research, static
pricing and limited personalisation where travellers relied on guidebooks such as Lonely Planet,
word-of-mouth recommendations, and travel agents. Airlines and hotels used fixed pricing models
with limited dynamic adjustments. Generic package tours dominated, with little customisation
(Duan et al., 2019; Gongalves, 2023). Furthermore, the customer service and support were human-
dependent, with limited availability and slow response time (Gongalves, 2023). Moreover, the
operation efficiency was manual operation, human error in demand forecasting, and Mass
advertisements such as brochures and TV ads with low targeting precision (Lemon & Verhoef,

2016).

In the early 2000s, the Al-powered recommendation systems, such as those used by Expedia and
Booking.com, began to significantly influence travel decisions (Buhalis & Sinarta, 2019).
Furthermore, in the early 2010s, the adoption of Al gained momentum alongside the digital
transformation of the industry, driven by the rise of the internet and mobile technology. This period
saw the emergence of Al-powered innovations like intelligent chatbots, predictive analytics,

recommender systems, and real-time language translation tools (Gretzel et al., 2015). Moreover,
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by this decade, chatbots, exemplified by KLM’s Al assistant, and dynamic pricing algorithms used
by airlines and hotels became commonplace (Ivanov & Webster, 2019). Furthermore, in the Post-
2020, the use of Al-driven predictive analytics, facial recognition for check-ins, and Al-curated

travel itineraries gained traction, further shaping the industry (Gretzel et al., 2020).

Fundamental changes brought by Al in the tourism industry have transformed the tourism sector
in several significant ways, including personalisation and customer experience, where Al analyses
user behaviour to provide tailored travel recommendations, such as those from TripAdvisor’s Al
suggestions (Santos & Gongalves, 2021). Additionally, chatbots like Marriott’s "ChatBotlr" offer
24/7 customer support (Stringam & Gerdes, 2021). Furthermore, Operational Efficiency in Hotels
and Airlines where Al automates processes like check-ins through technologies such as Hilton’s
"Digital Key" and optimizes housekeeping schedules (Gretzel et al., 2015). In the airline industry,
Al enhances dynamic pricing with tools like Hopper’s price prediction and improves baggage
handling (Gretzel et al., 2015). Also, Marketing and Demand Forecasting, where Al-driven
sentiment analysis tracks customer reviews, enabling companies to adjust their marketing
strategies accordingly (Buhalis & Sinarta, 2019). Predictive analytics also helps tour operators

anticipate fluctuations in demand (Paul et al., 2016).

The adoption of Al in various tourism sectors, including hotels, airlines, tour operators, and travel
agencies, has significantly increased recently (Nam & Dutt, 2020; Pillai & Sivathanu, 2020).
Hotels lead the way in Al implementation, utilizing smart rooms with Al-controlled thermostats
and robotic concierges, such as those found at the Henn-na Hotel in Japan (Ivanov & Webster,
2019). Airlines are also focusing on Al for pricing, fraud detection, and facial recognition during
boarding (Tussyadiah & Park, 2018). Additionally, tour operators and travel agencies are
leveraging Al to assist in customized itinerary planning, with examples including Utrip and
Inspirock (Gretzel et al., 2020). Furthermore, virtual reality (VR) tours, such as Al-powered 360°

previews of destinations, enhance pre-trip engagement (Mollah & Sebata, 2022).

The tourism sector is experiencing a transformative wave of innovation, with key areas of Al
application making a significant impact as follows. Firstly, consider the realm of Online Booking

Systems, where sophisticated algorithms operate like personal travel advisors, guiding customers
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through the maze of flight, hotel, and experience selections based on their previous preferences
and behaviors (Yeboah, 2020). This technology not only streamlines the booking process but also
enhances the overall user experience, making planning a trip feel effortless (Huang et al., 2022;
Mustafa et al., 2024). In addition, Multilingual Support Tools, such as Google Translate and
advanced Al interpreters, act as bridges to overcome language barriers, enabling seamless
communication for international travelers. This remarkable capability fosters genuine connections

between tourists and local cultures, enriching their journey (Aleedy et al., 2019; Das, 2019).

Al is also revolutionizing Customer Service, with intelligent chatbots and voice assistants available
around the clock. These virtual helpers provide immediate assistance in multiple languages,
alleviating the reliance on human agents and ensuring that travelers receive support whenever they
need it, regardless of time or place (Adam et al., 2021; Lemon & Verhoef, 2016). Moreover, the
landscape of Marketing and Customer Insight is being reshaped by Al tools that analyze vast
amounts of data to segment audiences and craft personalized advertising campaigns. This targeted
approach enhances the relevance of promotions, drawing in potential travelers with tailored
messages that resonate with their interests and desires (Bulchand-Gidumal et al., 2024; Mariani et
al., 2022). Lastly, in the sphere of Destination Management, tourism boards harness the power of
Al to meticulously analyze tourist patterns and behaviors. By understanding the ebb and flow of
visitor traffic, they can develop focused and enticing promotional strategies that attract and engage
travelers, ultimately boosting local economies and enhancing the visitor experience (Balushi,

2023; Orden-Mejia & Huertas, 2022).

The use of Al among clients, especially international tourists, is growing rapidly, where many
tourists interact with Al tools without even realising it. For example, recommender systems on
platforms like Google, Airbnb, and TripAdvisor are powered by Al, smart voice assistants such as
Siri and Alexa are frequently used for travel inquiries and bookings as well and Al-based
translation tools also help tourists navigate environments where they don't speak the native
language (Adam et al., 2021; Ivanov et al., 2020; Ndoro et al., 2020). However, the awareness and
understanding of Al among tourists vary significantly. According to a study by Tussyadiah and
Park, (2018), while tourists value the convenience that Al offers, very few understand the

technology behind it. This gap presents both challenges and opportunities for tour operators. Those
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who can educate their clients and clearly communicate the benefits of their Al-enabled services

can enhance trust and satisfaction.

2.3.2 Utilisation of Al in the Tourism Industry

This section describes the current uses of Al in the tourism industry, including customer service
and interaction, personalisation and recommendation, revenue management and price
optimisation, operation efficiency optimisation and service automation, and marketing and tourist

insight.

In recent years, the tourism industry has seen an increase in the use of Al in customer care and
interactions. Al-powered chatbots and virtual assistants provide round-the-clock client support,
quickly managing routine questions, complex customer care tasks, reservation inquiries, and
general information, according to several studies on Al in customer service and interaction (Adam
et al., 2021; Nicolescu & Tudorache, 2022; Nuruzzaman & Hussain, 2018). Al is also utilized in
marketing to guide travel decisions by offering reservation assistance, personalized
recommendations, and general travel information through Al-powered chatbots (Cheng & Jiang,

2022).

Recent research indicates that European companies have implemented chatbots like Skyscanner,
Kayak, Hello Hipmunk, the HelloGBye travel assistant, and the Sam virtual travel assistant on
their websites, mobile applications, and social media platforms. These chatbots aim to enhance
tourist travel decisions by offering instant responses to inquiries and enabling automated
conversational interactions (Zlatanov & Popesku, 2019a). Moreover, Aleedy, Shaiba, and
Bezbradica, (2019), contended that companies employ chatbots in customer service to assist with
a customer's questions, complaints, and interactions via the desktop interface by automatically
generating chats about a computer and a human using natural language processing developed by
interactive Al to improve travel choices and experiences. To analyse tourist inquiries and enhance
customer interaction, including customer profiling and contextual assistance, integrative Al in
customer service employs various features. These features include voice-activated support,
automated processes, interactive voice response, review and feedback systems, and emotional

recognition. Additionally, it utilizes data collected from both short-term and long-term memory,
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recurrent neural networks, and convolutional neural networks for emotional acknowledgement

(Mabher, 2020).

According to Onyango and Kesa, (2018) identified Kenya and South Africa as leading nations
within the Fourth Industrial Revolution, experiencing rapid technological advancements in the
hotel industry. The survey revealed that while South Africa surpasses Kenya in social media and
mobile phone usage, Kenya leads in internet accessibility and mobile money transfer rates.
Additionally, both countries are experiencing significant increases in web-based reservations
thanks to the integration of Al into decision-making processes (Nguyen et al., 2023). A study
conducted in the Western Cape region of South Africa found that businesses are using Al across
various aspects of their operations, from front-office to back-office tasks. This includes
applications in forecast analysis, virtual support, travel decision-making, and conversational
experiences, all of which enhance interactions and services for tourists (Ndoro, Johnston, &

Seymou, 2020).

Al significantly enhances the personalisation and recommendation of products, content, pricing,
emails, websites, and chatbots in the tourism industry, enhancing the overall experience and
efficiency (Troussas et al., 2023). Moreover, personalisation and recommendation system uses Al
and machine learning to create personalised experiences by analysing tourist information,
involving browsing history, social media, website searches, app interactions, and demographic
information to influence tourist decisions (Goldenberg et al., 2021). Additionally, Al Chatbots-
based recommendation service software helps customers manage time and budgets by providing
convenient information, bookings, and learning about various tourist products and services from

any location (Kim, Jung, & Ryu, 2020).

Despite the availability of nearly 450 Apple App Store applications offering personalised tourist
services, Siri and Alexa have been widely adopted globally because they support various functions
such as destination locations, maps, trip guides, transport, language translation, forex exchange,
and service providers (Fararni et al., 2021). Similarly, Global distribution and reservation systems
like Amadeus, SABRE, IBM Watson, Amazon Web Services, Intelity, and TripAdvisor are

leveraging Al to analyse tourist data, provide personalised experiences, and manage travel services
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(Foris et al., 2021; Patibandla et al., 2019). Furthermore, a China study reveals that Artificially
Intelligent Recommendation Systems (AIRS) significantly improve travel decision-making by
simplifying searches, offering personalised recommendations, managing information overload,
and providing customised options based on user preferences and feedback, mitigating risks, and

enhancing trust (Shi et al., 2021).

Morocco uses Al-integrated Tourism recommendation systems to enhance user experience,
simplify trip planning, and boost profitability by offering personalised recommendations based on
user interests and past behaviours (Badouch & Boutaounte, 2023). Likewise, Kenya's study found
that machine learning-enhanced travel agency recommender systems on social media X network,
specifically Twitter, effectively influence tourist travel decisions based on user destination
preference and historical data (Wambaire, 2023). However, Egypt's study reveals Al
recommendation system improves the Muslim tourism journey by addressing information
overload and enhancing travel decisions through social media analytics and a tourism

recommendation framework (Battour et al., 2022).

A previous study conducted in Tanzania examined web-based safari review systems and found
that Al influenced elements within reviews, such as references to specific locations and events.
This interference affected the dataset used to train machine learning models, thereby impacting the
accuracy and effectiveness of Al-driven travel recommendations. Ultimately, this influence played
a role in shaping tourists' travel decision-making (Silaa, 2023). However, other studies suggest
that Al-driven recommendations were highly used in Tanzania’s healthcare, finance and
agriculture sectors compared to the hospitality and tourism sectors (Cossy-Gantner et al., 2018;

Kipkorir-Songol et al., 2021; Mushi et al., 2022; Mustafa et al., 2024).

Al plays a crucial role in revenue management and pricing optimization by enabling dynamic
pricing, enhancing revenue generation, increasing tourist satisfaction, supporting predictive
analytics, and facilitating real-time adjustments to pricing strategies (Calvano et al., 2020).
Likewise, effective revenue management is crucial for the success of hospitality and tourism
businesses due to intense competition where companies gain competitive advantages by employing

Al capable of processing enormous amounts of data to enhance revenue and pricing optimisation
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(Huang, 2013). Furthermore, the employment of Predictive analytics and Al have revolutionised
return management by estimating demand using historical data, market patterns, consumer

behaviour, and other variables like climate, events, and economic indicators (Pillai, 2023).

Furthermore, Al continuously improves tourism industry projections through machine learning
algorithms, enabling organisations to make well-informed decisions instantly. By taking a
proactive approach, businesses may optimise income potential by dynamically altering prices (Yu
& Chen, 2022). Additionally, a study conducted in Jordan on the effects of Al on revenue
management and product pricing optimisation revealed a notable 30% increase in revenue
collection following the initial phase of implementing state-of-the-art Al algorithm pricing
strategies (Chintasi et al., 2024). Similarly, based on a study conducted in India, Al-powered
pricing strategies have proven effective in price optimisation and improving tourist acquisition by
responding to real-time market conditions and market segments, thus enhancing tourist decision-

making (Sharma, 2023).

Al is increasingly utilized to boost operational efficiency across the travel industry. For instance,
Al-driven navigation systems can dynamically respond to traffic conditions, construction zones,
and road incidents, thereby ensuring a more seamless travel experience for tourists (Mounika,
2020). Also, In the realm of hotel booking, Al platforms analyze historical travel data, market
dynamics, and individual user preferences to recommend suitable accommodations, optimal travel
routes, and cost-effective alternatives. These systems also incorporate real-time variables such as
weather conditions, seasonal pricing, and local events to help travelers make informed decisions
that save both time and money (Chaplot et al., 2021). Al is revolutionizing hotel operations by
improving service automation, forecasting guest arrivals, and enabling efficient resource
allocation. Technologies like robotic housekeeping and Al-assisted meal customization enhance
operational precision. Al supports functions like guest experiences, energy usage optimization,
inventory management, and financial planning. In marketing, Al personalizes services to align
with visitor preferences, enhancing customer engagement and satisfaction.(Bulchand-gidumal,

2022).
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Automating various types of data using Al-driven marketing can enhance businesses'
understanding and prediction of visitor behaviour. Moreover, companies like Netflix utilize
machine learning algorithms to offer content tailored to local preferences (Babatunde et al., 2024;
Duan et al., 2019; Rana et al., 2022). On the other hand, Facebook uses Al-based advertising
placement techniques to enhance segmentation and targeting, while Amazon gathers specific
information to provide a comprehensive overview of consumer purchasing behaviour (Kopalle et
al., 2022). Likewise, Al-powered hospitality and tourism marketing allows companies to create
tailored strategies based on consumer preferences, including personalised emails, advertisements,
and recommendations. This is achieved through predictive analytics, integrated interactions,
chatbots, and virtual assistance systems, which enhance travel decision-making by predicting
trends and anticipating tourist needs (Bulchand-Gidumal et al., 2023). Besides, Al-powered
marketing solutions can help businesses reach marginalised market communities, potentially

reducing economic inequality (Kopalle et al., 2022).

However, Ghana's study showed that Al integration for tourist insight through enhancing natural
language algorithms significantly impacts the resources, earnings, and expansion of small and
medium enterprises in sub-Saharan Africa. This was achieved by Google Al lab in Accra Ghana
which integrated audio and transcript from more than 2000 African languages (Yeboah, 2020).
Additionally, Babatunde et al., (2024) discovered that Al's potential in personalised marketing is
significant, but strategic planning is crucial, including investing in robust data infrastructure and
analytics capabilities to effectively leverage Al-powered personalisation in their marketing efforts.
Despite Al's significant impact on hospitality and tourism marketing strategies, Al applications
found to have a complicated and multifaceted influence on the tourism market labour both with

opportunities and challenges in Algeria (Kerboua, 2024).

2.3.3 Al and Tourist Travel Decision-Making

This section describes how effective Al is in enhancing tourist travel decision-making at different
stages, such as pre-purchase, purchase, and post-purchase decisions. It covers personalised,
accurate information, real-time information and precise recommendations, predictive analytics for

accurate pricing and availability, and chatbots for instant assistance. Further, it discusses the
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effectiveness of Al language translation for improved customer satisfaction, inquiry-to-booking

conversion rate, operational efficiency, and tourist travel options accuracy.

Al enables the customization of tourism experiences by analyzing users’ browsing history,
preferences, and behavioral patterns to generate tailored suggestions for destinations, lodging,
activities, and travel plans (Bulchand-Gidumal et al., 2023). Moreover, these Al-driven systems
have demonstrated greater efficiency in presenting relevant travel choices and enriching the overall
tourist experience, thereby significantly shaping travel-related decisions (Shi et al., 2021).
Likewise, Pillai and Sivathanu, (2020) contended that Al-generated personalized
recommendations play a crucial role in influencing travellers by offering compelling and

contextually appropriate options.

Travellers feel more connected to the suggestions generated by Al-driven customization. These
suggestions can include options based on past travel experiences or activities that match personal
interests. This personalized approach enhances the decision-making process, making it more
enjoyable by offering a curated selection that feels tailored to the individual (Alotaibi et al., 2020;
Shi et al., 2021; Troussas et al., 2023). Furthermore, Khan and Igbal, (2020) revealed that beyond
pre-travel, Al-powered customer service improves customisation by offering real-time guidance
and recommendations during the trip, boosting visitor experiences by increasing engagement and
enjoyment through customised itineraries and on-the-go recommendations for activities, meals,

and sights based on current interests and surroundings.

Real-time Information and Recommendation accuracy have been shown to have an impact on
tourist travel decisions in various stages of the customer journey (Heuchert, 2019; Paz et al., 2018).
Today's tourists are significantly influenced by Al's ability to process large databases quickly and
analyze data in real-time (Babatunde et al., 2024; Chen & Wei, 2024). Also, Al-based systems
utilize various data sources to provide relevant and timely recommendations throughout the trip
planning process and during the trip itself. These sources include historical trends, visitor
preferences, climate conditions, local events, and real-time location tracking (El Archi & Benbba,

2023; Kazak et al., 2020).
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Furthermore, the key to this efficacy is Al's ability to quickly adapt and respond to changing
conditions, allowing travellers to make informed decisions on the spot due to real-time updates
from Al tools (Singh, 2023). Likewise, Al-driven recommendations help clients quickly find last-
minute hotel deals, suggest local activities tailored to their interests, and provide alternative routes
to avoid traffic congestion (Bulchand-gidumal, 2022). Additionally, Al's real-time data and
suggestions significantly influence tourists' judgment, fostering a sense of dependability and trust
by providing precise, current information, boosting their confidence in their decisions and

improving their overall trip experience (Stankevich, 2017).

According to an Algerian study on digital transformation and Al in tourism, several nations have
made significant strides in utilising real-time information to digitise their cities. This has given
Algeria a competitive advantage and a prominent position in the global market, which has attracted
a sizable number of tourists from all over the world (El-Moffock, 2023). Correspondingly,
implementing chatbot tour guides in some African destinations has embraced Al where these
chatbots enhance visitor experience and information accessibility by providing real-time support,
travel advice, and personalized recommendations to users (Orden-Mejia & Huertas, 2022). In
addition, South Africa’s study revealed that Al integrated into real-time communication platforms
impacts website applications by improving the recommendation rate compared to other non-Al-
integrated platforms (Duarte et al., 2020). However, the done in Egypt revealed the deficiency of
the usage of Al in enhancing real-time communication with customers, providing tailored

recommendations, and utilizing technology to assess tourist feedback and reviews (Gaafar, 2020).

Predictive analytics for pricing and availability accuracy improves tourists' travel decision-making
by providing information such as weather, road traffic, climate conditions, and prices of
accommodations, transportation, and destinations (Calvano et al., 2020; Lopakov et al., 2022).
Additionally, previous studies conducted by (Basiri et al., 2018; Calvano et al., 2020; Lopakov et
al., 2022; Yu & Chen, 2022) discussed how Al has created a new era of forecasting in the complex
and ever-evolving travel industry, altering the influence of cost and availability on travel decisions.
In addition, nowadays tourists have access to crucial information about pricing and availability

patterns due to the presence of Al with predicting and forecasting capabilities, significantly
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altering their decision-making processes (Al Shehhi & Karathanasopoulos, 2020; Yu & Chen,
2022).

Furthermore, Al's predictive capabilities extend beyond pricing and availability forecasting;
nonetheless, by utilising demand-predicting algorithms and historical data, these systems allow
clients to reserve their desired accommodations or services before they become constrained (Ndoro
et al., 2020). Additionally, Al forecasting and projections assist travellers in making reservations
on time, ensuring their desired options and avoiding disappointment due to limited availability
(Ndoro et al., 2020; Patibandla et al., 2019; Yu & Chen, 2022). Similarly, the influence of Al-
powered predictive analytics on travel decision-making extends beyond financial savings; these
solutions enhance the entire planning process by fostering trust and reducing uncertainty because
travellers depend on Al-provided predictive insights to make reservations and plan their itineraries,
which gives them a sense of control and assurance in their choices (Adam et al., 2021). Moreover,
Al Shehhi and Karathanasopoulos, (2020) in Riyadh, Saudi Arabia, found that hotels using
sophisticated forecasting algorithms, like machine learning and artificial intelligence (Al),
performed better in the hotel operation arena than those using more conventional forecasting tools,

like Seasonal Autoregressive Integrated Moving Average (SARIMA).

The efficiency of Al chatbots for quick assistance in tour planning, guest reservations, and support,
giving 24-hour assistance to tourist organisations, improves and enhances tourist travel decisions
(Alotaibi et al., 2020; Nguyen et al., 2023; Singh, 2023). Likewise, Chatbots improve
communication, generate leads, reduce administrative costs, and give businesses an edge over
competitors. However, its effectiveness can differ depending on the specific situation and
application, as well as how easy, trustworthy, intelligent, and valuable people believe it to be (Pillai
& Sivathanu, 2020). Furthermore, visitor confidence in chatbots is indirectly impacted by empathy
replies and anonymity, where the empathy reply enhances trust, but anonymity promotes
engagement, and trust in Al chatbots for hospitality operations stays unaffected (Shi et al., 2021).
Besides, While the empathetic nature of Al chatbots maintains user interactions, building trust and
encouraging continued use, attitudes towards anonymity are crucial in the hotel industry because
IT-related behaviour can lead to identity fraud; therefore, client decisions and opinions of Al

chatbots are indirectly influenced by privacy and empathic responses (Nguyen et al., 2023).
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Al Language Translation and Communication accurateness were very crucial in prompting non-
native speaker tourist travel decisions in numerous steps of the decision process (Law et al., 2018).
Also, Bulchand-gidumal, (2022) suggests that Al can revolutionise travel by creating automated
translators and systems that aid in location navigation, event participation, and cultural learning,
enabling real-time conversations with customers, thereby overcoming communication barriers and
enhancing the overall travel experience. Likewise, Al advancements enhance travel experiences
by providing real-time language translation, facilitating seamless communication in foreign
environments, and boosting confidence and independence in decision-making through advanced
machine learning algorithms (Das, 2019). Furthermore, by retaining linguistic context competency
to impact travel decisions and promote deeper relationships and comprehension of local customs,
Al uses natural speech algorithms to deliver accurate translations and cultural nuances, improving

cross-cultural interactions between visitors and locals (Getchell et al., 2022).

2.3.4 Challenges of AI Usage by Tour Operators
This section focuses on the description of challenges of Al usage by tourism operators such as
limited adoption of advanced Al, privacy and ethical concerns, Al integration challenges, data

quality and accessibility, and skill gap and training needs.

According to El-Moffock, (2023), the difference between people who have access to Al
technology and those who do not is what causes the adoption gap of sophisticated Al. Also, the
study continues to reveal that Al skills and knowledge gaps among tourism professionals deter its
effective implementation, and the high cost of digital and Al to small and medium tourism
enterprises poses an adoption challenge. Similarly, Feng, (2021) revealed that the costs of
implementing Al were quite high, these costs included employing specialists, retraining staff to
use the new technology, and expenses related to buying, installing, maintaining, and updating

software.

Additionally, data privacy and security have proven to hinder the adoption of Al in the tourism
sector due to the contradiction of Al laws and regulations across various countries (Duan et al.,
2019; Nam & Dutt, 2020). Additionally, Ivanov and Webster, (2017) study based on the adoption

of Robots, Artificial Intelligence, and Service Automation (RAISA) by tourism businesses showed
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that some employees and customers fear the adoption of Al believing Al might replace human
labourers and lead to the spread of companies negative publicity. Therefore, Bulchand-Gidumal et
al., (2023) the study recommends that for the successful adoption of Al, Companies must create
marketing efforts to inform clients, suppliers, and stakeholders about technological developments.
Al poses significant privacy and ethical concerns due to its ability to extract patterns from vast
amounts of data. This raises concerns about potential societal takeover, potential biases in Al
algorithms, particularly in gender and race, and the potential for the tourism industry to lose its
welcoming atmosphere hence these concerns highlight the need for careful consideration and
regulation in the Al industry (Bulchand-gidumal, 2022). Additionally, client data may be used by
Al algorithms to customize prices; however, this might result in unfair pricing practices (Gerlick

& Liozu, 2020).

Furthermore, the use of Al technologies in systems such as closed-circuit television (CCTV) and
facial recognition has raised apprehensions about possible infringements on individual privacy
(Ivanov & Webster, 2019). In a related context, Kopalle et al., (2022) highlighted growing ethical
concerns regarding customer reliance on algorithmic decision-making, particularly its potential to
cause social isolation and negatively impact psychological well-being issues that have. The
potential of Al to collect and manage personal data raises privacy concerns, which could lead to
discrimination and racism. There is also a conflict between the efforts of the US and EU to
implement GDPR. At the same time, Africa and China lack sufficient data protection measures,
highlighting ethical and privacy concerns related to the use of Al (Filieri et al., 2021; Gerlick &
Liozu, 2020; Getchell et al., 2022).

The integration and utilization of Al in the tourism sector face several challenges, particularly
related to the varying attitudes and perceptions of travellers. Visitors can be classified as
innovators, pioneers, early adopters, late adopters, and laggards, with further segmentation into
realists, connoisseurs, and sceptics. Individuals with no prior experience using Al are generally
more inclined to hold negative perceptions toward its use in tourism (Bulchand-gidumal, 2022).
Additionally, the implementation of Al is complicated by the tourism industry's diverse and
complex data landscape, which includes reservation records, customer preferences, feedback, and

other critical variables (Samara et al., 2020). Furthermore, A significant challenge lies in the
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integration of Al across different systems, where ensuring data quality and maintaining functional

system interoperability is essential for effective Al application (Nam & Dutt, 2020).

The hospitality and tourism industry faces issues with the fragmentation of hotel systems, with
guest information coming from the Property Management System (PMS) used by restaurant guests
for booking, and Point of Sales systems (POS) used by spa guests for accessing different systems,
consequently, a client might easily uphold four or five distinct profiles (Lukanova & Ilieva, 2019;
Stringam & Gerdes, 2021). Additionally, data mining may not be feasible due to system
disconnections and connectivity issues, which affect data quality and, consequently, Al learning
and performance (Nam & Dutt, 2020). In addition, the implementation of Big Data and Artificial
Intelligence (BDAI) in the hospitality and tourism industry faces technical challenges due to
concerns about data reliability and accessibility as a result of data variations, disruptions, and
complexities in data compartmentalisation hindering access and interpretation, posing challenges

in managing volume, diversity, velocity, and validity (Samara et al., 2020).

Integrating Al into the tourist travel decision-making process is hindered due to skill shortages and
training requirements among tourists and employees and raises obstacles to accepting and utilizing
Al (Ivanov et al., 2020). Similarly, one of the most difficult issues is the lack of specialists with
knowledge of Al like machine learning, data analysis, and algorithms (Ho et al., 2022).
Additionally, the need for continuous training and professional development for existing
professionals is a significant challenge since Als’ are constantly evolving, and many professionals
may lack the necessary skills and training to fully use Al products (Nam & Dutt, 2020; Troussas
et al., 2023). Moreover, to bridge this gap, it is essential to develop comprehensive training
initiatives and projects that equip professionals with the necessary expertise to effectively harness
the capabilities of Al in enhancing travel decision-making (Jabeen et al., 2022). Furthermore, the
successful implementation and integration of Al within tourism systems demand a workforce that
is proficient in the operation and management of these sophisticated technologies (Weber et al.,

2023).

33



2.4 Gaps in the Literature

The extant literature on Al in the tourism industry has mainly focused on applications, adoption,
impacts, and challenges regarding Al-powered chatbots, robots, services automation and machine
learning in developed countries (Bowen & Morosan, 2018; Bulchand-gidumal, 2022; Singh &
Micah, 2014; Zlatanov & Popesku, 2019b, 2019a). Other studies focused on the pros and cons,
and prediction of the future of Al in various sectors including travel, tourism and hospitality, and
other related sectors (Grundner & Neuhofer, 2021; Huang et al., 2022; Sharma, 2017).
Additionally, other studies have focused on the Al-powered algorithm in impacting decision-
making in sectors like agriculture, finance, supply chain and healthcare (Amoako et al., 2021;
Aworka et al., 2022; Chikusi et al., 2022; Kipkorir-Songol et al., 2021; Obasa & Palk, 2023).
Lastly, the studies have focused on the Al-powered algorithm in impacting decision-making
related to the hospitality and tourism industry (Chen & Wei, 2024; Gerlick & Liozu, 2020; Nguyen
et al., 2023; Singh, 2023; Stylos, 2020).

The previous literature has provided sufficient evidence that more research is needed in the area
of Al application and decision-making. This suggests a gap left by researchers, as there are
insufficient studies conducted on the application of Al to influence tourist travel decisions in

Arusha’s tourism and hospitality industry.
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2.5 Summary of Literature Review and Research Gaps

Table 2.1: Research Gaps

Author

Title

Objectives

Key Findings

Research Gap

Focus of the current study

Chen Chen
and Zhao Wei
(2024)

Role of Artificial
Intelligence in
travel decision
making and
tourism product
selling

To understand the factors
that exert influence on
travel decision-making
and tourism product
selling with the adoption
of Al

e Al-driven informativeness and
Al-based recommendations
significantly influence travel
decision-making.

Social media  does
significantly  impact
decision-making.
Customer purchase behaviour
and online tourism marketing
have a significant impact,
whereas learning new
strategies does not affect
tourism product selling.

not
travel

e The study did not consider
the raised concerns about data
privacy and the potential for
bias in algorithmic decision-
making.

The study did not consider
the developments of Al
technology in shaping the
future of the tourism industry.

The study did not consider
how Al technology
revolutionized the way
travellers plan and book their
trips, allowing for
personalized
recommendations based on
their preferences and past
behaviours.

e The current study focuses
exclusively on investigating
and comprehensively
examining the impact of Al
in travel decision-making
and tourism product selling.

Mona Hamed | The Impact of Al | e To investigate the e There is a significant e The research did not | e The current research focuses
Mussa (2020) | on Consumer | relationship between relationship between Artificial investigate the mediating role | on the benefits that Al
Behaviours, An | Artificial intelligence Intelligence and consumer of trust and attitude towards | presents to both customers
Applied Study on and consumers' behaviour. Al in the relationship between and brands, while the
the Online | purchase behaviour. e The model has a high ability Al and consumer purchase | obstacles of Al could be a
Retailing Sector | e To find out the to predict and explain behaviour. suggestion for future
in Egypt differences between consumer purchase behaviour | e The moderating role of price, research.
customers' purchase through Artificial Intelligence. where price can affect future
behaviour based on their purchasing decisions.
demographics (gender,
age, educational level,
and annual income).
Mohamed Artificial e To explore how Al can | e The results indicated that Al e The research, however, did e The current study focuses
Battour, Intelligence be used to ameliorate offers powerful solutions for not focus on developing a on exploration of the role of
Khalid Mady, | Applications in the Muslim tourism Muslim travellers, such as theoretical framework Al in every stage of the
Mohamed Halal Tourism to social media analytics and a tourism journey: planning
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Elsotouhy,

Assist Muslim

experience during the

tourism recommendation

relevant to Al in the Halal

phase, staying phase, and

Mohamed Tourist Journey tourism journey. framework for information tourism industry. evaluation phase which
Salaheldeen, overload. could be utilized to improve
Israa the Muslim tourism
Elbendary, experience.
Mohamed
Marie, and
Idris Elhabony
(2022)
Nikolaos Technological ¢ To demonstrate the o The results showed that o The study offers only the e The current study focuses
Stylos (2020) evolution and importance of technological advancements basis for a new theoretical on the demonstration of the
Tourist technological play a structural role in tourist framework in the area of importance of technological
Decision-making advancements in decision-making processes, tourism decision-making, advancements in shaping
shaping tourist decision- with digital technologies and considering the future of tourist decision-making.
making. cyber-physical systems cyber-physical-human
becoming extensions of a systems
tourist’s self.
Rana et al,, Reinforcing e To identify a research o The results indicated that o The study did not consider e This study defines a three-
(2022) customer journey plan based on Using Al tools like Chatbots, the emergence of Al angled research plan to
through artificial investigating the Recommenders, Virtual primarily benefiting intensify the knowledge and
intelligence: a customer journey Assistance and Interactive customers, highlighting Al's development undergoing in
review and trends in today’s Voice Recognition (IVR) helps role in reshaping the the retail sector.

research agenda

changing times with Al
incorporation.

To provide a novel
model framework of the
customer journey by
directing customers into
different stages and
providing different
touchpoints in each
stage, all supported with
Al and ML

create improved brand
awareness, better customer
relationship marketing and
personalized product
modification.

customer journey and
creating a memorable
customer experience that
leads to repeated purchases.
The study did not focus on
the impact of Al and ML
algorithms in retail,
particularly focusing on the
role of ethics in adopting
these technologies and
understanding how Al tools
can influence marketing
outcomes and customer
purchase intent

It proposes a theoretical
framework of the customer
journey to explain the
customers’ intent to adopt
artificial intelligence (Al)
and machine learning (ML)
as a protective measure for
interaction between the
customer and the brand
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2.6 Conceptual Framework

The conceptual framework (Figure 2.3) illustrates how the Al variables are interconnected and
how they influence tourist travel decision-making. The application of Al and tools in tourism
operations is the independent variable on which its acceptance and adoption by tour companies
and tourists' travel decision-making relies. Therefore, the integration of Al in tourism is the
independent variable, while tourist travel decision is the dependent variable relying on touchpoint
information such as destination image and reputation, personalised recommendation, cost and
pricing strategies, convenience and accessibility, cultural and social influences and review and
feedback. The touchpoints include social media ads, travel blogs, online reviews, airline websites,
travel agency websites, online booking platforms, tour operators’ websites, destination websites,

and guidebooks.

Independent Variables Dependent Variables

Application of AI by Tour Operators

Al Applications by tour operators
=  Personalized Recommendations
=  Customer service Interaction

»  Language Translation Tourist Travel Decisions

Destination Choices

Itinerary Planning (Preference)
Booking Behavior (Decisions)
Customer touchpoints
Satisfaction and Loyalty

Effectiveness of Al

= Tourist experience satisfaction
= Conversion rate

= Tourist travel options

Challenges of AI Usage by Tour
Operators

= Skill Gap

= Implementation Costs

= Data Privacy Concerns

Figure 2.1: Conceptual Framework

Source: Researcher, 2024
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2.7 Operationalization of Variables

Table 2.2: Operationalization of Variables

Variables Indicators

Personalized Recommendations | e  Use of Al algorithms to offer tailored travel packages.
e Conversion rates from personalized suggestions to bookings.

Customer service/ Interaction e  Customer touchpoints
e Response time, to tourist inquiries before and after Al implementation

Language Translation e Number of businesses using Al for language translation.
e Accuracy and fluency of translations.
e Increase in bookings or inquiries from non-native speakers

Conversion rate e Percentage of inquiries converted into bookings.
e Lead generation from Al-driven marketing
Impact of Al recommendations on bookings

Tourist travel options Number of travel options provided
Diversity of recommendations:
Customization of travel options

Flexibility of Al suggestions

Skill Gap Number of employees with Al-related skills
Perceived skill gap
Investment in training

Tour operator perception of Al complexity

Implementation Costs Initial setup and installation costs
e  Cost-benefit analysis of Al adoption

Financial barriers to adoption

Data Privacy Concerns Tour operators' awareness of data privacy regulations (e.g., GDPR)
Tour operators’ concerns over data collection and usage
Transparency in Al algorithms

Ethical considerations in Al recommendations
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2.8 Conclusion

This chapter consists of two main parts: theoretical literature review and empirical literature
review. The theoretical review covers the Model of customer Journey mapping, while the empirical
review focuses on specific objectives related to the current use of Al in the tourism industry, Al's
impact on tourist travelling decisions, and the challenges associated with Al usage among tourism
and hospitality operators. Additionally, this section addresses the gaps in the literature review,

conceptual framework, and operationalization of variables.
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Chapter Three:
Research Methodology

3.1 Introduction

This chapter presents the procedures and methodological framework adopted for the study. It is
structured into nine key sections, beginning with the research philosophy. It then discusses the
research design, the geographical scope of the study, the target population, the sampling strategy
and sample size, the tools used for data collection, the procedures for data gathering, the measures
taken to ensure research quality, the techniques for data analysis and presentation, and finally, the

ethical considerations observed throughout the research process.

3.2 Research Philosophy

The study adopted a positivism research philosophy (Tong et al., 2022). This philosophy
emphasized objective observation and aimed to establish cause-and-effect relationships through
empirical evidence. The positivist approach was suitable for this study because it often relied on
quantitative methods, such as experiments, surveys, and statistical analysis, which were effective
for measuring and analyzing causal relationships. Additionally, positivism promoted deductive
reasoning, allowing researchers to start with a hypothesis and then collect data to test it. This made
it ideal for causal research, as it facilitated the formulation and testing of specific causal claims.
Therefore, a positivist approach involved a quantitative strategy to understand the cause-and-effect
relationships of Al applications by tour operators on tourists' decision-making, while also

considering the contextual nuances of Arusha's tourism industry.

3.3 Research Design

A research design refers to the structured approach a researcher employs to ensure the collection
of valid, unbiased, precise, and economically feasible data to address research questions
(Asenahabi, 2019). to meet the objectives of this study, a causal research design was implemented,
allowing for the investigation of the cause-and-effect relationship among the variables under study
(Mariani & Baggio, 2020). The causal research design used regression parameters to explore the
cause-effect relationship between the Al application by tour operators and tourist travel decision-

making.
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3.4 Area of Study

The study was conducted in the Arusha region, which in the north was bordered by Narok and
Kajiado counties of Kenya, eastward by the Kilimanjaro region, southward by the Manyara and
Singida regions, and westward by the Simiyu and Mara regions. The economy of the Tanzanian
region of Arusha was heavily reliant on the tourism industry. Its close proximity to several national
parks and tourist destinations, including the Serengeti, Ngorongoro Conservation Area, Tarangire,
Lake Manyara, and Mount Kilimanjaro, made Arusha a major centre for tourism in the region.
Due to the presence of numerous hotels, lodges, tour companies, cultural enterprises, convention
centres, and other businesses that served tourists, the region's economy depended largely on
tourism. Tourist arrivals were also facilitated by the presence of international airports such as
Kilimanjaro International Airport and Arusha Airport. These facilities and natural attractions drew

many tourists to the area (Mato & Mosoma, 2022; NBS, 2022; Sirima & Mgonja, 2014).

3.5 Target Population

The population target of this study was the tour operators registered in Arusha.

3.6 Sampling Design and Sample Size
3.6.1 Sampling Design

The study utilised a simple random sampling design to obtain the desired research sample size.
This sampling technique was a probability method in which each member of the population had
an equal chance of being selected (Mohsin, 2021). Additionally, it ensured that the sample was
representative of the entire population, minimising bias and enhancing the validity of the research
findings (Sharma, 2017; Singh & Micah, 2014). The selection process was entirely random,
employing random number generators or lottery methods. This simple random sampling design

was specifically used to select tour operators.

3.6.1 Sample Size

The sample size for this study consisted of 291 respondents, who are licensed tour operators
registered in Arusha. A tour operator representative, such as Owners (Directors), Chief Executive
Officers (CEO), General Managers, Sales Managers or Tour consultants, Marketing Managers,

Operation Managers, Human Resource and Reservation Managers, was engaged and purposively
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randomly selected to answer the questionnaires. Based on the available statistics, the population
was unknown. The sample size was chosen to represent the targeted population using the following

formula;

Z2-p-(1-p)
(e2) 7

Sample Size (n) =
Where:
n = Required sample size
Z = Z-value (Z-score) for the desired confidence level
1.96 for 95% confidence
p = Estimated proportion of the population (0.5, for maximum variability)

e = Margin of error (in decimal, e.g., 0.058 for +5.8%)

Table 3.1: Sample Size and Sampling Design

Target population Unknown Arusha Tour Operators
Sample size 291 Respondents

Source: Researcher, 2025

3.7 Data Collection Instruments

This study used both primary and secondary data.

3.7.1 Primary Data
Primary data are the first-hand information originated and collected from the field by the researcher
for the research problem (Taherdoost, 2021). In this study, the primary data was collected directly

from the field through the Questionnaires.

3.7.2 Secondary Data

In this study, secondary data were collected from published Journal articles, Books, Statistical
reports, and a thesis related to Al and tourist travel decisions. Secondary data are the published
information obtained from other researchers related to this study, but they were collected for other

purposes apart from the research problem at hand (Roh et al., 2021).
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3.8 Data Collection Procedures
The data collection techniques involved the collection of quantitative data where the questionnaire

technique was used.

3.8.1 Questionnaire Technique

For this study, the questionnaires comprised both open-ended and closed-ended questions to better
understand the respondents' regarding the problem. The 291 respondents were supplied with
questionnaires written in English or Kiswahili to make everyone understand and effectively answer
the questionnaires. The questionnaires were administered either by the respondents themselves or
by the researcher, depending on the occasion and the interests of the respondents. This process was

carried out both physically and online using a Google Form questionnaire.

3.9 Data Analysis

This study used descriptive statistics analysis followed by inferential analysis. Descriptive
statistics analysis was used to analyse quantitative data and provided a summary of general data
trending ideas, including mean, mode, median, and ratio scales, with the aid of MINITAB 14. The

results were presented in graphs, charts, or figures.

The study employed inferential statistical analysis to make decisions and draw logical conclusions
about the application of Al in influencing tourist travel decisions from tour operators' perspectives.
Regression analysis was used to test the cause-effect relationship of Al application by tour
operators (independent variable) towards tourist travel decisions (dependent variable). Based on
the study objectives, types of data, data distribution, and hypothesis assumptions, parametric tests
were conducted. These tests included the normality test, variance test, and interval or ratio scale
test. The study then conducted hypothesis testing procedures to determine the acceptance or

rejection of a reasonable or unreasonable hypothesis.

3.10 Research Quality
3.10.1 Validity

The study's validity was ensured through well-designed questionnaires and interview guidelines

to obtain accurate information and truthful responses.
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3.10.2 Reliability
The reliability of the study was maintained through well-formed questionnaires and interview
guidelines that ensured the results' consistency by checking and correcting errors in completed

questionnaires.

3.11 Ethical Considerations

The study ensured that ethical considerations were given the highest priority by ensuring that the
researcher adhered to all mandatory ethical procedures and requirements set out by the regulations
of the United Republic of Tanzania, the Republic of Kenya, and the Strathmore University Code
of Practice. This involved obtaining the necessary ethical clearance from the Strathmore University
Institutional Scientific and Ethical Review Committee, as well as acquiring a data collection permit
from the Tanzania Commission of Science and Technology (COSTEC) and the Arusha
Municipality Authority.
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Chapter Four:

Presentation of Research Findings
4.1 Introduction
This chapter presents the findings of a study on the application of artificial intelligence (Al) by
tour operators in influencing tourist travel decisions, focusing on tour operators in Arusha,
Tanzania. The results are based on data collected from representatives of these tour operators,
which were analyzed to determine how Al impacts tourist decision-making. The chapter is
organized into key sections, including the response rate, descriptive statistics, reliability analysis,

and regression analysis, offering insights into the role of Al in shaping tourist travel choices.

4.2 Response Rate

A critical indicator of survey validity is the response rate. As shown in Table 4.1, out of the 291
surveys distributed, 248 were returned, resulting in a response rate of 85.22%. This high response
rate was achieved through a multi-modal data collection approach. The study utilized both physical
and online questionnaires, leveraging platforms such as Google Forms, WhatsApp, phone calls,
and email correspondence. Additionally, the study collaborated with local tourism networks,
including the Tanzania Association of Tour Operators (TATO). To further improve the efforts, the
study engaged two research assistants to help distribute and collect the questionnaires both

physically and online.

Moreover, this high response rate indicates that the survey respondents were highly engaged,
which enhances the representativeness and reliability of the data. It suggests that a significant
portion of the target population participated, ensuring that the findings accurately reflect the
overall sample. Furthermore, the high return rate supports the use of the collected data for analysis

and reporting in this study.

Table 4.1: Response Rate

Description Frequency Percentage (%)
Distributed 291 100
Returned 248 85.22
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4.3 Demographics Analysis

The demographic characteristics of the study sample are essential for understanding the
distribution and characteristics of participants. The following subsections offer detailed insights
into respondents' gender, age, education level, position, years of experience, size of the company,

type of company ownership and period of company operation.

The results on gender distribution show that a majority of respondents (55.4%) identify as male,
while 44.6% identify as female. This gender distribution reflects the sample's composition and

may influence how Al is employed by tour operators, affecting tourists' travel decision-making.

The data on age distribution indicates that the largest group of respondents, making up 45.0%,
consists of individuals aged 30 to 39, closely followed by 42.9% in the 18 to 29 age group. This
suggests that a significant portion of tour operators in Arusha are relatively young, which may
indicate a preference for using Al to influence the travel decisions of tourists among younger

individuals.

The education level distribution shows that 50.2% of participants hold a Bachelor's degree, while
38.9% have completed a diploma or vocational training program. Notably, 6.0% of the participants
possess a Master's degree or higher. This indicates that a substantial proportion of tour operators
have received formal education, which could affect their engagement with Al in shaping tourist

travel decisions.

Additionally, the findings reveal that a significant majority, 89.4%, of participants have an
educational background related to tourism, while 10.6% have backgrounds unrelated to the field.
This high percentage suggests that many tour operators are educated in tourism, which may

influence how they utilize Al to impact travelers' decisions.
Furthermore, concerning the respondents' positions within their companies, the findings indicate

that the majority of participants work as Sales Managers (44.6%), followed by Reservation

Managers (31.2%). This distribution is significant as it provides insights into the roles most
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engaged with Al usage, which may impact or influence the travel decisions associated with these

positions.

In terms of respondents' experience in the tourism industry, the data shows that 43.3% have 4 to 7
years of experience, while 35.9% have 1 to 3 years of experience. This distribution is noteworthy
as it illustrates that tour operators with at least one year of experience are the most engaged with

Al usage, potentially affecting or influencing tourist travel decisions.

The findings regarding the years of operation of companies in Arusha reveal that a majority of
participants, 67.1%, have been in business for 1 to 5 years, while 30.7% have over 5 years of
experience. This distribution is significant as it indicates that tour companies with at least one year
of operational experience in Arusha are the most likely to engage with Al, potentially affecting

tourists' travel decisions.

In terms of company ownership, 80.5% of the participants reported that their companies are owned
by local Tanzanians, while 13.8% are owned by foreign investors. This distribution highlights that
most tour companies in Arusha, operated by local Tanzanians, are actively engaging with Al,

which could influence the travel decisions of tourists.

Regarding company size, the data shows that 68.4% of participants represent small companies
employing between 1 to 10 people, while 19.0% are medium-sized companies with 11 to 50
employees. This information suggests that a significant number of small tour companies in Arusha

are actively using Al, which has the potential to impact tourists' travel choices.

Lastly, when examining the familiarity of tour operators with Al, it was found that 51.5% are
somewhat familiar with Al technology, and 45.8% are very familiar with it. This distribution
indicates that most tour operators have a good understanding of Al, suggesting that they are likely

using this technology to influence the travel decisions of tourists.
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Table 4.2: Demographics Analysis

Category
Gender

Age

Education Level

Education
Background

Position
Industry
Experience

Company
Operation

Company
Ownership

Company Size

Al Familiarity

Key Findings
55.4% Male, 44.6% Female

45.0% (30-39 yrs), 42.9% (18-29
yr8s)

50.2% Bachelor’s, 38.9%
Diploma/Vocational, 6.0%
Master’s+

89.4% Tourism-related, 10.6% non-
tourism

44.6% Sales Managers, 31.2%
Reservation Managers

43.3% (4-7 yrs), 35.9% (1-3 yrs)

67.1% (1-5 yrs), 30.7% (5+ yrs)

80.5% Local Tanzanians, 13.8%
Foreign investors

68.4% Small (1-10 employees),
19.0% Medium (11-50)

51.5% Somewhat familiar, 45.8%
Very familiar

Implications

Slight male dominance may
influence Al adoption trends.

Younger operators may drive Al
integration in tourism.

High formal education supports Al
engagement.
Strong tourism expertise may

shape Al use cases.

Key roles (sales/reservations) are
Al adopters.

Moderate experience aligns with
Al experimentation.

Newer companies are more Al-
engaged.

Local ownership dominates Al
adoption.

Small firms lead in Al utilization.

High Al awareness suggests
readiness for Al-driven decisions.
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4.4 Reliability and Validity Testing

The reliability of the instruments used in this research was assessed using Cronbach’s Alpha. The
overall Cronbach’s Alpha for the 23 items was 0.846, suggesting good internal consistency across
the constructs. Table 4.3 breaks down the reliability for individual subscales: current use of Al in
Arusha’s tourism industry (0.790), the effectiveness of Al in enhancing tourist travel decision-
making (0.750), and challenges of Al usage by tourism operators (0.800). These values indicate
that each construct is measured reliably, supporting the validity of the findings and conclusions

drawn from this data.

Table 4.3: Reliability Test

Construct Number of Items Cronbach’s Alpha
Overall 38 0.846

Current use of Al in Arusha’s tourism 23 0.790

industry

Effectiveness of Al in enhancing 9 0.830

tourist travel decision-making

Challenges of Al wusage by tour 6 0.800

operators

4.5 Frequency Distribution

Frequency distribution refers to the organization of survey responses that shows how often each
response occurs within a specific scale. It offers an overview of how tour operators in Arusha
utilize Al to influence tourists' travel decisions. This distribution is significant because it helps
identify trends, participation levels, and the general sentiment of Arusha tour operators towards
the use of Al in shaping tourist decisions. Understanding these factors can guide future
interventions and improvements. The subsequent subsections provide the frequency distribution
of tour operators regarding the use of Al to influence tourist travel decisions, categorized by current
Al utilization, the effectiveness of Al in enhancing tourist travel decisions, and the challenges

associated with Al usage.

49



4.5.1 Current Use of Al by Arusha’s Tour Operators

4.5.1.1 Specialised Al integrated brand currently used by tour operators

The main objective was to identify platforms that use specialized Al currently employed by tour
operators. The results showed that 93.9% of respondents reported using TripAdvisor, while 41.3%
used SafariGo, 29.1% used SafariBooking, 27.5% used Travelport, and 13% used Google Travel.
Additionally, 3.6% reported using Skyscanner, 2.4% used GetYourGuide, and 2% used Amadeus
and IBM Watson. This indicates a high level of engagement with specialized Al-integrated

platforms among the respondents.

Specialized Al-integrated platforms currently used

Amadeus 5 (2%)
SafariBooking 72 (29.1%)
Skyscanner 9 (3.6%)
Travelport 68 (27.5%)
TripAdvisor 232 (93.9%)
Google Travel 32 (13%)
Sabre 2 (0.8%)
Hopper 0 (0%)
Concur (SAP) 0(0%)
IBM Watson 5 (2%)
OTA Insight 0 (0%)
Avvio 0 (0%)
Get your Guide 6 (2.4%)
SafariGo 102 (41.3%)
other 5 (2%)
Booking.com |—1 (0.4%)
0 50 100 150 200 250

Figure 4.1: Specialized Al Integrated Platform

4.5.1.2 Generative Al (chatbot brand) currently used by tour operators

The results indicated that 71.3% of respondents reported using ChatGPT, while 41.7% used
Gemini. Other tools included Copilot at 13.7%, Quilbot at 9.3%, and CopyAl at 7.3%.
Additionally, 6.9% of respondents indicated they used the Expedia Chatbot, 6.5% used Watson
Assistant, 6.1% used Google Bard, and 4% used the Bing Al chatbot. This data reflects a high

level of engagement with generative Al among the respondents.
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Generative Al (chatbot brand) currently used

ChatGPT — by OpenAl
Google Bard — by Google

176 (71.3%)

Copilot — by Microsoft
CopyAl

Expedia Chatbot
Bing Al Chatbot
Quilbot — by Learneo

34 (13.8%)
18 (7.3%)

Gemini — by Google 103 (41.7%)
Watson Assistant— by IBM

Others

16 (6.5%)
2 (0.8%)
0 50 100 150 200

Figure 4.2: Generative Al (chatbot brand) currently used by tour operators

4.5.1.3 Uses of Al to raise awareness among potential tourists

The results revealed that 96.36% of respondents reported using Al to raise awareness among
potential tourists, while 2% plan to implement it in the future, and 1% have never used Al for this
purpose. These findings indicate a high level of Al usage for raising awareness among potential

tourists, with a significant portion of respondents engaging with it regularly.

4.5.1.4 Al-powered tools used to increase brand awareness

The results showed that 64.2% of respondents reported using Al for personalized social media
campaigns, while 45.8% utilized Al-based content creation. Other tools employed included search
engine optimization (SEO) at 37.5% and Al predictive advertising at 35.4%. This data reflects a
significant level of engagement with various Al-powered tools for creating brand awareness

among the respondents.

4.5.1.5 Using Al to assist tourists in evaluating and comparing travel options, packages, or
destinations.

The results indicated that 95.5% of respondents reported using Al to assist tourists in evaluating
and comparing travel options, packages, or destinations. Additionally, 3% of respondents plan to

implement Al for this purpose in the future, while 1.2% have never utilized Al in this context.
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These findings highlight a high level of Al usage among respondents to assist tourists in evaluating

and comparing travel options, with a significant portion of respondents engaging with it regularly.

4.5.1.6 Al-powered tools are used at this stage (evaluating and comparing travel options,
packages, or destinations).

The results indicated that 56.7% of respondents reported using Al chatbots to answer tourist
questions. Additionally, 55% utilized Al recommendation engines, while 17.9% explored virtual
or augmented reality tours. This finding reflects a significant level of engagement among
respondents who are using various Al-powered tools to assist tourists in evaluating and comparing

travel options, packages, and destinations.

Al-powered tools are used at this stage (Evaluation and Comparison Stage)

Al recommendation engines 132 (55%)

Virtual or augmented reality tours 43 (17.9%)

Chatbots for answering tourist

. 136 (56.7%)
questions

Other

0 50 100 150

Figure 4.3: Al-powered tools are used at this stage (evaluating and comparing travel

options, packages, or destinations

4.5.1.7 Positive Al influences tourists' travel decisions in considering and comparing travel
options, packages, or destinations

The results showed that 70% of respondents reported that the use of Al significantly helped
positively influence tourists' travel decisions when considering and comparing travel options,
packages, or destinations. Additionally, 28.75% indicated that Al somewhat helped in this regard.
This finding reflects a substantial proportion of respondents who are using Al and have observed

a positive impact of Al in assisting tourists with their travel decision-making processes.
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4.5.1.8 Al usage in streamlining the booking process for tourists

The results indicated that 92.7% of respondents felt that Al significantly improved the booking
process for tourists. In contrast, 4.5% stated that Al does not assist in streamlining this process,
while 2.8% believed that Al provides some help. Overall, these findings demonstrate that a large

majority of respondents are utilizing Al to enhance the booking experience for tourists.

4.5.1.9 Al technologies used to assist tourists during the booking process

The results revealed that 62.1% of respondents reported using Al-powered booking systems to
help tourists during the booking process. Additionally, 42.1% utilized chatbots for booking
assistance, 16.6% employed predictive pricing models, and 13.2% made use of Al-driven payment
systems. These findings highlight a significant level of engagement among respondents in utilizing

various Al tools to support tourists during the booking process.

Al Technologies for the Bookings

Al-powered booking systems 146 (62.1%)

Predictive pricing models 39 (16.6%)

Chatbots for booking assistance 99 (42.1%)

Al-driven payment systems 31 (13.2%)

Other

0 50 100 150

Figure 4.4: Al technologies used to assist tourists during the booking process

4.5.1.10 Use of Al to enhance tourists’ experiences during their stay in Arusha

The results revealed that 92.3% of respondents believe that Al significantly enhances tourists'
experiences during their stay in Arusha. In contrast, 4.9% indicated that Al does not help improve
tourists' experiences, while 2.8% felt that Al offers some assistance. Overall, these findings show
that a substantial majority of respondents are using Al to enhance the experiences of tourists in

Arusha.
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4.5.1.11 Contribution of Al to the on-the-ground experience

The results revealed that 41.7% of respondents reported using real-time updates (e.g., traffic,
weather) to enhance the on-the-ground experience for tourists. This was followed by 37.8% who
utilized Al-powered tour guides or apps, and another 37.8% who employed Al-based language
translation tools. Additionally, 34.4% indicated the use of personalized itineraries based on real-
time data. These findings highlight a significant level of engagement among respondents in

leveraging Al technologies to support tourists during their in-destination experiences in Arusha.

Contribution of Al to the on-the-ground experience

Other (please specify) 0 (0.00%)

Al-based language translation tools I 55 (37.83%)
Personalized itineraries based on real-.. IINEEEEEEE 79 (34.35%)
Real-time updates (e.g., traffic, weather) NN 6 (41.74%)

Al-powered tour guides or apps NG 37 (37.83)

0 20 40 60 80 100 120

Figure 4.5: Contribution of Al to the on-the-ground experience

4.5.1.12 Use of Al to Gather Feedback and Engage Tourists After the Trip

The results revealed that 92.24% of respondents use Al to gather feedback and engage tourists
after their trip. In contrast, 3.7% indicated that their company do not use Al for this purpose, while
4.1% (n = 10) stated they were planning to implement such technologies. These findings
demonstrate that most tourism operators are actively adopting Al tools to maintain post-trip

engagement and strengthen customer relationships beyond the point of travel.

4.5.1.12 Al applied in the post-experience stage to enhance customer engagement

The findings revealed that 65.4% of respondents reported using sentiment analysis of reviews as a
key Al tool for gathering feedback and engaging tourists after their trip. Additionally, 44.4%
indicated the use of automated follow-up surveys, while 18.8% employed personalized offers or

incentives. A smaller proportion (15.0%) reported applying Al-based customer support in the post-
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experience stage. No respondents selected the “Other” category. These results suggest that
sentiment analysis and follow-up automation are the most widely adopted Al strategies for

maintaining tourist engagement after travel.

Use of Al to Gather Feedback and Engage Tourists After
the Trip

Other  0.00
Al-based customer support [ 14.96
Personalized offers or incentives | 18.80
Sentiment analysis of reviews [ IINENEGIGINIININGEEEEEEN 65.38
Automated follow-up surveys [INNNNENENEGgGEEENENNNNNNNNNN /4.44

0 10 20 30 40 50 60 70
Percentages

Al Applied in post-experience stage

Figure 4.6: Al applied in the post-experience stage to enhance customer engagement

4.5.1.12 Factors Influencing the Decision to Use Al in the Company

The results indicated that competitive advantage was most prominently associated with the
decision to implement Al, as reported by 69.1% of respondents. This was followed by
technological capabilities, selected by 63.4%, suggesting that many companies consider their
internal readiness when deciding to adopt Al tools. Cost considerations were also cited by 31.7%
of respondents as a factor influencing their decision-making. In addition, customer demand was
mentioned by 26.4%, while regulatory requirements were taken into account by only 8.9%.
Notably, none of the respondents selected the “Other” category. These findings suggest that
strategic positioning and technological infrastructure play a more significant role than external

pressures in shaping decisions around Al adoption in the tourism sector.
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Factors Influencing the Decision to Use Al

Other  0.00
Cost Considerations S 31.71
Technological Capabilities I — N 63.41
Regulatory Requirements mmmm 8.94
Competitive Advantage I 011
Customer Demand S 26.42

0O 10 20 30 40 50 60 70 80
Percentage

Factors Influencing Decision

Figure 4.7: Factors Influencing the Decision to Use Al in the Company

4.5.1.13 Marketing Channels (Touchpoints) Currently in Use to Influence Tourist Travel
Decisions through Al

The results show that Social Media Ads are the most commonly used marketing channel for
influencing tourist travel decisions, with 74.69% of respondents reporting their use of Al in this
area. This is followed by Tour operators' websites at 61.22%, and Email Marketing, which was
cited by 43.67% of respondents. Online booking platforms also play a significant role, with
42.04% of respondents using Al to influence decisions through this channel. Travel agency
websites were mentioned by 41.63% of respondents. Other notable channels include Search
Engine Optimization (SEO), selected by 24.08%, and Online reviews, which were used by 20.41%
of respondents. Content Marketing and Travel blogs influenced 12.65% of responses, while Paid
Advertising was mentioned by 13.47%. Interestingly, Airline websites were the least used channel
for Al influence, with only 3.27% of respondents selecting this option. Finally, no respondents

selected the “Other” category, indicating a clear preference for the main touchpoints listed.
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Marketing Channels (Touchpoints) Currently in Use to Influence
Tourist Travel Decisions via Al
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Figure 4.8: Marketing Channels (Touchpoints) Currently in Use to Influence Tourist

Travel Decisions via Al

4.5.2 Effectiveness of Al in Enhancing Tourist Travel Decision-Making

4.5.2.1 Effectiveness of Al in Raising Awareness about Services Provided

The data indicated that the majority of respondents, 61.13%, considered Al to be very effective in
raising awareness about the services provided. 36.03% of respondents rated Al as effective,
suggesting that a significant portion of respondents acknowledged its positive impact, albeit to a
lesser extent. A smaller proportion, 2.43%, viewed Al as somewhat effective, while only 0.40%
of respondents considered Al to be not effective in this regard. These findings showed a clear trend
towards the effectiveness of Al, with most respondents recognizing its role in raising awareness

about services.

4.5.2.2 Effectiveness of Al in Helping Tourists Make Informed Decisions about Travel
Options

The data showed that 58.54% of respondents considered Al to be very effective in helping tourists
make informed decisions about travel options. A further 38.21% rated Al as effective, while 2.85%
believed Al to be somewhat effective. Only 0.41% of respondents deemed Al to be not effective

in this regard.
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4.5.2.3 Impact of AI-Driven Personalization on Customer Satisfaction and Conversion
Rates in Considering and Comparing Travel Options, Packages, or Destinations

The data showed that 53.47% of respondents believed Al-driven personalization had a significant
impact on customer satisfaction and conversion rates when considering and comparing travel
options, packages, or destinations. Additionally, 45.71% of respondents rated the impact as
somewhat noticeable and only 0.82% of respondents felt that Al-driven personalization had no

noticeable impact.

4.5.2.4 Effectiveness of Al in Optimizing the Booking Process (e.g., Ease of Booking,

Pricing Accuracy)

The data showed that 51.02% of respondents rated Al as very effective in optimizing the booking
process, particularly in terms of ease of booking and pricing accuracy. Additionally, 43.27% of
respondents considered Al to be effective, indicating a strong positive perception of its role in
improving the booking experience. A smaller proportion, 4.90%, viewed Al as somewhat
effective, suggesting a moderate influence, while only 0.82% of respondents felt that AT was not
effective in optimizing the booking process. These findings highlight that a significant majority of
respondents recognized Al as an important tool in enhancing the efficiency and accuracy of the

booking process.

4.5.2.5 Use of Al in Booking Systems has Increased Booking Rates for the Business

The data showed that 47.76% of respondents reported that the use of Al in booking systems
significantly increased their booking rates. Additionally, 51.02% of respondents indicated that Al
somewhat increased booking rates. Only 1.22% of respondents felt that AI had no noticeable

impact on booking rates, while 0% reported a decrease in bookings.

4.5.2.6 Effectiveness of Al in Enhancing the Tourist Experience in Arusha

The data reveals that the majority of respondents (52.65%) considered Al to be "Very Effective"
in enhancing the tourist experience in Arusha, followed by 41.22% who found it "Effective." A
smaller percentage (5.31%) reported that the use of Al was "Somewhat Effective," while a minimal

0.82% of respondents deemed it "Not Effective."
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4.5.2.7 Al Improved Tourist Satisfaction during their Stay in Arusha

The findings reveal that the majority of respondents, 56.38%, reported that Al significantly
improved tourist satisfaction during their stay in Arusha. A smaller portion, 42.80%, indicated that
Al contributed somewhat to enhancing satisfaction. Only a very small percentage, 0.82%, stated

that Al had no noticeable impact on tourist satisfaction.

4.5.2.8 Effectiveness of Al in Retaining Tourists or Encouraging Repeat Visits

The findings indicated that a significant majority of respondents believed Al was effective in
retaining tourists or encouraging repeat visits. Specifically, 54.29% of respondents rated Al as
"Very Effective," while 41.63% considered it "Effective." Only 4.08% felt that Al was "Somewhat
Effective," and none of the respondents found it "Not Effective." This suggests that Al plays a

substantial role in encouraging repeat visits and enhancing customer retention.

4.5.3 Challenges of AI Usage by Tourism Operators

4.5.3.1 Challenges Faced in Implementing Al in the Tourism Business

The findings show that lack of technical skills or expertise was the most commonly reported
challenge in implementing Al in tourism businesses, cited by 65.9% of respondents. This was
closely followed by high implementation costs and integration challenges with existing systems,
both reported by 60.6% of respondents. Limited availability of Al tools suited for tourism was
noted by 30.5% of respondents, while 9.8% mentioned a lack of customer trust in Al services. A
small proportion (1.2%) identified other challenges. These results highlight that skill gaps,
financial barriers, and system compatibility are the most significant hurdles to Al adoption in the

tourism sector.
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Figure 4.9: Challenges Faced in Implementing Al in the Tourism Business

4.5.3.2 Addressing Challenges Faced in the Implementation of Al in Tourism Business

The responses provided indicated that businesses are primarily addressing the challenges of
implementing Al in tourism by focusing on training and hiring expertise. Many responses
emphasized the need for increased training, whether it is for employees, technical staff, or
managers, to better understand and use Al tools in the tourism industry. Respondents also
highlighted the need for investment in Al tools suited for tourism, with several references to raising
capital and funding as essential components for tackling the financial barriers to Al

implementation.

Additionally, respondents mentioned collaborations with Al experts and external partnerships to
bring in the right expertise. There were mentions of budget allocation for Al and efforts to reduce
costs by selecting free or cost-effective Al tools. Many respondents expressed the importance of
continuous learning and adaptation through frequent training and attending workshops related to

Al



4.5.3.3 Key Barriers to Al Adoption in Arusha’s Tourism Industry

The findings indicate several key barriers to Al adoption in Arusha's tourism industry, with
respondents identifying awareness issues, technical challenges, and financial limitations as the
primary hurdles. One of the most frequently cited barriers was the lack of awareness about Al
among both business operators and tourists. Many respondents reported that the lack of
understanding regarding how Al works, combined with trust and security concerns, was hindering
Al adoption. To address this, several participants emphasized the need for awareness campaigns

to educate both the public and business owners about Al's potential and its functionality.

Another significant barrier identified was the lack of technical skills and the shortage of Al experts
in the region. Respondents noted that many businesses struggle to implement AI solutions
effectively because their staff does not possess the necessary technical skills. Training programs
were seen as essential for upskilling employees and enabling business owners to take full
advantage of Al technologies. As per the responses, there is also a clear need for more qualified

Al professionals within the tourism sector.

High implementation costs were also identified as a major obstacle. Respondents expressed
concern over the financial investment required for both the adoption and maintenance of Al
systems. Many smaller businesses, in particular, felt that they could not afford the upfront costs,
which deterred them from integrating Al technologies. Budget allocations for Al and external

funding sources were suggested as potential solutions to overcome this financial challenge.

The limited availability of Al tools tailored to the tourism sector was another key barrier
mentioned. Many respondents stated that suitable Al tools for tourism-related operations such as
managing bookings, optimizing customer experiences, or analyzing tourism data were difficult to

find. This lack of specialized Al tools was seen as a hindrance to Al adoption in the sector.
Furthermore, insufficient technological infrastructure was highlighted as a challenge. It was noted

that many small tourism businesses, particularly in rural areas, lack reliable internet access and

modern IT infrastructure, which are essential for Al integration. Without these foundational
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technological resources, the use of Al becomes impractical for many businesses in Arusha’s

tourism industry.

Concerns about customer trust in Al systems also emerged. Some respondents pointed out that
tourists may feel uneasy about sharing personal data with Al systems, fearing privacy breaches.
This lack of trust is seen as a significant barrier to the wider adoption of Al, and respondents
suggested that addressing privacy concerns through transparency and education could help to build

trust in Al

Finally, several respondents noted that the cost of Al tools was another barrier, especially when it
comes to selecting tools that are compatible with their existing systems. Many respondents
expressed difficulty in affording Al software that integrates well with their current operational

setup.

4.5.3.4 Benefits of Using Al across the Customer Journey Decision Making Process

The benefits of Al across the customer journey decision-making process, as identified by the
respondents, primarily focus on efficiency, customer experience, decision-making, and sales
growth. A significant number of respondents emphasized the ability of Al to save time and reduce
operational costs. Al simplifies tasks, streamlines processes, and enhances overall operational
efficiency. This ability to automate repetitive tasks, such as responding to customer inquiries,
managing bookings, and providing personalized content, saves both time and resources. By
handling large volumes of data quickly and accurately, Al helps businesses act on customer

insights promptly, enabling quicker and more efficient service delivery.

Moreover, Al was widely recognized for its ability to improve customer experience. Respondents
highlighted how Al-driven systems, such as chatbots and recommendation engines, allow
businesses to offer tailored services based on customers' preferences. This personalization
increases customer satisfaction by providing relevant content and recommendations in real time,
enhancing overall engagement. Furthermore, the availability of 24/7 support helps ensure that
customers can receive assistance whenever needed, which increases the convenience and quality

of the customer experience.
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ATI’s role in improving decision-making was another key benefit mentioned. The system’s ability
to process large datasets and provide actionable insights was highlighted as a means of making
data-driven decisions that enhance pricing strategies, demand forecasting, and customer
segmentation. Al allows businesses to predict customer behavior, identify market trends, and
adjust their strategies swiftly, thus ensuring they stay competitive. By utilizing historical customer
data, Al aids in making more accurate decisions that align with the needs and behaviors of the

target audience, reducing human error and enabling businesses to adapt to changing demands.

Respondents also noted that Al helps increase sales and foster customer retention. The ability of
Al to drive more targeted marketing campaigns, personalize interactions, and employ dynamic
pricing strategies contributes to improved conversion rates. With the right Al tools, businesses can
engage customers in a more meaningful way, leading to stronger customer loyalty and an increase
in repeat visits. By continuously adapting to customers’ preferences and offering relevant products

or services, Al encourages repeat business and helps to maintain a consistent stream of revenue.

Lastly, Al was seen as an essential tool for gaining a competitive advantage in the tourism industry.
Its ability to optimize services and enhance customer interactions was identified as key to setting
businesses apart from competitors. Tourism companies that embrace Al gain the ability to offer
better services, improve operational processes, and make quicker decisions based on real-time
data. As a result, businesses that utilize Al can offer a more innovative, responsive, and

personalized experience, which makes them more appealing to customers in a competitive market.

4.5.3.5 Future Improvements or Innovations in Al in the Tourism Industry

Respondents suggested innovations like Al-powered multilingual virtual assistants, personalized
travel recommendations, real-time travel updates, and Al-driven virtual tour guides to create more
seamless and customized tourist experiences. Another significant theme was increasing
operational efficiency through innovations such as automated booking assistance, smart itinerary
planning, and Al-driven dynamic pricing for hotels. These ideas aim to optimize resource

allocation, reduce operational costs, and improve decision-making accuracy.
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Additionally, respondents expressed interest in integrating Al with emerging technologies, like
virtual reality (VR) destination previews and augmented reality (AR) experiences, to enhance
engagement and interactivity. Additionally, sustainability emerged as a priority, with suggestions
for Al-powered eco-friendly travel recommendations and sustainable tourism solutions. Several
respondents also mentioned reducing the cost of Al tools and improving technological
infrastructure to make AI more accessible, especially for smaller businesses. Training and
knowledge development in Al was also emphasized, suggesting the need for Al-related training

for both professionals and tourists.

4.5.3.5 Recommended Improvements to Optimise the Use of Al in Enhancing Tourist
Travel Decisions

The responses revealed several key improvements for optimizing the use of Al in enhancing tourist
travel decisions. A common recommendation was for improved personalization through Al-driven
recommendations, which would better align travel options with individual preferences,
behaviours, and past interactions. Additionally, better integration of data sources, such as real-time
weather, local events, and pricing updates, was emphasized to provide more accurate and up-to-
date information for tourists. Such improvements would help tourists make more informed

decisions throughout their journey.

Respondents also suggested enhancing the user interface and experience by incorporating more
intuitive, user-friendly platforms. The use of voice-activated assistants or chatbots was
recommended to make the booking process easier and more accessible. Transparency and trust
were also highlighted as crucial for Al adoption, with clear explanations of Al tools and addressing

data privacy concerns being vital to building consumer confidence.

Lastly, there was a call for greater investment in Al technologies tailored specifically to tourism.
This included the development of AI systems focused on offering personalized cultural
recommendations, real-time travel adjustments, and sustainability insights, which would improve
the overall tourist experience. These enhancements were seen as essential for optimizing Al

throughout the travel decision-making process.
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4.6 Inferential Analysis

4.6.1 Correlation for Effectiveness of Al in Raising Awareness

In examining the relationship between Al-driven marketing strategies and their effectiveness in

raising awareness about tourism services, the findings reveal statistically significant positive

correlations across all variables analyzed. Notably, personalized social media campaigns

demonstrated the strongest association with awareness effectiveness (r =

0.250, p < 0.01),

indicating that tailoring content to individual users significantly enhances outreach. Predictive

advertising also showed a moderate correlation (r = 0.209, p < 0.01), followed by search engine

optimization using Al (r=0.178, p <0.01), and Al-based content creation (r = 0.164, p <0.01).

Table 4.4: Correlation for Effectiveness of Al in Raising Awareness

How
effective is
Al in
Search engine raising
Al-based Personalized optimization  awareness
content social media Predictive (SEO) using  about your
creation campaigns advertising Al services?
Al-based Pearson 1 .074 225" .185™ .164™
content creation  Correlation
Sig. (2-tailed) .245 .000 .004 .010
N 247 247 247 247 247
Personalized Pearson 074 s .035 .067 .250™
social media Correlation
campaigns
Sig. (2-tailed) .245 .581 291 .000
N 247 247 247 247 247
Predictive Pearson 225" .035 1 .390™ .209™
advertising Correlation
Sig. (2-tailed) .000 .581 .000 .001
N 247 247 247 247 247
Search engine Pearson .185™ .067 .390™ 1 178"
optimization Correlation
(SEO) using Al
Sig. (2-tailed) .004 291 .000 .005
N 247 247 247 247 247
How effective Pearson .164™ .250™ .209™ 178" 1
is Alinraising  Correlation
awareness
about your
services?
Sig. (2-tailed) .010 .000 .001 .005
N 247 247 247 247 247
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**_Correlation is significant at the 0.01 level (2-tailed).

4.6.2 Correlation on Effectiveness of Al in Helping Tourists Make Informed Decisions about
Travel Options

The correlation analysis revealed that chatbots for answering tourist questions had a significant
positive correlation with the effectiveness of Al in helping tourists make informed decisions (r =
162, p = .011). Similarly, Al recommendation engines also demonstrated a significant positive
relationship with informed travel decisions (r = .172, p = .007). However, virtual or augmented
reality tours did not show a statistically significant relationship with informed decision-making (r

=-0.123, p = .054).

Table 4.5: Effectiveness of Al in Helping Tourists Make Informed Decisions about Travel
Options

effectiveness
of Al-
Chatbots for Virtual or  informed
answering Al augmented decisions
tourist recommendation  reality  about travel
questions engines tours options?
Chatbots for answering tourist
questions Pearson Correlation 1 -2T72%* -.336%* 162%*
Sig. (2-tailed) 0 0 0.011
N 247 247 247 246
Al recommendation engines Pearson Correlation  -.272%* 1 -.192%* 172%%*
Sig. (2-tailed) 0 0.002 0.007
N 247 247 247 246
Virtual or augmented reality tours Pearson Correlation — -.336** -.192%* 1 -0.123
Sig. (2-tailed) 0 0.002 0.054
N 247 247 247 246
How effective is Al in helping
tourists make informed decisions
about travel options? Pearson Correlation 162% A72%* -0.123 1
Sig. (2-tailed) 0.011 0.007 0.054
N 246 246 246 246
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** Correlation is significant at the 0.01 level (2-tailed).

* Correlation is significant at the 0.05 level (2-tailed).

4.6.3 Correlation on Effectiveness of Al in Retaining Tourists and Encourage Repeat Visits

The findings revealed a significant positive correlation between the effectiveness of Al in retaining

tourists and encouraging repeat visits and the use of sentiment analysis of reviews (r = .369, p =
.000), automated follow-up surveys (r =.255, p =.000), and personalized offers or incentives (r =

—131, p = .041). However, the correlation between Al-based customer support and the

effectiveness of Al in retaining tourists was not statistically significant (r = —.052, p = .417).

Table 4.6: Effectiveness of Al in Retaining Tourists and Encourage Repeat Visits

Automate
d follow-  Sentiment Personalize  Al-based effective_Al_retaini
up analysis of  d offers or customer  ng_tourists_encoura
surveys reviews incentives support ging_repeat_visits

Automated Pearson
follow-up surveys  Correlati 1 246™ -.333™ -.276™ .255™

on

Sig. (2-tailed) .000 .000 .000 .000

N 247 247 247 247 245
Sentiment Pearson
analysis of Correlati 246" 1 -.463™ -.303™ .369™
reviews on

Sig. (2- 000 000 000 000

tailed)

N 247 247 247 247 245
Personalized Pearson
offers or Correlati -.333" -.463™ 1 .084 -.131°
incentives on

Sig. (2- 000 000 189 041

tailed)

N 247 247 247 247 245
Al-based Pearson
customer support  Correlati -.276™ -.303™ .084 1 -.052

on

Sig. (2- 000 000 189 417

tailed)

N 247 247 247 247 245
effective_Al_retai  Pearson
ning_tourists_enc Correlati 955" 369" 131" -052 1
ouraging_repeat_  on
visits

Sig. (2- 000 000 041 417

tailed)

N 245 245 245 245 245
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**_Correlation is significant at the 0.01 level (2-tailed).
*. Correlation is significant at the 0.05 level (2-tailed).

4.6.4 Correlation on Effectiveness of Al in Enhancing Tourist Experience during the Trip

The correlation analysis revealed several statistically significant relationships between Al tools
and tourists’ experience during their visit. Tour guides or apps were positively correlated with
effective tourist experience (r = .151, p =.018), suggesting that their use enhances on-the-ground
satisfaction. Similarly, real-time updates showed a positive correlation (r = .146, p = .022),
indicating their contribution to a seamless experience. Although personalized itineraries had a
positive correlation (r = .122, p = .056), it was not statistically significant at the 0.05 level.
Language translation tools exhibited a weak and non-significant correlation with tourist experience

(r=.044, p = .493).

Table 4.7: Effectiveness of Al in Enhancing Tourist Experience during the Trip

languag tour Real- Personali

e guide  time zed effective_Al_tourist_exp
translati  sor updat itinerarie erience
on apps es s

language translation Pearson - - o

Correlation ! 334 227 238 044

Sig. (2-tailed) .000 .000 .000 493

N 247 247 247 247 245
tour guides or apps Pearson - 334" 1 _118 340" 151"

Correlation ' ' ' '

Sig.2- 000 063 000 018

tailed)

N 247 247 247 247 245
Real-time updates Pearson_ _227% 118 1 208" 146"

Correlation

Sig. (2- 000 063 001 022

tailed)

N 247 247 247 247 245
Personalized itineraries Pearson . - -

Correlation 238 342 .208™ 1 122

Sig. (2- 000 000 .001 056

tailed)

N

247 247 247 247 245

effectlve_AI_tourlst_exp Pearson_ 044 151" 146 192 1
erience Correlation

Sig. (2- 493 018 022 056

tailed)

N 245 245 245 245 245

**_Correlation is significant at the 0.01 level (2-tailed).
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*. Correlation is significant at the 0.05 level (2-tailed).

4.6.5 Correlation on Effectiveness of Al in Optimising Booking Process (Ease of Booking,
Pricing Accuracy)

The analysis showed that Al-powered booking systems had a strong positive correlation with ease
of booking and pricing accuracy (r =.231, p = .000), followed by chatbots for booking assistance
(r = .132, p = .039). This indicates these tools positively contributed to optimizing the booking
process. On the contrary, predictive pricing models and Al-driven payment systems were not
significantly associated with the perceived effectiveness of Al in booking optimization (r = -0.024,

p=.708 and r = 0.043, p = .501, respectively).

Table 4.8: Effectiveness of Al in Optimising Booking Process (Ease of Booking, Pricing

Accuracy)

Chatbo g‘v\'/ér Al-
tsfor P i Predict driven
bookin baoki ive payme EffectiveAl_Easebooking
g i pricing nt _Pricing
assista . sie models  system
nce Y s
ms
. Pearson
Chatb;’;;:gﬂ%‘;"k'”g Corelati 1 o, -178% -160* 132*
on
st’;?le(dz) 0.002  0.006  0.012 0.039
N 247 247 247 247 245
. Pearson
Al-powered booking Correlati  -.194** 1 -137* : 231%
systems on 257
Sig. (2-
tailed) 0.002 0.032 0 0
N 247 247 247 247 245
Pearson
Predictive pricing models Correlati  -.173** -137* 1 -0.064 -0.024
on
Stc:l?le(dz) 0.006  0.032 0.32 0.708
N 247 247 247 247 245
Pearson )
Al-driven payment systems  Correlati  -.160* D574k -0.064 1 0.043
on '
St’;?lesz) 0.012 0 0.32 0.501
N 247 247 247 247 245
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EffectiveAl_Easebooking_P  -caroon

- Correlati  .132*  .231** -0.024  0.043 1
ricing
on
SIg. (2- 0.039 0 0.708 0.501
tailed)
N 245 245 245 245 245

** Correlation is significant
at the 0.01 level (2-tailed).
* Correlation is significant at
the 0.05 level (2-tailed).

4.6.6 Correlation on Effectiveness of Al in Retaining Tourists and Repeat Visits

The correlation analysis between various Al-integrated platforms and the effectiveness of Al in
retaining tourists and encouraging repeat visits revealed several statistically significant
relationships. SafariGo demonstrated the strongest positive correlation (r = .342, p < .01),
suggesting a notable contribution toward fostering tourist loyalty. This was followed by Travelport
(r=.299, p < .01), Skyscanner (r = .131, p < .05), and IBMWatson (r = .125, p = .051), each
showing moderate associations. Conversely, Google Travel (r = —.128, p < .05) showed a weak
negative relationship, implying it may be less influential in encouraging repeat visits. Other
platforms such as SafariBooking, GetYourGuide, and Amadeus had no significant impact on

tourist retention.

Table 4.9: Correlation on Effectiveness of Al in Retaining Tourists and Repeat Visits

1 2 3 4 5 6 7 8 9 10 11 12 13 14 DV
Pearson 31 - - -
Correlati - 2% .15 .166* .204 0.04 0.03 0.1
1 on 1 0023 =* 0.081 4* * .c .c ** .C .C 0.04 1 7 04
0.0 0.00 0.56 0.1
Sig. (2-tailed) 0.714 0 0206 15 0.009 . . 1 . . 0.53 0.52 8 03
Pearson .28 -
Correlati - 00 - 3* - 0.02 246 258 .224 0.0
2 on 0.023 1 18 .136* * 0.058 .c .C 9 ¢ .C *x *x *x 52
Sig. (2- 0.7 0.65 0.4
tailed) 0.714 8 0.033 0 0364 . . 1 . . 0 0 0 14
Pearson - - -
Correlati  .312* 0.0 .224* 432 0.03 .144 0.02 .13
3 on * 0.018 1 0122 54 * .c .c ** .c .c 1 = 8 1*
Sig. (2- 0.4 0.63 0.02 0.66 0.0
tailed) 0 0.78 0.055 01 0 . . 0o . . 1 4 2 4
Pearson - - -
Correlati - 0.1 13 0.10 0.09 .643 0.02 .29
4  on 0.081 .136* 22 1 0* 0045 ¢ .c 4 .c 7 ** 4 9**
Sig. (2- 0.0 0.0 0.10 0.12 0.70
tailed) 0.206 0.033 55 41 0477 . . 1 . . 7 0 5 0
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Pearson

Correlati - .283* 0.0
5 on A54*  * 54
Sig. (2- 0.4
tailed) 0.015 0 o1
Pearson - .22
Correlati  .166* - 4%
6 on * 0.058 *
Sig. (2-
tailed) 0.009 0.364 0
Pearson
Correlati
7 on .c .c .c
Sig. (2-
tailed)
Pearson
Correlati
8 on .C .C .C
Sig. (2-
tailed) . . .
Pearson - 43
Correlati  .204* - 2%
9 on * 0.029 *
Sig. (2-
tailed) 0.001 0.651 0
Pearson
1 Correlati
0 on .c .c .C
Sig. (2-
tailed)
Pearson
1 Correlati
1 on .c .c .C
Sig. (2-
tailed) . . .
Pearson -
1 Correlati .246* 0.0
2 on 0.04 = 31
Sig. (2- 0.6
tailed) 0.53 0 31
Pearson
1  Correlati .258* .14
3 on 0.041 = 4*
Sig. (2- 0.0
tailed) 0.52 0 24
Pearson -
1 Correlati 224* 0.0
4 on 0.037 * 28
Sig. (2- 0.6
tailed) 0.568 0 62
Pearson
D Correlati 13
V on 0.104 0.052 1*
Sig. (2- 0.0
tailed) 0.103 0.414 4
24
N 245 245 5

.130*

0.041

0.045

0.477

0.104

0.101

0.097
0.127

.643*

245

0.0
35
0.5
86

0.0
55
0.3
86

0.0
96
0.1
33

0.0
05
0.9
35

0.0

0.6
37

A2

8*

0.0
46

0.035

0.586

.308*

0.014

0.824

0.016

0.803

0.013

0.839

0.996

245

245

AN

0.05

0.38

.308

0.02

0.72

A71

**x

0.00

0.02

0.74

0.12

0.05

245

245

0.09

0.13

0.01

0.82

0.02

0.72

0.02

0.66

0.02

0.72
0.04
0.48

245

0.00

0.93

0.01

0.80

A71

**

0.00

0.02

0.66

0.00

0.95

.342

**

245

0.03
0.63

0.01

0.83

0.02

0.74

0.02

0.72

0.00

0.95

0.07

0.23

245

A2

0.0
46

0.9
96

0.1
25
0.0
51

0.0
45
0.4

.34

2**

0.0
76
0.2
38

245

** Correlation is significant at the
0.01 level (2-tailed).

* Correlation is significant at the 0.05
level (2-tailed).
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¢ Cannot be computed because at least one of
the variables is constant.

Legend Table

specialised Al brand Used
Amadeus
SafariBooking
Skyscanner
Travelport
GoogleTravel
Sabre

Hopper
Concur_SAP
IBMWatson
OTAInsight
Awvio
GetyourGuide
SafariGo
other

effective_Al_retaining_tourists_encouraging_repeat_visits
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4.6.7 Correlation of Effectiveness of Generative Al Tools in Helping Tourists Make Informed

Decisions

The correlation analysis demonstrated several statistically significant relationships between

generative Al tools and the perceived effectiveness of Al in assisting tourists with informed travel

decisions. Notably, Watson Assistant by IBM showed the strongest positive correlation with the
dependent variable (r = .208, p =.001), followed by Bing AI Chatbot (r=.162, p=.011), Expedia
Chatbot (r = .158, p = .013), and Copilot by Microsoft (r = .151, p = .018). These tools were

positively and significantly associated with enhanced decision-making among tourists. Other Al

tools such as ChatGPT, Gemini, and Google Bard did not yield significant associations with the

outcome variable.

Table 4.10: Correlation on Effectiveness of Generative Al Tools in Helping Tourists Make

Informed Decisions

1 2 3 4 5 6 7 8 DV
Pearson - - - - - -

1 Correlation 1 .291** -0.012 .279** .213** .287** .269** .187**  0.046
Sig. (2-tailed) 0 0.852 0 0.001 0 0 0.003 0.469
Pearson - 195* -

2 Correlation .291%* 1 * A71%*  -0.052  .495*%*  611** . 514** 151*
Sig. (2-tailed) 0 0.002 0.007 0.412 0 0 0 0.018
Pearson

3 Correlation -0.012 .195** 1 0125 -0.023 -0.032 0.029 0.005 0.082
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Sig. (2-tailed) 0.852  0.002 0.051 0.717 0616 0.652 0.939 0.199

Pearson - - -

4 Correlation 279%* 171  0.125 1 0.094 .230** -0.123 -.132*  0.007
Sig. (2-tailed) 0 0.007 0.051 0.139 0 0.055 0.038 0.915
Pearson -

5 Correlation 213**  -0.052 -0.023 0.094 1 -0.069 -0.067 -0.052 -0.096
Sig. (2-tailed) 0.001 0412 0.717  0.139 0279 0.295 0.414 0.134
Pearson - -

6 Correlation 287**  495**  -0.032 .230**  -0.069 1 .578** 512** |158*
Sig. (2-tailed) 0 0 0.616 0 0.279 0 0 0.013
Pearson - .208*

7 Correlation 269*%*  B611**  0.029 -0.123 -0.067 .578** 1 .614* =
Sig. (2-tailed) 0 0 0.652 0.055 0.295 0 0 0.001
Pearson -

9  Correlation A87*%*  514** 0,005 -.132*  -0.052 .512** 614** 1 .162*
Sig. (2-tailed) 0.003 0 0.939 0.038 0.414 0 0 0.011

D Pearson

V  Correlation 0.046 .151* 0.082 0.007 -0.096 .158* 208**  162* 1
Sig. (2-tailed) 0.469 0.018 0.199 0.915 0.134 0.013 0.001 0.011
N 246 246 246 246 246 246 246 246 246

** Correlation is significant at the 0.01 level (2-

tailed).

* Correlation is significant at the 0.05 level (2-tailed).

Legend Table

No Generative Al (chatbot brand)

1 ChatGPT_byOpenAl

2 Copilot_by Microsoft

3 Quilbot_by Learneo

4 Gemini_by Google

5 GoogleBard_by Google

6 Expedia_Chatbot

7 WatsonAssistant_by IBM

8 Bing_Al_Chatbot

How effective is Al in helping tourists make informed decisions about

DV travel options?
4.7 Regression Analysis

4.7.1 Effectiveness of Al in Raising Awareness

The overall model was statistically significant, F (4, 242) = 8.231, p < .001, with an R? of .120,

indicating that 12.0% of the variance in awareness effectiveness was explained by the predictors.

Among the predictors, personalized social media campaigns significantly predicted awareness

effectiveness (B = .232, t = 3.827, p < .001). Predictive advertising also contributed significantly
to the model (B =.144, t = 2.172, p = .031). However, Al-based content creation (B = .098, p =

.118) and SEO using AI (B = .088, p =.185) were not statistically significant predictors.
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Table 4.11: Effectiveness of Al in Raising Awareness

Unstandardized ~ Std,  Standardized

Model Coefficients (B) Error Coefficients t Sig. (p)

(Beta)
(Constant) 3.266 0.065 - 49.998 .000
Al-based content creation 0.111 0.071 0.098 1.568 0.118
Personalized social media campaigns 0.269 0.07 0.232 3.827 .000
Predictive advertising 0.171 0.079 0.144 2172 0.031
Search engine optimization (SEO) using 0.103 0.077 0.088 1331 0.185

Al
R2 =120, Adjusted R2 = .105, F(4, 242) = 8.231, p <.001
Dependent Variable: How effective is Al in raising awareness about your services?

4.7.2 Effectiveness of Al in Helping Tourists Make Informed Decisions about Travel Options
The regression analysis showed that chatbots for answering tourist questions (f =.223, p =.002)
and Al recommendation engines ( = .232, p = .001) were both statistically significant predictors
of how effective Al is in aiding informed travel decisions. These results suggest that both tools
play a meaningful role in enhancing tourist decision-making. However, virtual or augmented
reality tours did not significantly predict this outcome (B = —.003, p = .964). The overall model
was significant, F(3, 242) = 6.672, p <.001, with an R> = .076, indicating that approximately 7.6%

of the variance in decision-making effectiveness is explained by the predictors.

Table 4.12: Effectiveness of Al in Helping Tourists Make Informed Decisions about Travel
Options

Unstandardize Standardize

- Std. d Sig.
Model d Coe(fél)ments Error Coefficients t (p)
(Beta)
(Constant) 3.266 0.088 - 36'92 .000
Chathots for answering tourist 0.258 0.081 0.223 3.169 0.002
questions
Al recommendation engines 0.266 0.078 0.232 3.43 0.001
Virtual or augmented reality tours —0.005 0.104 -0.003 60 45 0.964

R2 =.076, Adjusted R2 = .065, F(3, 242) = 6.672, p <.001
Dependent Variable: How effective is Al in helping tourists make informed decisions about
travel options?
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4.7.3 Effectiveness of Al in Retaining Tourists and Encourage Repeat Visits

The multiple regression analysis revealed that the model was statistically significant, F(4, 240) =
14.032, p < .001, explaining approximately 19.0% of the variance in the effectiveness of Al in
retaining tourists and encouraging repeat visits (R* = .190, Adjusted R? = .176). Among the
predictors, sentiment analysis of reviews emerged as the strongest contributor (f =.416, p <.001),
followed by automated follow-up surveys ( =.238, p <.001), and Al-based customer support (3
= .132, p = .038). While personalized offers or incentives had a positive effect, it was only

marginally significant ( =.135, p =.052).

Table 4.13: Effectiveness of Al in Retaining Tourists and Encourage Repeat Visits

Model Unstandardized Std. Standardized Coefficients Sig.
ode t
Coefficients (B) Error (Beta) p)
35.33
(Constant) 3.008 0.085— A .000
Automated follow-up
0.277  0.075 0.238 3.71 .000
surveys
Sentiment analysis of
) 0.495  0.082 0.4166.006 .000
reviews
Personalized offers or
_ ) 0.202 - 0.104 0.1351.951 0.052
icentives
Al-based customer
0.218 0.104 0.1322.087 0.038

support
R?>=.190, Adjusted R* =.176, F(4, 240) = 14.032, p < .001

Dependent Variable: Effectiveness of Al in retaining tourists and encouraging repeat visits

4.7.4 Effectiveness of Al in Enhancing Tourist Experience during the Trip

The regression model was statistically significant, F(4, 240) = 8.895, p <.001, and accounted for
12.9% of the variance in tourists’ experience (R* =.129, Adjusted R? = .115). All four predictors
made significant contributions. Tour guides or apps were the strongest predictor (p = .329, p <
.001), followed by real-time updates (B = .279, p < .001), personalized itineraries (f = .259, p <
.001), and language translation tools (f = .159, p = .019). These findings suggest that on-the-
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ground Al tools that provide guidance, timely information, and customized plans significantly

enhance the tourist experience.

Table 4.14: Effectiveness of Al in Enhancing Tourist Experience during the Trip

Model Unstandardized Std. Standardized t Sig.
Coefficients (B) Error Coefficients (Beta) (p)
(Constant) 2992 0088 - 345'%13 000
Language 0242  0.102 0459 26 001
translation 9 9
;’::;gmdesor 0437  0.093 0329 471 .000
Real-time 0.363  0.085 0279 *2 000
updates 8
Personalized 0352  0.091 0259 8% 000
itineraries 6

R2 =129, Adjusted R2 = .115, F(4, 240) = 8.895, p <.001
Dependent Variable: effectiveness of Al in enhancing tourist experience

4.7.5 Effectiveness of Al in Optimising Booking Process (Ease of Booking, Pricing Accuracy)
The regression analysis revealed that Al applications significantly influenced the effectiveness of
Al in optimizing booking processes, particularly ease of booking and pricing accuracy. The model
was statistically significant, F(4, 240) = 7.750, p < .001, explaining 11.4% of the variance in the
dependent variable (R? = .114, Adjusted R? = .100). Among the predictors, Al-powered booking
systems (B = 0.426, B =.334, p <.001), chatbots for booking assistance (B =0.306, B =.239,p <
.001), and Al-driven payment systems (B =0.327, B =.173, p =.009) were significant contributors
to enhancing booking efficiency and pricing accuracy. However, predictive pricing models did not
significantly impact the dependent variable (B =0.129, B =.075, p =.236). These findings suggest
that interactive and transactional Al tools are more impactful in improving tourists' booking

experiences.
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Table 4.15: Effectiveness of Al in Optimising Booking Process (Ease of Booking, Pricing
Accuracy)

Unstandardize Standardize

e Std. d :
Model d Coe(fél)ments Error  Coefficients t Sig. (p)
(Beta)

(Constant) 3.007 0.091 - 33.223  0.000
Chatbots for booking 0306  0.084 0239 3647  0.000
assistance
Al-powered booking systems 0.426  0.085 0.334 5.011 0.000
Predictive pricing models 0.129  0.109 0.075 1.187 0.236
Al-driven payment systems 0.327  0.123 0.173 2.65  0.009

R2 = .114, Adjusted R2 = .100, F(4, 240) = 7.750, p < .001
Dependent Variable: Effectiveness of Al in Ease of Booking and Pricing Accuracy

4.7.6 Effectiveness of Al in Retaining Tourists and Repeat Visits

A multiple linear regression was performed to examine the relationship between various Al travel
platforms and the effectiveness of Al in retaining tourists and encouraging repeat visits. The
overall model was statistically significant, F (10, 234) = 4.774, p < .001, indicating that the Al
tools collectively contributed to predicting the dependent variable. The model explained 16.9% of
the variance in the effectiveness of Al in tourist retention (R? =.169, Adjusted R? = .134).

Among the predictors, SafariGo emerged as the only statistically significant variable (B = 0.249,
B=.213, p=.018), suggesting that its use is positively associated with enhancing tourist retention
and repeat visitation. Other tools such as Amadeus, Skyscanner, Travelport, and GoogleTravel had
positive or negative coefficients but did not reach statistical significance (p > .05). Al tools like
Sabre, Watson Assistant, and GetYourGuide also did not significantly influence the outcome. This
implies that while some Al platforms show potential, SafariGo stands out as the most impactful in

this context.
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Table 4.16: Effectiveness of Al in Retaining Tourists and Repeat Visits

Unstandardized Coefficients Std. Standardized Coefficients Sig.
Model (B) Error (Beta) t (p)
(Constant) 3.101 0.155—- 20.032 0.000
Amadeus 026  0.155 0.108 1.679 0.094
SafariBooking 0.067  0.094 0.053 0.708 0.479
Skyscanner 0.325 0.212 0.106 1.536 0.126
Travelport 0.168 0.111 0.131 1.52 0.130
GoogleTravel -0.193 0.109 -0.113 -1.778 0.077
Sabre -0.216  0.406 -0.034 -0.532 0.595
IBMWatson 0.228 0.282 0.056 0.809 0.420
GetyourGuide 0.179  0.231 0.048 0.775 0.439
SafariGo 0.249  0.104 0.213 2.384 0.018
Other -0.322  0.252 -0.079 -1.28 0.202

R%2=.169, Adjusted R* =.134, F(10, 234) =4.774, p < .001

Dependent Variable: Effectiveness of Al in Retaining Tourists and Encouraging Repeat Visits

4.7.7 Effectiveness of Generative Al Tools in Helping Tourists Make Informed Decisions

A multiple linear regression was conducted to assess the impact of various generative Al chatbots
on the effectiveness of Al in helping tourists make informed travel decisions. The overall model
was statistically significant, F (8, 237) = 2.448, p = .015, indicating that the combined use of these
chatbots had a meaningful predictive value. The model explained 7.6% of the variance in informed

decision-making (R* =.076, Adjusted R? =.045).

Among the Al tools assessed, only ChatGPT by OpenAl demonstrated a statistically significant
positive effect (B =0.190, B =.150, p = .045), indicating its contribution to helping tourists make
better travel choices. Other tools such as Watson Assistant by IBM and Gemini by Google showed
positive coefficients but were not statistically significant. Remaining tools, including Copilot,
Google Bard, Expedia Chatbot, Quilbot, and Bing Al Chatbot, did not significantly influence the
dependent variable (p > .05).
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Table 4.17: Effectiveness of Generative Al Tools in Helping Tourists Make Informed
Decisions

Std.

Predictor B Error Beta t Sig. (p)

(Constant) 3.311 0.103 - 32.047 0.000
ChatGPT by OpenAl 0.19 0.094 0.15 2.013 0.045
Copilot by Microsoft 0.058 0.145 0.035 0.401 0.689
Quilbot by Learneo 0.123 0.129 0.062 0.952 0.342
Gemini by Google 0.114 0.082 0.098 1.383 0.168
Google Bard by Google -0.121 0.155 -0.051 -0.783 0.435
Expedia Chatbot 0.219 0.189 0.097 1.156 0.249
Watson Assistant by IBM 0.358 0.215 0.154 1.669 0.097
Bing Al Chatbot 0.11 0.241 0.038 0.458 0.647

R =.276, R2 = .076, Adjusted R2 = .045, F(8, 237) = 2.448, p = .015
Dependent Variable: How effective is Al in helping tourists make informed decisions about
travel options?

Note: *p < .05.
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Chapter Five:

Discussions, Conclusion and Recommendations

5.1 Introduction

This chapter discusses the key findings of the study in relation to existing literature. The analysis
was based on descriptive statistics, correlation, and regression methods to assess the extent to
which Al tools are used by tour operators in Arusha to influence tourist travel decision-making at
different stages of the customer journey. Additionally, this chapter provides a comprehensive
summary of the study, followed by key conclusions drawn from the empirical findings. It also
includes practical and policy-based recommendations. The study aimed to evaluate the use of Al
by tour operators in Arusha and its impact on influencing tourist travel decisions, from the

awareness stage to post-visit engagement.

5.2 Discussions

5.2.1 Use of Al Tools Across the Tourist Journey

The study reveals near-universal adoption of Al tools among Arusha’s tour operators over 90%,
with ChatGPT, TripAdvisor, and SafariGo dominating usage. This aligns with global trends where
Al integration in tourism has surged post-pandemic, particularly for awareness creation (96.3%)
and post-trip engagement (92.2%) (Adam et al., 2021; Cheng & Jiang, 2022). However, the heavy
reliance on third-party platforms like TripAdvisor contrasts with Nicolescu and Tudorache, (2022)
findings in European markets, where proprietary Al systems are more common. This disparity may
reflect resource constraints in emerging economies (Ivanov & Webster, 2017), suggesting a need for

localized Al solutions tailored to African operators’ budgets and infrastructure.

5.2.2 Al Awareness Creation: The Power of Personalization

The strong predictive power of personalized social media campaigns (f = .232, p < .001) and
predictive advertising (f =.144, p =.031) corroborates Bulchand-Gidumal et al., (2023) assertion
that AI’s value lies in hyper-targeted content delivery. Notably, while SEO using Al showed
correlation (r = .178, p < .01), its non-significance in regression (p = .185) implies its role is
secondary, a nuance overlooked by King’ori, (2023), who treated all digital marketing tools as

equally impactful. This finding challenges Zlatanov and Popesku, (2019) broad claims about Al-
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driven platforms, highlighting instead the primacy of algorithmic personalization over mere

automation.

5.2.3 AI’s Role in Enhancing Informed Decision-Making: Chatbots vs. Human Touch

The efficacy of chatbots (f = .223, p = .002) and recommendation engines (f = .232, p = .001)
supports Pillai and Sivathanu, (2020) the framework of Al as a decision-facilitation tool. However,
the non-significance of VR/AR tours (f = —.003, p = .964) contradicts Goldenberg et al., (2021)
predictions about immersive technologies. This may reflect technology access barriers in Arusha
or tourist preferences for utilitarian over experiential Al tools (Shi et al., 2021). Further, Ivanov
and Webster, (2019) emphasis on Al’s role in overcoming language barriers was partially
validated, but the moderate effect sizes suggest human-agent hybrids may still be needed for

complex queries.

5.2.4 Al in Booking Optimization: Efficiency Over Price Sensitivity

The dominance of Al-powered booking systems ( = .334, p <.001) aligns with Sharma, (2023)
transactional efficiency paradigm. However, the weak impact of predictive pricing (f = .075, p =
.236) diverges from Yu and Chen, (2022) findings in Asian markets, where dynamic pricing drove
conversions. This implies Arusha’s tourists prioritize booking convenience over cost optimization

a behavior potentially linked to the region’s premium safari market segment (Calvano et al., 2020).

5.2.5 Al in Enhancing On-Trip Experience: Real-Time Al as a Differentiator

The significant effects of tour apps (B = .329, p <.001) and real-time updates (f =.279, p <.001)
reinforce Babatunde et al., (2024) Real-time Al inputs always enhance satisfaction by facilitating
adaptive decisions and enabling multilingual support for foreign tourists. Moreover, Getchell et
al., (2022), AI Language chatbots integrated into tourism platforms and hotel apps offer 24/7
support, assisting travelers with bookings, directions, and inquiries in real-time. However, the
lower adoption of language tools (f = .159, p = .019) compared to global benchmarks Topsakal
and Cuhadar, (2024) suggests untapped potential. This gap may stem from over-reliance on

English in Arusha’s tourism or underestimation of non-English-speaking markets.
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5.2.6 Post-Travel Engagement and Retention: Sentiment Analysis as a Game-Changer

The outsized role of sentiment analysis (B =.416, p <.001) in retention underscores Filieri et al.,
(2021) "Emotional analytics" idea that emphasized the post-trip use of Al for feedback collection
and relationship management as key to encouraging loyalty and return visits. Similarly, Mussa,
(2020) support that when tourists feel valued and engaged even after their trip, they are more likely
to develop a sense of belonging and attachment to the destination or service providers. Yet, the
minimal use of personalized incentives (B = .135, p = .052) contrasts with Badouch and
Boutaounte, (2023) proven strategies in Moroccan tourism, indicating Arusha operators may

undervalue post-visit monetization.

5.2.7 Generative AI’s Emerging Role: ChatGPT Leads, Others Lag

ChatGPT’s significance (B = .150, p = .045) validates Nguyen et al., (2023) findings on Large
Language Model (LLM)-powered decision aids. Similarly, Alotaibi et al., (2020), stated that
generative Al tools improve the decision-making experience by offering intelligent assistance and
fostering trust through responsive interactions. However, the non-significance of tools like Google
Bard (p =.435) suggests a first-mover advantage for OpenAl, complicating Dwivedi et al.’s (2024)

assumption of uniform generative Al adoption.

5.2.8 Al Role in Shaping Tourist Travel Decisions

This study examined the role of Al applications by tour operators in shaping tourist travel decision
behavior across five key dimensions: destination choices, itinerary planning, booking behavior,
customer touchpoints, and satisfaction/loyalty. The findings highlight AI’s transformative impact
on Arusha’s tourism sector, aligning with global trends in digital tourism (Buhalis & Sinarta,

2019). Below are the implications of the results with existing literature.

1. Destination Choices: Al plays a significant role in destination selection, with 95.5% of tour
operators utilising Al to assist tourists in comparing options. This is primarily achieved
through chatbots (56.7%) and recommendation engines (55%). Research by Gretzel et al.,
(2015) supports this, showing that Al-driven personalisation helps reduce decision fatigue
by filtering choices based on user preferences. Additionally, 70% of operators noted that

Al has a positive impact on tourists' final decisions, highlighting the importance of machine
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learning in predicting traveller preferences (Koo & Xiang, 2021; Xiang et al., 2015).
However, the limited use of virtual and augmented reality (17.9%) indicates that there is

still untapped potential for immersive destination marketing.

Itinerary Planning (Preferences): Al significantly enhances the customization of itineraries,
with 34.4% of operators utilizing personalized Al itineraries and 37.8% making use of real-
time updates. This aligns with Varkaris and Neuhofer, (2017), who argue that dynamic Al
adjustments improve the efficiency of trip planning. However, the relatively low adoption
rate of predictive pricing at 16.6% highlights gaps in real-time cost optimization, which is
crucial for itinerary flexibility (Chen & Wei, 2024; Derrick et al., 2017). Future
innovations, such as Al-powered multilingual assistants, could further streamline the

planning process for diverse tourist demographics.

Booking Behavior (Decisions): Al has significantly optimized booking processes, with
92.7% of operators reporting improved efficiency. This improvement is primarily driven
by Al-powered booking systems (62.1%) and chatbots (42.1%). These findings align with
Huang et al., (2022), who noted that AI reduces friction in transactional processes.
However, predictive pricing models are still underutilized, with only 16.6% of operators
implementing them. This contrasts with global trends showing that dynamic pricing
increases conversion rates (Balushi, 2023). Notably, there is high satisfaction with Al-
assisted bookings, as 47.1% of users reported being "very satisfied." This suggests that
ease of use is crucial, which Tussyadiah and Park, (2018) has also emphasized in their

study on Al usability.

Customer Touchpoints: Social media ads (74.7%) and operator websites (61.2%) are the
dominant Al-powered touchpoints, reflecting the shift toward digital engagement (Rana et
al., 2022). However, the minimal use of airline websites (3.3%) highlights fragmentation
in cross-platform Al integration. This aligns with (Chen & Wei, 2024), who emphasize the
need for seamless omnichannel strategies. Post-trip, sentiment analysis (65.4%) dominates
feedback collection, supporting Santos and Gongalves, (2021) assertion that Al-driven

insights enhance retention strategies.
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V. Satisfaction and Loyalty: Al has significantly enhanced customer satisfaction, with 56.4%
of operators reporting notable improvements and 54.3% acknowledging its role in
encouraging repeat visits. This supports the findings of Chintasi et al., (2024), which
indicate that Al-driven personalization strengthens emotional engagement. However,
challenges such as high costs (60.6%) and skill gaps (65.9%) are obstructing wider
adoption. This aligns with the concerns raised by Ivanov and Webster, (2019) regarding

the accessibility of Al in emerging markets.

5.2.9 Challenges Hindering Al Usage

The study identified three dominant barriers: lack of technical skills (65.9%), high implementation
costs (60.6%), and system integration challenges (60.6%). These findings align with El-Mofock,
(2023) "Al Readiness Gap" framework, which positions technical skill shortages as the foremost
hurdle for SMEs in emerging markets. However, the near-identical prevalence of cost and
integration barriers (both 60.6%) suggests these are interdependent challenges a nuance
overlooked by Feng, (2021), who treated them as isolated issues. Nam and Dutt, (2020) cost-
centric model thus requires refinement for African contexts, where legacy system incompatibility

such as manual reservation processes may amplify both financial and technical adoption costs.

Notably, privacy and ethical concerns emerged as secondary but growing barriers, resonating with
Filieri et al., (2021) "Trust Paradox" in Al-driven tourism. While Ivanov and Webster, (2024)
attributed such skepticism largely to facial recognition and job displacement fears, Arusha’s
operators emphasized data misuse risks in personalized marketing, a divergence highlighting how
cultural contexts shape Al ethics perceptions. This underscores the need for localized transparency
protocols, as generic GDPR-style frameworks (often studied in Global North contexts) may not

address Global South operators’ specific concerns.
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5.3 Conclusion

Artificial Intelligence is fundamentally transforming the tourism landscape in Arusha by
enhancing decision-making processes and improving operational efficiencies. To fully leverage
these advancements, stakeholders within the tourism sector should consider several strategic

Initiatives.

Firstly, there is a significant opportunity to expand the use of immersive Al technologies, such as
Virtual Reality (VR) and Augmented Reality (AR), to create engaging and interactive destination
marketing campaigns. These tools can offer potential visitors virtual experiences of Arusha’s
stunning landscapes, vibrant culture, and unique wildlife, ultimately drawing more tourists to the

region.

Secondly, integrating predictive pricing models can greatly enhance booking flexibility. By
utilizing Al algorithms to analyze market trends, customer behavior, and historical data, businesses
can dynamically adjust prices to optimize occupancy rates and revenues, ensuring that travel

options remain accessible and appealing to a diverse range of travelers.

Moreover, investing in comprehensive training programs for staff is crucial to overcoming barriers
associated with the implementation of these advanced technologies. Ensuring that employees are
well-equipped with the necessary skills to use Al tools effectively will foster a smoother transition

and enhance overall service quality.

Lastly, future research should delve into the long-term effects of Al on tourist loyalty specifically
within the African markets. Understanding how these technologies influence customer satisfaction
and repeat visits will provide valuable insights, helping stakeholders tailor their offerings and

marketing strategies to build lasting relationships with travelers.

By addressing these key areas, the tourism sector in Arusha can capitalize on the potential of Al,

fostering a more robust and sustainable tourism ecosystem that benefits all stakeholders involved.
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5.4 Recommendations

Based on the findings of this study, several recommendations are offered to assist tour operators,
policymakers, and academic stakeholders in improving the adoption and effectiveness of Artificial
Intelligence in influencing tourist travel decision-making within Arusha’s tourism sector. These
recommendations aim to support the strategic integration of Al throughout the customer journey,
enhance institutional capacities, and promote research-informed practices to create a more

competitive and innovative tourism industry.

5.4.1 Tour Operators

Tour operators should invest in staff training and capacity building to bridge the existing technical
skills gap in Al usage. This includes continuous professional development through workshops,
online certifications, and hands-on training on Al-powered tools such as chatbots, recommendation
engines, sentiment analysis platforms, and Al-driven booking systems. Operators are encouraged
to adopt cost-effective Al technologies such as open-source platforms and to prioritize the use of
personalized social media campaigns and automated customer engagement systems that have
proven effective in enhancing tourist decision-making. Additionally, they should collaborate with
tech providers to co-develop Al solutions that suit tourism-specific needs, such as itinerary

personalization, real-time support, and post-visit engagement.

5.4.2 Policymakers

Policymakers should establish supportive regulatory frameworks and national strategies to
promote the integration of Al in tourism. This includes offering tax incentives, subsidies, or grants
for small and medium tourism enterprises (SMEs) investing in Al technologies. They should also
invest in nationwide awareness campaigns to promote digital transformation and reduce resistance
to Al Infrastructure development, particularly in rural and underserved areas, should be prioritized
to improve internet connectivity and accessibility to digital services. Furthermore, policymakers
should set standards and ethical guidelines to ensure transparency, privacy, and fairness in Al

applications, addressing issues related to data protection and algorithmic bias.
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5.4.3 Academia and Researchers

Academic institutions should revise their tourism and hospitality curricula to include Al-related
modules such as data analytics, digital transformation, and machine learning applications in
tourism. Researchers are encouraged to explore emerging areas such as Al ethics, personalization
algorithms, Al in sustainable tourism, and the cross-cultural impacts of Al on tourist behavior.
Institutions should also collaborate with the industry to conduct applied research that helps
generate local Al solutions for tourism and to offer community-based training programs aimed at

skilling up local tour operators and digital marketers in the tourism sector.

87



References

Adam, M., Benlian, A., & Michael, W. (2021). Al-based chatbots in customer service and their
effects on user compliance. Electronic Markets (2021), 427-445.

Al Shehhi, M., & Karathanasopoulos, A. (2020). Forecasting hotel room prices in selected GCC
cities using deep learning. Journal of Hospitality and Tourism Management, 42(April), 40—
50. https://doi.org/10.1016/j.jhtm.2019.11.003

Alam, S. S., Masukujjaman, M., Susmit, S., Susmit, S., & Aziz, H. A. (2024). Augmented reality
adoption intention among travel and tour operators in Malaysia: mediation effect of value
alignment. Journal of Tourism Futures, 10(2), 185-204. https://doi.org/10.1108/JTF-03-
2021-0072

Aleedy, M., Shaiba, H., & Bezbradica, M. (2019). Generating and analyzing Chatbot responses
using natural language processing. International Journal of Advanced Computer Science and
Applications, 10(9), 60—68. https://doi.org/10.14569/ijacsa.2019.0100910

Alotaibi, R., Ali, A., Alharthi, H., & Almehamadi, R. (2020). AI Chatbot for Tourism
Recommendations A Case Study in the City of Jeddah, Saudi Arabia. International Journal
of Interactive Mobile Technologies, 14(19), 18-30.
https://doi.org/10.3991/1jim.v14119.17201

Amankwah-Amoah, J., & Lu, Y. (2022). Harnessing Al for business development: a review of
drivers and challenges in Africa. Production Planning and Control, 0(0), 1-10.
https://doi.org/10.1080/09537287.2022.2069049

Amoako, G., Omari, P., Kumi, D. K., Agbemabiase, G. C., & Asamoah, G. (2021). Conceptual
Framework—Artificial Intelligence and Better Entrepreneurial Decision-Making: The
Influence of Customer Preference, Industry Benchmark, and Employee Involvement in an
Emerging Market. Journal of Risk and Financial Management, 14(12), 1-20.
https://doi.org/10.3390/jrfm 14120604

Antonopoulos, 1., Robu, V., Couraud, B., Kirli, D., Flynn, D., Norbu, S., Kiprakis, A., Elizondo-
Gonzalez, S., & Wattam, S. (2020). Artificial intelligence and machine learning approaches
to energy demand-side response: A systematic review. Renewable and Sustainable Energy
Reviews, 130(May), 109899. https://doi.org/10.1016/j.rser.2020.109899

Antunes, A. C. (2020). The role of social media influencers on the consumer decision-making

process. Analyzing Global Social Media Consumption, 138-154.

88



https://doi.org/10.4018/978-1-7998-4718-2.ch008

Asenahabi, B. M. (2019). Basics of Research Design: A Guide to selecting appropriate
researchdesign. International Journal of Contemporary Applied Researches, 6(5), 76—89.
www.ijcar.net

Aworka, R., Cedric, L. S., Adoni, W. Y. H., Zoueu, J. T., Mutombo, F. K., Kimpolo, C. L. M.,
Nahhal, T., & Krichen, M. (2022). Agricultural decision system based on advanced machine
learning models for yield prediction: Case of East African countries. Smart Agricultural
Technology, 2(December 2021), 100048. https://doi.org/10.1016/j.atech.2022.100048

Babatunde, S. O., Odejide, O. A., Edunjobi, T. E., & Ogundipe, D. O. (2024). the Role of Ai in
Marketing Personalization: a Theoretical Exploration of Consumer Engagement Strategies.
International Journal of Management & Entrepreneurship Research, 6(3), 936-949.
https://doi.org/10.51594/ijmer.v613.964

Badouch, M., & Boutaounte, M. (2023). Personalized Travel Recommendation Systems: A Study
of Machine Learning Approaches in Tourism. Journal of Artificial Intelligence, Machine
Learning and Neural Network, 33, 35-45. https://doi.org/10.55529/jaimInn.33.35.45

Balushi, M. K. Al (2023). Unveiling destination evangelism through generative Al tools
Unveiling destination evangelism through generative Al tools Mohammad Soliman. The
Journal of the Automated Economy, July, 1-19.

Basiri, A., Amirian, P., Winstanley, A., & Moore, T. (2018). Making tourist guidance systems
more intelligent, adaptive and personalised using crowd sourced movement data. Journal of
Ambient Intelligence and Humanized Computing, 9(2), 413-427.
https://doi.org/10.1007/512652-017-0550-0

Battour, M., Mady, K., Elsotouhy, M., Salaheldeen, M., Elbendary, 1., Marie, M., & Elhabony, I.
(2022). Artificial Intelligence Applications in Halal Tourism to Assist Muslim Tourist
Journey. In Lecture Notes in Networks and Systems (Vol. 322, Issue December). Springer
International Publishing. https://doi.org/10.1007/978-3-030-85990-9 68

Bhutani, A., & Sanaria2, A. (2023). The Past, Present and Future of Artificial Intelligence. GLIMS
Journal of Management Review and Transformation, March.
https://doi.org/10.1177/jmrt.231199305

Bowen, J., & Morosan, C. (2018). Beware hospitality industry: the robots are coming. Worldwide
Hospitality and Tourism Themes, 10(6), 726—733. https://doi.org/10.1108/ WHATT-07-2018-

89



0045

Buhalis, D., & Sinarta, Y. (2019). Real-time co-creation and nowness service: lessons from
tourism and hospitality. Journal of Travel and Tourism Marketing, 36(5), 563-582.
https://doi.org/10.1080/10548408.2019.1592059

Bulchand-gidumal, J. (2022). Impact of Artificial Intelligence in Travel, Tourism, and Hospitality.
Handbook of E-Tourism, 1943—1962.

Bulchand-Gidumal, J., William Secin, E., O’Connor, P., & Buhalis, D. (2024). Artificial
intelligence’s impact on hospitality and tourism marketing: exploring key themes and
addressing  challenges.  Current  Issues in  Tourism, 27(14), 2345-2362.
https://doi.org/10.1080/13683500.2023.2229480

Bulchand-Gidumal, J., WilliamSecin, E., O’Connor, P., & Buhalis, D. (2023). Artificial
intelligence’s impact on hospitality and tourism marketing: exploring key themes and
addressing challenges. Current Issues in Tourism, 1-18.
https://doi.org/10.1080/13683500.2023.2229480

Calvano, E., Calzolari, G., Denicolo, V., & Pastorello, S. (2020). Artificial Intelligence,
Algorithmic Pricing, and Collusion. American Economic Association Artificial, 108(11),
3450-3491.

Cetinkaya, M. Y., & Oter, Z. (2016). Role of tour guides on tourist satisfaction level in guided
tours and impact on re-visiting Intention: a research in Istanbul. European Journal of
Tourism, Hospitality and Recreation, 7(1), 40—54. https://doi.org/10.1515/ejthr-2016-0005

Chaplot, D., Shekhar, C., & Kumawat, H. (2021). Impact of Al in Tourism and Hospitality
Industry : An Empirical Study. Journal of the Asiatic Society of Mumbai, 94(6), 48—54.
https://www.researchgate.net/publication/359199858 IMPACT OF Al IN TOURISM A
ND _HOSPITALITY_ INDUSTRY_ AN _EMPIRICAL STUDY

Chen, C., & Wei, Z. (2024). Role of Artificial Intelligence in travel decision making and tourism
product selling. Asia Pacific Journal of Tourism Research, 29(3), 239-253.
https://doi.org/10.1080/10941665.2024.2317390

Cheng, Y., & Jiang, H. (2022). Customer—brand relationship in the era of artificial intelligence:
understanding the role of chatbot marketing efforts. Journal of Product and Brand
Management, 31(2), 252-264. https://doi.org/10.1108/JPBM-05-2020-2907

Chi, O. H., Gursoy, D., & Chi, C. G. (2022). Tourists’ Attitudes toward the Use of Artificially

90



Intelligent (AI) Devices in Tourism Service Delivery: Moderating Role of Service Value
Seeking. Journal of Travel Research, 61(1), 170-185.
https://doi.org/10.1177/0047287520971054

Chikusi, H., Leo, J.,, & Kaijage, S. (2022). Machine Learning Model for Prediction and
Visualization of HIV Index Testing in Northern Tanzania. International Journal of Advanced
Computer Science and Applications, 13(2), 391-399.
https://doi.org/10.14569/1JACSA.2022.0130246

Chintasi, A., Afifah, N., & Barkah. (2024). The Effect of Artificial Intelligence on Service Quality
and Customer Satisfaction in Jordanian Banking Sector. 8, 31-46.

Choung, H., David, P., & Ross, A. (2023). Trust in Al and Its Role in the Acceptance of Al
Technologies. International Journal of Human-Computer Interaction, 39(9), 1727-1739.
https://doi.org/10.1080/10447318.2022.2050543

Cossy-Gantner, A., Germann, S., Schwalbe, N. R., & Wahl, B. (2018). Artificial intelligence (Al)
and global health: How can Al contribute to health in resource-poor settings? BMJ Global
Health, 3(4), 1-7. https://doi.org/10.1136/bmjgh-2018-000798

Das, A. K. (2019). Translation and Artificial Intelligence: Where are we heading? Translation and
Artificial Intelligenc : Where are we heading? International Journal of Translation, 30(1),
72—-101. https://www.researchgate.net/publication/336486640%0A

Derrick, H., Goo, J., Nam, K., & Yoo, C. W. (2017). Smart tourism technologies in travel planning:
The role of exploration and exploitation. Information and Management, 54(6), 757-770.
https://doi.org/10.1016/5.im.2016.11.010

Duan, Y., Edwards, J. S., & Dwivedi, Y. K. (2019). Artificial intelligence for decision making in
the era of Big Data — evolution, challenges and research agenda. International Journal of
Information Management, 48, 63—71. https://doi.org/10.1016/}.1jinfomgt.2019.01.021

Duarte, L., Torres, J., Ribeiro, V., & Moreira, 1. (2020). Artificial Intelligence Systems applied to
tourism: A Survey. http://arxiv.org/abs/2010.14654

Durmaz, Y., & Baser, M. Y. (2023). A Systematic Literature Review on Artificial Intelligence
Applications in Tourism Marketing. International Journal of Research in Business Studies
and Management, 10(1), 21-30. https://doi.org/10.22259/2394-5931.1001004

Dwivedi, Y. K., Pandey, N., Currie, W., & Micu, A. (2024). Leveraging ChatGPT and other

generative artificial intelligence (Al)-based applications in the hospitality and tourism

91



industry: practices, challenges and research agenda. International Journal of Contemporary
Hospitality Management, 36(1), 1-12. https://doi.org/10.1108/IJCHM-05-2023-0686

Echavez, C. R., Zand, S., & Jennefer Lyn, B. (2012). The Impact of Microfinance Programmes on
Women s Lives : A Case Study in Balkh Province. June.

El-Mofock, N. (2023). Digital Transformation and Al in Tourism: Trends, Challenges, and
Successful Experiences. Economic Studies, 23(01), 522—-545.

El Archi, Y., & Benbba, B. (2023). The Applications of Technology Acceptance Models in
Tourism and Hospitality Research: A Systematic Literature Review. Journal of
Environmental Management and Tourism, 14(2), 379-391.
https://doi.org/10.14505/jemt.v14.2(66).08

Fararni, K. Al, Nafis, F., Aghoutane, B., Yahyaouy, A., Riffi, J., & Sabri, A. (2021). Hybrid
recommender system for tourism based on big data and Al: A conceptual framework. Big
Data Mining and Analytics, 4(1), 47-55. https://doi.org/10.26599/BDMA.2020.9020015

Feng, J. (2021). Customers’ Acceptance of Automated Hotel. In Scholar Commons.
https://scholarcommons.sc.edu/etd

Filieri, R., D’Amico, E., Destefanis, A., Paolucci, E., & Raguseo, E. (2021). Artificial intelligence
(AI) for tourism: an European-based study on successful Al tourism start-ups. International
Journal ~ of  Contemporary  Hospitality =~ Management,  33(11),  4099-4125.
https://doi.org/10.1108/IJCHM-02-2021-0220

Fishbein, M. A., & Ajzen, 1. (1975). 1.(1975). Belief, attitude, intention and behaviour: An
introduction to theory and research. Reading, Addison-Wesley, May 1975.

Florido-Benitez, L., & del Alcdzar Martinez, B. (2024). How Artificial Intelligence (AIl) Is
Powering New Tourism Marketing and the Future Agenda for Smart Tourist Destinations.
Electronics (Switzerland), 13(21). https://doi.org/10.3390/electronics13214151

Foris, D., Matei, C.-A., & Foris, T. (2021). Exploring Solutions and the Role of GDS Technology
in Crossing the Current Pandemic Context in Tourism. European Journal of Tourism,
Hospitality and Recreation, 11(1), 91-101. https://doi.org/10.2478/ejthr-2021-0009

Foster, L., Szilagyi, K., Wairegi, A., Oguamanam, C., & de Beer, J. (2023). Smart farming and
artificial intelligence in East Africa: Addressing indigeneity, plants, and gender. Smart
Agricultural Technology, 3(October 2022), 100132.
https://doi.org/10.1016/j.atech.2022.100132

92



Gaafar, H. (2020). Artificial Intelligence in Egyptian Tourism Companies: Implementation and
Perception. Journal of Association of Arab Universities for Tourism and Hospitality, 0(0), 0—
0. https://doi.org/10.21608/jaauth.2020.31704.1028

Gerlick, J. A., & Liozu, S. M. (2020). Ethical and legal considerations of artificial intelligence and
algorithmic decision-making in personalized pricing. Journal of Revenue and Pricing
Management, 19(2), 85-98. https://doi.org/10.1057/s41272-019-00225-2

Getchell, K. M., Carradini, S., Cardon, P. W., Fleischmann, C., Ma, H., Aritz, J., & Stapp, J.
(2022). Artificial Intelligence in Business Communication: The Changing Landscape of
Research and Teaching. Business and Professional Communication Quarterly, 85(1), 7-33.
https://doi.org/10.1177/23294906221074311

Goldenberg, D., Kofman, K., Albert, J., Mizrachi, S., Horowitz, A., & Teinemaa, 1. (2021).
Personalization in Practice: Methods and Applications. WSDM 2021 - Proceedings of the
14th ACM International Conference on Web Search and Data Mining, March, 1123—-1126.
https://doi.org/10.1145/3437963.3441657

Gongalves, B. (2023). Can machines think? The controversy that led to the Turing test. Al and
Society, 38(6), 2499-2509. https://doi.org/10.1007/s00146-021-01318-6

Gretzel, U., Fuchs, M., Baggio, R., Hoepken, W., Law, R., Neidhardt, J., Pesonen, J., Zanker, M.,
& Xiang, Z. (2020). e-Tourism beyond COVID-19: a call for transformative research.
Information Technology and Tourism, 22(2), 187-203. https://doi.org/10.1007/s40558-020-
00181-3

Gretzel, U., Sigala, M., Xiang, Z., & Koo, C. (2015). Smart tourism: foundations and
developments. Electronic Markets, 25(3), 179-188. https://doi.org/10.1007/s12525-015-
0196-8

Grundner, L., & Neuhofer, B. (2021). The bright and dark sides of artificial intelligence: A futures
perspective on tourist destination experiences. Journal of Destination Marketing and
Management, 19(July 2020), 100511. https://doi.org/10.1016/j.jdmm.2020.100511

Gursoy, D., Chi, O. H., Lu, L., & Nunkoo, R. (2019). Consumers acceptance of artificially
intelligent (Al) device use in service delivery. International Journal of Information
Management, 49(February), 157-169. https://doi.org/10.1016/j.ijinfomgt.2019.03.008

Gwagwa, A., Kazim, E., Kachidza, P., Hilliard, A., Siminyu, K., Smith, M., & Shawe-Taylor, J.
(2021). Road map for research on responsible artificial intelligence for development (AI4D)

93



in African countries: The case study of agriculture. Patterns, 2(12), 100381.
https://doi.org/10.1016/j.patter.2021.100381

Habes, M., Tahat, K., Tahat, D., Attar, R. W., Mansoori, A., & Ketbi, N. (2023). The Theory of
Planned Behavior Regarding Artificial Intelligence in Recommendations and Selection of
YouTube News Content. 2023 International Conference on Multimedia Computing,
Networking and Applications, MCNA 2023, August, 42-47.
https://doi.org/10.1109/MCNA59361.2023.10185878

Han, H., Al-Ansi, A., Chua, B. L., Tariq, B., Radic, A., & Park, S. H. (2020). The post-coronavirus
world in the international tourism industry: Application of the theory of planned behavior to
safer destination choices in the case of us outbound tourism. International Journal of
Environmental Research and Public Health, 17(18), 1-15.
https://doi.org/10.3390/ijerph17186485

Hao, K. (2019). The future of Al research is in Africa. MIT Technology Review, 1-14.
https://www.technologyreview.com/s/613848/ai-africa-machine-learning-ibm-google/

Hasni, M. J. S., Farah, M. F., & Adeel, 1. (2022). The technology acceptance model revisited:
empirical evidence from the tourism industry in Pakistan. Journal of Tourism Futures, 1-21.
https://doi.org/10.1108/JTF-09-2021-0220

Heuchert, M. (2019). Conceptual modeling meets customer journey mapping: Structuring a tool
for service innovation. Proceedings - 21st IEEE Conference on Business Informatics, CBI
2019, 1(January), 531-540. https://doi.org/10.1109/CBI1.2019.00068

Ho, Y. H., Alam, S. S., Masukujjaman, M., Lin, C. Y., Susmit, S., & Susmit, S. (2022). Intention
to Adopt Al-Powered Online Service Among Tourism and Hospitality Companies.
International  Journal of Technology and Human Interaction, 18(1), 1-19.
https://doi.org/10.4018/1JTHI.299357

Huang, A., Chao, Y., De-la-Mora-Velasco, Efrén, Bilgihan, A., & Wei, W. (2022). When artificial
intelligence meets the hospitality and tourism industry: an assessment framework to inform
theory and management. Journal of Hospitality and Tourism Insights, 5(5), 1080—-1100.
https://doi.org/10.1108/JHTI-01-2021-0021

HUANG, H.-C. (2013). Artificial intelligenc E technology in travel agency operating revenue
forecasts. Journal of Theoretical and Applied Information TechnologyJournal of Theoretical
and Applied Information Technology, 54(1), 92-95.

94



Hussain, 1., Rahman, S. U., Zaheer, A., & Saleem, S. (2016). Integrating factors influencing
consumers’ halal products purchase: Application of theory of reasoned action. Journal of
International Food and Agribusiness Marketing, 28(1), 35-58.
https://doi.org/10.1080/08974438.2015.1006973

Ivanov, S., Seyitoglu, F., & Markova, M. (2020). Hotel managers’ perceptions towards the use of
robots: a mixed-methods approach. In Information Technology and Tourism (Vol. 22, Issue
4). Springer Berlin Heidelberg. https://doi.org/10.1007/s40558-020-00187-x

Ivanov, S., & Webster, C. (2017). Adoption of Robots, Aritificial Intelligence and Service
Automation by Travel, Tourism and Hospitality Companies - A cost-benefit Analysis.
International Scientific Conference “Contemporary Tourism — Traditions and Innovations”,
19- 21 October 2017, Sofia University., July, 1-9.

Ivanov, S., & Webster, C. (2019). Robots, artificial intelligence and service automation in travel,
tourism and hospitality. Robots, Artificial Intelligence and Service Automation in Travel,
Tourism and Hospitality, 1-269. https://doi.org/10.1108/9781787566873

Ivanov, S., & Webster, C. (2024). Automated decision-making: Hoteliers’ perceptions.
Technology in Society, 76(November 2023), 102430.
https://doi.org/10.1016/j.techsoc.2023.102430

Jabeen, F., Al Zaidi, S., & Al Dhaheri, M. H. (2022). Automation and artificial intelligence in
hospitality and tourism. Tourism Review, 77(4), 1043—-1061. https://doi.org/10.1108/TR-09-
2019-0360

Juvan, E., Omerzel, D. G., & Maravi¢, M. U. (2017). Tourist Behaviour: An Overview of Models
to Date. Management International Conference, 23-33.

Kazak, A. N., Chetyrbok, P. V., & Oleinikov, N. N. (2020). Artificial intelligence in the tourism
sphere. IOP Conference Series: Earth and FEnvironmental Science, 421(4), 0-6.
https://doi.org/10.1088/1755-1315/421/4/042020

Kerboua, I. A. (2024). Artificial Intelligence and its Effect on Labor Market-with Reference to the
Area of Middle East and North Africa-. Journal On Legal and Economic Studies, 13(2335—

1039), 462-475.

Khan, S.,; & Igbal, M. (2020). Al-Powered Customer Service: Does it Optimize Customer
Experience? ICRITO 2020 - IEEE 8th International Conference on Reliability, Infocom
Technologies and Optimization (Trends and Future Directions), February, 590-594.

95



https://doi.org/10.1109/ICRITO48877.2020.9198004

Kikwete, C. (2024). Effects of Artificial Intelligence Integration on Supply Chain Forecasting
Accuracy in Tanzania. American Journal of Supply Chain Management, 8(1), 56-67.
https://www.ajpojournals.org/journals/index.php/AJSCM/article/view/1816

Kim, H., Jung, S., & Ryu, G. (2020). A Study on the Restaurant Recommendation Service App
Based on Al Chatbot Using Personalization Information. International Journal of Advanced
Culture Technology, 8(4), 263-270. https://doi.org/10.17703/IJACT.2020.8.4.263

King’ori, W. S. (2023). Travel agency recommender system based on social media sentiment
analysis.
http://hdl.handle.net/11071/13520Followthisandadditionalworksat:http://hdl.handle.net/110
71/13520

Kipkorir-Songol, M., Mzee-Awuor, F., & Maake, B. (2021). Adoption of Artificial Intelligence in
Agriculture in the Developing Nations: A Review. Journal of Language, Technology &
Entrepreneurship in Africa (JOLTE), 12(2), 1-21.

Koo, C., & Xiang, Z. (2021). Artificial intelligence (AI) and robotics in travel, hospitality and
leisure. Electronic Markets, 31(3), 473—476. https://doi.org/10.1007/s12525-021-00494-z

Kopalle, P. K., Gangwar, M., Kaplan, A., Ramachandran, D., Reinartz, W., & Rindfleisch, A.
(2022). Examining artificial intelligence (Al) technologies in marketing via a global lens:
Current trends and future research opportunities. International Journal of Research in
Marketing, 39(2), 522—540. https://doi.org/10.1016/j.ijjresmar.2021.11.002

Law, R., Leung, K., & Wong, R. (2018). The impact of the Internet on travel agencies.
International Journal of Contemporary Hospitality Management, 16(2), 100-107.
https://doi.org/10.1108/09596110410519982

Lemon, K. N., & Verhoef, P. C. (2016). Understanding customer experience throughout the
customer journey. Journal of Marketing, 80(6), 69—96. https://doi.org/10.1509/jm.15.0420

Lopakov, O., Prokopovych, L., & Solodkyi, D. (2022). Analysis of Technologies for Personalized
Content Recommendations on the Internet. Odes ’kyi Politechnichnyi Universytet Pratsi,
1(65), 83—89. https://doi.org/10.15276/opu.1.65.2022.10

Lukanova, G., & Ilieva, G. (2019). Robots, artifiial intelligence, and service automation in hotels.
In Robots, Artificial Intelligence and Service Automation in Travel, Tourism and Hospitality

(Issue November). https://doi.org/10.1108/978-1-78756-687-320191009

96



Maher, S. (2020). Chatbots & Its Techniques using Al: A Review. International Journal for
Research in  Applied Science and Engineering Technology, §8(12), 503-508.
https://doi.org/10.22214/ijraset.2020.32537

Mariani, M., & Baggio, R. (2020). The relevance of mixed methods for network analysis in tourism
and hospitality research. International Journal of Contemporary Hospitality Management,
32(4), 1643—1673. https://doi.org/10.1108/IJCHM-04-2019-0378

Mariani, M., Perez-Vega, R., & Wirtz, J. (2022). Al in marketing, consumer research and
psychology: A systematic literature review and research agenda. Psychology and Marketing,
39(4), 755-776. https://doi.org/10.1002/mar.21619

Masanja, N. M., & Mkumbo, H. (2020). The Application of Open Source Artificial Intelligence as
an Approach to Frugal Innovation in Tanzania. International Journal of Research and
Innovation in Applied Science (IJRIAS) |, 5(3), 2454—6194. www.rsisinternational.org

Mato, M., & Mosoma, D. (2022). Factors Influencing Domestic Tourism in Tanzania: A Case of
Arusha City. International Journal of Engineering, Business and Management, 6(4), 1-11.
https://doi.org/10.22161/ijebm.6.4.1

Miah, S. J., Vu, H. Q., Gammack, J., & McGrath, M. (2017). A Big Data Analytics Method for
Tourist Behaviour Analysis. Information and Management, 54(6), 771-785.
https://doi.org/10.1016/j.im.2016.11.011

Mollah, M. R. A., & Sebata, E. (2022). Technology Application in Tourism in Asia. In Technology
Application in  Tourism in — Asia:  Innovations,  Theories and  Practices.
https://doi.org/10.1007/978-981-16-5461-9 2

Moon, H., Han, S. H., Chun, J., & Hong, S. W. (2016). A Design Process for a Customer Journey
Map: A Case Study on Mobile Services. Human Factors and Ergonomics In Manufacturing,
26(4), 501-514. https://doi.org/10.1002/hfm.20673

Morosan, C. (2020). Hotel facial recognition systems: Insight into guests’ system perceptions,
congruity with self-image, and anticipated emotions. Journal of Electronic Commerce
Research, 21(1), 21-38.

Mounika, A. (2020). Utilization of Artificial Intelligence in Different Business Sectors.
International Journal Of Multidisciplinary Research In ..., 3(3), 456-464.
http://www.ijmrset.com/upload/2020/march/8_Utilization Ma.PDF

Mushi, G. E., Serugendo, G. D. M., & Burgi, P. Y. (2022). Digital Technology and Services for

97



Sustainable Agriculture in Tanzania: A Literature Review. Sustainability (Switzerland),
14(4), 1-17. https://doi.org/10.3390/su14042415

Mussa, H. M. (2020). The impact of Artificial Intelligence on Consumer Behaviors An Applied
Study on the Online Retailing Sector in Egypt Mona. Scientific Journal for Economics&
Commerce, 7(6), 319-328. https://doi.org/10.22271/allresearch.2021.v7.16e.8716

Mustafa, A. R., Hameedat Bukola Olodo, Timothy Tolulope Oke, Wilhelmina Afua Addy, Onyeka
Chrisanctus Ofodile, & Adedoyin Tolulope Oyewole. (2024). Digital Marketing in Tourism:
a Review of Practices in the Usa and Africa. International Journal of Applied Research in
Social Sciences, 6(3), 393—408. https://doi.org/10.51594/ijarss.v613.896

Nam, K., & Dutt, C. S. (2020). The adoption of artificial intelligence and robotics in the hotel
industry : prospects and challenges.

Ndoro, H., Johnston, K., & Seymou, L. (2020). Artificial Intelligence Uses, Benefits and
Challenges: A Study in the Western Cape of South Africa Financial Services Industry. In
SACAIR 2020 Organising Committee Center for Al Research (CAIR) (Issue December).
https://2020.sacair.org.za/wp-content/uploads/2021/02/SACAIR Proceedings-
MainBook Finv4 compressed.pdf

Nguyen, V. T., Phong, L. T., & Chi, N. T. K. (2023). The impact of Al chatbots on customer trust:
an empirical investigation in the hotel industry. Consumer Behavior in Tourism and
Hospitality, 18(3), 293-305. https://doi.org/10.1108/CBTH-06-2022-0131

Nicolescu, L., & Tudorache, M. T. (2022). Human-Computer Interaction in Customer Service:
The Experience with Al Chatbots—A Systematic Literature Review. Electronics
(Switzerland), 11(10). https://doi.org/10.3390/electronics11101579

Nuruzzaman, M., & Hussain, O. K. (2018). A Survey on Chatbot Implementation in Customer
Service Industry through Deep Neural Networks. Proceedings - 2018 IEEE 15th
International ~ Conference on e-Business Engineering, ICEBE 2018, 54-61.
https://doi.org/10.1109/ICEBE.2018.00019

Obasa, A. E., & Palk, A. C. (2023). Responsible application of artificial intelligence in health care.
South African Journal of Science, 119(5), 5-7. https://doi.org/10.17159/sajs.2023/14889

Olabimpe, B.-A. (2024). Al in agriculture: A comparative review of developments in the USA and
Africa. Open Access Research Journal of Science and Technology, 10(2), 060—070.
https://doi.org/10.53022/0arjst.2024.10.2.0051

98



Olaide Babarinde, A., Ayo-Farai, O., Paschal Maduka, C., Chinaemelum Okongwu, C.,
Ogundairo, O., Sodamade, O., & Author, C. (2023). Review of Al Applications in Healthcare:
Comparative Insights from the USA and Africa. International Medical Science Research
Journal, 3(3), 92—-107. https://doi.org/10.51594/estj.v3i3.641

Omary, A. A. (2023). Determinants of Artificial Intelligence Adoption in Disease Diagnosis for
Improving Health Sector Services in Tanzania: A Case of Muhimbili National Hospitals.
European  Journal of Theoretical and Applied Sciences, 1(4), 923-935.
https://doi.org/10.59324/ejtas.2023.1(4).87

Onyango, F. E. V., & Kesa, H. (2018). The fourth industrial Revolution: Implications for hotels in
South Africa and Kenya. Tourism, 66(3), 349-353.

Orden-Megjia, M., & Huertas, A. (2022). Analysis of the attributes of smart tourism technologies
in destination chatbots that influence tourist satisfaction. Current Issues in Tourism, 25(17),
2854-2869. https://doi.org/10.1080/13683500.2021.1997942

Otieno, O. C., Liyala, S., Odongo, B. C., & Abeka, S. (2016). Theory of Reasoned Action as an
Underpinning to Technological Innovation Adoption Studies. World Journal of Computer
Application and Technology, 4(1), 1-7. https://doi.org/10.13189/wjcat.2016.040101

Patibandla, A., Jyothi, B., & Bhavana, K. (2019). Artificial intelligence & machine learning. In
Digital Image Processing (Vol. 2).

Paul, J., Modi, A., & Patel, J. (2016). Predicting green product consumption using theory of
planned behavior and reasoned action. Journal of Retailing and Consumer Services, 29, 123—
134. https://doi.org/10.1016/j.jretconser.2015.11.006

Paz, J. F. De, Julidn, V., Villarrubia, G., Marreiros, G., & Ed, P. N. (2018). Personalized Trip
Planner. Business Research Unit (BRU-IUL), 351.

Pillai, A. (2023). Al-driven dynamic pricing strategies for subscription features: leveraging
Artificial Intelligence for Real-Time Pricing Optimization. November .

Pillai, & Sivathanu, B. (2020). Adoption of Al-based chatbots for hospitality and tourism.
International Journal of Contemporary Hospitality Management, 32(10), 3199-3226.
https://doi.org/10.1108/IJCHM-04-2020-0259

Putrianti, F. G., Irfan, M., Susanto, D., Wijaya, K. K., [Irmansyah, A., Nilawati, A. R., & Irmawati,
L. (2023). Tourist Attractions and Travel Decisions at Pemandian Air Hangat Candi Umbul
Magelang. WSEAS Transactions on Business and Economics, 20, 1312-1319.

99



https://doi.org/10.37394/23207.2023.20.117

Rana, J., Gaur, L., Singh, G., Awan, U., & Rasheed, M. I. (2022). Reinforcing customer journey
through artificial intelligence: areview and research agenda. International Journal of
Emerging Markets, 17(7), 1738—1758. https://doi.org/10.1108/IJOEM-08-2021-1214

Roh, Y., Heo, G., & Whang, S. E. (2021). A Survey on Data Collection for Machine Learning : A
Big Data - Al Integration Perspective. IEEE Transactions on Knowledge and Data
Engineering, 33(4), 1328—1347. https://doi.org/10.1109/TKDE.2019.2946162

Samara, D., Magnisalis, 1., & Peristeras, V. (2020). Artificial intelligence and big data in tourism:
a systematic literature review. Journal of Hospitality and Tourism Technology, 11(2), 343—
367. https://doi.org/10.1108/JHTT-12-2018-0118

Santos, S., & Gongalves, H. M. (2021). The consumer decision journey: A literature review of the
foundational models and theories and a future perspective. Technological Forecasting and
Social Change, 173(May), 121117. https://doi.org/10.1016/j.techfore.2021.121117

Sarpong, S. (2016). The Service Industry and the “Moment of Truth”: The Quest for the Holy
Grail. Athens Journal of Tourism, 3(1), 25—40. https://doi.org/10.30958/ajt.3-1-2

Sharma, G. (2017). Pros and cons of different sampling techniques. International journal of applied
research.  International  Journal  of  Applied  Research,  3(7),  749-752.
www.allresearchjournal.com

Sharma, P. (2023). Relevance of Al in Optimizing Product Pricing and Revenue Management.
September. https://doi.org/10.5281/zenodo.8373377

Sharma, S., Dwivedi, Y., Metri, B., Rana, N. P., Sharma, S. K., Dwivedi, Y. K., Metri, B., &
Diffusion, N. P. R. R. (2020). Re-imagining Diffusion and Adoption of Information
Technology and Systems : A Continuing Conversation To cite this version: HAL Id : hal-
03744770 IFIP Advances in Information and Communication Technology. International
Conference on Transfer and Diffusion of IT, 18-19,.
https://doi.org/https://inria.hal.science/hal-03744770

Shen, S., Sotiriadis, M., & Zhang, Y. (2020). The influence of smart technologies on customer
journey in tourist attractions within the smart tourism management framework. Sustainability
(Switzerland), 12(10). https://doi.org/10.3390/sul2104157

Shi, S., Gong, Y., & Gursoy, D. (2021). Antecedents of Trust and Adoption Intention toward

Artificially Intelligent Recommendation Systems in Travel Planning: A Heuristic—Systematic

100



Model. Journal of Travel Research, 60(8), 1714-1734.
https://doi.org/10.1177/0047287520966395

Silaa, V. A. (2023). Web-based Safari Review System Development using Microblog Analyzed
Data (Issue September).

Singh, A., & Micah, B. M. and. (2014). Sampling techniques & determination of sample size in
applied statistics research. Inwood Magazine, 11(96), 32-33.

Singh, G. (2023). Leveraging ChatGPT for Real-Time Decision-Making in Autonomous Systems.
Eduzone : International Peer Reviewed/Refereed Academic Multidisciplinary Journal,
12(02), 101-106. https://doi.org/10.56614/eiprmj.v12i2.407

Sirima, A., & Mgonja, J. T. (2014). Tanzania, tourism. Encyclopedia of Tourism, 1-3.
https://doi.org/10.1007/978-3-319-01669-6 238-1

Soliman, M., Said Al-Shanfari, L., & Gulvady, S. (2023). Sensory marketing and accessible
tourism: An Al-generated article. The Journal of the Automated Economy, August.
https://www.zangador.institute

Stankevich, A. (2017). Explaining the Consumer Decision-Making Process: Critical Literature
Review. Journal of International Business Research and Marketing, 2(6), 7-14.
https://doi.org/10.18775/jibrm.1849-8558.2015.26.3001

Stringam, B. B., & Gerdes, J. H. (2021). Hotel and guest room technology. In University of South
Florida (USF) M3 Publishing.

Stylos, N. (2020). Technological evolution and tourist decision-making: a perspective article.
Tourism Review, 75(1), 273-278. https://doi.org/10.1108/TR-05-2019-0167

Subburayan, B. (2023). The Artificial Intelligence ( Al ) Odyssey : Redefining Travel and Tourism
for The Artificial Intelligence ( Al ) Odyssey : Redefining Travel and Tourism for Modern
Explorers. In India’s First Global Insights & Analysis sharing platform (Issue August, pp. 2—
5). https://doi.org/10.13140/RG.2.2.22816.15362

Sukums, F., Mzurikwao, D., Sabas, D., Chaula, R., Mbuke, J., Kabika, T., Kaswija, J., Ngowi, B.,
Noll, J., Winkler, A. S., & Andersson, S. W. (2023). The use of artificial intelligence-based
innovations in the health sector in Tanzania: A scoping review. Health Policy and
Technology, 12(1), 100728. https://doi.org/10.1016/j.hlpt.2023.100728

Taherdoost, H. (2021). Data Collection Methods and Tools for Research; A Step-by-Step Guide

to Choose Data Collection Technique for Academic and Business Research Projects.

101



International Journal of Academic Research in Management (IJARM), 10(1), 10-38.
www.elvedit.com

Tong, L., Yan, W., & Manta, O. (2022). Artificial Intelligence Influences Intelligent Automation
in Tourism: A Mediating Role of Internet of Things and Environmental, Social, and
Governance Investment. Frontiers in Environmental Science, 10(March), 1-15.
https://doi.org/10.3389/fenvs.2022.853302

Topsakal, Y., & Cuhadar, M. (2024). Usage intention of tourists regarding the acceptance of
artificial intelligence enhanced tour guides apps. Current Issues in Tourism, July, 1-17.
https://doi.org/10.1080/13683500.2024.2375361

Troussas, C., Krouska, A., Koliarakis, A., & Sgouropoulou, C. (2023). Harnessing the Power of
User-Centric Artificial Intelligence: Customized Recommendations and Personalization in
Hybrid Recommender Systems. Computers, 12(5).
https://doi.org/10.3390/computers12050109

Tussyadiah, I., & Park, S. (2018). Information and Communication Technologies in Tourism 2018.
Information and  Communication  Technologies in  Tourism 2018, January.
https://doi.org/10.1007/978-3-319-72923-7

Varkaris, E., & Neuhofer, B. (2017). The influence of social media on the consumers’ hotel
decision journey. Journal of Hospitality and Tourism Technology, 8(1), 101-118.
https://doi.org/10.1108/JHTT-09-2016-0058

Warwick, K., & Shah, H. (2016). Can machines think? A report on Turing test experiments at the
Royal Society. Journal of Experimental and Theoretical Artificial Intelligence, 28(6), 989—
1007. https://doi.org/10.1080/0952813X.2015.1055826

Weber, M., Engert, M., Schaffer, N., Weking, J., & Krcmar, H. (2023). Organizational Capabilities
for Al Implementation—Coping with Inscrutability and Data Dependency in Al. Information
Systems Frontiers, 25(4), 1549—-1569. https://doi.org/10.1007/s10796-022-10297-y

Xiang, Z., Magnini, V. P., & Fesenmaier, D. R. (2015). Information technology and consumer
behavior in travel and tourism: Insights from travel planning using the internet. Journal of
Retailing and Consumer Services, 22, 244-249.
https://doi.org/10.1016/J.JRETCONSER.2014.08.005

Yeboah, K. (2020). Artificial Intelligence ( Al ) and Inclusive Innovation: Examining
Contemporary Al Initiatives in sub-Saharan Africa . By Kofi Yeboah Submitted to the Faculty

102



of Arts University of Alberta In partial fulfillment of the requirements for the degree of Mast.
July, 1-97.

Yi, Z. F., Frederick, H., Mendoza, R. L., Avery, R., & Goodman, L. (2021). Ai Mapping Risks To
Wildlife in Tanzania: Rapid Scanning Aerial Images To Flag the Changing Frontier of
Human-Wildlife Proximity. International Geoscience and Remote Sensing Symposium
(IGARSS), 2021-July, 5299-5302. https://doi.org/10.1109/IGARSS47720.2021.9553871

Yu, N., & Chen, J. (2022). Design of Machine Learning Algorithm for Tourism Demand
Prediction.  Computational and  Mathematical —Methods in  Medicine, 2022.
https://doi.org/10.1155/2022/6352381

Zlatanov, S., & Popesku, J. (2019a). Current Applications of Artificial Intelligence in Tourism and
Hospitality. International Scientific Conference on Information Technology and Data Related
Research, 84-90. https://doi.org/10.15308/sinteza-2019-84-90

Zlatanov, S., & Popesku, J. (2019b). Current Applications of Artificial Intelligence in Tourism and
Hospitality. International Scientific Conference on Information Technology and Data Related
Research, January, 84-90. https://doi.org/10.15308/sinteza-2019-84-90

103



Appendices
Appendix A: Similarity Report

Final Thesis Application of Artificial Intelligence in Influencing
Tourist Travel Decisions..docx

ORIGINALITY REPORT

12 6 S 9ot

SIMILARITY INDEX INTERNET SOURCES PUBLICATIONS STUDENT PAPERS

PRIMARY SOURCES

Submitted to Strathmore University 6
Student Paper %
www.researchgate.net

Internet Source g 1 %
su-plus.strathmore.edu

Interr!::t Source <1 %

Mona H. Mussa. "The impact of Artificial <1 %

Intelligence on Consumer Behaviors An
Applied Study on the Online Retailing Sector

104



Appendix B: Ethics Review Certificate

Strathmore
UNIVERSITY

Tl

34 February 2025

Mr Uswege Danford,
danfordnoah @ gmail.com

Dear Mr Uswege,

RE

: The Application of Artificial Intellicence by Tour Operators in Influencin,

Tourist Travel Decisions, Case of Tour Operators in Arusha Tanzania

This is to inform you that SU-ISERC has reviewed and approved your above SU-masters proposal.
Your application reference number is SU-ISERC2613/25. The approval period is from 37 February
2025 to 2" February 2026.

This approval is subject to compliance with the following requirements:

iv.

V.

vi.

vii.

Only approved documents including (informed consents, study instruments, MTA) will be
used.

All changes including (amendments, deviations, and violations) are submitted for review and
approval by SU-ISERC.

Death and life-threatening problems and serious adverse events or unexpected adverse events
whether related or unrelated to the study must be reported to SU-ISERC within 72 hours of
notification.

Any changes anticipated or otherwise that may increase the risks or affected safety or welfare
of study participants and others or affect the integrity of the research must be reported to SU-
ISERC within 72 hours.

Clearance for the export of biological specimens must be obtained from relevant institutions.
Submission of a request for renewal of approval at least 60 days prior to the expiry of the
approval period. Attach a comprehensive progress report to support the renewal.

Submission of an executive summary report within 90 days of completion of the study to SU-
ISERC.

Before commencing your study, you will be expected to obtain a research license from National
Commission for Science, Technology, and Innovation (NACOSTI) https://research-
portal.nacosti.go.ke/ and obtain other clearances needed.

Yours sincerely,

Moo,

Mr Ambrose Rachier,
Chairperson; SU-ISERC

Ole Sangale Rd, Madaraka Estate. PO Box 59857-00200, Nairobi, Kenya. Tel +254 (0)703 034000
Email admissions@strathmore.edu www.strathmore.edu

105



Appendix C: COSTEC Research Clearance

oGY |

22\ gh TANZANIA COMMISSION FOR SCIENCE AND TECHNOLOGY
RESEARCH CLEARANCE RECEIPT

N
2
5

> TECHNOL

Receipt Number: 925087320516877

Received from: DANIFORD USWEGE

SPCode: SP178

Paid Amount: 131500.00

Paid Amount in words: One Hundred Thirty-One Thousand Five Hundred TZS Only.

OutStanding Balance: 0.0

In respect of the following bill items (1):
1. Research Clearance Application Fee 131500.00
Total Billed Amount 131500.00

Bill Reference: RIMS20250328-1743164595

Payment Control Number: 991780030283

Payment Date: 28-03-2025

Issued By: Costech

Date Issued: 28-03-2025

106



Questionnaire

The Application of Artificial Intelligence in Influencing Tourist Travel Decisions. From the
Perspective of Tour Operators in Arusha Tanzania

To Our Dear Tour Operator

Kindly complete this questionnaire accurately and truthfully. Dear Respondent, I am Danford N. Uswege,
researching for my thesis, " The Application of Artificial Intelligence by Tour Operators in Influencing
Tourist Travel Decisions. From the Perspective of Tour Operators in Arusha Tanzania," The purpose of
this survey is to gather insights from individuals like you, which will help us understand how tour operators
apply Al in their daily operation and How Effective Al is in influencing tourist Travel decisions and what
are the challenges of Al usage encountered by tour operators. Rest assured that your response to this survey
will be treated with the utmost confidentiality. They will be used solely for this research. Completing the
survey should take approximately 7 Minutes. Thank you for your time and participation!

SECTION A: GENERAL INFORMATION
Kindly complete the statements below, regarding your general information
1. Name of the company ..........ccccoieiiiiiiiiiiiiiniennnnn.

2. What is your position in the company?
e Owner (Director)
General Manager
Sales and Marketing
Operation Manager
Reservation
Other position (please mention) ...........................

3. What is the size of your tour operating company?
e Small (1-10 employees)
e Medium (11-50 employees)
e Large (51+ employees)

4. How long has your company been operating in Arusha Tanzania?
e Lessthan a year
e 1-5years
e More than 5 years

5. Years of your Experience in the Tourism Industry

e 1-3years
o 4-7years
e 8-10 years
e 10+ years

6. Is your company owned by local Tanzanian or foreign investors?
e Local Tanzanian
e Foreign Investor
e Both local and foreign investor

7. What is your Gender?
e Male
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e Female

e Other
8. Please select your Age
e 18-29
e 30-39
e 40-49
e 50-59
e 60 and above

9. What is your highest level of education?
e Non-formal education
Primary education (Standard 1-7)
Secondary education (O-Level & or High school)
Diploma or vocational training
Bachelor's degree
Master's degree or Higher

10. Is your educational background related to tourism?
e Yes, | have a tourism-related educational background.
¢ No, I have a non-tourism-related educational background
¢ | have no formal education background

11. How familiar are you with Artificial Intelligence (Al) technologies in tourism?
Not familiar
Somewhat familiar
Very familiar
Expert

SECTION B: CURRENT USE OF AI IN ARUSHA’S TOURISM INDUSTRY
12. What Specialized Al integrated brand platform do you currently use in your company?
(Select all that apply)
e Amadeus
Booking.com
Skyscanner
Travelport
TripAdvisor
Google Travel
Sabre
Hopper
Concur (SAP)
IBM Watson
OTA Insight
Awvio
Others

13. What Generative Al (Chatbot brand) do you currently use in your company? (Select all that apply)
o ChatGPT — by OpenAl
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Google Bard — by Google
Copilot — by Microsoft
CopyAl

Expedia Chatbot

Bing Al Chatbot

Quilbot — by Learneo
Gemini — by Google
Watson Assistant— by IBM
Others

14. Does your company use Al to raise awareness of your services among potential tourists (e.g., through
Al-driven advertising or social media campaigns)?
e Yes
e No
e Planning to implement

15. If yes, which Al-powered tools do you use to increase brand awareness?
(Check all that apply)
Predictive advertising
Al-based content creation
Personalized social media campaigns
Search engine optimization (SEO) using Al
Other (please specify)

16. Do you use Al to assist tourists in considering and comparing travel options, packages, or
destinations?
e Yes
e No
e Planning to implement

17. If yes, what Al-powered tools are used at this stage?
(Check all that apply)
e Al recommendation engines
e Virtual or augmented reality tours
e Chatbots for answering tourist questions
e  Other (please specify)

18. Has Al helped to influence tourists' travel decisions positively in considering and comparing travel
options, packages, or destinations?
Yes, significantly
Yes, somewhat
No noticeable impact

19. Does your company use Al to streamline the booking process for tourists?
e Yes
e No

e Planning to implement

20. If yes, what Al technologies are used to assist tourists during the booking process?
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(Check all that apply)
Al-powered booking systems
Predictive pricing models
Chatbots for booking assistance
Al-driven payment systems
Other (please specify)

21. Do you use Al to enhance tourists’ experiences during their stay in Arusha?
e Yes
e No
e Planning to implement

22. If yes, how does Al contribute to the on-the-ground experience?
(Check all that apply)
e Al-powered tour guides or apps
Real-time updates (e.g., traffic, weather)
Personalized itineraries based on real-time data
Al-based language translation tools
Other (please specify)

23. Does your company use Al to gather feedback and engage tourists after their trip?
e Yes
e No
e Planning to implement

24. If yes, how is Al applied in the post-experience stage to enhance customer engagement?
(Check all that apply)
Automated follow-up surveys
Sentiment analysis of reviews
Personalized offers or incentives
Al-based customer support
Other (please specity)

25. Which factors influence your decision to use Al in your company?
(Select all that apply)

Customer Demand

Competitive Advantage

Regulatory Requirements

Technological Capabilities

Cost Considerations

Other

26. Which marketing channels (touchpoints) do you currently use Al to influence tourist travel decisions?
(Select all that apply)
Social Media Ads
Email Marketing
Search Engine Optimization
Paid Advertising
Content Marketing and Travel blogs
Online reviews
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Airline websites

Travel agency websites,
Online booking platforms
Tour operators’ websites
Others

SECTION 3: EFFECTIVENESS OF AI IN ENHANCING TOURIST TRAVEL DECISION-
MAKING

27.

28.

29.

30.

31.

32.

33.

How effective is Al in raising awareness about your services?
Not effective
Somewhat effective
Effective
Very effective

How effective is Al in helping tourists make informed decisions about travel options?
e Not effective
e Somewhat effective
e Effective
e  Very effective

Has Al-driven personalization in considering and comparing travel options, packages, or destinations
increased customer satisfaction and conversion rates?

Yes, significantly

Yes, somewhat

No noticeable impact

How effective is Al in optimizing the booking process (e.g., ease of booking, pricing accuracy)?
e Not effective
o Somewhat effective
o Effective
e Very effective

Has the use of Al in booking systems resulted in increased booking rates for your business?
Yes, significantly
Yes, somewhat
No noticeable impact
Decreased bookings

How do tourists rate the ease and convenience of the Al-assisted booking process?
Very satisfied
Satisfied
Neutral
Dissatisfied

How effective is Al in enhancing the tourist experience during their trip in Arusha?
e Not effective
o Somewhat effective
o Effective
e Very effective
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34. Has Al improved tourist satisfaction during their stay in Arusha?
Yes, significantly
Yes, somewhat
No noticeable impact

35. How effective is Al in retaining tourists or encouraging repeat visits?
e Not effective
e Somewhat effective
e Effective
o Very effective

SECTION 4: CHALLENGES OF Al USAGE BY TOURISM OPERATORS
36. What challenges have you faced in implementing Al in your tourism business?
(Check all that apply)

High implementation costs

Lack of technical skills or expertise

Limited availability of Al tools suited for tourism

Integration challenges with existing systems

Lack of customer trust in Al services

Other (please specify)

37. How do you address or plan to address these challenges? (Open-ended)

SECTION 5: GENERAL PERSPECTIVE
39. What do you believe are the main benefits of using Al across the customer journey decision-making
process? (Open-ended)
40. What future improvements or innovations in Al would you like to see in Arusha’s tourism industry?
(Open-ended)

41. What improvements would you recommend to optimize the use of Al in enhancing tourist travel
decisions at each stage?

Thank you for your participation! Your responses will provide valuable insights into the role of Al in
enhancing tourism in Arusha.
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