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ABSTRACT
Artificial intelligence-driven marketing (AIM) is emerging as a vital 
instrument for securing competitive advantage (CA) by enabling 
personalized customer interactions in the dynamic hospitality and 
tourism sectors. In Saudi Arabia, AIM techniques offer significant 
potential to attract and retain customers, underscoring the sector’s 
importance. However, research on AIM’s influence on tourists’ 
decision-making (DM), guest engagement (GE), and satisfaction in 
this context remains in its early stages. This study investigates how 
AIM strategies shape tourists’ DM processes, comparing the impacts 
of social media platforms and hospitality e-commerce channels 
on GE and guest loyalty (GL). Data was collected via a structured 
questionnaire using convenience sampling, resulting in 323 valid 
responses from tourists across Riyadh, Jeddah, and Madinah. Analysis 
using partial least squares structural equation modeling (PLS-SEM) 
revealed that AIM significantly influences DM, GE, and CA. Notably, 
personalized interactions on social media platforms markedly enhance 
GL, emphasizing the need for tailored AIM strategies. This research 
enriches the limited literature on AIM in the Saudi hospitality sector 
and introduces an innovative model integrating AIM, social media 
engagement, and personalization strategies, providing valuable insights 
for both researchers and practitioners.
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1. Introduction
Tourism plays a pivotal role in generating foreign currency revenues, making the hospitality industry a 
cornerstone of economic development. Given the hotel sector’s integral contribution to tourism, optimizing 
operations through innovative technological interventions is essential (Elnagar and Derbali, 2020; Zaki 
and Elnagar, 2025). One of the most transformative developments reshaping business landscapes is digital 
transformation, with artificial intelligence-driven marketing (AIM) emerging as a critical driver of change. While 
AI has permeated various functional areas within organizations, its profound impact on marketing has been 
particularly pronounced (Kshetri et al., 2024). AIM are revolutionizing contemporary advertising, enhancing 
decision-making (DM) processes, and integrating automation to deliver faster and more effective marketing 
outcomes (Chintalapati and Pandey, 2022).
	 Recent studies underscore AI’s potential to perform marketing tasks with human-like intelligence, 
augmenting DM efficiency and optimizing customer engagement (Vlačić et al., 2021). AIM enables businesses 
to analyze vast datasets, personalize customer interactions, and enhance predictive analytics to refine marketing 
strategies (Jain and Aggarwal, 2020). Despite its transformative potential, the application of AIM remains 
underexplored, particularly in publicly accessible research. While some enterprises have made significant strides 
in AI adoption, these advancements are often proprietary, serving as a source of CA (Stone et al., 2020). The 
fundamental aim is not to replace human DM in marketing but to establish a synergistic AI-human framework 
that enhances precision, speed, and strategic insight.
	 AIM analytics capabilities offer firms a sustainable CA by enabling real-time market sensing, data-
driven DM, and strategic agility (Hossain et al., 2022) . AIM and big data analytics, surpasses traditional 
marketing approaches in processing structured and unstructured data with greater accuracy and efficiency 
(Kumar, 2021). The ability of AI to simulate human-like interactions and interpret consumer sentiments has led 
to the rise of AIM as a business differentiator. By leveraging AI algorithms, firms can extract actionable insights 
from extensive datasets, facilitating the creation of targeted advertising campaigns, product innovation, and 
enhanced customer experience (Fischer, 2024).
	 Moreover, AIM strategies enhance long-term business competitiveness by fostering customer-centric 
approaches (Zaki et al.,2025). AI-powered tools offer personalized recommendations based on behavioral 
analysis and consumer preferences, increasing guest engagement (GE), guest loyalty(GL) , and lifetime value 
(Adesoga et al., 2024) . In Saudi Arabia, AI and big data are reshaping market dynamics, influencing customer 
satisfaction and marketing effectiveness. Advanced AI-driven analytics enable firms to implement precise 
targeting, optimize marketing investments, and improve customer retention rates. Chatbots and AI-powered 
systems further enhance consumer interactions, fostering real-time engagement and higher brand loyalty 
(Alhumaid and Alotaibi, 2025).
	 Saudi Arabia is positioning itself as a global leader in AI adoption through strategic investments and 
national initiatives. The Saudi Data and AI Authority (SDAIA) spearheads efforts to integrate AI across key 
sectors, including tourism, with a focus on data-driven DM. The National Strategy for Data and AI emphasizes 
AI adoption in governance, healthcare, energy, education, and transportation while fostering innovation through 
policies, research, and investments. Recognized among the top 15 countries globally for AI expertise, Saudi 
Arabia seeks to leverage AI to enhance economic diversification and elevate the tourism industry (Alotaibi, 
2024).
	 Aligned with Saudi Vision 2030, AI-powered innovations are revolutionizing religious tourism and 
overall tourist experiences. Studies have demonstrated the role of digital transformation in enhancing visitor 
satisfaction through AI-driven applications Aljuwaiber and Elnagar (2022). AI systems can analyze guest 
preferences and feedback, providing invaluable insights for tourism businesses. Such capabilities align with Saudi 
Arabia’s goal of harnessing emerging technologies to drive tourism growth (Alzahrani et al., 2025) . Several 
studies have examined AI’s impact on marketing innovation and performance in Saudi Arabia and Egypt’s 
hospitality industries (Alnasser et al., 2024). While these studies highlight AI’s role in enhancing creativity and 
marketing effectiveness, they predominantly focus on AI’s merits rather than its strategic implementation in 
marketing.
	 Despite the growing discourse on AI adoption in the Saudi hospitality sector, a critical research gap 
remains. Most existing studies emphasize AI’s role in enhancing operational efficiency and service innovation, 
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yet limited attention has been given to the integration of AI in marketing strategies and its impact on competitive 
performance. For instance, prior research has focused on AI-powered recommendation systems and automation 
(Ahmed, 2024; Aljizawi’s 2024), but there remains a dearth of empirical studies examining AI’s influence on 
digital marketing tactics, GE, and strategic brand positioning within the Saudi hospitality sector.
	 This study aims to bridge these gaps by examining the interplay between AIM, CA, trust, and 
GL. Furthermore, it explores the mediating roles of DM and GE, distinguishing itself from prior research 
by incorporating trust as a key moderating factor. A novel contribution of this study is the exploration of 
three mediating variables, providing a comprehensive framework for understanding AI-driven marketing’s 
transformative potential in the hospitality industry.

2. Literature review
2.1 Theoretical underpinnings
The variables of AIM strategies, GE, DM process, GL, trust, and CA are all explained in this study using the 
Social Exchange Theory (SET) and Resource-Based View (RBV) theories. The SET is an excellent framework 
for understanding AIM strategy since it emphasizes the mutual connections between companies (or marketers) 
and visitors (or consumers). The cost-benefit exchange concept holds that people or groups make decisions 
based on what would maximize advantages and minimize downsides, which is the foundation of SET, according 
to Chernyak-Hai and Rabenu (2018) suggest that interactions or exchanges among colleagues can cultivate a 
shared sense of responsibility and motivation to respond constructively, as supported by Harden et al., (2018). 
From the perspective of the Resource-Based View (RBV) of the firm, diverse market positions emerge from 
the effective utilization of unique, valuable, and rare organizational resources that are difficult to replicate 
or diminish, enabling companies to sustain a CA (Varadarajan, 2020). Miller (2019) explains that the RBV 
framework is grounded in the idea that firms possess heterogeneous and immobile resources. This view 
conceptualizes a business as a bundle of assets, capabilities, or practices that create value and are challenging 
for competitors to imitate due to mechanisms that preserve the firm’s competitive edge in the market.
	 AIM offers businesses a comprehensive and valuable way to maximize the effectiveness of data-driven 
marketing strategies and get the highest level of success (Gabelaia, 2024). Companies employ AI-powered 
marketing to give customers personalized, relevant content that enhances their experience. In exchange, 
businesses receive valuable data on the preferences and behaviour of their customers, which they may use to 
further their AI strategies. In the travel and hospitality industry, customers engage with AI systems because 
they feel they are getting value in return—a concept known as reciprocity—and businesses’ customized services 
can be seen as a benefit the company offers. The theory SET was utilized by Rather and Hollebeek (2019) to 
explain the variable in their study on the impacts of brand identification, satisfaction, commitment, and trust 
on consumer GL toward four- and five-star hotels. Based on the same theory, our inquiry likewise uses the two 
essential factors in that study: trust and GL. The effects of the core characteristics of consumer engagement—
enthusiasm, attention, absorption, interaction, and identification—on GL and psychological commitment in 
the hotel sector were examined in another study by Rather and Hollebeek (2019) using SET. These factors 
are investigated considering the SET theory, which holds that clients are more likely to remain loyal to a 
brand if they feel they frequently interact with it and receive value (via personalized experiences, deals, or 
special incentives). Trust is the cornerstone of this engagement; customers need to believe that the company will 
continue to provide value in the future. The DM framework is determined by the diverse consumer engagement 
described by Alvarez-Milán et al. (2018) using the SET theory. Varadarajan (2020) emphasizes that customer-
based resources, which fall under the broader category of a firm’s market-based resources, are increasingly 
recognized as critical potential sources of CA in today’s dynamic, data-driven digital market environment. Using 
a range of ideas, especially RBV, he attempted to explain a market resources-based perspective on strategy, CA, 
and performance in this study. Lastly, this study also uses the theories of SET and RBV to explain the mediating 
role of the variables (GE, DM).

2.2 Effects of AIM Strategies 
AI technology has given marketers access to ground-breaking instruments and perspectives, enabling previously 
unheard-of levels of effectiveness, personalized service, and strategic campaign DM. According to Kumar et al. 
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(2024), AI in marketing is synonymous with accuracy because it enables marketers to tailor their marketing 
campaigns to clients’ needs and taste preferences, resulting in more meaningful and fruitful partnerships. The 
use of AI in DM platforms increases transparency and aids companies in comprehending the requirements and 
preferences of their target audience, claim (Rabby et al., 2021). DM systems’ AI capabilities are incorporated 
into live chat using chatbots, which interact with customers quickly and logically, answering their questions. 
Zed et al. (2024) investigated how AI-driven personalization tactics affected the GL of online shoppers and 
discovered a strong positive correlation between the two. This research lends credence to the idea that tailored 
experiences enhance GL, repurchase intent, and psychological bond. According to a study by Sharma et al. from 
2021, using machine learning techniques could revolutionize targeted advertising and provide advertisers with 
a practical toolkit for targeting their audience with unprecedented accuracy. Among the six clusters, AI for DM 
was identified as a prominent emerging cluster by Labib’s (2024) bibliometric analysis. However, these results 
prompt us to formulate the following research hypotheses:

H1: AIM strategies significantly influence GE.
H2: AIM strategies significantly influence DM Process.
H3: AIM strategies significantly influence GL.
H4: AIM strategies significantly influence CA.

2.3 Relationship between the variables
Although brand loyalty has been proven to be significantly influenced by consumer interaction, Li et al. (2020) 
revealed no correlation between the two. Chen et al. (2021) states that the hotel and tourism business needs to 
focus on client interaction. Service organizations should focus on and ensure smooth service quality for client 
satisfaction, even if it is university providing services to students and staffs (Derbali and Elnagar, 2020). Client 
satisfaction is most affected by consumer expectations, and GL is considered an essential component, according 
to a study by (Nobar and Rostamzadeh, 2018). Customer expectations positively impact GL. GL also predicts 
brand value in the hotel and tourism sectors significantly (Elnagar and Derbali, 2020). Strengthening the region 
where they have better resources may give businesses a competitive edge. Zhang et al. (2018) found that the cost 
of consumer product screening and the caliber of the DM process significantly impacts GL. They clarified that 
there is a positive correlation between self-reference and DM process quality and a negative correlation between 
dishonesty and information overload. The following theories are formulated because several factors have been 
observed to influence one another:

H5: GE significantly influences GL.
H6: DM Process significantly influences GL.
H7: GL significantly influences CA.

2.4 Mediating Role of GE and DM 
Based on Chen et al. (2022), customer engagement (CE) mediates the association between GL and trust. AI 
may have an unfavorable moderating influence on the connection between host trust and CE and between CE 
and GL. According to a different study by Sofi et al. (2025), visitor engagement moderates the complex link 
between GL and satisfaction. Low levels of guest involvement lessen the beneficial influence of satisfaction on 
GL, whereas high levels of engagement improve it. Furthermore, a study by Prentice et al. (2020) demonstrated 
that AI preference significantly changes the quality and enjoyment of information. In considering these findings, 
the following ideas are formulated to ascertain the mediating role of GE and the DM process:

H8: GE mediates the relationship between AIM strategies and GL.
H9: DM mediates the relationship between AIM strategies and GL.
H10a: GE mediates the relationship between AIM strategies and GL towards CA.
H10b: DM Process mediates the relationship between AIM strategies and GL towards CA.
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2.5 Moderating Role of Trust
Trust is a crucial element in both online and offline interactions, and a substantial positive correlation was found 
between customer trust and GE and GL (Chen et al., 2022). Businesses can enhance positive, tailored customer 
experiences and foster trust in digital platforms by combining AI and DM technology with human-generated 
data (Rabby et al., 2021). Li et al. (2020) discovered that brand loyalty and confidence in the brand fully 
mediated the relationship between client engagement and brand loyalty. Khaliq et al. (2022) found that mutual 
trust adversely regulated the link between AI and robotics awareness and turnover intention. The relationship 
between GL, perceived security, product diversity, and on-time delivery was mediated by trust in Mofokeng’s 
2023) study. Nonetheless, these results aid in the development of the following hypotheses:

H11a: The association between AIM strategies and CA is moderated by Trust. 
H11b: The association between AIM strategies and DM Process is moderated by Trust. 
H11c: The association between AIM strategies and GL is moderated by Trust. 
H11d: The association between AIM strategies and GE is moderated by Trust.

 

Figure 1. Conceptual framework.

3. Materials and Methods
3.1 Measurement scale
The measures used in this research were adopted from previous validated measurement scale. The AIM scale, 
comprising five items (AIM1–AIM5), was adapted from Abrokwah-Larbi and Awuku-Larbi (2024), who 
examined the role of AI in marketing within SMEs in emerging economies. For GE and TR, five items each 
(GE1–GE5 and TR1–TR5) were adapted from Li et al. (2020), who explored the relationship between CE, 
brand loyalty, and trust in tourism social media contexts. The GL construct was measured using four items 
(GL1–GL4), adapted from So et al. (2016), who investigated the role of CE in building GL to tourism brands. 
The DM construct was assessed using six items (DM1–DM6), adapted from O’Connor (1995). Finally, CA 
construct was assessed using six items (CA1–CA6), adapted from Cao et al. (2019), who studied the link 
between information processing capability, and CA. 

3.2 Sampling procedure
Data were collected through a structured questionnaire using a convenience sampling approach, yielding 323 
valid responses from tourists and guests across various hospitality establishments in Saudi Arabia, including 
Riyadh, Jeddah, and Madinah. The target participants for this study were tourists and guests who had 
recently stayed at these establishments. The survey was conducted from October 2024 to January 2025, with 
participants required to complete the questionnaire independently to ensure the accuracy and reliability of the 
data collected. To facilitate the data collection process, the research team established direct communication with 
the management of the hospitality establishments, who assisted in distributing the questionnaires to their guests. 
The questionnaire was distributed evenly among the participants, with 500 questionnaires disseminated. By the 
cut-off date, 323 valid responses were received, resulting in a response rate of 64.6%, serving as this study’s 
sample size. This sample size is considered adequate for conducting PLS-SEM analysis, similar approaches are 
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also found in previous studies (Elshaer et al., 2024, 2024; Khalifa et al., 2025; Zaki et al., 2025; Zaki and 
Elnagar, 2025). According to the 10× rule proposed by Hair et al. (2019), the minimum sample size for PLS-
SEM should be at least ten times the number of variables in the study. In this research, the model consists of 6 
latent dimensions with 31 reflective variables, requiring a minimum sample size 310. With a sample size of 323, 
the study significantly exceeds this requirement. Additionally, the sample size aligns with the recommendations 
of Hair et al. (2019) and Kock (2015), who suggest that a minimum sample size of 100 is sufficient for achieving 
reliable results in SEM analysis. A larger sample size also allows for applying advanced data analysis techniques, 
such as SEM, to explore the relationships among the variables under investigation thoroughly.
	 To ensure the consistency of responses, a t-test was conducted to examine variations in average responses 
among participants who completed the questionnaire at different times. The results indicated no significant 
differences in means, confirming no notable deviations in reactions based on the timing of survey completion. 
The survey included 31 primary and three demographic questions about gender, age, and education level. 
Participants were informed about the study’s objectives and assured of their privacy and voluntary participation. 
They were also informed about their right to withdraw from the survey. The majority of questions were closed-
ended, with follow-up phone calls made to encourage participation. To ensure that the research variables were 
clear, a pilot test was conducted with a group of 15 tourists, who all agreed that they understood the questions 
and variables.
	 The questionnaire was divided into two sections. The first section included a cover letter detailing the 
purpose of the study, providing contact information, and highlighting the characteristics of the tourism and 
hospitality establishments. The second section aimed to capture participants’ perspectives on key constructs 
such as AIM strategies, GE, DM Process, GL, CA, and Trust, using a five-point Likert-type scale ranging from 5 
(strongly agree) to 1 (strongly disagree).

4. Results
4.1 Demographic analysis
The respondent profile comprises 323 male participants (61.6%) and female (38.4%). In terms of age distribution, 
the largest group falls within the 31–40 years range (45.8%), followed by 21–30 years (29.1%), 41–50 years 
(15.5%), and above 50 years (9.6%). Regarding education levels, most respondents hold a bachelor’s degree 
(81.7%), while 14.9% have a master’s degree or higher, and a small percentage (3.4%) possess a diploma degree.

Table 1. Respondents’ profiles.

Category n %

Gender

Male 199 61.6

Female 124 38.4

Age

21 – 30 years 94 29.1

31 – 40 years 148 45.8

41 – 50 years 50 15.5

Above 50 years 31 9.6

Education Level

Diploma degree 11 3.4

Bachelor degree 264 81.7

Master’s degree and Higher 48 14.9

4.2 Descriptive analysis
The descriptive statistics for the constructs revealed that GL (M = 4.050, SD = 0.967) had the highest mean value, 
indicating that guests exhibited strong GL toward the hospitality establishments. This was closely followed by 
CA (M = 4.010, SD = 0.840) and DM (M = 3.955, SD = 0.964), suggesting that participants also highly rated 
these constructs. On the other hand, TR (M = 2.233, SD = 0.941) had the lowest mean value, indicating that 
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participants perceived a lack of trust in the context of the studied variables. The skewness and kurtosis values 
for all constructs fell within the acceptable range, confirming that the data were normally distributed and 
suitable for further analysis.

Table 2. Summary statistics (N =323).

Constructs Mean SD Skewness Std. Error Kurtosis Std. Error

AIM strategies 3.768 .937 -1.256 .136 1.211 .271

GE 3.848 .905 -.921 .136 .714 .271

DM Process 3.955 .964 -1.700 .136 2.708 .271

GL 4.050 .967 -1.719 .136 2.709 .271

CA 4.010 .840 -1.963 .136 3.984 .271

Trust 2.233 .941 1.190 .136 1.402 .271

4.3 Multicollinearity test
Multicollinearity, or a high level of correlation among the independent variables, can adversely affect the 
interpretability of the results. Therefore, assessing and addressing multicollinearity issues is essential before 
proceeding with model testing. The results of the multicollinearity test, as shown in Table 3, indicate that both 
criteria—tolerance and variance inflation factor (VIF)—yielded acceptable values. Specifically, tolerance values 
should be above 0.10, and VIF values should be below 5 (Hair et al., 2019). In this study, all constructs met these 
thresholds, with tolerance values ranging from 0.297 to 0.550 and VIF values ranging from 1.819 to 3.369. 

Table 3. Multicollinearity test

Constructs Tolerance VIF
AIM strategies .475 2.104

GE .550 1.819

DM Process .297 3.369

Trust .374 2.674

4.4 Structural Equation Modelling
4.4.1 Measurement Model Analysis
The measurement model was tested for construct reliability, convergent, and discriminant validity. As shown 
in Table 4, all constructs had acceptable reliability, with Cronbach’s alpha (CA) and composite reliability (CR) 
values exceeding the recommended threshold of 0.70 (Hair et al. 2019). Convergent validity was established 
because all factor loadings (FL) were greater than 0.70, and the average variance extracted (AVE) for each 
construct exceeded the minimum criterion of 0.50 (Hair et al., 2019). These findings show that the measurement 
model meets the reliability and validity requirements, ensuring that the constructs are internally consistent and 
adequately explain the variance in their respective indicators.
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Table 4. Summary of measurement model analysis.

Constructs Items FL CA CR AVE

AIM

(AIM)

AIM1: AIM in the Saudi hospitality helps to accurately pre-
dict customer needs.

0.903 0.927 0.945 0.774

AIM2: AIM supports the marketing promotion through the 
elimination of human errors.

0.885

AIM3: AIM enables the hotel to interact with internet users 
through the application of analyzed data.

0.803

AIM4: AIM is important to the collaborative DM process. 0.909

AIM5: AIM enables the hotel to personalize its marketing 
activities to individual customers.

0.894

Competitive 
advantage 

(CA)

CA1: The hotel is more effective than the competitors. 0.804 0.928 0.943 0.735

CA2: The hotel has increasing sales compared to the com-
petitors.

0.835

CA3: The hotel has increasing revenue compared to the 
competitors.

0.886

CA4: The hotel has generated greater profit compared to the 
competitors.

0.883

CA5: The hotel can provide products at a lower cost com-
pared to the competitors.

0.889

CA6: The hotel can provide services at a lower cost com-
pared to the competitors.

0.845

Decision 
making 

(DM)

DM1: I feel confident that I can Get the facts about the ben-
efits of each choice.

0.921 0.952 0.962 0.807

DM2: I feel confident that I can Get the facts about the risks 
and side effects of each choice.

0.880

DM3: I feel confident that I can Understand the information 
enough to be able to make a choice.

0.880

DM4: I feel confident that I can Ask questions without feel-
ing dumb.

0.908

DM5: I feel confident that I can Express my concerns about 
each choice.

0.902

DM6: I feel confident that I can Figure out the choice that 
best suits me.

0.898

Guest En-
gagement

(GE)

GE1: When someone praises this hotel, it feels like a person-
al compliment.

0.921 0.946 0.959 0.822

GE2: Anything related to this hotel grabs my attention. 0.914

GE3: When I am interacting with the hotel, I forget every-
thing else around me.

0.900

GE4: In general, I like to get involved in hotel community 
discussions.

0.917

GE5: I often participate in activities of the hotel community. 0.881

Guest Loyalty

(GL)

GL1: If available, I will stay in the hotel the next time I 
travel.

0.924 0.930 0.950 0.826

GL2: I intend to keep staying with this hotel. 0.909

GL3: I am committed to this hotel. 0.899

GL4: I would be willing to pay a higher price for this hotel 
over other hotels.

0.902
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Trust 

(TR)

TR1: I believe that the hotel is concerned about my inter-
est.

0.927 0.950 0.962 0.834

TR2: I feel that the hotel is trustworthy. 0.916

TR3: I have confidence in the products and services of the 
hotel.

0.922

TR4: I feel that the hotel has the ability to provide good 
products.

0.907

TR5: I feel that the hotel has the ability to provide good 
services.	

0.892

Figure 2. Estimated model diagram

The Heterotrait-Monotrait (HTMT) ratio was used to assess discriminant validity, which ensures that constructs 
differ from one another. As shown in Table 5, all HTMT values fell below the 0.85 threshold (Hair et al., 2019), 
indicating that the constructs are empirically distinct and do not overlap significantly. For instance, the highest 
HTMT value observed was 0.875 between CA and GL, which is still within the acceptable range. Similarly, the 
relationships between TR and other constructs, such as DM (HTMT = 0.832) and GL (HTMT = 0.641), further 
confirm the discriminant validity of the model.
 
Table 5. Results of HTMT.

Constructs AIM CA DM GE GL TR

AIM            
CA 0.714          
DM 0.682 0.728        
GE 0.684 0.583 0.594      
GL 0.707 0.875 0.731 0.616    
TR 0.569 0.617 0.832 0.485 0.641  

4.4.2 Structural Model Analysis
The structural model was investigated following the measurement model’s reliability and validity tests. SmartPLS 
version 4 employed a bootstrapping method with 5000 sub-samples (Ringle et al., 2024). The R-square values 
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for the structural model constructs were calculated to determine the independent variables’ explanatory power. 
The findings show that CA had an R-square value of 0.719, DM had an R-square value of 0.747, GE had 
an R-square value of 0.456, and GL had an R-square value of 0.585. These results indicate that independent 
constructs accounted for a significant portion of the variance in the dependent constructs, with DM and CA 
providing strong explanatory power.

Table 6. Summary of structural model results (Direct effects).

Hypotheses Beta T statistics P values Decision

H1: AIM -> GE 0.498 6.599 0.000 Supported

H2: AIM -> DM 0.207 5.004 0.000 Supported

H3: AIM -> GL 0.276 4.072 0.000 Supported

H4: AIM -> CA 0.165 2.441 0.015 Supported

H5: GE -> GL 0.140 2.147 0.032 Supported

H6: DM -> GL 0.228 2.614 0.009 Supported

H7: GL -> CA 0.564 8.255 0.000 Supported
	
The structural model was evaluated by analyzing path coefficients, t-statistics, p-values, and hypothesis testing 
results, as shown in Table 6. The findings revealed that AIM had a significant positive influence on GE (β = 0.498, 
p < 0.001), DM (β = 0.207, p < 0.001), GL (β = 0.276, p < 0.001), and CA (β = 0.165, p < 0.05). Furthermore, 
GE positively influenced GL (β = 0.140, p < 0.05), while DM also had a significant positive effect on GL (β = 
0.228, p < 0.01). Additionally, GL was found to impact CA strongly (β = 0.564, p < 0.001).  

Table 7. Results of the Mediating Effects.

Hypotheses Beta T statistics P values Decision

H8. AIM -> GE -> GL 0.069 1.981 0.048 Supported

H9. AIM -> DM -> GL 0.047 2.103 0.035 Supported

H10a. AIM -> GE -> GL -> CA 0.039 1.842 0.066 Rejected

H10b. AIM -> DM -> GL -> CA 0.027 1.960 0.049 Supported

The mediating effects were examined in Table 7, confirming that both GE and DM significantly mediated the 
relationship between AIM and GL (H8: β = 0.069, p < 0.05; H9: β = 0.047, p < 0.05). However, the sequential 
mediation effect of AIM → GE → GL → CA was not statistically significant (β = 0.039, p = 0.066), leading to 
the rejection of H10a. In contrast, AIM → DM → GL → CA showed a significant mediation effect (β = 0.027, 
p < 0.05), supporting H10b.  

Table 8. Results of the Moderating Effects.

Hypotheses Beta T statistics P values Decision

H11a: TR x AIM -> CA 0.129 3.902 0.000 Supported

H11b: TR x AIM -> DM 0.197 7.174 0.000 Supported

H11c: TR x AIM -> GL 0.097 2.050 0.040 Supported

H11d: TR x AIM -> GE 0.122 2.820 0.005 Supported

The moderating effects, as presented in Table 8, demonstrated that TR significantly moderated the relationships 
between AIM and CA (β = 0.129, p < 0.001), AIM and DM (β = 0.197, p < 0.001), AIM and GL (β = 0.097, p 
< 0.05), and AIM and GE (β = 0.122, p < 0.01). These findings indicate that TR strengthens the relationships 
between AIM and the respective dependent variables, reinforcing the robustness of the proposed structural 
model.
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Figure 3. Graphical presentation of moderating effects

5. Discussion
The integration of AI and big data is reshaping the dynamics of the Saudi market by significantly enhancing 
advertising strategies and client satisfaction. By leveraging precise prospect targeting, tailored marketing, and 
sophisticated analytics, these technologies enable businesses to achieve a higher return on marketing investments, 
boost customer acquisition and retention, and optimize resource allocation. This study investigates the effects 
of AI-driven marketing strategies on tourist DM processes—with a focus on the comparative impact of social 
media and hospitality e-commerce channels on guest engagement (GE), satisfaction, and guest loyalty (GL) in 
Saudi Arabia’s hospitality industry. Our model tests eleven hypotheses, incorporating GE and DM as mediators 
and trust as a moderator, with all hypotheses supported except for the mediating role of GE between AIM 
strategies and GL in driving CA.
	 Our findings confirm that AIM strategies exert a significant impact on GE, DM processes, GL, and 
ultimately CA, consistent with earlier research (Kumar et al., 2024; Sharma et al., 2021; Zed et al., 2024). 
Rane (2023) highlights the critical role of AI models and methods in boosting consumer engagement (CE) 
and satisfaction. By harnessing AI insights, businesses can tailor offerings to evolving consumer needs, thereby 
strengthening long-term customer connections and loyalty. A variety of advanced technologies—including big 
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data analytics, machine learning, natural language processing, blockchain, augmented/virtual reality, the Internet 
of Things, cloud computing, social media listening, sentiment analysis, and gamification—provide companies 
with the tools to extract actionable insights, customize consumer experiences, and build trust, all of which 
contribute to sustained brand loyalty (Zamil et al., 2020). Furthermore, Abrokwah-Larbi and Awu-ku-Larbi 
(2024) note that AI-driven data collection and analysis can reveal previously unknown insights that empower 
SMEs to refine their DM, while Devarapalli (2022) emphasizes the growing academic and industry interest 
in AI for strategic marketing decisions. Zed et al. (2024) further support the positive link between AI-driven 
customization and GL, although Osakwe et al. (2022) caution that the overall success and CA depend on how 
organizations deploy their AI investments to build unique marketing competencies.
	 Our results also indicate that GE and effective DM processes are positively associated with GL. Active 
consumer participation in marketing communications creates added value that enhances brand satisfaction 
and loyalty. Customers engaging with a company’s brand on social media report higher satisfaction levels, 
reinforcing the short-term positive relationship between consumer participation and brand loyalty. Studies 
have shown that customer interaction via social media significantly bolsters GL (Ajina, 2019), and research 
by Hapsari et al. (2020), Molinillo et al. (2020), and Zhang et al. (2021) supports a strong positive impact of 
customer involvement on GL. Zaid and Patwayati (2021) found that interaction and engagement directly boost 
customer happiness and GL, while customer experience indirectly influences these outcomes through consumer 
engagement. In the hotel industry, cognitive engagement has been shown to markedly enhance cognitive brand 
loyalty (Shin and Back, 2020), with additional evidence suggesting that customers’ intentions to recommend 
platforms like Airbnb are clear indicators of GL (Sallaku and Vigolo, 2024; Widya Lelisa Army et al., 2024). 
Additionally, the DM process itself plays a crucial role in shaping customer perceptions, attitudes, intentions, 
and feedback, thereby influencing satisfaction and loyalty (Vo et al., 2022; Zhang et al., 2018; Redjeki et al., 
2024).
	 The data further support that enhanced GL contributes directly to CA. Felix and Rembulan (2023) 
argue that measures such as improved online security, customized content, faster page loads, and live chat 
features can provide e-commerce companies with a competitive edge. Similarly, Edith Ebele Agu et al. (2024) 
emphasize the need for companies to integrate sustainability into their core strategies to maintain their CA amid 
shifting consumer demands. Al Karim et al. (2024) demonstrate that while mere client knowledge may not drive 
CA, a strong consumer focus coupled with robust technological capabilities—mediated by GL—is vital.
	 Our analysis reveals that while the mediating effect of GE is confirmed in most pathways, it is not 
significant between AIM strategies and CA. This nuanced finding suggests that while GE is crucial for enhancing 
overall engagement and loyalty, its role in directly mediating the impact of AIM on CA may be more complex. 
Riyanto et al. (2021) and others (Machmed Tun Ganyang, 2019; Alagarsamy et al., 2023) have shown that 
effective communication and employee engagement are essential to fostering a cohesive work environment, 
which in turn can influence overall organizational success. Furthermore, research by Sofi et al. (2025) indicates 
that visitor involvement moderates the relationship between satisfaction and GL, underscoring the need for 
deeper exploration of these mediating dynamics.
	 The mediation effect of the DM process is significant in our study. Boulesnane and Bouzidi (2013) 
underscore the importance of synthesizing diverse data streams to allocate resources effectively for strategic 
DM. Xu and Tracey (2015) further illustrate how DM self-efficacy mediates the relationship between various 
organizational factors and decision outcomes. Lastly, trust emerges as a critical moderator. Consistent with 
Zhou et al. (2022) and Li et al. (2020), trust significantly enhances the link between consumer engagement and 
brand loyalty. Tian et al. (2023) highlight that high levels of trust are linked to greater acceptance of digital 
innovations such as e-wallets, whereas Khaliq et al. (2022) note that mutual trust can modulate the effects of 
AI on operational outcomes. Integrating AI and DM technologies with human-generated data ultimately fosters 
more personalized consumer experiences and strengthens trust in digital platforms (Rabby et al., 2021).

6. Theoretical and practical implications
Our study contributes a distinct perspective on the role of AI-driven customization in promoting visitor 
engagement and CA within the Saudi hospitality sector. By integrating social media interaction, AIM, and 
personalization tactics, we extend the scant literature on AIM in this region. Utilizing Social Exchange Theory 
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(SET) and the Resource-Based View (RBV) to validate our variables, our RBV-oriented framework effectively 
links the success of AIM techniques to CA. In line with RBV, the study demonstrates that investments in various 
AI technologies—used to analyze data, monitor client needs, and adapt strategies—are vital resources that can 
transform customer data into a strategic asset. Moreover, our empirical findings on the impact of AIM tactics 
on guest loyalty (GL) add to the literature, showing a direct, significant relationship between visitor engagement 
and GL, consistent with Self-Determination Theory (SDT). By harnessing Big Data, companies can extract 
actionable insights, identify patterns, and forecast trends to deliver personalized experiences that drive sustained 
customer satisfaction and loyalty (Zamil et al., 2020; Abrokwah-Larbi and Awu-ku-Larbi, 2024; Devarapalli, 
2022).
	 To implement the recommendations from our study, we propose a comprehensive strategic action 
plan that calls on key stakeholders in the Saudi hospitality industry to act collaboratively. First, advanced AI 
algorithms and big data analytics should be deployed to enhance personalized customer interactions across 
digital and social media platforms. Marketing managers, social media managers, and digital transformation 
teams are responsible for this initiative, which should commence with a 3- to 6-month pilot phase and progress 
to full-scale implementation within 12 months. It is recommended that approximately 15–20% of the annual 
marketing budget be allocated for AI technology acquisition, analytics platforms, and relevant training (Fischer, 
2024). Concurrently, data analytics teams—working in close coordination with marketing and IT departments—
should leverage customer data to pinpoint behavioral trigger points and tailor marketing communications 
and offers. This initiative should be set up within 3 months, with continuous refinement over the following 
year through investments in advanced analytics software and specialized training programs. Furthermore, to 
optimize DM processes, DM managers, customer experience teams, and IT departments must integrate AI-
driven insights into their operational planning by deploying interactive tools such as chatbots and instant 
messaging services. A pilot test for these solutions is advised for a period of 3 months, with full integration 
expected within 6–9 months, supported by allocated resources for technology integration and staff training. In 
addition, building trust in AIM systems is critical; therefore, brand managers, HR departments, and digital trust 
teams should implement trust-building measures—such as ensuring transparency in AI operations, securing 
digital infrastructure, and maintaining consistent service delivery—within a short-term timeframe of 1–3 
months, with ongoing enhancements supported by regular customer service training and performance audits (Li 
et al., 2020; Khaliq et al., 2022). Finally, fostering innovation and employee engagement is essential to sustain 
these initiatives. HR managers and organizational leaders should integrate AI and DM technologies into daily 
operations by launching initial training programs within 6 months and scheduling periodic refreshers, with 
a dedicated portion of the HR development budget earmarked for this purpose. Collectively, these strategic 
actions are designed to enhance guest engagement, streamline DM processes, and ultimately secure a sustainable 
CA in the Saudi hospitality industry (Vo et al., 2022; Zhang et al., 2018; Zamil et al., 2020).

 7. Conclusions and Study Limitations
AI and big data also affect the dynamics of the Saudi market. It has been shown that AI and big data improve 
advertising tactics and customer happiness. With a focus on the relative contributions of social media platforms 
and hospitality e-commerce channels to enhancing GE, satisfaction, and GL in Saudi Arabia’s hospitality 
sector, the study aims to explore how AI-driven marketing strategies impact the DM processes of tourists. 
Eleven hypotheses are tested, including the moderating variable of trust and the mediating variables of visitor 
involvement and DM. The findings validate every hypothesis except for the mediation function of guest 
involvement between AIM techniques and GL toward CA. Although the study provides insightful information, 
it should be noted that it has many limitations. There is not enough information in the dataset to assess how 
social media usage affects Saudi Arabia’s hotel industry’s efforts to increase GL. However, a larger sample size 
might improve a future study’s validity and capacity for generalization in this situation.
	 Furthermore, we could only interview the two managers due to time and resource limitations. As a result, 
qualitative research has also encountered limitations, and expanding the number of interviews might yield further 
insights into the banking industry. The emphasis goes beyond consumer behaviour, business management, and 
technology. Instead, the initiative encompasses uncharted territories that intersect various sectors. By developing 
a thorough model or theory that accurately captures the present state of AI system adoption in the marketing 
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industry, it is feasible to clear the way for the future. For a more thorough understanding of satisfaction and 
engagement, future studies might examine the influence of organizational elements, such as service provider 
training or company culture, in designing AIM strategies. The factors of AIM techniques, such as database 
automation of marketing and digital buyer-seller interaction, were not considered in this study. Future studies 
should focus on how AIM techniques may evaluate consumer communications and data, including social media 
postings, to create messages that could improve CE. 
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