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ARTICLE INFO ABSTRACT
Received: 06 Oct 2024 This study was conducted to answer the question of how artificial intelligence-based pricing
Revised: 12 Dec 2024 systems affect customer satisfaction and the financial performance of Vietnamese travel

agencies. The study was conducted to explore factors that enhance customer satisfaction and
financial performance in travel agencies using artificial intelligence-based pricing strategies,
with a specific focus on understanding the interaction between the effectiveness of perceived
artificial intelligence systems, the extent to which artificial intelligence is applied, the trust of
regulators, and perceptions of price fairness based on artificial intelligence. Using a linear
structure model, we collected and analyzed survey data from 372 people to test five research
hypotheses. The findings show that the perceived effectiveness of artificial intelligence systems,
the level of application of artificial intelligence and the trust of managers significantly increase
customer satisfaction, thereby positively impacting the financial performance of travel
companies in Vietnam. However, the study did not find a statistically significant effect of
perceptions of price fairness based on artificial intelligence on customer satisfaction. These
results are important because they show that travel companies need to focus on the application
of effective, adaptive and reliable artificial intelligence systems while addressing fairness
concerns through transparency and effective communication with customers. The implications
underscore how travel companies can improve the customer experience and achieve financial
efficiencies by leveraging artificial intelligence technologies in their dynamic pricing strategies.
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INTRODUCTION

The advancement and rapid adoption of Artificial Intelligence (AI) has transformed the dynamic pricing
strategies of many industries globally, with significant implications for the tourism industry. Dynamic pricing, which
involves real-time price adjustments based on factors such as demand, competition, and customer behavior is
increasingly supported by Al to enhance decision-making and profitability (Huang & Rust, 2018). Around the world,
companies such as airlines, hotel chains, and online travel agencies have leveraged Al-driven pricing systems to
optimize revenue management, respond to market changes, and personalize pricing strategies for customers (Wamba
et al., 2017). These systems use large amounts of data and machine learning algorithms to provide real-time accuracy,
reliability, and responsiveness that manual pricing strategies cannot achieve (Chong et al., 2018).

In Vietnam, the tourism industry is an important contributor to the economy, accounting for a significant
proportion of GDP and employment. However, the industry faces its own challenges, including unstable customer
demand, fierce market competition, and seasonal fluctuations in tourist arrivals. AI-driven dynamic pricing provides
solutions to these challenges by enabling Vietnamese travel companies to maximize revenue, improve operational
efficiency, and offer competitive rates. For example, dynamic pricing can help hotels adjust prices during peak travel
seasons while remaining competitive during periods of low customer demand. Furthermore, Al systems can combine
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customer preferences, shopping behavior and market trends to create value for both businesses and their customers
(Davenport & Ronanki, 2018).

Al's role in improving efficiency, equity, and profitability is especially important in the tourism sector. AI-
based pricing systems are designed to improve efficiency by automating decision-making processes, reducing
operating costs, and improving response times to market changes (Bughin et al., 2018). Moreover, Al can promote
fairness by ensuring objective pricing decisions and providing transparent explanations of price movements, which
is essential to building customer trust (Xia et al., 2004). Al also contributes to increased profitability by enabling
travel companies to implement revenue maximization strategies while maintaining customer satisfaction (Chung et
al., 2020). However, the success of Al-driven pricing systems depends significantly on the awareness of managers
who implement and monitor these technologies. Managers' perceptions of the efficiency, fairness, and reliability of
Al systems as well as their willingness to adopt such technologies play an important role in shaping their impact on
business outcomes (Rai & Sambamurthy, 2006).

The study of perceptions of Al-driven dynamic pricing strategies and their financial impact on tour operators
has attracted the attention of academics in recent years. Studies have highlighted AI's transformational role in
optimizing pricing strategies to improve business outcomes, including customer satisfaction and financial
performance. For instance, Huang & Rust (2018) demonstrated that AI-powered systems significantly improve price
accuracy and responsiveness helping organizations adapt to fluctuations in demand. Similarly, Chong et al. (2018)
and Wamba et al. (2017) emphasize that the application of Al in dynamic pricing improves profitability by enabling
real-time price adjustments and reducing operational inefficiencies. However, while several studies conducted have
explored the benefits of Al-driven pricing strategies, they have mainly focused on developed markets such as the
United States, Europe, and East Asia (Chung et al., 2020; Bughin et al., 2018). These studies often look at industries
such as aviation, e-commerce, and hospitality, where Al pricing systems are widely deployed and researched. For
example, Davenport & Ronanki (2018) studied how Al-powered dynamic pricing has transformed revenue
management practices in global hotel chains and airlines.

Although the above studies provide valuable insights, there are still limited studies in the Vietnamese context
on how Vietnamese travel agency managers perceive these technologies. Existing studies on the application of Al in
dynamic pricing have mainly focused on developed markets, leaving a significant gap in understanding its application
and effectiveness in emerging economies (Phung et al., 2025). Thus, this study was conducted exploring the
perceptions of Vietnamese tourism agency managers about Al-driven dynamic pricing strategies. Specifically, the
study aims to investigate how managers' perceptions of Al efficiency, fairness, adoption, and trust affect customer
satisfaction with AI-driven pricing systems. In addition, the study also seeks to examine the relationship between
customer satisfaction and the financial performance of Al-driven pricing systems. By addressing these objectives,
this study aims to provide valuable insights into the implementation and impact of Al pricing technologies in
Vietnam's tourism industry. In addition, this study will enrich the theory and practice of Al adoption in developing
countries, serving as a foundation for future research in similar contexts.

THEORETICAL BASIS AND LITERATURE REVIEW
Theoretical basis

This study on perceptions of Al-driven dynamic pricing strategies and their financial impact on Vietnamese
tourism companies is based on the following five foundational theories. These theories provide a framework for
understanding management perceptions, customer satisfaction, and financial performance in the context of Al
adoption.

Technology Acceptance Model (TAM): The Technology Acceptance Model, introduced by Davis (1989),
explains how users come to accept and use technology. It posits that two key factors - perceived usefulness and
perceived ease of use - determine an individual's intention to adopt a technology. This research examines managers'
perceptions of Al-driven pricing strategies, including their effectiveness and ease of adoption. TAM provides a
foundation for exploring how these perceptions influence the adoption of AI-powered systems in tourism companies.
For instance, if managers perceive Al as easy to use and beneficial for pricing decisions, they are more likely to
embrace it.
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Expectation-Confirmation Theory (ECT): Expectation-Confirmation Theory, proposed by Oliver (1980),
explains how user satisfaction is derived. It suggests that satisfaction is a function of the confirmation of initial
expectations against actual performance. If a system performs as expected or better, users are likely to feel satisfied.
This theory is essential for understanding how managerial expectations about the effectiveness and fairness of Al
pricing systems influence their satisfaction with these technologies. It also helps explain how perceived customer
satisfaction with Al pricing impacts financial performance, as satisfied customers are more likely to engage in repeat
business.

Equity Theory: Equity Theory, introduced by Adams (1963), focuses on fairness and justice in decision-
making and relationships. It suggests that individuals evaluate fairness by comparing their inputs and outcomes with
others. If perceived inequities exist, dissatisfaction follows. The study explores the perceived fairness of AI-driven
pricing systems as a key factor influencing customer satisfaction. Managers may believe that fair pricing (e.g.,
avoiding price discrimination or exploitation) builds customer trust and loyalty. This theory underpins the hypothesis
that fairness perceptions impact customer satisfaction and, ultimately, financial outcomes.

Resource-Based View (RBV): The Resource-Based View, popularized by Barney (1991), posits that a firm's
competitive advantage is derived from utilizing valuable, rare, inimitable, and non-substitutable resources.
Technology, such as Al is considered a strategic resource that enhances firm performance. Al-driven pricing systems
are treated as a strategic resource in this study. Managers' perceptions of the adoption level of Al systems reflect how
tourism companies in Vietnam are leveraging this resource to gain a competitive edge, improve efficiency, and boost
financial performance.

Customer Satisfaction Theory: Customer Satisfaction Theory, rooted in the works of Cardozo (1965) and
later refined by Parasuraman et al. (1988), emphasizes that customer satisfaction depends on the perceived value of
a product or service relative to customer expectations. Higher satisfaction leads to loyalty and financial benefits for
companies. This theory is critical for understanding the mediating role of customer satisfaction in the relationship
between Al pricing systems and financial performance. Managers' perceptions of how Al pricing influences customer
satisfaction (e.g., through effectiveness, fairness, and trustworthiness) directly impact the financial outcomes of
tourism companies.

EXPERIMENTAL STUDY
Perceived effectiveness of Al in pricing and customer satisfaction with AI-based pricing

The perceived effectiveness of Al in pricing refers to the extent to which managers believe Al-powered pricing
systems can achieve desired outcomes, such as optimizing pricing strategies, improving decision-making, and
responding to market demands in real-time. Effectiveness is a critical factor influencing the adoption and success of
Al technologies, as it reflects the ability of Al systems to deliver tangible benefits for businesses and their customers
(Davis, 1989; Bughin et al., 2018).

The perceived effectiveness of Al in pricing significantly enhances customer satisfaction with AI-powered
pricing strategies. Research indicates that AI-driven pricing algorithms can optimize pricing based on real-time data
and consumer behavior, leading to more personalized and competitive pricing strategies that resonate with
customers (Gatera, 2024; Venigandla, 2023). This personalization fosters a deeper connection between consumers
and brands, as tailored offers and recommendations increase the likelihood of purchase, thereby enhancing overall
customer satisfaction (Yang et al., 2021). Furthermore, the ability of Al to analyze large datasets allows for dynamic
pricing adjustments, which not only improves revenue but also aligns prices with customer expectations, further
boosting satisfaction levels (Bag et al., 2021; Wang, 2024). As companies increasingly adopt Al technologies in their
pricing strategies, the positive correlation between perceived effectiveness and customer satisfaction becomes more
pronounced, suggesting that effective Al implementation can lead to improved consumer experiences and loyalty
(Sharma, 2022).

Hz1: Perceived effectiveness of Al in pricing has a positive impact on perceived customer satisfaction with AI-
powered pricing.
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Perception of AI-Based Price Fairness and Customer Satisfaction with AI-Based Price

Perceived fairness of Al-based pricing refers to the extent to which customers and managers believe that AI-
powered pricing systems deliver equitable, transparent, and unbiased pricing decisions. Fairness is a critical factor
in shaping customer satisfaction, as customers tend to evaluate pricing not only based on the price itself but also on
whether the pricing process aligns with their sense of justice and equity (Xia et al., 2004). Similarly, managers who
perceive Al pricing systems as fair are likely to believe that these systems foster customer trust and satisfaction.

Simanjuntak highlights that price fairness is a critical determinant of customer satisfaction among college
students using mobile services, indicating a strong correlation between perceived fairness and satisfaction levels
(Simanjuntak, 2023). Similarly, research by F and Haryanto corroborates this by demonstrating that price fairness
positively influences customer satisfaction and, consequently, loyalty in the hospitality sector (F & Haryanto, 2021).
Githiri further supports this notion, asserting that customers who perceive restaurant prices as fair exhibit higher
satisfaction and loyalty intentions (Githiri, 2018). Additionally, Setiawan et al. emphasize that both service quality
and price fairness significantly impact customer satisfaction in the airline industry, reinforcing the importance of
fairness perceptions in enhancing customer experiences (Setiawan et al., 2020). Collectively, these findings illustrate
that perceived fairness in pricing strategies, particularly in AI applications, plays a pivotal role in fostering customer
satisfaction.

H2: Perceived fairness of Al-based pricing has a positive impact on perceived customer satisfaction with AI-
powered pricing.

The extent to which Al is applied to pricing and the level of customer satisfaction with AI-powered
pricing

The adoption level of Al in pricing refers to the degree to which businesses integrate and utilize AI-powered
systems in their pricing strategies. This includes the extent to which Al is applied to collect and analyze data, predict
demand, optimize pricing, and deliver personalized pricing solutions. Higher levels of Al adoption indicate greater
reliance on advanced algorithms and machine learning models to make data-driven pricing decisions, which can
enhance efficiency, accuracy, and customer satisfaction (Huang & Rust, 2018).

Al-driven systems, such as chatbots and virtual assistants, have been shown to improve user experience, with
approximately 85% of customer satisfaction attributed to these technologies in ticket booking systems (Shankar,
2024). Furthermore, Al's ability to personalize pricing based on customer preferences leads to increased satisfaction
and loyalty, as evidenced by studies in the hospitality sector (Gatera, 2024). Price fairness also plays a crucial role;
research indicates that customers perceive fair pricing as a key determinant of their satisfaction and loyalty (F &
Haryanto, 2021; Kawatu, 2023). Additionally, AI's capacity to analyze data and optimize pricing strategies
contributes to a more tailored customer experience, reinforcing the positive impact of Al on customer satisfaction in
the travel industry (Zahra, 2023). Overall, the strategic application of AI in pricing not only meets customer
expectations but also fosters long-term loyalty.

H3: AI adoption level in pricing has a positive impact on perceived customer satisfaction with AI-powered
pricing.

Management's confidence in the Al system and customer satisfaction with AI-powered pricing

Managerial trust in Al systems refers to the confidence managers have in the reliability, transparency, and
effectiveness of AI-powered tools in performing specific tasks, such as pricing decisions. Trust in Al is a critical factor
influencing its adoption and success, as it determines how managers perceive the system's ability to deliver intended
outcomes without unintended consequences (Mayer et al., 1995; Rai et al., 2019). When managers trust Al systems
for pricing, they are more likely to believe that these systems will enhance customer experiences and satisfaction by
providing accurate, fair, and data-driven pricing solutions.

Research indicates that trust is a critical determinant of customer loyalty, which is mediated by customer
satisfaction (Susanto, 2024). This relationship suggests that when customers perceive Al systems as trustworthy,
their satisfaction with pricing strategies improves, leading to increased loyalty towards the agency. Furthermore, the
perception of AI's usefulness and ethical considerations, such as transparency and privacy, also play vital roles in
fostering trust among users (Majrashi, 2024).



149 Thi Thanh Nhan Nguyen et al. / J INFORM SYSTEMS ENG,

Furthermore, the emotional labor exhibited by tour leaders and guides can further influence customer
perceptions of trust in Al systems, as positive interactions enhance overall satisfaction (Chang et al., 2022). Thus, the
interplay between trust in Al, customer satisfaction, and the emotional dynamics within the service environment
creates a robust framework for understanding how Al-assisted pricing can positively impact customer experiences in
the tourism sector.

H4: Managerial trust in AI systems has a positive impact on perceived customer satisfaction with AI-powered
pricing.

Customer satisfaction with prices supported by AI and perceived financial performance of prices
supported by AI

Perceived customer satisfaction with Al-powered pricing refers to the extent to which customers believe that
Al-driven pricing systems meet or exceed their expectations in terms of fairness, accuracy, personalization, and
transparency. High levels of customer satisfaction are associated with positive customer perceptions of value and
trust, which can directly influence their purchasing behavior, loyalty, and overall experience with a company
(Parasuraman et al., 1988; Xia et al., 2004). When customers perceive Al-powered pricing as satisfactory, this
satisfaction can translate into tangible benefits for the business, such as increased sales, repeat purchases, and
improved customer retention, all of which contribute to financial performance.

Perceived financial performance of Al-powered pricing refers to the extent to which managers believe that
implementing Al systems in pricing contributes to key financial outcomes, such as revenue growth, profitability, and
cost efficiency. Research shows that customer satisfaction is a crucial driver of financial success, as satisfied
customers are more likely to engage in repeat business, provide positive word-of-mouth referrals, and exhibit higher
levels of brand loyalty (Anderson et al., 1994). In the context of Al-powered pricing, when customers view pricing
systems as fair, transparent, and responsive to their needs, they not only purchase more but also develop stronger
relationships with the brand, enhancing long-term financial performance.

The link between customer satisfaction and financial performance has been well established in the marketing
and strategy literature. For example, Anderson et al. (1994) found that firms with higher customer satisfaction tend
to outperform competitors financially due to higher customer retention and reduced price sensitivity. Similarly, Rust
et al. (2004) highlighted that investments in improving customer experiences, such as through AI-driven
personalized pricing, directly contribute to financial returns by fostering stronger customer relationships. In the
context of Al-powered pricing, the positive perception of customer satisfaction can reinforce managerial beliefs that
these systems are instrumental in achieving superior financial outcomes.

Moreover, Al-powered pricing systems are often designed to optimize both customer satisfaction and
financial performance by delivering value to customers while maximizing profitability for the business (Huang &
Rust, 2018). Managers who perceive customers as being satisfied with Al-powered pricing are likely to attribute
financial success, such as revenue growth and profitability, to the implementation of these systems. This connection
highlights the interdependence between customer satisfaction and financial performance, reinforcing the importance
of delivering positive customer experiences through AI-powered pricing strategies.

Hs: Perceived customer satisfaction with AI-powered pricing has a positive impact on the perceived financial
performance of AI-powered pricing.

RESEARCH METHODOLOGY

The article uses SPSS 22 and AMOS 20 to test the linear structure model to answer the following questions:
What are the perceptions of Vietnamese tourism company managers regarding Al-driven dynamic pricing systems?
How do perceptions of Al effectiveness, fairness, adoption level, and trust influence perceived customer satisfaction
with Al-powered pricing? How does perceived customer satisfaction with AI pricing systems impact the financial
performance of tourism companies?

For optimal results, the authors conducted a validation process including: Following Anderson & Gerbing
(1988), the linear structural model analysis process includes: (i) Scale test: Overall Cronbach's alpha coefficient > 0.7
and corrected item-total correlation > 0.3; (ii) Exploratory Factor Analysis (EFA): Appropriateness of the measure
with 0.5< Kaiser-Meyer-Olkin (KMO) < 1, Bartlett's test of sphericity with a significance level (Sig) < 0.05, factor
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extraction variance > 50%, Eigenvalues > 1, factor loadings require > 0.5 (Hair et al., 1998); (iii) Confirmatory Factor
Analysis (CFA): The model is considered suitable when the Chi-square test has a P value > 0.05. However, the
disadvantage of Chi-square is that it depends on the size of the research sample. The larger the sample size, the larger
the Chi-quare, thereby reducing the suitability of the model. Therefore, in addition to P-value, the standards used are
CMIN/df, in some practical studies, people distinguish between 2 cases: CMIN/df < 5 (with sample N > 200); or
CMIN/df < 3 (when N < 200), the model is considered suitable (Kettinger et al., 1995). In this study, because the
research sample of the graduate student N = 372 > 200, the article will use the standards of Kettinger et al. (1995),
accepting CMIN/df < 5; GFI, TLI, CFI > 0.9; RMSEA < 0.08, the case of RMSEA < 0.05 according to Steiger (1990)
is considered very good. In addition, according to Zikmund et al. (2000), if GFI < 0.9, the model's suitability to
market data is also acceptable. According to Awang (2012) and Forza & Filippini (1998), the model is acceptable if
the values 0.8 < TLI, CFI < 0.9, CMIN/df < 5, RMSEA < 0.08. (iv) Structural equation modeling (SEM).

The research model is shown in Figure 1, with the economic equation of the study corresponding to the model
as:

PCS = f (PEAL PFAI, ATAL, MTAI) (1)
PFP = f (PCS) (2)

PCS PFP

~—— Figure 1: Research model
Source: Construction by the Authors

Variables in the PLS-SEM quantitative model are measured using a 5-level Likert scale (Likert, 1932), the
scale is constructed in 5 levels, with the number 1 describing total disagreement, the number 2 disagreeing, the
number 3 being a neutral rating, the number 4 agreeing, the number 5 strongly agreeing. The number of scales
measuring the variables of this study is built on the basis of the foundation theory and the research overview, shown
in Table 1 as follows:

Table 1. Scales and variables in the research model

No. Code Survey question content Source

I  Perceived Effectiveness of AI (PEAI)

1 PEAI1  Al-driven pricing systems provide accurate and Chong et al. (2018)
effective pricing recommendations.

2 PEAI2 Al technology improves the efficiency of our Wamba et al. (2017)
company’s pricing strategies.
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II

il

10

11

12

13

14

15

16

17

18

19

20

PEAI3

Using Al in pricing has enhanced our ability to
respond quickly to market changes.

Perceived Fairness of AI (PFAI)

PFAI1 Al pricing models are perceived by customers as fair
and unbiased.

PFAI2  Al-driven pricing systems provide transparent
explanations for price differences.

PFAI3  Al-powered pricing ensures equitable treatment of all
customer segments.

AI Adoption Level (AIAL)

ATAL1  Our company uses Al systems for dynamic pricing to
maximize revenue.

AIAL2 Al is fully integrated into our pricing strategies and
decision-making processes.

ATIAL3 Our company has invested significant resources in

adopting Al-based pricing technologies.

Managerial Trust in AI (MTAI)

MTAIl

MTAI2

MTAI3

I trust the AI pricing system to make accurate and
reliable pricing decisions.

Al pricing systems align with our company’s goals and
values.

I believe Al pricing systems prioritize the company’s
performance and customer satisfaction equally.

Perceived Customer Satisfaction with AI-Pricing (PCS)

PCS1

PCS2

PCS3

PCS4

Al-driven pricing enhances customer satisfaction by
offering competitive prices.

Customers perceive value in the prices set by Al
systems.

Al-based pricing systems improve customer trust,
leading to greater satisfaction.

Customers are satisfied with the transparency of
prices set by Al systems.

Perceived Financial Performance of AI-Pricing (PFP)

PFP1

PFP2

PFP3

PFP4

Al-powered pricing has contributed to significant
revenue growth for our company.

Al systems have improved our company’s profitability
by optimizing pricing decisions.

Al-driven pricing has reduced operational costs
associated with manual pricing processes.

The use of AI in pricing has strengthened our
company’s competitive position in the market.

Huang & Rust (2018)

Xia et al. (2004)

Bolton et al. (2003)

Kahneman et al. (1986)

Davenport & Ronanki (2018)

Ransbotham et al. (2017)

Bughin et al. (2018)

Gursoy et al. (2019)

Rai & Sambamurthy (2006)

Madsen & Gregor (2006)

Huang & Rust (2018).

Chung et al. (2020)

L et al. (2019)

Xia et al. (2004)

Chong et al. (2018)

Wamba et al. (2017)

Davenport & Ronanki (2018)

Ransbotham et al. (2017)

Source: Authors’ synthesis based on the theoretical framework
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The model comprises 6 scales and 20 observed variables

In addition, to ensure the study sample size in SEM analysis, based on the recommendations of Bentler &
Chou (1987) proposed a ratio of 5 to 10 surveys for each survey question. Kline (2023) recommends a minimum
sample size of 200 for any SEM analysis or 10 cases per one observation, whichever is greater. Accordingly, the
minimum sample size in this study is n = 10*i (i is the number of observed variables in the model), corresponding to
this study, the sample size will be 10*20 = 200 votes. In order to improve the reliability of the survey information,
the study selects the largest sampling for the model according to one of the above principles.

The target audience of this study includes managers from tourism companies in Vietnam, including
restaurants, hotels, tour operators, and tour operators, who are involved in pricing decisions. These managers have
the knowledge and experience to provide insights into the use and impact of Al-powered pricing systems in their
organization. To ensure the relevance of the data, intentional sampling methods are used. This method ensures that
all participants have firsthand experience with Al-powered pricing systems, which is important for addressing
research questions.

The questionnaire consists of two parts, the first part includes demographic information such as, gender, age
group, education level, job position, years of experience, type of travel company. The second part includes the PEAI,
PFAI, ATAL, MTAI, PCS, PFP variables and the corresponding scales. First of all, the questionnaire will undergo a
pre-examination with a small sample of 2 experts and 2 academics in the industry to ensure clarity, reliability and
relevance to research objectives. Feedback from this inspection will be incorporated to refine the survey instrument.
The final survey will be distributed both online and in person to maximize participation. Online surveys are
administered through Google Drive, while in-person surveys are conducted in the workplace.

Data collection period from March 12, 2024 to July 16, 2024. The research results are based on 372 valid
responses, ensuring sufficient data to conduct statistical analysis. The authors cleaned the data, entered the survey
data into an excel spreadsheet before running the model using SPSS 22 and AMOS 20 software.

During the data collection process, this study strictly adheres to research ethics and ensures the anonymity
and privacy of all participants. Participants were fully informed about the purpose of the study, how their data would
be used, participation in the survey was entirely voluntary, with no pressure or obligation placed on respondents to
complete the questionnaire.

RESULTS AND DISCUSSION
Descriptive statistical analysis

The majority of the respondents are male (58.1%), while female respondents account for 41.9%, indicating a
slight gender imbalance with more male managers participating in the survey. The largest age group is 30—-39 years
old (36.8%), followed by those below 30 years old (30.1%). Managers aged 40—49 years make up 20.4%, and those
aged 50 and above account for 12.6%, suggesting that most respondents are early- to mid-career professionals. In
terms of education, most respondents hold a bachelor's degree (60.8%), while 23.1% have a master's degree. A smaller
proportion has a high school diploma or equivalent (9.7%), and only 6.5% have a doctorate, indicating that the sample
is relatively well-educated with an emphasis on undergraduate and graduate qualifications. The respondents occupy
diverse roles, with Marketing Managers representing the largest group (33.3%), followed by Operations Managers
(28.5%) and Pricing Managers (26.1%). General Managers account for 12.1%, reflecting their smaller involvement in
day-to-day pricing decisions. Regarding experience, most respondents have 5-10 years of experience (37.1%),
followed by those with 11—15 years (30.6%). Managers with less than 5 years of experience account for 22.0%, while
those with more than 15 years make up the smallest group (10.2%), indicating that the majority are seasoned
professionals with significant industry experience. Respondents also represent various tourism company types, with
the hotel sector comprising the largest group (38.2%), followed closely by travel agencies (36.0%). Tour operators
account for 25.8%, reflecting a balanced distribution across different tourism-related companies.
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Table 2. Characteristics of survey subjects

No. Demographic Information Person Percentage(%)
1 Gender Male 216 58.1
Female 156 41.9
2 Age Group Below 30 112 30.1
30-39 137 36.8
40—-49 76 20.4
50 and above 47 12.6
3 Educational High school diploma or equivalent 36 9.70
Qualification
Bachelor’s degree 226 60.8
Master’s degree 86 23.1
Doctorate 24 6.50
4 Job Title/Position General Manager 45 12.1
Pricing Manager 97 26.1
Marketing Manager 124 33.3
Operations Manager 106 28.5
5 Experiences Less than 5 years 82 22.0
5—10 years 138 37.1
11—15 years 114 30.6
More than 15 years 38 10.2
6 Type of Tourism Hotel 142 38.2
Company
Travel agency 134 36.0
Tour operator 96 25.8

Source: Compiled from the survey results
Assess the reliability of the scale

3.2 Testing the reliability of the scale by Cronbach's Alpha reliability coefficient: Cronbach's alpha coefficient
is a statistical test of the degree of coherence and correlation between observed variables in the scale. The results of
the reliability analysis of the scale are detailed in Table 3 below.
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Table 3. Scale analysis results for variables in the SEM model

Scale Mean if Scale Variance Corrected Item- Cronbach's Alpha

Variable Item Deleted if Item Deleted Total Correlation if Item Deleted

Perceived Effectiveness of AI (PEAI):a = 0.809

PEAI1 3.54 0.922 0.683 0.733
PEAI2 3.96 0.894 0.544 0.781
PEAI3 3.59 0.834 0.664 0.745

Perceived Fairness of AI (PFAD:a = 0.783

PFAIl 3.28 1.129 0.533 0.764
PFAI2 3.47 1.037 0.720 0.656
PFAI3 3.93 0.845 0.480 0.780

AI Adoption Level (AIAL):a = 0.776

AIAL1 3.16 1.027 0.596 0.717
ATAL2 2.84 1.010 0.589 0.718
AIAL3 3.23 1.246 0.533 0.750

Managerial Trust in AI (MTAI):a = 0.869

MTAI1 3.81 0.992 0.737 0.825
MTAI2 3.73 0.928 0.745 0.823
MTAI3 3.73 1.032 0.795 0.799

Perceived Customer Satisfaction with AI-Pricing (PCS): a = 0.817

PCS1 2.83 1.188 0.708 0.740
PCS2 2.69 1.359 0.757 0.708
PCS3 2,72 1.348 0.723 0.726
PCS4 2.08 1.285 0.592 0.782

Perceived Financial Performance of AI-Pricing (PFP): a = 0.816

PFP1 3.17 0.864 0.629 0.734
PFP2 3.41 0.821 0.698 0.739
PFP3 3.57 0.871 0.679 0.747
PFP4 3.53 0.805 0.560 0.802

Source: Statistical analysis using SPSS 22 software

After testing the reliability of the scales, the observed variables all had Cronbach's Alpha coefficients greater
than 0.6 and the total variable correlation coefficient greater than 0.3, no observed variables were excluded from the
scale, proving that the observed variables well reflected the concept proposed in the study and qualified for further
analysis.

Exploratory factor analysis

The study used the extraction method with Principal Component Analysis rotation in EFA analysis (Gerbing
& Anderson, 1988) with a load factor of > 0.5 (Hair et al., 1998) for all variables. Table 4 shows that KMO coefficient
= 0.835 > 0.5, Bartlett's Test = 0.000 < 0.05, so factor analysis is suitable.
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Table 4. Test the KMO index

KMO and Bartlett's Test
Kaiser-Meyer-Olkin Measure of Sampling
0.835
Adequacy
Approx. Chi-Square 3087.124
Bartlett's Test of Sphericity df 415
Sig. 0.000

Source: Report extracted from SPSS 22 software

Next, the factor matrix table after rotation will be considered, the analysis results show that the observed
variables have been gathered into 6 groups of variables with the order of the observed variables being kept the same
compared to the originally built variables, the factor load factors are greater than 0.5, so these 6 groups of variables
ensure the convergence value and differentiation value. The initial theoretical model was unchanged and had
practical implications (Table 5).

Table 5. Rotated Component Matrix2

Pattern Matrix2

Component

1 2 3 4 5 6
PEAI2 .919
PEAI1 .904
PEAI3 858
PCS3 933
PCS4 .907
PCS2 .678
PCS1 .651
PFAI2 .887
PFAI1 .881
PFAI3 812
PFP1 .802
PFP2 796
PFP4 .694
PFP3 .665
ATAL1 .919
ATAL2 .882
ATAL3 742
MTAI2 .883
MTAI1 761
MTAI3 .649
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Eigenvalues = 1.012

Total variance extracted = 63.286%

Extraction Method: Principal Component Analysis.
Rotation Method: Promax with Kaiser Normalization.
a. Rotation converged in 6 iterations.

Source: Statistics using SPSS 22 software

Table 5 also shows that, the coefficient Eigenvalue = 1.012 > 1 represents the part of variation explained by
each factor, the drawn factor is the best summary of the information. Total variance Extraction Sums of Squared
Loadings (Cumulative %) = 63.286% > 50%. This proves that 5 independent factors explain 63.286% of the research
model.

CFA and PLS-SEM analysis

Confirmatory factor analysis (CFA) was used to test the model fit and reliability of the final scale. The results
of Confirmatory Factor Analysis and the estimation of the Partial Least Squares Structural Equation Modeling are
illustrated in the Figure 2.
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Figure 2. Summary of confirmatory factor analysis
Source: Data analyzed by the authors using AMOS 20 software

The results of the confirmatory factor analysis indicate that the adjusted Chi-squared value divided by
degrees of freedom (Cmin/df) is 4.27, which is in the range < 5. TLI value = 0.995, greater than 0.9; CFI value =
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0.955 and greater than 0.9; NFI value = 0.984, greater than 0.9; and RMSEA value = 0.032, which is less than 0.05.
Therefore, it can be concluded that the integrated model is suitable for market data as it meets the test criteria.

The study uses a linear structure model (SEM) to test the model and research hypotheses, the results are
shown in Figure 3.
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Figure 3. Results of model regression estimation

The results from Figure 3 show that the adjusted Chi-squared value divided by degrees of freedom (Cmin/df)
is 4.11 in the range of < 5. The TLI = 0.922 value is greater than 0.9; the CFI = 0.923 value exceeds 0.9; the NFI =
0.921 value exceeds 0.9; and the RMSEA = 0.039, which is less than 0.05. Thus, it can be seen that the model is
suitable for real data because it meets the accreditation criteria.

The following table 6 presents the results of hypothesis testing, the significance level of the estimated
coefficients: P < 0.05; the confidence level > 95%. The factors included in the model are statistically significant and
the hypotheses are accepted.

Table 6. Hypothesis test results

Hypothesis Impact Estimate S.E. C.R. P Label
Hi PCS <--- PEAI 0.681 0.061 11.182 R Accept
H2 PCS <--- PFAI 0.036 0.029 1.234 0.217 Refuted
H3 PCS <--- AIAL 0.076 0.021 1.694 0.002 Accept
Hy4 PCS <--- MTAI 0.090 0.028 3.180 0.028 Accept
Hs PFP <--- PCS 0.094 0.089 1.050 0.034 Accept

Source: Statistics obtained by using AMOS 20 software



158 Thi Thanh Nhan Nguyen et al. / J INFORM SYSTEMS ENG,

The study's findings provide valuable insights into the relationships between Al-related factors and their
impact on customer satisfaction and financial performance. The results confirm that Perceived Effectiveness of Al
has the strongest positive and significant impact on Perceived Customer Satisfaction, with an estimate of 0.681 (P <
0.001), highlighting the critical role of AI systems' effectiveness in enhancing customer experiences. However,
Perceived Fairness of Al does not significantly influence PCS, as indicated by its low estimate of 0.036 (P = 0.217),
suggesting that fairness may not be a primary driver of satisfaction in this context or that it requires further
exploration. AI Adoption Level shows a positive and significant impact on PCS, with an estimate of 0.076 (P = 0.002),
indicating that higher levels of Al integration contribute to improved customer satisfaction. Managerial Trust in Al
also significantly affects PCS, with an estimate of 0.090 (P = 0.028), underscoring the importance of managerial
confidence in Al systems to optimize their implementation and effectiveness. Finally, PCS significantly impacts
Perceived Financial Performance, with an estimate of 0.094 (P = 0.034), demonstrating that customer satisfaction
with Al-pricing systems translates into tangible financial benefits, such as increased revenue and profitability.
Overall, the findings strongly support the proposed research model, emphasizing the critical roles of PEAI, ATAL, and
MTALI in driving customer satisfaction, which in turn positively influences financial performance. These results
highlight the importance of leveraging AI technologies effectively, fostering managerial trust, and prioritizing
customer satisfaction to maximize financial outcomes in AI-driven systems.

The results of this study reveal that the perceived effectiveness of artificial intelligence has the strongest
positive and significant impact on perceived customer satisfaction. This finding highlights the critical role of artificial
intelligence systems’ effectiveness in shaping customer satisfaction. When customers perceive artificial intelligence-
driven pricing systems as effective, they are more likely to value the accuracy, reliability, and efficiency of pricing
decisions, which enhances their overall satisfaction. This aligns with prior research, such as Davis (1989), which
established that perceived usefulness - a concept closely tied to effectiveness - is a key factor in user acceptance and
satisfaction. Similarly, Venkatesh & Davis (2000), Yang et al. (2021), Bag et al. (2021), Wang (2024) found that
technologies perceived as effective are more likely to be adopted and positively evaluated by users. Furthermore,
studies like those by Parasuraman et al. (2005) suggest that perceived effectiveness directly impacts trust and
satisfaction, especially in technology-driven interactions. However, other research, such as Binns et al. (2018),
emphasizes that while effectiveness is critical, factors like transparency and fairness may also influence satisfaction,
suggesting a more nuanced relationship. The findings of this study confirm that prioritizing the development and
communication of effective artificial intelligence systems is essential for organizations aiming to improve customer
satisfaction and maintain a competitive edge.

The research results demonstrate that the level of artificial intelligence adoption positively and significantly
affects customer satisfaction. This finding suggests that higher levels of artificial intelligence adoption reflect better
integration and optimization of these systems within organizational processes, which enhances customer interactions
and overall satisfaction. As organizations progressively adopt artificial intelligence, they are likely to benefit from
improved efficiency, accuracy, and personalization in their services, ultimately leading to better customer
experiences. This result aligns with previous research highlighting the incremental benefits of artificial intelligence
adoption. For example, studies such as those by Rai et al. (2019), Shankar (2024), Gatera (2024) emphasize that
organizations adopt artificial intelligence in a phased and strategic manner experience enhanced operational
efficiency and customer engagement over time. Similarly, Brynjolfsson & McAfee (2017) argue that the full potential
of artificial intelligence is often realized only after organizations restructure their workflows and processes to
integrate the technology effectively. These findings underscore the importance of gradual and thoughtful adoption of
artificial intelligence to maximize its impact on customer satisfaction.

The study also found that management confidence in artificial intelligence positively and significantly affects
customer satisfaction. This result highlights the critical role of managers’ trust in artificial intelligence systems in
driving their effective implementation and use, ultimately improving customer satisfaction. When managers trust
artificial intelligence systems, they are more likely to champion their adoption, allocate resources for their
optimization, and ensure their proper integration into organizational processes. This trust fosters confidence in the
system's capabilities, leading to more efficient operations and better customer experiences. Previous research
supports this finding by emphasizing the importance of managerial trust in technology adoption. For instance,
studies by Schoorman et al. (2007) and Susanto (2024) suggest that trust in technology can reduce resistance to
adoption and encourage proactive usage, thereby enhancing performance outcomes. Similarly, Ransbotham et al.
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(2017), Chang et al. (2022) highlight that managerial trust in artificial intelligence fosters a culture of innovation,
enabling organizations to leverage artificial intelligence capabilities effectively for customer-centric improvements.
These findings underscore that managerial trust is not only a driver of artificial intelligence adoption but also a critical
factor in ensuring that these systems are used in ways that maximize customer satisfaction. Building trust at the
managerial level is thus essential for successful artificial intelligence initiatives.

The study results also show that customer satisfaction significantly and positively impacts perceived financial
performance. This finding underscores the critical link between customer satisfaction and financial outcomes,
particularly in the context of Al-driven pricing systems. When customers are satisfied with such systems, they are
more likely to exhibit loyalty, repeat purchasing behavior, and positive word-of-mouth, all of which contribute to
improved financial performance, including increased revenue and profitability. This result aligns with prior research
that consistently identifies customer satisfaction as a key driver of financial success. For instance, Anderson et al.
(1994), Gatera (2024) demonstrated that high levels of customer satisfaction improve customer retention, which in
turn enhances financial performance metrics like profitability and market share. Similarly, Homburg et al. (2005),
Suryawan (2024), Monterey & Borbon (2021) found a direct and positive relationship between customer satisfaction
and revenue generation, emphasizing that satisfied customers are more willing to pay premium prices and remain
loyal even in competitive markets. In the context of Al, systems that deliver accurate and fair pricing foster trust and
satisfaction, ultimately boosting financial outcomes. These findings reinforce the idea that investing in customer
satisfaction, particularly through advanced AI technologies, is not only a customer-centric strategy but also a
financially lucrative one.

However, the results of the study found that perceptions of AI's fairness did not have a significant impact on
perceptions of customer satisfaction. This result suggests that customers may not consider fairness as a key
determinant of their satisfaction with Al-based pricing systems or that travel agencies in Vietnam do not effectively
communicate aspects related to the fairness of these systems. Although fairness is often considered an important
factor in customer reviews, its impact depends on the context of the research. In Vietnam, customers often know little
about how AI systems make pricing decisions, because pricing is a relatively new concept in Vietnam, so customers
may not evaluate or prioritize fairness in pricing models. Customers often focus more on pricing outcomes (e.g.,
affordability and value) rather than process fairness or transparency, making fairness a less important factor in their
satisfaction. Moreover, Vietnamese customers in the tourism industry are often price sensitive. They may prioritize
low prices or perceived value over fairness. The results of this study show a difference from previous studies that
emphasized that perceptions of fairness have a greater impact in situations where customers experience clear
transparency or feel directly affected by pricing decisions. For example, F & Haryanto (2021), Githiri (2018)
demonstrate that price equity positively affects customer satisfaction in the hospitality sector. Similarly, Setiawan et
al. (2020) emphasize that both service quality and price fairness significantly impact customer satisfaction in the
airline industry, reinforcing the importance of perceptions of fairness in enhancing the customer experience.
Findings from this study highlight the need for organizations to proactively promote transparency and educate
customers about equity mechanisms in Al-based pricing systems to enhance their relevance in driving satisfying
outcomes.

CONCLUSION AND RECOMMENDATIONS

The study provides valuable insights into the factors that drive customer satisfaction in the context of the
application of artificial intelligence-based pricing systems and their subsequent impact on financial performance.
The findings highlight the critical role of artificial intelligence's cognitive performance, artificial intelligence's ability
to learn, and managers' trust in artificial intelligence in enhancing customer satisfaction. These factors emphasize
the importance of designing artificial intelligence systems that not only work well, but also demonstrate the ability to
adapt and create trust for managers because these factors together contribute to a positive customer experience.
Furthermore, the study confirms the positive and significant impact of customer satisfaction on the financial
performance of travel companies in Vietnam, which suggests that satisfied customers are more likely to drive revenue
and profit growth of travel companies through loyalty and repeat use of services. However, this study did not find a
statistically significant impact of perceptions of AI-based price fairness on customer satisfaction. This finding reflects
the fact that customers of travel agencies in Vietnam often focus more on pricing outcomes (e.g., affordability and
value) rather than the fairness or transparency of the process making fairness a less important factor in their
satisfaction.
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Based on the research results, the authors propose some recommendations for tourism companies,
specifically as follows:

First, travel companies should focus on improving the perceived efficiency of artificial intelligence systems
by ensuring that their pricing algorithms provide accurate, reliable, and efficient results tailored to the unique
preferences of Vietnamese and international visitors. For example, pricing systems should take into account domestic
travel trends, such as the surge in demand for domestic travel during the April 30 and Lunar New Year holidays or
Lunar New Year or long weekends. Companies should also ensure that these systems provide flexible pricing options
that reflect real-time changes in the actual needs of travelers, such as for flights, hotels, or tour packages, while
maintaining consistency to avoid losing customers with sharp price fluctuations.

Second, fostering regulators' confidence in artificial intelligence systems is critical to the effective
implementation of dynamic pricing based on artificial intelligence. Managers in travel agencies may hesitate to rely
on artificial intelligence due to ignorance or fear of losing control over pricing decisions. To address this, companies
should invest in targeted training programs aimed at equipping managers on how artificial intelligence systems work
and their specific benefits for the tourism industry in Vietnam. For example, managers should be trained how
artificial intelligence can predict customer booking patterns, optimize prices during peak seasons, and improve
revenue management. Clearly communicating these benefits along with case studies of successful AT adoption in the
tourism sector can build trust and encourage managers to support these systems internally.

Third, to maximize the potential of artificial intelligence, travel agencies in Vietnam need to integrate these
systems seamlessly into their organizational processes. Artificial intelligence should not be seen as an isolated tool
but as an integral part of the customer journey. For example, AI-powered chatbots and recommendation systems
need to be paired with pricing tools to provide personalized travel recommendations to customers based on their
interests, travel history, and income. Collaboration between departments such as marketing and sales can help ensure
that artificial intelligence systems are effectively aligned with corporate goals, such as improving customer
engagement and increasing repeat bookings. Integrating artificial intelligence with existing platforms such as mobile
apps or booking websites will also enhance customer convenience and satisfaction.

Finally, travel agencies must increase transparency and fairness communication as perceptions of fairness
have a significant impact on customer trust. Vietnamese travelers are becoming more aware of pricing practices and
may be skeptical of prices driven by artificial intelligence if they feel they lack transparency. Companies should
communicate clearly how their pricing system works, such as by providing information on how prices are determined
and ensuring customers understand factors such as demand, availability, and timing. Providing tools like price
tracking systems or notifications of fare changes can give customers even more peace of mind that prices are objective,
fair, and consistent. In addition, companies should establish feedback channels, such as surveys or customer service
hotlines, where travelers can share pricing concerns or seek clarification on pricing-related inquiries.
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