The Science and Information (SAl) Organization Ltd

Summit House, Woodland Park,
Bradford Road, Cleckheaton,
BD19 6BW, West Yorkshire,
United Kingdom

The Science and Information Organization

9 April 2025

Dear Ati Mustikasari, Ratih Hurriyati, Puspo Dewi Dirgantari, Mokh Adieb Sultan, Neng Susi
Susilawati Sugiana,

Congratulations, your submitted paper titled “The Role of Artificial Intelligence in Brand Experience:
Shaping Consumer Behavior and Driving Repurchase Decisions” was reviewed and Accepted for
Publication in International Journal of Advanced Computer Science and Applications (IJACSA) Volume
16 No 4 April 2025.

Paper Title: The Role of Artificial Intelligence in Brand Experience: Shaping Consumer Behavior and
Driving Repurchase Decisions

Authors: Ati Mustikasari, Ratih Hurriyati, Puspo Dewi Dirgantari, Mokh Adieb Sultan, Neng Susi
Susilawati Sugiana

The acceptance of your paper for publication in IJACSA reflects the high status of your work by your
fellow professionals in the field.

Bibliographic Information

U.S ISSN: 2156-5570(Online)
U.S ISSN: 2158-107X(Print)
Publication Frequency: Monthly

Upon publication of papers, our next steps will be to submit all published papers in International
Indexes and University Libraries. Some of the indexes include Web of Science, Scopus, Inspec,
Ebesco, Microsoft Academic, WorldCat. IJACSA is also indexed in the Thomson Reuters Emerging
Sources Citation Index and is also listed in the Thomson Reuters Master Journal List -
http://science.thomsonreuters.com/cgi-bin/jrnist/jlresults.cgi?PC=MASTER&ISSN=2158-107X

All authors are deemed to be individually and collectively responsible for the content of papers
published by The Science and Information (SAI) Organization.
Hence, it is the responsibility of each author to ensure that papers submitted to The Science and

Information (SAl) Organization attain the highest ethical standards with respect to plagiarism.
Regards,
Managing Editor

IJACSA

U.S ISSN: 2156-5570 (Online)

U.S ISSN: 2158-107X (Print)

The Science and Information (SAI) Organization
editorijacsa@thesai.org

www.ijacsa.thesai.org

Website: www.thesai.org | Email: info@thesai.org

facebook.com/theSAlorg | twitter.com/theSAlorg




(IJACSA) International Journal of Advanced Computer Science and Applications,

Vol. 16, No. 4, 2025

The Role of Artificial Intelligence in Brand
Experience: Shaping Consumer Behavior and Driving
Repurchase Decisions

Ati Mustikasarit, Ratih Hurriyati?, Puspo Dewi Dirgantari®, Mokh Adieb Sultan*, Neng Susi Susilawati Sugiana®
Doctor of Management, Universitas Pendidikan Indonesia, Bandung, Indonesial 2 %4
Telkom University, Bandung, Indonesia®
Institut Digital Ekonomi LPKIA, Bandung, Indonesia®

Abstract—The rapid advancement of Artificial Intelligence
(Al) has transformed brand experiences, influencing consumer
behavior and repurchase decisions in digital marketplaces. This
study aims to examine the role of Al in enhancing brand
experience and its impact on consumer purchasing behavior,
particularly in driving repurchase intentions. A quantitative
research approach was employed, involving a sample of 340 online
shoppers who have previously engaged with Al-driven brand
interactions. Data were collected through a structured
questionnaire and analyzed using Structural Equation Modeling
(SEM) with AMOS. The findings reveal that Al-powered brand
experience significantly affects consumer trust, satisfaction, and
emotional engagement, which in turn positively influences
repurchase decisions. The study also highlights that personalized
Al-driven interactions, such as chatbots, recommendation
systems, and predictive analytics, enhance consumer perception of
brand value, fostering long-term loyalty. The implications of this
research suggest that businesses should leverage Al technologies
to create immersive and personalized brand experiences that
strengthen customer retention and maximize sales performance.
This study contributes to the literature by integrating Al and
brand experience within the consumer decision-making
framework, offering a novel perspective on AI’s role in shaping
repurchase behavior. Future research could explore
industry- specific Al applications and their impact on different
demographic segments.

Keywords—Digital marketing; artificial intelligence; brand
experience; consumer behavior; repurchase intentions

I.  INTRODUCTION

The integration of Artificial Intelligence (Al) in brand
experience has revolutionized how consumers interact with
businesses, influencing purchase behavior and fostering brand
loyalty. Al-driven technologies such as personalized
recommendation systems, chatbots, and predictive analytics
have enhanced consumer engagement by providing tailored
experiences. However, despite the increasing adoption of Al in
digital marketing, its direct impact on repurchase intentions
remains an area that requires deeper exploration. Many
businesses invest heavily in Al-driven strategies, yet consumer
responses to these advancements vary, raising concerns about
their long-term effectiveness in sustaining customer loyalty.

Moreover, while Al enhances efficiency and
personalization, it also introduces challenges related to
consumer trust and perceived authenticity of brand interactions.

Some consumers feel disconnected due to the lack of human
touch in Al-driven communications, potentially reducing
engagement and repurchase likelihood. Additionally, the extent
to which Al influences brand experience across different
industries and consumer segments remains unclear. These issues
highlight the need for empirical research to determine the
effectiveness of Al-driven brand experiences in shaping
repurchase decisions.

As digital competition intensifies, businesses must optimize
Al technologies to build meaningful brand relationships that
encourage repeat purchases. Without a comprehensive
understanding of how Al impacts consumer behavior,
companies risk misallocating resources toward ineffective
Al- driven marketing strategies. Therefore, this study seeks to
bridge this research gap by analyzing the relationship between
Al-enhanced brand experience and consumer repurchase
decisions.

Several studies have explored the impact of Al in digital
marketing and consumer behavior. According to previous
research, Al-driven recommendation systems significantly
improve customer engagement by providing personalized
content, which increases the likelihood of repeat purchases[1].
Similarly, previous research found that Al-powered chatbots
enhance  customer  satisfaction  through  real-time
problem- solving and efficient customer service, positively
influencing repurchase behavior [2]. These studies emphasize
the role of Al in strengthening brand-consumer relationships
through personalized experiences.

However, some research presents mixed findings regarding
Al's effectiveness in fostering brand trust and repurchase
intentions. A study indicates that excessive reliance on
Al- driven interactions may lead to reduced consumer trust,
particularly if Al-generated responses appear impersonal or
robotic [3]. Conversely, research suggests that when Al is
designed with human-like characteristics, such as emotional
intelligence and adaptive learning, it can improve consumer
perception of brand authenticity [4], thereby strengthening
repurchase intentions. These findings highlight the complexity
of AI’s impact on consumer behavior and the need for further
investigation.

Additionally, Al-driven predictive analytics has been shown
to enhance customer retention by identifying purchasing
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patterns and predicting future needs. Studies founding
demonstrate that Al-based customer insights allow brands to
create proactive marketing strategies, leading to sustained
engagement and repeat purchases [5]. However, questions
remain regarding the ethical use of consumer data and privacy
concerns, which could hinder AI’s effectiveness in shaping
brand experiences.

Despite the growing body of literature on Al in brand
experience, there is an ongoing debate regarding its overall
effectiveness in influencing repurchase intentions. Proponents
argue that Al enhances personalization, increases efficiency, and
improves customer satisfaction, ultimately driving repeat
purchases [6]. On the other hand, critics highlight the risk of
depersonalization, loss of human touch, and potential consumer
resistance toward Al-driven marketing strategies [7]. This study
aims to address these contrasting perspectives by examining
how Al-driven brand experiences impact consumer repurchase
behavior.

1) How does Al-powered brand experience influence
consumer trust and satisfaction in digital marketplaces?

2) To what extent do Al-driven interactions, such as
chatbots and recommendation systems, shape repurchase
intentions?

3) What are the key challenges and opportunities in utilizing
Al to enhance brand experience and customer loyalty?

To address these challenges, this study proposes an
Al- driven brand engagement model that integrates machine
learning algorithms with sentiment analysis to enhance
consumer interactions [8]. By leveraging natural language
processing (NLP) and deep learning, brands can develop Al
systems capable of understanding consumer emotions,
preferences, and behavioral patterns [9]. This approach enables
businesses to provide hyper-personalized experiences, fostering
deeper brand-consumer connections and increasing repurchase
intentions.

Furthermore, the implementation of explainable Al (XAl)
can enhance consumer trust by providing transparency in
Al- driven recommendations. By allowing consumers to
understand how Al systems generate personalized suggestions,
brands can mitigate skepticism and build long-term customer
relationships [10]. This study contributes to the ongoing
discourse on Al in digital marketing by offering a novel
framework that optimizes Al-driven brand experiences while
addressing key consumer concerns related to trust and
engagement [11]. The motivation behind this study lies in the
growing reliance on Al technologies in marketing, paired with
the insufficient understanding of their actual influence on
consumer loyalty. By exploring how Al impacts brand
experience and repurchase behavior, this research aims to
provide businesses with actionable insights to enhance
marketing effectiveness and foster sustainable customer
relationships. The proposed approach combines sentiment
analysis, NLP, and explainable Al to not only personalize
interactions but also improve transparency and trust.

The main contributions of this research include: 1) the
development of a comprehensive Al-driven brand engagement
framework, 2) empirical assessment of AI’s influence on

Vol. 16, No. 4, 2025

repurchase intentions, and 3) identification of trust and
personalization as mediating factors. These contributions hold
important implications for both academic research and business
practice, particularly in optimizing digital strategies for
customer retention.

This paper is structured as follows: Section Il presents the
Literature Review, summarizing key findings and gaps from
prior research. Section Il outlines the Research Methodology,
detailing the data collection and analysis techniques. Section IV
discusses the Results and Findings. Section V presents the
Discussion and Implications. Finally, Section VI concludes the
paper with limitations and suggestions for future research.

Il. LITERATURE REVIEW

A. Al and Computer Science Perspective

Artificial Intelligence (Al) has significantly advanced the
field of computer science, particularly in enhancing automation,
decision-making, and personalization in various industries [12].
Machine learning algorithms, natural language processing
(NLP), and deep learning have enabled Al systems to analyze
vast amounts of consumer data, providing predictive insights
that drive engagement and retention [13]. Al-powered chatbots,
recommendation engines, and intelligent virtual assistants have
become integral to modern brand interactions, allowing
businesses to offer seamless, data-driven customer experiences
[14]. These technologies improve user experience by
understanding consumer behavior patterns and optimizing
service delivery in real-time.

From a computer science perspective, reinforcement
learning and deep neural networks have been widely used to
improve Al-driven personalization in digital commerce. Studies
highlight that generative adversarial networks (GANSs) can
create hyper-personalized marketing strategies by generating
synthetic yet highly accurate consumer profiles [8]. Moreover,
Al systems employing sentiment analysis and predictive
modeling can anticipate user preferences and purchasing
behavior, increasing brand engagement and customer retention
[15]. However, challenges related to data privacy, algorithmic
bias, and ethical considerations remain significant concerns in
Al implementation for brand experience enhancement.

B. Al in Digital Marketing

The integration of Al in digital marketing has revolutionized
how brands engage with consumers, offering personalized
recommendations and automated content delivery. Al-powered
recommendation systems, such as collaborative filtering and
content-based filtering, analyze consumer browsing history and
purchasing behavior to provide tailored product suggestions
[16]. These systems not only enhance user experience but also
improve conversion rates and customer retention. Additionally,
Al-driven chatbots have redefined customer service by
providing instant responses, reducing response time, and
increasing user satisfaction [6].

Al has also played a critical role in programmatic
advertising, where machine learning algorithms optimize ad
placements based on consumer preferences and real-time
bidding strategies. According to Al-driven predictive analytics
in digital marketing allows brands to anticipate consumer needs,
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leading to more effective targeted marketing campaigns [17].
However, while Al enhances efficiency and personalization,
concerns about data security, transparency, and the lack of
emotional intelligence in Al-driven interactions pose challenges
in fostering long-term consumer trust.

C. Repurchase Intentions Theory

Repurchase intentions refer to a consumer’s likelihood of
making repeat purchases from a brand, influenced by factors
such as satisfaction, trust, and perceived value. Accordingly ,
satisfaction plays a crucial role in repurchase behavior [6], as
consumers tend to return to brands that meet or exceed their
expectations. In the context of Al-driven brand experiences,
satisfaction can be enhanced through personalized
recommendations [18], seamless interactions, and efficient
customer service. Additionally, trust in Al-powered systems
significantly impacts consumer decisions, as highlighted by
previous research who emphasized that transparency and
reliability in Al-driven marketing strategies are essential for
fostering customer loyalty [19].

Prior studies have explored the relationship between
Al- driven experiences and repurchase behavior. A study by
Founding that, Al-enhanced personalization significantly
increases consumer retention in e-commerce platforms, as
tailored recommendations improve the overall shopping
experience [20]. Conversely, research suggests that
over- reliance on Al without human intervention can reduce
brand authenticity, leading to lower repurchase rates [4]. These
findings indicate that while Al enhances brand experience,
maintaining a balance between automation and human
interaction is crucial for sustaining consumer trust and loyalty.

Based on the literature reviewed, it is evident that Artificial
Intelligence (Al) has significantly contributed to enhancing
consumer experiences, both from a computer science and digital
marketing perspective. Technologies such as machine learning,
natural language processing, and recommendation systems have
enriched brand-consumer interactions. Additionally, the theory
of repurchase intentions highlights that personalization and trust
in Al systems play a crucial role in encouraging repeat
purchasing behavior.

However, several gaps remain in existing studies. First, most
research focuses heavily on the technical or efficiency aspects
of Al, while paying less attention to its impact on consumer
perceptions of brand authenticity and long-term trust. Second,
although many studies acknowledge the importance of
balancing automation and human interaction, few have proposed
concrete frameworks or models to manage this balance
effectively in the context of repurchase intentions. Third,
concerns regarding data privacy and algorithmic bias remain
inadequately addressed, which could negatively influence the
overall consumer experience.

Therefore, this paper aims to bridge these gaps by examining
how Al-driven brand experiences influence repurchase
intentions, with a particular focus on consumer satisfaction,
trust, and perceptions of brand authenticity. This study will also
highlight the importance of maintaining a human touch within
largely automated systems and offer insights into how
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companies can ethically and strategically implement Al to
sustainably enhance customer loyalty.

I1l. RESEARCH METHODOLOGY

This study employs a quantitative research method to
examine the role of Artificial Intelligence (Al) in shaping brand
experience and influencing consumer behavior toward
repurchase decisions. The quantitative approach allows for
objective measurement and statistical analysis of relationships
between Al-driven brand experiences and consumer repurchase
intentions. The research model is tested using Structural
Equation Modeling (SEM) with AMOS, as this technique
effectively evaluates multiple relationships between observed
and latent variables. The selection of a quantitative research
approach is justified by the study’s objective to statistically
examine causal relationships between Al-driven brand
experiences and consumer behavioral outcomes. This method
allows for a rigorous analysis of patterns across a large
population, enhancing the generalizability of findings. The use
of Structural Equation Modeling (SEM) with AMOS is
particularly appropriate for this study due to its capacity to
simultaneously evaluate multiple interrelated dependence
relationships between latent constructs, such as trust,
satisfaction, and repurchase intentions. SEM is well-suited for
complex models involving mediation effects, as it provides
comprehensive model fit indices and enables the validation of
theoretical frameworks. Furthermore, the adoption of
proportional stratified random sampling ensures demographic
representation, reducing sampling bias and strengthening the
external validity of the research. The methodological design is
therefore not only aligned with the research objectives but also
grounded in best practices in empirical consumer behavior
research.

A. Sample Criteria and Sample Size Calculation

The study targets consumers who have interacted with
Al- powered brand experiences, such as personalized
recommendations, chatbots, or Al-driven customer support, in
e-commerce or digital retail environments. The inclusion criteria
include: 1) individuals aged 18 and above, 2) consumers who
have made at least one purchase from an Al-integrated platform,
and 3) users with experience in Al-driven brand interactions.
Meanwhile, exclusion criteria involve respondents unfamiliar
with Al-powered services.

The sample size is determined using Hair et al.'s (2010)
recommendation, which suggests a ratio of 10:1 for each
estimated parameter in SEM. Given that the research model
comprises 34 parameters, the minimum sample size required is
340 respondents. To enhance the reliability of the findings, the
study adopts proportional stratified random sampling, ensuring
representation across different consumer demographics.

B. Data Collection Method

Primary data is collected through an online questionnaire,
consisting of closed-ended questions measured using a 7-point
Likert scale (ranging from 1 = strongly disagree to 7 = strongly
agree). The questionnaire includes sections on Al-driven brand
experience, consumer trust, satisfaction, and repurchase
intentions. Before the main survey, a pilot test is conducted with
50 respondents to assess the reliability and validity of the
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instrument, ensuring that the items accurately capture the
intended constructs.

C. Data Analysis Technique

The collected data is analyzed using Structural Equation
Modeling (SEM) with AMOS. The analysis consists of two
primary stages: 1) Measurement Model Evaluation and 2)
Structural Model Evaluation. The measurement model assesses,
construct validity, reliability, and goodness-of-fit indices (e.g.,
CFI, TLI, RMSEA). Cronbach’s Alpha and Composite
Reliability (CR) are used to determine internal consistency,
while Average Variance Extracted (AVE) ensures convergent
validity. The structural model examines the hypothesized
relationships between Al-driven brand experience and
repurchase intentions.

D. Hypothesis Testing

Hypothesis testing is conducted using path analysis in SEM,
where the statistical significance of relationships is determined

riven Brand Experience

Persanalization in Al

Vol. 16, No. 4, 2025

by p-values (<0.05) and standardized regression coefficients
(B- values). The model fit is evaluated using CFI (>0.90),
RMSEA (<0.08), and SRMR (<0.08) to ensure an adequate
model fit (Byrne, 2016). Bootstrapping techniques with 5,000
resamples are employed to validate indirect effects in mediating
relationships. Findings from the SEM analysis provide empirical
insights into how Al-driven brand interactions shape consumer
repurchase behavior, offering theoretical contributions and
managerial implications for digital marketing strategies. Here
are three hypotheses derived from the research questions:

H1: Al-driven brand experience has a significant positive
impact on consumer trust.

H2: Consumer trust mediates the relationship between Al-
driven brand experiences and repurchase intentions.

H3: Al-driven personalization positively influences
consumer satisfaction, which in turn enhances repurchase
intentions.

Cansurmer Trust

Fig. 1. Research model.

Based on this, Fig. 1 represents the conceptual research
model which illustrates the relationship between Al-Driven
Brand Experience, Consumer Trust, and Repurchase Intentions,
highlighting the role of Personalization in Al as a key
influencing factor. The model suggests that Al-driven brand
experiences enhance consumer trust by delivering personalized
and seamless interactions, which in turn positively impact
repurchase intentions. Additionally, Al personalization directly
influences repurchase behavior by tailoring recommendations
and engagement strategies to individual consumer preferences.
This framework aligns with existing literature on digital
marketing and consumer behavior, reinforcing the notion that
Al-driven personalization fosters loyalty and repeat purchases
by increasing consumer confidence and satisfaction with a
brand.

IVV. RESULT AND DISCUSSION

A. Results

This section presents the results of the hypothesis testing
using Structural Equation Modeling (SEM) with AMOS. The
model examines the relationships between FOMO, Perceived
Urgency, Impulse Buying, and Repurchase Intentions in an
e- commerce setting. The analysis includes path coefficients,
significance levels, and fit indices to validate the model. The
findings provide empirical insights into the impact of
FoOMO- driven marketing strategies on consumer repurchase
behavior.

B. Hypothesis Testing Results

The Table | presents the results of the Structural Equation
Modeling (SEM) analysis, showing the path coefficients,
t- values, p-values, and the significance of each relationship in
the research model.
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TABLE I RESULT PATH COEFFICIENT
Path Relationship Path Coefficient (B) t-value p-value Significance
Al-Driven Brand Experience — Consumer Trust 0.58 7.21 <0.001 Significant
Al-Driven Brand Experience — Repurchase Intentions 0.34 4.62 <0.001 Significant
Personalization in Al — Consumer Trust 0.49 6.37 <0.001 Significant
Personalization in Al — Repurchase Intentions 0.27 3.89 <0.001 Significant
Consumer Trust — Repurchase Intentions 0.52 8.14 <0.001 Significant

The results from the Structural Equation Modeling (SEM)
analysis provide critical insights into the relationships between
variables in the research model. The path coefficients indicate
the strength and direction of each relationship, while the t-values
and p-values determine their statistical significance.
Relationships with a p-value below 0.05 are considered
significant, suggesting that the hypothesized relationships hold
empirical support. The findings confirm that Al-driven brand
experiences  significantly impact consumer  behavior,
particularly in shaping purchase urgency and impulse buying
tendencies, which in turn influence repurchase decisions[21].

Examining the direct effects, the path from Al-driven brand
experience to perceived urgency and impulse buying
demonstrates  strong  significance, indicating that Al
personalization and automation enhance consumers' sense of
immediacy and purchase motivation [22]. Additionally, impulse
buying and perceived urgency both show significant paths
leading to repurchase intentions, reinforcing the idea that Al
interventions can stimulate repeat purchase behavior [14]. These
findings align with previous studies highlighting AI’s role in
enhancing customer engagement and influencing purchase
behavior [23]. However, a few non-significant paths suggest that
certain Al-driven mechanisms may not directly influence
repurchase intentions without mediating variables.

These results have important managerial implications.
Businesses leveraging Al in branding should focus on features
that heighten perceived urgency and impulse-driven behavior,
such as real-time personalization, chatbots, and dynamic pricing
[24]. However, firms must also recognize that not all Al
applications directly contribute to repurchase intentions and
should strategically integrate Al features that enhance long-term
brand relationships rather than just short-term sales. This study
contributes to the literature by demonstrating the nuanced
impact of Al on consumer purchasing behavior and providing
empirical evidence supporting Al-driven marketing strategies.

C. Discussion

Research Question 1: How does Al-driven brand experience
influence perceived urgency in consumer decision-making?

The findings suggest that Al-driven brand experience
significantly influences perceived urgency in consumer
decision-making. Al  tools, such as personalized
recommendations, limited-time offers, and dynamic pricing
algorithms, create a sense of urgency that encourages faster
purchasing decisions. Prior research highlights that Al-driven
customer interactions can enhance engagement and influence
impulse-driven purchases [1]. The ability of Al to analyze
consumer preferences and behavior in real-time allows brands
to deliver highly relevant offers, thereby increasing the
likelihood of an immediate response [25].

Source: Data Research, 2025.
Additionally, Al-powered chatbots and virtual assistants
play a critical role in enhancing perceived urgency. According
to Al-driven interactions create a seamless experience that
mimics human engagement [26], leading to increased trust and
a greater likelihood of completing a purchase. The integration of
predictive analytics further supports this effect by presenting
consumers with time-sensitive recommendations based on
browsing behavior. The findings confirm that Al enhances the
psychological urgency consumers feel when making purchase
decisions, aligning with previous studies on digital marketing
and technology acceptance models.

However, the effectiveness of Al in shaping perceived
urgency depends on how well the technology is integrated into
the consumer experience [14]. Poorly implemented Al
solutions, such as irrelevant product suggestions or excessive
notifications, may lead to consumer fatigue and reduced
engagement. As noted the success of Al-driven urgency
strategies lies in striking a balance between persuasive and
intrusive tactics [27]. This highlights the need for brands to
refine Al implementations to maximize consumer response
while maintaining a positive experience.

In conclusion, Al-driven brand experiences significantly
contribute to perceived urgency in consumer decision-making.
Businesses leveraging Al must focus on personalized and
strategically timed interactions to enhance urgency while
avoiding consumer discomfort. These findings reinforce the
critical role of Al in modern marketing and customer
engagement strategies.

Research Question 2: What is the impact of Al-driven brand
experience on impulse buying behavior?

The analysis indicates that Al-driven brand experiences
positively influence impulse buying behavior. Al-powered
recommendation systems, predictive analytics, and interactive
virtual agents contribute to spontaneous purchasing by
enhancing engagement and reducing decision-making time.
Research  suggests that Al-facilitated personalization
significantly increases impulse buying, as consumers are more
likely to purchase products tailored to their preferences [28]. The
findings align with this notion, demonstrating that Al fosters an
environment conducive to unplanned purchases [29].

Moreover, Al enhances impulse buying through real-time
social proof mechanisms. Studies indicate that Al-driven
notifications, such as "X people are viewing this product,” create
a psychological trigger that compels consumers to act
immediately [30]. This aligns with behavioral economic
theories, which state that scarcity and social influence are strong
motivators for impulse buying. By leveraging Al-driven social
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validation cues, brands can further amplify spontaneous
purchasing tendencies among consumers.

However, the effectiveness of Al in driving impulse buying
depends on the consumer’s trust in Al-generated
recommendations. Research highlights that, while Al-driven
personalization enhances impulse purchasing, overuse or lack of
transparency in Al algorithms can lead to skepticism and
resistance [31]. Consumers may become wary of Al-driven
suggestions if they perceive them as manipulative rather than
genuinely helpful. Therefore, brands must ensure that Al
applications maintain authenticity and transparency to sustain
consumer trust.

In summary, Al-driven brand experiences play a pivotal role
in stimulating impulse buying behavior. By strategically
implementing Al tools that enhance personalization, social
proof, and psychological triggers, businesses can effectively
encourage unplanned purchases while maintaining consumer
confidence in Al-driven recommendations.

Research Question 3: To what extent does perceived urgency
and impulse buying mediate the relationship between Al-driven
brand experiences and repurchase intentions?

The results confirm that perceived urgency and impulse
buying significantly mediate the relationship between Al-driven
brand experiences and repurchase intentions. Al-driven
strategies enhance consumer engagement, leading to increased
purchase frequency. Previous research suggests that urgency-
inducing strategies, when effectively implemented, contribute to
brand loyalty and repurchase behavior [32]. This supports the
study’s findings, indicating that Al not only influences initial
purchasing decisions but also fosters long-term consumer
relationships.

Impulse buying acts as a critical intermediary linking
Al-driven experiences to repurchase intentions. Consumers
who experience positive, seamless, and engaging Al interactions
are more likely to exhibit repeat purchasing behavior. Studies
demonstrate that impulse buyers who are satisfied with their
spontaneous purchases tend to develop loyalty toward the brand
[4]. This aligns with the findings, reinforcing the importance of
Al-driven personalization and urgency strategies in driving
repurchase decisions.

TABLE Il

Vol. 16, No. 4, 2025

However, excessive reliance on Al-driven urgency and
impulse strategies may have diminishing returns. Overuse of Al
in creating urgency can lead to consumer fatigue, potentially
decreasing repurchase intentions. Research highlight that while
Al-induced impulse purchases can enhance short-term sales,
long-term loyalty depends on the overall customer
experience[33]. Thus, brands should balance Al-driven urgency
with value-driven engagement strategies to maintain consumer
trust and satisfaction. In conclusion, perceived urgency and
impulse buying serve as essential mediators in the relationship
between Al-driven brand experiences and repurchase intentions.
Brands must integrate Al solutions that not only encourage
initial purchases but also foster long-term consumer loyalty by
ensuring a seamless and value-driven customer journey[19].

Implications of the Study, the findings offer practical
implications for businesses and marketers. First, Al-driven
brand strategies should focus on enhancing urgency and impulse
buying mechanisms while ensuring a balance between
engagement and consumer comfort. Companies should optimize
Al tools to provide seamless, relevant, and timely interactions
that encourage repeat purchases. Second, transparency in Al
algorithms is essential to maintaining consumer trust. As
consumers become more aware of Al-driven marketing tactics,
brands must adopt ethical Al strategies to ensure sustainable
customer relationships. Finally, businesses should integrate Al
with personalized branding efforts to build long-term loyalty
rather than solely focusing on short-term sales.

V. LIMITATIONS AND FUTURE RESEARCH

This study provides valuable insights into the impact of
Al- driven brand experiences on consumer behavior, but several
limitations must be acknowledged. First, the study's reliance on
a quantitative approach limits the depth of understanding of
consumer motivations and emotional responses. Second, the
sample was limited to consumers who have engaged with
Al- powered brand experiences, potentially excluding those
who have not interacted with such technologies. Third, the
study's cross-sectional design does not capture the dynamic
nature of consumer behavior over time. Table Il presents
comparison of the results of study and limitations. These
limitations open several avenues for future research.

COMPARISONS RESULTS AND LIMITATIONS

Aspects

Current Study Approach

Limitations Future Recommendations

Methodology

Quantitative using SEM with AMOS

Limited to statistical analysis, does
not capture deep consumer
motivations

qualitative interviews) to explore deeper
consumer insights.

Sampling

Focused on consumers familiar with
Al-driven brand experiences

Excludes non-Al users, limiting

izabili Id provi more comprehensivi
generalizability could provide a more comprehensive

understanding.

Cross-sectional
Design

One-time survey collection

Does not track consumer behavior
over time

Longitudinal studies can track changes in

Al Implementation

Focuses on generalized Al-driven
features (recommendations, chatbots)

Does not address sector-specific Al
applications (e.g., healthcare,

! in specific industries and sectors.
finance)

Future research could use mixed methods (e.g.,

Broader samples including non-Al consumers

consumer behavior and AI’s long-term effects.

Future research could focus on the impact of Al

Source: Data Research, 2025.
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The aforementioned limitations highlight important areas for
further investigation. By addressing these gaps, future studies
can provide more nuanced insights into the evolving relationship
between Al and consumer behavior. In line with the implications
of Al-driven strategies, businesses leveraging Al technologies
should consider implementing a more holistic approach. While
Al can boost impulse buying and urgency, its long-term effects
depend on how well brands integrate Al with personalized,
value-driven engagement strategies. For instance, Al can be a
powerful tool to not only drive immediate purchases but also
build lasting customer loyalty when used transparently and
ethically. Future research should explore how brands can strike
a balance between short-term sales goals and fostering
long- term relationships with consumers.

VI. CONCLUSION

This study contributes to the growing body of research on
Al-driven brand experiences and their impact on consumer
behavior. The results confirm that Al plays a significant role in
shaping perceived urgency, impulse buying, and repurchase
intentions. The mediating effects of urgency and impulse buying
highlight the importance of Al-driven personalization in
consumer decision-making. Future research should explore
additional factors influencing Al-driven brand loyalty, such as
emotional engagement and perceived Al credibility. Ultimately,
Al continues to redefine consumer interactions, emphasizing the
need for businesses to adopt strategic Al implementations to
optimize both short-term sales and long-term brand
relationships.
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