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Abstract— The rapid advancement of Artificial Intelligence
(Al) has transformed brand experiences, influencing consi
behavior and repurchase decisions in digital marketplaces.
study aims to examine the role of AI 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 wl ve 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 AI-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 s hen customer retention and maximize
sales performance. study contributes to the literature by
integrating AI 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 AI applications and their impact on
different demographic segments.
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I ODUCTION (Heading 1)

The integration of Artificial Intelligence (AD) in brand
experience has revolutionized how consumers interact with
businesses, influencing purchasing behavior and fostering
brand loyalty. Al-driven technologies such as personalized
recommendation systems, chatbots, and predictive analytics
have enhanced consumer en nt 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 nvest heavily in Al-driven strategies, yet consumer
responses to these advancements vary, raising concems 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 toffird ineffective Al-
driven marketing strategies. Therefore, this swudy 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 mfluencing
repurchase behavior|2 |. These studies emphasize the role of Al
in strengthening brand-consumer relationships  through
personalized experiences.

However, some research presents mixed findings re garding
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 leaming, it can improve consumer
perception of brand authenticity[4], thereby stengthening
repurchase intentions. These findings highlight the complexity
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of Al'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
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
concems, which could hinder Al's effectiveness in shaping

brﬁgcxpericnccs.

spite 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 cons
resistance toward Al-driven marketing swategies [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 1o enhance brand experience and
customer loyalty?

To address these challenges, this study proposes an Al-
driven brand engagement model that integrates machine
leaming algorithms with sentiment anal 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 (XAI)
can enhance consumer trust by providing transparency in Al-
driven recommendations. By allowing consumers to
understand how Al systems generate personalized suggestions,
brands can miligm%&pticism and build long-term customer
relationships[10]. 18 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 concems related to tust and
engagement[11].
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II. LITERATURREVIEW

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]. Mafline leaming algorithms, natural language
processing (NLP), and deep leaming 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 virtal
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 pemspective, reinforcement
leaming and deep neural networks have been widely used to
improve Al-driven personalization in digital commerce.
Studies highlight that generative adversarial networks (GANs)
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 fBrand engagement and
customer retention[15]. However, challenges related to data
privacy, algorithmic bias, and ethical considerations remain
significant concems in Al implementation for brand experience
engancement.

B. Al'in Digital Marketing

The integraton of Al in digital marketing has
revolutionized how brands engage with consumers, offering
personalized recommendations and automated ﬂontcnl
delivery. Al-powered recommendation systems, such as
collaborative filterimg and content-based filtering, analyze
consumer browsing history and purchasing behavior lﬂ)mvidc
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,
reducingresponse 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, leading to more effective targeted marketing
campaigns[17]. However, while Al enhances efficiency and
personalization, concems 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. According ,
satisfaction plays a crucial role in repurchase behavior(6], as
consumers tend to return to brands that meet or exceed their
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expectations. In the context of Al-driven brand experiences,
satisfacion can be enhanced through personalized
recommendations[ 18], seamless nteractions, 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
l'ostcringansmmer loyalty[19].

Prior studies have explored the relationship between Al-
driven experiences and repurchase behavior. A study by
Founding that Alenhanced 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 «yial for sustaining consumer trust and loyalty.

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{GHiven 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.

Sample Criteria and Sample Size Calculation

The study targets consumers who have interacted with Al-
powered brand experiences, such as pemsonalized
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 mtio of 10:1 for each
estimated parameter in SEM. Given that the research model
comprises 34 para . the mmimum sample size required 13
340 respondents. To e a& the reliability of the findings, the
study adopts proportional stratified random sampling, ensuring
representation across different consumer demographics.

Datay Collection Method

Primaraiam is collected through an online questionnaire,
consisting of closed-ended questions measured using a 7-point
Likent 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 ain survey, a pilot test is conducted
with 50 respondents 1o assess the reliability and validity of the
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instrument, ensuring that the items accurately capture the
intended constppats.

Data Analysis Technique

The collected data is analyzed using Structural Equation
Modelin ) with AMOS. The analysis consists of two
primary stages: (1) Measurement Model Evaluation and (2)
Structural Model Evaluation. The surement model assesses
construct validity, reliabflell, and goodness-of-fit indices (e .g..
CFL, TLL RMSEA). Cronbach’s Alpha and Composite
Re]iabm (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.

Hypothesis Testing

Hypothesis testing is conducted using path analysis in
SEM, where the statistical significance of relationships is
determined by p-values (<005) and standardized regres
coefficients (f-values). The model fit is evaluated using CFI
(=090), RMSEA (<008), and SRMR (<0 08) to ensure an
adequate model fit (Byme, 2016). Bootstrapping techniques
with 5000 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 strate gies. Here are three hypotheses derived
from the research questions:

HI: Al-driven brand experience % a significant positive

impact on consumer l.

H2: Consumer trust mediates the relationship between Al-

driven brand experience and repurchase intentions.

H3: Al-driven personalization positively influences consumer

satisfaction, which in turn enhances repurchase intentions.
Al-Driven Brand Experience and Repurchase Intentions

iriven Brand Experience Gensumer Trust

Repurchase Intention

Persanalization in Al

Fig 1. Research Model
Base on Fig 1. represents The conceptual research
model illusoe@8s the relationship between AFDriven Brand

Experience, sumer Trust, and Repurchase Intentions,
highlighting the role of Personalization in Al as a key

3IPage

www.thesai.org




f”ACSA) International Journal of Advanced Computer Science and Applications

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.

Vol. XXX, No. XXX, 2024
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IV. RESULT AND DISCUSSION

Thaseclion 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 feffvalidate the model. The findings provide
empirical msights into the impact of FoMO-driven
marketing strategies on consumer repurchase behavior.

Hypothesis Testing Resull

The Table 1 presents !Ee results of the Strucpeil
Equation Modeling (SEM) analysis, showing the path
coefficients, t-values, p-values, and the significance of

each  relationship in the  research model.
Table 1. Result path Coeficient

ﬂh Relationship Path Coefficient ()  t-value p-value Significance
Al-Driven Brand Experience — Consumer Trust 058 7.21 <0001 Significant
Al-Driven Brand Experience — Repurchase Intentions 034 4.62 <0001 Significant
Personalization in Al — Consumer Trust 049 6.37 <0001 Significant
Personalization in Al — Repurchase Intentions 027 3.89 <0.001 Significant
Consumer Trust — Repurchase Intentions 052 8.14 <0.001 Significant

Source: Data Res

The The results from the Structural Equation Modeling
(SEM) analysis provide critical insights into the raonships
between variables in the research model. The path coefficients
indicate the strength and direction of each relationship, while
the tvalues and p-values rmine 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 tum influence repurchase
decisions[21].

Examming 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 behavio .
These findings align with previous studies highlighting Al's
role i 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

ch,2025.

pricing[24]. However, firms must also recognize that not all Al
applications directly contribute to repurchase mtentions and
should strategically integrate Al feawres that enhance Wydg-
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.

DISCUSSION

Research Question 1: How does Al-driven brand
experience influence perceived urgency in comsumer
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
impulsc-dc:n 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].

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
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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 swdies on digital marketing and technology
acceptance modcls.E

However, the effectiveness of Al in shaping
perceived urgency depends on how well the technology is
integrated into the consumer experience[l4]. Poorly
implemented Al solutions, such as imelevant 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 experences
significantly contribute to perceived urgency in consumer
decision-making. Businesses leveraging Al must focus on
personalized and strategically timed inLcmcticu) enhance
urgency while avoiding consumer discomfort. These findings
reinforce the critical ole of Al n modem 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 bindicate 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 validation cues, brands can further
amplify sponlanw%)urchasingLcndcncics 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.

Vol. XXX, No. XXX, 2024

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 w xtent does perceived
urgency and impulse buying mediate the relationship
between Al-driven brand experience and repurchase
intentions?

The results conﬁrml perceived urgency and impulse
buying significantly mediate the relationship between Al-
driven brand experience 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.

However, excessive reliance on Al-driven urgency
and impulse strategies may have diminishing retums. Overuse
of Al in creating wgency can lead to consumer fatigue,
potentially decreasing repurchase intentions. Research highligt
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 experience 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 (o ensure sustainable customer relationships.
Finally, businesses should integrate Al with personalized
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branding efforts to build long-term loyalty rather than solely
focusing on short-term sales. 6]

@ CONCLUSION
15 study contributes to the growing body of

research on Al-driva'%rand experiences and their impact on

consumer behavior.

e results confirm that Al plays a [7]

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 [8]
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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