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Abstract: - In various marketing fields, rewarding customer behavior is an effective and successful practice. Loyalty programs serve as
one of the very well-known marketing tools for rewarding customers for repeat purchases or repeat patronage. Different behavioral
sequences are rewarded with some type of points or benefits, and these rewards are usually redeemable after reaching some predetermined
levels. Inherently, loyalty programs are designed to motivate customer transactional behavior, leading to several highly researched topics
such as optimal reward and level configurations. However, consumer behavior and loyalty program characteristics have been investigated
in terms of their macroscopic interactions. Hence, there will be numerous opportunities to create or enhance consumer insights and proper
mechanisms generating or interacting with them better insights being at the sequence, item level, and at the consumer level.

This paper attempts to analyze consumer loyalty program interactions within banking transactional datasets and develops generative
artificial intelligence based methods to enhance insights or generate mechanisms. The proposed methods and generated models for
enhanced insights are then evaluated within a loyalty bank setting. When designing new forms creating customer rewards and be nefit
programs operating such generative Al algorithms, that choice dictates the entire personalized algorithmic framework. Eliciting customer
information in the form of simple, conventional data structures may not be expressive or complex enough to fit such approaches. At the
least, care should be taken so that consumer information can be molded for direct consumption by leveraging generative Al frameworks,
the study and exploration of which is currently barely starting, a vast and rich field. Therefore, financial services looking to operate such
customer personalization algorithms are advised to thoroughly research and consult hyper-personalization scheme experts and plan for
significant investments and deployments to benefit from major Al leaps in analytics and personalization.

Keywords: Generative Al, personalized rewards, consumer behavior, financial loyalty system,Generative
Al Hyperpersonalization,Consumer Behavior Analysis,Financial Loyalty Systems,Rewards Programs,Al-Driven
Benefits,Personalization Algorithms,Data-Driven Insights,Behavioral Analytics,Customer Engagement.

1. Introduction

Digital loyalty programs have recognized an exponential growth given their capability to influence consumer
behavior in a fascinating way and to create an investigation tool for the understanding of such behavior.
Nowadays, in the highly aggressive markets with several cards carried in the wallet, simple reward strategies like
“a point for each dollar charged” are not good enough. It is indispensable to go further and foresee the preferred
rewards for each client at the proper time, which is appealing but not affordable for traditional analytic approaches.
With the development of artificial intelligence and the availability of quick computation and massive transactional
data, machine learning is arising like a promising strategy to the design of better injustice rewards programs. On
top of this, as a new trend, generative Al, particularly to GANSs, is the transition from the taking of to the
implementation of a system.

As one of the frequently purchased goods or services, the finance industry accomplishes the pioneering functions
not only by creating market mechanisms but also by establishing commercial ties with specific industrial or
commercial interests. The hyper-personalized recommendation of rewards and benefit programs to every single
user could represent a significant enhancement for both corporate client and banking industries. This study focuses
on the modeling and computation of joint future behaviors and preferences of consumers related to financial
loyalty systems through the introduction of generative Al techniques. A text-based evolution path extricates the
latent variabilities and indicators of the next genuineness via recurrent neural networks with long brief memory.
Recurrent neural networks assume to possess consumer loyalty behavior and distinguish a system utilization
scheme in terms of reward logic. To enhance interactivity with consumers, augmented reality and mobile edge
computing are taken into account for the practical deployment of the whole computational model.Now armed with
the latest data analytics solutions, it is time to leverage this financial consumer data in the best possible way, that
is increasingly through excel-style descriptive statistics to create consumer personas, but rather through more
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robust solutions. Hyper-personalized rewards can be difficult to engineer from a data perspective — it is non-trivial
to code a model that will return the best rewards offer for a given cardholder, especially when there is a disparate
amount of quality, clean consumer data.
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Fig 1: Generative Loyalty Ai Meets Customer Loyalty - CapillaryTech

1.1. Background and Significance Hyper-personalized rewards and benefits programs have become an
imperative for loyalty systems in the financial sector. Drawing from datasets across a range of credit, debit,
checking, and savings account products, this study develops a computationally tractable model to predict the
extent a consumer plans to remain engaged with a financial institution. Rewards and benefits programs have acted
as acrucial instrument in financial sector loyalty systems for a number of years. Such programs have been credited
with offering an association with a scan-card that would assuredly be approved, which elevates the possibility that
card-bearers will patronize a business again. However, the benefits of such programs have come into question as
customer expectations have changed. Consumers’ comfort with hyper-connectivity in the digital era have rendered
looking for discounts via a program before making a purchase nearly obsolete, with rewards cards decreasingly
exciting to young shoppers. Instead, consumer behavior in this sector has shifted toward the expectation of
personalized rewards programs. Completion-driven reward establishments, such as retail target discounts by
systems like Cartwheel and CVS, only hand out discounts that apply to products the customer typically purchases.
The greater development of data that is finally resulting from widespread use of mobile devices has broadly
facilitated personalization and companies have taken heed, with 45% of marketers establishing personalization as
top priority last year. Software like Tableau has democratized formerly indecipherable reams of granular
consumer data to render it understood and further accessible than before. Financial institutions have long been
seated on a treasure trove of data, and as a result, stand to gain from these broader changes occurring in consumer
behavior.

Equ 1: Reward Efficiency (Cost-Benefit Analysis)

* (; = Cost-efficiency of the reward for consumer ¢
(1- . GTE'H-'GTE{ e  Chreward = Cost of delivering the reward
4 I —

v;-'.' s V; = Perceived value of the reward (from equation 3)

2. Theoretical Framework

This research analyzes the impact of Al-driven personalized loyalty reward programs on consumer behavior with
a focus on financial systems. The underlying objective is to develop insights to help marketers, content creators,
and other stakeholders in fine-tuning their advertising. Loyalty arts and mechanisms are used to encourage
consumer engagement, interaction, and purchasing. Existing relationships will serve as a foundation to build a
broader understanding of the link between Al-driven personalized rewards and benefits systems with consumer
behaviour. Widely studied theoretical perspectives on personalisation are reviewed to work on an established
foundation. There is an abundance of research on personalised solutions concerning shopping, informing,
advertising, education, or material consumption. Existing studies address the importance of personalised solutions
and products, behavior change intervention personalisation, computation of personalised prices, or personalised
group purchasing. There is also empirical research on how personalisation affects user choice and behaviour.
Recently, personalization research has branched into products and recommendations in various sectors,
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highlighting the importance of personalization to reach the right audiences effectively. Broadly, personalization
involves the ‘actions of designing or tailoring a communication or product to a particular audience or individual’.

2.1. Generative Al in Personalization In digital rewards and benefits programs, artificial
intelligence technologies are being used by financial institutions to create highly personalized consumer
experiences. Vast digital datasets allow Al software to analyze patterns and preferences among consumers,
providing institutions opportunities to craft tailor-made rewards. When most financial institutions offer a similar
suite of financial products, dynamic, personalized rewards and benefits have transformative potential. Generative
Al, a category of Al technologies used to generate highly tailored and lifelike content, can be harnessed by
institutions to improve upon the current fare back with bespoke rewards and benefits that resonate with consumers'
needs. Financial institutions have vast ecosystems and data collection methods that allow Al to generate tailored
and detailed rewards and benefits programs . There are six components in a traditional bank-to-consumer loyalty
system that can be digitally transformed: payments monitoring, program rewards, personalized offers,
notifications, rewards redemption, and real-time data processing. By integrating platforms and leveraging more
advanced algorithms and machine learning, monitoring of payments and rewards distribution can be transformed
from a batch-based to a real-time system. Personalized offers can become more adroit with greater datasets and
sophisticated algorithms, ensuring consumers receive the most relevant offers. Notifications can be generated
when customers are likely to make transactions, prompting interactions. Points redemption can be more
convenient and faster with digital wallets figurations. Real-time data processing and faster transaction executions
also allow rewards to be accrued more quickly. Lastly, simpler UI/UX design and integration of traditionally
separate platforms will translate to more frequent engagement as informational and transactional functionalities
converge. The data from this on-going interaction, in addition to auxiliary data on the consumers' sex, age,
occupation, etc., feed into the Al that then grows and motivates the rewards stratagem. The more the consumers
use the platform, the more the Al is equipped to entice them with perfectly tailored rewards and benefits. Apart
from being stickier as the programs improve in terms of consumer satisfaction and the providers’ ability to
engross, the data commodificatory market is a big opportunity. As financial institutions algorithmically craft
tailored rewards, they can engage in dynamic commercial relationships with providers offering better rewards for
ludicrous partnership visibility, leading to an increase in fees from providers. It is expected that the industry
incumbents and big tech organizations will be more well positioned to harness generative Al and align with this
evolving reward stratagem.

Usage-Based
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I Contract Length
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Fig 2: Generative Al in Personalization

2.2. Consumer Behavior in Financial Loyalty Systems Traditional loyalty systems within the financial services
industry typically make use of points earned by certain transactions. The points, in turn, can be exchanged for a
limited basket of goods or privileges. More sophisticated financial services loyalty programs have since
developed. With the emergence of advanced data mining applications in recent years and the large amounts of
transactional data banks have on their clients, these programs have been able to offer their clients a new level of
personalization. Moreover, since the recent financial crisis, financial institutions are looking beyond simplicity to
hyper personalized rewards programs to retain their clients. To this end, the application of generative Al on
transaction data can be effectively used to suggest very targeted personalized benefits.

Financial services clients become members of rewards and benefits loyalty programs and this choice is driven by
various factors that need to be fully understood to design an effective offers program. A number of factors have
been identified that affect the level, angle and shape of engagement within rewards and benefits loyalty programs,
such as age, economy status and geographical location. Given that loyalty members are offered the same program,
it is reasonable to expect them to display similar patterns of benefits redemption. With generative Al, it is possible
to predict upcoming redemptions, thus to suggest the best mix of benefits. Since benefits consumption has a direct
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impact on engagement, these suggestions can be effectively used to design the most relevant program shaping
benefits for individuals. This represents a significant departure from the current state of matters: a base of static
predetermined offerings. With the prediction of redemption patterns, tailor-made monthly benefit suggestions can
be algorithmically generated and subsequently realized as reward cards to be redeemed within a certain time frame
. The analysis leverages a vast dataset of daily cross-event logs containing activities of about 800K clients of a
large retail bank’s financial services program. Logging data are parceled out on the level of individual clients, and
an extensive set of features is created in the process.

3. Methodology

This paper analyses consumer behaviour regarding the use of generative Al in personal rewards and benefits
systems. This study has been conducted in the context of financial services consumer loyalty programmes/
systems. The lifetime of a bank-customer relationship is characterised with two-stage marketing approaches,
namely customer acquisition and customer retention. The success of a customer retention strategy can be measured
by customer loyalty.

The methodological approach of this research implements a mixed-methods study combining the collection and
analysis of quantitative and qualitative data aimed at gaining a comprehensive understanding of consumer
behaviour with the application of the generative Al module. The data were collected through two major methods:
(a) the primary survey and (b) a series of semi-structured interviews. The submission of the surveys provides a
significant picture of abstract data on consumer behaviour and attitudes towards generative Al in consumer loyalty
systems. The results from the interviews reflect on the more personal vision and experiences of those examined.

After the collection of primary data the information had to be interpreted and analysed. For simplicity and effective
analysis, the data were divided between survey and interview data. Before diving into the results, quantitative data
were examined to determine any patterns or trends. Survey data was input into SPSS, and descriptive statistics
were used to ascertain the distribution of respondents across the various categories. This analysis helps target
qualitative analysis on the most critical result areas. Both proportions and medians were evaluated in the survey
data to attempt to obtain a general understanding of the data. Following this, the results will be evaluated against
pre-existing theory and literature throughout each analysis section. Finally, the research will address the response
of interview questions in the findings section. Placing a focus on the ethical considerations of conducting the
research, this section details the steps that have been taken to ensure integrity and confidentiality. To enhance
transparency and facilitate further research, it also provides insight into how the study was conducted, allowing
for all steps to be reproducible. The choice of methods is clearly explained, and this decision-making process is
robust, justified by the background of the research area and understanding the perspectives of those involved.

Equ 2: Generative Model for Consumer Segmentation

e z; = Latent representation or consumer segment for consumer i
® ¢ = Generative model (e.g., variational autoencoder or GAN)

e B; = Behavioral data
&y = d)(Bi, Pig H‘i} e P; = Preference data

e H; = Historical data

3.1. Data Collection and Analysis Techniques Extracting suitably granular and momentum-changing
insights from the vast and ever-growing ocean of consumer data has become a necessary and increasingly critical
component of competitiveness. As the business intelligence boom of the 1980s matured, showcasing that taking
the “art” out of the decisions can go a long distance toward better results, organizations large and small have
experimented with a plethora of consultancies, software tools, and analytical methodologies to grab hold of this
necessity for deeper understanding. Regardless, faithful adherence to the results of profound questioning of
traditional and sensible precepts remains a significant challenge. Meanwhile, the rate of data collection has begun
to take off, reaching an exponentiation that far ousts Moore’s law and leading to the present phenomenon of the
“big data” explosion.

This research aims to answer the following question: “What is the current effectiveness of the data-driven methods
most typically in use by managers to craft hyper-personalized benefits and rewards schemes in closed-loop, bank-
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issued loyalty systems?”. Note that the perspective here is to examine the state of practice in terms of generative
proxies for consumer segments, as opposed to the matching, segmentation, and targeting of those consumers
themselves. Sind battle-tested but non-disclosed methods that will often remain in-use by competitive
organizations are thus stripped from consideration. Ultimately, where myth is stripped from knowledge and the
confrontations thus invited lead to deeper and more grounded learning, there the greatest strategic advantages lie,
as explored historically and dramatised in multiple case studies.

Defining

D(-.!pl.l_wy_ Al marketing The type of data that must
model aim be collected is determined

by the marketing aim.

Evaluate AI Data
model collection

Train AL Data
model processing

Design Al
model

Fig 3: Data Collection and Analysis Techniques
4. Case Studies and Applications

4.1 Enhancing Loyalty and Engagement through Hyper Personalized Loyalty Programs Financial institutions
spend billions of dollars each year to incentivize consumer engagement with their brand. Implementing a loyalty
program is a common tactic, and one that has increased substantially in the financial sector over the last decade
for both brands themselves and those that operate within the financial sector. With the increasing volume of
transactions taking place across the financial sector, these companies have access to an ever-expanding database
of data that can be analyzed to gain insight into consumer behavior. However, one of the most recent developments
that have had a profound impact on the strategies used by these companies is generative artificial intelligence. It
allows a form of content to be created that is specifically tailored to the individual. Generative Al is revolutionizing
the way data is being harnessed in various sectors, particularly in marketing. There are platforms and companies
emerging that allow businesses to leverage the power of generative Al ina manner that requires limited knowledge
about the underlying technology. This combination of factors has seen the emergence of new forms of highly
personalized incentives designed to nudge behavior in highly measurable ways, which has caused some ethical
and moral concern.

Itis revealed how financial institutions working in the Australian market have leveraged generative Al to enhance
consumer engagement in their loyalty programs. This work then engages with the primary case studies to excavate
the lessons learned and industry practices that have emerged thus far, as well as working beyond the individual
cases to consider the strategic alignments of loyalty programs generally. This latter consideration culminates in
‘Take-Out’ that offers insight into the broader directions of loyalty programs across telling institutions, and more
broadly, the financial sector. This work is therefore critical for not only those individuals involved with loyalty
programs currently, but those with an interest in the manner in which the financial industry is currently adapting
to digital advances .
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Fig 4: Generative Al Applications

4.1. Successful Implementations of Generative Al in Loyalty Programs Implementation of generative Al in
loyalty programs has been an integral concern for the industry, notably on the financial front. Section 4.1 looks
into instances of generative Al applications in loyalty programs, specifying successful implementations. The focus
of this section is on the implications of generative Al for consumer benefits and rewards engagement. Nonetheless,
the finding is of interest for market analysts evaluating the potential of generative Al. The use of generative Al
has had a transformative effect on customer rewards and benefits engagement in the financial sector. Up-to-the-
minute benefits offers generated through a customer’s transaction history have altered the nature of engagement
vis-a-vis customer rewards. For example, time-sensitive personalized rewards predictions have resulted in impulse
spending. In turn, businesses benefit through greater customer engagement, increasing foot traffic and the
likelihood of attracting more business. Accordingly, credit card issuers are making concerted efforts to provide
benefits programs that cater to their customer’s spending uniquely. Numerous successful instances of generative
Al applications in loyalty programs have been comprehended from leading credit card issuers. Capital One, as a
foremost credit card issuer, has been bulwarked by their use of conversational Al to help customers with their
financial needs. More recently, lists of timely offers have been disseminated to customers based on past
transactions. In turn, there has been a notable increase in engagement metrics. Other industry-leading credit card
issuers such as Chase and American Express have made headway in employing generative Al to issue unique and
engaging customer offers. Abeh is a smaller financial services company that has adopted a similar business
strategy, albeit with commercial loans. It underscores the potential of generative Al in personalizing consumer
benefits programs. Furthermore, the scalability of such solutions warrants study and underscores the importance
for other organizations to contemplate the eventuality of such benefits programs. Factors which have contributed
to the successful implementation are outlined, providing a glimpse of how others may penetrate this area. Beyond
the financial sector, a handfuls of subscription services and creative markets are utilizing generative Al to issue
artistically penned benefits programs.

Equ 3: Engagement Prediction Model (Future Reward Engagement)

e E;(t+ 1) = Predicted engagement for consumer i at time £ + 1
e F;(t) = Current engagement at time ¢

e B,(t) = Behavior at time ¢
T

Ei(t+1) = ky - Es(t) + ko - ZB:'(t) + ky - Ri(t) e R;(t) = Reward history at time ¢

=0 o ki, ka, kg = Weights that represent the influence of each factor

5. Challenges and Ethical Considerations in Implementing Generative Al

Generative artificial intelligence (Al) generates highly tailored and lifelike content automatically across a variety
of media. Every breakthrough introduced to the market impacts consumer behavior in one way or another as
people try to navigate and make sense of a changed landscape. Increased susceptibility to data privacy, algorithmic
bias, and a generalized sense of addled helplessness may in some cases disrupt relations with consumers and affect
their financial well-being. Emerging Al-driven personalized rewards and benefits programs are, more often than
not, treated as a trade secret by operators, precluding those enrolled from questioning the computations. In some
respects, the development of generative Al resonates with biotechnological discoveries made years earlier. As a
metonymic gambit, loyalty programs are co-opted to delineate how the mainstreaming of HBRPs might influence
consumer behavior in times of rapid algorithmic evolution. Special attention is paid to social branding, including
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discussing personal bio-identity passports. In conclusion, financial marketers are invited to reflect on the effects
of generative Al upon those enrolled in the proposed programs and to embrace the early adoption of socially
responsible practices.

Generative artificial intelligence (Al) has been reshaping industries as diverse as digital advertising,
personalization, content creation, and interactive arts. Beyond automation, generative Al has the power to generate
highly tailored, highly persuasive, and lifelike content on a vast scale across a variety of media. The choice of
using Al in a generative capacity ensures that, from the outset, the focus remains on how grants are implemented
to address the desires. Nonetheless, even the more altruistically minded stakeholders may face equal distress.
Possible forms of backlash are sketched against operators, software publishers, or even academicians as an effort
to underline the root need for responsible Al practices. More rewardingly still, all representations are met with
straightforward advice on a unifying approach to quantifying fairness and accountability, or how to garnish the
technology with trust as part of this collective call. In the technology sector, a vast matrix consisting of various
field actors and their corresponding PR responses is shown. The formulation of representation and its effects on
Al development are unpacked. Following enduring disputes, the presentation reviews a select few Al-disclosures
policies by commercial entities only. Finally, a thoughtful reflection on the general capacity to balance ethical
inquiries with the legally compulsory duties and obligations, again through a recommendation, is put forth.

Machine learning has the power to provide substantially safer, more trusted, and ultimately more ethical care. But
navigating the complex ethical dilemmas in Al development remain a considerable challenge. These clinical
realms become remarkably harder as they are blended with moral obligations and societal responsibilities to
patients. But these undertakings also provide substantial opportunities for fostering a closer collaboration among
practices that develop a range of Al solutions, ethicists, and social scientists. Ethical Al in digital healthcare has
gained momentum in recent years. A review of this literature is given, outlining the main concerns and potential
safeguards. A call for collaborative efforts is made to ensure the Al-driven transformation of healthcare is
implemented in a way that is accountable, transparent, and prioritizes patient welfare. Additionally, general
recommendations are presented to improve the ethical development and deployment of Al in healthcare and in a
broader context. Even prior to the global healthcare crisis that started in 2020, the proliferation and cultivation of
digital technologies in healthcare and biomedicine was a steadily growing trend. And yet it is precisely because
health digital transformation was forced to a head in countless novel ways as the Coronavirus went rampant.
Surveys on generative Al for healthcare have surged in recent years. Current understanding suggests that in many
ways, the new or revitalized insights are empirical. At other times they appeared to the vigilant observer
revelatory, but they would pertain to anecdotal evidence and try to extrapolate cautiously. Nonetheless, many of
these accounted concerns may have been expressed in the form of unsystematic literature reviews alone. Since
the social, ethical, and regulatory facets are thus obviously interrelated, there is a call for a robust research
synthesis exploring all six involved thematically. Lastly, what might be classified as subsequent reactive measures
are detailed along with a set of general recommendations. There are indications that creatives may benefit from a
diverse array of tools, while potentially grappling with a widening array of itinerant models and those respective
platform software interests. Little is known of the sort of robustness shown by digital tools, whose prompt
iterability may even outstrip that Al comes to cater to. The concerns with and sometimes trust toward these Al
generators are hopefully the next best thing. Formats and forms, contingent upon a vast array of occupations or
preoccupations, change rather quickly and often abruptly. And new as the digital mimesis of the word or image
may be, false ones too possess them attributes all too verily. The varied interests may not be as well served as they
would think or like. Content, platforms, even a variety of IPs may be curtailed without an explicit but well
understood regimen or for that matter, a general consent. Rather, that consent is better left uninformed. Even new
literacies may be a necessary fount to create and decipher in one’s own language parsed texts.

Security and
privacy risks

Intellectual property
and copyright
concerns

Challenges

Fig 5: Challenges of Implementing Generative Al
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6. Conclusion

Hyper-personalization is the next step in the evolution of consumer loyalty and rewards programs in the financial
industry. Leveraging Generative Al technologies is making it easier to engage on a daily and individual basis with
consumers on tailored benefits and rewards programs. The gap in targeting and reaching consumer’s aspirations
and expectations with rewards and benefits is already significantly reduced. The customer engagement and
knowledge that follow can become the new goldmine in discovering and predicting patterns of consumer behavior
and choices. The advent of Generative Al marks a new era in industry by automating the creation and targeting
of hyper-personalized content in rewards programs. Financial institutions are increasing their investment in this
technology driven by both the fast ROI from results, and the necessary adaptation of the business strategies
demanded by newly changed consumer behavior.

Gaps in data security | A AN MDD %
Choosing the wrong partners to design CX strategy | R 9
Fragmented or lack of access to data; disconnected | R 3:%
Choosing the wrong partners to execute on CX strategy | R ;)
Creating inconsistencies across channels | A A DN )
Moving too fast and alienating customers | R RN '
Waiting too long to make decisions or take action | R R 0%
Misinterpreting customer data | A m N S RN /9
Analysis paralysis | N NEEEEE 3%

Creating business-centric solutions rather than human-centric solutions | N Il 11%

Fig : Generative Al offers personalization and loyalty across the enterprise

6.1. Summary of Findings and Implications for Future Research In less than three decades the internet has
grown to connect more than half the world’s population. It’s an amazing achievement with profound implications
for the entire Globe — social, economic, technological. But for most people, the greatest difference is the massive
increase in choice and convenience in consuming content. All of us have learned to navigate a bewildering variety
of websites, we can watch videos, listen to music, shop for books, or stream shows. This digital-first marketplace
is dominated by a relatively small number of giant tech firms, but the majority of content is created by hobbyists.
It’s clear that the internet has novel democratization effects in terms of who can create.

Technology is revolutionised by generative artificial intelligence (Al), which automatically generates highly
tailored and lifelike content across a variety of media. Technology has created an Al framework trained on an
external descriptive text which drives the production of novel music videos with easily interchangeable visuals;
such a framework is remarkably general and opens up new pathways in different domains for the deployment of
Al generated content for business objectives. How consumer behaviour, and this new technology, will affect
creativity and personalisation remain open questions, and the article explores both in the context of financial
loyalty programs. The achievements of this groundbreaking research are a better systematic understanding of the
transformative effects of generative Al technology on financial loyalty programs; suggesting pathways for
production and marketeers to advance new data processing skills to make use of cutting-edge Al; and a robust
design study of generative variables that produce personalised benefits. Generative Al will increasingly
automatize the production of tailor-made content and experience, improving life for all of us. In general, this
development will strengthen interest in personalised products among senior marketeers, given its proven
effectiveness in raising consumer expectations . Predictions about consumer adoption of generative rewards and
the expertise of successful and efficient rewards strategies are of direct and timely importance to practitioners
encountered with these dilemmas. Many of the long-standing challenges with financial loyalty schemes are
attributed to poor knowledge of the movement of users through the bonus presentment process, and an in-depth
understanding of the dynamics involved in soliciting rewards has profound implications for enhancing the
effectiveness and realisation of such schemes. More broadly, the present research is set on the ground that
scholarships devoted to the new Generative Al are underdeveloped, despite these programmes’ growing
recognition. This assessment may influence a variety of stakeholders — from educators to marketeers
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implementing reward schemes utilization such technology. Lastly, additional research findings highlight
representation, accountability, and moral considerations with regard to generative biasing technology.
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