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Abstract

This book chapter explores how Al-powered personalization and hyper-
personalization have transformed digital marketing, illustrated through
concrete examples encountered in daily life. Thanks to big data, machine
learning, and data analytics, marketing today has evolved into a smarter
and more proactive structure that focuses directly on the individual rather
than merely on similar consumers. In this transformation, recommendation
systems emerge as key tools that facilitate the consumer decision-making
process and make the experience more seamless. This chapter also discusses
the delicate balance between the benefits offered by hyper-personalization
and privacy concerns, emphasizing the pivotal role of trust in this process.
The study argues that sustainable success in Al-based marketing applications
depends not only on technological capability but also on adopting an ethical,
transparent, and trust-oriented approach.

1. Introduction

Henry Ford’s famous remark in the early 1900s regarding the Model T
vehicles rolling off the mass production line Any customer can have a car
painted any colour that he wants so long as it is black” constitutes a milestone
in the history of marketing. Reflecting on this statement today, many might
assume it alluded to the nobility of the colour black or the aesthetic preferences
of that era. However, this statement by Henry Ford actually best reflects
the supply-demand imbalance of the period and the mindset of “I can sell
whatever I produce!” In stark contrast to those days when options were limited
and demand exceeded supply, consumers in the contemporary marketing
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landscape are inundated with countless alternatives. Consequently, Ford’s
“one-size-fits-all” approach has inevitably given way to “tazlor-made” solutions.

Throughout its history, the marketing discipline has evolved through
distinct phases; Production, Product, Sales, and Modern Marketing ultimately
adopting the Holistic Marketing approach today. This new era, characterized
by concepts such as the Information Society, Industry 4.0, or the Digital
Economy, has propelled marketing to a level that Henry Ford could not have
even imagined. Disruptive technologies such as the Internet of Things (IoT),
big data analytics, blockchain, and artificial intelligence have radically altered
the way organizations operate. Among all these disruptive technologies,
artificial intelligence stands out as the latest technological transformer, holding
immense potential for marketing transformation. Marketing professionals
globally are striving to discover the most effective artificial intelligence
solutions within their marketing processes.

At the core of this transformation lie data-driven decision-making,
data analytics, and artificial intelligence-based marketing applications. It is
evident that strategies traditionally implemented as Segmentation, Targeting,
and Positioning (STP) have evolved into mass customization alongside
digitalization. For instance, a process where a consumer designs their own
footwear on a sportswear brand’s website (e.g., Nike by You) is shaped
directly by consumer demand. However, today we stand at a brand-new
threshold where artificial intelligence plays the leading role. We are no longer
discussing a reactive marketing management that waits for the consumer to
make a request; rather, we refer to a proactive management style that presents
the most suitable option to the consumer before they even realize their own
desires.

Today, our digital footprints—originating from the Internet of Things,
electronic devices, visited web pages, social media interactions, health data
measured by wearable technologies, and online marketplaces—are ceaselessly
flowing into databases. Not only the products we purchase, but also the items
abandoned in our carts, the sellers we rate poorly, or even payments made via a
coffee application are simultaneously filling our personal data pools. Artificial
intelligence has shed its instrumental position over time, taking the initiative
to assume a system-building role today. In past years, accessing data was an
arduous process for organizations, requiring significant budget, time, and
effort. In contrast to those days of data scarcity, the staggering advancements
in internet and communication technologies have transported us to the era
of Big Data. Accessing data is now significantly cheaper and easier compared
to the past. However, this situation brings with it a new paradox termed the
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Curse of Data. Data analysts and managers face new concerns regarding how
to manage this Big Data, which has reached massive proportions.

2. Conceptual Framework

2.1. Recommendation Systems

In the modern marketing approach, data has become the most strategic
asset for businesses. The process of transforming this data from its raw state
into processed information is managed through Marketing Information
Systems (MIS). Marketing information systems are integrated structures that
ensure the regular and continuous collection, analysis, storage, transmission,
and presentation of information obtained from internal and external sources
to decision-makers. As emphasized by Mocean and Pop (2012), these
systems encompass the systematic and formal methods used to manage all
market-related processes of an organization. Once viewed merely as simple
reporting tools in the past, these systems today play a critical role in businesses
achieving competitive advantage. Although recommendation systems provide
significant benefits to consumers, the primary reason for their insufficient
widespread adoption in the market is the oversight of the usability issue while
focusing on technical features (Murray and Haubl, 2009).

Online marketplaces closely monitor Al-based technologies and
developments in order to provide better service to their customers (Verma
and Yadav, 2021; Habil et al., 2023). In particular, reccommendation
systems and consumer feedback play a key role in reducing search costs and
the uncertainty associated with unknown products (Pathak et al., 2010).
Today, recommendation systems are not merely technical tools that reveal
the relationships between products; they are also significant elements that
support the strategic marketing goals of organizations (Deng et al., 2020).

Recommendation systems facilitate the consumer decision-making
process, thereby increasing sales and cross-sales. These systems also provide
flexibility to online retailers regarding dynamic pricing (Pathak et al., 2010).
Fundamentally, these systems adopt two main methods: Content-Based
Filtering and Collaborative Filtering. The logic behind content-based filtering
is quite simple; it recommends products similar in characteristics to those the
user has liked in the past. For example, for a user listening to a specific genre
(e.g., instrumental rock) on Spotify, the system presents new instrumental
rock tracks with similar rhythms and attributes in the “Discover Weekly”
playlist. Collaborative filtering, on the other hand, relies on the preferences
of users who exhibit similar behaviours. An example of this is cross-selling on
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Amazon by suggesting to a user who purchased a camping tent, “Customers
who bought this item also bought this sleeping bay or privacy tent!”.
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Figure 1. An illustrative example of the collaborative filtering approach on Amazon

The majority of current e-commerce recommendation systems focus on
recommending the right products based on users’ individual transaction
histories and cookie data. By learning users’ prior behaviours, recommendation
systems predict their current preferences for specific products and offer them
personalized service support (Verma and Sharma, 2020; Chinchanachokchai
et al., 2021; Zhang et al., 2021). However, it is observed that a significant
portion of researchers working in data analytics and digital marketing mostly
build their analyses on past transaction data. This approach leads to the
exclusion of consumers’ real-time behaviours in the online environment
from the analysis (Yilmaz and Aydin, 2023). At this point, the artificial
intelligence techniques that come into play (fuzzy logic, transfer learning,
genetic algorithms, deep learning, etc.) increase prediction accuracy while
significantly minimizing fundamental problems such as data sparsity and cold
start (Verma and Sharma, 2020; Zhang et al., 2021). Al-powered systems
offer new opportunities for retailers to understand consumer needs and predict
their future behaviours. Particularly from the perspective of personalized
recommendation systems and retargeting ads, the role of these systems in
creating value for consumers and providing competitive advantage to retailers
is extremely important (Habil et al., 2023). For example, Netflix maximizes
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customer loyalty thanks to Al algorithms that offer instant recommendations
by looking not only at what the user watches but also on which day, at what
time, and on which device they watch it.

2.2. Artificial Intelligence in Personalized Marketing

Today, e-commerce has become a fundamental online retail ecosystem
that reshapes consumers’ shopping behaviours. One of the most important
advantages online marketplaces provide to consumers is offering place and
time utility. In this way, shopping ceases to be a time-consuming process for
consumers and transforms into a more efficient activity. Achieving instant and
efficient service delivery depends on accurately analysing consumers’ individual
needs and creating personalized shopping lists based on these analyses (Hung,
2005). In this direction, the loss of validity of the traditional “one-size-fits-all”
approach has necessitated marketing theories to adapt to this transformation.
Artificial intelligence offers more precise, scalable, and real-time segmentation
capabilities by processing massive datasets, thereby directly increasing the
efficiency of marketing activities and customer satisfaction (Anshari et al.,
2019; Hemalatha et al., 2024; Iyelolu et al., 2024). Web personalization
ensures that the user views more products and makes decisions more easily
by showing suitable products to the user. This, in turn, increases advertising
revenues and sales (Ho and Bodoff, 2014). While one-to-one marketing
approaches provide higher effectiveness in cases where a rich and consistent
transaction history exists about users, micro-segmentation strategies emerge
as a more suitable and effective alternative in cases where user data is limited
or irregular (Jiang and Tuzhilin, 2006). At this point, Al-based methods
contribute to higher interaction and conversion rates by increasing user
targeting and personalization accuracy (Iyelolu et al., 2024).

Personalization is defined as the process of offering the right product and
service to the right customer at the right time and in the right place (Sunikka
and Bragge, 2012). The significance of personalization within marketing
strategies is increasingly growing. It is clearly evident that this approach has
evolved from being merely a tactical application into a strategic component.
Indeed, some approaches propose positioning personalization as the eighth
element (8P) of the marketing mix by integrating it not only with the classic
marketing mix components—product, price, place, and promotion—but also
into the extended services mix. This proposition demonstrates that the tailor-
made adaptation of goods and services to individual needs is assuming an
increasingly central role in modern marketing (Goldsmith, 1999).
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One of the primary reasons for failure in personalization implementations
is the lack of consensus on the concept’s definition. The varying interpretations
of personalization by actors within the value chain sever communication
between parties and hinder the establishment of effective collaboration
(Vesanen, 2007). As a fundamental element of interactive marketing,
personalization is a strategic process aimed at maximizing profit for the
producer and value for the consumer by adapting standardized offers to
individual needs. Often evaluated in the literature as the modern equivalent of
traditional market segmentation in the digital age (Montgomery and Smith,
2009), the concept of personalization is a critical tool for product or service
differentiation, especially in highly competitive markets. Indeed, a correctly
structured (optimal) personalization strategy can create a direct and positive
effect on customer satisfaction and loyalty (Kwon and Kim, 2012).

However, today personalization goes beyond this traditional perspective.
Although current approaches often treat personalization as a subset or extension
of segmentation, this narrow perspective remains insufficient in reflecting the
true depth and meaning of the concept (Chandra et al., 2022). Al-supported
segmentation strategies diverge from traditional methods through deep
learning and clustering algorithms. Miceli et al. (2007) warn that the concepts
of personalization and customization are frequently confused. However,
Chandra et al. (2022) draws a clear line between the two. Personalization
occurs when the brand recognizes the customer and takes appropriate steps
(control lies with the company), whereas customization occurs when consumers
take the reins and realize their own desires themselves. The process of value
co-creation directly increases the service capability of organizations. This
increase makes customization and personalization processes more effective
and sustainable for both organizations and consumers (Kumar, 2007; Zhang
and Chen, 2008). Consumers generally exhibit a positive attitude towards
mass customization applications and derive a high level of satisfaction from
their purchasing experiences. In particular, young, educated individuals with
relatively good income levels stand out as the consumer group showing the
most interest in such products (Goldsmith and Freiden, 2004).

Although personalization models in the literature are generally based on
product variety and interaction intensity, it is known that excessive product
variety creates “information overload” and leads to confusion among
consumers. The fact that customers’ capabilities and willingness regarding
interaction are highly distinct (heterogeneous) poses a risk of inefticient
investment for firms. The e-customer profiling framework, developed as
a solution to this problem, proposes distinguishing between the “content”
(benefit) and “process” (interaction) dimensions of personalization. In this
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regard, Ricotta and Costabile (2007) focus on four fundamental dimensions to
manage customer differences. These are the dimensions of value, knowledge,
orientation, and relationship quality. Examining the personalization literature
through a bibliometric study, Chandra et al. (2022) summarized the evolution
of personalized marketing studies over the years via the alluvial diagram
presented in Figure 2.
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Figure 2. Alluvial diagram on the evolution of personalized marketing vesearch

Source: Chandra, S., Verma, S., Lim, W. M., Kumay; S., & Donthu, N. (2022).
Personalization in personalized marvketing: Trends and ways forwavd. Psychology &
Marketing, 39(8), 1529-1562.

An examination of Figure 2 reveals that the concept of personalization,
the foundations of which were laid in the 1990s with Customer Relationship
Management (CRM), gained technical depth in the 2000s through
recommendation systems and customer profiling technologies. Today,
however, it is observed that this evolution, converging around information
management and algorithms, has shifted its focus from relationships to direct
sales and e-commerce performance.

A comprehensive classification system can contribute to more effective
marketing practices and communication strategies, particularly when
personalization is integrated with new technologies. With the integration of
artificial intelligence technologies into marketing applications, personalization
has ceased to be a one-dimensional concept in the literature; instead, it has
transformed into a multi-layered structure (Figure 3) that differentiates
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depending on the source of data used and its processing method (Cavdar-
Aksoy et al., 2021).

Individual-level ~|:

Social-level —
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Figure 3. Proposed classification framework for personalization

Source: Cavdar Aksoy, N., Tumer Kabadayi, E., Yilmaz, C., & Kocak Alan, A. (2021).
A typology of personalisation practices in marketing in the digital age. Journal of
mavketing management, 37(11-12), 1091-1122.

The framework in Figure 3 groups personalization practices under
three main method headings: self-reference, anthropomorphic, and system
characteristics. The information flow forming the basis of these methods
is classified into three dimensions as individual, social, and situation-based
approaches. This developed typology (Cavdar Aksoy et al., 2021) illustrates
how brands enrich the consumer experience by utilizing a wide data pool
ranging from past behaviours to real-time temporal data.

The Self-reference Method shapes communication by positioning the
individual’s self-concept at the center of the strategy, utilizing “yox” language,
addressing the user by name (e.g., “Hello Ali”), and referencing personal
interests. Associating the targeted message directly with the individual
facilitates easier cognitive processing of the information, ensures stronger
memory retention, and promotes adoption by the consumer.

The Anthropomorphic Method involves attributing human characteristics
(voice, gestures, facial expressions, emotional responses, etc.) to technology
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or a system. Instead of a mechanical interaction through virtual assistants or
chatbots, this method aims to create a “lifeltke” dialogue environment akin to
human-to-human communication that addresses the consumer’s social and
emotional needs. Examples of this method include virtual assistants like Siri
or Alexa that speak to the user and adjust their tone of voice; avatar-based
virtual customer representatives that interact using facial expressions and
gestures on websites (e.g., Ugi: Garanti BBVA); or the system using human
and empathetic language such as “Sorry, I couldn’t find what you were looking for;
DPm a bit confiused!” instead of simply saying “Error code 404”. Such applications
strengthen the user experience by rendering the interaction established with
technology warmer and more accessible.

The System Characteristics Method refers to approaches that provide
service to the consumer like a professional “personal assistant” by utilizing
big data analysis and advanced algorithms. Through systems such as smart
shopping carts or recommendation engines, it continuously analyses consumer
behavior patterns in the background and creates the right value at the moment
it is needed. One of the most current examples of the system characteristics
method is the Amazon Dash Cart. Dash Cart is a high-tech shopping cart
that automatically recognizes products while shopping in the grocery store,
displays the total amount, and enables checkout without going to the register.
Thanks to the cameras, weight sensors, and deep learning algorithms on the
Amazon Dash Cart, it functions as a digital shopping assistant by instantly
identifying the products added to the cart. While offering complementary
product recommendations compatible with the consumer’s current selection,
this smart system also eliminates the necessity of waiting at the checkout by
automating the payment process in the background. Thus, Al-supported
perception and decision-making systems transform the shopping process into
a faster and personalized experience by processing the consumer’s real-time
behavioral data.

2.2.1. Individual-level Personalization

Individual-level personalization represents the most traditional and widely
adopted form of personalization within digital marketing. In this approach,
the focus lies on the individual data traces generated by the consumer,
independent of other individuals. The system treats the user as a singular
and unique entity rather than merely a component of collective patterns. In
this context, individual-level personalization is grounded in two fundamental
data sources: past digital behaviours and attitudes and preferences.
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Past digital behaviours encompass behavioral data—predominantly implicit
in nature—such as clickstream data, purchase history, page view frequency,
and viewing durations left by the consumer in the digital environment. Al-
based algorithms analyse this data to generate individual predictions based
on the user’s past interest and interaction patterns, rather than relying on
the traditional “co-purchase” logic. Thus, instead of the approach “Users
who viewed this item also viewed that,” the system can offer more customized
recommendations for content or products the user might be interested in,
guided by their prior behaviours.

Attitudes and preferences, on the other hand, consist of data explicitly
declared by the consumer to the system via surveys, registration forms, or profile
settings. Directly specifying interests, favourite product categories, or content
preferences falls within this scope. Since such data reflects the consumer’s
subjective evaluations, it assumes a more guiding and complementary function
in the personalization process compared to behavioral data.

2.2.2. Social-level Personalization

Social-level personalization is grounded in the assumption that individual
decisions are shaped by the social environment. In this approach, personalization
integrates with social network analysis and collaborative filtering techniques;
hence, the recommendations offered to the consumer are derived not solely
from the individual’s own data but also from the data of the social groups
with which they interact. Consequently, recommendation systems take into
account not only the user’s singular preferences but also their position within
the social relationship network and similarity patterns.

In this context, social-level personalization is structured through social
circles possessing varying degrees of proximity. The family, situated in the
narrowest circle, represents the social environment where the element of trust
is highest and recommendations are powerfully influential. Classmates or
colleagues, forming a wider circle, reflect the behavioral patterns of individuals
who share similar needs and consumption motivations within an educational
or professional context. Finally, communities occupy the widest circle. The
general trends of groups sharing similar interests, tastes, or common goals
(such as fan communities or clubs) become determinant factors in shaping
individual recommendations.

2.2.3. Situation-based Personalization

Situation-based personalization can be considered a form of personalization
closely related to the contextual marketing approach. In this approach, the
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data source is derived from the conditions in which the individual finds
themselves at a specific moment, rather than their relatively fixed characteristics.
Consequently, situation-based personalization is inherently dynamic, capable
of changing over time or even instantaneously.

In this scope, situation-based personalization relies primarily on time-
based and location-based contextual variables. Time-based personalization
refers to recommendations that vary depending on the time of day, the day
of the week, or the specific time of the year the consumer is in. Location-
based personalization, on the other hand, has gained importance with the
proliferation of mobile technologies and encompasses personalized content
triggered based on the consumer’s geographical location (such as proximity
to a physical store or being in a state of travel).

In this framework, situation-based personalization makes it possible
to systematically correlate which contextual data sources nourish the
different strategic approaches to personalization (such as self-reference or
anthropomorphic methods). Current artificial intelligence applications aim for
the highest level of interaction and perceived relevance by utilizing individual,
social, and situation-based personalization levels in a hybrid manner (for
instance, by recommending a product liked by the consumer’s social circle,
compatible with their past behaviours, and contingent upon their current
location).

Artificial intelligence tools enable the more effective optimization of
marketing strategies through their capabilities in predicting consumer
behavior, performing sentiment analysis, and designing immersive experiences.
The integration of these technologies into marketing applications not only
increases conversion rates but also provides organizations with a significant
competitive advantage in an increasingly data-driven market (Iyelolu et al.,
2024). However, while the proliferation of artificial intelligence in the field
of marketing signals the beginning of the hyper-personalization era, it also
compels organizations to adopt a more responsible and cautious approach
regarding data privacy, algorithmic bias, and ethical transparency (Wilson et
al., 2024).

With the expansion of the digital ecosystem, the ways in which consumers
acquire information about products and brands have significantly diversified.
The development of social network services such as Facebook and Instagram
enables consumers to access product-related information through various
digital channels (Lee et al., 2024). Similarly, word-of-mouth communication
(e-WoM and r-WoM) taking place on gaming and streaming platforms like
Discord and Twitch is influential in shaping potential users’ expectations
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regarding products and services (Aydin & Sarica, 2024). In line with these
developments, the diversification of consumer preferences and the increase
in online touchpoints make the need for personalized marketing practices
increasingly critical for organizations (Lee et al., 2024). The effectiveness
of personalized marketing practices depends on continuous innovation and
investments made in artificial intelligence (Iyelolu et al., 2024). However,
it is emphasized that these practices need to be evaluated in conjunction
with different digital technologies such as big data, blockchain, and wearable
technologies (Tong et al., 2020; Chandra et al., 2022). This integrated
approach contributes to carrying personalization to a more advanced level.

2.3. Hyper-Personalization and Its Applications

The acceleration of digitalization concomitant with Industry 4.0 brings
about an expectation for a higher level of personalization in customer
experience. With intensifying competition, brands are compelled to abandon
traditional marketing and resort to more creative methods. At the center of
this new era lies hyper-personalization, managed by big data analytics and
artificial intelligence. Systems that were previously limited to simple product
recommendations such as “Customers who bought this item also bought that”
have today been replaced by Al-supported structures that adapt interactions,
information, and recommendations to the individual in real-time. Machine
Learning and Natural Language Processing (NLP) technologies have
transformed static sales processes, formerly applied identically to everyone,
into dynamic experiences completely specific to the customer.

Consider the scenario of sending a generic email titled “Summer Deals”; a
hyper-personalization engine detects that a user consistently prefers boutique
and quiet hotels during their recent vacations but viewed flight tickets within
the last 24 hours and exited without purchasing. By analysing the upcoming
weekend gap in the user’s digital calendar and their payday, the system can
push a notification to the user’s mobile screen precisely on the evening of a
busy and stressful workday: “That cove far fiom the crowd is veserved for you,
offering the exact quictness you seek, with an instant price advantoye defined just
for you!”. In this way, the system is capable of transforming a dreamed-of
experience for the user into an undeniable, tangible offer.

Advanced algorithms such as Hierarchical Recurrent Neural Networks
play a critical role in this process, which influences fundamental behaviours
regarding “bow, when, and why” the customer makes a purchase. These
algorithms attempt to understand behaviours by analysing when and how
users perform transactions. Thus, it becomes possible to present personalized
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offers at the appropriate time that can increase users’ loyalty and willingness
to pay (Kumar etal., 2022). For instance, this technology can perfectly match
the routine of an employee who stops by the same busy coftee chain every
morning on their way to work using “timestamp” data. The system learns
that the user places an order regularly at 08:00 every morning. A notification
sent to their phone at 07:55, before the user even reaches the shop, saying
“Good morming! Your usual Oat Milk Latte has started being prepared; confirm
now and pick up your coffee without waiting in that long morning rush line!”
ensures that abstract data analysis transforms into tangible comfort and loyalty
for the user. A successful hyper-personalization strategy relies not only on
technology but also on the harmonious operation of data infrastructure,
decision mechanisms, design, and distribution processes (Valdez Mendia et
al., 2022).

This transformation is not limited solely to online platforms; it also paves
the way for profound changes in physical retail. On-site customer profiling
and hyper-personalization systems utilized in physical retail aim to digitize
the in-store experience via deep learning methods. These systems are capable
of creating purchasing profiles devoid of personally identifiable information
by automatically analysing customers’ demographic details such as age and
gender, their instantaneous emotional states within the store, and how they
interact with products (Micu et al., 2022). Whereas product placements and
promotional content are identical for all users in traditional retailing, Al-
supported smart systems can analyse the facial expression and age range of a
user standing in the cosmetics section within a short time. The moment the
customer puts the product back on the shelf, the content of the digital screen
can automatically update to present a personalized product recommendation
like “Glow-boosting care treatment for your tived skin!” instead of a generic
advertisement, offering an incentive coupon valid at the checkout. This
ensures the transformation of the user’s instantaneous emotional state into
purchasing motivation.

In the highly competitive retail ecosystem, the ability of new ventures
(start-ups) to exist sustainably depends on their capacity to differentiate
themselves in crowded markets. Despite having more limited resources
compared to large-scale organizations, start-ups can achieve a significant
competitive advantage thanks to their adaptability in decision-making and
implementation processes. Al-supported hyper-personalization transforms
this adaptability into a strategic competitive tool. Unlike the cumbersome
decision structures of large organizations, start-ups can offer simultaneous and
more personal experiences to a large number of users by utilizing real-time
data. For example, while a large retail chain sends a standard “Baby Products
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Discount” newsletter to all its users, a data-driven start-up can predict that
diaper stocks are about to run low or that a transition to the next size up is
needed by analysing a parent’s recent purchase history. When this prediction
is combined with a personalized notification delivered at the right time, it
offers a value that directly corresponds to the user’s actual need.

The Fast-Moving Consumer Goods (FMCG) sector stands at the forefront
of the hyper-personalization revolution due to its dynamic structure where
decisions are made instantaneously. While brands utilize Al-supported
algorithms and Natural Language Processing (NLP) technologies to
process big data in this field, they have moved the scope of analysis beyond
words today. Organizations now read emojis, the most powerful non-verbal
communication tool of the digital age (Aydin, 2024), as universal “data
signals” that most rapidly indicate the consumer’s current mood, emotional
intensity, and needs. For example, while a traditional brand in the Fast Fashion
sector shows the same shirt advertisement to everyone under the title “Men’s
Wear Discount”, artificial intelligence analyses the increasing interaction on
social media, especially on Friday evenings. A university student adding only
a = = (thinking face) or = | (I don’t know) emoji to a “Undecided look in
the mirror!” photo shared before upcoming weekend plans or a first date is
interpreted by the system as a silent request for style assistance. The algorithm
captures this visual cue, examines the user’s past streetwear preferences,
and instead of presenting a standard product list, presents a personalized
notification saying: “End the worry of what to wear tomorvow: That Khaki Bomber
Jacket and Pavachute Pants outfit that fits your style perfectly has been prepaved
for you!”. Thus, a simple emoji transforms into intelligent style consultancy
that eliminates one of the male consumer’s biggest problems, the “bassle of
creating an outfit”, and converts into a one-click purchase.

Finally, Generative Al, based on advanced machine learning models,
maximizes customer engagement and conversion rates by rendering hyper-
personalized messaging strategies scalable within the retail sector. However,
this technological transformation, while enhancing marketing efficiency,
brings with it ethical responsibilities and integration challenges that must be
addressed with caution. Research indicates that sustainability in technologies
such as Generative Al and the Metaverse depends on the balance between
innovation, data privacy, and ethical responsibilities (Chakranarayan, 2025).
For instance, a customer receiving a message from their favourite cosmetics
brand saying, “Is your skin veady for winter? We have veserved your moisturizer
for you!” creates a warm touch that strengthens loyalty. However, the picture
changes when such personalization crosses the privacy boundary. When the Al
of a pharmacy application analyses a user’s vitamin purchases and pregnancy-
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related searches to send a notification regarding a situation they have not
yet shared with their social circle, saying “Special discount for you on stretch
mark creams you will need in the fivst months of pregnancy!”, technology ceases
to be an assistant serving the customer and transforms into a creepy spy
infiltrating the most private sphere. That moment represents the breaking
point where the data is accurate but ethics are violated, and trust in the brand
turns into fear within seconds. Consequently, the market leaders of the future
will emerge from those who can balance the limitless power of artificial
intelligence with their respect for human privacy. For in the digital age, true
strategic superiority no longer depends solely on the speed of algorithms, but
on how humanely and transparently those algorithms are managed.

2.4. The Privacy Paradox

The ethical concerns and data sensitivity arising from personalization and
customization processes possess a subjective nature that varies from individual
to individual. Customization based on user control is perceived as less ethically
problematic by consumers compared to system-driven personalization
(Treiblmaier et al., 2024). This situation demonstrates that despite the high
utility potential of personalization, it generates a strong privacy tension
among consumers. However, discussions regarding ethics and data privacy are
predominantly addressed in the literature through the unilateral perspectives
of disconnected disciplines such as law, morality, or psychology. Yet, data
privacy is a multi-layered and complex process that affects both the internal
and external stakeholders of an organization. Consequently; there is a need
for a holistic research approach that transcends these narrow frameworks and
converges different interest groups on a common ground.

Personalization, in its most general definition, is the optimization of the
purchasing experience based on consumers’ personal data and preferences;
however, consumer privacy concerns can significantly weaken the commercial
effectiveness of online personalization efforts (Chellappa & Sin, 2005). In
particular, the lack of transparency in data collection, storage, and processing
procedures shakes the trust placed in data-driven marketing practices. As
retailers increase the depth of personalized services, paradoxically, the
consumers’ sense of distrust rises, and interaction declines. Indeed, research
confirms that while explicit (transparent) data collection increases the
intention to click, covert (implicit) collection suppresses this intention,
thereby triggering the “personalization paradox” in the literature (Aguirre et
al., 2015; Martin & Murphy, 2017; Chandra et al., 2022).
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Although privacy concerns constitute a primary barrier to mass adoption,
this obstacle can be surmounted through a fair “value exchange” mechanism
established between consumers and brands. For instance, highly sensitive data
such as heart rhythm or sleep patterns can be voluntarily shared by users in
return for vital benefits like “early disease warning” oftered by devices such as
Apple Watch or Fitbit. This situation indicates that individuals relegate their
privacy concerns to the background when the expected benefit exceeds the
perceived risk (Pitta et al., 2003). The “Privacy Calculus” model explaining this
phenomenon reveals that consumers’ risk-benefit analysis varies depending
on the presentation mode of personalization (explicit/implicit) and that
individual characteristics play a moderating role in this calculation (Xu et al.,
2011; Aiolfi et al., 2021). In this delicate balance between the consumer and
the brand, trust is the most critical element that mitigates negative effects
(Pitta et al., 2003; Chellappa & Sin, 2005; Ho, 2006; Aguirre et al., 2015;
Guo et al., 2016; Giirbiizer & Hagiloglu, 2024; Aydin & Giirbiizer, 2025).

3. Conclusion

Al-based personalization technologies offer a unique strategic competitive
advantage to businesses in today’s digital ecosystem. This high-level, need-
anticipating personalization experience provided to consumers redefines
customer interaction. This transformation process not only modernizes the
ways organizations do business but also provides them with a much higher
value creation capacity compared to traditional methods. Technologies such
as Machine Learning, Natural Language Processing (NLP), and predictive
analytics create a structural transformation that understands the consumer
in real-time and anticipates their needs, going beyond merely automating
marketing decision processes. However, this powerful transformation is
not limited solely to the effectiveness of data-driven sales algorithms. On
the contrary, sustainable success emerges at the point where the hyper-
personalization capacity offered by artificial intelligence is blended with
ethical principles, data privacy, transparency, and human oversight (Kedi
et al., 2024; Al Prince et al., 2025). Current research clearly demonstrates
that although businesses have a high appetite for technological investment,
data privacy, implementation costs, and social trust expectations are critical
breaking points determining the speed of this transformation.

Today, while predictive data analyses, chatbots, and autonomous decision
systems create a significant transformation in businesses, they also bring
along discussions regarding privacy, autonomy, and ethical responsibility.
Organizations must now ask not only the question “How much personalization
can be done?” but also “Which type of personalization can be ethically and
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socinlly acceptable?”. Therefore, the future of digital marketing depends not
merely on technological performance, but on the delicate balance between
personalization, privacy, and ethics. At the point where this balance is
disrupted, trust erodes rapidly. Conversely, artificial intelligence applications
that converge personalization, privacy, and ethical principles within the same
framework go beyond being a sales-oriented tool; they become a strategic
lever that deepens user trust, produces social benefit, and strengthens long-
term corporate reputation. Consequently, competitive advantage stems not
from deploying artificial intelligence quickly, but from the ability to manage
it in a responsible, ethical, and transparent manner. True superiority in digital
marketing takes shape precisely here.
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