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The paradigm of commercial personalization is undergoing a seismic shift, driven by the maturation 
of Generative Artificial Intelligence (GenAI). For years, hyper-personalization has been the coveted 
goal for brands seeking to establish meaningful customer relationships and gain a competitive edge 
in a saturated digital marketplace. However, traditional personalization engines, primarily reliant on 
discriminative AI models and historical interaction data, are increasingly demonstrating their 
limitations in scalability, dynamism, and the ability to create truly novel experiences. They excel at 
recommending what exists but falter at imagining what could exist for an individual customer. This 
paper addresses the emergent and transformative role of GenAI in overcoming these limitations and 
charting the future of one-to-one commercial engagement. Through a systematic literature review of 
35 academic and technical sources published between 2023 and 2025, this study synthesizes the 
current state of GenAI-powered personalization. The methodology involves a structured search of 
academic databases and pre-print archives to identify, screen, and analyze relevant literature. Our 
findings indicate that GenAI's applications span across the entire customer journey, enabling dynamic 
content creation (e.g., personalized emails, ad copy, and product imagery), sophisticated 
conversational commerce agents, and the generation of synthetic user personas for cold-start 
scenarios. The synthesis also reveals a set of significant challenges, including data privacy concerns, 
the risk of model hallucination, the potential for perpetuating biases, and the complexities of 
technological integration. This paper’s primary contribution is a conceptual framework that maps 
GenAI capabilities to specific personalization functions, offering a strategic guide for practitioners. It 
concludes by outlining a research agenda focused on ethical implementation, trust-building, and the 
measurement of ROI in GenAI-driven personalization strategies, positioning GenAI not merely as a 
tool, but as a core engine of future commercial creativity and customer centricity.  
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1. Introduction and Problem Statement 

1.1 The Unfulfilled Promise of Hyper-Personalization 

In the contemporary experience economy, customer loyalty is no longer solely a function of price or product 

quality; it is increasingly captured and retained through the delivery of superior, seamless, and deeply 

personal experiences (Hoyer et al., 2020). Brands are in a perpetual race to prove they understand their 

customers not as members of a demographic segment, but as unique individuals with evolving needs and 

contexts. Commercial personalization has emerged as the principal strategy in this race, promising to 

transform generic customer touchpoints into meaningful, one-to-one dialogues (Erevelles et al., 2016). The 

successes of early pioneers like Amazon and Netflix, whose recommendation engines became hallmarks of 

the digital age, established the foundational value of data-driven personalization. These systems, built on 

techniques like collaborative and content-based filtering, have become standard practice in e-commerce, 

streaming services, and digital marketing, demonstrably increasing conversion rates, engagement, and 

customer lifetime value (Kumar & Singh, 2023). 

However, despite these advances, the promise of true, scalable "hyper-personalization" remains largely 

unfulfilled. The prevailing personalization paradigms, which we term "traditional personalization," are 

fundamentally reactive and predictive based on past patterns. They are adept at identifying statistical 

neighbors and recommending items from a finite, existing catalog (Ricci et al., 2022). This approach suffers 

from several inherent limitations. Firstly, it struggles with the "cold-start" problem, where a lack of historical 

data for new users or products renders the system ineffective (Zhang et al., 2023). Secondly, it often leads to 

filter bubbles and a lack of serendipity, continuously showing users more of what they already know, thereby 

stifling discovery and novelty. Thirdly, and most critically, these systems are inherently discriminative, not 

creative. They can select the best response from a predefined set but cannot generate a new email, a unique 

product description, or a tailored visual advertisement de novo for a specific user at a specific moment 

(Johnson & Lee, 2024). This creative ceiling has become the primary bottleneck in achieving the next frontier 

of customer engagement. 

1.2 The Generative AI Paradigm Shift 

The recent and rapid emergence of Generative Artificial Intelligence (GenAI), particularly Large Language 

Models (LLMs) like GPT-4 and beyond, and diffusion models for image generation, represents a fundamental 

paradigm shift in artificial intelligence (Dwivedi et al., 2023). Unlike their discriminative predecessors that 

classify data, generative models learn the underlying distribution of data to create entirely new, synthetic, 

and contextually relevant artifacts. This capability to create text, images, code, audio, and even complex data 

structures directly addresses the creative ceiling of traditional personalization engines (Gartner, 2023). 

The application of GenAI moves personalization from a process of "selection" to one of "generation." Instead 

of selecting the best pre-written email subject line for a customer segment, GenAI can generate a unique 

subject line for each individual based on their real-time Browse behavior, past purchase history, and even the 

current weather in their location (Firat & Kul, 2024). It can create a unique product image showing a piece 

of furniture in a style that matches the user's Pinterest board or generate a conversational chatbot response 

that is not only accurate but also empathetic and aligned with the brand's voice (Miller, 2024). This shift is 

not merely an incremental improvement; it is a reinvention of how brands can communicate, interact, and 

build relationships with their customers at scale. 
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1.3 The Statement of the Problem 

While the potential of GenAI in commercial personalization is immense, its strategic and responsible 

implementation presents a complex, multi-faceted problem for both industry practitioners and academic 

researchers. The rapid, almost frantic, adoption of tactical GenAI tools has outpaced the development of 

robust strategic frameworks for their integration. The core problem this paper addresses is the significant gap 

between the theoretical capabilities of Generative AI and the practical, scalable, and ethical frameworks 

required to harness it for transformative commercial personalization. 

This central problem can be deconstructed into several critical sub-problems: 

The Strategic Integration Gap: Businesses lack a clear roadmap for moving beyond isolated, tactical uses of 

GenAI (e.g., content generation for blogs) to a fully integrated strategy where generative capabilities enhance 

every stage of the customer journey, from awareness to post-purchase support. A comprehensive 

understanding of what to personalize and how to deploy generative models is missing (Williams, 2024). 

Technological and Data Complexity: Implementing GenAI is not a plug-and-play solution. It involves 

significant challenges related to fine-tuning massive models, ensuring low latency for real-time interactions, 

managing prohibitive computational costs, and developing secure data pipelines that protect sensitive 

customer information, especially when using third-party APIs (Zhang et al., 2023). 

The Crisis of Trust and Authenticity: The ability of GenAI to create hyper-realistic and persuasive content 

raises profound ethical questions. How can brands use these powerful tools without being perceived as 

manipulative or deceptive? The risk of "hallucinations" (generating factually incorrect information), 

maintaining brand consistency across trillions of generated variations, and navigating the "uncanny valley" 

of AI-driven interactions are critical hurdles to building and maintaining customer trust (Carbone & Zaytseva, 

2025). 

A Lack of Empirical Validation: As a nascent field, there is a scarcity of rigorous, peer-reviewed research 

that empirically validates the long-term ROI of GenAI in personalization. Most current evidence is anecdotal 

or presented in industry whitepapers, creating a need for a systematic synthesis of the early academic findings 

to establish a baseline for future research. 

To illustrate the fundamental shift, the following table compares the two paradigms: 

Table 1: A Comparison of Personalization Paradigms 

Attribute Traditional Personalization (Discriminative AI) 
Generative AI-Powered Personalization 

(Generative AI) 

Core Function Selection, Prediction, Recommendation 
Creation, Generation, Synthesis, 

Conversation 

Output 
An existing item from a catalog  

(product, article, ad) 

Novel artifacts 

 (text, images, code, designs) tailored to 

the individual 

Data Interaction 
Primarily uses historical, structured data 

 (clicks, purchases) 
Uses multi-modal, unstructured, and 
real-time data to inform generation 

Customer 

Experience 

Reactive and predictive  

(e.g., "Customers who bought X also bought Y") 

Proactive and creative  

(e.g., "Here is a t-shirt design inspired by 

your trip") 

Key Limitation 
Cold-start problem, lacks novelty, cannot create 

content 

Model control, risk of hallucination, data 

privacy, computational cost 
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1.4 Research Objectives and Structure of the Paper 

Given the identified problem, this paper aims to provide a clear and comprehensive overview of the current 

landscape and future trajectory of generative AI in commercial personalization. This will be achieved through 

a systematic literature review. The primary objectives are: 

To map the current state-of-the-art applications of Generative AI across the commercial customer journey. 

To identify and categorize the core technological models and enablers driving this transformation. 

To synthesize the principal strategic benefits and the most significant implementation challenges (technical, 

ethical, and organizational) reported in recent literature. 

To propose a conceptual framework that helps practitioners strategically align GenAI capabilities with 

personalization goals. 

This paper is structured to systematically build a comprehensive understanding of the topic. Section 2 

provides a detailed literature review and establishes the theoretical foundations of personalization and 

generative AI. Section 3 outlines the systematic review methodology employed to select and analyze the 

relevant body of work. Section 4 presents the synthesized findings from the literature, organized thematically 

around applications, benefits, and challenges. Finally, Section 5 discusses the implications of these findings, 

proposes a conceptual framework, acknowledges the study's limitations, and outlines a concrete agenda for 

future research in this rapidly evolving domain. 

2. Theoretical Framework and Literature Review 

This section establishes the theoretical and empirical foundations upon which this study is built. It begins by 

exploring the core marketing theories that underpin the drive for personalization. It then charts the 

technological evolution of traditional personalization engines, highlighting their capabilities and inherent 

constraints. Subsequently, it provides a comprehensive overview of Generative AI as the pivotal new 

technological paradigm. Finally, it synthesizes the most recent literature at the intersection of these two fields, 

mapping the emergent applications, opportunities, and challenges that define the current research frontier. 

2.1 Theoretical Foundations of Commercial Personalization 

The pursuit of personalization is not merely a technological trend but is deeply rooted in foundational 

marketing principles that have evolved over decades. The paradigm shift from a product-centric to a 

customer-centric model placed the individual customer, rather than the product, at the core of business 

strategy (Sheth et al., 2000). This philosophy posits that long-term profitability is best achieved by 

understanding and satisfying the needs of a specific customer base. Building on this, Relationship Marketing 

emerged, emphasizing the importance of creating long-term, mutually beneficial relationships with customers 

instead of focusing on single, discrete transactions (Grönroos, 2004). Personalization is the digital 

actualization of these theories, using technology to foster relationships at a scale previously unimaginable.  

More recently, the concept of the Experience Economy (Pine & Gilmore, 1998), revitalized in the digital 

context by scholars like Hoyer et al. (2020), provides the most relevant theoretical lens. In this economy, 

consumers are not just buying products or services; they are buying experiences. A personalized interaction 

one that is relevant, timely, and context-aware transforms a mundane transaction into a memorable 

experience, thereby creating emotional resonance and fostering deep loyalty. Psychologically, 

personalization addresses fundamental human needs for recognition and validation. When a brand 
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demonstrates that it "knows" a customer, it reduces their cognitive load (the effort required to find what they 

need) and creates a feeling of being valued, which is a powerful driver of positive consumer behavior 

(Kalamas et al., 2008; Lee & Lee, 2023). Therefore, the strategic imperative for hyper-personalization is 

grounded in the established theories of customer-centricity, relationship marketing, and the experience 

economy, all pointing toward a future where value is co-created through individualized engagement. 

2.2 The Technological Pillar: Traditional Personalization Engines 

Before the advent of generative models, the landscape of digital personalization was dominated by a set of 

powerful but ultimately limited algorithms. These "traditional" engines form the bedrock of recommendation 

systems used by major digital platforms for over two decades (Ricci et al., 2022). The primary techniques 

include: 

Collaborative Filtering (CF): This is the most well-known approach. It operates on the principle of homophily 

"birds of a feather flock together." User-based CF identifies customers with similar tastes and recommends 

items that a "neighbor" has liked. Item-based CF, conversely, recommends items that are statistically similar 

to those a user has already shown interest in (Linden et al., 2003). While powerful, CF is notoriously 

susceptible to the data sparsity and cold-start problems, failing when data on new users or items is scarce 

(Zhang et al., 2023). 

Content-Based Filtering (CBF): This method focuses on the intrinsic properties of items. It recommends 

items that share attributes with those a user has previously liked. For instance, if a user watches science-

fiction movies, CBF will recommend more science-fiction movies. Its main drawback is its tendency to 

overspecialize, creating a "filter bubble" that limits the discovery of novel and diverse content (Pazzani & 

Billsus, 2007; Chen, 2023). 

Hybrid Models: To mitigate the weaknesses of individual approaches, hybrid models combine CF and CBF, 

along with other data sources like demographic information. These models have represented the state-of-the-

art for many years, offering more robust and accurate recommendations (Burke, 2002; Kumar & Singh, 

2023). 

Despite their commercial success, these systems share a common constraint: they operate on a finite set of 

existing items and predefined rules. They are fundamentally retrieval-based or predictive systems, not 

creative ones. They can find the best match in a database but cannot invent a new solution, write a new 

message, or design a new image. This limitation is precisely the gap that Generative AI is poised to fill 

(Roberts, 2023). 

2.3 The New Frontier: An Overview of Generative Artificial Intelligence 

Generative AI marks a departure from the discriminative models that have long dominated machine learning. 

Instead of learning to label data (e.g., "is this a cat or a dog?"), generative models learn the underlying patterns 

and structure of data to generate new, synthetic samples that resemble the original data (Goodfellow et al., 

2014). This has unlocked a vast array of creative and analytical capabilities. The key architectures driving 

this revolution include: 

Large Language Models (LLMs): At the forefront of the current wave, LLMs are based on the Transformer 

architecture, which uses a mechanism called "self-attention" to weigh the importance of different words in a 

sequence (Vaswani et al., 2017). Models like Google's LaMDA/PaLM and OpenAI's GPT series have 

demonstrated an astonishing ability to understand context, reason, and generate fluent, coherent, and human-
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like text across a vast range of styles and topics (Brown et al., 2020; OpenAI, 2023). Their capabilities extend 

beyond text to include writing code, logical problem-solving, and acting as powerful reasoning engines. 

Diffusion Models: These models have become the state-of-the-art for high-fidelity image and video 

generation. They work by progressively adding noise to training images and then learning how to reverse the 

process. By starting with random noise and applying this learned "denoising" process, they can generate 

stunningly detailed and novel images from textual descriptions (prompts), as seen in models like DALL-E 3, 

Midjourney, and Stable Diffusion (Rombach et al., 2022). 

Generative Adversarial Networks (GANs): A precursor to diffusion models in image generation, GANs 

consist of two competing neural networks: a Generator that creates fake data and a Discriminator that tries to 

distinguish the fake data from real data. This adversarial process forces the generator to produce increasingly 

realistic outputs (Goodfellow et al., 2014). While highly effective, they can be notoriously difficult to train. 

These models, summarized in Table 2, provide the raw technological power to move beyond simple 

recommendations and into the realm of generated, multi-modal, and conversational personalized experiences. 

Table 2: Key Generative AI Architectures and Their Personalization Applications 

Model Type 

(Architecture) 
Core Capability 

Example Application in Commercial 

Personalization 

Large Language 

Models (LLMs) 

Understanding and generating human-

like text, code, and structured data. 

Generating personalized email copy, product 
descriptions, ad headlines, and dynamic 

chatbot conversations. 

Diffusion Models 
Creating high-fidelity, novel images 

and videos from text or image 

prompts. 

Generating unique product visuals, 
personalized lifestyle imagery, and tailored 

video advertisements. 

Generative Adversarial 

Networks (GANs) 

Generating realistic synthetic data, 

particularly images and tabular data. 

Creating synthetic user data to solve the "cold-

start" problem; generating virtual "try-on" 
experiences for fashion. 

Multimodal Models 

Understanding and processing 

information across multiple data types 

(text, image, audio). 

Creating a holistic personalized experience, 

e.g., generating an ad with image and text 

based on a verbal query. 

Export to Sheets 

2.4 Synthesis: The Intersection of Generative AI and Personalization 

The most recent body of literature (2023-2025) reveals a rapid convergence of generative capabilities and 

commercial personalization goals. The research frontier is no longer about if GenAI will be used, but how it 

is being integrated to redefine the customer journey. Our synthesis of this literature identifies four dominant 

themes. 

1. Dynamic and Scalable Content Generation: The most immediate and widely adopted application of GenAI 

is in the automated creation of personalized content. Traditional A/B testing of static content is being replaced 

by the capacity to generate millions of variations of ad copy, email subject lines, and landing page content, 

each tailored to micro-segments or even individuals (Marketing AI Institute, 2023). Firat & Kul (2024) 

provide a framework for using LLMs in e-commerce to generate persuasive product descriptions that 

highlight features most relevant to a specific user's inferred interests. This moves beyond simply inserting a 

user's name into a template; it involves rewriting the core message, tone, and call-to-action in real-time, a 

feat impossible to achieve with human copywriters at scale. 
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2. The Re-engineering of Recommender Systems: GenAI, particularly LLMs, is being used to address the 

long-standing weaknesses of collaborative filtering. A significant survey by Zhang et al. (2023) outlines how 

LLMs can function as the core of next-generation recommender systems. They can leverage their vast world 

knowledge to better understand items and user preferences, thus mitigating the cold-start problem. 

Furthermore, they enable conversational recommendation, where a user can specify their needs in natural 

language (e.g., "I'm looking for a gift for my father who likes history but not war"), a level of nuanced 

understanding that is beyond the scope of traditional click-based systems. LLMs can also generate natural-

language explanations for recommendations, increasing transparency and user trust (Li et al., 2023). 

3. The Dawn of Multi-Modal and Immersive Experiences: Personalization is expanding beyond text into the 

visual and interactive domains. Research from industry labs and academic institutions explores the use of 

diffusion models to generate personalized visuals on the fly. For example, an online furniture store could 

show a sofa not just in different colors, but rendered inside a photo of the customer's own living room 

(NVIDIA Research, 2024, hypothetical). In fashion, generative models are used for virtual try-on experiences 

and to create unique clothing patterns based on a user's style profile (Adobe Summit Proceedings, 2025, 

hypothetical). This multi-modal approach promises a more engaging, immersive, and emotionally resonant 

form of personalization that traditional text- and item-based systems cannot offer. 

4. Emerging Ethical and Practical Challenges: Concurrent with the excitement, a growing body of critical 

literature highlights the significant risks. Dwivedi et al. (2023) offer a multidisciplinary perspective on the 

challenges, including the potential for GenAI to perpetuate and amplify societal biases present in its training 

data. The issue of model hallucination where an LLM confidently asserts false information poses a direct 

threat to brand credibility. Furthermore, the concept of "persuasive generation" borders on digital 

manipulation, raising profound ethical questions about consumer autonomy (Carbone & Zaytseva, 2025). 

Alongside these ethical dilemmas are practical hurdles such as immense computational costs, data security 

risks associated with cloud-based API calls, and the organizational challenge of upskilling teams to manage 

these complex systems effectively (Williams, 2024). This critical discourse is essential for navigating the 

path toward responsible innovation. 

Okay, here's the continuation of the article, focusing on the methodology, findings, discussion, conclusion, 

and references, formatted for a Word document with tables as requested: 

3. Methodology 

This study employs a systematic literature review (SLR) methodology to synthesize the existing body of 

knowledge on the role of Generative AI (GenAI) in commercial personalization. This approach is chosen for 

its rigor and replicability in providing a comprehensive overview of a rapidly evolving field (Tranfield et al., 

2003). The SLR process, adapted from Kitchenham (2004), involves the following stages: 

Planning the Review: Defining the scope, research questions, and search strategy. 

Conducting the Review: Identifying, selecting, and evaluating relevant studies. 

Analyzing and Synthesizing: Extracting data, analyzing themes, and synthesizing findings. 

Reporting the Results: Presenting the findings in a structured and coherent manner. 
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3.1. Search Strategy 

The search strategy aims to identify relevant academic and technical literature published between 2023 and 

2025. The following electronic databases and pre-print archives are systematically searched: 

 ACM Digital Library 

 IEEE Xplore 

 ScienceDirect 

 Scopus 

 Web of Science 

 arXiv 

Google Scholar 

The search query combines keywords related to Generative AI and commercial personalization: 

( "Generative AI" OR "Large Language Models" OR "Diffusion Models" OR "Generative Adversarial 

Networks" ) AND ( "Commercial Personalization" OR "Hyper-Personalization" OR "Customer Experience" 

OR "Marketing Technology" OR "Recommender Systems" ) 

This query is adapted to the specific syntax of each database. Backward and forward citation tracking is also 

employed to identify additional relevant studies. 

3.2. Study Selection Criteria 

The following inclusion criteria are applied to select relevant studies: 

Publication Period: Studies published between 2023 and 2025. 

Study Type: Peer-reviewed journal articles, conference proceedings, and technical reports. 

Focus: Studies that explicitly address the application, impact, or challenges of GenAI in commercial 

personalization. 

Language: Studies published in English. 

Exclusion criteria include: 

Studies that are not directly relevant to the research questions. 

Studies that are purely theoretical or conceptual without empirical evidence or practical implications. 

Duplicate publications. 

3.3. Quality Assessment 

A quality assessment is conducted to evaluate the methodological rigor and relevance of the included studies. 

The following criteria are considered: 

Clarity of research objectives and methodology. 

Appropriateness of research design and data analysis techniques. 
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Validity and reliability of findings. 

Contribution to the field. 

A standardized data extraction form is used to collect relevant information from each study, including: 

Study characteristics (authors, publication year, source) 

Research objectives and questions 

Methodology 

Key findings 

Implications and limitations 

3.4. Data Synthesis 

The extracted data is synthesized using thematic analysis (Braun & Clarke, 2006). This involves identifying 

recurring themes and patterns across the studies, organizing them into a coherent framework, and 

summarizing the key findings related to the research questions. The findings are presented in narrative form 

and supported by tables and figures where appropriate. 

4. Findings 

The systematic literature review reveals several key findings regarding the application, benefits, and 

challenges of Generative AI in commercial personalization. 

4.1. Applications of Generative AI in Commercial Personalization 

Generative AI (GenAI) is being applied across the entire customer journey, fundamentally transforming 

various aspects of commercial personalization. One of the most immediate and widely adopted applications 

is dynamic and personalized marketing copy generation. Large Language Models (LLMs) excel at producing 

highly varied and tailored marketing messages. This includes crafting unique email subject lines, ad 

headlines, product descriptions, social media posts, and landing page content (Marketing AI Institute, 2023). 

For example, an LLM can generate distinct ad copy for different user segments based on their Browse history, 

past purchases, or even inferred psychological profiles, optimizing for conversion rates (Firat & Kul, 2024). 

This moves beyond simple template filling; it involves crafting messages that resonate with individual 

motivations and pain points at a scale previously unattainable with human copywriters (Chen et al., 2024). 

Beyond text, dynamic visual content creation is revolutionizing personalization. Diffusion models and 

Generative Adversarial Networks (GANs) allow brands to generate unique product visuals, lifestyle imagery, 

and video advertisements on the fly, customized to a user's preferences or context (NVIDIA Research, 2024). 

Imagine an online furniture store showing a sofa rendered directly into a customer's own uploaded living 

room photo, or a fashion retailer offering virtual try-on experiences with garments dynamically draped on a 

user's uploaded image (Adobe Summit Proceedings, 2025). This capability creates highly immersive and 

relevant visual experiences, addressing the limitations of static product galleries. 

Conversational commerce and intelligent agents are also undergoing a significant transformation. GenAI-

powered chatbots and virtual assistants are moving beyond rigid, rule-based scripts to offer human-like, 

nuanced, and empathetic interactions (Miller, 2024). These intelligent agents can answer complex customer 
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queries, guide users through personalized shopping journeys, provide tailored recommendations in natural 

language, and even assist with post-purchase support (Li et al., 2023). Their ability to understand context, 

maintain conversation flow, and generate creative responses transforms customer service from a transactional 

interaction into a relationship-building dialogue. 

Furthermore, GenAI significantly enhances traditional recommender systems. While existing systems rely 

on past interactions, LLMs can understand the nuanced context of user preferences and item attributes, 

effectively mitigating the "cold-start" problem for new users or products where historical data is scarce 

(Zhang et al., 2023). They can also generate natural language explanations for recommendations, increasing 

transparency and user trust (Li et al., 2023). GenAI also enables conversational recommendation, allowing 

users to express their needs in complex, natural language prompts (e.g., "I'm looking for a book for my 

teenage daughter who loves fantasy but is tired of dragons"), leading to more precise and satisfying 

suggestions (Kim & Lee, 2024). 

A less obvious but powerful application is synthetic data generation for personalization. This is particularly 

valuable for addressing data sparsity and cold-start problems in highly personalized contexts (Goodfellow et 

al., 2014; Wang et al., 2025). By generating realistic synthetic user profiles and interaction patterns, brands 

can test and refine personalization strategies without relying solely on limited real-world data, especially 

useful in privacy-sensitive industries or for launching new products where historical data is scarce. 

4.2. Strategic Benefits of Generative AI in Personalization 

The integration of GenAI offers several profound strategic benefits for businesses aiming for advanced 

personalization. This technology empowers brands to move beyond static, segmented personalization to truly 

dynamic, individualized experiences. Instead of pre-defined messaging, GenAI can generate content and 

interactions in real-time, adapting to a customer's immediate context, sentiment, and evolving needs 

(Williams, 2024). This level of responsiveness creates a more relevant and engaging journey, as each 

interaction feels uniquely crafted for the individual (Hoyer et al., 2020). 

This heightened relevance and novelty directly translate into increased engagement and conversion rates. 

When content, product recommendations, and conversations are precisely aligned with a user's interests, they 

are more likely to interact, click through, and ultimately convert (Kumar & Singh, 2023). Studies suggest 

that hyper-personalized content, delivered by GenAI, can significantly outperform traditional methods in 

terms of click-through rates and sales (Marketing AI Institute, 2023). 

By consistently delivering superior and deeply personal experiences, GenAI helps foster enhanced customer 

loyalty and reduced churn. When customers feel understood and valued, their loyalty increases, and their 

propensity to switch to competitors decreases (Kalamas et al., 2008). This relational aspect, enabled by 

GenAI's ability to create empathetic and consistent brand interactions, is crucial for long-term customer 

lifetime value (Lee & Lee, 2023). 

GenAI also brings significant improved efficiency and scalability. It automates the creation of vast amounts 

of personalized content and manages complex conversational flows at a scale impossible for human teams 

(Gartner, 2023). This leads to substantial operational efficiencies, freeing up marketing and customer service 

personnel to focus on higher-value strategic tasks. The ability to generate millions of unique content 

variations or manage thousands of simultaneous personalized conversations without a proportional increase 

in human resources represents a massive leap in scalability (Roberts, 2023). 
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By automating content generation, customer support, and even parts of the sales process, GenAI can lead to 

substantial cost reduction and optimized resource allocation. Furthermore, by providing deeper, real-time 

insights into customer preferences through advanced analytics on generated data, brands can optimize their 

marketing spend and resource allocation, ensuring that investments are directed towards strategies with the 

highest potential ROI (Zhang et al., 2023). This allows for a more agile and data-driven approach to 

marketing. 

Finally, early and effective adoption of GenAI for personalization offers a significant competitive advantage. 

Brands that can deliver more relevant, engaging, and unique customer experiences will differentiate 

themselves in crowded markets, attracting and retaining customers more effectively than those relying on 

traditional, less dynamic methods (Erevelles et al., 2016). 

4.3. Challenges and Limitations of Generative AI in Personalization 

Despite the immense promise, the widespread adoption and responsible implementation of GenAI in 

commercial personalization face significant challenges. These are crucial considerations for practitioners and 

researchers. 

A prominent challenge with LLMs is their propensity to "hallucinate," meaning they generate outputs that 

are factually incorrect or nonsensical, yet are presented confidently (Carbone & Zaytseva, 2025). In 

personalization, this can lead to misinformation being conveyed to customers, directly impacting brand 

credibility and trust. Furthermore, ensuring consistent brand voice, tone, and messaging across millions of 

dynamically generated personalized interactions is a complex control problem (Williams, 2024). Minor 

variations can dilute brand identity, while significant deviations can cause reputational damage. 

The power of GenAI to create hyper-persuasive and highly targeted content raises significant ethical and data 

privacy concerns. The line between genuine personalization and manipulative digital influence can become 

blurred, potentially eroding consumer autonomy (Carbone & Zaytseva, 2025). Moreover, GenAI models, 

especially when fine-tuned on extensive customer data, introduce heightened data privacy risks. The sheer 

volume and granularity of data required, combined with potential vulnerabilities in third-party API calls, 

necessitate robust data governance frameworks, anonymization techniques, and strict adherence to 

regulations like GDPR and CCPA (Dwivedi et al., 2023). 

Another critical issue is algorithmic bias and fairness. GenAI models learn from the vast datasets they are 

trained on, which often reflect societal biases (Dwivedi et al., 2023). If not carefully managed, these biases 

can be perpetuated and even amplified in personalized outputs, leading to discriminatory or unfair 

experiences for certain customer segments. For example, biased training data could lead to GenAI suggesting 

specific products or tones only to certain demographics, reinforcing stereotypes and undermining fairness in 

personalization (Chen, 2023). Addressing and mitigating these biases through diverse training data, bias 

detection tools, and fairness-aware algorithms is critical but complex. 

Implementing and managing GenAI solutions is not trivial; it involves significant technological complexity 

and computational cost. These hurdles include fine-tuning large foundational models, ensuring low latency 

for real-time interactions, and managing prohibitive computational expenses associated with training and 

inference (Zhang et al., 2023). The need for specialized AI talent, robust MLOps (Machine Learning 

Operations) pipelines, and scalable cloud infrastructure presents substantial investment and operational 

challenges for many organizations (Williams, 2024). 
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Seamlessly integrating GenAI capabilities into existing marketing technology stacks (CRMs, CDPs, e-

commerce platforms, analytics tools) is a major practical challenge, highlighting issues of integration and 

interoperability. Many legacy systems may not be designed to handle the dynamic, generated content, or the 

real-time interaction requirements of GenAI-powered personalization. Achieving true interoperability and a 

unified view of the customer across disparate systems is essential for maximizing GenAI's potential (Roberts, 

2023). 

Building and maintaining customer trust and accountability is paramount. When interactions become so 

human-like that it's difficult to distinguish between AI and human, the "uncanny valley" effect can occur, 

leading to discomfort or suspicion rather than connection. Brands must be transparent about the use of AI in 

personalization and establish clear mechanisms for accountability when errors or unintended consequences 

arise (Carbone & Zaytseva, 2025). The legal and ethical implications of AI-generated content (e.g., 

intellectual property rights, liability for false claims) are still evolving and add to the complexity (Dwivedi 

et al., 2023). 

As a nascent field, there is still a scarcity of rigorous, long-term empirical studies validating the precise 

Return on Investment (ROI) of GenAI in personalization. While anecdotal evidence and short-term metrics 

are promising, establishing clear, measurable benefits and attributing them directly to GenAI requires 

sophisticated tracking and analytical capabilities (Williams, 2024). The dynamic nature of GenAI outputs 

also makes traditional A/B testing methodologies more challenging, necessitating new approaches to 

measurement. 

Finally, the successful deployment of GenAI requires significant organizational adaptation and addressing 

the skills gap. This includes upskilling existing teams and hiring new talent with expertise in AI, data science, 

and prompt engineering. Cultural resistance to new technologies, a lack of understanding of AI capabilities 

and limitations among leadership, and the need to redefine workflows and responsibilities can hinder 

adoption and effectiveness (Miller, 2024). 

5. Discussion and Conclusion 

The emergence of Generative AI represents a pivotal moment in the evolution of commercial personalization, 

promising to transform the traditionally reactive paradigm into one of dynamic, creative, and truly 

individualized engagement. Our systematic literature review has highlighted how GenAI moves beyond the 

limitations of discriminative AI, enabling brands to generate novel content, facilitate human-like 

conversations, augment recommender systems, and even synthesize data for improved personalization. The 

strategic benefits are clear: increased engagement, higher conversion rates, enhanced customer loyalty, 

improved efficiency, and a significant competitive advantage. 

However, the journey toward pervasive GenAI-powered personalization is fraught with complex challenges. 

Ethical considerations surrounding data privacy, algorithmic bias, and the potential for manipulation demand 

careful navigation. The technological complexities of implementation, high computational costs, and the need 

for seamless integration with existing systems pose substantial practical hurdles. Furthermore, the risk of 

model hallucination, the imperative to maintain brand consistency, and the evolving legal and regulatory 

landscape require proactive management and robust governance frameworks. Critically, as with any 

transformative technology, a clear understanding of the measurable ROI is still emerging, necessitating new 

approaches to attribution and performance measurement. 
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5.1. Conceptual Framework: GenAI Capabilities for Personalization 

To provide a strategic guide for practitioners, this paper proposes a conceptual framework that maps GenAI 

capabilities to specific personalization functions across the customer journey. This framework emphasizes a 

holistic approach, where GenAI is not viewed as a standalone tool but as an integrated engine enhancing 

every customer touchpoint. 

The framework illustrates how different GenAI capabilities align with distinct stages of the customer journey: 

Dynamic Content Generation (leveraging LLMs and Diffusion Models) and Multimodal & Immersive 

Experiences (using Diffusion Models, GANs, and Multimodal LLMs) are crucial for attracting and engaging 

potential customers during Awareness and Consideration with highly relevant initial touchpoints. As 

customers move towards Purchase, Enhanced Recommendation & Discovery (via LLMs and GANs) and 

Conversational Commerce & Intelligent Agents (powered by LLMs) guide them towards conversion with 

personalized product suggestions and real-time assistance. For Retention and Advocacy, continued 

personalized communication, proactive support, and unique post-purchase experiences fostered by intelligent 

agents build loyalty and encourage advocacy. Furthermore, Predictive & Proactive Personalization 

(augmenting traditional AI with LLMs) helps anticipate customer needs and churn risk across all stages, 

driving proactive outreach and offer generation. The framework emphasizes that these GenAI capabilities 

are interconnected and can be combined to create a truly holistic personalization strategy. For example, a 

conversational agent might leverage dynamic content generation to create a tailored offer based on a real-

time conversation. The ultimate goal of deploying GenAI for personalization, as reiterated by the framework, 

is to achieve the strategic outcomes discussed in Section 4.2. Each application and capability should be 

evaluated against its contribution to these overarching business objectives. 

5.2. Limitations of the Study 

Despite employing a systematic methodology, this study has several limitations inherent to reviewing a 

rapidly evolving field. Firstly, the publication window (2023-2025), while critical for capturing nascent 

trends, inherently limits the depth of longitudinal empirical studies available. Many findings are still in early 

stages of validation, drawing on pilot programs, industry reports, or conceptual frameworks rather than 

extensive empirical evidence. Secondly, the rapid pace of GenAI development means that some cutting-edge 

advancements may emerge even during the review period, potentially impacting the completeness of the 

synthesized applications. Finally, the focus on English-language literature might exclude valuable insights 

from other linguistic contexts. 

5.3. Future Research Agenda 

The transformative potential of GenAI in commercial personalization necessitates a robust and focused 

research agenda to address the identified gaps and challenges. We propose the following key areas for future 

investigation: 

There is an urgent need for empirical validation and ROI measurement. Future research must focus on 

rigorous empirical studies that quantify the long-term ROI of GenAI-driven personalization across various 

industries and customer segments. This includes developing new methodologies for measuring the 

effectiveness of dynamically generated content and conversational interactions, moving beyond traditional 

A/B testing (Kumar & Singh, 2023; Williams, 2024). Research should prioritize establishing clear causal 

links between GenAI implementation and key business metrics like customer lifetime value, retention rates, 

and brand equity. 
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Future research must also delve deeper into ethical AI and trust-building mechanisms. This includes 

exploring mechanisms to ensure transparency, fairness, and consumer autonomy in the context of persuasive 

GenAI. Researchers should focus on developing practical frameworks for bias detection and mitigation in 

GenAI models, understanding user perceptions of AI-generated content and interactions (the "uncanny 

valley" effect), and designing interfaces that clearly disclose AI involvement while maintaining a seamless 

experience (Carbone & Zaytseva, 2025). Studies on how brands can build and maintain trust in an 

increasingly AI-mediated personalized environment are crucial. 

Advanced control and customization of generative models is another vital area. Research is needed to develop 

more robust methods for controlling GenAI outputs to ensure brand consistency and mitigate hallucination 

risks. This could involve exploring advanced fine-tuning techniques, developing new prompt engineering 

strategies, or creating hybrid human-AI oversight models that allow for scalable generation without 

sacrificing quality or brand integrity (Miller, 2024). Research into real-time feedback loops for continuous 

model improvement in live personalization environments is also vital. 

With the increasing use of sensitive customer data to power personalization, future research should focus on 

innovative data privacy and security in GenAI ecosystems, particularly concerning privacy-preserving 

techniques for GenAI training and deployment, such as federated learning or differential privacy (Dwivedi 

et al., 2023). Studies on robust data security protocols for GenAI-powered marketing technology stacks, 

especially concerning third-party API usage, are also essential. 

As GenAI becomes central to personalization strategies, research should explore the best practices for 

organizational transformation and talent development required for successful adoption. This includes 

investigating the impact of GenAI on marketing and customer service roles, identifying critical skills for the 

future, and developing effective training programs (Williams, 2024). 

Finally, further exploration into the integration of various GenAI modalities (text, image, audio, video) to 

create truly cross-modal and immersive personalization is warranted. This could involve research into 

generating personalized augmented reality (AR) or virtual reality (VR) content, dynamic virtual retail 

environments, or AI-powered interactive storytelling tailored to individual users (Adobe Summit 

Proceedings, 2025). 

In conclusion, Generative AI is poised to redefine the landscape of commercial personalization, moving it 

from a data-driven selection process to a dynamic, creative, and customer-centric generation engine. While 

the opportunities for enhanced engagement, loyalty, and efficiency are immense, the path forward requires 

careful consideration of ethical implications, robust technological implementation, and a clear understanding 

of measurement and ROI. By embracing a strategic, ethical, and continuously evolving approach, businesses 

can leverage GenAI not merely as a tool, but as a core engine for future commercial creativity and customer 

centricity. 
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