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Abstract

Purpose: The aim is to discuss the implications of Generative Artificial Intelligence (Gen AI) in the 

marketing landscape today, almost as if it was a two-part aim: unlocking and ethical governance, 

whilst maintaining control.  

Design/Methodology/Approach: It is a conceptual, analytical setup where 55 peer-reviewed articles 

(2020-2026) have been retrieved following the guidelines of PRISMA-ScR aligned approach in 

Scopus, Web of Science, ScienceDirect and Springer web of science. It then translates this to the 

reflexive thematic analysis. Let's see how implementation is brought to life in the real world with 

Coca-Cola's Create Real Magic, Nike's AI ecosystem and Spotify's Wrapped.

Results: The review highlights six strategic opportunities: hyper-personalization, automated content 

generation, conversational commerce, predictive consumer analytics, dynamic pricing and AI-

powered market research; as well as four ethical worries: algorithmic bias, infringement on privacy, 

deepfakes that spread misinformation, and lack of accountability. Hyper-personalization results in 

revenue growth of 10-20% and automated content can save up to 70% production costs. However, 

44% of marketers state data privacy as the biggest challenge. Moreover, there were instances of bias 

in the algorithms, with 97 percent of the AI artworks analyzed showing managerial position related 

bias. 

Originality: The study has proposed a Strategic-Ethical Governance (SEG) framework that suggests 

a way to link the dots between the different streams of research and brings together the RBV, the TAM 

and the Diffusion of Innovation Theory into the AI taxonomy of Huang and Rust (2021).

Limitations: This was mainly a conceptual study and generalization in terms of empirical findings is 

therefore not really possible and further in-the-field experiments with longer time horizons would 

have to be carried out.  

Practical Implications: Prior to large-scale, it is essential to create AI governance mechanisms like 

ethics committees, bias audits, transparency protocols, and so on.

Keywords: Algorithmic Bias; Consumer Privacy; Digital Marketing; Ethical AI; Generative 

Artificial Intelligence; Hyper-Personalization; Strategic Marketing.
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1. INTRODUCTION

Constantly changing the way businesses market, connect, and influence customers—due to a history 

of marketing. Whether during the era of those newspaper notices from the 1700s or the era of precision 

practice aimed advertising campaigns, every technical period was changing the face of the practice. 

Today, this decade is different – albeit in a more tangible way: Gen Artificial Intelligence (Gen AI) is 

emerging as this kind of creative analytical – and this much more than a retooling – a chat-based tool. 

Rather, it can come up with new words, images, audio, and video (Huang & Rust, 2021; Davenport et 

al., 2020). 

When you look at the change over a period of time, it's actually about seven decades – early 'expert' 

systems in the 1970s to the large language models, the LLMs, today. The first of these rule-based tools 

was strong, but didn't work when the situation was new or unusual. The era of the 1990s and 2000s 

ushered in a new age of machine learning, which made finding patterns easier, especially for customer 

grouping (clustering) (Davenport et al., 2020; Guha et al., 2021), fraud detection, and 

recommendation systems. Next, the computer vision and natural language understanding systems 

progressed using deep learning systems, and then came the transformer to combine the systems. In 

November 2022, ChatGPT was made public, sparking the general public's awareness of Gen AI 

(Dwivedi et al., 2023; Chan & Choi, 2025). Marketing academics and practitioners may be familiar 

with machine learning and AI, but with Gen AI, it might be different as it produces content rather than 

predictions. It can create advertising copy, it also can create visuals aligned to the brand, it can 

simulate synthetic focus groups, and it can continue open-ended, context sensitive conversations with 

consumers (Kshetri et al., 2024; Kumar et al., 2024). The industry has also shown a pull forward in this 

area. For example, 32% of organizations are prioritizing marketing and sales as the area to deploy Gen 

AI, the AI marketing market is expected to grow from USD 15.84 billion in 2021 to USD 107.5 billion 

by 2028 (Dencheva, 2023), and 42.2% of marketers indicate that they have already integrated tools 

such as GPT-4 into their daily workflows (Influencer Marketing Hub, 2024). 

But there's still a certain excitement there, as ethical concerns creep in. But this isn't just historical bias 

that's being stored in this app, either: An audit of one popular app for creating AI art in 2022 revealed 

that a tool that created managerial positions was correlated with white males for 97% of the results 

(Berry, 2024). But hyper personalisation requires a lot of consumer data which raises compliance risks 

under the General Data Protection Regulation (GDPR), California Consumer Privacy Act (CCPA) and 

the Digital Personal Data Protection Act (DPDP Act, 2023) in India. Last but not least, there is the 

highly realistic synthetic media that can affect the integrity of elections, consumer trust and brand 

authenticity, too (Romero Moreno, 2024; Murray, Michael D. 2024). When advertising harms due to 

AI is created, blame and responsibility are distributed among the model developers, brands, and 

unknown algorithms (Wirtz et al., 2022).

Prabhat  / GNA Journal of Management & Technology Vol. 17, No. 1 (2026)



Although there are many commercial applications and the ongoing scholarly debate, the literature is 

somewhat split as if it were two lanes that don't seem to meet. Most papers address one or the other side 

of the strategic advantage or the one or the other ethical question, rarely connecting the two sides in a 

shared framework of analysis. This division is crucial because strategic value realisation is not a free-

floating strategic value realisation, but it is dependent on the ethical legitimacy. So, when there is no 

governance in place in a company's implementation of Gen AI, it can result in reputation damage and 

even regulatory penalty, a consequence that can find its way up the value of the benefits the company 

would have gained from using Gen AI in the first place.

The study is based on the Resource Based View (RBV) (Barney, 1991) which acknowledges that Gen 

AI is a strategic resource, but asserts that the returns for the application of Gen AI come from the 

complementary governance capabilities. A hybrid of the Technology Acceptance Model (Davis, 1989) 

and Diffusion of Innovation (DOI) Theory (Rogers, 2003) is used to understand the reason for the 

difference in rates of adoption among firms. Theories of institutions, however, highlight the 

legitimacy dilemmas and pressures that underlie the ethics of compliance. The theory base is used to 

guide the four aims of the study: (1) To trace the evolution of marketing technology from analytical 

tools to generative AI; (2) To identify and classify the key strategic marketing opportunities that 

generative AI offers; (3) To catalog and classify the ethical challenges of using Gen AI in marketing; 

and (4) To propose an integrative framework for the responsible use of Gen AI in marketing.

2. LITERATURE REVIEW

2.1 The Evolution of AI in Marketing: From Analytics to Generation

It's important to note that AI in marketing has come before the era of modern generative AI. To do it 

well, firms must take the tech seriously, Kotler and Armstrong (2021) state, since technology is critical 

to better meeting customer needs. In the early days, AI was mostly analytical. Indeed, behavioural 

traces in a context of recommendation systems have been demonstrated as predictive models, and 

even as being able to affect the overall revenue (Huang & Rust, 2021). The taxonomy by Shankar 

(2018) classified machine learning, computer vision and natural language processing. At the time the 

announcement was made, the first set of focus areas were mostly on customer relationship 

management, digital advertising and demand forecasting, with a not-so-thrilling message.

Next came a more influential conceptual structure from then on Huang and Rust (2021). They 

differentiate between Mechanical AI (Task Automation), Thinking AI (Analytical decision making) 

and Feeling AI (Emotion sensitive interaction). They believe that each new layer can only be an 

extension of what humans can currently do. This idea was later expanded to include the term 'creating 

AI' such that rather than just recognizing or detecting a pattern, systems are also creating patterns. 

Beyond mapping more than a dozen use cases for AI across the customer lifecycle, Davenport et al. 
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note that the quality of the data and the readiness of the organization to use the model are all-important. 

In recent years, Ooi et al. (2023) showed that in creative and high-diversity consumer environments, 

which is where marketing is most evident, the most important thing that Gen AI brings is in the area of 

consumer settings.

2.1.1 Critical analysis: Huang and Rust's (2021) framework is primarily conceptual and was 

developed before the large-scale commercialization of transformer-based models. As a result, the 

“creating AI” dimension remains underexplored in empirical research. Furthermore, although 

Davenport et al. (2020) and Guha et al. (2021) identify data quality and organizational readiness as 

critical enablers of AI adoption, subsequent studies suggest that these factors alone are insufficient to 

guarantee improved organizational performance. Excessive reliance on automation may also reduce 

the human element in customer interactions, potentially weakening brand authenticity and consumer 

engagement. In addition, most existing studies employ cross-sectional research designs, making it 

difficult to establish clear causal relationships between AI adoption and long-term market 

performance. Consequently, longitudinal validation of AI-driven marketing frameworks remains 

limited in the current literature.

2.2 Generative AI Capabilities and Marketing Applications

From 2022 to 2025, scholarly interest in Gen AI somewhat ramped up, as I mentioned, significantly. 

Kshetri et al. (2024) attempted to differentiate LLM for text generation from BVM for image 

synthesis, and the other use cases noted by Kshetri et al. were the creation of personalized content, 

conversational agents, and synthetic market research. Kumar et al. (2024) looked over the entire 

marketing value chain to see how Gen AI progresses in each segment, and they essentially concluded 

that the most impactful areas are when ingenuity is involved in production, and when there is a focus 

on emotional marketing and continued relationships. They also identified some important limitations 

often found in published research - for example, much research only examines specific applications, 

and the public policy implications of widespread use are not well-thought through.

 Arora et al. (2024) provided a set of five mechanisms that are offered to explain how LLMs are 

changing the consumer insights industry, valued at USD 153 billion, and highlighted synthetic digital 

twins as viable alternatives to existing survey panels. According to Wahid et al. (2023), automated 

content-generation can reduce production costs by up to 70% without sacrificing the level of audience 

engagement of the content produced by humans. Chan and Choi (2025) tried a more systematic 

approach, subclassifying the use of Gen AI marketing apps into three types: GANs, VAEs, and 

transformer models; and demonstrating that transformer-based systems are becoming more prevalent 

in multimodal use cases. Brynjolfsson et al., (2023) also included the evidence for controlled field 

experiments indicating that Gen AI tools have a positive effect on worker productivity of around 14% 

on average, and that the benefits were particularly pronounced for workers with lower skill sets, which 
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then has big implications for how marketing. 

2.2.1 A critical analysis, with a couple contradictory notes: First, both Wahid et al. (2023) and 

Brynjolfsson et al. (2023) state that efficiencies are significant; second, Kumar et al. (2024) write that 

content that's too automated can make the brand voice “kind a too uniform”, particularly “in high-

involvement, luxury” contexts, where it's tied to “human craftsmanship” as an integral part of brand 

equity. Then you have to deal with the fact that a lot of the empirical evidence is short run experiments, 

sometimes even case studies from a single company, and the question is: so what benefits come from 

Gen AI in different circumstances in the same industry? Nonetheless, results aren't entirely consistent 

with their creativity. Some studies indicate that people are not able to distinguish between AI-

generated and human-generated content, while others research suggests that AI-created content may 

lack emotional depth and cultural context, appearing more mechanical or cold. I don't know whether 

that's because affinity driven segments aren't as engaged as other segments, or whether there's a 

different way this goes when someone cares about nuance.

2.3 AI-Driven Personalization and Consumer Behavior

Hyper personalization is one of the most marketable AI marketing occurrences, if you can believe it in 

practice. Vinerean and Opreana (2024) suggest that the strategy has moved from simple demographic 

segmentation to more granular level prediction with the help of AI created personalization. They also 

refer to McKinsey (2022) which states that companies that employ AI hyper personalization generate 

an estimated 10-20% more revenue than those that continue to use more traditional methods. Many of 

these effects are explained more or less with Stimulus Organism Response (SOR) (Bag et al., 2022; 

Gao & Liu, 2023), which posits that individualized digital stimuli evoke cognitive and emotional 

responses in consumers that then influence their brand loyalty and engagement. Structural equation 

modelling has been employed to verify the hypothesis that AI personalization increases loyalty and 

engagement, but, sometimes, privacy issues reduce benefits, such as the way it is used. Gao and Liu 

(2023) also analyzed the customer journey, indicating that the AI-based influencer targeting based on 

demographic and psychographic matching is more effective in achieving CPE than traditional 

celebrity endorsement. 

This phenomenon of personalization–privacy paradox is one of the key challenges in AI marketing. 

Consumers generally like to know what is recommended to them and want their digital experiences to 

be tailored to their needs, but do not like a lot of data collection to allow for that personalization. This 

conflict is becoming a serious issue to be taken into account in the use of AI-powered marketing 

systems. Personalisation based on inferred sensitive information could be the source of privacy 

reactance and diminish organizational trust, Saura (2024) and Cloarec (2024) argue, especially if 

consumers believe that their personal characteristics were predicted without their consent. However, 

transparent communication on how recommendations are generated can assist consumers to feel in 
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control of their privacy whilst not significantly impacting the overall user experience, according to Li 

(2022).

2.3.1 A critical examination of the literature reveals somewhat conflicting findings: Vinerean and 

Opreana (2024) and McKinsey (2022) point out the benefits that business can derive from AI-powered 

personalization—such as higher engagement and increased revenue—among other key results. But 

Saura (2024) and Cloarec (2024) note that too much, or too much intrusion, into the personalised 

experience can have a negative impact on consumer perceptions, particularly if people feel firms are 

making assumptions about their sensitive traits or behaviours without their consent. The conflicting 

results highlight the multifaceted nature of AI personalization's effectiveness, shaped by cultural 

considerations, the presence of control mechanisms, and transparency.

Another limitation within the existing literature is methodological in nature. There is a significant 

number of studies using the Stimulus – Organism – Response (SOR) framework that are based on 

cross-sectional convenience samples, especially for users of digital technologies. This decreases the 

ability to make causal claims and does not allow results to be generalized to larger populations. 

Moreover, very little study has considered the sustainability of the personalization effects, or the 

variation in consumer responses between different cultures, thus creating other gaps that have to be 

explored.

2.4 Moral Challenges: Inclination, Security, Deepfakes, and Accountability

Ethical issues related to AI in marketing have been prominent especially since 2020, with a number of 

significant incidents that resulted in negative or discriminatory effects from algorithmic systems. 

Meanwhile, AI technology has been subject to rapid changes in regulation by region. The framework 

for bias in AI systems, developed by Ferrer et al. (2021), provides a cross-disciplinary understanding 

of the problem, covering historical representation bias, measurement bias and evaluation bias. Their 

work highlights that algorithmic bias is not just about the algorithmic design, but is also about the 

social, cultural and institutional dimensions of the training data and decision-making processes. And 

when you zoom in on showcasing you can see this stuff appear up as oppressive advertisement 

focusing on, inadequately visual nearness for minority bunches, and indeed estimating contrasts that 

conclusion up putting a few ensured categories at a drawback. Jain and Menon (2023) too found that 

when companies incline on generally assessment numbers, the more fine-grained holes between 

statistic bunches can get buried, so the org might not indeed realize the inclination that was as of now 

heated in

Another major issue, and truly one of the most talked about, is buyer information protection, which is 

ostensibly the primary moral concern. Li (2022) utilized protection calculus considering, to propose 

that individuals who judge security dangers as tall frequently hold back their information, indeed if 

they moreover see the personalization upside. At that point on the control side, the GDPR, the CCPA, 
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and India's DPDP Act (2023) make this kind of worldwide system that obliges how Gen AI promoting 

groups can handle information, full halt. Wirtz et al. (2022) propose Corporate Computerized 

Obligation, or CDR for brief, as an expansion of Corporate Social Obligation (CSR). Their point is 

that morals for AI in customer-facing circumstances can't be treated like fair another compliance 

chore, more like it needs ceaseless oversight and administration, not fair box ticking, and not as it were 

when an review is coming.

The moral danger of deepfakes is on the one hand massively larger and on the other hand quite unique, 

because it's hard to contain it, or even represent it in a clean and un-theoretical way without it sounding 

even more theoretical. In the EU AI Act, Romero Moreno (2024) explored what it has to say about 

deepfakes, and the answer is that most of the time, when “unauthorized visual resemblance” does 

occur in the commercial world, it is treated as a regular thing. Murray, Michael D. Moreover, (2024) 

also emphasize the potential for deepfakes to enable brand impersonation, creating very realistic 

synthetic content that can be seamlessly incorporated into the promotion of a brand. These fake 

articles can make for believable reading for the average consumer, even if they contain no information 

whatsoever, and therefore make potential misinformation or reputation damage more likely. However, 

a recent meta-analysis by Acikgoz et al. (2024) of 23 studies suggests a more complex picture, as 

disclosure of AI involvement does not necessarily bolster consumer trust. In certain contexts, 

however, AI disclosure can actually lead to a decrease in trust, as the prevailing belief is that the more 

information consumers have, the more positive their views will be towards the AI. Likewise, Shin and 

Akhtar (2024) contend that algorithmic transparency works best when the consumer is already highly 

engaged in the matter and when the disclosure is delivered in a proactive and meaningful manner, as 

opposed to being an afterthought. 

The literature search shows contradictory results about transparency and ethical governance of AI. 

However, other researchers like Wirtz et al. (2022) and Floridi et al. (2020) have considered 

transparency as a key ethical principle for AI systems, as it enables accountability, fairness, and 

responsible decision-making. However, the argument of the “transparency paradox” is introduced by 

Acikgoz et al. (2024), which suggests that overemphasis on the disclosure of AI can backfire and 

lower consumers' trust, especially in situations where consumers are served by a high-stakes service, 

where the use of AI might leave them with the impression that human agency is limited. The opposing 

results suggest that transparency is not a universal solution. Instead, transparency in the use of AI is a 

situation-dependent concept, influenced by the way it's communicated and by consumer expectations.

One further constraint in the existing literature is that it is marked by Eurocentric and U.S.-centric 

perspectives on regulation. Although frameworks like GDPR and EU AI Act are widely studied, 

regulatory strategies from other parts of the world have so far not been studied extensively, such as the 

Digital Personal Data Protection (DPDP) Act, 2023, introduced in India. The imbalance indicates a 
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need for more comprehensive cross-cultural and international viewpoints regarding future research in 

the field of AI ethics and governance. 

2.5 Investigate Gap

The over audit sort of fundamentally depicts 3 associated issues, not one, and it is different really. To 

begin with, the writing tends to see at vital openings from one side, at that point the moral issues from 

another, so its employments diverse explanatory focal points and no one truly appears how those two 

are assessed together beneath one greater hypothetical focal point. Moment, the information really 

paints more of a picture approximately personalization applications, and there is not much coordinate 

inquire about in the regions like advertise inquire about, item advancement or estimating procedure. 

Thirdly, the administration instruments side, the one implied to some way or another adjust 

advancement and morals, appears not that well investigated indeed when we see at scholastic 

investigate. These weights, limitations, and those sorts of contacts at that point lead to a require for 

integration, to figure out how organizations can capture commercial opportunity from Gen AI whereas 

too diminishing the externalities and the social impacts. To handle these crevices, the current think 

about will utilize efficient topical blend nearby a comparative case consider approach.

3. RESEARCH METHODOLOGY

3.1 Research Design and Philosophical Positioning

The technology being researched is emerging, and a complete matrix of empirical evidence is still 

being developed or is somewhat currently not completely available, thus this study is a conceptual 

analytical approach (Kotler & Keller, 2022). The work is ontological in nature, with a tendency 

towards relativism, in that the “meanings” of Gen AI are produced under the influence of various 

disciplinary lenses such as marketing, information systems, and AI ethics alongside others. 

Structured, epistemologically, the study has a general interpretivism, but it does not do this general 

approach, rather it is a structured thematic synthesis which binds and restructures the material. The 

overall design is a mixture of two compatible modes of operation:

(i) A systematic literature review, based on PRISMA-ScR (Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses extension for Scoping Reviews) guidelines (Tricco et al., 2018) 

(ii) Using comparative case study analysis (Yin, 2018) to make the themes more real and tangible than 

abstract, on paper. 

3.2 Systematic Literature Search Protocol

Inclusion criteria: The following types of papers were accepted for the review: (1) peer-reviewed 

journal articles, conference papers and book chapters listed in Scopus, Web of Science, ScienceDirect, 

Springer Link or IEEE Xplore. The publications with their volume and issue numbers are (2) for the 

period January 2020 – April 2026. (3) The text should be in English. (4) research papers on the 
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application of Generative AI (LLM, GANs, VAEs, Diffusion, Transformers) in the commercial space, 

such as marketing, consumer behavior, digital advertising, brand management, or AI ethics. Special 

papers: (5) theoretical, empirical, or review papers that consider strategic and/or ethical issues, that is, 

not only a focus on implementation details. 

Exclusion criteria: The following were not considered: Editorial, opinion pieces, magazine articles 

and trade publications (except for corroboration by case studies from trade sources). (2) papers with 

little or no marketing flavour or consumer welfare aspect, and the majority of these papers are mostly 

technical computer science papers. The generative part has been ignored in the studies found in (3), as 

only analysis or prediction-based AI like classic collaborative filtering, churn prediction, or 

forecasting of demand were investigated. For all of those that were not the transformer technology or 

before the widespread adoption of mainstream commercial Gen AI in 2020, (4) duplicate records and 

(5) anything before 2020. 

Search strings. Boolean combinations were adapted to each database's syntax:

— ("generative artificial intelligence" OR "generative AI" OR "Gen AI" OR "large language model*" 

OR "LLM" OR "transformer model*" OR "GPT" OR "DALL-E" OR "generative adversarial 

network*" OR "GAN" OR "diffusion model*") AND ("marketing" OR "consumer behavior" OR 

"consumer behaviour" OR "digital advertising" OR "brand management" OR "personalization" 

OR "customer engagement" OR "content marketing").

— ("AI ethics" OR "algorithmic bias" OR "data privacy" OR "deepfake*" OR "synthetic media" OR 

"corporate digital responsibility") AND ("marketing" OR "consumer trust" OR "digital 

responsibility" OR "AI governance").

Filters were applied to the results to limit the search to subject areas (Business, Management, 

Computer Science, Ethics, Law) and document types (Article, Review, Conference Paper). The search 

was conducted from February to April 2026.

3.3 Data Extraction and Thematic Analysis

The data were gathered on a coding sheet in Microsoft Excel (document) that included bibliographic 

data, research design, theoretical perspective, field of application of Gen AI, key results of the 

research, ethics issues pointed out by the original researchers, and geographical context and 

limitations mentioned by the original researchers. Then, thematic analysis was done, in a more or less 

continuous way, following the six phases reflexive approach of Braun and Clarke (2006). 

Phase 1: Familiarisation: Both reviewers read the articles in isolation, making initial impressions and 

analysis in early memos (55 articles). 

Phase 2: Initial Coding – 187 first codes were created using line by line inductive coding as well as 

“transparency paradox”). Themes were affinity-digested in 

Phase 3: Theme Searching, which resulted in possible themes of Strategic Opportunity, Ethical Risk, 
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Governance Mechanism, Consumer Response, and Technological Affordance. 

Phase 4: Theme Review: Themes were internally coherent and then also, sort of, externally coherent – 

that they fit. Occasionally sub-themes were amalgamated or split along that line, such as the first was 2 

and the second was 1. For example, GDPR, CCPA and DPDP codes were rolled into Regulatory 

Fragmentation. In the meantime, however, the codes of deepfakes and synthetic endorsements were 

combined together into a new code-named Synthetic Media Integrity, more coherent and in the sense 

of making sense.

Phase 5: The last themes were kind of re named too and they were clearly, delineated into Hyper-

Personalization and Revenue Optimization; Automated Content and Cost Efficiency; Conversational 

Commerce; Predictive Analytics and Synthetic Consumers; Dynamic Pricing; AI-Augmented Market 

Research; Algorithmic Bias and Fairness; Privacy Erosion and Regulatory Response; Deepfakes and 

Misinformation; Transparency and Accountability Gaps. After that, everything got synthesized into 

the six opportunity and four risk categories that are shown in the findings.

Phase 6: Report Production – the themes were turned into a narrative, and they were also cross 

referenced with the evidence from the case studies. The story came first , then what was observed in 

the earlier phases followed, kind of on a smooth line.  

3.4 Screening and Selection Process (PRISMA-ScR Aligned)

Following a protocol of PRISMA-Scr, four stages were used in the selection process: 

Stage 1 — Identification: We kicked things off by running a first database pull and we came up with 

1247 records. After that, 23 more were found via backward and forward citation snowballing, starting 

from a couple key works (Huang & Rust, 2021; Davenport et al., 2020) like it was kind of expected, 

honestly.  

Stage 2 — Screening: Two separate reviewers went through the titles and abstracts using the inclusion 

and exclusion criteria. Anything that didn't quite fit the boundary, was removed, for instance clinical 

AI diagnostics and technical NLP engineering but then again not the marketing related stuff. In the 

end we ended up with 312 records. 

Stage 3 — Out of the 312 records, they were pulled for a full text review. For eligibility, when the 

reviewers' views were not aligned, they more or less ironed it out via consensus talk. A third reviewer 

came in if it was still kind of hard to untangle (n = 8). The main reasons for dropping studies were, (i) 

the study was centered on analytical AI instead of generative AI (n = 142); (ii) there was simply no 

marketing context and no consumer setting at all (n = 78); (iii) it wasn't peer reviewed, or the full text 

could not be accessed (n = 35).

Stage 4 — Included: In the end, 55 articles remained, and those were then used for the thematic 

analysis. The PRISMA-ScR flow diagram is presented in figure 1. It kinda summarizes the whole 

workflow from beginning to end, yeah.
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Figure 1. PRISMA-ScR Flow Diagram for Systematic Literature Selection

Note: Identification: 1,270 records (database = 1,247; snowballing = 23). Screening: 312 records 

passed title/abstract review. Eligibility: 55 included; 257 excluded (analytical AI only = 142; no 

marketing context = 78; non-peer-reviewed/inaccessible = 35; other = 2).

3.5 Reliability and Validation Procedures

In order to achieve analytical rigor and increase the validity of the results, three procedures for 

validation were used.

(i)Inter-rater reliability was determined: Two independent coders coded a random 20% of the 

studies selected (n = 11). There was a high level of agreement between coders, with a Cohen's kappa of 

0.84, which reflects a high consistency among coders (Landis & Koch, 1977). Before a full-sample 

analysis, post coding errors were discussed.

(ii) Audit trail: throughout the study, a complete audit trail was kept. This was also to include search 

records, screening decisions, coding sheets and thematic development memos, which would bring 

transparency to the analysis process and make it possible to check the analytical process in the future.
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(iii) External expert validation: In addition, an external senior marketing scholar has reviewed the 

thematic framework and interpretations of the case studies. Feedback received in this review process 

helped to enhance interpretations and improve the theoretical consistency of the study.

3.6 Case Study Selection and Analysis

The selection of three cases was based on what seemed like a logical replication logic – albeit 

somewhat literal and theoretical – but you get the idea. That is, it was performed in a manner that is 

repeatable, and also checked against theory. 

The inclusion criteria were primarily: (1) documented use of Gen AI in marketing; (2) publicly 

available primary or secondary data (such as corporate reports, trade press and investor 

communications); (3) more than one sector of the economy; and (4) differences in size of the firm and 

governance maturity. 

The cases featured were then presented as follows: Coca-Cola (FMCG and support of external Gen AI 

partnership), Nike (apparel and a wider data ecosystem), and Spotify (digital service, algorithmic 

personalization, and consumer facing transparency). 

Then, cross-case analysis identified the similarities and differences among governance architecture, 

technical execution and the manner in which ethical risk is handled.

4. FINDINGS AND DISCUSSION: STRATEGIC OPPORTUNITIES

4.1 Hyper-Personalization at Scale

The capabilities of Gen AI offer qualitative improvement over segment-level marketing by creating 

individual marketing content within large consumer markets. Building on earlier market offerings of 

demographic or behavioral segments, Gen AI combines text, imagery and video narration customized 

for each individual's preferences, emotional state and contextual cues (Vinerean & Opreana, 2024). 

According to McKinsey (2022) benchmarks, AI hyper-personalization can generate revenue growth 

of 10-20%, while Salesforce State of Marketing Report (2023) reveals that 68% of global marketers 

are using AI for automated personalization. Integrating foundation models with customer data 

platforms enables businesses to create compositions with one-to-one customer, at marginal cost. 

4.1.1 Theoretical Integration: In TAM terms, hyper-personalization improves perceived usefulness 

by providing measurable revenue growth and operational efficiencies, thus speeding marketer 

adoption (Davis, 1989). In the RBV, personalization algorithms are a precious and limited asset, but 

they are only truly inimitable if they are based on proprietary data assets and require constant 

development. The DOI lens indicates that early adopters (such as Nike, Spotify etc) invest in these 

solutions because of the benefits gained from the relative advantage and observability of these new 

solutions, while laggards struggle with compatibility issues with legacy CRM systems.
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4.2 Automated Content Generation and Cost Efficiency

Traditionally, content marketing has been a long and costly process. Gen AI streamlines the creation of 

assets through channels and formats. According to the 2025 AI Marketing Industry Report, 90% of AI 

users in the marketing industry are utilizing it in tasks related to text, while Deloitte Digital (2023) 

projects average weekly time savings of 11.4 hours. According to documentation on Project Fission, 

Coca-Cola increased content production by ten times with the use of Adobe Firefly. In an empirical 

effort, Wahid et al. (2023) show up to 70% costs saving in content marketing production. This 

“creative industrialization” allows for multivariate tests on a level that was only previously possible 

for global brands, and brings competitive creative intensity to everyone. 

RBV assumes that having the ability to create content at a cost-effective rate is valuable operational 

capability, but having the ability to do it under human oversight – a socially complex and inimitable 

resource – is the key to sustainable advantage. For text-generation tools (such as GPT-4), perceived 

ease of use is high, which reduces the hurdles for lower-skilled workers to adopt it, according to TAM 

(Brynjolfsson et al., 2023). But in the case of DOI, the complexity that stands out is the integration of 

Gen AI into the current martech stacks and workflows, which requires skill and change management.

4.3 Conversational Commerce

While rule-based chatbots are limited by decision-tree architectures, LLM-powered chatbots can 

manage unstructured questions, remember the context of the conversation, and adjust their tone to 

each user (Gao & Liu, 2023). According to industry surveys, 44% of companies are investing in 

conversational AI and customer service with Gen AI. Conversational commerce combines customer 

service with selling. It integrates interactive communications channels with real-time support, product 

suggestions, and transaction completion in one conversation. Nike's NikeAI Beta is a great example of 

the change from one-way brand communication to two-way and more personal interaction. 

4.3.1 Theoretical Integration: TAM reminds us that one function of conversational agents that 

contributes to perceived usefulness is the availability of the agents around the clock and the contextual 

relevance of these agents; perceived ease of use is related to the quality of natural language interaction. 

The compatibility dimension is key for the adoption of AI agents within DOI: Consumers who are 

used to human service might be reluctant to embrace AI agents unless initial interactions are done in 

low-threat ways, such as in trials (Rogers, 2003). Conversational data from these interactions are a 

relational asset that is proprietary and will get better with feedback loops (in an RBV approach).

4.4.1 Predictive Consumer Analytics and Market Research Transformation

In "Leveraging AI-driven Consumer Digital Twins for Rapid Consumer Research: A Proof-of-

Concept Study with LLMs," Arora et al. (2024) showed how LLMs can shorten the consumer research 

timeline from months to days by using synthetic consumer digital twins, which are AI personas trained 

on real data that can be surveyed and tested with minimal cost. Empirically, Brand et al. (2023) 
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confirmed that the conjoint results generated by GPT-simulated consumers are similar to those 

obtained from human samples, in validated product categories. Li et al. (2024) demonstrated that 

perceptual maps created by LLMs are similar to those produced by human surveys, which allows for 

continuous monitoring of the positioning of brands without the need for periodic surveys. This shift 

brings consumer insights to a level that previously was only available for well-financed companies. 

4.5.1 Theoretical Integration: Synthetic consumer research is a good illustration of dynamic 

capabilities in the RBV theory: to sense (continuous monitoring of LLM), to seize (rapid concept 

testing), to reconfigure (change of research funding). TAM is applicable to internal adoption: in order 

to do so, marketing researchers must consider synthetic data as a valid and valuable option before 

discarding traditional panels. Pilot studies have been conducted to compare synthetic and human 

conjoint outputs which fulfil the trialability dimension of DOI (Brand et al., 2023).

4.5 Dynamic Pricing and Revenue Optimization

While AI based dynamic pricing has been around for many years, AI Gen can now personalize the 

pricing method and provide automated value explanation. Personalization-pricing functions are more 

effective in e-commerce when they are part of an integrated system. When it comes to pricing in e-

commerce, integrated personalization-pricing systems outperform their isolated counterparts every 

time. This two-in-one tool can help businesses save on revenue and enhance customer 

communication. However, personalized pricing is also a thorny ethical issue – it can be used to target 

vulnerable consumers or discriminate based on protected characteristics – so there will be technical 

controls and governance to consider.

Theoretical Integration: The trust construct is relevant here: If consumers don't think that algorithms 

are fair and transparent, the technology is unlikely to be accepted. While the dynamic pricing 

algorithms may be important and generally uncommon, competitive advantage is likely to go to 

companies that have pricing intelligence, and ethical governance skills that are socially complex as 

well as difficult to imitate. Regulatory oversight (such as the EU AI Act fairness audits and 

manipulative practices) is expected to result in a coercive isomorphism, leading towards harmonized 

fairness audits. 

4.6 AI-Augmented Market Research

By constantly monitoring social media, product reviews, news feeds, and competitor 

communications, Gen AI enhances competitive intelligence. According to Ziakis and Vlachopoulou 

(2023), competitive monitoring using AI can help marketing teams detect new consumer issues and 

competitive actions on average 17 days earlier than traditional approaches. This lead time is a key 

strategic asset in today's fast-changing consumer markets.

4.6.1 Theoretical Integration: AI-augmented market research is a sensing capability in the dynamic 

capabilities' framework within the RBV. When the perceived usefulness of NLP monitoring tools is 
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high, while the perceived ease of use is low, TAM suggests that the non-technical marketing teams 

may need intuitive dashboards and automated alerting. As more companies gain visibility into their 

competitors' successes (such as Coca-Cola's speedy campaign localization), DOI expects that sight to 

hasten industry-wide adoption.

5. CASE STUDIES

5.1 Coca-Cola: Create Real Magic and the Generative Campaign Ecosystem

The transformation of Coca-Cola's business through Gen AI is one of the most widely reported 

rebranding. Stable Diffusion was used in the Masterpiece campaign (2022) to generate art connections 

between historical visual styles (Marketing Dive, 2023). In March 2023, Coca-Cola began the Create 

Real Magic platform, a collaboration with OpenAI and Bain & Company, and it has used the GPT-4 

and DALL-E algorithms to achieve this success. To build on this success, Coca-Cola launched the 

Create Real Magic platform in March 2023, in partnership with OpenAI and Bain & Company, with 

the help of GPT-4 and DALL-E. It allowed users from various countries to create Coca-Cola-inspired 

art from the brand's visual library. Artworks were displayed in Times Square and Piccadilly Circus on 

billboards, to make consumers 'co-creators' of the brand. The campaign was found to have helped to 

drive up sales by 5–6% in the first two quarters of 2023. 

Project Fission (Adobe Firefly) then localized its campaign assets in 60 days into 43 markets. Coca-

Cola announced partnership with cloud and Gen AI with Microsoft in April 2024. Most importantly, 

the company set up an internal governance framework for AI, assigning a Global VP of Generative AI 

to lead responsible implementation.

5.2 Nike: Personalization Ecosystem and Nike AI

The initial project of Nike's AI marketing journey was the Nike+ app in 2016. In 2018, Zodiac and 

Celect were acquired, further strengthening the predictive modelling of style, color and size demand 

forecasting. Nike had adopted Gen AI for their internal and external marketing operations by 2024. 

The Nike Fit feature overcomes the classic challenge of 60% of customers wearing the wrong size 

shoe, as the smartphone's cameras capture 13 foot images and create accurate 3D models (AI 

Magazine, 2024). By empowering customers with a natural-language interface to communicate with 

the Nike AI, the system moves past the typical transactional interactions, building and fostering 

longer-term digital relationships. The company uses Gen AI to maintain robust branding, lower 

marketing costs, and contribute to brand equity.

5.3 Spotify Wrapped: AI-Powered Personalization as Brand Experience

The integration of custom data storytelling with brand marketing is at its best in Spotify's Wrapped 

campaign. Spotify provides an exclusive visual storytelling of how people listen to music every year, 

showing the list of most played artists, total listening time and all the way to what kinds of music 
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people are listening to. Year-round monitoring of behavior using machine learning models, and 

generation of individual visual assets using generative design systems. 

The campaign demonstrates a strong influence on user behavior by encouraging active engagement 

with both the application and social media platforms, ultimately generating substantial volumes of 

organic user-generated content. Through its “Wrapped” initiative, generative AI transforms data 

practices that consumers might otherwise perceive as intrusive surveillance into a form of 

personalized recognition and celebration. It's a new way to look at data usage in digital marketing. 

Spotify is a good example of how AI-powered personalization can turn what could be a privacy issue 

into a proven trust builder and engagement enabler, by clearly explaining how user data is utilized in 

the Wrapped experience, and how it differs from the usual algorithmic curation. The program 

emphasizes the value of consumer information—and using it well and responsibly—in a non-

exploitative way, and not just as data to be extracted.

6. ETHICAL CHALLENGES

6.1 Algorithmic Bias and Discriminatory Outputs

In marketing applications, generative AI systems can generate and reinforce the biases found in their 

training data. The work of Berry (2024) revealed that the image outputs produced by AI are often seen 

as belonging to the managerial and leadership domain, which is traditionally occupied by white males, 

therefore reflecting imbalance in the data sets they are trained on. In a larger context, biased targeting 

algorithms may perpetuate social inequalities by targeting minority groups less often than others for 

financial, housing or employment advertising, reflecting unequal patterns in social inequalities in 

digital environments (Ferrer et al., 2021). 

Jain and Menon (2023) also state that aggregate measures of algorithm performance might mask 

demographic differences in algorithmic performance, making embedded biases hard to identify. 

Therefore, organizations need to shift away from the traditional marketing metrics – including 

conversion rate and add fairness-based metrics – such as demographic parity and equalized odds – into 

their performance metrics. Most importantly, ethical AI governance should be considered as an 

ongoing operational duty, instead of a one-off compliance check before implementation. A variety of 

training sets and continued investment in data stewardship is necessary, but not enough. The use of 

routine algorithmic auditing and continuous monitoring should be embedded into marketing 

operations so that fairness, accountability and inclusiveness are in the heart of AI decision making.

6.2 Consumer Data Privacy and Autonomy Erosion

To craft hyper-personalized Gen AI marketing, individual data constantly needs to be gathered on a 

larger scale. Using privacy calculus theory, Li (2022) found that consumers will share data only if the 

trust they have in the organization is greater than the perceived risk. A recent study on consumer data 
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usage concerns shows that 44% of marketing professionals consider it a significant obstacle to AI 

personalization. The GDPR, CCPA and DPDP Act (2023) in India are a global regulatory regime that 

seeks to limit data collection, processing and rights of consumers to be explained and have their data 

erased. To ensure that consumer autonomy – the right to choose consumption and self-presentation 

without algorithmic manipulation – is not undermined, responsible AI marketing should go beyond 

the legal minima, according to Floridi et al. (2020).

6.3 Deepfakes, Synthetic Media, and Misinformation

With Gen AI, highly realistic counterfeit audio, video, and imagery can be produced at low cost. A 

marketing-specific type of deep fake threat was identified by Romero Moreno (2024), which include 

fake celebrity endorsements, AI-generated user reviews, and fake executive statements. The detection 

tools are consistently not up to the pace of the generation tools and the EU AI Act (2024) requires 

disclosure labels for AI-generated content. (Murray, Michael D. 2024), however, reported examples of 

deepfake content being shared on social media platforms for an extended period before it was taken 

down, resulting in measurable loss of trust. Brands have to build their own monitoring systems, as the 

infrastructure of monitoring is not fast enough to keep up with rapid generation.

6.4 Transparency Deficits and Accountability Gaps

An opaque large neural network makes attribution of responsibility difficult. If AI-made advertising is 

harmful, the responsibility lies with both the model developer and the person who uses the model, as 

well as with the semi-obscure algorithms (Wirtz et al., 2022). Although the disclosure of AI is 

becoming more common, the phenomenon of simplistic AI disclosure was shown to have adverse 

effects on trust by Acikgoz et al. (2024), suggesting the need for careful contextual design of 

disclosure communication. When consumers' issue involvement is high, algorithmic transparency can 

mitigate negative perceptions of AI, but not when it is low, which would require a disclosure that is 

more automatic or reactive (Shin & Akhtar, 2024). To turn transparency into accountability, 

organizations need to put in place governance processes, communication systems and third-party 

audit processes.

7. INTEGRATIVE DISCUSSION AND THEORETICAL IMPLICATIONS

As revealed in the foregoing findings, the performance of Gen AI in marketing is not only technical 

sophistication, but also a combination of strategic deployment and ethical governance. In this section 

the empirical elements are incorporated into existing theories to give a unified analytical perspective.

7.1 Technology Acceptance Model (TAM) and Gen AI Adoption

According to TAM, perceived usefulness and perceived ease of use are two major factors that 

influence technology acceptance (Davis, 1989). The results validate two of the biggest findings: 

hyper-personalization = 10-20% revenue increase (perceived usefulness) and text generation 
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interfaces = skill reduction (perceived ease of use). But TAM's original formulation fails to take into 

account the importance of trust. The results show that perceived ethical risk (algorithmic bias, privacy 

invasion and deepfake proliferation)  moderates' intentions to adopt. When marketers think 

consumers will be unhappy or there is a possibility of a regulatory fine, they're less inclined to use Gen 

AI tools. Therefore, the TAM for Gen AI marketing must include perceived ethical reliability as 

another prerequisite in addition to usefulness and ease of use.

7.2 Diffusion of Innovation (DOI) Theory and Adoption Heterogeneity

Theory of the diffusion of innovations has five factors that affect the rate of adoption: relative 

advantage, compatibility, complexity, trialability, and observability (DOI) (Rogers, 2003). These 

attributes are brought into sharp focus by the case studies. attributes are brought into sharp focus by the 

case studies. Sales lift, integration, and worldwide billboard displays where all high with Coca-Cola's 

Create Real Magic. Nike AI Beta indicates trialability in the form of a phased implementation (Nike 

Fit first, followed by conversational AI). On the other hand, complexity and compatibility issues could 

be the reason that slower adoption rates are seen among SMEs who do not have data ecosystems. The 

ethical problems found – namely regulatory fragmentation between GDPR, CCPA, and DPDP – 

introduce a sixth institutionally dependent characteristic: regulatory legitimacy. Companies in the 

regulated market environments have higher complexity and lower trialability as a result of which it 

takes longer to get them into use than those in the less regulated market environments.

7.3 Resource-Based View (RBV) and Sustainable Advantage

According to Barney (1991), sustainable competitive advantage is based on resources that are 

valuable, rare, inimitable and non-substitutable (VRIN). Gen AI foundation models aren't uncommon: 

GPT-4, Claude, and Gemini are all commercially available for use by all parties. The advantage, 

however, goes to complementary forms of governance that are socially complex and path-dependent: 

proprietary customer data pipelines (Nike), brand trust (Coca-Cola), and transparent data practices 

(Spotify). These are called dynamic capabilities routines or resources that detect, capture, and 

reconfigure resources when technology changes. The development of AI governance committees, 

bias audit protocols, and Privacy-by-Design data architectures constitute organizational capital that is 

impossible for competitors to imitate. Organizations that establish AI governance committees, bias 

audit procedures, and Privacy-by-Design data architecture are developing organizational capital that 

can't be imitated. If these governance powers are not in place, Gen AI is just a 'standard' technology 

that provides a 'standard' level of performance.

7.4 Toward an Integrative Strategic-Ethical Governance (SEG) Framework

Incorporating TAM, DOI, and RBV with the empirical results, this study suggests the Strategic-

Ethical Governance (SEG) framework for Gen AI marketing (see Figure 2). The framework assumes 

that strategic opportunity is the motivator for adopting Gen AI (proximately influenced by TAM and 
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DOI attributes), while sustainable competitive advantage relies on ethical governance (proximately 

influenced by RBV dynamic capabilities and institutional legitimacy). These four ethical risks—bias, 

privacy, deepfakes, and accountability—are not just limiting factors on strategy, they are also 

determining factors on the long-term value of Gen AI resources. When adopting Gen AI is the first step 

in the deployment process (governance-first deployment), firms can cultivate consumer trust and 

regulatory legitimacy, which can boost the perceived usefulness and observability of innovations. 

Firms that take a reactive approach to governance risk damaging their reputation and destroying the 

Figure 2. The Strategic-Ethical Governance (SEG) Framework for Generative AI Marketing

The Strategic-Ethical Governance (SEG) model is an integrative, five-layer causal model that 

conceptualizes the causal and moderating effects that link Generative AI technologies, strategic 

marketing opportunities, ethical risks, governance mechanisms and organizational outcomes (see 

Figure 2). Layer 1 highlights a set of key technical building blocks from the LLM, GANs, VAEs, NLP, 

and multimodal systems, which are used as dual-use assets to create value and risks. These inputs are 

split into two categories in layers 2 and 3: strategic opportunities (hyper-personalization, automated 

content, conversational commerce, predictive analytics, dynamic pricing, and AI-augmented 

research) and ethical risks (algorithmic bias, privacy erosion, deepfakes, transparency deficits, 
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accountability gaps, and manipulative personalization). 

In Layer 4, AI governance becomes the key intermediary process to influence how technological 

ability is manifested in sustainable organizational results. This governance layer encompasses 

explainable AI practices, human oversight, privacy-by-design principles, bias auditing, ethics 

committees, transparency policies, regulatory compliance, and broader commitments to corporate 

digital responsibility. All these mechanisms contribute to accountability, transparency, and ethical and 

regulatory compliance in AI-powered marketing practices. 

The focus of Layer 5 is on the broader strategic and societal impacts resulting from the responsible use 

of generative AI. The benefits of these include customer trust, better brand reputation, sustainable 

competitive advantage, customer loyalty, responsible innovation, and better long-term organization 

performance. It outlines how generative AI can drive either good or bad cycles of trust and value 

creation, or risk, amplification and reputational damage. In the end, the organizations that are more 

likely to experience these trajectories rely on the quality and maturity of AI governance practices.

8. RESULTS AND KEY FINDINGS: ANALYTICAL SYNTHESIS

The survey of 55 academic studies and the analysis of three industry cases show that generative AI is 

not only a technological solution to create value in marketing. Instead, its impact relies on an 

organization's strategic management of fast innovation and good ethical oversight and responsible 

implementation practices. This section thus goes beyond a mere descriptive account of individual 

components to look at the interrelationships between strategy, ethics, governance and organizational 

performance. It underscores the interplay between these dimensions in driving the long-term success 

and sustainability of AI-powered marketing efforts.

8.1 Strategy–Ethics Interdependence

The results show that the strategic opportunities and ethical risks are not distinct but rather intertwined 

problems. Hyper-personalization is one of the key benefits of generative AI, and when done right can 

boost revenue by 10-20%, and conversion rate by up to 2.4 times. But over-personalization or too 

intrusive can cause consumer privacy reactance and decrease consumer engagement, however. The 

personalization–privacy paradox is not a problem with the AI marketing systems as such, but rather a 

natural outcome of systems built to deliver a personalized experience to the greatest extent possible 

while maintaining the consumer's trust and autonomy. Additionally, the analysis reveals that ethics 

and strategy are increasingly becoming intertwined in AI-powered marketing contexts. For instance, 

automated content production can save up to 70% on production budgets, and speed up time to market 

by a considerable margin. Meanwhile, poor brand consistency or spread of culturally inappropriate 

messaging presents significant strategic and reputational challenges. Similarly, large language model 

(LLM) driven conversational commerce can change customer service from a cost center to a revenue 
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generating center. Despite this, if AI systems offer wrong product information, make false promises or 

gather information about customer interactions in an opaque manner, consumers' trust can quickly 

crumble, harming a company's reputation more than it helps.

These patterns indicate that ethical implementation is not something that is done on an aftereffect's 

basis, rather it is a strategic requirement before entering into competition. Without ethics as a 

deterrent, businesses are losing what design personalization provides for them – engagement and 

loyalty – and businesses with ethical safeguards built into the design process will have sustainable 

value from their investments in Gen AI.

8.2 Governance–Performance Relationship

The linkages between governance and performance are comparable among the comparative cases. 

Examples of governance-first deployment architectures include: Coca-Cola's use of global VP of 

Generative AI, Nike's 3D foot-scanning and a privacy-first approach, and Spotify's disclosure 

protocols for Wrapped. In all instances, governance frameworks (bias audit, ethics committees, 

explainable AI protocols and regulatory compliance systems) do not hinder innovation, but they help 

to ensure it is relevant to consumers. 

In each scenario, governance infrastructure, be it a bias audit, an ethics committee, explainable AI 

protocols and regulatory compliance systems, are not a hindrance, they are a strategic enabler that will 

enable innovation that is relevant to consumers to be legitimate. The more clearly defined companies' 

AI governance practices are, the more trusted and the higher their long-term AI performance will be. 

The mechanism is institutional: governance signals organizational credibility which helps to lower 

consumer uncertainty and thereby quicken adoption. When considering the application of Gen AI 

through the lens of a Diffusion of Innovation (DoI) curve, governance maturity will increase the 

observability and trialability of Gen AI.

If consumers believe that algorithmic personalization is being monitored by humans and can be 

regulated, then they are less likely to be resistant to adopting it and the relative advantage of the 

technology becomes clear. However, that is not the case – Gen AI without governance becomes a 

liability. The asymmetric risks to ungoverned Gen AI deployments are just a few: examples of 

deepfake brand impersonation, discriminatory ad targeting, and synthetic endorsements without 

consent are just a few examples of the viral fallout that can come from ungoverned deployments, as 

opposed to the linear benefits. Sustainable adoption: Transparency, Explainability, Bias Auditing. 

This literature review reveals that there is some meta-analysis indicating a negative relationship 

between algorithmic transparency and negative perceptions of AI when issue involvement is high, and 

counterintuitively, a negative relationship between algorithmic transparency and negative perceptions 

of AI when poor disclosure design is used. This contingency calls for a communication system, rather 

than merely a technical control layer being the governance. The most performance-friendly 
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governance modality is transparency layered: the information regarding what data is used and why, 

not the technical information about how the algorithm operates. 

8.3 Consumer Trust as the Central Mediator

The mediator variable between the use of Gen AI and the outcomes of the organization is consumer 

trust. The way these three variables (personalization, transparency, ethical governance and marketing 

effectiveness) are combined to secure a sustainable competitive position is termed as trust formation, 

and a thematic synthesis is identified as a process that occurs in the results presented in this work. Trust 

leads to engagement and loyalty, opacity and deepfakes reduce effectiveness of AI. The triadic path is 

personalization and automation via Gen AI; quality of the governance; and the consumers' trust 

calculus: purchase, retention, or advocacy, vs. abandonment, negative word-of-mouth, and regulatory 

complaint. In particular, Spotify's Wrapped campaign is an example of this mediation. It is because of 

the transformation of the data about behavior into a celebratory, shareable narrative with disclosure, 

that Spotify's user-centric view of surveillance is being acknowledged. 

The truth about this campaign lies not in the technical wizardry of the machine learning, but in the 

governance aspects of transparency, control and a mutually beneficial story. The truth about this 

campaign lies not in the technical wizardry of the machine learning, but in the governance aspects of 

transparency, control and a mutually beneficial story. On the other hand, if organizations deduce and 

adopt sensitive personal traits (e.g., health problems, sexual orientation, or political party 

membership) without explicit consumer permission to micro-target, personalization can negatively 

affect the consumer-brand relationship. In these situations, consumers might view the personalized 

marketing as an invasion of privacy and manipulative rather than helpful, which can make them less 

trusting and more concerned about it. The results indicate that the effectiveness of marketing strategies 

in AI-driven environments is not just about the advanced capabilities of personalization tools, but also 

about how consumers view the transparency, ethics, and respect for their autonomy of data practices. 

Trust then becomes the starting point, not the end result, of personalisation and a crucial requirement 

for building successful long-term relationships with customers.

8.4 Competitive Advantage and Organizational Readiness: A Resource-Based View

The analysis, which also draws on the Resource Based View (RBV), helps to elucidate the different 

performance outcomes organizations can reap when using generative AI. The results imply that the 

construction of sustainable competitive advantage depends not only on the availability of AI 

technologies and products but also on their successful implementation. Rather, organizations need to 

build the supporting capabilities, including robust governance, high-quality data ecosystems, be AI 

ready, and have interdisciplinary expertise, to turn AI adoption into long-term value. While generative 

AI foundation models are increasingly proliferating, the organizational skills needed to effectively 

utilize them are hard to come by. Such capabilities can take years of investment, process and 
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experience to develop. Ethical governance and organizational competence, in this context, are not just 

“nice to have” features that might positively impact the strategic value of AI, but necessary features 

that can make or break its strategic value. For example, Nike has been developing its own data 

ecosystems for over a decade, including Nike+, Zodiac, and Celect. These systems offer the company 

distinctive customer information data that is difficult for the competitor to duplicate. These resources 

gain additional value by incorporating predictive demand forecasting and conversational AI tools that 

enable ongoing enhancements to customer understanding. Likewise, The Coca-Cola Company used 

the generative power of Adobe Firefly alongside integrated cloud infrastructure and cross-functional 

governance processes to localize a cross-enterprise marketing campaign across 43 markets in a 

relatively short amount of time. The example illustrates that, beyond technological solutions, 

coordinated organizational systems and managerial competencies are necessary for a successful 

adoption of AI, and they are laborious and hard to replicate rapidly by competitors. The combined 

cases support the RBV thesis that sustainable competitive advantage comes from the VRIN resources 

– Valuable, Rare, inimitable and non-substitutable resources. 

The findings therefore indicate that the strategic value of generative AI depends as much on 

organizational and ethical capabilities as on the technology itself. In this context, AI governance 

committees, bias audit routines, and privacy-by-design data architectures are forms of dynamic 

capabilities: practices that are sensing ethical risks, capturing opportunities for trust building, and 

reconceiving resource portfolios in response to technology and regulatory change. Similar to the DOI 

lens, the lens of adoption illuminates' adoption heterogeneity. Companies like Coca-Cola, Nike, and 

Spotify have high relative advantage, compatibility, trialability, and observability, and are early 

adopters of AI. Commercially available Gen AI tools present complexity and compatibility challenges 

for laggard users, especially for SMBs, despite their potential to foster increasing democratization of 

AI. Despite the democratizing potential of commercially available Gen AI tools, laggards are still 

encountering challenges that make it difficult to adopt, such as complexity and compatibility. 

According to the RBV view, SMEs might not have the complementary governance and data resources 

and capabilities necessary for effective absorption of Gen AI, in which case, adoption of Gen AI will 

only give them temporary parity but not give them a sustainable competitive advantage.

8.5 Long-Term Strategic Implications

The synthesis shows a fundamental dichotomy between the short-term gains of automation and the 

long-term gains of sustainable advantage. These gains, which range from 70% reduction in content 

production costs to hyper-personalization gains of 10-20%, are readily achievable, but contestable and 

likely to be commoditized as more Gen AI tools enter the marketplace. Responsible innovation is the 

longer-term source of benefit, defined as the ability to use Gen AI responsibly to gain consumer 

confidence, regulatory acceptance and brand advantage over time. Responsible innovation becomes 
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the competitive advantage of the future. Companies that develop a good governance structure now 

build trust-based relational assets that can be difficult for competitors to replicate in the future. 

Transparency and accountability are not seen as compliance costs but as essential marketing assets. As 

44% of marketing professionals consider data privacy as one of the key barriers to AI adoption and 

regulatory regimes (like GDPR, CCPA, DPDP Act, EU AI Act) are strengthening, showing that you 

govern AI responsibly emerges as a key segmentation tool. Governance credentials will increasingly 

be used by consumers, particularly in higher involvement categories and in privacy-sensitive 

demographics, like organic certification or fair-trade labelling. This is a long-term trend that is 

indicative of a split in the industry. The advantage of embedding governance in the adoption stage will 

be to secure trust premiums and regulatory flexibility, allowing for further innovation. Firms that take 

a reactive approach to governance, as a result of scandal or enforcement, will be subjected to increased 

compliance expenses, loss of consumers and restricted strategic choices. This study identifies this split 

in the Strategic-Ethical Governance (SEG) framework: Governance is the fulcrum that tips the 

balance between virtuous cycles of innovation and trust and vicious cycles of risk amplification and 

reputational eroding effects of Gen AI deployment.

9. CONCLUSION

9.1 Summary of Findings

According to the results of the research, Generative Artificial Intelligence is one of the most game-

changing technological innovations in modern marketing. The results highlight how Gen AI can be a 

great strategic tool: hyper-personalization, automated content creation, conversational commerce, 

predictive analytics, dynamic pricing, and AI-enabled market research. They are the competencies 

that help you make the customers' engagement, operations and organizational performance better. 

Past research has found that hyper-personalization can help improve revenue, automated content 

systems can significantly lower production costs, and conversational AI systems can help to improve 

customer engagement and service delivery. The study also reveals that while there are many benefits 

to Gen AI, there are also numerous ethical concerns. However, if not handled responsibly, consumer 

trust can be eroded and long-term brand relationships can be compromised due to issues like consumer 

privacy concerns, algorithmic bias, lack of transparency, misinformation with synthetic media and 

accountability gaps.

Beyond technical knowledge, the findings from the study suggest that strategic factors such as how 

well the organization manages innovation and ethical governance, along with responsible practices 

are also important to success in AI-based marketing. In this context, ethics and strategy are not distinct 

from each other, but rather are two sides of the same coin in the journey towards sustainable AI 

adoption.

Prabhat  / GNA Journal of Management & Technology Vol. 17, No. 1 (2026)



9.2 Theoretical Contributions

The study makes 4 main theoretical contributions in the realm of General purpose (Gen) AI 

Applications in Marketing.

It first proposes the Strategic-Ethical Governance (SEG) framework, which merges the strategic 

opportunities offered by Gen AI with the ethical risks it brings, into one analytical model. The 

governance frameworks are proposed to have a moderating effect on the outcomes of the adoption of 

AI, which can be both positive (trust and competitive advantage) and negative (reputational and 

regulatory risk).

Secondly, the study contributes to the literature on AI marketing by proposing that generative AI 

requires more than just being the sole driver for sustainable value. The results highlight that 

governance frameworks, ethical oversight, and organizational preparedness are crucial to 

complement AI implementation.

Third, the study integrates three widely used theoretical models found in the literature that have not yet 

been used in the context of Gen AI marketing: TAT, DoIT and RBV. The two theories, when combined, 

provide an explanation of the process of AI adoption, the importance of differences in performance 

between organizations, and the role of firm specific capabilities in the creation of SCA.

Finally, the research identifies key moderating elements that impact the consumer response to 

transparency, such as the transparency paradox and regulatory fragmentation, indicating that 

transparency does not necessarily lead to positive consumer responses, and institutional context is a 

key player in the consumer perception of ethical use of AI.

9.3 Managerial Implications

The study's findings have several practical implications with regard to the marketing organizations 

that are adopting the generative AI technologies.

First, you need to consider ethical governance of AI as a strategy, and not just a compliance 

programme at the end. Governance frameworks that facilitate responsible use of AI need to be in place 

early on during implementation.

Second, transparency practices should be tailored to provide consumers with a knowledge of how 

their information is collected and used as well as ensure disclosures are clear, relevant and contextual. 

If disclosure is not properly created, consumer trust can be lost.

Third, humans need to be involved to ensure they remain in control, particularly when it comes to 

creating personalized recommendations, automated pricing, generating synthetic media, and 

interacting with customers through AI. Inaccurate or biased output may be lessened in human-in-the-

loop systems.

Fourth, privacy-by-design principles need to be embedded within an organization's data management 

processes to ensure that they are under consumers' control, minimize data and ensure appropriate data 
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governance.

Finally, algorithm auditing processes, if they are in place and are ongoing, should help organizations to 

identify and correct bias, if it has adverse effects, before it occurs. As such, ethical AI management 

needs to be seen as an ongoing effort to build an organization's managing capabilities.

Overall, the study shows that consumer trust is a key strategic tool when leveraging AI in marketing. 

Organizations that get it, own innovation through ethical control and thus establish a sustainable 

competitive advantage and ongoing customer loyalty.

9.4 Limitations

A couple of things need to be noted about this study.

First, the study is conceptual and is based largely in systematic thematic synthesis as opposed to 

primary empirical research. This is an acceptable approach for a nascent science, but won't support 

causal inferences.

Second, the analysis is dependent on secondary literature and on evidence obtained from case studies 

which are readily available. While the industry cases selected—The Coca-Cola Company, Nike, and 

Spotify—provide numerous insights, they do not fully represent the industry and organizational 

context in which Gen AI is being used.

Third, there is a significant amount of cross-sectional or short-term literature on AI marketing 

available. The understanding of the long-term effects of generative AI on consumer trust, brand equity 

and organization performance over time is limited.

Therefore, the proposed SEG framework should be considered as a conceptual framework that should 

be empirically assessed in other industries within other cultures.

9.5 Future Research Directions

There are several major directions for future research, as identified in this study.

Longitudinal studies are needed to better comprehend how AI personalization and automation affect 

consumers' trust, brand relationships, and competitive performance over time.

Secondly, future research is required to build on existing work, predominantly from a Western world 

perspective, and explore the cross-cultural dimensions of perception of personalization, surveillance 

and responsible governance of AI.

Thirdly, additional research is needed to better understand the factors that impact the growth and 

development of trust in AI-driven marketing, broken down by demographic, industry and service 

environments.

Fourth, industry specific investigations can be used to learn more about the opportunities and ethical 

issues in specific industry use cases (healthcare, finance, retail, entertainment, etc.).

In conclusion, the future of AI scholarship should focus on creating AI governance maturity models to 

enable organizations to understand their preparedness for responsible AI adoption and measure their 
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governance capabilities over time.
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