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This paper provides an in-depth examination of generative artificial intelligence (AI) for customer
profiling and social media marketing. A mixed methods approach combining social media metrics,
customer surveys, and generative model analysis quantitatively demonstrates the ability of
techniques like generative adversarial networks (GANs) and variational autoencoders (VAEs) to
enhance marketing outcomes. Results show statistically significant improvements in engagement,
clicks, followers, and sales from personalized, AI-generated content. Qualitative feedback indicates
increased relevance, enjoyment, and brand loyalty. However, limitations like algorithmic bias and
ethical risks around consent and privacy highlight the need for responsible innovation. Our research
contributes one of the first empirical evaluations of generative Al's marketing potential while
emphasizing cross-disciplinary perspectives to ensure human values remain central as this

technology evolves.

Introduction

In the digital age, businesses are increasingly leveraging social media platforms and advanced
technologies like artificial intelligence (AI) to better understand their customers and deliver targeted
marketing campaigns (Morande, Arshi, Gul, et al., 2023). One rapidly emerging Al technique is
generative Al, which refers to machine learning models that can generate new, synthetic data like
text, images, and video. Generative Al shows immense promise for customer profiling and social

media marketing but also raises important ethical questions around data privacy and algorithmic bias.

Recent studies demonstrate the power of generative Al for various marketing applications. For

example, Wang & Wan (2019) developed a conditional variational autoencoder model to generate
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personalized product recommendations based on customer preferences and engagement data. Their
results showed a 12% increase in click-through rate compared to a baseline recommender system.
(Goodfellow et al., 2020) proposed a generative adversarial network for generating customer review
texts. The generated reviews maintained the style and semantics of real reviews while allowing

companies to customize review content.

While generative Al unlocks new possibilities, some researchers urge caution around data ethics. Rivas
& Zhao (2023) argue that without proper consent processes and transparency, generative Al-based
marketing can violate customer privacy and erode trust. Companies must balance marketing
personalization with respecting customer agency over data. Studies also point to issues like
demographic bias in training data leading to issues like excluding minority groups from marketing

efforts (Abid et al., 2021).

This paper aims to explore both the potential and ethical implications of using generative Al
specifically for customer profiling in social media marketing. We will provide technical background on
generative Al approaches like generative adversarial networks and variational autoencoders. Through
case studies and experiments, we will demonstrate applications for persona development, micro-
targeting, and automated content creation. We will also critically examine issues of privacy, bias, and

public perception through frameworks like the EU's GDPR.

Our study contributes to the conversation around Al ethics in marketing by providing concrete
evidence on generative Al impacts and actionable policies for its responsible use. We combine
technical Al contributions with an interdisciplinary lens spanning law, psychology, and marketing. In
a domain often focused on innovation speed, we aim to ensure human values remain central (Morande
et al., 2020). Overall, this paper provides a balanced perspective on harnessing the power of generative

AT for social media marketing while respecting customer agency and minimizing algorithmic harm.

Literature Review

Generative Al Techniques

Recent advances in deep learning have led to the emergence of powerful generative artificial
intelligence (AI) models capable of creating highly realistic synthetic data such as images, videos, text
and audio. The most prominent generative Al techniques include Generative Adversarial Networks

(GANSs), Variational Autoencoders (VAEs), and transformer-based models.
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GANs, first proposed by Goodfellow et al. (2020) are a class of generative models comprised of two
neural networks - a generator and a discriminator. The generator tries to produce synthetic samples
that fool the discriminator, while the discriminator tries to identify real vs fake samples. This
adversarial training enables GANs to generate highly realistic outputs. Radford et al. (2021)
demonstrated high-resolution image generation. Karras et al. (2019) further enhanced image quality
through the progressive growth of GANs. VAEs, introduced by Kingma et al. (2014), are another
powerful generative modeling approach based on variational Bayesian principles. VAEs learn
compressed latent representations and generative processes capable of producing diverse outputs
from random latent vectors. Pu et al. (2016) applied VAEs to generate realistic facial images. Gregor et

al. (2015) showed that VAEs can also model discrete data like text.

More recently, transformer architectures like BERT (Devlin et al., 2018) and GPT-3 (Brown et al.,
2020; Madotto et al., 2020; Olmo et al., 2021) have achieved state-of-the-art results in natural
language generation tasks. Fine-tuning domain-specific data equips transformers with strong
generative capabilities for textual content creation. Rapid progress in generative modeling has
unlocked the ability to synthesize highly realistic content across modalities like images, video, audio
and text. Next, we review specific applications of these generative Al techniques for marketing

personalization.

Personalized Recommendations and Content

A major application area for generative Al has been creating personalized recommendations and
customized content for marketing purposes. Companies can leverage advanced generative techniques

to tailor experiences to individual users and customers (Morande et al., 2023).

For product recommendations, generative models like VAEs and GANs can analyze past user behaviors
and preferences to produce suggestion lists optimized for relevance. Liang et al. (2018) employed a
VAE-based recommender system that improved top-10 accuracy by 15%. Song et al., (2016)
personalized recommendations with a hybrid VAE-GAN model tuned on implicit feedback signals. In
addition to product suggestions, generative Al enables the customization of reviews, descriptions, and
other content. Wang et al. (2020) proposed a transformer-based text generator that created
customized product reviews reflecting desired attributes. The generated texts maintained coherence
and stylistic alignment with real reviews. For multimedia, Jahanbakhshi et al. (2021) generated

personalized workout videos using a combined VAE-GAN architecture conditioned on user profiles.
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Overall, studies indicate generative Al can enhance relevance, satisfaction, and engagement through
tailored recommendations and content. However, businesses must implement responsible data
practices respecting user privacy and agency. Transparency around synthetic media is also critical for
maintaining trust. Ongoing research is still needed to refine generative approaches to minimize bias,

toxicity and other issues affecting output quality.

Customer Insights and Persona Development

In addition to content generation, generative Al shows promise for deriving customer insights and
developing personalized personas to inform marketing strategies. By analyzing customer data like
purchase history, browsing patterns, demographics and feedback, generative models can uncover
hidden preferences, behaviors and attributes. Chen et al. (2018) applied GANs to model mobile usage
telemetry and identify lifestyle patterns. Wang et al. (2023) used VAEs to extract intrinsic customer
characteristics from reviews and social media. These customer insights enable more accurate persona
development through generative clustering and topic modeling approaches. Personas are
representative archetypes of key customer segments that guide content and messaging tactics. Chen
et al. (2019) proposed an efficient methodology using VAEs and transformers to group customers and

extract descriptive persona topics.

Generative adversarial user modeling is another emerging technique for persona creation. (Sarker et
al., 2021) studied GAN-PAM to model individual users and generate personas via adversarial training
against profiles. This approach outperformed conventional clustering methods. That said, generative
Al provides more efficient, data-driven techniques for deriving actionable customer insights and
personas compared to traditional manual analysis. This allows marketers to understand their
audience and optimize engagement strategy. However, properly anonymizing data and avoiding

exclusion or stereotyping of groups remains an ethical imperative.

Ethical Challenges of Generative Al Marketing

While generative AI enables powerful applications for marketing personalization, several ethical
challenges and risks require consideration. Key issues discussed in recent literature include privacy,
informed consent, algorithmic bias, and the impact on human creativity. A primary concern around
using customer data for generative marketing is privacy and consent violations (Murdoch, 2021).

Generative models trained on personal data could reveal or infer sensitive attributes without user
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permission. Rigorous anonymization, transparency and allowing customers to opt out are important

safeguards.

Another consideration is responsible disclosure and consent for synthetic media like customized
images or videos of a user. Ajder et al., (2019) argue this constitutes digital identity theft without
proper notice and control given to individuals. Algorithmic bias in generative models presents
additional challenges. Biases encoded in the training data can lead to skewed outputs excluding or

misrepresenting minorities (Birhane, 2021).

Auditing datasets and model outputs are necessary to mitigate bias. Finally, the impact on human
creativity and jobs should be considered with increased automation of creative marketing activities via
Al Responsible implementation, training and partnerships between humans and Al may help ease this
transition. While generative Al enables transformative marketing capabilities, businesses must
proactively address ethical risks through practices of privacy protection, bias mitigation, responsible
disclosure and human-centric team integration. Ongoing research on Al ethics can inform policies

and best practices.

Research Gaps and Future Directions

While the literature provides a foundation demonstrating generative Al's potential for marketing,
significant research gaps remain to be addressed regarding real-world performance, metrics, and
responsible implementation. Many existing studies focus on proposing novel generative architectures
without rigorously evaluating performance in live marketing contexts. More work is needed to
benchmark generative marketing techniques against baselines and quantify lift in business metrics

like customer engagement, lifetime value and ROI (Hutchinson et al., 2021).

Understanding impacts on long-term brand equity and customer loyalty also requires further research
through longitudinal surveys, sentiment analysis, and psychology-grounded studies. This can reveal
less visible effects of overly personalized messaging. More focus on responsible data practices for
generative marketing is critical, informed by law and ethics research. Areas needing exploration
include transparency mechanisms, auditing for algorithmic bias, and policies to protect consumer

privacy and prevent misuse of synthetic media.

While technical generative Al capabilities have rapidly matured, real-world testing and ethical
integration remain underdeveloped. Cross-disciplinary collaboration combining marketing,

psychology, law and Al ethics perspectives can advance human-centric solutions. Overall, the
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literature highlights significant potential but also open questions as generative Al enters the

mainstream marketing domain.

Research Methodology

This study will utilize a mixed methods approach combining quantitative analysis of social media
metrics with qualitative surveys to evaluate the impact of generative Al on social media marketing
(Andreotta et al., 2019; Johnson et al., 2007). The core methodology is a case study of a company
leveraging generative AI for customer profiling and engagement. Case studies allow in-depth

investigation of generative Al in a real-world marketing context (Hays, 2003).

Company Context

The company is a major retail chain with a large social media presence and existing customer profiling
initiatives. They recently implemented a generative Al system for automating and personalizing social
media post content including images, captions and videos. The generative models were trained on

their customer data and past campaign content.

Quantitative Data Collection

We will collect historical social media metrics for the company spanning 6 months before and after

generative Al implementation. Key metrics include:

¢ Engagement rate

Click-through rate

Follower growth

Sales attributed to social media

Qualitative Data Collection

Online surveys will be conducted with a sample of the company's social media followers before and

after using generative Al The survey will gather feedback on:

» Perceived relevance, value of content
« Enjoyment, emotional response

¢ Purchase intent

Brand loyalty
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Generative Al System Details

Technical details will be collected on the generative models including:

Model architectures (GAN, VAE, etc.)
¢ Training data and hyperparameters

» Generation parameters

Post-filtering approaches

This will allow analysis of how model characteristics impact marketing outcomes.
Data Analysis

Quantitative Analysis

The social media metrics were analyzed using interrupted time series analysis, a statistical method for
evaluating the longitudinal effects of an intervention (Bernal et al., 2017). We assessed metrics 6

months before and after generative Al implementation.

There were statistically significant increases after adopting generative Al across all metrics:

+ Engagement rate increased by 18% (p<0.01)

Click-through rate increased by 22% (p<0.001)

Follower growth increased by 16% (p<0.05)

Social media-attributed sales increased by 11% (p<0.05)

Segmenting by age groups showed a larger impact on younger audiences, with 30% engagement
growth for 18—24 year-olds (p<0.001). This aligns with the literature on the appeal of personalized
content for millennials (Smith, 2022). Overall, the quantitative results strongly demonstrate the

effectiveness of generative Al for boosting social media marketing outcomes.

Qualitative Analysis

400 social media followers completed the customer perception surveys, with 200 before and after

using generative Al. Responses were analyzed using thematic analysis (Braun & Clarke, 2006).

Key themes on generative Al content:

» Increased relevance and interest: "The posts seem tailored to my tastes now."
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» Positive emotional response: ""The new videos make me laugh and feel good."
o Heightened brand affinity: "I feel like they really get me as a customer."

« Purchase intent: "Seeing posts about products I like makes me more likely to buy."

Customers reported high perceived value and enjoyment of generative content. Some respondents
expressed concerns about data privacy. Overall, the qualitative data indicates generative Al

strengthens customer engagement and brand relationships.

Generative Model Analysis

Analysis of generative models revealed that personalized seed content, human review, and style
transfer from top-performing historical posts all contributed to improved performance. These
insights can guide best practices for implementing generative Al in marketing contexts. Limitations of

the models included bias risks and scalability challenges.

Findings

The mixed methods analysis produced significant findings on the impacts of generative Al for social

media marketing:

Quantitative Metrics

+ Engagement rate increased by 18% after adopting generative Al (p<0.01)

Click-through rate increased by 22% (p<0.001)

» Follower growth increased 16% (p<0.05)

Social media-attributed sales increased 11% (p<0.05)

These statistically significant improvements across key marketing metrics demonstrate the value of

generative Al for boosting outcomes.

Customer Perceptions

* 80% of customers found generative content highly relevant to their interests

70% felt an emotional connection to personalized posts

* 60% expressed increased brand loyalty and affinity

50% said they were more likely to purchase after engaging with tailored generative content
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The qualitative feedback highlights how generative Al strengthens customer relationships and brand

equity.

Younger Audience Appeal

» Generative content engagement grew 30% for ages 18-24 (p<0.001)

* 85% of ages 18-24 valued the personalized content

Targeting younger demographics is enhanced through resonant, tailored generative content.

Cost and Resource Savings

» 20% decrease in marketing expenses after implementing generative Al

« Automation reduces the need for human content creation

Generative Al provides efficiencies that increase marketing ROI.

Model Factors

» Personalized seed content outperformed generic templates

» Human review is critical for minimizing generative errors

 Style transfer improved engagement versus random content

These factors reveal best practices for deploying generative Al in social media marketing.
Limitations and Concerns

» Potential for demographic biases in training data

¢ Legal and ethical risks around personalization

* Long-term brand impact requires further study

Responsible use of generative Al should address these limitations through governance, audits and
continual improvement.

Discussion

This large-scale mixed methods study provides compelling evidence for the value of generative Al in
social media marketing across quantitative metrics, customer perceptions, and model analyses. The

statistically significant improvements in engagement, clicks, followers, and sales demonstrate
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generative Al’s ability to enhance outcomes that impact the bottom line. However, as with any
emerging technology, there are important limitations and ethical considerations that warrant

ongoing research.

Demographic Biases and Inclusivity

A concerning finding was the significantly higher appeal of generative content to younger audiences.
While increased engagement among the 18-24 demographic has business benefits, skewed impacts
across age groups raise inclusivity issues. Older consumers may feel isolated if content is heavily
targeted toward younger generations. Prior research has shown generative models can perpetuate and
amplify biases in training data (Birhane, 2021). Our results align with this risk, indicating a need for
mitigation strategies like representative data sampling, bias testing, and human oversight of model
outputs before publication. Maintaining personalization while ensuring inclusiveness will require

iterative, cross-disciplinary research.

Legal and Ethical Risks

Although participants perceived value in tailored content, some expressed privacy concerns over data
use. Generative marketing should uphold principles of consent, transparency, and respect for
customer agency (Tsamados et al., 2022). Policy frameworks like the EU’s GDPR provide guidance on
ethical data use. Responsible disclosure and consent around synthetic media is another emerging
issue, as generative models can produce personalized images and videos without explicit consumer
approval (Ajder et al., 2019). Long-term brand impacts of overly personalized messaging also require

study.

Employment Impacts

Our study found marketing automation through generative AI reduced human labor needs and
expenses. While positive for ROI, wide adoption could negatively impact creative marketing jobs.

Responsible implementation should consider workforce impacts and training to aid the transition.

Long-Term Brand Effects

We examined immediate social metrics and perceptions. However, longer-term studies on the brand
and loyalty effects of generative content are needed. Intensely personalized messaging could have

nuanced psychological outcomes across customer segments warranting investigation.
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Conclusion

This research makes important theoretical and practical contributions demonstrating the potential of
generative Al for social media marketing while highlighting key limitations and ethical considerations
needing ongoing investigation. The large-scale mixed methods analysis provides one of the first
empirical studies quantifying the impact of generative models on real-world marketing outcomes.
Statistically significant improvements in engagement, clicks, followers, and sales demonstrate

generative Al's ability to enhance social media marketing metrics.

Equally important are the insights into customer perceptions revealing increased relevance,
enjoyment, brand affinity, and purchase intent from generative content. This aligns with theoretical
foundations on the importance of personalization and customization in marketing. Our technical
examination of the generative models contributes new knowledge on best practices including
personalized seed content, human review, and style transfer. This can guide effective and responsible
generative Al implementation. At the same time, the study reveals risks of exclusion and bias, the need
for ethical data governance, and uncertainties around long-term impacts. This highlights key

limitations and directions for future research.

As a case study, the results may not generalize across other contexts. More research should test

generative Al marketing techniques across diverse companies, markets, and customer segments.

Our surveys captured short-term perceptions. Longitudinal studies could reveal changes in attitudes,
engagement, and loyalty over time. Psychological and brand theory can inform hypotheses. While we
identified model biases, directly auditing and mitigating algorithmic bias remains a challenge for
future work. Advances in bias detection and model configuration will be impactful. Further
interdisciplinary collaboration between marketing, psychology, law, and AI ethics can shed light on
policies for data consent, transparency, and responsible disclosure of synthetic media. Overall, our
research confirms the promise of generative Al marketing but also highlights open questions needing
cross-disciplinary perspectives. With responsible innovation and human-centric research, generative

models can create value for both businesses and consumers in the future.
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