Pre prints.org

Article Not peer-reviewed version

Artificial Intelligence Transformations in
Digital Advertising: Historical
Progression, Emerging Trends, and
Strategic Outlook

Ava Martin *
Posted Date: 9 December 2024
doi: 10.20944/preprints202411.0569.v2

Keywords: Al in advertising; digital marketing; reinforcement learning; recommendation systems; multi-
touch attribution; large language models; personalization; federated learning; transfer learning

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/3997154

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 December 2024 d0i:10.20944/preprints202411.0569.v2

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Artificial Intelligence Transformations in Digital
Advertising: Historical Progression, Emerging Trends,
and Strategic Outlook

Ava Martin

Western University, London, Canada; avamartin.wu@mail.com

Abstract: The introduction of Artificial Intelligence (AI) has fundamentally transformed digital advertising,
advancing precision, efficiency, and scalability far beyond the capabilities of traditional advertising methods. This
paper presents a detailed analysis of Al’s integration into the advertising sector, focusing on critical technologies,
including multi-touch attribution (MTA), reinforcement learning (RL), recommendation systems (RS), and large
language models (LLMs). We examine the evolution of Al in digital marketing, explore current trends, and
assess emerging technologies such as federated learning and transfer learning, emphasizing their role in real-
time ad personalization, campaign optimization, and enhanced user engagement. Through an exploration of
Al-driven strategies used by major corporations such as Google, IBM, and Coca-Cola, this paper underscores
Al’s transformative impact on advertising and anticipates future trends that may further revolutionize the field.
Additionally, we address key challenges of deploying Al at scale, including issues of interpretability, ethical

considerations, and data privacy, offering potential solutions.
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I. Introduction

A. Background

Over the last two decades, the digital advertising industry has experienced profound changes
driven initially by the development of internet technologies and, more recently, by artificial intelligence
(AI). Prior to the internet, advertising campaigns primarily relied on traditional media channels such
as television, radio, and print, limiting targeting precision. The advent of the internet ushered in an era
of digital marketing, allowing advertisers to access broad, targeted audiences through online platforms.
Al has subsequently emerged as an essential tool in digital marketing, enabling advertisers to achieve
optimized engagement and conversion rates with unparalleled accuracy.

As Al technologies matured, they became deeply integrated into digital advertising strategies. Key
technologies, such as multi-touch attribution (MTA), reinforcement learning (RL), and recommendation
systems (RS), have proven effective in maximizing the efficiency of marketing budgets while enhancing
customer experiences [13]. Al now enables real-time analysis and optimization of ad performance,
which was traditionally a manual process. This seamless integration of Al into marketing, as seen with
major companies like Google, IBM, and Coca-Cola, demonstrates Al's pivotal role in shaping modern
digital marketing.

The integration of Alin advertising reflects a broader industry-wide trend where machine learning
is becoming increasingly embedded across various sectors. With personalized customer experiences
now an industry standard, Al's capacity to dynamically tailor content, target audiences with precision,
and forecast consumer behavior has become invaluable. This shift from manual optimization to
Al-driven insights represents a new era in marketing.

B. Objectives

This paper investigates the development of Al in digital advertising, focusing on the following
objectives:
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*  Analyze the advancement of MTA, RS, RL, and LLM technologies within advertising.

¢  Examine the application of Al across different advertising scenarios, including personalization,
budget optimization, and real-time engagement.

¢ Explore the future trajectory of Al in advertising, with an emphasis on federated learning, transfer
learning, and large-scale model integration.

*  Provide a comparative analysis of current Al-driven advertising strategies implemented by major
companies, including Google, IBM, and Coca-Cola.

II. Evolution of Al in Advertising

A. Traditional Approaches and the Digital Transition

Before the integration of Al, advertising strategies were primarily heuristic, relying on manual
optimization techniques based on historical data. Companies allocated their advertising budgets
across channels according to broad metrics, such as customer demographics and sales figures. The
shift to digital advertising offered access to more granular data on user interactions, allowing for more
refined targeting and a focus on individual behavior rather than broader population trends.

In the early phases of digital advertising, manual methods such as A/B testing were commonly
used to determine ad effectiveness. Marketers would compare different versions of advertisements to
determine which variation yielded higher conversions. Although effective to some extent, this method
was labor-intensive and not scalable.

As digital platforms grew more complex, the need for automation became apparent. Manual
campaign optimization was unsustainable due to the exponential increase in the number of touchpoints
and potential customer journeys. Programmatic advertising solutions emerged to facilitate real-time
bidding and targeting, though they still lacked the predictive power that Al would later provide.

B. Multi-Touch Attribution (MTA)

Multi-touch attribution (MTA) was one of the earliest Al-powered technologies adopted in
digital advertising. MTA models assign value to each interaction (or "touchpoint"”) a user has with
an ad campaign before conversion, whether that conversion is a purchase, sign-up, or click-through.
Traditional last-click attribution models, which only credited the final interaction, were replaced by
more nuanced MTA models that used Al to assign credit across touchpoints more accurately [1].

For instance, while linear models assign equal weight to all touchpoints, Al-powered MTA
models, such as causality-based models like CAMTA (Causal Attention Multi-Touch Attribution)
[13], apply differentiated weights based on each interaction’s influence in the conversion process. By
minimizing attribution biases, CAMTA significantly enhances the accuracy of effectiveness estimates
for advertising campaigns.

The adoption of Al-enhanced MTA has enabled advertisers to optimize their spending by strate-
gically distributing budgets across various channels, thus reducing the cost per action (CPA) and
increasing conversion rates (CVR). Figure 1 provides a visual representation of the MTA system
architecture, illustrating the data flow through user interactions.

C. Reinforcement Learning in Advertising

In today’s digital advertising ecosystem, Al extends beyond attribution models. Reinforcement
learning (RL) has gained prominence as a technique for dynamically adjusting advertising strategies
based on user interactions. RL allows advertising platforms to continually learn from user behavior,
refining their approach to improve engagement and conversion rates over time [17].

RL-based recommendation systems treat the interaction between an advertiser and a user as a
Markov Decision Process (MDP), where states represent the user’s current context (e.g., browsing
history, location), actions represent potential ad placements, and rewards are engagement metrics, such
as clicks or conversions. RL systems enable advertisers to adjust campaigns in real-time, optimizing for
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specific KPIs (Key Performance Indicators) based on user behavior. Figure 2 provides an illustration of
an RL-driven ad optimization architecture.

For example, a recent digital advertising campaign promoting a mobile payment application
used an RL-based system to optimize promotional offer distribution and maximize engagement. By
analyzing past user behaviors, such as previous interactions with ads or products, the RL system could
predict the likelihood of conversion and adjust offers accordingly. In this case, users who had engaged
with certain advertisement categories received targeted high-value promotions.

Kuaishou, a popular short-video platform, employed an RL-based recommendation system that
successfully increased average video viewing time while meeting additional engagement metrics such
as follows, likes, and comments. Similarly, advertisers have leveraged RL to optimize the distribution
of coupons and promotional offers to maximize return on investment within limited budgets [11].

D. Large Language Models (LLMs)

The introduction of large language models (LLMs), such as GPT-4, into the advertising ecosystem
has further transformed the industry. LLMs can generate highly personalized ad content and manage
customer interactions, from chatbot-driven customer service to creating unique product descriptions.
The scalability of LLMs allows companies to handle thousands of customer queries simultaneously,
providing relevant responses that enhance customer satisfaction and engagement.

LLMs, such as ChatGPT, are used in various advertising tasks, including;:

Personalized customer experience management
Automatic generation of product descriptions
Customer service chatbots

Designing surveys and feedback forms

For example, an online retail platform might employ a model like GPT-4 to generate tailored
product recommendations based on a user’s browsing history, thereby increasing conversion potential.
Figure 3 illustrates a simplified workflow for an LLM-driven advertising system.

As LLMs continue to evolve, their applications in advertising are expected to expand. The ca-
pability to generate natural, personalized content in real-time offers significant potential for scaling
customer interactions without compromising relevance. However, challenges regarding model in-
terpretability and computational complexity must be addressed before broader adoption across the
advertising industry.

III. AI-Driven Personalization and User Engagement

A. Enhancing Personalization Through Al

One of Al's most compelling applications in advertising is its ability to personalize user experi-
ences. Data-driven techniques allow advertisers to understand individual user preferences, enabling
the creation of customized content that resonates with specific audiences. By analyzing behavioral data,
Al systems can determine which advertisements are likely to engage specific users, thus optimizing
the likelihood of interaction.

Al-powered real-time data analysis plays a crucial role in delivering personalized advertising at
scale. Al systems continuously adapt to shifts in user behavior, ensuring that advertisements remain
both timely and relevant. This level of personalization is achieved by analyzing historical interactions,
search queries, location data, and even social media activity.

B. Case Study: Coca-Cola’s AI-Driven Social Media Insights

Coca-Cola utilized Al algorithms to analyze over 120,000 social media posts to gain insights into
customer sentiment and demographics. By leveraging real-time user data, Coca-Cola could adjust
its messaging and product offerings to more closely align with consumer expectations. This form
of data-driven personalization has become essential in today’s competitive advertising landscape.
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Figure 4 illustrates Coca-Cola’s Al-powered workflow for analyzing and optimizing social media
engagement.

The impact of Al on Coca-Cola’s marketing was substantial. It allowed the company to refine
its messaging and gain a deeper understanding of customer behaviors and preferences, which could
inform future campaigns [27]. Leveraging Al-driven insights, Coca-Cola experienced increased
engagement rates and significant improvements in brand perception.

IV. Emerging Al Technologies in Advertising

A. Federated Learning and Privacy Concerns

Federated learning enables advertisers to utilize larger datasets without compromising user
privacy [26]. By allowing models to be trained on decentralized data (without transferring raw data to
a central server), advertisers can enhance model performance while adhering to privacy regulations
like GDPR. Additionally, federated learning reduces data breach risks by ensuring that sensitive
information remains on local devices.

Federated learning, however, poses challenges related to maintaining model performance within
privacy constraints. Although promising, decentralized learning methods require further refinement
before widespread application in advertising contexts where data sensitivity is paramount [25].

B. Transfer Learning for Accelerated Model Development

Transfer learning allows advertisers to adapt models trained on one task for new, related tasks.
This approach significantly reduces the time and resources needed to develop new models, making
Al-driven advertising campaigns more adaptable [14]. For example, a model initially designed to
recommend products in one retail sector can be fine-tuned to suggest services in a different field
with minimal modifications. Figure 5 illustrates the transfer learning process as applied to digital
advertising.

The capacity to transfer knowledge across models not only accelerates development but also
enhances recommendation accuracy and relevance. This capability is particularly valuable in dynamic
environments where consumer preferences continuously evolve.

C. Future Trends and Challenges

While Al technologies such as RL and LLMs present vast potential for digital advertising, they
also pose challenges. The "black box" nature of complex models raises transparency concerns, while
high computational costs may limit accessibility for smaller firms. Future research should focus on
improving model interpretability and reducing the computational burden associated with deploying
Al at scale.

Federated learning and transfer learning represent promising approaches for addressing some of
these challenges. By decentralizing model training and enabling knowledge transfer across domains,
these methods offer scalable solutions for the next generation of Al-driven advertising.

V. Conclusion and Future Work

Al has fundamentally transformed digital advertising, providing tools for personalized engage-
ment, budget optimization, and effective targeting. By leveraging technologies such as MTA, RL,
RS, and LLMs, advertisers can create campaigns that are more relevant, efficient, and impactful. As
Al continues to advance, future advertising strategies are likely to incorporate more sophisticated
methods like federated learning and transfer learning, which promise enhanced personalization while
respecting privacy. The ongoing integration of Al into advertising will drive future innovation, creating
new opportunities for advertisers and consumers alike.
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