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Abstract 

The way advertising content is produced, tailored, and distributed has changed 

dramatically because of the rapid development of artificial intelligence (AI) in digital 

marketing, especially on social media platforms. AI-generated advertising raises 

questions about customer trust, perceived manipulation, and emotional discomfort, even 

though it has advantages, including improved targeting precision and real-time 

optimisation. These issues are consistent with the personalisation paradox, which holds 

that emotions of creepiness can coexist with enhanced relevance brought about by 

personalisation. Even though AI advertising is becoming increasingly popular, little 

empirical research has been done on how consumers react to and perceive ads produced 

by AI as opposed to those developed by humans. To address this gap, this study looks at 

how perceived personalisation, relevance, and creepiness influence consumer 

engagement (clicks, likes, comments, and shares) and ad avoidance. It also investigates 

how business experience, being part of a moderated mediation model, influences 

perceptions of personalisation. 

A conceptual model that accounts for the direct and indirect impacts of AI-

generated advertising on consumer behaviour is tested in this study using a quantitative 

experimental approach. Three advertising conditions, AI-generated personalised ads, AI-

generated non-personalised ads, and human-created non-personalised ads were used in a 

between-subjects online experiment. A structured survey was used to gather information 

from a sample of n = 150 participants. The study tested the hypothesised links between 

ad type, perceived personalisation, relevance, creepiness, and behavioural effects by 

evaluating the measurement and structural models using Partial Least Squares Structural 

Equation Modelling (PLS-SEM). 

The findings indicate that, when compared to non-AI (human-generated) content, 

AI-generated advertisements did not significantly increase perceived personalisation, 

indicating that algorithmic targeting by itself does not necessarily provide improved 

customer perceptions. However, perceived personalisation had a significant impact on 

both creepiness and relevancy, demonstrating the dual nature of personalised advertising. 

The personalisation paradox is reflected in this dynamic: while personalised content 

might increase engagement potential, it can also cause psychological discomfort if it is 

viewed as being overly intrusive. Additionally, perceptions of personalisation were not 
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significantly moderated by business experience, casting doubt on the idea that exposure 

to digital marketing in the workplace automatically results in positive assessments of AI-

driven content. This thesis makes theoretical contributions by extending the SNS-Post 

Processing Framework to AI-generated advertising contexts, providing insights into how 

cognitive and affective responses to personalisation influence behavioural outcomes. 

Additionally, it also contributes to the limited empirical research on ad avoidance as a 

defensive mechanism triggered by AI-driven targeting. To promote customer trust and 

engagement, the study offers practical advice to digital platforms and advertisers on how 

to strike a balance between AI automation, human creativity, ethical transparency, and 

emotional resonance. 
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Chapter 1: Introduction 

1.1  Background 

The advertising landscape and the way brands interact with consumers have undergone 

tremendous change because of the emergence of digital media. Digital media, sometimes 

known as "new media," includes content that is disseminated in digital formats, such as 

audio, video, and interactive platforms (Ming et al., 2007). Compared to 2018, when 

digital formats accounted for less than half of total spending, global advertising spending 

on digital platforms jumped dramatically to US$790 billion in 2024, or 72.7% of all ad 

expenditure globally (Datareportal, 2025). Interestingly, spending on digital ads has more 

than doubled since 2019 and is expected to expand at a rate of 10.3% per year from 2023 

to 2024 (Datareportal, 2025). These rapid transformations in digital media form the 

foundational context for examining consumer interaction with AI-driven advertising. 

Furthermore, these numbers highlight how digital advertising is strategically prioritised 

in brand communication.  

A major contributor to this evolution in digital advertising is the growing use of 

artificial intelligence (AI), particularly in social media contexts. Programmatic, 

interactive, and AI-powered advertising exemplify this evolution by moving away from 

conventional, one-way communication and toward consumer-centric, highly data-driven 

strategies that prioritise accuracy, speed, and real-time interaction (Coffin, 2022; Ford et 

al., 2023; Gao et al., 2023; Zhang & Zhang). The incorporation of artificial intelligence 

(AI), which enables scalable personalisation and predictive targeting across platforms, is 

the most disruptive factor among these advancements (Coffin, 2022; Gao et al., 2023; 

Raji et al., 2024). Digital advertising has changed because of the extensive application of 

AI, especially in social media settings. In addition to being places for online interaction, 

platforms like Facebook, Instagram, and TikTok are now the main hubs for advertising 

campaigns that make use of real-time behavioural data and dynamic personalisation 

(Datareportal, 2025; Rodgers & Nguyen, 2022). This highlights the increasing 

convergence between AI capabilities and personalised advertising delivery. One 

noteworthy development is AI-generated advertising, which uses algorithms, natural 

language processing, and real-time behavioural data to automatically create and optimise 

content, in contrast to traditional human-created ads (Arbaiza et al., 2024; Gu et al., 2024). 

When compared to non-automated formats, these features have the potential to increase 

user engagement and relevancy.  
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However, little is known about the moral and psychological ramifications of these 

developments (Ford et al., 2023). The growing reliance on algorithmic decision-making 

has raised concerns about customer trust, apparent manipulation, and the overall user 

experience. This study aims to improve knowledge of how AI-generated advertising 

affects consumer views and behaviours on social media platforms, which is in line with 

these ongoing discussions. The sections that follow examine how AI, which is already a 

major component of contemporary advertising, impacts not only operational effectiveness 

but also the perceptual, ethical, and emotional aspects of customer engagement. 

 

1.2  Problem Statement 

Digital advertising's rapid adoption of artificial intelligence (AI) has completely changed 

the way content is produced, tailored, and distributed (Arango et al., 2023). Little is 

known about how customers react psychologically and behaviourally to AI-generated 

advertising in comparison to conventional non-AI (human-created) content, despite the 

fact that AI makes hyper-personalisation, predictive targeting, and real-time optimisation 

possible (Gao et al., 2023). Instead of examining the emotional, cognitive, and 

behavioural aspects of consumer responses, existing research has primarily concentrated 

on the technological aspects of AI, such as increasing targeting efficiency or campaign 

performance (Rodgers & Nguyen, 2022; Wu & Jing Wen, 2021). This highlights a lack 

of attention to consumer experience, specifically how audiences feel and react. 

The "personalisation paradox" is a crucial problem in AI-driven advertising. 

Although personalisation is meant to increase ad relevance, it can also make people feel 

uneasy, manipulated, or "creepy" when they believe their personal information is being 

misused or overused (Abbas, 2024; De Keyzer et al., 2024). The privacy-calculus theory 

(Lee & Cranage, 2011; Martin & Murphy, 2017) offers a theoretical framework for 

comprehending how customers balance privacy concerns with apparent benefits, but its 

applicability to AI-generated advertising remains poorly understood. The effects of 

personalisation on engagement behaviours (such as clicks, likes, shares, and comments) 

and ad avoidance when the material is produced by artificial intelligence (AI) rather than 

humans are not well-supported by empirical data (De Keyzer et al., 2024). Furthermore, 

individual characteristics like digital literacy, business experience, or an entrepreneurial 

mindset may affect how customers perceive personalisation, understand AI-generated 

advertisements, and form resistance or trust. For instance, because they understand the 
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workings of algorithmic personalisation, entrepreneurs and tech-savvy people might be 

more critical of it; nevertheless, this possible moderating influence has not been fully 

explored (Hardcastle et al., 2025; Raji et al., 2024).  

Considering these discrepancies, empirical research is required that considers 

perceived personalisation, relevance, and creepiness as mediators of consumer 

engagement and ad avoidance in addition to comparing AI-generated and non-AI-

generated advertising. This research attempts to fill these gaps by offering theoretical and 

practical perspectives on the advantages and disadvantages of AI-powered 

personalisation in social media marketing. 

This study uses consistent terminology to differentiate between the two types of 

advertising evaluated to preserve clarity throughout the thesis. Ad creatives created with 

artificial intelligence systems that automatically create, modify, or optimize message 

content based on data-driven algorithms are referred to as "AI-generated advertising." 

Without direct human authorship of the final text, these advertisements rely on machine 

learning techniques to customize language, structure, and framing. On the other hand, 

"human-created advertising," also known as "non-AI advertising," refers to ad creatives 

that a human marketer manually develops without the aid of automated content creation 

tools. The distinction in this study focuses on the source of creative production rather than 

the delivery mechanism, even though both types may be distributed through digital 

platforms that employ algorithmic targeting. 

 

1.3  Research Objectives and Research Questions 

Defining research objectives is crucial for guiding inquiry and ensuring alignment with 

the research problem. The primary aim of this study is to examine how consumers respond 

behaviourally to AI-generated versus non-AI-generated advertisements, with a focus on 

the psychological constructs of perceived personalisation, relevance, and creepiness, 

which are known to influence engagement (clicks, likes, comments, shares) and ad 

avoidance. The study further investigates the role of business experience as a potential 

moderator mediation in shaping these perceptions.  

In line with this aim, the research objectives are to:  
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1) Evaluate behavioural responses (engagement and ad avoidance) elicited by AI-

generated versus non-AI-generated advertisements. 

2) Examine the mediating role of perceived personalisation and its effects on 

perceived relevance and creepiness (i.e., the personalisation paradox). 

3) Investigate how business experience influences perceptions of personalisation in 

AI-generated advertising, treating business experience as a segmentation factor 

and exploring moderated mediation; and  

4) Test a conceptual model that integrates these constructs and explores their 

interrelationships.  

 

To achieve these objectives, the study addresses the following main research questions 

and sub-questions: 

• Main Research Question: 

How do consumers respond behaviourally to AI-generated versus non-AI-

generated advertisements? 

• Sub-Questions: 

RQ1: How do AI-generated advertisements, compared to human-created 

advertisements, influence consumer responses through perceived personalisation? 

RQ2: How does business experience influence consumers’ perceptions of AI-

generated advertisements in terms of personalisation? 

When taken as a whole, these objectives allow for a more thorough investigation of the 

complex impacts of AI-driven advertising and provide a foundation for both theoretical 

and practical contributions. 

 

1.4  Research Design 

To clearly test the effects of AI-generated advertising on consumer behaviour, a structured 

and measurable experimental approach was essential. This thesis adopts a quantitative 

experimental research design to examine how AI-generated advertising influences 

consumer perceptions and behavioural responses, with particular focus on the constructs 

of perceived personalisation, relevance, creepiness, engagement, and ad avoidance. The 
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study also investigates the moderating role of business experience and the mediating 

influence of perceived personalisation within the conceptual model developed in Chapter 

2. Building on this framework, the experimental stimuli were deliberately varied to isolate 

the effects of AI versus human-generated ads. The research design involved a between-

subjects online experiment with three advertisement conditions, (1) AI-generated 

personalised advertisement, (2) AI-generated non-personalised advertisement, and (3) 

human-created non-personalised advertisement. Participants (n = 150) were recruited via 

MTurk and randomly assigned to one of the three conditions. This approach ensured a 

wide demographic reach, including respondents with varying degrees of digital literacy 

and business experience. Each participant viewed a designated social media 

advertisement and then completed a structured survey designed to measure their 

perceptions and behavioural intentions. The survey items were adapted from validated 

scales in existing literature to ensure reliability and construct validity. The data were 

analysed using Partial Least Squares Structural Equation Modelling (PLS-SEM) with 

SmartPLS and SPSS. This ensured consistency and allowed for comparative analysis with 

prior advertising and consumer perception studies. This approach enabled the evaluation 

of both the measurement model (assessing reliability, convergent validity, and 

discriminant validity) and the structural model (testing direct, indirect, and moderating 

effects). Specifically, the analysis examined the hypothesised relationships between AI ad 

type, perceived personalisation, perceived relevance, perceived creepiness, and the 

outcome variables of engagement and ad avoidance. Ethical considerations, including 

informed consent, data confidentiality, and adherence to research ethics protocols, were 

addressed throughout the study. 

 

1.5  Significance of the Study 

This work contributes to the theoretical discussion of digital advertising by addressing 

emerging concerns about how AI may influence user behaviours and views. This study 

advances the academic understanding of AI-generated advertising by integrating the SNS-

Post Processing Framework (Wagner et al., 2017) with constructs such as perceived 

personalisation, relevance, and creepiness. Furthermore, this study expands on the 

personalisation paradox (de Groot, 2022) by empirically analysing these dimensions and 

showing how personalisation can both raise ad relevance and engagement and cause 

discomfort or be viewed as intrusive. This contrast offers a sophisticated theoretical 
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viewpoint on the ways in which algorithmic advertising affects consumer behaviour. 

Additionally, the study explores business experience as a moderated mediation factor, 

which is largely absent in existing literature. This study emphasises the significance of 

individual traits in perceiving AI-driven content by examining how entrepreneurial 

attitude and digital familiarity impact perceptions of personalisation. These frameworks 

help explain not only what consumers think about AI advertising, but why they think and 

act the way they do in its presence. 

Practically speaking, marketers are increasingly faced with the challenge of 

balancing technological innovation with user acceptance, making it essential to 

understand the emotional and behavioural responses AI ads provoke. The results 

emphasise how crucial it is to strike a balance between algorithmic accuracy and 

emotional resonance, transparency, and authenticity. Marketers can maximise 

engagement behaviours (clicks, likes, comments, shares) and decrease ad avoidance by 

using these insights. The research also highlights the ethical challenges surrounding AI 

personalisation, particularly those pertaining to privacy, trust, and apparent manipulation. 

Because of this, companies can create consumer-focused tactics that blend AI automation 

with imaginative narrative, guaranteeing that ads continue to be successful without 

sacrificing customer convenience or brand confidence. These insights can inform the 

design of ad campaigns that are both high-performing and respectful of consumer 

boundaries. 

This study makes a methodological contribution by employing a quantitative 

experimental design to compare AI-generated and non-AI-generated advertisements in a 

controlled setting. Strong empirical evidence on the interactions between perceived 

personalisation, relevance, creepiness, engagement, and ad avoidance in the context of 

social media advertising is provided using validated measurement scales. A thorough 

examination of customer answers is provided using Partial Least Squares Structural 

Equation Modelling (PLS-SEM), which permits the investigation of direct, mediating, 

and moderating effects. This method not only increases the dependability of the findings 

but also offers a reproducible framework for further studies looking into the efficacy of 

AI advertising. 
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1.6  Outline of the Thesis 

This thesis is structured into five main chapters, each building on the previous, providing 

a coherent examination of how AI-generated advertising influences consumer perceptions 

and behavioural responses. Chapter 1 introduces the study by presenting the research 

background, the problem statement, research objectives, and research questions. It also 

outlines the research design and highlights the significance and contribution of the study. 

The chapter concludes with an outline of the thesis structure. 

Chapter 2 provides a comprehensive review of the existing literature on digital and AI-

generated advertising. It examines the evolution from traditional to AI-driven marketing 

approaches, with a focus on key constructs such as personalisation, perceived relevance, 

and creepiness, as well as theoretical frameworks like the SNS-Post Processing 

Framework and the personalisation paradox. This chapter concludes with the 

development of the conceptual model and hypotheses guiding the study. 

Chapter 3 details the research design and methodology adopted to test the proposed 

model. It discusses the research paradigm, experimental design, participant selection, data 

collection procedures, and statistical analysis methods. The chapter also addresses ethical 

considerations relevant to the study. 

Chapter 4 presents the results of the empirical analysis. This includes an evaluation of the 

measurement model, reliability and validity assessments, and the testing of hypotheses. 

The findings are reported with reference to consumer engagement behaviours (e.g., 

clicks, likes, shares, comments), ad avoidance, and the mediating and moderating effects 

explored in the study. 

Chapter 5 discusses the research findings considering the existing literature and 

theoretical foundations. It outlines the theoretical and managerial implications of the 

results, highlights the study’s limitations, and proposes directions for future research. The 

chapter concludes by summarising the overall contributions and significance of the study. 



8 
 

Chapter 2: Literature Review 

2.1. Introduction  

This chapter critically examines the evolution of advertising, focusing on the transition 

from non-AI and digital models to AI-powered systems. It explores the unique features 

of AI advertising, automation, personalisation, and real-time optimisation, and evaluates 

their dual role in enhancing engagement while raising concerns around intrusiveness, 

authenticity, and consumer trust. By comparing non-AI and AI-driven approaches, the 

review highlights how the increasing use of machine learning, predictive analytics, and 

generative AI is reshaping advertising strategies, while also presenting new ethical and 

psychological challenges for marketers. 

In the framework of the experimental manipulation, this thesis makes a clear 

distinction between AI-generated advertising and human-created (non-AI) advertising to 

prevent terminology ambiguity. Ad creatives created with generative artificial intelligence 

tools, which automatically create message content based on algorithmic patterns rather 

than human authorship, are referred to in this study as "AI-generated advertising." On the 

other hand, ad creatives that a human marketer manually authors without the use of 

automated content-generation technologies are referred to as human-created advertising. 

Crucially, this distinction focuses on the source of the creative content rather than the 

distribution method: digital platforms that employ algorithmic optimization or 

programmatic systems may distribute both AI-generated and human-created 

advertisements. By separating the creative source from the more general AI-driven 

targeting procedures that are now typical in digital advertising, the study focuses its 

contribution on comprehending how consumers view AI-generated ad content itself. 

To frame consumer responses, the SNS-Post Processing Framework is introduced 

as a lens for understanding how audiences cognitively and emotionally engage with AI-

generated content on social media platforms. Building on this, the chapter discusses the 

personalisation paradox, which reflects the tension between relevance and perceived 

intrusion, and the privacy-calculus theory, which explains how consumers weigh the 

trade-offs between personalisation benefits and data privacy concerns. Special attention 

is given to the moderating role of customer segments, particularly entrepreneurs, whose 

digital literacy and strategic outlook shape their perceptions of AI-generated ads. 
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The review concludes by emphasising the constructs of perceived personalisation, 

relevance, and creepiness as key drivers of consumer engagement and ad avoidance. 

These insights lay the foundation for the conceptual model that underpins the hypotheses 

for this study and guides the empirical analysis presented in the following chapters. 

 

2.2. Evolution of Advertising in the Digital Age 

2.2.1 Non-AI vs digital advertising  

Non-AI advertising is defined by the unidirectional dissemination of promotional 

messages via print newspapers, magazines, radio, television, and other mass media outlets 

(Chiguvi, 2022); whereas, digital advertising makes use of internet connectivity and 

cutting-edge technologies, including social media platforms, search engines, and 

programmatic systems, to provide more individualised, quantifiable, and targeted 

advertising experiences (Chiguvi, 2022; MacRury & Manika, 2025). In this regard, digital 

advertising represents a significant shift in communication logic, as it customises 

information to each user's interests and habits, enhancing customer engagement, allowing 

for data-driven modifications, and promoting two-way conversation (Chung et al., 2021). 

This contrast emphasises the paradigm shift in how brands approach consumer 

engagement in a digitally connected world. According to the concepts employed in this 

thesis, the differentiation under consideration here relates to the advertisement's creative 

source rather than the algorithmic delivery methods employed by digital platforms. This 

study focuses on whether customers react differently to message content created by AI vs 

content written by humans, even if most of the digital advertising today relies on machine-

learning optimization. 

With advanced technology, digital platforms provide many advantages to 

marketers, such as providing performance tracking, real-time feedback, and adaptive 

content distribution, which improve efficiency and campaign effectiveness (Chiguvi, 

2022; Ezzahra et al., 2024). These capabilities not only enhance advertiser agility but also 

reshape consumer expectations of immediacy and relevance in brand interactions. Some 

researchers argue that this enhanced efficiency explains the declining relative 

effectiveness of non-AI advertising, particularly as digital adoption rises globally, 

especially among younger, tech-savvy consumers (Chung et al., 2021). However, it is 

important to note that while digital platforms advance targeting and responsiveness, they 
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do not inherently solve issues of message fatigue or trust erosion among users, an area 

where further inquiry is needed (Dong et al., 2024; Zhang & Zhang).  

With the emergence of generative AI, the development of advertisements has 

transformed even further. Rodgers and Nguyen (2022) explained that the automatic 

purchase and sale of digital ad inventory using algorithms and real-time bidding systems, 

known as programmatic advertising, utilises audience data and contextual information to 

enhance ad placement, thereby boosting efficiency, improving targeting accuracy, and 

increasing return on investment. Extending this logic, AI-powered advertising represents 

a game-changer as AI systems can evaluate enormous amounts of customer data using 

machine learning and natural language processing to provide hyper-personalised 

messages that are in line with each person's tastes and actions (Gao et al., 2023; Rodgers 

& Nguyen, 2022). Real-time content adaptation is made possible by this dynamic 

capability, which modifies tone, timing, and placement to optimise relevance and user 

engagement, a benefit that distinguishes AI from earlier rule-based systems (Aarzoo & 

Lal, 2024; Gao et al., 2023). Because AI improves every stage of the campaign lifecycle, 

from planning and production to delivery and evaluation, it is radically changing 

advertising strategy (Huh et al., 2023; IoniȚĂ et al., 2025). In particular, the capacity of 

AI to glean actionable insights from massive datasets is one of its most important 

contributions, as it enables marketers to achieve more accurate audience segmentation 

and content personalisation (Aarzoo & Lal, 2024; Arbaiza et al., 2024; Rodgers & 

Nguyen, 2022). These insights, while promising, remain under-validated in longitudinal 

consumer outcome studies, indicating an important gap in the empirical literature. 

Another important advantage of integrating AI is automation. For instance, AI 

solutions enable quicker campaign deployment and more effective use of resources by 

streamlining tasks like performance monitoring, optimisation, and creative development 

(Rodgers & Nguyen, 2022; Wu et al., 2022). This aligns with recent literature that 

highlights AI’s role in improving operational efficiency, although there is limited 

consensus on how this automation affects perceived authenticity of content (Arango et 

al., 2023; Mirek-Rogowska et al., 2024). AI can automate A/B testing, real-time bidding 

strategy adaptation, and creative format refinement based on engagement data (Gao et al., 

2023; Häglund & Björklund, 2024; Huh et al., 2023). Furthermore, AI makes it possible 

to distribute material in real time, modifying ad content according to users' location, 

surfing habits, and contextual factors (Wu et al., 2022). According to IoniȚĂ et al. (2025), 
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user engagement and ad relevancy are raised by this dynamic modification, which 

reinforces earlier findings on real-time personalisation.  

However, this evolving capability also raises concerns around ethical advertising 

practices in addition to operational benefits (Gao et al., 2023). These concerns are 

especially salient in the context of AI systems generating campaign assets independently, 

such as product descriptions, headlines, and graphic creatives, which speeds up 

production while preserving personalisation (Gao et al., 2023). While this may improve 

scalability, it also introduces questions around creativity, authenticity, and oversight, 

which have yet to be fully explored in existing scholarship (Arbaiza et al., 2024; Huh et 

al., 2023; MurÁR et al., 2024). Encouragingly, AI systems can assist in ensuring 

adherence to privacy laws when used within strong governance frameworks, guaranteeing 

that personalisation initiatives remain compliant with data protection standards (Rodgers 

& Nguyen, 2022). This consideration is particularly crucial as consumers grow 

increasingly conscious of and sensitive to the use of personal information in targeted 

advertising, making ethical implementation not just a regulatory obligation but a strategic 

imperative (de Groot, 2022; Raji et al., 2024). 

In keeping with the terminology used throughout this thesis, this analysis focuses 

on the creative source, AI-generated vs human-created message content, rather than the 

algorithmic methods of ad delivery, which are prevalent on most digital platforms. 

2.2.2 AI-generated advertising vs. non-AI (human-crafted) advertising 

A major change in the advertising environment has been brought about by the rise of AI-

generated advertising, which introduces new paradigms for message generation, 

targeting, and delivery (Ford et al., 2023). AI-generated advertising uses algorithms, 

natural language processing, and machine learning to automate and personalise content 

at scale, in contrast to non-AI or even basic digital advertising, which frequently depends 

on human intuition and static creative assets (Gu et al., 2024). This contrast illustrates the 

fundamental transformation underway, as AI systems shift the creative process from 

manual craftsmanship to automated personalisation (Arbaiza et al., 2024). 

Fundamentally, this method revolutionises the process of creating content by producing 

text, images, and even audio elements that are customised for particular audience 

segments at a size and pace that are not possible for human creatives alone (Arbaiza et 

al., 2024; Chung et al., 2021; Moro Visconti, 2024).This foundational transformation 
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directly informs the increasing emphasis on hyper-personalisation, explored in the next 

paragraph. 

The ability of AI-generated advertising to be mass-personalised is one of its main 

strategic advantages. AI systems can dynamically personalise information for individual 

customers by identifying demographic characteristics, preferences, and behavioural 

patterns through real-time analysis of large datasets (Kunekar et al., 2024). This mirrors 

earlier advancements in programmatic advertising, though AI systems expand these 

capabilities significantly through predictive and generative modelling (Coffin, 2022). As 

a result, advertisers can improve the relevance of their messages, leading to higher 

engagement, click-through rates, and conversion results (Arbaiza et al., 2024). However, 

despite these measurable gains, it is worth noting that empirical studies directly linking 

AI-generated content with consumer sentiment remain limited, highlighting an area for 

future investigation (Arango et al., 2023; Gu et al., 2024). This limitation invites further 

inquiry into the broader impact of AI advertising, particularly in how it shapes creative 

decision-making and campaign agility. 

Beyond its operational effectiveness, AI-generated advertising is changing how data and 

creativity are used in marketing (Huh et al., 2023). Marketers may make well-informed 

adjustments at every stage of the campaign lifecycle thanks to its ability to enable more 

flexible, agile campaigns that change in response to real-time user behaviour (Gu et al., 

2024). This trend aligns with current discourse on the benefits of adaptive advertising 

systems (Arbaiza et al., 2024). Given the fragmented and transient nature of consumer 

attention in increasingly overloaded media settings, this responsiveness provides a 

competitive advantage (Olney et al., 1991). Yet, such real-time reactivity may also raise 

concerns around the consistency of brand identity and message control, which remain 

underexplored in current literature (De Keyzer et al., 2024; De Keyzer, Dens, et al., 2022).  

The growing application of AI in advertising raises important ethical issues (Gao et al., 

2023). Concerns about customer privacy, authenticity, and creative originality are at the 

centre of the ongoing debate about AI's impact on persuasive communication (Arbaiza et 

al., 2024; Ghufran & Ahmad, 2025; Li et al., 2024). Furthermore, these concerns are 

particularly relevant in contexts where consumers may not clearly distinguish between 

human- and AI-generated messages. As AI-generated content increasingly resembles 

human-written messages, concerns arise regarding transparency, consent, and the 

potential for algorithmic manipulation (Ford et al., 2023). Arbaiza et al. (2024) stress the 
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need for specific legal and ethical guidelines to ensure that the use of AI technology in 

advertising maintains consumer trust and complies with more general standards of 

responsible marketing. (Goktas & Grzybowski, 2025). 

2.2.3 Key features of automated (AI-generated advertising: 

automation, personalisation, and real-time optimisation) 

The three main characteristics of AI-generated advertising, automation, personalisation, 

and real-time optimisation, set it apart from conventional and manually managed digital 

campaigns (Ford et al., 2023). When combined, these capabilities completely change how 

advertisers carry out, modify, and assess their strategies in ever-changing media 

landscapes (van Noort et al., 2020). To understand the implications of this transformation, 

it is useful to unpack each feature individually, beginning with automation. 

First, media planning, ad design, audience segmentation, and performance 

tracking are among the traditionally time-consuming steps in the advertising process that 

are streamlined by automation (Gao et al., 2023). This represents a significant shift from 

earlier digital approaches, which often required extensive manual input at each stage 

(Kunekar et al., 2024). AI-driven automation allows marketers to devote more time to 

strategic decision-making and innovative ideation by reducing the need for manual 

oversight (Rita et al., 2025; Tran, 2024). In large-scale, multi-platform campaigns where 

cost control, speed, and response are crucial, this operational efficiency is especially 

beneficial (Moro Visconti, 2024). However, it is worth noting that while automation 

improves workflow efficiency, it may also reduce human oversight in critical creative and 

ethical decision-making processes, an issue that remains underexamined in current 

research (Arbaiza et al., 2024).  

Second, by providing highly relevant advertising content to specific customers 

based on contextual, demographic, and behavioural data, AI improves personalisation (De 

Keyzer et al., 2024). Delivering communications that connect on a personal level is made 

possible by AI systems' ability to recognise trends in customer behaviour and forecast 

preferences through sophisticated machine learning algorithms (Mirek-Rogowska et al., 

2024; Yang & Hu, 2022). This finding is broadly consistent with previous literature on 

data-driven personalisation, but AI expands this functionality by incorporating predictive 

learning models (Hayes et al., 2021; Raji et al., 2024). Higher conversion rates may result 

from this customised communication, which also improves perceived ad relevance and 

boosts customer engagement (Arbaiza et al., 2024). Nevertheless, some scholars have 



14 
 

raised concerns that excessive personalisation, particularly when based on inferred data, 

could provoke discomfort or resistance among users, pointing to the need for boundary-

setting in algorithmic targeting (de Groot, 2022).  

Third, AI systems can dynamically modify campaign variables in response to 

changing consumer behaviour or market conditions thanks to real-time optimisation, 

which enables them to continuously monitor ad performance (Gao et al., 2023). This 

involves making real-time adjustments to bid tactics, audience targeting, and creative 

assets (Tang, 2024). In this way, AI's optimisation capabilities significantly surpass the 

reactive nature of earlier digital platforms (Gao et al., 2023). Campaigns can therefore be 

continuously improved to guarantee optimal relevance and effectiveness, enhancing user 

experience and return on investment (ROI) (Ford et al., 2023; Hassan et al., 2024). 

However, the increasing reliance on AI to make autonomous decisions in real time raises 

unresolved questions about accountability, particularly in cases of bias, misclassification, 

or unintended targeting outcomes (Goktas & Grzybowski, 2025).  

In combination, these three features position AI-generated advertising as a highly 

adaptive, efficient, and impactful approach to modern marketing communication (Huh et 

al., 2023). They not only improve campaign performance but also elevate the strategic 

role of data in guiding creative and operational decisions (IoniȚĂ et al., 2025). Yet, while 

the technological promise is clear, further empirical research is needed to explore the 

long-term effects of such automation on consumer trust, brand perception, and ethical 

standards in digital marketing (Hassan et al., 2025). 

2.2.4 Shifting consumer perceptions of AI-generated advertising 

As the capabilities of AI in marketing continue to grow, so too do the ways consumers 

react to its presence in advertising. When it comes to perceived intelligence, emotional 

resonance, trust, and engagement, consumers' reactions to AI-generated advertising are 

very different from those to non-AI-generated (human-created) ads (Gu et al., 2024). 

These views have a direct impact on how successful advertising campaigns are, and they 

provide significant challenges for marketers looking to use AI in persuasive messaging 

(Wu et al., 2022; Wu & Jing Wen, 2021).  

One of the first distinguishing elements in consumer perception involves how 

intelligent the advertisement appears. Gu et al. (2024) notes that customers frequently 

judge AI-generated advertisements by how clever or "technologically advanced" they 
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seem. Customers are more likely to view AI-generated information as competent, 

relevant, and able to satisfy their demands when they believe it to be intelligent (Gu et 

al., 2024; Wu & Jing Wen, 2021). This perceived technological sophistication is 

consistent with studies showing that system credibility and intelligence can foster user 

trust; however, the relationship remains context-dependent and is not always linear 

(AbouElgheit, 2024; Gu et al., 2024; Hassan et al., 2025). Increased acceptance and trust 

in the advertisement may result from this apparent ability (Gu et al., 2024) . On the other 

hand, non-AI advertising is not usually examined from a technical perspective, which 

means it may not elicit the same expectations or cognitive assessments (Wu & Jing Wen, 

2021).  

Despite these benefits, AI-generated advertising can also make people feel uneasy 

or uncomfortable, especially if the content lacks emotional depth or seems extremely 

artificial (Gu et al., 2024). According to Gu et al. (2024), this uneasiness might result 

from the idea that AI advertisements are invasive or impersonal, which can erode 

perceived authenticity and trust. This concern contrasts with the more familiar and 

emotionally grounded appeal of non-AI advertising (Dong et al., 2024). Comparatively 

speaking, non-AI advertisements typically benefit from well-established narrative 

patterns, recognisable tones, and emotional appeal, all of which raise consumer comfort 

and receptivity (Dong et al., 2024; Yoo & MacInnis, 2005).  

Another area where differences show up is in emotional engagement. According 

to research, conventional ads' use of cultural cues and human storytelling makes them 

more effective in creating emotional connections with viewers (Gu et al., 2024). This is 

particularly evident in campaigns that rely on nostalgia, empathy, or social values (Aarzoo 

& Lal, 2024). On the other hand, some consumers believe AI-generated advertisements 

to be less sympathetic or emotionally relatable, which could reduce their persuasive 

power, especially in campaigns that depend on an affective connection (Wu et al., 2022). 

However, it is worth noting that this may also depend on the ad category, as transactional 

or informational ads may benefit more from AI’s efficiency than emotional resonance 

(Aarzoo & Lal, 2024; Wu et al., 2022).  

Furthermore, customer preferences for non-AI versus AI-generated content vary 

depending on the situation. Some viewers may prefer AI-generated content due to its 

uniqueness, inventiveness, or novelty value, whereas others may consider human-

generated ads to be more genuine and trustworthy (Gu et al., 2024). These conflicting 
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preferences suggest that audience reactions are not uniform and instead are shaped by 

contextual cues and individual predispositions (Menon et al., 2004; Uribe et al., 2022). 

These conflicting perspectives also highlight the importance of tailoring AI 

implementation to campaign objectives, as a one-size-fits-all approach may undermine 

advertising effectiveness (Gu et al., 2024).  

Lastly, a key factor in determining how consumers interact with advertising is still 

trust. Reduced involvement and avoidance behaviour may result when AI-generated 

content arouses scepticism, whether as a result of its strange tone or a perceived lack of 

human purpose (Gu et al., 2024). This finding aligns with earlier work on the importance 

of authenticity in fostering consumer trust (Kelly et al., 2020; Yang & Hu, 2022). Because 

of their familiarity and perceived authenticity, non-AI ads frequently foster more 

predictable engagement outcomes and better baseline trust (Kelly et al., 2020; Yang & 

Hu, 2022).  

In conclusion, the differences in how consumers react to non-AI and AI-generated 

advertising highlight important subtleties in how people perceive technological 

intelligence, emotional resonance, and brand legitimacy. Although AI-generated 

advertisements are responsive and scalable, their efficacy is frequently tempered by 

emotional attachment and trust assessments. These intricacies underscore the importance 

of grounding future work in a structured framework that can capture both affective and 

cognitive processes underlying consumer interaction. These concerns lay the foundation 

for the following section, which introduces the SNS-Post Processing Framework, an 

analytically based paradigm for comprehending user interaction with brand content on 

social networking platforms, especially in the context of AI-enabled communication. 

 

2.3. Theoretical Foundations of Consumer Response to Social Media 

Advertising 

Social media platforms, which provide previously unheard-of opportunities for real-time 

connection and consumer engagement, have become essential components of modern 

marketing communication strategies. Social networking sites (SNS), including Facebook, 

Instagram, LinkedIn, and X (previously Twitter), continue to be the most popular social 

media platforms worldwide. Facebook alone claimed to have about 3 billion active 

members as of 2024, highlighting the scope and impact of SNS platforms in the digital 



17 
 

ecosystem (Statista, 2025). These figures underline why social media is increasingly seen 

as an indispensable tool for global brand strategies. According to Corstjens (2012), social 

media has emerged as a key platform for consumer interaction and brand communication. 

Similarly, social media activity now makes up a significant portion of the promotional 

mix for the majority of contemporary firms, indicating a paradigm shift away from 

conventional one-way messaging, according to Mangold and Faulds (2009). 

2.3.1 Overview of the SNS-Post Processing Framework  

Wagner et al. (2017) developed the SNS-Post Processing Framework to better understand 

how users engage with brand content in social networking environments such as 

Facebook, Instagram, and X (formerly Twitter). By extending established information 

processing theories from non-AI advertising into the dynamic and interactive context of 

SNS platforms, the framework offers a structured model for analysing how consumers 

perceive, process, and respond to brand posts, including those featuring personalised or 

AI-generated content (De Keyzer et al., 2024). This represents a significant conceptual 

progression from static media models, as it captures the fluid interplay between user 

characteristics, message construction, and platform affordances (Angus et al., 2024). Its 

value lies in its ability to unpack the psychological and behavioural mechanisms that 

influence communication effectiveness in social media advertising, with particular 

attention to user antecedents, message decoding, and outcome-based responses (De 

Keyzer et al., 2024).  

By classifying engagement into three main dimensions, antecedents, processing 

mechanisms, and consequences, the SNS-Post Processing Framework investigates how 

users interpret and react to brand postings on social networking sites (Wagner et al., 

2017). These aspects are consistent with traditional models of information processing, but 

they are reframed for the highly customised and interactive digital world of social 

networking sites (Dae Hee et al., 2010; Koch et al., 2023; Yanping et al., 2024). However, 

although the framework offers a promising lens for analysis, its application to AI-

generated content remains underexplored in current literature, raising questions about 

how newer forms of automated messaging alter user cognition and behaviour (Ford et al., 

2023; Mirek-Rogowska et al., 2024).  

Wagner et al. (2017), explain that the term "antecedents" describes the elements 

that influence a user's preparedness and capacity to comprehend social media material. 

These include opportunity (e.g., time spent online or platform familiarity), cognitive 
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ability (e.g., attention availability), and motivational factors (e.g., interest in the topic) 

(Wagner et al., 2017). This mirrors cognitive load theory but contextualises it within the 

fragmented and fast-paced attention environment typical of SNS usage (De Keyzer, Dens, 

et al., 2022; Fisher, 2024; Winter et al., 2021). According to Wagner et al. (2017), a user's 

level of engagement with a brand post is shaped by a range of antecedent conditions that 

influence their readiness and capacity to process content. The next stage, processing, is 

driven by the post’s thematic appeal, such as emotional, informational, humorous, or 

interactive elements, which directly affect users’ motivation and attention. These appeals 

determine whether users engage heuristically, making quick and intuitive judgments, or 

systematically, through deeper and more deliberate elaboration. This distinction is 

especially relevant in the context of AI-generated advertising, where variations in 

emotional resonance, novelty, or complexity may shift how the content is cognitively 

processed. The final stage in the framework involves the consequences of processing, 

which (Wagner et al., 2017) categorise into three key outcomes: brand attitude (i.e., 

changes in perception or affinity toward the brand), user interaction (e.g., likes, shares, 

and comments), and post attitude (i.e., the user’s evaluation of the content itself). These 

dimensions enable a more nuanced understanding of both superficial engagement metrics 

and deeper cognitive-emotional responses. By encompassing these stages, the SNS-Post 

Processing Framework provides advertisers with a comprehensive tool for assessing how 

consumers interpret and react to brand messages, insights that are critical for predicting 

outcomes like brand loyalty and purchase intention.  

Although robust in its structure, the model would benefit from further empirical 

validation in contexts where algorithmic content generation or hyper-personalisation is 

present. Nonetheless, the SNS-Post Processing Framework offers a thorough 

understanding of how people perceive, assess, and react to branded information in digital 

social networks by combining these elements. 

2.3.1.1 Application of the framework in social media advertising 

To understand how consumer responses can be better predicted and influenced in digital 

environments, the application of theoretical models is essential. The framework is quite 

useful for directing content production, targeting, and assessment tactics in contemporary 

social media advertising (Mangold & Faulds, 2009). Advertisers can create messages that 

align with audience expectations and cognitive states by understanding user motivation 

and capacity, which increases the possibility of engagement (De Keyzer et al., 2024; 
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Zheng et al., 2024). This insight extends traditional message design approaches by 

integrating psychological readiness with media dynamics (Shumanov et al., 2022). Such 

integration allows marketers to create more nuanced and contextually relevant advertising 

content. Building on this strategic alignment, the framework enables tailoring content 

based on user intent. For instance, marketers can adjust their post appeal by determining 

whether a person is looking for knowledge or entertainment (Wagner et al., 2017). The 

model's focus on post-level appeals provides helpful advice for optimising content. 

Depending on the medium, target audience, or campaign objective, strategic use of 

emotional, interactive, or informative appeals is possible (Nayak et al., 2024). This 

alignment improves the message's persuasiveness and relevance (Veloso et al., 2024). As 

such, appeal strategies become more than creative preferences; they become precision 

tools in campaign design. 

However, one unresolved issue is the extent to which these appeal types interact 

with AI-generated content formats, particularly as algorithmic design may lack the 

subtlety of human emotional framing (Gu et al., 2024). The framework offers a diagnostic 

method for assessing the efficacy of advertising by classifying user responses, ranging 

from opinions about the post to assessments at the brand level (Zheng et al., 2024). This 

classification adds a critical layer of analytical clarity in an otherwise noisy and dynamic 

media environment. This diagnostic capability is consistent with recent calls for more 

granular, behavioural-level ad evaluation tools (Menon et al., 2004). Moreover, marketers 

can modify their tactics in real time by tracking users' transition from engagement to 

attitudinal change (Arbaiza et al., 2024; Subeh, 2024). Furthermore, advertisers can create 

material that appeals to both heuristic (quick, intuitive) and systematic (slow, deliberate) 

processing styles thanks to the framework's support for a dual-processing approach 

(Florenthal, 2019). This duality supports existing elaboration likelihood models but also 

adds depth by tying cognitive style directly to platform engagement metrics (Guo & Jiang, 

2023; Koch et al., 2023; Yousaf et al., 2021). Thus, the model aligns well with diverse 

consumer processing tendencies, enhancing both theoretical robustness and practical 

relevance. In social media, where user attention varies quickly yet emotional triggers and 

cognitive clues continue to influence brand outcomes, this dual engagement approach is 

especially crucial (De Keyzer et al., 2024). Lastly, the framework helps leverage social 

capital by promoting user-generated content and community involvement (Surucu-Balci 

& Balci, 2023). This increases peer-to-peer impact and perceived authenticity by 

broadening the organic reach and credibility of branded messaging (Nayak et al., 2024). 
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In doing so, the framework reinforces the social dimensions of brand interaction, a core 

strength of SNS-based marketing. Despite this, more research is needed to explore how 

AI-generated brand content affects user motivation to co-create or endorse branded 

messages within social communities, particularly in contexts where content authenticity 

is scrutinised (van Noort et al., 2020). This indicates an important area for future empirical 

inquiry as AI continues to reshape content creation. 

2.3.1.2 Relevance to AI-driven advertising and consumer interaction 

To evaluate the intersection of automation and consumer engagement, it is essential to 

consider how AI complements existing theoretical models. The SNS-Post Processing 

Framework is especially useful for comprehending the ways in which platform dynamics 

and consumer psychology interact with AI-driven advertising (Wagner et al., 2017). By 

automating emotional resonance modelling, real-time response tracking, and content 

customisation, artificial intelligence improves each step of the framework (Arbaiza et al., 

2024). This enhancement represents a substantial extension of the original model's 

capabilities, as AI enables the transition from descriptive observation to predictive 

optimisation (Carvalho Proença, 2024).  

This predictive capability becomes increasingly relevant in data-saturated digital 

spaces. To influence antecedents and customise material to maximise engagement, 

artificial intelligence (AI) systems can examine user activity patterns to identify which 

posts are most likely to generate interaction (Arbaiza et al., 2024; Tran, 2024). AI offers 

the framework for large-scale monitoring and prediction of user motives and emotional 

states from the standpoint of data processing (Carvalho Proença, 2024; Li, 2019). In 

congested SNS environments, this facilitates the transmission of hyper-relevant and 

adaptive advertising, which is crucial (Rodgers & Nguyen, 2022). This aligns with recent 

scholarship emphasising the value of personalisation under high-choice digital conditions 

(Lee & Cranage, 2011; McKee et al., 2024).  AI’s ability to fine-tune message relevance 

also supports dynamic feedback mechanisms in SNS advertising. AI can also improve the 

congruence between post content and audience expectations by examining behavioural 

indications across platforms (Aarzoo & Lal, 2024). In this way, the framework is 

reinforced through feedback loops that allow for real-time adaptation based on implicit 

signals (Wagner et al., 2017). AI-generated content has the ability to process messages 

dynamically in response to user reactions, resulting in customized advertising journeys 

that align with various phases of the consumer decision-making process (Li, 2019). These 
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routes support the framework's focus on post-interaction outcomes at the brand level, 

indicating that, when used appropriately, AI can increase favourable brand 

sentiments(Wagner et al., 2017).  

However, despite these operational benefits, the growing use of automation also 

brings up ethical issues, particularly regarding data protection, consent, and originality of 

material (Arbaiza et al., 2024; Ford et al., 2023). These concerns echo wider debates on 

algorithmic accountability and raise important questions about consumer autonomy in 

AI-mediated communication (Coffin, 2022; Hardcastle et al., 2025; Raji et al., 2024). 

Transparency and trust are crucial prerequisites for customer involvement as AI makes it 

harder to distinguish between human and machine-generated content (Hardcastle et al., 

2025; Hassan et al., 2025; Raji et al., 2024). By including ethical design principles as part 

of the antecedent layer, the SNS-Post Processing Framework may take these factors into 

account and help ensure that the transmission of content doesn't compromise consumer 

welfare or brand credibility (De Keyzer et al., 2024; Nayak et al., 2024). In conclusion, 

by incorporating AI into the SNS-Post Processing Framework, marketers may improve 

targeting, responsiveness, and personalisation, all the while keeping a framework in place 

to assess user responses critically and respect moral principles in automated advertising 

settings. 

2.3.2 Information processing in social media advertising contexts 

Evaluating the efficacy of both AI-driven and non-AI advertising methods requires an 

understanding of how people interpret social media ads. This section builds on the SNS-

Post Processing Framework by analysing the different cognitive and affective reactions 

of consumers to automated and non-automated advertisements, with particular emphasis 

on engagement, personalisation, and trust. Consumers' interpretations, evaluations, and 

emotional responses to brand messages are becoming increasingly complex as advertising 

technologies advance toward greater automation and real-time adaptation. This presents 

marketers with both strategic opportunities and moral dilemmas. 

2.3.2.1 How users process Automation vs. Non-Automated Advertising 

Artificial intelligence-powered automated advertising analyses customer data and 

dynamically customises messaging to enable real-time customisation (Ford et al., 2023). 

Because messages are seen as more timely and relevant, there is a greater chance that 

users will engage (Rodgers & Nguyen, 2022). AI can modify ad content to match user 
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tastes and behaviours through data-driven optimisation, resulting in a more streamlined 

and focused experience that encourages response and attention (Gao et al., 2023). On the 

other hand, non-automated advertising usually uses static, pre-defined content that isn't 

as adaptable as AI systems (IoniȚĂ et al., 2025). These advertisements are frequently 

shown according to general demographic standards rather than behavioural analysis, 

which limits their applicability and lowers the likelihood that they will resonate with 

specific consumers (Arbaiza et al., 2024). Lower engagement rates may come from 

consumers viewing non-automated advertisements as generic or less relevant (Guo & 

Jiang, 2023).  

Campaign responsiveness is further improved by automated advertising's 

operational flexibility. According to Ford et al. (2023), AI systems are able to track user 

activity continually and make adjustments to creative content, targeting, and bidding 

methods in real time. Non-automated advertising, on the other hand, follows set campaign 

plans and provides less opportunity for real-time customisation or iterative improvement 

(Qin & Jiang, 2019). Automated advertising, however, also raises issues with privacy 

(Bleier & Eisenbeiss, 2015; Kim et al., 2019). Users' trust and willingness to participate 

may be weakened by the gathering and usage of personal data, which may cause anxiety 

or a sense of surveillance (Arbaiza et al., 2024). In contrast, non-automated 

advertisements usually use less precise targeting, which may make them appear to be less 

of a risk to user privacy (Malheiros et al., 2012). Furthermore, different measurement 

techniques also exist. Short-term interaction indicators, including click-through rates, 

dwell times, or engagement ratios, are commonly used to assess automated campaigns 

since they offer instant feedback for optimisation (Li, 2019). It is more challenging to 

evaluate the efficacy of non-automated ads in real time since they frequently rely on long-

term metrics like brand lift or memory (Guo & Jiang, 2023). 

2.3.2.2 Cognitive and affective responses to personalised advertising 

Perceived as relevant and non-intrusive, personalised advertising improves cognitive and 

affective processing (De Keyzer et al., 2024; Maslowska et al., 2016). According to De 

Keyzer et al. (2024), when consumers believe advertisements are closely related to their 

wants or experiences, they are more likely to engage in meaningful evaluation. This 

suggests that relevance functions as a cognitive amplifier, encouraging deeper elaboration 

and recall (Tam & Ho, 2006; Van den Broeck et al., 2019).  
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However, psychological characteristics may mitigate the cognitive impact of 

personalisation (Maslowska et al., 2016; Pfiffelmann et al., 2020). People who are more 

self-aware or digitally literate, for example, could react to advertisements differently, 

either accepting them as effective filters of pertinent content or rejecting them as 

manipulative (Campbell et al., 2022). This introduces a user-level variability that 

complicates the assumed universality of personalisation effects and highlights the need 

for segmentation-based targeting strategies (Lee & Cranage, 2011; Zahirović et al., 2024).  

Users' emotional moods have a big impact on how they react to personalised 

advertisements (Guo & Jiang, 2023). While negative emotional states may impede 

processing or cause resistance, positive emotional states can increase participation (De 

Keyzer et al., 2024; Yanping et al., 2024). While personalisation can increase positive 

emotions like curiosity, joy, or relevance, it can also cause discomfort if it is viewed as 

"creepy" or unduly intrusive, according to De Keyzer et al. (2024). In contrast to non-AI 

emotional appeal strategies, AI-generated content may lack emotional nuance, potentially 

triggering unease when personalisation feels algorithmically cold or overly precise (Gu 

et al., 2024; Wu et al., 2022). To ensure that material connects without crossing 

psychological boundaries, ad design must be emotionally calibrated, as this contradiction 

illustrates (Srivastava & Dorsch, 2020; Yoo & MacInnis, 2005).  

The dual-process approach, which includes both systematic (deliberative) and 

heuristic (intuitive) thinking, emphasises the significance of striking a balance between 

rational and emotional appeals (Koch et al., 2023; Rhee & Choi, 2020). Both emotive 

resonance and cognitive elaboration must be taken into consideration in successful 

advertising campaigns, particularly when using personalisation (De Keyzer et al., 2024). 

In AI-driven environments, where human reactions can be instantaneous, emotional, and 

challenging to reverse, striking this balance is especially important (Ghufran & Ahmad, 

2025; Ma et al., 2023). This reinforces the importance of integrating design-level 

sensitivity into automated content systems, particularly when scaling personalised 

messages across diverse audiences (Gao et al., 2023; Hardcastle et al., 2025; Li, 2016) 

In this thesis, creepiness refers to the emotional discomfort consumers experience 

when an advertisement appears unusually tailored or overly familiar, intrusiveness refers 

to a feeling of unwelcome interruption during media use, and privacy concern relates to 

consumers' cognitive assessment of how their personal data may have been collected or 

used. 
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2.3.2.3 The role of engagement and trust in AI-driven ad effectiveness 

As both results and facilitators of successful communication, engagement and trust are 

essential to the success of AI-driven advertising (Guo & Jiang, 2023; Wu et al., 2025). By 

delivering messages that feel timely, relevant, and personalised, artificial intelligence (AI) 

technologies greatly increase user engagement by enabling granular targeting and content 

adaptation based on real-time behavioural indications (Arbaiza et al., 2024). This reflects 

a growing consensus that relevance and immediacy are central to effective digital 

communication (Akdim & Casaló, 2023; Munsch, 2021).  

AI technologies provide more engaging brand experiences and increased 

conversion rates when they are in line with user intent and preferences (Arbaiza et al., 

2024; Yang & Hu, 2022). However, engagement on its own is insufficient (Hassan, 2024; 

Kelly et al., 2020). Consumer trust in the brand and the underlying technology is crucial 

to the long-term viability of AI-driven promotions (Hardcastle et al., 2025). Building and 

preserving this trust requires ethical algorithmic design and transparent data usage 

policies (Ford et al., 2023). This perspective aligns with broader scholarship emphasising 

the importance of algorithmic fairness and explainability in maintaining consumer 

confidence (Gu et al., 2024; Hassan et al., 2025; Lee et al., 2024). While perceived 

manipulation or a lack of openness can damage a brand's credibility, consumers who are 

aware of how and why their data is utilised are more inclined to accept personalisation 

and interact with content (Hardcastle et al., 2025; van Noort et al., 2020). This suggests 

that perceived control and transparency act as moderators in the engagement process 

(Kim et al., 2019; Lee et al., 2024). Customers' emotive disposition toward AI-generated 

advertisements is also influenced by trust (Gu et al., 2024). Personalised communications, 

however, can increase relevance, but if they come across as intrusive or manipulative, 

they may also cause resistance or scepticism (Arbaiza et al., 2024; Ford et al., 2023). This 

duality highlights a key tension in AI advertising: the same mechanisms that optimise 

content delivery can simultaneously provoke suspicion (Gao et al., 2023; Gu et al., 2024). 

This implies that ethical personalisation improves engagement results and brand loyalty 

by allowing users to maintain some control and comprehension of the process (Abbas, 

2024; Hardcastle et al., 2025).  

In conclusion, trust and engagement serve as key mediators in the success of AI-

driven advertising, either enhancing or diminishing the efficacy of campaigns based on 

the integrity and experience of the exchange (Guo & Jiang, 2023; Wu et al., 2025). 
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Although AI makes it possible to convey messages with previously unheard-of precision, 

its effectiveness depends on user receptivity, which is influenced by views of relevance, 

fairness, and data transparency (Guo & Jiang, 2025; Mirek-Rogowska et al., 2024). 

Understanding these human reactions is essential for both responsible practice and 

strategic improvement as social media advertising depends more on algorithmic 

personalisation (De Keyzer, Van Noort, et al., 2022). As a result, the following chapter 

will focus on the function of personalisation in AI-generated advertising, critically 

analysing how customers perceive customised information and the circumstances in 

which it either strengthens or weakens marketing results. 

 

2.4. Advertising Personalisation and Consumer Reactions 

2.4.1 The strategic role of personalisation in digital advertising 

The idea of personalised advertising is explained in this subsection, along with how AI 

enables dynamic targeting and how AI-generated personalisation differs from 

conventional techniques. The dual potential of customisation to increase engagement and 

raise privacy-related issues is emphasised (Hu & Wise, 2024; Raji et al., 2024).  

To improve relevance and engagement, personalised advertising entails creating 

material that is in line with the unique traits, interests, and behaviours of each consumer 

(Hu & Wise, 2024; Segijn & van Ooijen, 2022). Advertisers can provide personalised 

offers, recommendations, and messages that more thoroughly connect with the recipient 

by using algorithmic analysis of user data (Gao et al., 2023; Hardcastle et al., 2025). This 

improves cognitive processing and decision-making (Tran et al., 2020). Furthermore, it 

has been demonstrated that by enhancing perceived ad relevance and utility, personalised 

campaigns raise purchase intent and brand engagement (Zhu & Kanjanamekanant, 2021). 

This aligns with a growing body of research highlighting the persuasive power of 

personalised content when tailored appropriately (De Keyzer et al., 2024; Guo & Jiang, 

2023; Subeh, 2024). From a strategic standpoint, customisation increases return on ad 

spend, decreases wasted impressions, and increases cost efficiency by more accurately 

targeting segmented audiences than mass-market approaches (Hardcastle et al., 2025). As 

long as the use of data is viewed as morally righteous and open, it also increases brand 

legitimacy and perceived informativeness, which can fortify brand attitudes (Deng et al., 

2019). However, in contrast to its performance benefits, too much customisation might 
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make people uneasy or suspicious, which emphasises how crucial it is to strike a balance 

between customer privacy and customisation (Hardcastle et al., 2025). In the end, whether 

personalisation increases or decreases the effectiveness of advertising depends on trust 

(Bleier & Eisenbeiss, 2015). 

 Advertisers can create highly targeted communications and categorise consumers 

into prediction groupings thanks to AI technology's exceptional ability to synthesise 

enormous volumes of contextual and behavioural data (Häglund & Björklund, 2024). AI 

improves audience insights and facilitates more in-depth personalisation tactics by 

identifying behavioural patterns and psychological characteristics in digital footprints 

(Aarzoo & Lal, 2024; Gao et al., 2023; Hensman et al., 2024). Furthermore, by evaluating 

media contexts, including emotion and content complexity, AI systems can improve 

contextual advertising by identifying the best places for ads (Hardcastle et al., 2025). This 

data-driven strategy guarantees that material is both pertinent and adaptable to changing 

consumer preferences (Subeh, 2024). AI models adjust their delivery of messages for 

optimal impact by continuously adapting to real-time interactions (Shumanov et al., 

2022). However, despite these benefits, privacy-conscious design must balance 

personalisation (Hardcastle et al., 2025). When data collecting becomes opaque or 

overreaches users' private digital environments, ethical issues surface (Abbas, 2024). This 

tension remains a critical unresolved issue in AI-enabled targeting and highlights the need 

for transparent data governance (Arbaiza et al., 2024). To maintain consumer trust, 

marketers must manage this conflict by remaining transparent and avoiding intrusiveness 

(Li et al., 2024; Subeh, 2024).  

The speed, scalability, and capacity of AI-generated advertising to dynamically 

create content in response to user behaviour set it apart from conventional methods (Gao 

et al., 2023; Gu et al., 2024). AI can automatically change headlines, images, and calls-

to-action in real time based on detailed user signals, in contrast to non-AI tailored 

advertising, which depends on predetermined audience segmentation and human-curated 

messaging (Guo & Jiang, 2025). This flexibility enables advertisers to react quickly to 

changes in customer intent and enhances engagement results (Arbaiza et al., 2024). 

Additionally, compared to static, human-curated advertisements, AI systems offer more 

precise targeting, which frequently results in higher click-through and conversion rates 

(Hardcastle et al., 2025). However, while this heightened precision provides short-term 

gains, it may also increase consumer apprehension about surveillance and manipulation 

(Campbell et al., 2022). Increased accuracy might also heighten worries about data abuse 
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and spying, especially if personalisation is seen as intrusive (Abbas, 2024). Because they 

use more comprehensive targeting criteria and pose fewer privacy problems, traditional 

approaches, despite being less flexible, are frequently regarded as more reliable 

(Malheiros et al., 2012). Therefore, it is essential to strike a balance between ethical 

protections and the level of customisation to maximise results in both formats (Raji et al., 

2024).  

To conclude, AI-generated advertising offers major strategic advantages over non-

AI customised techniques in terms of adaptability, efficiency, and targeted precision (Ford 

et al., 2023; Gu et al., 2024). These advantages do have some drawbacks, too, as greater 

personalisation could heighten customer worries about data privacy, manipulation, and 

spying (Hillqvist & Johnsson Östergren, 2020; Rhee & Choi, 2020). According to the 

comparative research, artificial intelligence (AI) creates new conflicts between value 

generation and user discomfort, even as it improves message relevancy and engagement 

(Gu et al., 2024; Mirek-Rogowska et al., 2024). The personalisation paradox, a 

phenomenon in which the very technologies that improve participation also create 

resistance, is centred on these contradictions (Lee & Cranage, 2011). To comprehend this 

paradox's significance for AI-powered advertising campaigns, the following section will 

examine it in greater detail using both theoretical and empirical data. 

2.4.2 The personalisation paradox and consumer discomfort 

This section explores the ways in which personalisation can influence both favourable 

and unfavourable user experiences, highlighting the importance of moral boundaries, 

openness, and user agency. It provides empirical data and theoretical ideas that highlight 

the conflicting impacts of customisation in AI-generated advertising.  

The contradictory phenomena known as the "personalisation paradox" occur 

when consumers feel more engaged by personalisation, but they also become more 

resistant or uncomfortable when they feel like they have less control or are being invaded 

(de Groot, 2022). Personalised advertising improves relevance and perceived value by 

customising material to each user's interests and behaviours, which in turn boosts user 

engagement (Abbas, 2024; Lee & Cranage, 2011). However, these advantages do come 

at the expense of higher data usage, which raises privacy and surveillance concerns 

(Martin & Murphy, 2017). This duality reveals an underlying tension in the user 

experience, where consumers frequently struggle to balance their desire for personalised 

experiences with their concerns about the amount of data being gathered in order to 
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provide them (Gutierrez et al., 2019). This paradox highlights a delicate trade-off: the 

same mechanisms that increase the efficacy of advertisements can also cause avoidance 

and erode confidence (de Groot, 2022). In response to these competing pressures, 

researchers suggest proactive transparency and privacy-enhancing features that allow 

users to modify personalised settings in order to lessen these consequences (Abbas, 2024). 

Sustaining positive user perceptions requires striking a balance between ethical duty and 

value creation (Hallam & Zanella, 2017; Hassan et al., 2025).  

A sensation of surveillance and loss of autonomy may result from over-

personalisation, which can cause unease by indicating that users are being watched 

carefully (Lee et al., 2022). Ads that seem overly precise, particularly when done without 

express consent, might come across as intrusive, which can result in negative emotional 

responses and a decline in interest (Segijn & van Ooijen, 2022). In many cases, defensive 

actions, such as ad avoidance or a drop in trust, are frequently prompted by this perceived 

invasion of privacy (Ghanbarpour et al., 2022; Lee et al., 2024; Pfiffelmann et al., 2020). 

These advertisements are sometimes interpreted by consumers as “creepy” or 

manipulative, particularly when algorithms predict demands that the user has not stated 

(Wu & Jing Wen, 2021). In addition to decreasing ad efficacy, personalisation can harm 

a brand's reputation when it goes too far and is viewed as intrusive (de Groot, 2022; De 

Keyzer et al., 2024). This underscores the importance of user-centric design and 

highlights the ethical boundaries necessary in algorithmic advertising (Rodgers & 

Nguyen, 2022).  

According to empirical research, personalisation can exacerbate privacy problems 

even when it boosts ad relevancy (Bleier & Eisenbeiss, 2015; Malheiros et al., 2012). Lee 

and Cranage (2011) showed that even while consumers recognise the functional 

advantage, their sense of privacy breach increases when they perceive ad customisation 

based on past activities without explicit authorisation. Similarly, Facebook users linked 

tailored ads to greater brand relevance, but this effect was lessened when the ads were 

also seen as intrusive, according to (Maslowska et al., 2016). Consumer reactions to 

highly tailored advertising are mixed, as evidenced by De Keyzer, Dens, et al. (2022) 

identification of both cognitive appreciation and emotional discomfort. These results 

highlight the necessity of developing personalisation tactics that minimise apparent 

overreach while maximising relevance (Lee & Cranage, 2011; Maslowska et al., 2016). 

Taken together, these empirical data demonstrate the delicate balance between the 

benefits of personalisation and the psychological discomfort it might cause when viewed 
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as intrusive (De Keyzer, Dens, et al., 2022; Pfiffelmann et al., 2020). Marketers are 

challenged by the personalisation paradox to design compelling and morally sound 

customised experiences (de Groot, 2022).  

To deepen this understanding, the privacy-calculus hypothesis is examined in the 

following section, offering a framework for understanding how customers weigh the 

perceived benefits of personalisation against its potential privacy risks. 

2.4.3 Privacy-Calculus Theory and trade-offs in personal ads. 

This section examines how customers weigh trade-offs, how the privacy calculus 

functions in AI contexts, and what elements affect trust in tailored ad environments.  

According to the privacy-calculus theory, people weigh the subjective advantages 

and disadvantages of disclosing personal information when making logical decisions 

about it (de Groot, 2022; Hardcastle et al., 2025). Users balance the danger of data misuse 

or surveillance against the enhanced relevance and usefulness of tailored messaging in 

the context of AI advertising (Li et al., 2024). This balancing act is increasingly relevant 

in digital ecosystems where algorithmic targeting has become both ubiquitous and opaque 

(Gao et al., 2023; Hardcastle et al., 2025; Zhang & Zhang). Users are more likely to react 

favourably to tailored advertising if they believe the advantages, like time savings, ease, 

or better product discovery, outweigh the drawbacks (Subeh, 2024). However, in contrast, 

users might opt out, decrease participation, or form a negative impression of the brand if 

data methods seem opaque or overbearing (Hardcastle et al., 2025). Therefore, to preserve 

trust, marketers need to enhance perceived value while limiting perceived risk (Khamitov 

et al., 2024).  

Consumers evaluate personalisation along a spectrum of risk-benefit trade-offs, 

often influenced by perceived intrusiveness, transparency, and control (Jin-Myong & 

Jong-Youn, 2017). Segijn and van Ooijen (2022) also note that when users perceive 

personalised ads as saving time or reducing irrelevant exposure, they may tolerate some 

data usage. However, if ads are perceived as invasive, emotional discomfort and 

avoidance behaviours often follow (Lee et al., 2022). This duality illustrates how 

personalisation strategies must not only provide functional value but also respect 

emotional boundaries (De Keyzer, Dens, et al., 2022; Maslowska et al., 2016). Therefore, 

successful personalization tactics need to control the acceptability threshold, providing 

value without provoking psychological opposition (De Keyzer, Dens, et al., 2022; Kim & 
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Jeong, 2023). Hu and Wise (2024) found that by offering user education, transparent data 

rules, and opt-in controls, businesses may help consumers retain their sense of agency 

and become more responsive to tailored advertising.  

One of the most important moderators in the personalisation equation is trust 

(Bleier & Eisenbeiss, 2015). According to (Li et al., 2024), user trust in AI systems is 

directly impacted by transparency in the collection, processing, and application of 

consumer data. This trust becomes particularly fragile when automated decisions are 

made without a clear explanation or consumer awareness (Sargın, 2024). Perceived 

intrusiveness, targeted precision, and user control also affect trust (Hardcastle et al., 2025; 

Raji et al., 2024). Companies can increase the efficacy and moral standing of their AI 

advertising campaigns by giving consumers the ability to control their personalised 

settings and by exhibiting acceptable data practices (Guo & Jiang, 2025).  

In conclusion, views of ethical integrity, transparency, and control influence consumer 

trust in AI-driven advertising in addition to the precision and applicability of 

personalisation (Arbaiza et al., 2024; Gao et al., 2023; Raji et al., 2024). This trust, which 

mediates the trade-offs consumers make between convenience and data risk, is essential 

to the success of AI-powered advertising (Ford et al., 2023; Hassan et al., 2025). Yet, 

designing for trust remains an ongoing challenge, especially when user expectations 

outpace institutional safeguards (Hassan et al., 2025). Building on these observations, the 

following section focuses on the hypothesis development from personalisation AI-

generated advertising and its effects to the role of business experience in shaping ad 

perceptions. 

 

2.5. Personalisation AI-Generated Advertising and Its Effects 

Consumer responses to AI-driven advertising are significantly influenced by perceived 

personalisation. Perceived personalisation refers to the consumer's subjective perception 

that a message is specially designed for them, as opposed to actual personalisation, which 

is based on objective behavioural data (Hu & Wise, 2024). This distinction is crucial; 

perceived personalisation reflects the consumer's subjective sense that an ad is tailored 

for them, whereas actual personalisation is grounded in data-driven targeting controlled 

by the advertiser (De Keyzer et al., 2024; Li, 2016). While actual personalisation can be 

objectively measured, such as through targeting a user based on prior brand interactions, 
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it is ultimately perceived personalisation that drives behavioural outcomes such as ad 

engagement, click-through rates (CTR), and conversion intent (De Keyzer, Dens, et al., 

2022). Therefore, perceived personalisation operates as a psychological filter that 

influences how consumers evaluate relevance, often independently of the underlying 

algorithmic accuracy. Supporting this, De Keyzer et al. (2024) argue that unless a user 

feels the message aligns with their preferences, even data-backed targeting may fail to 

trigger engagement. In line with prior studies on advertising effectiveness, engagement 

outcomes, such as attitude toward the ad, brand attitude, and behavioural intention, are 

more strongly linked to perceptions than actual message tailoring (Choi & Kim, 2022; 

Maslowska et al., 2016).  

In this context, AI personalisation enhances ad effectiveness by increasing 

perceived relevance through real-time behavioural analysis, thereby encouraging 

attention, elaboration, and user interaction (Hu & Wise, 2024; Raji et al., 2024). However, 

in contrast, the same mechanisms that drive personalisation can raise privacy concerns, 

particularly when users sense their autonomy is compromised or feel that they are under 

surveillance (De Keyzer et al., 2024). While personalised content can improve brand 

engagement, it may also provoke discomfort, resistance, or avoidance if perceived as 

overly invasive or manipulative (Hu & Wise, 2024). Indeed, perceived personalisation 

influences both affective and behavioural engagement metrics such as CTR, viewing 

duration, and emotional response (Subeh, 2024). High CTRs and longer watch times 

signal immediate attention and deeper processing, while positive emotional reactions 

such as joy or inspiration contribute to favourable brand attitudes and stronger consumer-

brand ties (Yoo & MacInnis, 2005).  

However, as De Keyzer et al. (2024) caution, the effectiveness of these outcomes 

depends on user choice and perceived control, critical factors that mediate engagement. 

Therefore, the ability of personalised content to produce conversions hinges not just on 

relevance, but on balancing that relevance with ethical design. As studies have shown, 

excessive targeting can backfire, leading to ad avoidance and brand distrust (Maslowska 

et al., 2016). Consequently, ethical AI personalisation must be grounded in privacy, 

transparency, and user autonomy (Hardcastle et al., 2025; Lee et al., 2024). Strategies 

such as user control over data, humanised messaging, and context-sensitive ad delivery 

have been shown to mitigate psychological resistance and improve acceptance (Dwivedi 

et al., 2021; Guo & Jiang, 2025).  
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Complementing these efforts, machine learning enhances perceived relevance 

through predictive analytics, audience segmentation, real-time adaptation, and iterative 

feedback loops (Chen et al., 2023; Choi & Kim, 2022). This capability enables the 

delivery of timely, meaningful content that aligns with evolving consumer expectations 

(Guo & Jiang, 2025; van Noort et al., 2020). However, this strength can also become a 

vulnerability; technical precision, when not calibrated to user comfort or social norms, 

can be interpreted as intrusive or manipulative (Campbell et al., 2022; Henkens et al., 

2021).  

H1: (a) Due to the mediating effect of perceived personalisation, AI-generated 

ads, compared to human-created ads, will lead to (b) higher perceived relevance 

and (c) greater perceived creepiness. 

 

 Relevance in AI-personalised advertising is a psychological doorway to 

engagement, trust, and enduring loyalty rather than just a technological result (Harmata 

& Kondak, 2024). A key factor in determining how customers engage with AI-

personalised advertising is perceived relevance, which affects how they perceive and 

respond to brand messaging (De Keyzer et al., 2024). According to Tam and Ho (2006),  

perceived relevance is defined as the degree to which customers feel that a message or 

marketing communication fits with their own requirements, values, or interests. This 

alignment encourages attention, processing depth, and emotional resonance, thereby 

improving the efficacy of digital marketing (Abhiseka et al., 2024; Buvár & Gáti, 2023; 

Munsch, 2021).  

In support of this, Bleier and Eisenbeiss (2015) discovered that consumers were 

more likely to act in a brand-consistent manner and develop positive brand perceptions 

when they were exposed to product recommendations that were deemed relevant. 

Similarly, de Groot (2022) found that perceived relevance strengthened consumer-brand 

interactions by raising the perceived authenticity of the communication. The importance 

of relevance in creating brand meaning is reaffirmed by these investigations. However, 

this is contrasted by findings from Niu et al. (2021), who suggest that achieving relevance 

through intrusive data collection may reduce brand trust and provoke ad avoidance. This 

suggests that although perceived relevance typically improves brand engagement, the 

way in which personalisation is implemented determines how effective it is.  
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While the literature affirms that relevance enhances cognitive, affective, and 

behavioural aspects of brand engagement, it also reveals unresolved questions around the 

role of contextual moderators such as data transparency, personalisation frequency, and 

consumer privacy expectations (De Keyzer et al., 2024). Ads produced by AI have the 

power to profoundly affect consumer-brand interactions in both positive and negative 

ways (Wu et al., 2025). Furthermore, when these advertisements are viewed as 

knowledgeable, entertaining, or competent, they can promote trust and engagement 

(Kelly et al., 2020). For example, AbouElgheit (2024) and Gu et al. (2024) argue that AI-

generated material perceived as high in expertise may enhance consumer perceptions of 

brand credibility. This perception, when reinforced through relevance, contributes to 

deeper trust and brand attachment. Moreover, Gu et al. (2024) found that dynamic, 

interactive, or creatively generated AI ads often increase customer attention and foster 

emotional bonds, particularly when aligned with personal interests and values. However, 

the benefits of AI personalisation are not universal. AbouElgheit (2024) and Gu et al. 

(2024) also highlight how content that appears overly artificial or intrusive may evoke 

scepticism and alienate consumers. This so-called “uncanny valley” effect creates a 

psychological dissonance that undermines emotional connection and encourages 

avoidance (Chang et al., 2023; Gutuleac et al., 2024). Therefore, while AI-generated 

advertising can enrich consumer-brand bonds through personalised, engaging content, its 

effectiveness depends on maintaining a delicate balance between innovation and 

psychological comfort.  

Deeper, more meaningful interactions with customers are fostered by artificial 

intelligence (AI) personalisation, which has become a major factor in long-term brand 

loyalty. According to Terason et al. (2025), customer satisfaction, emotional engagement, 

and long-term commitment are all raised by personalised interactions, particularly those 

made possible by service-oriented and interactive digital touchpoints. Similarly, Subeh 

(2024) found that alignment between AI-driven personalisation and consumer preferences 

strengthens emotional ties and brand loyalty over time. These findings collectively 

suggest that sustained relevance leads to trust and retention. However, scholars also warn 

that the emotional benefits of personalisation are contingent on ethical and transparent 

practices (De Keyzer, Dens, et al., 2022; Tam & Ho, 2006). According to (Subeh, 2024), 

the very relationship that personalisation aims to strengthen may be compromised if the 

data practices supporting it feel invasive or opaque. This remains a critical tension, as 

brands must balance algorithmic sophistication with emotional legitimacy (Hardcastle et 
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al., 2025; Yang & Hu, 2022). Thus, while AI personalisation has significant potential to 

enhance loyalty, its success depends on a user-centric design approach that aligns with 

consumer expectations (Hassan et al., 2025). Brands that strike this balance are more 

likely to cultivate loyal followings grounded in perceived relevance, emotional resonance, 

and trust (De Keyzer, Dens, et al., 2022; Terason et al., 2025). When relevance is strong, 

a thorough picture of how consumers react to AI-personalised advertising can be obtained 

by combining cognitive, emotional, and behavioural engagement measures (Arbaiza et 

al., 2024; Guo & Jiang, 2023). Nevertheless, not every individualised experience yields 

favourable outcomes, as personalisation may cause resistance or disengagement if it 

deviates from user expectations or crosses psychological lines (Kim & Jeong, 2023).  

H2: Perceived relevance will (a) increase brand engagement by increasing click 

intention, like intention, comment intention, and share intention, but (b) reduce ad 

avoidance. 

 

Perceived creepiness plays a critical role in shaping consumer reactions to AI-

personalised advertising, particularly when the experience of personalisation crosses 

psychological boundaries (De Keyzer, Van Noort, et al., 2022). Defined by McAndrew 

and Koehnke (2016) as a state of anxiety induced by ambiguous threats and a lack of 

control, perceived creepiness often emerges when consumers sense that their personal 

space is being invaded by overly intrusive AI practices. This discomfort is frequently 

triggered by perceived violations of privacy through behavioural tracking and data 

harvesting, which consumers may interpret as being conducted without clear consent (Li 

et al., 2024). The so-called “creepiness factor,” as described by Malheiros et al. (2012), 

reflects the unsettling feeling that a brand is prying into aspects of one’s personal life that 

should remain private. Empirical studies show that the unauthorised collection or usage 

of data exacerbates this feeling, especially when ads appear too humanlike or persistently 

repetitive, factors that increase emotional unease (Li et al., 2024). These effects 

underscore a complex relationship between relevance, intrusiveness, and brand attitude, 

wherein highly personalised content may simultaneously enhance ad effectiveness while 

provoking psychological discomfort (De Keyzer et al., 2024; Niu et al., 2021).  

In this light, perceived creepiness becomes a double-edged sword, capable of 

derailing otherwise engaging campaigns if not ethically managed. While relevant and 

well-targeted ads can elicit positive reactions and boost brand favourability (Bleier & 
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Eisenbeiss, 2015; de Groot, 2022), they may also erode trust if perceived as manipulative 

or violating personal boundaries (Segijn & van Ooijen, 2022). This trade-off highlights 

the necessity of understanding individual thresholds for personalisation and ensuring 

emotional calibration within ad design (van Doorn & Hoekstra, 2013). As such, marketers 

must tread carefully to avoid the tipping point where perceived relevance becomes 

perceived intrusion (De Keyzer, Van Noort, et al., 2022; McKee et al., 2024). Moreover, 

research reveals that excessive personalisation can trigger emotional resistance and 

avoidance behaviour, particularly when AI systems over-target users, collect data non-

transparently, or generate content that misaligns with the user’s identity or self-concept 

(Hardcastle et al., 2025; Shumanov et al., 2022). These concerns are exacerbated by the 

“black box” nature of AI algorithms, which can create perceptions of manipulation and 

ethical ambiguity due to their lack of explainability (Toti & Steils, 2024). Resistance may 

also stem from algorithmic bias, identity misalignment, and repeated ad exposure, all of 

which reduce perceived autonomy and authenticity (Benlian et al., 2020; Van den Broeck 

et al., 2019). In this context, transparency emerges as a crucial moderator of perceived 

creepiness. By openly disclosing data practices, offering opt-in controls, and simplifying 

privacy policies, brands can mitigate consumer apprehension and foster trust (Li et al., 

2024). However, this must be done with caution, as revealing certain techniques, such as 

third-party data brokering, may ironically heighten discomfort or suspicion (Ghanbarpour 

et al., 2022). Thus, transparency should not be viewed merely as a regulatory obligation 

but as a consumer-centric strategy that reinforces autonomy, fairness, and ethical data use.  

In sum, perceived creepiness reflects a pivotal point where AI personalisation 

either fosters engagement or triggers resistance (AbouElgheit, 2024; Lee et al., 2024). Its 

presence underscores the need for ethically balanced, emotionally intelligent advertising 

design, where relevance is maximised without sacrificing consumer trust (Rodgers & 

Nguyen, 2022).  

H3: Perceived creepiness will (a) reduce brand engagement by decreasing click 

intention, like intention, comment intention, and share intention, but (b) increase 

ad avoidance.  

 

2.6. The Moderating Role of Business Experience in AI-Personalised 

Advertising 
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Although AI-generated advertising enables large-scale personalisation, consumer 

responses are far from uniform. One particularly relevant individual-level factor shaping 

these responses is business experience, a form of domain-specific knowledge that 

influences how consumers interpret, evaluate, and react to personalised advertising. 

Entrepreneurial and business-experienced individuals who frequently engage with digital 

marketing tools, data analytics, and customer segmentation strategies are more likely to 

understand the mechanisms underlying AI-generated content (Barbosa et al., 2024). This 

greater digital literacy equips them to detect personalisation cues more easily, especially 

when ads reflect behavioural targeting or strategic message tailoring. As a result, even 

when exposed to the same AI-generated content, business-savvy individuals may perceive 

the ads as more personalised than their less-experienced counterparts.  

This heightened perception of personalisation can be attributed to several 

psychological and strategic factors. First, these individuals are often early adopters of AI 

technologies, not only in their businesses but also in their personal digital ecosystems 

(Ford et al., 2023; Huh et al., 2023). Their familiarity with customer analytics, CRM 

systems, and algorithmic targeting increases cognitive fluency, making them more 

receptive to message customisation. Second, they tend to approach content from a goal-

oriented and analytical perspective, aligning advertising value with performance metrics 

such as relevance, return on investment (ROI), and engagement efficiency (Arbaiza et al., 

2024; Coffin, 2022). This means that when AI-generated content appears smart, data-

driven, or responsive, it may be interpreted as strategically sound and highly personalised. 

However, this greater fluency also brings more critical scrutiny. Individuals with business 

experience are more likely to assess the ethics and transparency of AI usage in advertising 

(Raji et al., 2024). If personalisation appears manipulative or lacks authenticity, they may 

respond with heightened scepticism. Thus, their perceptions are not just more attuned, but 

also more nuanced, balancing appreciation of AI’s efficiency with sensitivity to overreach 

or data misuse.  

From a theoretical standpoint, this suggests that business experience may 

moderate the relationship between ad type (AI vs. non-AI) and perceived personalisation. 

In turn, perceived personalisation has been shown to mediate the relationship between ad 

type and consumer outcomes such as engagement, relevance, and avoidance. Therefore, 

the indirect effect of ad type on outcomes, through perceived personalisation, may be 

stronger or weaker depending on the level of business experience. This moderated 

mediation model reflects the reality that personalised advertising does not function in a 
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cognitive vacuum; its effectiveness depends not only on the content itself but also on who 

is processing it. Business-experienced individuals, as a key psychographic segment, thus 

play a pivotal role in determining how personalised AI content is perceived and acted 

upon. 

H4:  Business experience moderates the indirect effect of ad type on consumer 

outcomes (engagement and ad avoidance) via perceived personalisation, such that 

the indirect effect is stronger among individuals with higher business experience. 

 

2.7. Conceptual Model 

This study proposes a conceptual framework integrating three key psychological 

mechanisms, perceived personalisation, perceived relevance, and perceived creepiness, 

to explain how consumers respond to AI-generated versus human-created advertising. 

Prior research suggests that while personalised ads can increase consumer engagement 

and positive brand attitudes, they may also provoke discomfort when the targeting appears 

overly intrusive (De Keyzer et al., 2024; Li et al., 2024). This dual effect, often referred 

to as the personalisation paradox, forms the theoretical foundation for this model. 

The framework includes four main hypotheses, illustrated in Figure 1. Together, 

they explore both the direct and indirect effects of AI-generated advertising on consumer 

outcomes. 

• H1 posits that AI-generated advertising, compared to human-created ads, will lead 

to differences in perceived personalisation, which in turn influences both 

relevance and creepiness. Specifically, perceived personalisation is expected to 

mediate the effects of ad type on these psychological responses, reflecting the 

ambivalent impact of personalised communication. 

• H2 proposes that perceived relevance will lead to (a) increased consumer 

engagement (e.g., clicks, likes, comments, shares) and (b) reduced ad avoidance, 

consistent with literature linking perceived relevance to attentional and 

behavioural outcomes. 

• H3 argues that perceived creepiness will result in (a) decreased engagement and 

(b) increased ad avoidance, reflecting consumer defence mechanisms when 

personalisation is perceived as unsettling or invasive. 
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• H4 introduces business experience as a moderating variable. Specifically, it 

predicts that individuals with greater business or marketing experience will be 

more likely to perceive AI-generated ads as personalised due to their familiarity 

with digital targeting strategies. Furthermore, business experience is expected to 

moderate the indirect effect of ad type on behavioural outcomes (engagement and 

avoidance) via perceived personalisation, consistent with a moderated mediation 

structure. 

This integrated model provides a basis for examining how consumers process and react 

to AI-generated advertising, depending not only on content features but also on individual 

experience and expectations (see Figure 1). It enables the empirical testing of both 

mediating pathways and moderating influences and highlights the trade-offs between 

innovation and emotional comfort in digital communication.  

 

Figure 1 Research Model 

 

2.8. Chapter Conclusion 

This chapter has examined the evolution of advertising, highlighting the shift from non-

AI approaches to highly dynamic, AI-powered systems characterised by automation, 

personalisation, and real-time optimisation. While AI-driven advertising offers 

unprecedented precision and operational efficiency, the literature underscores its dual 

nature, enhancing engagement and relevance on one hand, while risking intrusiveness, 

perceived manipulation, and trust erosion on the other. These tensions are encapsulated 

in the personalisation paradox, which reveals how the same mechanisms that increase ad 

effectiveness can also provoke consumer discomfort and avoidance. 
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The chapter further explored cognitive and affective consumer responses, drawing 

on the SNS-Post Processing Framework to explain how audiences process AI-generated 

versus human-crafted content on social media. Core constructs such as perceived 

personalisation, relevance, and creepiness emerged as central determinants of 

engagement, brand attitude, and ad avoidance. Additionally, the review highlighted the 

privacy-calculus theory as a useful framework for understanding how consumers balance 

perceived benefits against privacy risks, particularly in AI-mediated advertising 

environments.  

Importantly, the chapter recognised that consumer responses are not uniform but 

are moderated by demographic and psychographic factors, notably entrepreneurial 

experience, which influences perceptions of authenticity, utility, and ethical design. By 

synthesising these insights, this literature review identifies critical gaps in empirical 

research, particularly regarding the long-term effects of AI-driven advertising on trust and 

brand loyalty, while laying a robust theoretical foundation for this study’s conceptual 

model and hypotheses. This model, introduced at the end of this chapter, integrates the 

identified constructs and moderating variables to guide the empirical investigation that 

follows. Building on this foundation, Chapter 3 details the research design and 

methodology, explaining how these constructs are operationalised and measured. It 

discusses the experimental design, participant selection, data collection process, and 

statistical techniques used to empirically examine the relationships proposed in the 

conceptual model. 
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Chapter 3: Research Design and Methodology 

3.1. Introduction 

With a focus on perceived personalization, relevance, and creepiness as mediators 

influencing brand engagement and ad avoidance, this chapter describes the research 

design and methodological procedures used to investigate differences in consumer 

responses to AI-generated versus human-created social media advertisements. Using a 

between-subjects experimental design and an online Qualtrics survey, the study takes a 

quantitative, causal-explanatory method, grounded in a post-positivist paradigm with 

objectivist ontology and positivist epistemology. Using Amazon Mechanical Turk, 

participants were chosen at random from three ad conditions according to their experience 

or interest in entrepreneurship. After analysing the data using SPSS for factor, reliability, 

and descriptive analysis, SmartPLS 4.1's Partial Least Squares Structural Equation 

Modelling (PLS-SEM) was used to evaluate the constructs' psychometric validity, test 

direct and indirect path effects, and investigate moderating factors like business 

experience. To ensure a thorough and morally sound investigation of how ad format and 

personalization affect digital consumer behaviour, the chapter is organized to explain the 

philosophical foundations of the study, justify the methodological decisions, describe the 

experimental and sampling procedures, describe the measurement tools, and outline the 

ethical safeguards put in place. 

 

3.2. Research Paradigm 

The framework that directs researchers as they plan and build a research endeavour is 

known as the research paradigm (Gray, 2018). Determining a suitable research paradigm 

is crucial because it will direct the study's activities, including conceptualizing and 

planning the study, creating a plan for gathering data, and analysing and interpreting the 

data to support or refute the suggested theories, all of which are necessary to produce the 

intended research results (Levers, 2013). 

Ontology, epistemology, and paradigm are the proper terms to use when 

developing a research project. Understanding the nature of reality, or simply "what is 

reality," is the focus of ontology; understanding "what is acceptable knowledge" is the 

goal of epistemology; and knowing "what approach to use to get knowledge" is the focus 
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of paradigm (Gray, 2018; Wilson, 2010). Exploring the effects of AI use on online social 

media advertising in promoting a business is the main goal of the research topic for this 

study. Therefore, addressing this topic is the main goal of the study's ontology, 

epistemology, paradigm, and methodology decisions. In the lines that follow, each of 

these options will be discussed in more detail.  

Since the goal of the study was to identify the causal structures and quantifiable 

relationships that underpin consumer reactions to AI-generated advertising, the study first 

adopts an objectivist ontology in line with the larger tradition of realism (Creswell, 2018). 

According to Levers (2013), this position makes the assumption that reality, including 

concepts like perceived creepiness, relevance, or behavioural engagement, exists apart 

from personal ideas and values. The realist presumption that information on the efficacy 

of advertising may be objectively researched and generalized was supported by the 

operationalization of these latent constructs through verified survey items and 

quantitative analysis modelling. Therefore, the observed events are positioned as 

discoverable truths about the digital advertising environment by the research design. 

Second, the epistemological method is based on positivist empiricism, which uses 

rigorous measurement and hypothesis testing to find objective information about 

customer behaviour (Gray, 2018). By using well-known measuring scales and statistical 

methods like SmartPLS for path modelling and SPSS for validation, this work seeks to 

reduce researcher bias in accordance with an objectivist epistemology. According to this 

perspective, truths can be discovered through scientific research since reality exists apart 

from human consciousness (Levers, 2013). The study supports the idea that reliable 

insights come from systematic, repeatable data collection and analysis since customer 

responses to AI advertising can be measured using behavioural intention metrics (such as 

clicks, comments, likes, and shares). 

Third, the post-positivist paradigm, which is especially suitable for behavioural 

and advertising research containing intricate psychological concepts, is where this study 

is situated. The post-positivist paradigm acknowledges that knowledge is imperfect, 

probabilistic, and influenced by contextual circumstances, in contrast to rigorous 

positivism, which holds that there is perfect objectivity and ultimate truth (Creswell, 

2018). The study noted that not all associations were significant and that consumer 

responses may differ depending on segment characteristics like company experience, 

even as it worked to statistically validate theories about AI influence, creepiness, 
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relevance, and personalisation. This is consistent with post-positivism's view that reality 

can only ever be roughly represented (Levers, 2013). The findings thus complement the 

paradigm's emphasis on evidence, falsifiability, and structured inquiry because they are 

evidence-based generalisations rather than universal laws (Gray, 2018). Additionally, the 

study advances our knowledge of how consumers interpret and process AI-driven 

advertisements, which is consistent with post-positivism's goal of employing solid 

empirical evidence to explain human behaviour (Kankam, 2019). 

 

3.3 Research Methodology 

A study's organisation and execution are guided by the research methodology, which 

includes the research approach, data gathering techniques, and data analysis procedures 

(Creswell, 2018). To comprehensively investigate how consumers react to AI-generated 

advertising along dimensions such as perceived personalisation, perceived relevance, and 

perceived creepiness, a quantitative research approach was used in this study. The 

objective was to assess the impact of AI advertising on a range of behavioural and 

attitudinal outcomes, such as ad avoidance and engagement metrics (click, like, comment, 

share), and to test hypothesised relationships empirically. 

The goal of quantitative research is to measure and explain relationships between 

variables objectively. By using validated tools and statistical methodologies, it minimises 

researcher bias and adheres to systematic, repeatable procedures (Mertler & Charles, 

2005). This method worked well for the current study since it made it easier to evaluate 

causal hypotheses, allowed for moderation and mediation analysis, and made it possible 

to extrapolate results outside of the sample. Researchers can evaluate patterns and verify 

theoretical predictions in a thorough and transparent way by using quantitative 

approaches, which convert responses into numerical values and use statistical models 

(Creswell, 2018). 

Participants (who were recruited using MTurk) were randomly exposed to either 

AI-generated or non-AI-generated social media adverts as part of the study's experimental 

survey design housed on Qualtrics. The survey used Likert-scale tools that have been 

validated in the literature to measure a variety of consumer perceptions and behavioural 

intentions. This architecture made it possible to assess the measurement and structural 

models using regression-based modelling with SPSS and SmartPLS, as well as between-
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group comparisons. Multi-item scales with proven validity and reliability were used to 

operationalise key constructs. 

In line with best standards in quantitative research, the study adopted structured 

sampling processes to recruit a varied sample of persons aged 18 and above and collected 

data anonymously to ensure ethical integrity. Reliability testing (Cronbach's alpha and 

Composite Reliability), convergent and discriminant validity (via AVE and correlation 

matrices), descriptive statistics, and hypothesis testing utilising path modelling 

approaches were among the steps in the data analysis process (Edmonds & Kennedy, 

2013; Wilson, 2010). 

All things considered, a quantitative approach was in line with the goals of the 

study, allowing for the use of statistical analysis based on hypotheses to investigate how 

AI-driven personalisation and perceived relevance affect user engagement while taking 

into consideration factors like ad avoidance and business experience. The conclusions are 

supported by the method's inherent objectivity and replicability, which also enable 

possible generalisation to larger online customer populations. 

 

3.4 Sampling and Data Collection 

The purpose of this study was to test the validity of the conceptual model. To streamline 

the research process, the questionnaire was developed using Qualtrics, a web-based 

survey platform, and distributed via Amazon Mechanical Turk (MTurk), a crowdsourcing 

website. MTurk is widely recognised as an effective tool for collecting consumer insights, 

enabling rapid access to a large and diverse sample (Daly & Nataraajan, 2015; Keith et 

al., 2017). The use of MTurk ensured an anonymous and randomised sample, as 

participants did not reveal any identifying information. Each participant received US$2 

as compensation for completing the survey and was informed that participation would 

take approximately 10 to 15 minutes. Data collection was conducted in a single wave, 

between July 7 and July 8, 2025. 

Eligible respondents included individuals aged 18 and over, residing in the United 

States, who either had business experience or aspired to gain it. A screening question was 

included at the start of the survey to ensure alignment with the target sample: “Which of 

the following best characterises your current business experience?” Participants who 
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selected “I am not interested in starting a business” were directed to the end of the survey 

and excluded from further participation. Those who selected either “I am interested in 

starting a business but have not yet started” or “I am currently running or managing my 

own business” were permitted to proceed (Table 1). Participants under 18 were 

automatically screened out. 

Additionally, a quota was established on Qualtrics to obtain a total of 150 valid 

responses, ensuring a balanced sample across the experimental conditions (AI-generated 

vs. human-created ads, and experienced vs. aspiring business participants). Fifty 

participants (both experienced and aspiring business participants) were exposed to an 

online course advertisement created by a human, fifty aspiring business participants 

viewed an online course ad generated by AI (ChatGPT), and fifty experienced business 

participants viewed an online course ad generated by AI (ChatGPT) (Appendix D). The 

AI-generated ads were tailored based on the participants' level of business experience. 

This study's experimental modification was restricted to text-based advertisement 

content; the stimuli did not contain any dynamic or visual components. This method was 

selected to keep control over unrelated variables while isolating the impact of the message 

source (AI-generated vs. human-created). There was no missing data in the final dataset, 

as all survey items were set as mandatory within the Qualtrics platform. 

Several screening and quality-control methods were used to guarantee the validity 

and quality of the data. Initially, a screening question at the beginning of the survey 

confirmed that participants were either aspiring or seasoned business owners and that they 

were at least 18 years old. Participants who did not fit these requirements were 

immediately disqualified from the study. To detect inattentive respondents, the survey 

also included attention-check items. Participants who failed these tests were eliminated 

from the dataset. By keeping an eye on MTurk Worker IDs, duplicate entries were 

avoided, and responses that showed indicators of poor engagement, like irregular 

response patterns or unreasonably quick completion times, were eliminated. When 

combined, these processes made sure that only dependable, high-quality answers were 

kept for examination. 
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Table 1. Participant Profile 

Profile Statement 

Aspiring Entrepreneur I am interested in starting a business. 

Experienced 
Entrepreneur 

I am currently running or managing my own business. 

Note. "Aspiring entrepreneurs" are actively planning or getting ready to start an online business, whereas 

"experienced entrepreneurs" are people who currently run an online business (such as e-commerce, 

consulting, or digital products).  

Participants were invited to complete an online questionnaire designed to assess 

their perceptions and behavioural responses to AI-generated versus non-AI-generated 

Facebook advertisements. The survey included items measuring perceived 

personalisation, perceived relevance, perceived creepiness, ad avoidance, and 

engagement behaviours, alongside demographic variables such as age, gender, and 

business experience. All items were adapted from previously validated instruments to 

align with the context of the present experimental study (see Table 2). Participants rated 

their responses on a 7-point Likert scale ranging from 1 – “Strongly Disagree” to 7 – 

“Strongly Agree,” or on a semantic differential scale where appropriate. 
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Table 2. Item Measurements 

Constructs and Items 

Perceived Personalisation (adapted from De Keyzer, Dens, et al. (2022)) 

A.1 I believe this ad is customised to my characteristics 

Perceived Relevance (adapted from De Keyzer, Dens, et al. (2022)) 

B.1 For me, this Facebook advertisement by LIM is not important/important 

B.2 For me, this Facebook advertisement by LIM is not relevant/relevant 

B.3 For me, this Facebook advertisement by LIM is meaningless/meaningful 

Perceived Creepiness (adapted from De Keyzer, Van Noort, et al. (2022)) 

C.1 To what extent do you think the advertisement by LIM was creepy 

C.2 To what extent do you think the advertisement by LIM was disturbing 

C.3 To what extent do you think the advertisement by LIM was worrying 

Ad Avoidance (adapted from De Keyzer, Van Noort, et al. (2022)) 

D.1 I want to resist the advertisement 

D.2 I want to dismiss the content of the advertisement 

D.3 I want to avoid this kind of advertisement 

Engagement (adapted from Buzeta et al. (2024)) 

E.1 I would click the advertisement to obtain more information 

E.2 I would click like this Facebook advertisement 

E3. I would share this Facebook advertisement 

E4. I would comment on this Facebook advertisement 

 

To measure perceived personalisation, one item was adapted from De Keyzer, 

Dens, et al. (2022): “I believe this ad is customised to my characteristics.” This item 

captured participants’ perception of whether the ad content was tailored to them 

personally. Perceived relevance was assessed using a 3-item semantic differential scale, 

also adapted from De Keyzer, Dens, et al. (2022). Participants were asked to rate the 

advertisement on dimensions such as importance, relevance, and meaning, e.g., “For me, 

this Facebook advertisement by LIM is meaningless/meaningful.” To evaluate perceived 

creepiness, a 3-item scale adapted from (De Keyzer, Van Noort, et al., 2022) was used. 

Participants rated the ad on how creepy, disturbing, and worrying they found it (e.g., “To 

what extent do you think the advertisement by LIM was creepy?”). Ad avoidance was 

assessed with three items adapted from (De Keyzer, Van Noort, et al., 2022), such as “I 

want to avoid this kind of advertisement” and “I want to resist the advertisement,” 

measuring psychological and behavioural intent to disengage from the ad. To capture 
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engagement behaviours, four items adapted from Buzeta et al. (2024) asked participants 

how likely they were to engage with the advertisement by clicking, liking, sharing, or 

commenting (e.g., “I would click the advertisement to obtain more information”). 

 

3.5. Data Analysis 

IBM SPSS Statistics Software (Version 30) and SmartPLS 4.1 were used to analyse the 

legitimate data collected from research participants. Using SPSS, preliminary results were 

obtained through reliability analysis, confirmatory factor analysis, and initial descriptive 

analysis to collect demographic characteristics of the sample. The associations between 

the variables in the study were then tested using structural mediation modelling with 

SmartPLS.  

3.5.1 Data preparation by SPSS 

Following the collection of research participant data, the data was downloaded in a table-

structured manner from Qualtrics, containing numerical values for each response. Before 

the file was uploaded into IBM SPSS Statistics Software, the data was cleansed. The data 

was cleaned by ensuring correct age and codes were formatted, as well as removing all 

blank data rows, ensuring no missing data. Every scale item from the survey was labelled 

and coded in SPSS. To ascertain the sample's characteristics, a basic demographic 

analysis was first conducted for each profile group. The mean values and standard 

deviations of every survey item were then summarised using an initial descriptive 

analysis. Descriptive statistics, as noted by Gavin (2008), offer a useful synopsis that 

makes it possible to compare population subgroups and constructs of interest. 

The current study adhered to the guidelines provided by Hair Jr et al. (2014), which 

recommends a two-step measurement-model analysis to guarantee that all constructs were 

measured correctly. This analysis consists of evaluating the reliability of all measures by 

looking at their Cronbach's alpha values and testing the validity of all measures using 

confirmatory factor analysis (CFA). The internal consistency of each scale item was first 

confirmed by testing each construct using confirmatory factor analysis (CFA) (Hancock 

& Mueller, 2001). In order to ascertain whether the model fits the current study conditions 

well, CFA analyses the link between latent variables, often referred to as the constructs, 

and the measurements or observed variables (Roos & Bauldry, 2022). Therefore, it is 

essential to assess the factor loadings derived from the CFA analysis to comprehend the 
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relationship between each observed variable and the latent variable. Low factor loadings 

suggest that the observed variable is not an effective way to measure a latent variable, 

whereas higher loadings show that the observed variable has a large influence on the 

hidden variable (Roos & Bauldry, 2022). For a value to be considered consistent, it must 

be more than 0.50 (Hancock & Mueller, 2001). 

To ascertain whether each scale might be regarded as a valid measure for the study, 

reliability analysis was used in the following phase (Pallant, 2010). To put it simply, the 

research tool needs to be dependable so that the outcomes of a repeat experiment 

conducted under the same circumstances should be reasonably comparable to those of the 

initial test (Field, 2018). Cronbach's alpha is the most often used measure of the scale's 

internal consistency (Pallant, 2010). For a scale to be considered reliable and its items 

consistent, its Cronbach's alpha coefficient should ideally be at least 0.70 (Hair, 2010). 

Hinton (2004) state that "high reliability" is defined as values between 0.70 and 0.90, 

while "excellent reliability" is defined as values 0.90 and higher.  

3.5.2 Model testing by using SmartPLS. 

Using the SmartPLS 4.1 software, Partial Least Squares Structural Equation Modelling 

(PLS-SEM) was used to examine the survey data. Because of its ability to analyse 

complex research models with mediating and moderating variables, PLS-SEM was 

chosen. This is especially true for studies with non-normal data distributions, smaller 

sample sizes (between 100 and 200), and predictive goals (Chin, 1998; Haenlein & 

Kaplan, 2004; Hoyle, 1995). This approach made it possible to evaluate the hypotheses 

that were put forth, assess the constructs' psychometric qualities, and investigate the direct 

and indirect connections between the structural model's latent variables. 

The final cleaned dataset from the structured online experiment was imported into 

a new SmartPLS 4.1 project to start the data analysis. Perceived personalization, 

perceived relevance, perceived creepiness, ad avoidance, and engagement (click, like, 

comment, share) are examples of latent constructs that were added to the structural model 

based on the conceptual framework previously described in this thesis. These constructs 

were then connected based on the hypothesized relationships. In accordance with Hair et 

al. (2011), the PLS-SEM path modelling approach was used to compute t-statistics and 

p-values for hypothesis testing utilizing the path weighting scheme with 5,000 bootstrap 

samples and a significance level of 0.05. Variance Inflation Factor (VIF) values were 

analysed in SmartPLS to evaluate multicollinearity among the predictor variables. All the 
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VIF values were below the widely recognized cutoff point of five, suggesting that the 

predictor variables each made a distinct contribution to the explanation of variance in the 

endogenous constructs and that multicollinearity was not an issue in the measurement or 

structural models. 

T-statistics are used in this study to determine whether the route coefficients 

deviate considerably from zero; values greater than ±1.96 are considered statistically 

significant at the 95% confidence level (Field, 2018). Accordingly, p-values indicate the 

likelihood that the observed outcomes were the result of chance; statistically significant 

effects are indicated by values less than 0.05 (Field, 2018). 

Several validation tests were carried out to assess the measurement model. First, 

the validity of the constructs was confirmed using Confirmatory Factor Analysis (CFA). 

Item dependability was indicated by factor loadings greater than 0.70 (Hair, 2010). 

Convergent validity was evaluated using Average Variance Extracted (AVE); values 

greater than 0.50 suggest that the construct explains a greater proportion of variance than 

measurement error (Bagozzi & Yi, 1988). The Fornell-Larcker criterion, which compares 

the square root of each concept's AVE with its inter-construct correlations to verify that 

each construct is empirically unique, was used to assess discriminant validity (Chin, 1998; 

Fornell & Larcker, 1981). Additionally, Cronbach's alpha and Composite Reliability (CR) 

were calculated to determine internal consistency reliability, and both values exceeded 

the 0.70 criterion (Fornell & Larcker, 1981; Hair, 2010). Because all item loadings 

surpassed 0.70 and the measure showed adequate convergent validity, the Perceived 

Relevance construct was kept even though its Cronbach's alpha was marginally below the 

traditional 0.70 standard. However, this moderate reliability implies that future study on 

the scale might benefit from improvement or retesting. Lastly, these variables were 

included as control variables in the structural model to account for potential variance 

attributable to individual characteristics. This was done because previous research has 

demonstrated the impact of demographic factors, such as gender, age, and business 

experience, on consumer responses to advertising (Davvetas et al., 2022; Lavuri et al., 

2022). 

To minimize respondent burden and preserve a brief survey, the study used a 

single-item measure for the engagement construct (click, like, comment, share). Although 

reliability assessment may be limited by single-item measures, its application is 

appropriate for specific and easily comprehensible behavioural phenomena. This trade-
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off is recognized, and multi-item engagement measures could be useful in future research 

to improve measurement accuracy and dependability. 

To determine if business experience mitigated the impact of ad type on perceived 

personalization, the moderated mediation hypothesis (H4) necessitated the development 

of an interaction term between ad type and company experience. The two-stage method 

used in SmartPLS to generate this interaction term involved first estimating the latent 

variable scores and then multiplying them to create the interaction construct. Indirect 

effects flowed through perceived relevance, perceived creepiness, engagement, and ad 

avoidance. The moderation was examined on the pathway from ad type to perceived 

personalization. The modelling process adhered to suggested PLS-SEM procedures and 

enabled reliable estimation of the conditional associations even though the interaction 

effect was not statistically significant. 

The study satisfied the suggested minimal criteria for identifying small-to-

moderate interaction effects in PLS-SEM due to the total sample size of 150 participants. 

The sample size was adequate for estimating interaction terms using the two-stage 

approach and offers an acceptable foundation for evaluating the non-significant 

moderation impact shown in this study, even though moderation usually requires larger 

samples than mediation. 

The journey from ad type to perceived personalization is where the moderating 

effect enters the structural model. To determine whether seasoned business owners see 

AI-generated versus human-created advertisements differently from aspiring business 

owners, business experience was modelled as a moderator on this relationship. Through 

the mediators of perceived personalization, perceived relevance, and perceived 

creepiness, this regulated pathway then indirectly affects the downstream outcomes of 

engagement and ad avoidance. It is easier to differentiate the moderated mediation 

structure from the direct mediation effects examined in previous hypotheses when this 

position in the model is made clear. 

 

3.6. Ethical Considerations 

According to Creswell and Creswell (2017), ethical issues are crucial for any kind of 

research involving human subjects. This study complies with the ethical guidelines set 
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forth by the Auckland University of Technology Ethics Committee (AUTEC) and is 

consistent with the more general social science research values of respect, integrity, and 

participant protection. Care has been taken to ensure informed permission, protect data 

security, and preserve anonymity because the study involves human participants 

answering simulated ads in an online survey environment. 

The study's design places a high priority on confidentiality and anonymity. 

Amazon Mechanical Turk (MTurk) is used to gather all participant responses 

anonymously; no personally identifiable information (PII) is ever recorded. Only 

randomly allocated MTurk Worker IDs are used to identify participants; these IDs are not 

connected to survey answers at the time of data collection or analysis. All information 

will be safely kept on AUT's OneDrive platform, which is password-protected and only 

the supervisory team and researcher can access it, to preserve confidentiality. The dataset 

will be kept for six years before being irreversibly erased using safe data disposal 

techniques in accordance with AUTEC's data retention policy. 

The MTurk survey interface has an electronic procedure for obtaining informed 

consent. Prior to starting the survey, participants get an information sheet explaining the 

type of the commercial content they will be exposed to, the research's goal, the estimated 

time needed, and how their data will be handled. The entire poll is only accessible to those 

who check a consent box, indicating their voluntary agreement to participate. To reinforce 

autonomy and voluntary involvement, participants are also made aware of their right to 

resign from the study at any time before final submission without incurring penalties. 

Participants receive fair compensation in accordance with MTurk norms and 

ethical criteria for participating in online research to guarantee ethical compensation. To 

assure fair participation free from compulsion, each respondent is paid USD $2 for their 

time, which corresponds to the study's expected 10-minute duration. 

The study design also considers psychological safety and participant well-being. 

There is nothing sensitive, gory, or upsetting in the marketing stimuli, which are typical 

of social media content. Since the study is deemed low-risk, no additional intervention or 

follow-up assistance is required. The survey does, however, end with a debriefing 

message that thanks participants for their participation and explains the study's academic 

goal. 
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Lastly, by guaranteeing inclusive methods, fair treatment of all participants, and 

open communication throughout the research process, this study upholds the Treaty of 

Waitangi's tenets of partnership, protection, and participation. The study is culturally 

sensitive and does not particularly target Māori or other ethnic groups, but it is designed 

to avoid any practices or content that could be seen as disrespectful or exclusionary. By 

taking these precautions, the study upholds the highest ethical standards and guarantees 

that each participant is treated fairly, with respect, and with dignity at every stage of the 

research process. 

 

3.7. Chapter Conclusion 

The research methodology used to examine how consumers react to social media ads 

produced by AI as opposed to humans is described in this chapter. Using a quantitative, 

causal-explanatory methodology, the study employs a post-positivist paradigm based on 

positivist epistemology and objectivist ontology to investigate how ad type affects 

perceived personalization, perceived relevance, and perceived creepiness, mediators that 

affect brand engagement, and ad avoidance. An online Qualtrics survey was used to 

establish a between-subjects experimental design, and Amazon Mechanical Turk was 

used to recruit participants. Participants filled out validated Likert-scale measures after 

being randomly assigned to one of three ad conditions. Partial Least Squares Structural 

Equation Modelling (PLS-SEM) in SmartPLS 4.1 was used to assess the hypothesised 

paths, mediators, moderators (perceived personalisation), and outcome variables after the 

data had been analysed using SPSS for preliminary reliability and CFA. Strict adherence 

to ethical standards was maintained, including informed permission, data anonymization, 

safe storage, AUTEC approval, and equitable participant pay. Validity, dependability, and 

the possibility of extrapolating results to larger digital consumer contexts are all 

guaranteed by the methodology. Chapter 4 reports the outcomes of the statistical tests, 

including reliability and validity assessments, descriptive statistics, and hypothesis 

testing. This chapter links directly back to the research questions, providing quantitative 

evidence that addresses the theoretical and empirical gaps identified in Chapter 2. 
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Chapter 4: Findings 

4.1. Introduction 

The findings of the statistical analysis are presented here to test the previously suggested 

hypotheses. The impact of AI on online social media ads for business promotion was 

examined using SPSS Version 30 and SmartPLS 4.0 statistical software, with perceived 

personalisation serving as a mediating variable. 

 

4.2. Sample 

In total, 150 people completed the questionnaire; the participants who are interested in 

starting a business but have not yet started (n = 67) and the participants who are currently 

running or managing their own business (n = 83). Table 3 displays the sample's 

demographic characteristics. 

Table 3. Respondent's Profile 

Demographics Frequency (n=150) % 

Gender   

Male 48 32 

Female 102 68 

Business Experience   

Interested in starting a business but 
have not yet started 

67 44.7 

Currently running or managing my 
own business 

83 55.3 

Note. Age was collected as a continuous variable. Participants ranged from 24 to 60 years old (M = 34.19, 

SD = 7.45) 

Table 3 indicates that the ages of the participants ranged from 24 to 60 years (M 

= 34.19, SD = 7.45). 68% (n = 102) of the 150 respondents identified as female, and 32 

percent (n = 48) as male. 44.7% (n = 67) of respondents said they were interested in 

starting a business but had not yet done so, while 55.3% (n = 83) said they were actively 

managing or operating their own company. 
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Despite having both male and female participants, there was a clear gender 

disparity in the sample, with a greater percentage of female respondents. Online survey 

platforms like MTurk, where female participation rates are often greater, frequently 

exhibit this discrepancy. Gender was incorporated as a control variable in the structural 

model to take into consideration any impact of gender on the major constructs. The 

findings showed that the associations between ad type, perceived personalization, 

perceived relevance, perceived creepiness, engagement, and ad avoidance were not 

significantly impacted by gender. As a result, even when the imbalance is recognized, the 

validity of the results does not seem to be compromised. 

 

4.3. Data Examination 

SPSS Version 30 and SmartPLS 4.0 statistical software were utilised to accomplish the 

study's goals and test the hypotheses that were put forth. Descriptive analysis was 

performed using SPSS to provide a preliminary analysis of the data and determine the 

sample's demographic characteristics. Additionally, the data set was tested using 

reliability analysis and confirmatory factor analysis. Confirmatory factor analysis was 

used with SmartPLS to demonstrate the validity of each construct, and Cronbach's alpha 

and composite reliability (CR) indices were used to assess the constructs' reliability. The 

research hypotheses were then tested using structural equation modelling. The next 

sections provide more information on the procedures followed to perform the data 

examination. 

4.3.1 Missing data 

The data set was moved to SPSS for preliminary cleaning and descriptive analysis when 

the experiment's Qualtrics quota was reached. To ensure that there was no missing data 

for the analysis of the measurement variables, it is crucial to remember that each item on 

Qualtrics was made mandatory for research participants to complete before they could 

proceed with the survey. As a result, the data set was suitable for further study.  

4.3.2 Initial analysis on SPSS 

To comprehend the overall construction of the nine questions, SPSS was used to evaluate 

confirmatory factor analysis (CFA). The purpose of this phase was to verify that every 

item was loaded into the appropriate structures. On SmartPLS, a more thorough analysis 



55 
 

was conducted based on each condition. Ad avoidance, perceived creepiness, and 

perceived relevancy were the three initial constructs. Given that their factor loadings were 

more than 0.50, the results demonstrated that the items were loaded in their own 

constructions (Table 4). According to Hair (2010), this indicates that the items met the 

acceptable convergent validity threshold. The internal consistency of the measures was 

then evaluated for each construct using Cronbach's alpha coefficients. Hair (2010) state 

that to demonstrate that a concept has a satisfactory degree of internal consistency, the 

coefficient needs to be more than 0.70. The analysis's findings, including factor loadings, 

mean values, standard deviations, and Cronbach's α for every item, are displayed in Table 

4.  

The first construct related to an individual’s perceived relevance in assessing if a 

social media advertisement is relevant, important, and meaningful (De Keyzer, Dens, et 

al., 2022). Factor loading of each item was 0.821, 0.727, and 0.814, with Cronbach’s α of 

0.688. This construct’s Cronbach’s α result is marginally below 0.7 and is kept in as a 

“grey area” for further testing on SmartPLS. The second construct is related to perceived 

creepiness and, in particular, to the extent that an individual thinks an advertisement is 

creepy, worrying, and disturbing (De Keyzer, Van Noort, et al., 2022). Factor loading of 

each item was 0.897, 0.940, and 0.929, with Cronbach’s α of 0.911. The third construct 

is related to an individual's urge to resist, dismiss, and avoid a particular advertisement, 

i.e., ad avoidance (De Keyzer, Van Noort, et al., 2022). Factor loading of each item was 

0.904, 0.918, and 0.928, with Cronbach’s α of 0.905.  
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Table 4. Factor loading and Cronbach's alpha. 

Constructs and items Factor loadings Mean Standard 
Deviation 

Cronbach’s 
alpha (α) 

Perceived Relevance     

Relevance 1 0.821 0.607 0.956 

0.688 Relevance 2 0.727 0.595 1.070 

Relevance 3 0.814 0.611 0.909 

Perceived Creepiness     

Creepiness 1 0.897 4.66 1.609 

0.911 Creepiness 2 0.940 4.82 1.858 

Creepiness 3 0.929 4.92 1.808 

Ad Avoidance     

Avoidance 1 0.904 5.01 1.591 

0.905 Avoidance 2 0.918 4.97 1.665 

Avoidance 3 0.928 5.10 1.621 

 

4.3.3 Conceptual model testing on SmartPLS 

The theoretical concept was then tested using the SmartPLS structural mediation model. 

This strategy was used because it is a good approach for predicting correlations between 

latent variables, and furthermore, it determines how well the model describes the 

constructs of interest (Hair, 2010). The SmartPLS 4.1.1.3 software was used to do the 

analysis. Three steps are suggested for testing the conceptual model: First, to make sure 

that every construct was measured correctly, validity and reliability assessments were 

performed. Second, to confirm discriminant validity across all constructs, correlation 

analysis was performed. Third, the suggested hypotheses were tested using bootstrapping 

and structural path analysis to assess significance.  

First, reliability and validity evaluations were used to evaluate the quality of the 

data. Convergent factor validity of the conceptual framework was tested for reliability 

using confirmatory factor analysis (CFA) on the entire collection of constructs. By 

determining whether the average variances extracted (AVE) values were more than 0.50, 

the convergent validity of the conceptions was evaluated (Hair, 2010). In terms of validity, 

each construct's reliability was examined by looking at its composite reliability (CR) 

values, which need to be higher than the 0.70 threshold (Hair Jr et al., 2014). Cronbach's 

alpha (α), which must be greater than 0.70, was used to evaluate the constructs' internal 
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consistency and dependability (Hair, 2010). Each condition's data was examined 

independently. Table 5 represents the reliability, validity and internal consistency results. 

The majority of the Cronbach's α values for the different constructs (see Table 5) 

were higher than the minimum value of 0.70 (Ad Avoidance = 0.905; Perceived 

Creepiness = 0.912). Perceived Relevance (α = 0.694) was the only construct that 

marginally failed to satisfy the 0.70 criteria due to its low Cronbach's α. But for several 

reasons, the contents were kept. Some believe that 0.50 is a suitable threshold when 

constructs have fewer than ten items on the scale, even if this construct is marginally 

below the loading of 0.70 that Hair Jr et al. (2014) recommend (Pallant, 2010). This claim 

is supported by Hinton (2004), who remark that an alpha score of 0.50 to 0.70 is widely 

recognised as indicating moderate dependability.  

All variables (Ad Avoidance = 0.940; Perceived Creepiness = 0.945, and 

Perceived Relevance = 0.831) are above the 0.50 criterion for composite reliability 

results. Lastly, the average variance extracted (AVE) scores for all variables (Ad 

Avoidance = 0.840, Perceived Creepiness = 0.851, and Perceived Relevance = 0.621) 

were higher than the suggested value of 0.50. Except for the perceived relevance measure, 

which has a Cronbach's α value slightly below 0.70, the results show sufficient reliability 

and convergent validity for the constructs employed overall. 

Table 5. Reliability, validity, and internal consistency 

Factors Cronbach’s alpha 
(α) 

Composite 
reliability (CR) 

Average variance 
extracted (AVE) 

Ad Avoidance 0.905 0.940 0.840 

Perceived 
Creepiness 

0.912 0.945 0.851 

Perceived Relevance 0.694 0.831 0.621 

 

Second, the model was tested using correlation analysis to confirm discriminant 

validity among all the constructs in the conceptual framework, following an examination 

of the findings of the validity and reliability analyses in the previous section. The square 

root of the constructs' AVE must be greater than the correlation values to demonstrate 

discriminant validity. The correlation matrix for the different constructs is displayed in 

Table 6. 
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To make sure that each concept in the model was sufficiently different from the 

others, discriminant validity was evaluated using the Fornell–Larcker criterion. This 

criterion states that each construct's square root of the average variance extracted (√AVE) 

must be greater than its highest correlation with any other construct (Fornell & Larcker, 

1981). Cronbach's alpha, composite reliability (CR), and AVE thresholds were used in the 

previous section to demonstrate appropriate reliability and convergent validity before this 

test was carried out. 

Every construct exhibited satisfactory discriminant validity, as seen in Table 6. 

Perceived creepiness, for example, showed the highest association (r = 0.811); 

nevertheless, this value was still below the √AVE values (√AVE_Creepiness = 0.922). 

Other construct pairs that stayed below the √AVE values of the related constructs were 

Perceived Personalisation and Like (r = 0.366), Relevance and Click (r = 0.576), and Like 

and Comment (r = 0.435). These findings support discriminant validity across the 

measurement model by confirming that no construct shares more variation with another 

construct than it does with its own indicators. This gives assurance that the model's 

constructs are conceptually unique and suitably quantified. 
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Table 6. Measurement Model Correlation Matrix 

 AI 

Ad 

Avoidance 

Business 

Experience Click Comment Like 

Perceived 

Creepiness 

Perceived 

Personalisation 

Perceived 

Relevance Share 

Business 

Experience 

x AI 

AI 1.0          
 

Ad Avoidance 0.212 1.0         
 

Business 

Experience -0.119 0.074 1.0        

 

Click -0.072 0.037 0.009 1.0       
 

Comment 0.024 0.217 -0.032 0.381 1.0      
 

Like -0.007 0.170 0.018 0.353 0.435 1.0      

Perceived 

Creepiness 0.181 0.811 0.061 -0.003 0.205 0.200 1.0    

 

Perceived 

Personalisation -0.052 0.192 0.016 0.360 0.435 0.366 0.239 1.0   

 

Perceived 

Relevance -0.131 -0.043 0.022 0.576 0.444 0.364 -0.059 0.456 1.0  

 

Share -0.024 0.297 0.176 0.461 0.494 0.481 0.323 0.418 0.441 1.0  

Business 

Experience x AI 0.515 0.139 0.635 0.044 0.052 0.075 0.112 -0.024 -0.017 0.150 

 

1.0 
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Thirdly, structural mediation modelling was used to assess the study hypotheses 

following validation of the overall model fit. The structural impacts derived from the 

SmartPLS model are shown in Table 7. 

According to the results shown in Table 7, AI-generated advertising had a 

negative but marginally significant impact on perceived relevance (β = -0.226, t = 1.665, 

p = 0.096). In contrast, AI-generated ads significantly increased perceived creepiness (β 

= 0.408, t = 2.343, p = 0.019). However, AI advertising did not significantly influence 

perceived personalisation (β = -0.085, t = 0.341, p = 0.733), resulting in the rejection of 

H1a. Still, perceived personalisation strongly and significantly influenced both perceived 

creepiness (β = 0.249, t = 3.228, p = 0.001) and perceived relevance (β = 0.450, t = 4.913, 

p = 0.000), supporting H1b-H1c. 

Business experience had no significant effect on perceived personalisation (β = 

0.046, t = 0.174, p = 0.862), nor did the interaction between business experience and AI 

advertising (β = -0.038, t = 0.115, p = 0.909), resulting in the rejection of H4 (and its 

interaction term). 

For H2a and H2b, perceived relevance positively and significantly predicted all 

engagement outcomes: click (β = 0.578, t = 8.430, p = 0.000), comment (β = 0.457, t = 

5.574, p = 0.000), like (β = 0.377, t = 4.614, p = 0.000), and share (β = 0.461, t = 4.882, 

p = 0.000), supporting H2a. However, perceived relevance had no significant effect on ad 

avoidance (β = 0.005, t = 0.136, p = 0.892), leading to rejection of H2b.  

In the context of H3a and H3b, interestingly, contrary to expectations, creepiness 

did not reduce engagement; instead, it was positively associated with comment (β = 0.232, 

t = 3.047, p = 0.002), like (β = 0.222, t = 3.139, p = 0.002), and share behaviour (β = 

0.351, t = 6.377, p = 0.000). Its influence on click behaviour was not significant (β = 

0.032, t = 0.517, p = 0.605), leading to a partial rejection of H3a. However, perceived 

creepiness had a strong and significant effect on ad avoidance (β = 0.812, t = 18.363, p = 

0.000), confirming H3b. 

In summary, the structural model results reveal a nuanced picture of AI-generated 

advertising effects. AI-generated ads did not significantly increase perceptions of 

personalisation (H1a not supported) or relevance but did significantly elevate feelings of 
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creepiness (H1c supported). Perceived personalisation emerged as a pivotal mediator, 

strongly increasing both relevance and creepiness, consistent with the personalisation 

paradox (de Groot, 2022). Among the outcome variables, perceived relevance was the 

most consistent predictor of positive engagement behaviours, click, comment, like, and 

share, while showing no significant impact on ad avoidance (H2a supported; H2b 

rejected). Conversely, perceived creepiness had a dual role: it strongly increased ad 

avoidance (H3b supported) but unexpectedly enhanced some engagement behaviours, 

including comments, likes, and shares, while having no significant effect on clicks (partial 

rejection of H3a). Business experience and its interaction with AI ad type did not 

significantly affect personalisation perceptions (H4 rejected), suggesting that experience 

levels did not moderate consumer evaluations of AI-generated content. Overall, the 

findings emphasise the importance of balancing relevance and emotional resonance in 

AI-driven campaigns, while also acknowledging the unintended influence of creepiness 

on user engagement and avoidance. 
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Table 7. Structural Model Results 

Path All (n=150) 

AI-Generated Ad -> Perceived Relevance β = -0.226 (t = 1.665, p = 0.096) 

AI-Generated Ad -> Perceived Creepiness β = 0.408 (t = 2.343, p = 0.019) 

H1a: AI-Generated Ad -> Perceived 
Personalisation 

β = -0.085 (t = 0.341, p = 0.733) 

H1b: Perceived Personalisation -> 
Perceived Relevance 

β = 0.450 (t = 4.913, p = 0.000) 

H1c: Perceived Personalisation -> 
Perceived Creepiness 

β = 0.249 (t = 3.228, p = 0.001) 

Business Experience -> Perceived 
Personalisation 

β = 0.046 (t = 0.174, p = 0.862) 

H4: Business Experience x AI-Generated ad 
-> Perceived Personalisation 

β = -0.038 (t = 0.115, p = 0.909) 

H2a: Perceived Relevance -> Click β = 0.578 (t = 8.430, p = 0.000) 

H2a: Perceived Relevance  -> Comment β = 0.457 (t = 5.574, p = 0.000) 

H2a: Perceived Relevance  -> Like β = 0.377 (t = 4.614, p = 0.000) 

H2a: Perceived Relevance  -> Share β = 0.461 (t = 4.882, p = 0.000) 

H2b: Perceived Relevance -> Ad Avoidance β = 0.005 (t = 0.136, p = 0.892) 

H3a: Perceived Creepiness -> Click β = 0.032 (t = 0.517, p = 0.605) 

H3a: Perceived Creepiness -> Comment β = 0.232 (t = 3.047, p = 0.002) 

H3a: Perceived Creepiness -> Like β = 0.222 (t = 3.139, p = 0.002) 

H3a: Perceived Creepiness -> Share β = 0.351 (t = 6.377, p = 0.000) 

H3b: Perceived Creepiness -> Ad 
Avoidance 

β = 0.812 (t = 18.363, p = 0.000) 

NOTE:  

H1: (a) Due to the mediating effect of perceived personalisation, AI-generated ads, compared to human-

created ads, will lead to (b) higher perceived relevance and (c) greater perceived creepiness. 

H2: Perceived relevance will (a) increase brand engagement by increasing click intention, like intention, 

comment intention, and share intention, but (b) reduce ad avoidance. 

H3: Perceived creepiness will (a) reduce brand engagement by decreasing click intention, like intention, 

comment intention, and share intention, but (b) increase ad avoidance.  

H4:  Business experience moderates the indirect effect of ad type on consumer outcomes (engagement 

and ad avoidance) via perceived personalisation, such that the indirect effect is stronger among 

individuals with higher business experience. 
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4.4 Chapter Conclusion 

This chapter reports the statistical analyses used to test the hypotheses concerning 

consumer responses to AI-generated social media advertising. SPSS Version 30 and 

SmartPLS 4.1.1.4 were used to assess the measurement and structural models based on a 

sample of 150 respondents, split between those interested in starting a business (n = 67) 

and those currently running one (n = 83). 

The measurement model demonstrated acceptable reliability and convergent 

validity for most constructs, with Cronbach’s alpha, composite reliability (CR), and 

average variance extracted (AVE) values meeting recommended thresholds. Perceived 

relevance showed slightly lower internal consistency (α = 0.694) but was retained due to 

its theoretical importance and acceptable AVE (0.621). All other constructs exceeded the 

α > 0.70 benchmark. Discriminant validity was confirmed using the Fornell–Larcker 

criterion, as each construct’s AVE square root was greater than its correlations with other 

constructs. 

The structural model provided detailed information about the behavioural and 

psychological effects of AI-generated advertising. Although AI-generated advertisements 

increased feelings of unease, they did not significantly improve perceived relevance or 

personalisation, suggesting that algorithmic material may cause unease without always 

providing value to the user. The "personalisation paradox" refers to the two-edged nature 

of tailored material, with perceived personalisation emerging as a significant influencer 

that enhances both relevance and creepiness. 

Perceived relevance proved to be the strongest predictor of consumer engagement 

across behaviours such as clicking, commenting, liking, and sharing, reinforcing its 

central role in driving meaningful interaction. However, relevance did not significantly 

influence ad avoidance, suggesting that even relevant ads are not immune to user fatigue 

or resistance. 

Interestingly, perceived creepiness did not discourage participation; on the 

contrary, it was linked to more social interaction in the form of shares, likes, and 

comments. Although it was still a strong predictor of ad avoidance, this research casts 

doubt on the notion that discomfort inevitably leads to disengagement and supports its 

function as a psychological trigger for resistance. 
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Lastly, responses to AI-generated advertising were neither moderated by business 

experience, nor did it significantly affect perceptions of personalization. This suggests 

that regardless of prior exposure to entrepreneurship, consumer responses to AI-driven 

content were generally similar. 

In conclusion, although AI-generated advertising was associated with increased 

creepiness, it failed to enhance perceived personalisation or relevance directly. These 

findings challenge assumptions about AI’s ability to personalise effectively and highlight 

the psychological trade-offs of automated targeting. The results underscore the central 

importance of relevance in driving meaningful consumer engagement, while also pointing 

to creepiness as a double-edged sword, amplifying ad avoidance yet potentially increasing 

superficial engagement like shares and likes. Business experience had no significant 

moderating effect, indicating that these patterns are consistent across entrepreneurial 

backgrounds. These results form the basis for Chapter 5, which interprets and discusses 

the findings in the context of existing literature and theoretical frameworks. By 

integrating the results with prior studies, Chapter 5 critically evaluates the implications 

of AI-generated advertising for consumer behaviour, marketing strategy, and future 

research. This discussion also highlights the managerial and ethical considerations 

emerging from the findings, paving the way for the final conclusions and 

recommendations. 
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Chapter 5: Discussion 

5.1 Introduction 

With an emphasis on perceived personalisation, relevance, and creepiness as 

psychological factors that influence engagement and ad avoidance, this thesis aimed to 

evaluate how consumers react to AI-generated advertising compared to that produced by 

humans. In order to better understand the affective and cognitive processes that influence 

consumer attitudes and behaviours in response to algorithmically tailored content, the 

research used the SNS-Post Processing Framework (Wagner et al., 2017) and concepts 

like the personalisation paradox (de Groot, 2022). The necessity to critically analyse how 

AI-enabled advertising affects authenticity, trust, and striking a balance between targeted 

relevance and customer discomfort is reflected in this aim.  

To achieve this, the thesis aimed to address the main research question: “How do 

consumers respond behaviourally to AI-generated versus non-AI-generated 

advertisements?”  

By answering these sub-questions: 

(1) How do AI-generated advertisements, compared to human-created 

advertisements, influence consumer responses through perceived 

personalisation?  

(2) How does business experience influence consumers’ perceptions of AI-

generated advertisements in terms of personalisation? 

 These research questions were operationalised through four hypotheses (H1–H4), 

which looked at the moderating effect of business experience as well as the interactions 

between ad type, personalisation, relevance, creepiness, engagement (click, like, remark, 

share), and ad avoidance. In-depth findings on these associations were obtained from the 

empirical analysis in Chapter 4, which also included information on the personalisation 

paradox, the mediating function of perceived personalisation, and the behavioural effects 

of perceived creepiness. 

When evaluating the results, it is important to take the gender disparity in the 

sample into account. However, the research verified that gender had no discernible impact 

on the focus relationships because it was expressly considered in the structural model. 
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our implies that perceptions of personalization, relevance, and creepiness, as well as 

reactions to AI-generated versus human-created advertising, were similar across gender 

groups in our dataset. Therefore, the imbalance is unlikely to restrict the generalizability 

of the main findings; however, a greater gender-balanced sample may be beneficial for 

future studies to confirm the durability of these effects across demographic segments. 

This chapter highlights the research's theoretical and practical contributions while 

discussing the main findings in the context of the body of current literature. It assesses 

the degree to which the findings support, expand upon, or contradict preexisting 

frameworks, including the SNS-Post Processing Framework and earlier research on 

algorithmic advertising. This chapter further provides a comprehensive interpretation of 

the study's findings and illustrates how they advance both academic research and the real-

world use of AI in digital advertising by considering the findings, contributions, 

implications, limitations, and future research directions. By providing a summary of the 

research findings and talking about the theoretical and practical implications, research 

limitations, and future research directions, this chapter concludes the thesis.  

 

5.2. Discussion 

5.2.1 RQ1: How do AI-generated advertisements, compared to 

human-created advertisements, influence consumer responses 

through perceived personalisation? 

The relationship between AI-generated advertising and perceived personalisation appears 

more complex than hypothesised. While H1 predicted that AI-generated ads would 

increase perceived personalisation, thereby enhancing relevance and increasing 

creepiness, the data did not support this direct effect. Specifically, AI-generated ads did 

not significantly enhance perceived personalisation (β = -0.085, p = 0.733), suggesting 

that consumers may not automatically view algorithmically delivered content as tailored 

to their needs. This finding contrasts with prior research suggesting that algorithmic 

targeting improves personalisation perceptions (De Keyzer et al., 2024). It implies that 

the effectiveness of personalisation relies more on consumers’ subjective interpretations 

than on technological sophistication. 
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Nonetheless, perceived personalisation emerged as a strong predictor of both 

perceived relevance (β = 0.450, p = 0.000) and perceived creepiness (β = 0.249, p = 

0.001), supporting H1b and H1c. This dual effect exemplifies the personalisation 

paradox: while customised content enhances perceived relevance, it may also increase 

discomfort if it feels intrusive or manipulative (de Groot, 2022). These results align with 

earlier work highlighting the tension between data-driven targeting and privacy concerns 

(Maslowska et al., 2016). Moreover, while perceived personalisation enhanced relevance 

(a driver of engagement), it also indirectly contributed to ad avoidance through 

heightened creepiness. This shows the partial mediation role of personalisation and 

highlights that AI-generated content alone may not be sufficient to generate favourable 

responses; consumers must perceive the content as genuinely tailored to their interests. 

These findings align with the SNS-Post Processing Framework (Wagner et al., 

2017), which highlights the importance of both cognitive and emotional evaluations in 

shaping user engagement. As previous studies suggest (Gu et al., 2024; Wu et al., 2022), 

AI systems may enable scalable personalisation but may also compromise perceived 

authenticity if the content lacks emotional depth. This suggests that advertisers must 

combine algorithmic precision with creative, emotionally resonant content to avoid over-

reliance on automation.  

 Beyond these mediation effects, the results also provide insight into the 

behavioural outcomes associated with relevance and creepiness (H2 and H3). Supporting 

H2a, perceived relevance significantly increased all forms of engagement, clicks (β = 

0.578, p = 0.000), likes (β = 0.377, p = 0.000), comments (β = 0.457, p = 0.000), and 

shares (β = 0.461, p = 0.000), highlighting its crucial role in driving consumer interaction. 

However, H2b was not supported: relevance had no significant effect on ad avoidance (β 

= 0.005, p = 0.892), suggesting that even highly relevant content does not necessarily 

reduce avoidance behaviour. 

Interestingly, the findings for H3 revealed a more complex pattern. Contrary to 

expectations, perceived creepiness was positively associated with several engagement 

behaviours: comment (β = 0.232, p = 0.002), like (β = 0.222, p = 0.002), and share (β = 

0.351, p = 0.000), though not with click intention (β = 0.032, p = 0.605). While H3a 

anticipated that creepiness would reduce engagement, these results suggest that moderate 

creepiness may, in some cases, spark curiosity or surprise, leading to interaction. This 

nuance echoes previous findings where unsettling or novel content can trigger reactive 
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engagement (Wu et al., 2022). However, as predicted by H3b, creepiness strongly 

predicted ad avoidance (β = 0.812, p = 0.000), reinforcing the idea that even engaging ads 

may ultimately trigger rejection if perceived as emotionally intrusive or ethically 

questionable. 

Taken together, these results reinforce the importance of finding a balance 

between relevance and emotional tone. AI-generated content must not only align with 

user interests but also avoid crossing psychological boundaries that provoke defensive 

reactions. 

5.2.2 RQ2: How does business experience influence consumers’ 

perceptions of AI-generated advertisements in terms of 

personalisation? 

Hypothesis H4 proposed that business experience would positively influence consumers’ 

perceptions of personalisation in AI-generated ads. This assumption was grounded in the 

idea that individuals with marketing or entrepreneurial backgrounds are more familiar 

with data-driven targeting and may better recognise or appreciate algorithmic 

customisation (Barbosa et al., 2024; Wu et al., 2025). However, the statistical analysis did 

not support this hypothesis. Neither the interaction between business experience and ad 

type (β = -0.038, p = 0.909) nor the direct effect of business experience on perceived 

personalisation (β = 0.046, p = 0.862) was significant. Consequently, H4 is rejected. 

Contrary to expectations, business experience did not enhance participants’ recognition 

or appreciation of personalised content in AI-generated advertising.  

One possible explanation is that the level of personalisation presented in the ad 

stimuli was too subtle or generic to be detected, even by experienced individuals. Another 

explanation may relate to entrepreneurial scepticism: individuals familiar with marketing 

automation may approach AI-generated content more critically, potentially viewing it as 

lacking emotional authenticity or human nuance (El-Shihy & Hassan, 2025; Hardcastle 

et al., 2025). Although prior literature highlights entrepreneurs’ appreciation of AI’s 

strategic efficiency (Coffin, 2022), this study suggests that perceived ad quality and 

emotional resonance may matter more than digital expertise when evaluating 

personalisation. 

These findings reinforce arguments from the personalisation paradox literature, 

which suggests that trust and emotional alignment are just as critical as technical accuracy 
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in driving perceived personalisation (De Keyzer et al., 2024; Maslowska et al., 2016). In 

sum, business experience does not appear to strengthen consumers’ perceptions of AI-

driven personalisation, highlighting the need for emotionally intelligent ad design rather 

than relying solely on algorithmic sophistication. 

  

5.3 Theoretical Implications 

The results of this study advance knowledge of how perceived personalisation, relevance, 

and creepiness interact to influence customer responses, thereby contributing to 

theoretical conversations on AI-generated advertising. First, the rejection of H1 

challenges prior assumptions, as discussed by De Keyzer et al. (2024) and Wu et al. 

(2022), that AI-generated advertising automatically enhances perceptions of 

personalisation. This finding suggests that consumers' views of personalised content are 

not shaped by AI alone, but are instead mediated by the "human touch," user scepticism, 

and subjective interpretation. As such, theoretical models of personalisation must account 

for these psychological and emotional filters. 

Second, while personalisation greatly increases perceived relevance, it also 

increases perceived creepiness, as the results empirically support the personalisation 

paradox (de Groot, 2022). The idea that personalisation is not always positive but rather 

functions on a continuum where too exact or excessive targeting can erode trust and lead 

to ad avoidance is further supported by this contradiction. Through the association of 

perceived creepiness (H3) with behavioural consequences like decreased engagement and 

greater ad avoidance, this study enhances the theoretical framework for comprehending 

negative affective reactions to algorithmic advertising.  

Third, this study extends the SNS-Post Processing Framework (Wagner et al., 

2017) by integrating AI-specific dimensions into its stages of cognitive and affective 

processing. Relevance and creepiness emerge as key variables influencing antecedents, 

processing styles, and outcome responses, with personalisation acting as a partial, rather 

than full, mediator of behavioural intent. This underscores the need to include algorithmic 

cues, perceived authenticity, and privacy concerns as critical antecedents in future 

theoretical adaptations of the framework. 
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Finally, the rejection of H4 demonstrates that business experience, contrary to 

expectations derived from research on digital literacy and entrepreneurship, does not 

moderate perceptions of personalisation (Barbosa et al., 2024). This calls for a 

reassessment of assumptions about expertise as a boundary condition in advertising 

research. Rather than enhancing recognition of personalisation, expertise may foster a 

more critical or sceptical stance, particularly toward AI-generated content that lacks 

emotional nuance or human creativity. 

One explanation is that participants' processing of the AI-generated and human-

created advertisements did not significantly differ based on variations in business 

experience. Many advertising responses, according to the SNS-Post Processing theory, 

are driven more by affective and intuitive emotions than by analytical assessment. 

Therefore, rather than relying on their understanding of marketing or digital platforms, 

even seasoned business leaders may react to AI-generated material based on emotional 

cues like relevancy, familiarity, or discomfort. Furthermore, it is possible that there was 

not enough variation in the sample's business experience to generate statistically 

significant processing patterns. It is possible that using a single self-categorization item 

to measure business experience hindered the capacity to capture more subtle variations in 

knowledge. When taken as a whole, these elements could contribute to the explanation of 

why the moderating effect was not validated. 

Together, these insights emphasise that affective responses, trust, and perceived 

authenticity are central to advertising effectiveness. They also confirm that technological 

sophistication alone is insufficient to explain consumer receptivity to AI-driven 

advertising, reaffirming the need for human-centred design in algorithmic content 

strategies. 

 

5.4 Managerial Implications 

The findings of this research offer several practical suggestions for advertising 

professionals and marketers navigating the transition to AI-generated content. First, while 

personalisation significantly increases perceived relevance (H1b), it also increases 

perceived creepiness (H1c), which can negatively impact engagement and encourage ad 

avoidance (H3). Therefore, marketers should avoid overly aggressive or intrusive 

targeting. Transparency, user control, and opt-in procedures should be prioritised in 
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dynamic personalisation strategies to ensure that relevance does not come at the expense 

of consumer discomfort. For example, clear communication about how AI-driven 

recommendations is generated can preserve the benefits of customisation while building 

trust. 

Second, the results suggest that consumers still value innovation and the "human 

touch" in advertising, as AI alone did not enhance perceptions of personalisation (H1a). 

Practitioners should consider blending AI with human creative input, allowing AI to 

optimise testing and targeting while human creators focus on emotional resonance, tone, 

and storytelling. This hybrid approach may help prevent AI campaigns from being 

perceived as manipulative or generic. 

Third, given that perceived relevance (H2) is a strong predictor of behavioural 

engagement (e.g., clicks, likes, shares, comments), AI tools should be optimised to deliver 

contextually relevant content that aligns with user interests. Real-time A/B testing should 

include sentiment analysis to detect when personalisation becomes uncomfortable. 

Tactics such as frequency caps, creative rotation, and content format diversification can 

help reduce perceived intrusiveness and message fatigue. 

 Fourth, contrary to expectations, business experience did not increase perceptions 

of personalisation (H4). This suggests that digitally literate or entrepreneurial audiences 

may be more discerning, valuing authenticity over algorithmic accuracy. For these 

segments, marketers should focus on transparent, value-driven messaging. Positioning AI 

content as a tool that delivers insightful solutions or relevant utility, rather than merely 

personalised promotions, may be more effective. 

 Finally, the personalisation paradox shows that when targeting feels intrusive, 

consumer trust can quickly erode. To mitigate this, managers should embed privacy-by-

design principles and ensure compliance with data protection regulations such as GDPR. 

Educating users about privacy protections, such as explaining the purpose of data 

collection and offering clear opt-out options, can build long-term trust and loyalty. 

 In conclusion, AI advertising should be viewed as an augmentative tool, one that 

enhances efficiency and targeting, but not a replacement for human creativity and ethical 

communication. By carefully balancing personalisation with emotional resonance, 

transparency, and ethical responsibility, managers can maximise the benefits of AI while 

minimising the risks of consumer resistance. 
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5.5 Limitations and Future Research 

Although this study offers insightful information about how consumers react to AI-

generated advertising, it should be noted that it has several limitations, which open new 

research avenues. Firstly, a controlled experimental design comprising three ad 

conditions, AI-generated personalised advertisements versus human-created non-

personalised ads, was the foundation of the study. The stimuli might not have adequately 

conveyed the emotional nuance and creative diversity typical of actual advertising 

campaigns, even though this method allowed for strong comparisons. Future studies 

could build on this by comparing outcomes across various product categories and 

introducing multi-format or cross-platform stimuli (such as static versus video 

advertisements) (Yang & Zhao, 2021). Furthermore, testing AI-generated content on a 

range of social media channels and ad formats, such as interactive experiences, video, 

and AR/VR-based advertisements, may shed light on how platform affordances and 

content richness impact avoidance and engagement (Gu et al., 2024; Heo & Lee, 2025; 

Mishra et al., 2021). Additionally, future studies should look at the long-term effects of 

repeated exposure to AI-generated advertising on consumer-brand relationships, loyalty, 

and trust (Aljarah et al., 2025). It would be possible to ascertain through longitudinal 

research whether the initial scepticism or perceived creepiness (as noted in H3) lessens 

with familiarity or if it compounds with time. 

Improving the way business experience is measured could help future studies 

better reflect the breadth and depth of participants' skills. The detection of moderating 

effects may be more sensitive when using multi-dimensional measurements, such as years 

of experience, familiarity with digital advertising tools, or prior exposure to AI-driven 

marketing. Additionally, it would be useful to divide people into groups based on 

behavioural metrics rather than self-reported categories, or to investigate if revealing AI 

authorship alters how experience influences perceptions of personalization. Additionally, 

employing a wider range of advertising stimuli, such as dynamic or graphically 

personalized information, may aid in determining whether experience plays a moderating 

effect in situations where the ad's AI-driven components are more prominent. When 

combined, these methods could shed light on whether the study's non-significant results 

were the result of restricted sample variation, measurement limitations, or more general 

psychological processes that hold for all experience levels. 
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The study’s results show participants' responses to message phrasing rather than 

visual or dynamic personalization because the advertising stimuli used in this study were 

only text-based. AI-driven personalization frequently encompasses graphics, layout, and 

dynamic creative optimization in modern digital advertising practice, where visuals and 

message components adjust in real time to user attributes. Therefore, future studies could 

investigate whether perceptions of personalization, relevance, or creepiness are enhanced 

or diminished by dynamic visual elements or personalized images, and whether these 

richer formats result in distinct behavioural results. Such components would improve 

ecological validity and provide a more thorough understanding of the performance of AI-

generated advertising in a variety of creative styles. 

Secondly, despite being adequate for statistical analysis, the sample's size and 

demographic variety were constrained. The representation of participants who are 

entrepreneurs might not accurately represent the wider range of digital literacy and 

business experience levels present in the general population. Larger and more varied 

sample sizes, as well as cross-cultural comparisons, should be considered in future 

research to see if opinions on personalisation and creepiness differ in markets with various 

privacy laws or cultural perspectives on artificial intelligence. Future research could look 

into additional moderating factors like cultural perceptions of AI, privacy sensitivity, and 

digital literacy (Ibrahim et al., 2024). Cross-cultural research could show whether the 

relationship between personalisation, relevance, and creepiness is changed by cultural 

variations in privacy norms and trust. Furthermore, if ad evaluation is affected differently 

by acquaintance with AI technology when stimuli include highly dynamic or interactive 

personalisation cues, this might be investigated in future studies with entrepreneurial 

audiences. 

Another limitation is common with self-reported measures. The self-reported 

Likert scales used to measure all the major constructs, such as perceived personalisation, 

relevance, and creepiness, are prone to social desirability bias and common method 

variance. Future studies could include behavioural indicators (such as actual click-

through rates, dwell duration, or conversion statistics) to triangulate findings with real 

engagement behaviour, even though steps like validity and reliability checks were carried 

out. Furthermore, future research could incorporate neuro-physiological indicators (like 

eye tracking, galvanic skin response) to capture subconscious reactions (Wetzels et al., 

2024), even though this study relied on self-reported constructs like perceived relevance 

and creepiness. This multi-method approach would confirm the affective-cognitive 
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mechanisms suggested in frameworks like the SNS-Post Processing Framework (Wagner 

et al., 2017) and give a more accurate representation of how consumers interact with AI-

generated advertising. 

Fourthly, the primary objective of the study was to evaluate the immediate 

emotive and cognitive reactions to commercials. Long-term effects, including brand 

loyalty, the growth of trust, and changing purchasing patterns, were not taken into 

consideration. Future research might use field experiments or longitudinal designs to 

examine the effects of frequent exposure to AI-generated advertising on customer lifetime 

value, loyalty, and trust (Beyari, 2025).  

Another limitation of the study is the fact that this study only looked at one type 

of AI-generated advertising may not accurately represent the vast array of AI-driven 

strategies that are now on the market (such as conversational AI, interactive 

advertisements, or deep learning-based creative development) (Faruk et al., 2025). To 

determine how different AI capabilities (such as speech synthesis and hyper-targeted 

suggestions) affect perceived authenticity and creepiness, future research should examine 

various forms and degrees of AI personalisation. 

Lastly, despite referring to the personalisation paradox, this study did not 

experimentally alter privacy or transparency controls to evaluate their impact on 

consumer perceptions. Future studies could examine how user control mechanisms, 

algorithm explainability, and privacy disclosures affect engagement and ad avoidance (Oh 

et al., 2025). Furthermore, future studies should examine the effects of privacy 

disclosures, explainable AI, and ethical-by-design techniques in advertising, since 

consumer trust is a crucial factor in engagement (Paliwal et al., 2025). Experiments using 

transparency (such as explaining to customers how personalisation works) may shed light 

on how these tactics impact the perception of creepiness and authenticity. Furthermore, 

there is still a large research gap in advertising about how algorithmic fairness and 

prejudice influence consumers' opinions of a brand's credibility (Shin, 2022). 

 

5.6 Chapter Conclusion 

Considering the research questions, hypotheses, and theoretical frameworks presented 

previously in the thesis, this chapter examines the study's findings. The findings confirm 
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that personalisation is a strong motivator for engagement (H2) but can also cause 

discomfort when viewed as creepy (H3). They also shed important light on the intricate 

relationships between AI-generated advertising, perceived personalisation, relevance, and 

creepiness. AI-generated ads did not, as anticipated, significantly boost perceptions of 

personalisation (H1), indicating that increased technological complexity by itself does not 

ensure better customer responses. Furthermore, it was discovered that opinions of AI-

driven personalisation were unaffected by business experience (H4), suggesting that 

proficiency may not always equate to a better understanding or appreciation of 

algorithmic targeting.  

The chapter discussed the theoretical implications, such as the personalisation 

paradox and contributions to the SNS-Post Processing Framework, as well as the 

management insights, including the necessity of striking a balance between algorithmic 

accuracy and ethical protections, transparency, and emotional resonance. To provide a 

more comprehensive understanding of consumer responses, it also outlined the study's 

limitations and suggested future research directions, emphasising cross-cultural 

comparisons, longitudinal studies, and the integration of behavioural and 

neurophysiological measures.  

Overall, by showing that the effectiveness of AI-generated advertising depends 

not only on sophisticated targeting capabilities but also on how users perceive and engage 

emotionally with the content, this thesis adds to the expanding body of research on AI in 

marketing. These findings provide a solid basis for further research into the ethical and 

efficient use of AI technology while preserving customer confidence and brand integrity. 

By separating the effects of AI-generated creative material from the algorithmic targeting 

systems that have long defined digital advertising, this study adds to the growing body of 

research on generative AI in advertising. 
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