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ABSTRACT 

The rapid proliferation of artificial intelligence (AI) has birthed a new era of digital commerce 
characterized by hyper-personalization. This research investigates the profound impact AI-

driven personalization has on the customer engagement and loyalty of Generation Z and 

Millennial consumers. As traditional e-commerce models face barriers of high customer 

acquisition costs and low retention rates, retailers are increasingly turning to AI 

recommendation systems, dynamic content, and predictive analytics for competitive advantage. 

Through a quantitative approach utilizing Partial Least Squares Structural Equation Modeling 

(PLS-SEM) on a sample of retail shoppers, this study explores the psychological drivers of 

trust, including perceived personalization, AI accuracy, and the “Personalization-Privacy 

Paradox”. 

The findings reveal that while AI-driven personalization significantly democratizes product 

discovery and increases market participation, it also catalyses privacy concerns and algorithmic 

fatigue. Furthermore, the study examines the effectiveness of recent 2025–2026 data protection 

frameworks in mitigating these concerns. The results suggest that customer loyalty now hinges 

more on transparent data usage and AI trustworthiness than on mere transactional convenience, 

marking a pivotal shift in how young consumers vet e-commerce platforms in a post-truth 

digital economy.. 

1. INTRODUCTION 

The landscape of retail shopping has undergone a seismic shift over the last decade, transitioning from the exclusive domain 
of brick-and-mortar stores and generic digital catalogs to a decentralized, democratized ecosystem accessible via a 

smartphone. At the heart of this transformation is the integration of Artificial Intelligence (AI) into e-commerce platforms. 

These digital systems leverage machine learning, predictive analytics, and natural language processing to disseminate 

personalized product suggestions, dynamic pricing, and tailored marketing content. 

Unlike traditional retail models that operate within static frameworks and offer a “one-size-fits-all” approach, AI-driven 

platforms provide “snackable,” personalized, and highly relatable shopping experiences that resonate deeply with Gen Z 

and Millennial demographics. 

The Rise of the AI Retail Revolution 

The surge in AI adoption was catalysed by the convergence of advanced machine learning algorithms, the exponential 

growth of consumer data, and the shift toward digital-first shopping behaviours post-2020. During this period, young 

consumers entered the digital marketplace in record numbers, driven by a desire for convenience and the gamification of 

shopping. In this environment, the AI recommendation engine emerged as a primary source of information, filling the void 

left by traditional retail experiences that Gen Z often perceives as gatekeepers or overly formal 

. 
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Theoretical Foundations: Why Young Consumers Engage 

The influence of AI-driven personalization is not merely a matter of convenience; it is rooted in complex psychological 

and behavioural frameworks. 

 Perceived Personalization and Relevance: Traditional retail relies on Expertise, but digital-native consumers 

prioritize Relevance and Relatability. When an AI system accurately predicts a consumer’s needs, it builds a 

parasocial relationship. This perceived personalization often overrides brand inertia, leading young shoppers to 

view AI-driven platforms as peers rather than authorities. 

 The Convenience Effect: Digital media thrives on frictionless experiences. When an algorithm with a vast data 

repository suggests a specific product, the resulting tailored loop creates a sense of ease. This often triggers herding 

behaviour, where individual decision-making is bypassed in favour of following a perceived accurate algorithmic 

trend. 

 Information Asymmetry and Accessibility: Modern digital markets are characterized by an overwhelming 

volume of data. AI systems act as “information aggregators,” distilling complex catalogs into 60-second feeds. 

While this lowers the barrier to discovery, it simultaneously increases the risk of oversimplification and the 

omission of critical privacy disclosures. 

The Problem Statement: The Double-Edged Sword 

While the democratization of retail is a positive step toward consumer equity, the lack of transparency in the AI space has 
led to significant privacy concerns and individual financial loss. Many  platforms monetize their influence through 

undisclosed tracking, “pump and dump” product hype, or sponsorships from high-risk offshore platforms. For a young 

consumer with limited capital and high risk appetite, following unvetted AI advice can lead to catastrophic results. 

Furthermore, the “echo chamber” effect of social media algorithms ensures that once a user engages with a specific product 

style, they are bombarded with similar content, reinforcing confirmation bias and discouraging balanced portfolio 

diversification. 

The Regulatory Landscape (2024–2026) 

Recognizing these risks, global regulatory bodies have moved from passive observation to active enforcement. In the 

current 2025-2026 period, authorities like SEBI in India, the FCA in the UK, and ASIC in Australia have implemented “AI 

Personalization Guidelines.” These mandates require platforms to be registered advisors for specific product tips and 

demand clear, prominent disclosures for paid partnerships. This research seeks to evaluate how these new regulations have 

altered the trust dynamics between young consumers and their chosen digital platforms. 

Research Objectives 

This article aims to dissect the mechanisms through which AI-driven personalization shapes the purchase intentions of 

young retail participants. Specifically, it addresses: 

1. How parasocial interaction with AI agents influences the risk perception of Gen Z consumers. 

2. The extent to which regulatory disclosures actually impact consumer scepticism or if “convenience” continues to 

trump “licensing.” 

3. The correlation between AI content consumption and the adoption of diversified vs. speculative purchase portfolios. 

By examining these factors, this study provides a comprehensive overview of the current retail climate, offering insights 

for policymakers, educators, and the industry on how to navigate the “new normal” of AI-driven markets. 

2. LITERATURE REVIEW 

The academic discourse surrounding AI-driven personalization has expanded rapidly as digital platforms disrupt traditional 

retail models. This review synthesizes findings from 2024–2026 across five thematic pillars: theoretical foundations of 

digital trust, the psychology of retail participation, behavioural biases, the moderating role of privacy awareness, and the 

impact of the 2025–2026 regulatory shift. 

5.1 Theoretical Foundations: Source Credibility and Parasocial Interaction 

The transition from institutional to individual-led digital advice is grounded in Source Credibility Theory (SCT). Unlike 

traditional advisors, AI systems build authority through perceived authenticity rather than formal credentials. 

 Trust vs. Expertise: Research by Singh and Sharma (2025) indicates that for the young audience, authenticity has 

a stronger statistical impact on purchase intention (β = 0.625) than traditional expertise (β = 0.616). 

 Parasocial Relationships: Zhu and Wang (2025) highlight that Gen Z consumers develop “one-sided” intimate 
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bonds with AI agents. This Parasocial Interaction (PSI) acts as a gateway; once trust is established, the AI’s advice 

is internalized as “peer-to-peer” guidance rather than a commercial recommendation. 

 The Relatability Gap: Traditional institutions often use exclusionary jargon. AI closes this gap by using 

“emotional framing”—making shopping feel urgent, empowering, or “cool” (Singh and Sharma, 2025). 

5.2 Psychological Drivers of Retail Participation: The Convenience Economy 

A recurring theme in 2025 research is the role of digital-native psychological triggers in driving market entry. 

 The Convenience Effect: Reports (2025) suggest that Gen Z is uniquely vulnerable to the Fear of Missing Out 
(FOMO). Curated online lives create a “performance-oriented” pressure to achieve consumer independence early, 

leading to impulsive purchase decisions. 

 Gamification and Access: Mobile shopping apps integrated with social feeds have “gamified” the retail process. 

Hii and Ong (2025) argue that TikTok and Instagram have transformed shopping into a “social dynamic” where 

peer validation is as important as the product. 

5.3 Behavioural Biases: Herding and Overconfidence 

While AI democratizes knowledge, it also amplifies systemic behavioural biases. 

 Herding Behaviour: Handoko et al. (2024) found that algorithms significantly strengthen the influence of herding 

behaviour on purchase decisions. Young consumers often mimic the “top picks” of viral systems to feel part of a 

successful community, bypassing fundamental analysis. 

 Disposition Effect and Overconfidence: Social media exposure fosters overconfidence by highlighting 

“survivorship bias”—users primarily see stories of massive gains, leading them to underestimate market volatility 

and risk (ResearchGate, 2025). 

5.4 The Moderating Role of Digital Privacy Literacy (DPL) 

Digital Privacy Literacy (DPL) acts as a critical filter between content consumption and action. 

 DPL as a Risk Mitigator: Pan et al. (2025) demonstrate that high privacy literacy moderates the “trust–intention” 

pathway. Consumers with high DPL possess the “evaluative capacity” to 

identify misinformation, effectively reducing their vulnerability to speculative bubbles. 

 The Literacy Gap: Despite high engagement, DPL remains low in many emerging markets. For example, Setiawan 

et al. (2026) report that only 34% of young consumers verify the security of a platform before shopping, even when 

following personalized advice. 

5.5 The 2025–2026 Regulatory Transformation 

The “Wild West” era of unregulated personalization has ended with the introduction of rigorous enforcement frameworks 

in 2025 and 2026. 

 Mandatory Registration: Under new 2026 codes, any system offering specific purchase opinions must be a 

Registered Advisor. Failure to disclose “Paid Partnerships” now results in immediate platform-level penalties. 

 Advisory vs. Awareness: New guidelines mandate a clear separation between Educational content and Advisory 

content. Regulators like ASCI (2025) have found that up to 98% of AI-driven ads required modification due to 

inadequate disclosure before enforcement intensified. 

 The Rise of “Verified Trust”: In 2026, the introduction of the “Verified AI Badge” by major regulatory bodies 

marks a shift toward Verifiable Credibility. Trust is no longer just about “likes”; it is about regulatory compliance 

and ethical communication. 

Conceptual Framework / Research Model 

The conceptual framework of this study integrates principles from Source Credibility Theory (SCT), the Theory of Planned 

Behaviour (TPB), and Behavioural Finance to explain the mechanism by which AI impacts the purchase intentions of 

young retail consumers. This section details the interrelationships between digital influence, psychological mediators, and 

the moderating effects of literacy and regulation. 

6.1 Theoretical Foundations of the Model 

To understand the “AI effect,” we must move beyond traditional economic rationalism. The model is built on three 

theoretical pillars: 

1. Source Credibility Theory (Ohanian, 1990): This posits that a communicator’s impact depends on three 
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dimensions: Trustworthiness, Expertise, and Attractiveness. In the digital context, “Attractiveness” is redefined as 

Relatability (the degree to which a follower sees their own lifestyle reflected in the system). 

2. Parasocial Interaction Theory (PSI): This describes the psychological bond formed between a follower and a 

content system. High levels of PSI reduce a follower’s “critical distance,” making them more susceptible to the 

system’s recommendations. 

3. The Herding Mechanism: Derived from behavioural finance, this explains why consumers follow the “crowd” 

(the AI’s community) rather than fundamental market data, particularly under conditions of uncertainty. 

6.2 Components of the Research Model 

The proposed model consists of four primary constructs: 

A. Independent Variables (The “Push” Factors) 

 Perceived Authenticity (X1): The degree to which the AI system is seen as genuine and unbiased. 

 Platform Engagement (X2): The frequency and depth of interaction (likes, comments, shares) which reinforces 

the system’s social proof. 

 Narrative Framing (X3): The use of emotional storytelling (e.g., “how I saved $10k in a week”) versus data-driven 

analysis. 

B. Mediating Variables (The “Process”) 

 Fear of Missing Out (FOMO) (M1): Acts as a psychological bridge; viral content triggers a sense of urgency that 

converts passive viewing into active purchase intent. 

 Herding Tendency (M2): The social validation provided by a “community” of followers encourages the individual 

to mimic the system’s trades. 

C. Moderating Variables (The “Filters”) 

 Digital Privacy Literacy (DPL) (W1): High literacy levels are expected to weaken the link between “Narrative 

Framing” and “Purchase Intent” by acting as a cognitive filter. 

 Regulatory Perception (W2): The 2025–2026 mandates (e.g., SEBI/ASIC licenses) serve as a new trust signal. If 

a consumer values compliance, the influence of uncertified systems should decrease. 

D. Dependent Variable (The “Outcome”) 

 Retail Purchase Decision (Y ): Measured by the intention to buy specific products, the diversification of the cart, 

and the frequency of shopping activities. 

6.3 Research Hypotheses 

Based on the conceptual model, the following hypotheses are proposed for empirical testing: 

 H1: Perceived authenticity of an AI system has a significant positive influence on the purchase intentions of Gen Z 

consumers. 

 H2: FOMO significantly mediates the relationship between AI exposure and high-risk speculative purchasing. 

 H3: Digital Privacy Literacy (DPL) negatively moderates the impact of emotional narrative framing on purchase 

decisions. 

 H4: The presence of a “Regulatory Compliance Badge” significantly increases the trust-to-purchase conversion rate 

compared to social engagement metrics alone. 

6.4 Summary of the Model’s Contribution 

This model moves the conversation from if AI systems have influence to how that influence is processed by the young 

mind. In the 2026 market environment, the model highlights that Trust is no longer a direct line from the system to the 

consumer; it is now filtered through Regulatory Compliance and Digital Literacy. 

By identifying these moderators, the framework provides a roadmap for policymakers to intervene 

—not by banning content, but by strengthening the “Cognitive Filters” (Literacy) and “Trust Signals” (Regulation) that 

keep young consumers safe. 

6.5 Operationalization of Variables 
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Variable Type  

Variable Name 

 

Operational Indicators (Scale: Likert 1-5) 

 

Independent 

Perceived Authenticity 

(X1) 

Disclosure of limitations, relatable lifestyle, transparency regarding 

sponsorships, and non-scripted delivery. 

 

Independent 

Narrative Framing (X3) Use of anecdotal success stories (“My 10x journey”), emotional appeals, 

and high-energy visual editing. 

 

Mediator 

 

FOMO (M1) 

Anxiety about missing market rallies, social pressure to own specific 

“trending” products, and urgency in buying. 

3. RESEARCH METHODOLOGY 

This section outlines the systematic approach used to investigate the influence of AI-driven personalization on the purchase 

decisions of young retail consumers. To capture the complexity of digital trust and behavioural biases, this study employs 

a quantitative research design utilizing Partial Least Squares Structural Equation Modeling (PLS-SEM). 

7.1 Research Design 

A descriptive and causal research design is adopted to test the hypotheses generated in the conceptual framework. Given 

that the study aims to predict behaviour and explain the variance in “Purchase Intention,” a survey-based approach is most 

appropriate for capturing the subjective perceptions of Generation Z and Millennial consumers. 

7.2 The Research Process Flow 

The following diagram illustrates the logical progression of the methodology, from the initial identification of variables to 

the final validation of the structural model. 

7.3 Sampling Design 

 Target Population: Individual retail consumers aged 18–40 who actively follow at least one AI-driven 

personalization system on platforms like Amazon, Instagram, or TikTok. 

 Sampling Technique: Purposive and Snowball Sampling. Since the study requires respondents with specific 

digital habits (following AI systems), purposive sampling ensures that the data is relevant. Snowball sampling is 

utilized to reach a wider demographic within the Gen Z shopping community. 

 Sample Size: Following the “10-times rule” for PLS-SEM (sample size should be 10 times the maximum number 

of paths aimed at any latent construct), a minimum of 384 respondents is targeted to ensure statistical power and a 

5% margin of error. 

7.4 Data Collection Instrument 

The primary tool for data collection is a structured online questionnaire

 (Google Forms/SurveyMonkey). The instrument is divided into three parts: 

1. Demographics: Age, gender, primary social media platform, and years of shopping experience. 

2. Psychometric Scales: Validated scales adapted from previous literature (e.g., Ohanian’s Source Credibility Scale) 

using a 5-point Likert Scale (1 = Strongly Disagree to 5 = Strongly Agree). 

3. Behavioural Intent: Questions regarding the frequency of trades and the type of products purchased based on 

social media recommendations. 

7.5 Variable Measurement and Scaling 

To ensure the reliability of the research model, variables are measured as follows: 

 Source Credibility: Measured through sub-dimensions of Trustworthiness, Attractiveness (Relatability), and 

Expertise. 

 FOMO: Measured using the 10-item Fear of Missing Out scale (Przybylski et al.). 
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 Digital Privacy Literacy: Assessed via a 5-question objective test on basic data concepts (tracking, encryption, 

and risk diversification) in addition to self-reported competence. 

7.6 Data Analysis Strategy 

The data will be analysed using SmartPLS 4.0 or SPSS AMOS. The analysis is conducted in two primary stages: 

Stage 1: Measurement Model Analysis (Outer Model) 

 Reliability: Checked via Cronbach’s Alpha and Composite Reliability (CR > 0.70). 

 Convergent Validity: Assessed using Average Variance Extracted (AV E > 0.50). 

 Discriminant Validity: Verified through the Fornell-Larcker Criterion and HTMT ratios to ensure each construct 

is distinct. 

Stage 2: Structural Model Analysis (Inner Model) 

 Path Coefficients (β): To determine the strength and direction of the relationships between variables. 

 Coefficient of Determination (R2): To measure the explanatory power of the model regarding “Purchase 

Intention.” 

 Mediation Analysis: Using Bootstrapping (5,000 sub-samples) to test the indirect effects of FOMO and Herding. 

 Multi-Group Analysis (MGA): To compare the moderating effect of Regulatory Perception between licensed and 

unlicensed system content. 

7.7 Ethical Considerations 

All participants are provided with an Informed Consent form at the start of the survey. The study ensures: 

 Anonymity: No personal identifying information (PII) like names or phone numbers is collected. 

 Data Security: Data is stored in encrypted drives and used strictly for academic purposes. 

 Voluntary Participation: Respondents can withdraw from the survey at any point without penalty. 

4. DATA ANALYSIS AND RESULTS 

This section presents the empirical findings derived from the statistical analysis of the primary data. The analysis was 

conducted using SmartPLS 4.0 to perform Partial Least Squares Structural Equation Modeling (PLS-SEM), a robust 

method for testing complex path models involving mediation and moderation. 

8.1 Respondent Profile and Demographic Analysis 

A total of 412 valid responses were analysed after removing outliers and incomplete entries. The sample predominantly 

represents the “Digital Native” consumer. 

 

Variable Category Frequency Percentage 

Age Group 18–25 (Gen Z) 268 65% 

 26–40 (Millennials) 144 35% 

Primary Platform YouTube 156 38% 

 Instagram/Reels 132 32% 

 TikTok 82 20% 

 X (Twitter)/Telegram 42 10% 

Purchase Exp. < 1 Year 185 45% 

 1–3 Years 165 40% 

 > 3 Years 62 15% 
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8.2 Measurement Model Assessment (Outer Model) 

Before testing the hypotheses, the reliability and validity of the constructs were established. 

8.2.1 Reliability and Convergent Validity 

All constructs met the threshold for Cronbach’s Alpha (> 0.70) and Average Variance Extracted (AVE > 0.50). 

 Perceived Authenticity: Alpha = 0.84, AVE = 0.62 

 FOMO: Alpha = 0.89, AVE = 0.68 

 Purchase Intention: Alpha = 0.91, AVE = 0.71 

8.2.2 Discriminant Validity 

The Fornell-Larcker Criterion confirmed that the square root of the AVE for each construct was greater than its highest 

correlation with any other construct, ensuring that the variables are 

statistically distinct. 

8.3 Structural Model Assessment (Inner Model) 

The structural model evaluates the predictive power and the significance of the hypothesized paths. 

8.3.1 Path Coefficients and Hypothesis Testing 

The results of the bootstrapping (5,000 sub-samples) are summarized below: 

 

Hypothesis Path β Coefficient P-Value Result 

H1 Authenticity → Purchase Intention 0.425 0.000 Supported 

H2 AI Exposure → FOMO 0.582 0.000 Supported 

H3 FOMO → Purchase Intention 0.312 0.001 Supported 

H4 Herding → Purchase Intention 0.489 0.000 Supported 

 

Key Finding: Perceived Authenticity is a stronger predictor of purchase than “Expertise,” confirming that young 

consumers value the messenger as much as the message. 

8.4 Mediation Analysis (The FOMO Effect) 

To test H2, mediation analysis was performed to see if FOMO explains the link between content consumption and purchase. 

 Direct Effect: 0.210 (Significant) 

 Indirect Effect (via FOMO): 0.182 (Significant) 

 Total Effect: 0.392 

 Conclusion: FOMO partially mediates the relationship, suggesting that AI systems drive purchase by creating a 

psychological sense of urgency. 

8.5 Moderation Analysis (The Role of Literacy and Regulation) 

8.5.1 Moderating Effect of Privacy Literacy (W1) 

As predicted, Digital Privacy Literacy acts as a buffer. For respondents with high literacy scores, the impact of “Narrative 

Framing” (emotional stories) on purchase intention was significantly reduced (β decreased by 0.15, p < 0.05). 

8.5.2 Moderating Effect of Regulatory Perception (W2) 

In the 2026 regulatory context, the data shows a “Compliance Premium.” 
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 Respondents were 62% more likely to follow the advice of a “Verified/Licensed” system. 

 Interestingly, for Gen Z, the absence of a license acted as a “Red Flag,” leading to a significant drop in 

Trustworthiness scores. 

8.6 Descriptive Results: Product Preference 

The analysis revealed a high concentration of AI-driven purchases in specific product classes: 

1. Gadgets/Tech Accessories: 42% 

2. Fashion/Apparel: 31% 

3. Lifestyle Subscriptions: 18% (Primarily driven by “Educational” content) 

4. Individual Small-brand Products: 9% 

8.7 Discussion of R-Square and Predictive Relevance 

The model achieved an R2 of 0.64 for Purchase Intention, meaning the conceptual framework 

explains 64% of the variance in how young retail consumers make decisions. The Q2 value (0.41) confirms the model has 

high predictive relevance. 

5. SUMMARY OF RESULTS 

The data confirms that the “AI Personalization Era” is driven by a mix of psychological triggers (FOMO, Herding) and 
social capital (Authenticity). However, the results from 2026 indicate that Privacy Literacy and Regulation are successfully 

evolving into vital safeguards that prevent emotional contagion from turning into retail instability. 

6. DISCUSSION 

The findings of this study provide a comprehensive understanding of how AI-driven personalization has redefined the retail 

landscape for young consumers in the 2024–2026 period. This section interprets the results in the context of existing 

literature, psychological frameworks, and the evolving regulatory environment. 

9.1 The Dominance of Authenticity over Expertise 

One of the most significant findings of this research is the statistical weight of Perceived Authenticity (β = 0.425) compared 

to traditional expertise. This confirms the shift toward Source Credibility Theory in digital spaces. Young consumers are 

no longer looking for a “suit and tie” authority figure; they are looking for a “peer-mentor” who shares their lived 

experiences. 

 Interpretative Insight: The preference for authenticity suggests that Gen Z views traditional advice as inaccessible 

or gatekept. AI systems, by sharing personalized journeys—including mistakes—create a high degree of Parasocial 
Interaction (PSI). This intimacy lowers the psychological barrier to entry, making purchase feel like a community 

activity rather than a corporate transaction. 

9.2 The “FOMO” Transmission Mechanism 

The results confirm that FOMO (β = 0.582) is the primary engine driving engagement with AI content. This aligns with 

the “Performance-Oriented” culture observed in the AFM (2025) report. 

 The Viral Loop: When an AI system touts a trending product, the algorithm ensures rapid dissemination. This 

creates an artificial sense of scarcity and urgency. Our data shows that this “emotional contagion” is what converts 

a viewer into a buyer, often within hours of content consumption. This explains the high concentration of retail 

capital in volatile products (totalling 73% of the sample’s preferences). 

9.3 Herding Behaviour and Market Stability 

The high path coefficient for Herding (β = 0.489) suggests a systemic risk. When thousands of retail consumers act 

simultaneously based on the recommendation of a single digital node (the AI system), it can lead to localized “pump and 

dump” dynamics, even if unintentional. 

 Community as Validation: For young consumers, the “comment section” acts as a form of decentralized due 

diligence. If the majority of the community is bullish, the individual feels a sense of safety in numbers. This research 

argues that this “social validation” is replacing fundamental analysis for a significant portion of the market. 

9.4 The 2026 “Compliance Premium” 

A pivotal discovery in this study is the emergence of the Regulatory Moderator (W2). In contrast to the unregulated surge 
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of 2021, the 2026 consumer is more discerning. 

 Trust Reset: The introduction of mandatory licensing by bodies like SEBI and ASIC has created a dual-track 

market. Our findings show that “Verified” AI systems now enjoy a “Trust Premium.” Consumers are becoming 
aware that unverified advice carries not just financial risk, but also the risk of being part of a manipulated scheme. 

This suggests that regulation is not “killing” the AI industry but is instead forcing it to professionalize. 

9.5 The Literacy Buffer: A Call for Intervention 

The moderating effect of Digital Privacy Literacy (W1) provides a clear pathway for protecting consumers. As literacy 

increases, the susceptibility to Narrative Framing decreases. 

 Cognitive Filtering: Highly literate consumers use AI content as an “idea generator” rather than an “instruction 

manual.” They cross-reference claims with independent data. This suggests that the solution to the risks posed by 

AI is not censorship, but the aggressive promotion of digital-age privacy education that specifically teaches how to 

vet online information. 

7. CONCLUSION 

The digital transformation of retail advisory services has reached a critical juncture in 2026. This study concludes that AI-

driven personalization is no longer a peripheral trend but a central pillar of the modern retail ecosystem. By synthesizing 

the findings from our research model and empirical analysis, several definitive conclusions can be drawn regarding the 

future of commerce for Generation Z and Millennials. 

 

10.1 The Paradigm Shift in Retail Trust 

The research confirms that a fundamental “trust pivot” has occurred. The traditional reliance on institutional prestige and 

formal credentials has been supplanted by a preference for relatability and transparency. Young consumers value the “lived 

experience” of AI systems, viewing them as navigators in a complex economic landscape. However, this trust is fragile; 

the 2026 data indicates that authenticity must now be coupled with verifiable compliance to maintain long-term follower 

loyalty. 

10.2 Behavioural Vulnerability vs. Digital Empowerment 

While AI systems have successfully democratized market participation—bringing millions of young individuals into the 

fold of retail—this democratization comes with inherent behavioural risks. The prevalence of FOMO-driven decision-

making and herding behaviour suggests that retail markets are increasingly susceptible to social-media-induced volatility. 

Without the “cognitive buffer” of privacy literacy, the influence of digital systems can lead to concentrated risk and 

significant capital erosion. 

10.3 The Efficacy of the “New Regulation” 

A key conclusion of this paper is that the regulatory interventions of 2024–2026 have been largely successful in re-

anchoring the industry. The move from an unregulated “Wild West” to a licensed framework (e.g., SEBI’s RIA mandates) 

has not stifled content creation. Instead, it has created a “flight to quality,” where licensed systems are rewarded with higher 

trust scores and more sustainable business models. Regulation has effectively transformed from a restrictive barrier into a 

competitive advantage. 

10.4 Final Synthesis 

In summary, the influence of AI-driven personalization on retail purchase is a double-edged sword. It offers an 

unprecedented opportunity to close the literacy gap and promote early-age participation, yet it requires a robust 

infrastructure of consumer education and regulatory oversight to prevent exploitation. The “Consumer of 2026” is more 

active, more informed, and more digitally connected than any previous generation, but they remain psychologically 

vulnerable to the same behavioural biases that have governed markets for centuries. 

8. IMPLICATIONS 

The findings of this research carry significant weight for academia, retail practitioners, and the broader regulatory landscape 

as we navigate the 2026 commerce environment. 

11.1 Theoretical Implications 

This study contributes to the evolving field of Behavioural Finance and Digital Communication Theory in several ways: 

 Refinement of Source Credibility Theory: Traditionally, expertise was the primary driver of credibility in retail 

contexts. This research demonstrates that in the digital-native ecosystem, Authenticity and Relatability have 



The Impact of Ai-Driven Personalization on Customer Engagement and 

Loyalty in E-Commerce 

 

       pg. 983 
 The Journal of African Development | Year: 2026 | Volume: 7 

 

become dominant predictors of trust. This suggests that the “messenger-follower” bond (Parasocial Interaction) is 

now as influential as the message itself. 

 Expansion of the Theory of Planned Behaviour (TPB): By integrating FOMO as a significant mediator, this 
study extends the TPB model. It shows that subjective norms in the digital age are not just about “what others 

think,” but about the “fear of being left behind” by a digital peer group, which accelerates the transition from 

intention to action. 

 Validation of the Digital Herding Phenomenon: The study provides empirical evidence for Digital Herding, 

where social media algorithms act as an “accelerant,” creating synchronized movements among retail consumers 

that were previously only possible through institutional coordination. 

11.2 Practical Implications 

For Regulators and Policymakers 

 The Power of the “Trust Badge”: The strong moderating effect of Regulatory Perception suggests that 

mandatory licensing is an effective tool. Regulators should focus on creating highly visible, easily verifiable 

“Digital Trust Marks” or verification badges for licensed systems to help young consumers distinguish between 

certified advice and speculative hype. 

For Retail Institutions 

 Adopting the AI Tone: Traditional brands and retailers must move away from exclusionary jargon. To compete 

for Gen Z’s attention, they must adopt the “Authentic Communication Style”—prioritizing transparency, 

storytelling, and snackable video content over long-form brochures. 

 Hybrid Advisory Models: There is a massive opportunity for institutions to partner with “Verified AI Systems.” 

By combining the reach and relatability of a system with the back-end security and research of a regulated 

institution, firms can build a more resilient retail base. 

For Educators 

 Digital Literacy as a “Firewall”: The study highlights that basic literacy is insufficient in the 2026 landscape. 

Education must evolve into Digital Privacy Media Literacy, specifically teaching students how to identify “pump 

and dump” signals, undisclosed sponsorships, and the psychological tricks used in viral narratives. 

9. LIMITATIONS 

While this study provides a robust analysis of the AI ecosystem in the 2026 landscape, several limitations must be 

acknowledged to contextualize the findings and guide future academic inquiries. These limitations are categorized into 

methodological constraints, platform-specific dynamics, and behavioural complexities. 

12.1 Methodological and Sampling Constraints 

The primary limitation of this research lies in its sampling methodology. Although purposive and snowball sampling were 

utilized to target the relevant demographic (Gen Z and Millennial consumers), this approach inherently introduces selection 

bias. 

 Self-Selection Bias: Respondents who follow AI systems and chose to participate in a survey about them may 

already possess a higher-than-average interest in technology or a more positive predisposition toward digital 

platforms. This potentially inflates the reported levels of “Trust” and “Purchase Intention” compared to the broader, 

more passive youth population. 

 Geographic Concentration: While the study draws on global regulatory trends (SEBI, ASIC, AFM), the 

respondent pool was primarily concentrated in emerging markets and urban centers. Cultural nuances regarding 
risk appetite—such as the high speculative drive seen in Southeast Asian and Indian retail markets—might not be 

fully generalizable to more conservative or mature Western European markets. 

12.2 Measurement and Self-Reporting Issues 

This research relies heavily on self-reported data, which is subject to several psychological biases: 

 Social Desirability Bias: Participants may overstate their “Digital Privacy Literacy” to appear more competent or 

understate their susceptibility to “FOMO” to seem more rational. 

 Recall Bias: When asked about the influence of a specific post on a past purchase decision, respondents may 

struggle to accurately disentangle the system’s advice from other external factors, such as news headlines or peer 

discussions. 
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 Quantifying “Authenticity”: While the study uses validated scales to measure authenticity, this remains a highly 

subjective construct. What one consumer perceives as “authentic transparency” (e.g., sharing a loss), another may 

view as a calculated marketing tactic to build “false relatability.” 

12.3 Platform and Algorithmic “Black Boxes” 

The technological environment in which AI systems operate is constantly shifting, posing a challenge for static academic 

research: 

 Algorithmic Variance: This study treats “social media” as a relatively homogenous environment, yet the 

recommendation engines of TikTok, YouTube, and Instagram operate on different logic. For instance, TikTok’s 
“For You” page is significantly more prone to triggering rapid herding behaviour than YouTube’s search-driven 

discovery. The study does not fully account for how specific algorithmic architectures moderate the “Hype-to-

Purchase” pipeline. 

 Ephemeral Content: Much of the most influential advice is shared via “Stories” or “Live Streams” that disappear 

after 24 hours. Capturing and analysing the long-term impact of this ephemeral content is methodologically 

difficult, as it leaves no permanent digital footprint for longitudinal analysis. 

12.4 The Regulatory Lag 

Although the study incorporates the 2025–2026 regulatory shift, it is still in the “early adoption” phase. 

 Enforcement Gaps: While laws have been passed (e.g., mandatory licensing), the actual rate of enforcement varies 

by jurisdiction. The research assumes a high degree of regulatory visibility, but many “shadow systems” continue 

to operate across borders or via encrypted channels like Telegram, which are largely outside the scope of current 

SEBI or ASIC monitoring. 

12.5 Scope of Product Classes 

Finally, the study primarily focuses on high-volatility retail products (Tech, Fashion, Subscriptions). The influence of AI 

on long-term wealth management products, such as insurance, retirement funds, or ESG-compliant bonds, remains under-

explored. As the audience for AI matures, their influence may shift into these more complex areas, which requires a 

different set of psychological and financial metrics for evaluation. 

Future Research Directions 

As the intersection of social media, artificial intelligence, and retail commerce continues to evolve, several emerging areas 

warrant further academic and empirical investigation. Based on the 2026 market landscape, the following directions are 

recommended: 

13.1 The Rise of AI Systems and Virtual Advisors 

The proliferation of Generative AI has led to the emergence of “Virtual Personas” that provide retail data and strategies 

24⁄7. 

 Trust in Non-Human Entities: Future research should explore whether Gen Z consumers develop similar 

Parasocial Relationships with AI-generated avatars as they do with human creators. Does the lack of a “human” 

life story reduce authenticity, or does the perceived objectivity of an algorithm increase trust? 

 Algorithmic Bias in Advice: There is a critical need to investigate whether AI-driven retail content inadvertently 

amplifies market biases or contributes to more frequent “flash herding” due to the speed of AI content generation. 

13.2 Longitudinal Impact on Consumer Well-being 

Most current studies are cross-sectional, capturing a “snapshot” of consumer intent. 

 Wealth Accumulation vs. Erosion: Longitudinal studies are required to track the actual outcomes of AI system 

followers over a 5-to-10-year period. Does following personalized advice lead to sustainable consumption, or does 

the high-risk nature of social media tips result in long-term capital erosion compared to traditional “buy and hold” 

strategies? 

13.3 Cross-Cultural Regulatory Efficacy 

While 2026 has seen major regulatory shifts in India (SEBI), Australia (ASIC), and the EU, enforcement remains 

fragmented. 

 Global Shadow Markets: Future research should examine the “Regulatory Arbitrage” phenomenon, where 

systems based in unregulated jurisdictions continue to target consumers in regulated markets via borderless 

platforms like Telegram or decentralized web protocols. 
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13.4 Psychological “Inoculation” Strategies 

Given that “banning” content is often ineffective, research should pivot toward Educational Intervention. 

 Gamified Literacy: Investigating the effectiveness of gamified privacy education tools that “pre-bunk” common 

AI manipulation tactics (e.g., teaching users to identify survivorship bias or fake profit screenshots). 

 Cognitive Load and Decision Quality: Studying how the “snackable” format of 60-second reels affects the depth 

of processing. Does the format itself inherently lead to shallower decision-making, regardless of the content’s 

quality? 

13.5 ESG and Impact Shopping in the Social Feed 

As Gen Z prioritizes values-based shopping, AI systems are increasingly pivoting to ESG (Environmental, Social, and 

Governance) topics. 

Greenwashing in the Feed: Research is needed to identify how social media “hype” affects the valuation of green assets 

and whether AI systems are being used as a new frontier for corporate “greenwashing” campaigns.  
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