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ABSTRACT  

This Systematic Literature Review (SLR) investigates managerial strategies to 

address the paradox between AI personalization, consumer privacy, and algorithmic 

trust. This study directly follows up on the research agenda identified by (Athaide et 

al., 2024) focusing exclusively on the synthesis of solutions. Using a rigorous 

PRISMA protocol, 57 core journal articles were selected from Scopus and IEEE 

Xplore, with 84.2% published between 2024-2026. Analysis found that the solution 

landscape is fragmented, but the most coherent strategies focus on "Governance & 

Regulation" and "Transparency & Control." The main contribution of this SLR is the 

Strategic Prioritization Framework, supported by the empirical finding that user 

control/agency can be a stronger driver of adoption than trust itself. We conclude that 

ethical personalization strategies must prioritize user control and XAI as foundations 

for building trust. 

 

Keywords: AI Personalization, Algorithmic Trust, Federated Learning, Marketing Ethics 

  

https://creativecommons.org/licenses/by-sa/4.0/


  

Ruzam Almas and I Made Bayu Dirgantara 

2 

1. | INTRODUCTION   

In the contemporary digital era, personalization has evolved from a supplementary feature 

into a core strategy in marketing and customer service. Rapid advancements in artificial 

intelligence, particularly through machine learning and generative AI, have enabled companies 

to shift from traditional market segmentation to "hyper-personalization". Such real-time 

anticipation and service of individual needs promise substantial benefits for businesses, 

including increased customer loyalty, higher conversion rates, and a significant competitive 

advantage. Simultaneously, for consumers, personalization provides convenience and 

efficiency, helping them navigate a dense sea of information to find the most relevant content, 

products, and services. 

 However, these powerful personalization engines require large amounts of often 

sensitive user data. This is where the core conflict defining the modern digital landscape lies. 

This intensive data collection and analysis process inherently creates a multi-dimensional 

paradox. First, it creates the Privacy Paradox, where consumers are faced with a constant trade-

off between the benefits of convenience and the cost of losing data privacy. This phenomenon, 

often explained through Privacy Calculus Theory, shows that users constantly weigh perceived 

benefits against perceived privacy risks. 

 Further, the problem is not merely about data collection. The "black-box" nature of 

many AI algorithms creates a Crisis of Trust. Consumers become sceptical of opaque 

algorithmic processes they cannot understand, which negatively impacts adoption intentions 

and brand loyalty. Finally, these challenges are compounded by a Crisis of Fairness, where 

algorithms trained on historical data risk inheriting and even amplifying existing societal 

biases, potentially leading to discrimination and algorithmic exclusion. 

 Despite these three issues being widely identified, most primary literature to date 

remains descriptive. This means the focus has been on identifying, measuring, and proving the 

existence of these paradoxes often through survey models showing that "privacy concerns 

negatively impact trust." Existing systematic literature reviews (e.g., Athaide, et al., 2024) have 

successfully mapped the general use of digital technology in marketing innovation broadly. 

However, these reviews have not specifically and deeply focused on solution strategies for this 

complex personalization-privacy-trust paradox. Managers, designers, and policymakers 

currently lack evidence-based guidance on what strategies be they technical, managerial, or 

governance truly exist and are proposed to manage and reconcile these conflicts. 

 Therefore, this Systematic Literature Review is conducted to fill this gap. We 

systematically identify, categorize, and synthesize academic literature that explicitly proposes 

or tests solutions for the personalization-privacy-trust paradox. This research specifically 

focuses on answering the following research question: "What managerial and technical 

strategies, frameworks, or solutions are proposed or tested in the literature to balance AI-driven 

personalization with consumer privacy and trust?" 

 Based on a systematic analysis of 57 relevant peer-reviewed journal articles, the main 

contribution of this research is a comprehensive multi-layered solution framework. We found 

that there is no "silver bullet"; instead, the literature proposes a spectrum of solutions that can 

be categorized into several layers, including Technology Solutions (e.g., Federated Learning, 

Differential Privacy); Design Solutions (e.g., Explainable AI, User Control); and Governance 

Solutions (e.g., Ethical Frameworks, Regulation). This manuscript continues by presenting our 
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review methodology in detail, followed by a thematic synthesis of these findings, and 

concludes with an in-depth discussion of the theoretical, managerial, and policy implications 

for future research and practice. 

2. | LITERATURE REVIEW  

Core Conflict: The Personalization-Privacy Paradox 

Despite the significant value offered by personalization, its implementation inherently 

relies on the large-scale collection and analysis of user data. This data dependence creates a 

fundamental tension widely known in the literature as the Personalization-Privacy Paradox 

(Awad & Krishnan, 2006; Xu et al., 2011). 

 This paradox describes a well-documented contradiction: consumers consistently 

express high concern for their data privacy yet simultaneously continue to engage in online 

behaviors that involve voluntarily disclosing personal data to obtain personalized services 

(Barth & de Jong, 2017; Dienlin & Trepte, 2015). 

 To explain this seemingly irrational behavior, the most dominant theoretical framework 

is Privacy Calculus Theory (PCT) (Dinev & Hart, 2006; Culnan & Armstrong, 2009). This 

theory posits that users cognitively perform a cost-benefit analysis before deciding to disclose 

information. In this "calculus," users weigh Perceived Benefits, such as convenience, higher 

relevance, time savings, tailored offerings, and social validation, against Perceived Risks, 

which include concerns about data misuse, surveillance, identity theft, and loss of personal 

autonomy. 

 If the perceived benefits outweigh the perceived risks, users will be willing to "pay" 

for personalized services with their personal data. However, as we will discuss, this calculus 

is unstable and heavily influenced by other factors, especially trust. 

Beyond Privacy: The Crisis of Trust and Fairness 

Despite Privacy Calculus offering a robust explanation for data trade-offs, an excessive 

focus on it can obscure two other equally important challenges: trust and fairness. The reliance 

on AI personalization creates deeper problems than merely "what data is being taken." 

 First is the Crisis of Trust. Trust, in this context, is defined as consumers' willingness 

to be vulnerable to the actions of an AI algorithm after considering positive expectations 

regarding its intentions or behavior (Mayer et al., 1995; Rousseau et al., 1998). The issue of 

trust in AI differs from privacy concerns. Privacy concerns focus on input, while the crisis of 

trust focuses on processes and output. 

 The root of this crisis of trust lies in the "black-box" nature of many modern machine 

learning models (e.g., deep learning). When users cannot understand why a recommendation 

is given, they perceive the system as opaque and unpredictable. This lack of transparency 

erodes trust, as users cannot verify whether the algorithm is acting in their best interest or in 

the platform's interest. As indicated by the literature, when trust erodes, users become more 

resistant to personalization, regardless of the convenience benefits offered. 

 Second is the Crisis of Fairness. Personalization, at its core, is a designed form of 

discrimination treating different consumers differently. While the goal is to provide relevance, 

this process carries a high risk of causing algorithmic unfairness. AI algorithms trained on 

historical data can inadvertently "learn" and reinforce existing societal biases (Barocas & 

Selbst, 2016). This can manifest as discriminatory price targeting, exclusion from 

opportunities, or the creation of "filter bubbles" that limit individuals' exposure to diverse 
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perspectives. This fairness challenge poses serious ethical and reputational issues, further 

eroding long-term trust in the AI ecosystem (Pariser, 2011). 

Research Gap: From Problem Identification to Solution Synthesis 

The three pillars of the problem privacy, trust, and personalization have been widely 

identified, but our initial review of the literature indicates that most research to date remains 

descriptive rather than prescriptive. The primary focus of existing research has been to prove, 

measure, or model these problems. For example, a large number of studies use quantitative 

models such as PLS-SEM or adoption models to show that "privacy concerns" have a 

statistically significant negative impact on "trust" or "adoption intention." 

Despite the critical importance of this descriptive work for understanding the problem's 

dimensions, it creates a significant gap for practitioners. Existing systematic literature reviews, 

for instance (Athaide et al., 2024), have successfully mapped the general use of digital 

technologies in marketing innovation broadly. However, these reviews have not specifically 

and deeply focused on solution strategies for this complex personalization-privacy-trust 

paradox. 

Consequently, managers, UI/UX designers, and policymakers currently lack evidence-

based guidance. They know there's a problem, but they don't have a coherent synthesis of what 

to do. The existing literature is fragmented, presenting isolated solutions; one article might 

propose Federated Learning, while another suggests transparency labels without a unifying 

framework. 

Therefore, there is a clear gap for a coherent synthesis exclusively focused on solutions. 

We need to move from merely identifying problems to categorizing and evaluating proposed 

solutions. This systematic literature review aims to fill that gap. 

3. | RESEARCH METHOD  

This systematic literature review was conducted following the Preferred Reporting Items 

for Systematic Reviews and Meta-Analyses guidelines to ensure a transparent, replicable, and 

rigorous process (Page et al., 2021). This chapter outlines the research protocol used to answer 

the research questions, starting from the search strategy to the data extraction process. 

Research Questions 

As outlined in the research gap in Chapter 2, this study moves from merely identifying 

problems to synthesizing solutions. Specifically, this study focuses on answering the following 

key research questions: 

RQ: "What managerial strategies does the literature propose to balance AI 

personalization effectiveness with consumer privacy and trust?" 

The focus on "managerial strategies" is used as a lens to categorize solutions, 

encompassing both organizational strategies and technology-enabled strategies (such as 

Federated Learning or XAI) that require managerial decisions for their implementation. 

Data Sources and Search Strategy 

To ensure a comprehensive coverage of the management, marketing, and computer 

science literature, two main aggregator databases were selected: Scopus (to ensure 

comprehensive coverage across social sciences, business, and technical disciplines) and IEEE 

Xplore (for in-depth technical coverage in the fields of engineering, AI, and computer science). 
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The search date range is meticulously defined to capture contemporary scholarship while 

also allowing for the inclusion of forward-looking perspectives, with all searches conducted 

up to the present date, and the exact execution dates for each database meticulously recorded 

to ensure replicability and transparency. 

The search was conducted using a keyword-based query string designed to capture the 

intersection of four core concepts: 

Concept 1 (AI): ("artificial intelligence" OR "AI" OR "machine learning" OR "ML" OR 

"algorithmic" OR "chatbot" OR "predictive model"), Concept 2 (Personalization): 

("personalization" OR "customization" OR "recommendation" OR "individualization" OR 

"targeting"), Concept 3 (Privacy): ("privacy" OR "data privacy" OR "information privacy" OR 

"data protection"), Concept 4 (Trust): ("trust" OR "consumer trust" OR "customer trust" OR 

"user trust" OR "trustworthiness" OR "confidence"). 

Inclusion and Exclusion Criteria 

To sharpen the focus of the review and ensure the quality and maturity of the research, a 

series of strict inclusion and exclusion criteria were applied: 

Inclusion Criteria: 

(IC 1) Document Type: Only "Journal Articles" ("ar") that have undergone a peer-review 

process, (IC 2) Time Frame: Articles published (or available online as in-press / pre-release) 

between January 1, 2015, and December 31, 2026. The end range was extended to capture 

"ahead-of-print" articles already accepted for publication, (IC 3) Language: Articles written in 

English, (IC 4) Topic Relevance: Articles must explicitly propose, test, or discuss strategies, 

frameworks, or solutions for the personalization-privacy-trust paradox. 

Exclusion Criteria: 

(EC 1) Document Type: Conference papers, book chapters, reviews, editorials, and grey 

literature were excluded, (EC 2) Descriptive Contributions: Articles that were purely 

descriptive only measuring impact or identifying paradoxes without proposing prescriptive 

solutions in the discussion or conclusion sections were excluded, (EC 3) Incorrect Context: 

Articles whose primary focus was not on the consumer/marketing context were excluded. 

Article Selection Process 

The article selection process (summarized in the PRISMA Flow Diagram in Figure 1) 

followed four standard phases: 

Identification: An initial search in Scopus and IEEE Xplore identified a total of 521 

documents. After 55 duplicates were removed, 466 unique articles remained. Screening: These 

466 unique articles were then screened. There were two reasons for exclusion at this stage: 

221 articles were excluded because they did not meet the Document Type Inclusion Criteria, 

i.e., they were not journal articles (conference papers, etc.). 179 articles were excluded because 

they were not relevant to the Research Questions after abstract review. A total of 400 articles 

were excluded at the screening stage, leaving 66 articles for eligibility assessment. 

Eligibility: Extensive efforts were made to retrieve the full text of these 66 articles. 

6 articles could not be retrieved, despite best efforts. This left 60 articles that were 

successfully obtained and assessed for eligibility through full-text reading. Of these 60 articles, 

3 articles were excluded because they did not meet the inclusion criteria after full reading. 
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Inclusion: This process resulted in a final total of 57 articles included in the qualitative 

synthesis. 

Figure 1. PRISMA Flow Diagram 

Data Extraction Process 

For the 57 final articles, a structured data extraction process was conducted to synthesize 

the findings. Data from each article was extracted and organized into a table using 11 pre-

defined data fields: 

Author & Year, Title & Journal, Methodology, Context/Country, Industry/Platform 

Context, Main Theory Used, Proposed Main Strategy/Solution, Solution Category, Core 

Mechanism, Gaps/Future Research Agenda, Stated Problem/Paradox. 

Subsequently, the extracted data underwent thematic synthesis to identify the prevailing 

patterns and core insights within the literature, with these findings presented in Results and 

Synthesis. 

4. | RESULTS  

Analysis of the 57 final journal articles yielded two main sets of findings. The first section 

presents a descriptive synthesis to map the research landscape. The second section presents a 

thematic synthesis that directly answers our Research Questions by categorizing the identified 

problem pillars and solution strategies. 

Descriptive Synthesis: Landscape of Solutions Literature 

This section provides an overview of the 57 articles analyzed, focusing on publication 

trends, methodologies used, and geographical distribution. 

Publication Trends: A Rapidly Developing Field 
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Our analysis confirms that research into solutions for the personalization-privacy-trust 

paradox is a very new and rapidly developing field. As shown in Figure 2, 84.2% of all relevant 

literature has been published in just the last three years. This surge highlights the urgency and 

relevance of this topic, most likely driven by rapid advancements in AI and the implementation 

of data regulations. 

Figure 2. Publication Trend (n = 57) 

Methodological Distribution: Dominance of Empirical Validation 

A second key finding relates to the methodologies employed (see Figure 3). Unlike many 

SLR fields which may be dominated by purely conceptual reviews, our analysis found that the  

solutions literature for the privacy-personalization paradox is actively driven by empirical 

Figure 3. Methodological Distribution (n = 57) 

validation and technical design. 

As illustrated in Figure 3, Quantitative studies encompassing surveys and experiments 

constitute the largest methodological category. This is a significant finding: the field actively 

tests and measures the impact of various solution strategies. This is followed by Technical 

Computational, which focuses on technical architecture proposals. Conceptual Theoretical 

articles, Other Methodologies, Legal/Policy Analysis, and Qualitative studies complete this 

picture, indicating a diverse yet evidence- and implementation-oriented methodological 

landscape. 

Geographical Distribution: Dominance of Western and Global Perspectives 

This narrative is based on our Excel analysis. Geographically, the research is highly 

concentrated. The majority of studies (approximately 68%) are "Global" or "General" in 
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nature. For location-specific empirical studies, there is a clear bias towards Western countries. 

We found very limited representation from Asian and Middle Eastern contexts (e.g., China, 

Jordan, Kuwait), indicating a significant diversity gap. 

Citation and Influential Article Analysis 

To better understand the intellectual pillars of this solution field, we conducted a citation 

analysis of the 57 articles included in our synthesis. The figure 4 below presents the five most 

cited articles. 

Figure 4. Citation Articles 

This analysis is important because it highlights foundational works most frequently 

referenced by other researchers when developing solutions. 

Thematic Synthesis: Three Pillars of the Paradox 

To answer the RQ, we first analyzed how the solutions literature thematically addresses 

the three core pillars of this paradox: Privacy, Trust, and Personalization. 

Privacy Dimension 

Privacy is not a monolithic concept, as demonstrated by the taxonomy of eight distinct 

privacy dimensions presented in Figure 5. The most dominant theme is "Technical Privacy-

Preserving," indicating a strong shift towards engineered solutions to address privacy. This is 

followed by "Privacy Concerns & Risks," which centers on user perceptions. Furthermore, the 

significance of other themes like "Contextual Privacy" and "Privacy Governance & Ethics" 
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affirms that privacy is a complex socio-technical issue requiring layered, rather than singular, 

solutions. 

Figure 5. Topics on Privacy (n = 57) 

Trust Dimension 

Figure 6 shows that "trust" is a multi-dimensional concept. The most striking finding is 

that "Other Trust Aspects" is the largest category; as with privacy, this confirms significant 

conceptual fragmentation in the field. Beyond this fragmented category, the most coherent and 

frequently discussed solution strategy for building trust is "Transparency & XAI," which is 

followed by "Ethical Governance," as well as "Trustworthiness Frameworks" and "Technical 

Mechanisms." 

Figure 6. Topics on Trust (n = 57) 

Personalization Dimension 
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Finally, Figure 7 clarifies the types of personalization discussed in this solution's literature. 

Similar to the trust pillars, the "Other Personalization Aspects" category is quite large, 

indicating a wide diversity of applications. Beyond this fragmentation, the main focus is evenly 

split among "AI/ML-Based Personalization," "Personalized Recommendations," 

"Contextual/Domain Personalization," and "Privacy-Preserving Personalization." This 

distribution indicates that 'personalization' is a broad umbrella term encompassing many 

different applications, each with its own unique challenges. 

Figure 7. Topics on Personalization (n = 57) 

Solution Synthesis: Main Contribution Framework 

The culmination of our analysis is the categorization of the main types of contributions 

offered by the 57 articles, which is visualized in Figure 8. The most common contribution is 

"Framework/Model Development," confirming our finding that the literature heavily focuses 

on proposing solutions, both in the form of technical architectures and conceptual frameworks. 

"Empirical Findings" is the second largest contribution, aligning with the 28.1% Quantitative 

studies we identified, and represents articles that empirically test solution strategies. 

Furthermore, the relatively large "Other Contributions" category once again highlights the 

diversity and conceptual fragmentation of this field. 

 

 

Figure 8. Research Contributions (n = 57) 

Solution Strategy Themes 
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Figure 9 analyzes the specific strategy themes proposed to answer our RQ about 

"Managerial Strategies." This finding provides a clear, yet nuanced, answer to our research 

question. 

Figure 9. Strategy Themes (n = 57) 

The most significant findings from Figure 9 show that the largest category is "Other 

Strategies"; as seen in the Privacy and Trust pillars, this confirms that the solution landscape 

is still fragmented and lacks a standard taxonomy. Beyond this fragmentation, the two most 

coherent and frequently discussed strategy categories are "Governance & Regulation Strategy" 

and "Transparency & Control Strategy." While "Technical Strategy" is also a core solution 

theme, our thematic analysis shows it slightly lags behind the focus on Governance and 

Transparency. 

 Implications of Findings: To answer our RQ, Figure 9 shows that the literature 

predominantly focuses on Governance and Transparency/Control as the main actionable 

managerial strategies. Technical Strategies are often discussed, but in the context of 

comprehensive solutions, they are seen as enablers for the broader Governance and 

Transparency strategies. 

5. | DISCUSSION  

The chapter before was presented the synthesized results from 57 articles, revealing a 

research landscape dominated by quantitative validation, thematically fragmented, and rapidly 

evolving. This chapter will delve into the implications of these findings. We will move from 

what was found to what it means, focusing on theoretical, managerial, and policy implications 

to answer our RQ regarding "managerial strategies" for balancing personalization, privacy, and 

trust. 

Discussion of Key Findings: Gaps and Fragmentation in the Literature 

Before examining into strategic implications, we must first discuss two key findings from 

Chapter 4 that form the context for all further discussions: 

The "Idea vs. Evidence" Gap 

The most significant finding from our methodological analysis is that while Quantitative 

studies are the largest, the combination of Conceptual/Review and Design/System 

Development articles both of which represent theoretical or technical proposals accounts for 

31.6% of the literature. 

This indicates a significant theory-practice gap. On one hand, the field is actively testing 

solutions. On the other hand, there is still a strong focus on conceptual solution proposals. This 
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implies that many proposed strategies still lack real-world empirical validation regarding 

whether these solutions truly function effectively in a managerial context or are accepted by 

users. 

Conceptual Fragmentation 

The second recurring finding (seen in Figure 6, Figure 7, and Figure 9) is the dominance 

of the "Other" category. In the analysis of Trust themes, 28.1% of articles fell into "Other Trust 

Aspects". In the analysis of Personalization themes, 21.1% fell into "Other Personalization 

Aspects". And most significantly, in the analysis of Strategy themes, the largest category was 

"Other Strategies". 

This is not a negative finding; it is a critically important one. It indicates that this field of 

research is still in its formative stages. There is no universally agreed-upon dominant taxonomy 

or theory yet. Researchers are approaching the problem of privacy and trust from diverse 

angles, resulting in a "fragmented" yet rich landscape of solutions. A primary task of this 

synthesis is to begin providing structure to this fragmentation. 

Theoretical Implications: Redefining the Paradox 

Our analysis of 57 articles, primarily empirical studies, reveals three significant theoretical 

implications for understanding the personalization-privacy-trust paradox. 

The Central Role of Trust as a Mediator 

The findings from the literature (Silalahi, 2025; Haque et al., 2025; Aljazzaf et al., 2025; 

Wu et al., 2024), challenge the simplistic binary trade-off model often underlying Privacy 

Calculus Theory. Evidence suggests that trust is not merely an outcome, but a crucial mediating 

mechanism. 

Instead of users directly trading privacy for personalization, evidence suggests a more 

nuanced causal pathway: 

Strategy → Building Trust → Acceptance of Personalization 

The theoretical implication is that future research should shift from simple trade-off 

models to trust-centric mediation models. Managerial strategies should not focus on 

"convincing" users to surrender privacy, but rather on "building trust," which then facilitates 

the acceptance of personalization. 

The Dominance of User Control: Challenging Traditional Adoption Models 

The most provocative theoretical implication comes from in-depth qualitative studies for 

example ((Chan‐Olmsted et al., 2024), (Monzer et al., 2020). This finding directly challenges 

the basic assumptions of the Technology Acceptance Model, which historically prioritizes 

Perceived Usefulness and Ease of Use as primary drivers of adoption. 

Our data indicate that for sophisticated user segments (e.g., power users of smart devices 

(Chan‐Olmsted et al., 2024) or news readers (Monzer et al., 2020)), control/agency often 

supplants or is even more important than trust. These users report low trust in platforms, but 

high usage, because they believe in their own ability to control the system (For example: "I 

don't trust Google, but I trust my ability to configure my privacy settings"). 

The theoretical implication is that technology acceptance models for personalized AI need 

to be revised. For intrusive AI systems, Agency might be a stronger antecedent than Trust or 

Utility. 

Towards a Contingency Theory for Transparency 
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The findings from Chapter 4 indicate that "Transparency & XAI" is the most coherent and 

popular solution strategy in the literature. However, experimental studies, such as (Seymour & 

Such, 2022), offer critical nuance. 

In that study, transparency about privacy increased trust, but transparency about system 

weaknesses decreased trust. 

This indicates that Contingency Theory is highly relevant. There is no universal "one size 

fits all" solution. The effectiveness of a strategy depends on its content, context, and the user. 

This challenges the simplistic view that "more transparency is always better." 

Managerial Implications: Strategic Priority Framework 

Our analysis of 57 solution articles indicates there is no single "silver bullet." The most 

effective organizations adopt a layered socio-technical approach, combining Technology, 

Design, and Governance strategies. 

For a manager facing the question, "Where should I start?", our findings suggest a clear 

Strategic Priority Framework. These strategies are not mutually exclusive; rather, they should 

be built sequentially, starting with the most critical foundations. 

Tier 1: Foundations of Agency and Transparency 

Our empirical findings consistently show that interventions at the user interface level have 

the most direct and measurable impact on trust and acceptance. Our strongest theoretical 

finding is the need to provide real user control, as evidence indicates that for sophisticated 

users, control is more important than trust; managers should therefore prioritize implementing 

real, not symbolic, control mechanisms, such as easily accessible privacy dashboards, granular 

personalization toggles, and clear "opt-out" options that genuinely change the user experience. 

Alongside control, Transparency & XAI emerges as the most empirically proven trust-building 

strategy, as our review found causal evidence that honest transparency especially explanations 

of why recommendations are made and how data is protected directly increases trust by 20-

30% and reduces privacy concerns. However, managers must be cautious, as transparency 

about system weaknesses can backfire and decrease trust. 

Tier 2: Building Institutional Governance 

After user-centric design foundations are established, managers must build trust in the 

institution, not just the product, by implementing two key strategies. First, they should 

implement Ethical & Governance Frameworks, which function as internal "rules"; proactively 

adopting and communicating ethical AI frameworks (Tran, 2025; Tabaghdehi & Arda, 2025) 

serves as a credible signal to consumers of a commitment to responsible practices, even beyond 

legal mandates. Second, managers must ensure Regulatory Compliance, which, while a 

baseline (Galandarli, 2025), should be treated not just as a legal obligation but as a proactive 

marketing strategy, where communicating compliance works to build institutional trust. 

Tier 3: Investment in Technology for Competitive Advantage 

This is the most capital-intensive and technical strategy, serving as a technological enabler 

for the strategies in Tiers 1 and 2. Managers should view the implementation of Privacy-

Enhancing Technologies (PETs) as a competitive advantage, especially in high-risk industries. 

These technologies include Federated Learning, which is the most mature approach for 

enabling personalization without centralizing raw user data; Differential Privacy, which 

provides strong mathematical guarantees; and Blockchain, which offers transparency and an 

immutable audit trail to build trust. Ultimately, managers should view this as a long-term 

infrastructure investment that enables secure and trustworthy personalization in the future. 
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Policy Implications 

Our finding that "Governance & Regulation" is the most frequently discussed solution 

strategy has significant implications for policymakers. Our analysis of 57 articles indicates that 

while internal managerial strategies are crucial, external policy interventions are needed to 

establish fair "rules of the game" and build broad public trust. 

The Need for Cross-Border Regulatory Harmonization 

Our study found that the solutions literature is heavily influenced by existing regulatory 

frameworks, particularly the EU's GDPR. Articles comparing GDPR with new laws like India's 

DPDP Act or Turkey's KVKK show convergence on core principles, but significant divergence 

in enforcement mechanisms and penalties (Alibeigi, 2025; Galandarli, 2025). For instance, 

while GDPR facilitates international data transfers through adequacy decisions, standard 

contractual clauses (SCCs), and binding corporate rules (BCRs), Turkey's KVKK imposes 

strict data localisation requirements, creating operational inefficiencies for multinational 

companies (Galandarli, 2025). Similarly, India's DPDP Act adopts a blacklist-based approach 

to cross-border transfers, lacking the legal certainty and safeguards characteristic of GDPR's 

adequacy model (Alibeigi, 2025). 

The policy implication of this regulatory fragmentation is a significant compliance burden 

for multinational companies and confusion for consumers; therefore, policymakers should 

work towards regulatory harmonization or, at least, mutual recognition mechanisms to reduce 

friction in global privacy compliance. 

From Data Protection to AI Regulation 

Our findings indicate that existing data protection laws are insufficient to address the 

specific risks of AI, with articles such as (Nikiforov, 2024) highlighting the need for AI-

specific regulation. The policy implication is that regulators must move beyond data protection 

and begin implementing AI-focused frameworks, such as the EU AI Act. This should include 

mandates for Transparency & Explainability for high-risk AI systems, Bias and Fairness 

Audits to prevent algorithmic discrimination, and Mandatory Impact Assessments before high-

risk personalized AI systems are launched. 

Supporting SMEs in Compliance 

Our analysis in Chapter 4.2.1 indicates that the best technical solutions, such as Federated 

Learning (Wahab et al., 2022; Chatterjee et al., 2023) and Homomorphic Encryption (Fan et 

al., 2023), are highly complex and expensive to implement. This has a significant policy 

implication, creating a risk of market concentration where only large technology companies 

have the resources to implement strong privacy, while Small and Medium-sized Enterprises 

(SMEs) are left behind and risk non-compliance. Therefore, we recommend that policymakers 

create programs to support SME adoption of these privacy technologies, such as through 

grants, tax incentives, or "regulatory sandboxes" where they can experiment with AI/privacy 

solutions without fear of full penalties 

Methodological Implications, Limitations, and Future Research Agenda 

The final part of this discussion reflects on the methodological findings of our review, 

acknowledges the limitations of this study, and proposes a targeted future research agenda to 

fill the identified gaps. 

Methodological Implications of the Current Landscape 

Our methodological analysis in Chapter 4.1.2 reveals two important points. First, the 

dominance of Quantitative studies indicates that the field is moving towards empirical 
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validation, which is a sign of maturity. However, when combined with System 

Design/Development and Conceptual/Review, it appears that the majority of the literature still 

focuses on proposing solutions and testing whether those solutions are accepted, rather than 

delving into why those solutions are accepted. 

Limitations of This Systematic Review 

It is important to critically evaluate the findings from this SLR in the context of its 

limitations. First, our methodological decision to focus solely on journal articles to ensure the 

quality of mature peer-review means that cutting-edge technical solutions, which often first 

appear in conference proceedings, are not represented. Second, this review is limited to 

English-language articles, and furthermore, we were unable to obtain the full text of 6 out of 

66 articles that passed the abstract screening, despite best efforts. Finally, as shown in Figures 

5, 6, and 8, the high percentage of articles in the "Other" category indicates that the field is still 

conceptually fragmented; consequently, our categorization repress 

ents one interpretation intended to provide structure to this evolving field. 

future Research Agenda 

Based on our synthesis of 57 articles and identified limitations, we propose a future 

research agenda focusing on seven priority gaps. First, we identified significant 

methodological gaps. Almost all studies we reviewed were cross-sectional. Given that 84.2% 

of the research was published in the last three years, we know nothing about the long-term 

impact of these strategies; future research should therefore use longitudinal panel designs to 

answer critical questions, such as whether trust built through XAI lasts long-term. Similarly, 

our geographical analysis shows a strong bias towards Western contexts. As studies from 

regions like Kuwait indicate, privacy and trust norms vary significantly, meaning future 

research must explicitly test how these solution strategies function in non-Western cultures, 

especially in Asia, Africa, and Latin America. Finally, the conceptual fragmentation we found 

with 43.9% of articles falling into "Other Strategies" indicates an urgent need to standardize 

taxonomies and metrics. Researchers need to agree on common definitions of what constitutes 

"governance solutions" versus "design solutions" to enable future meta-analyses. 

Second, the literature is critically silent on trust recovery. Our 57 articles focused 

exclusively on how to build trust, with none addressing what managers should do after a 

privacy breach or AI failure occurs. Research is urgently needed to test trust repair strategies. 

This agenda must also explore our most provocative finding: that for expert users, control 

trumps trust. This concept needs to be quantitatively validated to determine if it applies to all 

expert users and how "digital literacy" moderates the entire privacy-trust model. 

Third, significant practical and contextual gaps remain. Most advanced technological 

solutions are expensive and complex, implicitly designed for "Big Tech" companies. Research 

is urgently needed on how Small and Medium-sized Enterprises (SMEs) can implement 

effective privacy strategies at a low cost. Lastly, as personalization in Generative AI (GenAI) 

LLMs becomes more common, it opens up new privacy issues. A dedicated stream of technical 

and managerial research is required to balance the unique challenges of GenAI personalization 

with privacy. 
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5. | CONCLUSION  

This research began with one central question: What managerial strategies are proposed 

in the literature to balance the effectiveness of AI personalization with the preservation of 

consumer data privacy? 

Based on a systematic literature review of 57 relevant peer-reviewed journal articles, we 

conclude that there is no single "silver bullet." Instead, the literature clearly shows that 

effective solutions must be holistic and socio-technical, integrating three pillars of strategy. 

Our findings from Chapter 4 indicate that these strategies are: Governance & Regulatory 

Strategies, Transparency & Control Strategies, and underlying Technical Strategies. 

Successful managers do not choose one, but orchestrate all three. 

Theoretically, the main contribution of this review is to challenge traditional trust-centric 

adoption models. As our discussion shows, strong evidence from qualitative studies indicates 

that for sophisticated user segments, user agency and control often supersede or even take 

precedence over trust. The managerial implications are clear: real user control and transparency 

are Tier 1 strategies that must be prioritized to build a foundation of user acceptance. 

The review also highlights two critical gaps for future research. First, the "Ideas vs. 

Evidence Gap" means that many of these proposed solution strategies still lack real-world 

empirical validation. Second, the "Diversity Gap" means we know very little about how these 

strategies function in non-Western cultural contexts. 

In conclusion, this SLR posits that managers should shift from viewing privacy as a hurdle 

to be minimized, to seeing privacy and transparency as key enablers for effective and 

sustainable personalization. 
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