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ABSTRACT  

The rapid adoption of artificial intelligence (AI) has enabled increasingly 

sophisticated personalization strategies while raising concerns about consumer 

privacy and trust. This study examines managerial strategies for balancing AI 

personalization effectiveness with privacy protection and consumer trust. A 

Systematic Literature Review (SLR) was conducted using the PRISMA 2020 

framework to analyze 57 peer-reviewed journal articles published between 2014 and 

2024 and retrieved from Scopus and IEEE Xplore. The findings reveal that managing 

AI personalization requires an integrated socio-technical approach involving three 

interconnected dimensions: Governance and Regulatory Strategies, Transparency 

and Control Strategies, and Technical Strategies. Governance and regulatory 

mechanisms establish institutional requirements for privacy, ethics, and 

accountability, while transparency and control strengthen consumer understanding 

and agency. Technical strategies, including privacy-preserving mechanisms, support 

the practical implementation of responsible personalization. The review further 

identifies an Ideas Evidence Gap, reflecting limited empirical validation of proposed 

strategies, and a Diversity Gap caused by limited representation of non-Western 

contexts. These findings highlight the importance of integrating privacy, 

transparency, user agency, and responsible governance into sustainable AI 

personalization strategies. 
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1. | INTRODUCTION   

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

feature into a core strategy in marketing and customer service. Rapid advances in 

artificial intelligence (AI), particularly machine learning and generative AI, have 

enabled firms to move from traditional market segmentation toward increasingly 

individualized and real-time personalization. These capabilities allow firms to 

anticipate consumer needs, provide relevant recommendations, and improve customer 

experiences, potentially contributing to customer loyalty, conversion, and competitive 

advantage. The effectiveness of digital personalization is also connected to broader 

customer engagement mechanisms, particularly as organizations increasingly rely on 

digital service systems to facilitate interaction with consumers. (Aljazzaf et al., 2025). 

Emerging applications of generative AI also indicate that AI-driven recommendations 

can extend beyond commercial personalization by influencing consumers’ 

sustainability-related decision-making and behavior (Silalahi, 2025). 

For consumers, personalization can reduce information overload and improve the 

efficiency and relevance of digital services. Highly personalized digital environments 

may also narrow the range of information presented to users, potentially reinforcing 

selective exposure and limiting exposure to diverse information (Pariser, 2011). 

However, the value of personalization depends heavily on the collection and analysis 

of user data, creating an enduring tension between personalization benefits and privacy 

concerns (Aguirre et al., 2015; Benlian, 2015; Acquisti et al., 2015). This tension is 

commonly described as the personalization–privacy paradox, in which consumers 

express substantial concerns about privacy while continuing to disclose personal 

information to receive personalized services (Awad & Krishnan, 2006; Barth & de 

Jong, 2017; Xu et al., 2011).  

Privacy Calculus Theory provides an important explanation for this behavior by 

proposing that individuals evaluate perceived benefits against perceived risks before 

disclosing information, while procedural fairness and trust can further shape 

perceptions of information practices (Dinev & Hart, 2006; Culnan & Armstrong, 1999). 

Recent evidence further demonstrates that consumers evaluate personalization through 

both privacy risks and personalization benefits, indicating that the paradox is not simply 

a conflict between personalization and privacy but a decision-making process shaped 

by contextual factors (Zhu & Chang, 2016; Bol et al., 2018; Wang et al., 2024). Thus, 

personalization strategies must consider not only the relevance of recommendations but 

also consumers’ perceptions of privacy invasion and control. Recent research on smart-

device personalization similarly indicates that consumers evaluate the benefits of 

personalized experiences alongside privacy considerations, highlighting the need to 

maintain an appropriate balance between personalization and privacy (Chan-Olmsted 

et al., 2024). 

Beyond privacy, AI-driven personalization creates a second challenge concerning 

trust. The emergence of generative AI further expands these concerns because the 
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trustworthiness of AI-generated outputs depends on factors such as reliability, 

transparency, and the ability to assess system behavior (Fan et al., 2025). The increasing 

use of algorithmic decision-making has raised concerns about the opacity of AI 

systems, particularly when users cannot understand why particular recommendations 

or decisions are generated. Explainable AI (XAI) has therefore emerged as an important 

mechanism for improving transparency and supporting trust. Research indicates that 

explanations can influence users’ perceptions, trust, and acceptance of AI-based 

services, although the effectiveness of explanations depends on whether users can 

meaningfully understand them (Adadi & Berrada, 2018; Shin, 2021). Evidence from 

AI-based voice assistants further suggests that explanations can shape how users 

perceive and evaluate AI systems, reinforcing the importance of explanation design in 

human–AI interaction (Seymour & Such, 2022). Similarly, explainable 

recommendation research emphasizes that explanations should be designed according 

to users’ needs rather than treated as a universal solution (Zhang & Chen, 2020). Recent 

empirical research on AI-based recommendations on social media also demonstrates 

that the effects of explanations depend on how users perceive and process the 

information provided by the recommendation system (Haque et al., 2024). This 

suggests that transparency and explainability should be integrated with user-centered 

design and meaningful control mechanisms. 

A further concern involves algorithmic fairness. AI systems trained on historical or 

potentially biased data may reproduce or amplify existing inequalities, creating risks of 

discriminatory outcomes and unequal treatment (Barocas & Selbst, 2016). In 

recommendation environments, fairness has increasingly become a multidimensional 

issue involving both algorithmic processes and consumers’ perceptions of fair treatment 

(Deldjoo et al., 2023; Vassøy & Langseth, 2024). Consequently, responsible 

personalization requires a broader socio-technical perspective that simultaneously 

addresses privacy protection, transparency, trust, user agency, and fairness. In addition, 

research on algorithmic recommendation systems indicates that social trust and 

perceptions of algorithmic equity can influence users’ willingness to interact with 

recommendation technologies, suggesting that fairness is closely connected to trust 

formation (Wu et al., 2024). 

Although privacy, trust, personalization, and algorithmic fairness have been 

extensively investigated, the existing literature remains fragmented in terms of how 

these challenges can be addressed through integrated managerial and technical 

strategies. Prior research has frequently focused on identifying privacy concerns, 

measuring trust, or examining adoption intentions, while fewer studies systematically 

synthesize actionable solutions. This fragmentation is also evident in research on user 

profiling, which identifies privacy, data management, and personalization as 

interconnected challenges in the development of user-centered digital systems (Eke et 

al., 2019). For example, privacy-enhancing technologies such as federated learning 

have been proposed to enable personalized services while reducing the need to 

centralize sensitive user data (Wang et al., 2018; Kaaniche et al., 2020).  
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At the design level, transparency, explainability, and user control have been 

investigated as mechanisms for improving trust and acceptance (Shin, 2021). At the 

governance level, privacy protection and responsible data practices have become 

increasingly important components of digital marketing strategy (Martin & Murphy, 

2016). The broader adoption of AI also creates ethical and policy challenges, making 

responsible governance increasingly important for organizations deploying AI-enabled 

personalization (Anshari et al., 2022). Recent work on AI ethics further emphasizes 

transparency, accountability, and inclusivity as interconnected principles for 

responsible AI implementation (Tabaghdehi & Arda, 2025). 

Existing systematic literature has contributed to understanding the broader 

relationship between digital technologies and marketing innovation, but a focused 

synthesis of managerial and technical strategies for balancing AI personalization, 

privacy, and trust remains limited (Athaide et al., 2024). The literature therefore 

requires a shift from merely identifying the existence of the personalization–privacy–

trust paradox toward systematically identifying how organizations can address it. 

Recent evidence illustrates the importance of this shift: rather than simply measuring 

the paradox, Wang et al. (2024) demonstrate that recommendation design can influence 

perceived privacy violation and recommendation acceptance.  

Therefore, this Systematic Literature Review (SLR) aims to identify, categorize, 

and synthesize the managerial and technical strategies proposed or tested in the 

literature to balance AI-driven personalization with consumer privacy and trust. The 

study specifically addresses the following research question: 

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

personalization effectiveness with consumer privacy and trust? 

By synthesizing the relevant literature, this study seeks to provide a structured 

understanding of technology-, design-, and governance-oriented solutions and to clarify 

how these approaches can collectively support more trustworthy and privacy-conscious 

AI personalization. 

2. | LITERATURE REVIEW  

Core Conflict: The Personalization-Privacy Paradox 

AI-driven personalization enables firms to provide individualized 

recommendations and services by collecting and analyzing consumer data. Although 

personalization can improve relevance and convenience, extensive data collection 

creates tension between consumers’ desire for personalized services and concerns 

regarding privacy. This phenomenon is widely recognized as the personalization–

privacy paradox, in which consumers may express strong privacy concerns while 

continuing to disclose personal information to obtain personalized benefits (Awad & 

Krishnan, 2006; Barth & de Jong, 2017). Privacy Calculus Theory explains this 

behavior by proposing that consumers evaluate perceived benefits against perceived 

privacy risks before deciding whether to disclose information (Dinev & Hart, 2006). 

Recent research extends this perspective by demonstrating that consumers’ privacy 
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decisions are influenced by the relative value of personalization benefits and privacy 

costs (Zhu et al., 2017).  The personalization–privacy paradox is also dynamic, as 

consumers’ willingness to disclose information may change across different stages of 

the personalization process and according to their perceptions of the benefits and risks 

of self-disclosure (Zeng et al., 2021). Personalization may therefore be accepted when 

consumers perceive sufficient utility from the service, while perceived intrusiveness 

and privacy risks may reduce acceptance.  

Research on personalized advertising similarly shows that consumers’ responses 

depend on the balance between relevance, perceived intrusiveness, and privacy 

considerations. Trust also plays an important role in personalized advertising, as 

consumers’ responses to personalization are influenced not only by perceived relevance 

but also by their level of trust in the advertising process and the organization providing 

it (Bleier & Eisenbeiss, 2015). The perceived intrusiveness of personalization is also 

important because consumers may distinguish between advertising that is perceived as 

appropriately tailored and advertising that is experienced as invasive (Gironda & 

Korgaonkar, 2018). The literature consequently suggests that privacy protection should 

not be treated as separate from personalization design.  

Research on e-commerce privacy further demonstrates that privacy concerns 

encompass multiple dimensions, indicating that organizations need to consider different 

forms of consumer privacy concerns when designing digital personalization and data 

practices (Bandara et al., 2019). When privacy concerns are not adequately addressed, 

consumers may adopt defensive behaviors in response to digital data practices, making 

privacy protection relevant not only to compliance but also to consumer relationships 

and continued engagement (Bandara et al., 2020). Privacy expectations can also vary 

across informational, temporal, and spatial contexts, suggesting that consumers’ 

reactions to privacy practices depend partly on whether organizations meet the 

expectations associated with a particular interaction context (Swani & Milne, 2022). 

Instead, privacy must be incorporated into the development of personalized services 

through mechanisms that reduce perceived risks while maintaining service utility. This 

perspective provides an important foundation for examining privacy-preserving 

strategies within AI personalization. 

Trust, Transparency, and User Control in AI Personalization 

Privacy concerns alone do not fully explain consumers’ responses to AI 

personalization. Trust is also important because users must accept a degree of 

vulnerability when interacting with algorithmic systems (Mayer et al., 1995; Rousseau 

et al., 1998). Research on trust in automation further shows that trust development is 

influenced by multiple characteristics of the system, user, and interaction context, 

indicating that trust in AI-enabled personalization should not be understood as a simple 

consequence of system performance alone (Schaefer et al., 2016). The opacity of AI 

systems can make it difficult for users to understand why particular recommendations 

are produced, potentially reducing confidence in algorithmic decisions. Consequently, 
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transparency and explainability have become important approaches for improving 

users’ understanding of AI systems. Explainable AI (XAI) provides mechanisms for 

communicating how or why algorithmic outputs are generated. Adadi and Berrada 

(2018) identify explainability as an important response to the black-box nature of AI, 

while Chen et al. (2022) demonstrate that explainable recommendation can improve 

transparency, trustworthiness, and user satisfaction by providing understandable 

reasons for recommendations.  

However, explanations should be designed according to users and contexts rather 

than assumed to have identical effects across all situations. The effectiveness of 

explainable AI may also depend on users’ domain knowledge, as differences in users’ 

understanding of a task can influence how explanations affect trust and task 

performance (Dikmen & Burns, 2022).  The need for explanations may also vary 

according to users’ epistemic uncertainty, suggesting that explanation should be 

provided when it meaningfully reduces uncertainty rather than being treated as a 

uniform requirement across all users and situations (Jiang et al., 2022). Evidence from 

explainable AI recommendations further indicates that consumers may respond 

differently to post hoc explanations, highlighting the importance of how explanations 

are presented and interpreted in recommendation contexts (Chen et al., 2023).  

This is consistent with evidence in the current SLR showing that transparency can 

have different effects depending on the information disclosed and the characteristics of 

users. User control and agency therefore complement transparency. Research on 

personalized digital news environments similarly identifies agency, trust, and perceived 

utility as important elements shaping users’ perspectives toward personalization 

(Monzer et al., 2020). Providing meaningful privacy settings, personalization controls, 

and opt-out mechanisms can give consumers greater control over how their data and 

personalized experiences are managed. This supports the emerging view that 

trustworthy personalization requires not only explaining algorithmic processes but also 

enabling users to exercise meaningful control over them. 

Fairness, Privacy-Preserving Technology, and Governance 

AI personalization also raises concerns about fairness because algorithms trained 

on historical or unbalanced data may reproduce existing biases and generate unequal 

outcomes (Barocas & Selbst, 2016). In recommender systems, fairness has become a 

multidimensional issue involving algorithmic processes, consumer treatment, and 

evaluation methods (Deldjoo et al., 2023; Vassøy & Langseth, 2024). These concerns 

indicate that responsible personalization requires solutions that extend beyond privacy 

protection alone. From a technical perspective, Privacy-Enhancing Technologies 

(PETs) provide mechanisms for reducing privacy risks while maintaining personalized 

services. Kaaniche et al. (2020) classify PETs into several categories and specifically 

examine their potential to reconcile the conflicting objectives of personalization and 

privacy.  
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Federated learning and other privacy-preserving approaches similarly allow 

personalization-related computation while reducing the need to centralize raw user data 

(Wang et al., 2018; Ali et al., 2021). Trust-based federated learning has also been 

investigated as a mechanism for improving recommendation systems while addressing 

challenges associated with limited user or data participation (Wahab et al., 2022). 

Federated learning has additionally been applied to recommendation models for 

financial consumer services, illustrating how decentralized learning can support 

personalization in data-sensitive consumer environments (Chatterjee et al., 2024). 

Federated matrix factorization provides another example of how decentralized learning 

can be applied to recommender systems while reducing the need to directly centralize 

users’ data (Du et al., 2021). 

These approaches demonstrate that technical solutions can function as important 

enablers of privacy-conscious personalization. However, technical mechanisms alone 

cannot resolve the broader socio-technical challenges of AI personalization. Data 

governance, organizational accountability, ethical principles, and regulatory 

compliance are also necessary to establish responsible practices (Martin & Murphy, 

2016). Thus, the literature increasingly points toward a layered approach combining 

privacy protection, fairness, technical safeguards, user control, transparency, and 

governance, providing the conceptual basis for synthesizing managerial and technical 

strategies in this SLR. 

3. | RESEARCH METHOD  

This study employed a Systematic Literature Review (SLR) to identify, categorize, 

and synthesize managerial and technical strategies for balancing AI-driven 

personalization with consumer privacy and trust. The review followed the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 

framework to ensure a transparent and systematic selection process (Page et al., 2021). 

The review focused on peer-reviewed journal articles published between January 1, 

2014, and December 31, 2024, and written in English. 

Literature was retrieved from Scopus and IEEE Xplore to cover research from 

management, marketing, artificial intelligence, engineering, and computer science. The 

search strategy combined four groups of keywords: AI (“artificial intelligence,” “AI,” 

“machine learning,” “algorithmic,” “chatbot,” “predictive model”), personalization 

(“personalization,” “customization,” “recommendation,” “individualization,” 

“targeting”), privacy (“privacy,” “data privacy,” “information privacy,” “data 

protection”), and trust (“trust,” “consumer trust,” “customer trust,” “user trust,” 

“trustworthiness,” “confidence”). Only journal articles that explicitly proposed, tested, 

or discussed strategies, frameworks, or solutions related to the personalization–

privacy–trust paradox were included. Conference papers, book chapters, reviews, 

editorials, grey literature, non-English publications, and studies that were purely 

descriptive or unrelated to consumer/marketing contexts were excluded. 
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The selection process consisted of identification, screening, eligibility assessment, 

and inclusion. The initial search produced 521 documents. After removing 55 

duplicates, 466 unique records remained. During screening, 400 records were excluded 

because they did not meet the document-type or relevance criteria, leaving 66 articles 

for full-text assessment. Six articles could not be retrieved, while three were excluded 

after full-text evaluation. Consequently, 57 journal articles were included in the final 

qualitative synthesis. The complete selection process is presented in Figure 1. 

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

1) followed four standard phases: 

 

 
Figure 1. PRISMA Flow Diagram 

 

For the final 57 articles, data were extracted using 11 fields: author and year, title 

and journal, methodology, context/country, industry or platform, theoretical 

framework, proposed strategy or solution, solution category, core mechanism, research 

gaps, and the stated problem or paradox. The extracted data were subsequently 

analyzed through thematic synthesis to identify recurring patterns across the privacy, 

trust, personalization, and solution dimensions and to classify the strategies proposed 

in the literature. 

4. | RESULTS  

The analysis of the 57 final journal articles produced two interconnected sets of 

findings: a descriptive synthesis of the research landscape and a thematic synthesis of 

the problems and solution strategies addressed in the literature. The descriptive analysis 
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examined publication trends, methodological characteristics, and geographical 

distribution, while the thematic analysis focused on privacy, trust, personalization, and 

the strategies proposed to balance AI-driven personalization with consumer privacy 

and trust. 

The publication analysis indicates that research on solutions to the personalization 

privacy trust paradox has developed rapidly, particularly in recent years. Of the 57 

articles included in the synthesis, 84.2% were published during the last three years of 

the review period. This concentration indicates that research addressing actionable 

solutions has expanded substantially alongside the rapid development and adoption of 

AI-based personalization and the increasing importance of data protection and 

responsible AI practices. The publication distribution is presented in Figure 2. 

 

 
Figure 2. Publication Trend (n = 57) 

 

The methodological distribution shows that the reviewed literature is predominantly 

evidence-oriented. Quantitative studies, including surveys and experimental 

approaches, constitute the largest methodological category. This is followed by 

technical computational studies focusing on system architectures and technical 

solutions. Conceptual/theoretical studies, other methodological approaches, legal or 

policy analyses, and qualitative studies constitute the remaining categories. The 

distribution demonstrates that the literature combines empirical investigation with 

technical and conceptual development rather than relying exclusively on theoretical 

discussion. The methodological distribution is presented in Figure 3. 
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Figure 3. Methodological Distribution (n = 57) 

 

The geographical analysis indicates that the literature is concentrated in broad global 

or general contexts. Approximately 68% of the studies were classified as Global or 

General, while location-specific studies were more frequently associated with Western 

contexts. Only limited representation was identified from Asian and Middle Eastern 

contexts, including studies involving China, Jordan, and Kuwait. This distribution 

demonstrates that the empirical evidence represented in the reviewed literature is not 

geographically balanced. The geographical distribution is presented in Figure 4. 

 

 
Figure 4. Geographical Distribution 
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Citation analysis was also conducted to identify influential articles within the 

reviewed literature. The five most cited articles are presented in Figure 5. This analysis 

identifies studies that have played an important role as intellectual references within the 

solution-oriented literature. The citation distribution provides contextual information 

regarding the development of the research field and identifies studies that have been 

repeatedly used as foundations for subsequent research. 

 

 
Figure 5. Citation Analysis of the Most Cited Articles (n = 57) 

 

The thematic analysis subsequently examined how the 57 articles addressed the 

three central dimensions of the personalization–privacy–trust paradox: privacy, trust, 

and personalization. The privacy analysis shows that privacy is addressed through 

multiple dimensions rather than as a single issue. The largest thematic category is 

Technical Privacy-Preserving, indicating substantial attention to engineered 

mechanisms for protecting data while supporting personalized services. The second 

major category is Privacy Concerns & Risks, which addresses users’ perceptions of data 

collection, misuse, and potential privacy threats. Other identified dimensions include 

Contextual Privacy and Privacy Governance & Ethics, demonstrating that privacy 

solutions encompass both technical and socio-organizational considerations. Other 

identified dimensions include Contextual Privacy and Privacy Governance & Ethics, 

demonstrating that privacy solutions encompass both technical and socio-

organizational considerations. These findings are consistent with prior literature 

emphasizing that privacy in digital personalization involves both individual perceptions 

and organizational mechanisms (Martin & Murphy, 2016; Kaaniche et al., 2020). The 

distribution of privacy themes is presented in Figure 6. 
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Figure 6. Topics on Trust (n = 57) 

 
The trust analysis demonstrates that trust is also multidimensional. The largest 

category is Other Trust Aspects, reflecting the conceptual diversity of trust-related 

issues addressed by the reviewed studies. Among the more clearly identifiable solution-

oriented themes, Transparency & XAI represents the most prominent category, 

followed by Ethical Governance, Trustworthiness Frameworks, and Technical 

Mechanisms. This finding indicates that trust in AI personalization is addressed through 

mechanisms that improve system transparency, explainability, governance, and 

technical reliability. The reviewed studies further demonstrate that trust is influenced 

by characteristics of users and interaction contexts, including domain knowledge and 

the conditions under which users interact with automated or explainable systems 

(Schaefer et al., 2016; Dikmen & Burns, 2022; Jiang et al., 2022). The importance of 

explainability is consistent with previous research identifying XAI as a mechanism for 

addressing the opacity of AI systems (Adadi & Berrada, 2018; Zhang & Chen, 2020; 

Shin, 2021). The trust-related themes are presented in Figure 7. 

 

 
Figure 7. Topics on Personalization (n = 57) 
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The personalization analysis identifies considerable diversity in the applications 

and forms of personalization addressed by the reviewed studies. The reviewed studies 

also demonstrate that personalization outcomes depend on how consumers perceive the 

relevance, intrusiveness, privacy implications, and trustworthiness of personalized 

interactions (Bleier & Eisenbeiss, 2015; Gironda & Korgaonkar, 2018; Zeng et al., 

2021). Other Personalization Aspects represents a substantial category, while the 

principal identifiable categories are AI/ML-Based Personalization, Personalized 

Recommendations, Contextual/Domain Personalization, and Privacy-Preserving 

Personalization. The relatively balanced distribution among these categories 

demonstrates that personalization is not limited to a single application or technological 

configuration. Instead, the reviewed studies examine personalization across different 

AI and recommendation environments, with privacy-preserving personalization 

representing an important component of the solution landscape. The personalization 

themes are presented in Figure 8. 

 

 
Figure 8. Research Contributions (n = 57) 

 
The final stage of the analysis synthesized the specific strategies proposed or tested 

across the 57 articles. The analysis identified Framework/Model Development as the 

most common form of research contribution, followed by Empirical Findings and other 

forms of contribution. This indicates that the literature provides solutions both through 

conceptual or technical frameworks and through empirical testing of proposed 

approaches. 

The thematic classification of strategies reveals a fragmented solution landscape. 

Other Strategies constitutes the largest category, indicating that the reviewed studies 

propose a broad range of approaches that do not fit within a single standardized 
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taxonomy. Across the reviewed studies, these strategy categories are represented by 

approaches including privacy-aware consumer management, explainable AI, user-

sensitive explanation design, federated recommendation techniques, and regulatory-

oriented data governance (Bandara et al., 2020; Finck & Pallas, 2020; Du et al., 2021; 

Dikmen & Burns, 2022; Jiang et al., 2022). The distribution of strategy themes is 

presented in Figure 9. 

 

 
Figure 9. Strategy Themes (n = 57) 

 

The synthesis shows that governance and regulation strategies primarily address 

the institutional and organizational conditions under which AI personalization is 

developed and implemented. Recent developments in AI regulation also demonstrate 

the growing importance of defining institutional responsibilities and regulatory 

boundaries for the development and use of AI systems (Nikiforov, 2024). Transparency 

and control strategies address the user-facing dimension of personalization, particularly 

the provision of understandable information, explainability, privacy controls, and 

mechanisms through which users can influence personalized experiences. Technical 

strategies include privacy-preserving mechanisms designed to reduce the exposure or 

centralization of sensitive data. Examples identified in the reviewed literature include 

federated learning, differential privacy, and other privacy-enhancing technologies 

(Wang et al., 2018; Kaaniche et al., 2020; Ali et al., 2021). These technical approaches 

demonstrate that technological mechanisms form an important enabling layer within 

broader privacy and trust strategies. 

The results indicate that the solution literature does not converge on a single 

strategy for balancing AI personalization with privacy and trust. Instead, the 57 studies 

present a diverse combination of governance, transparency, user control, technical 
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privacy protection, and related strategies. The prominence of Governance & Regulation 

and Transparency & Control indicates that solutions are increasingly concerned not 

only with protecting data through technical mechanisms but also with how 

organizations govern AI systems and how users understand and control personalized 

services. This finding is consistent with research showing that privacy-enhancing 

technologies can address the technical tension between personalization and privacy 

(Kaaniche et al., 2020), while explainability and transparency can contribute to users’ 

perceptions of AI systems (Zhang & Chen, 2020; Shin, 2021). 

The results further identify several characteristics of the current research landscape. 

First, the strong concentration of publications in recent years indicates a rapidly 

developing research area. Second, the dominance of quantitative research demonstrates 

substantial attention to empirical validation, while the presence of technical and 

conceptual studies indicates continued development of proposed solutions. Third, the 

geographical concentration of the literature reveals limited representation of non-

Western contexts. Fourth, the high proportion of studies classified under Other 

categories across privacy, trust, personalization, and strategy dimensions indicates that 

the field remains conceptually diverse and lacks a universally established taxonomy. 

Taken together, these findings provide the empirical basis for answering the 

research question. The literature proposes a multi-layered set of managerial and 

technical strategies rather than an isolated intervention. Governance and regulation 

address institutional responsibility, transparency and control address user-facing trust 

and agency, while technical mechanisms provide privacy-preserving infrastructure. The 

detailed theoretical, managerial, and policy implications of these findings are discussed 

in the following section. 

5. | DISCUSSION  

The synthesis of 57 journal articles indicates that balancing AI personalization with 

consumer privacy and trust requires a multidimensional approach rather than a single 

intervention. The results show that the literature is rapidly developing, 

methodologically diverse, and conceptually fragmented, while Governance & 

Regulation and Transparency & Control emerge as the most coherent strategy 

categories. Technical strategies, particularly privacy-preserving technologies, function 

as important supporting mechanisms. These findings suggest that the personalization–

privacy–trust paradox should be understood as a socio-technical challenge involving 

organizational governance, user-facing design, and technological infrastructure. 

The first important implication concerns the relationship between personalization 

and privacy. The literature confirms that consumers do not simply reject personalization 

because of privacy concerns; rather, they evaluate perceived benefits and risks when 

deciding whether to disclose information. This decision is also shaped by the perceived 

intrusiveness of personalization and the extent to which consumers trust the 

organization or system delivering personalized services (Bleier & Eisenbeiss, 2015; 

Gironda & Korgaonkar, 2018). This extends the privacy calculus perspective developed 
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by Dinev and Hart (2006) and supports subsequent research showing that 

personalization value, relevance, and perceived privacy risks jointly influence 

consumer responses (Zhu et al., 2017; Bol et al., 2018). Recent evidence further 

indicates that recommendation acceptance can be influenced by how personalization 

and privacy are balanced, reinforcing the need to design personalized services around 

both consumer value and privacy protection. The dynamic nature of self-disclosure 

further suggests that consumers’ privacy decisions may change across stages of the 

personalization process rather than remain constant over time (Zeng et al., 2021). This 

finding supports the results of the present SLR, in which Technical Privacy-Preserving 

represents a major privacy theme. 

The second implication concerns transparency, explainability, and trust. The results 

identify Transparency & XAI as a prominent trust-related solution. This is consistent 

with research arguing that explanations can reduce the opacity of AI systems and help 

users understand algorithmic recommendations (Adadi & Berrada, 2018; Zhang & 

Chen, 2020; Shin, 2021). However, transparency should not be interpreted as simply 

providing more information. The reviewed studies further indicate that the usefulness 

of explanations depends on users’ characteristics and informational needs. Domain 

knowledge can affect how users respond to explanations, while epistemic uncertainty 

can determine when explanations are most useful (Dikmen & Burns, 2022; Jiang et al., 

2022). Naiseh et al. (2021) demonstrate that explanations can produce trust-calibration 

problems when users ignore, misunderstand, or improperly apply them. Their study 

emphasizes user-centered explanation design and interaction rather than explanation 

alone. Similar considerations arise in recommendation settings, where post hoc 

explanations may generate different consumer responses depending on how the 

explanation is presented and interpreted (Chen et al., 2023). This supports the present 

finding that Transparency & Control should be treated as an integrated strategy in which 

explanations are accompanied by meaningful opportunities for users to understand and 

influence personalization. 

The third implication concerns user agency. The reviewed literature suggests that 

trust in AI personalization is closely connected to consumers’ ability to exercise control 

over their digital experiences. Privacy dashboards, granular personalization settings, 

understandable choices, and genuine opt-out mechanisms can transform privacy from a 

passive concern into an active form of user agency. This interpretation is consistent 

with the current SLR's finding that user control represents an important component of 

the transparency and control strategy. It also complements the finding that trust should 

not be considered only as an outcome of AI performance; consumers may evaluate 

whether they can understand, influence, or limit the system’s behavior. 

The fourth implication concerns fairness. The results identify fairness as an 

important dimension of responsible personalization because personalization systems 

may reproduce unequal outcomes through their underlying data and recommendation 

mechanisms. Barocas and Selbst (2016) established the potential for data-driven 

systems to produce disparate impacts, while more recent research shows that fairness 
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in recommender systems remains a developing and context-dependent field. Deldjoo et 

al. (2023) emphasize that fairness involves not only technical measurement but also 

normative questions concerning what constitutes a fair recommendation in a particular 

context. Similarly, Vassøy and Langseth (2024) show that consumer-side fairness 

requires systematic consideration of evaluation methods and fairness objectives. Thus, 

fairness should be incorporated into responsible personalization alongside privacy and 

trust rather than treated as a separate technical issue. 

The fifth implication concerns privacy-preserving technologies and governance. 

Federated learning, differential privacy, and other Privacy-Enhancing Technologies 

(PETs) provide technical mechanisms for reducing privacy risks while maintaining 

data-driven services. Recent studies further demonstrate the application of federated 

learning to recommendation systems, including trust-based and consumer-oriented 

recommendation environments (Wang et al., 2018; Kaaniche et al., 2020; Ali et al., 

2021; Wahab et al., 2022; Chatterjee et al., 2024). Kaaniche et al. (2020) specifically 

position PETs as mechanisms for addressing the personalization–privacy paradox, 

while Wang et al. (2018) and Ali et al. (2021) demonstrate the relevance of privacy-

preserving approaches to personalized recommendation systems. 

 However, the results indicate that technology alone does not constitute a complete 

solution. Governance, organizational accountability, ethical principles, and regulatory 

compliance are required to determine how these technologies are implemented and 

communicated to users. Data governance also requires clear identification of personal 

and non-personal data because such distinctions determine the scope of applicable 

privacy protections and organizational responsibilities (Finck & Pallas, 2020). Data 

governance also requires clarity regarding what constitutes personal data, particularly 

under regulatory frameworks such as the GDPR, because the classification of 

information determines the scope of applicable data protection obligations (Finck & 

Pallas, 2020). Comparative developments in data protection regulation also 

demonstrate the growing importance of aligning AI applications with principles of data 

protection and privacy governance (Alibeigi, 2025). Data Protection Impact 

Assessments provide another governance mechanism through which organizations can 

identify and mitigate privacy risks associated with AI systems before or during 

deployment (Galandarli, 2025). 

The findings support a layered socio-technical perspective in which Governance & 

Regulation provides the institutional foundation, Transparency & Control provides the 

user-facing foundation, and technical privacy-preserving mechanisms provide 

technological support. This interpretation is consistent with the fragmented nature of 

the literature identified in the SLR. Rather than identifying one universally superior 

intervention, the evidence indicates that privacy-conscious AI personalization requires 

complementary strategies whose implementation depends on users, technologies, 

organizational contexts, and regulatory environments. The remaining gap is therefore 

not simply the absence of proposed solutions, but the limited empirical validation of 

how these strategies interact over time and across cultural and organizational contexts. 
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5. | CONCLUSION  

This systematic literature review examined managerial strategies for balancing AI-

driven personalization effectiveness with consumer privacy and trust by analyzing 57 

peer-reviewed journal articles published between 2014 and 2024. The findings 

demonstrate that the personalization–privacy challenge cannot be addressed through a 

single intervention, but requires an integrated socio-technical approach. Three 

interconnected strategy dimensions emerged from the literature: Governance and 

Regulatory Strategies, Transparency and Control Strategies, and Technical Strategies. 

Governance and regulatory mechanisms provide the institutional foundation for 

responsible personalization by establishing privacy, ethical, and accountability 

requirements. Transparency and control strategies strengthen consumer understanding 

and agency by enabling users to understand how personalization operates and to 

exercise meaningful control over their data and personalization preferences. Technical 

strategies, including privacy-preserving technologies and secure personalization 

mechanisms, function as important enablers for implementing these principles in AI-

based systems. Together, these strategies indicate that privacy should be treated not 

merely as a constraint on personalization, but as an important condition for sustainable 

consumer trust and long-term personalization effectiveness. 

The review also identifies two important research gaps. First, the Ideas–Evidence 

Gap indicates that many proposed strategies remain conceptually developed but lack 

sufficient empirical validation in real-world personalization environments. Second, the 

Diversity Gap reflects the limited representation of non-Western cultural and 

geographical contexts in the reviewed literature. These gaps suggest the need for future 

research using longitudinal, experimental, and cross-cultural approaches to examine 

how governance, transparency, user control, and technical mechanisms influence 

privacy perceptions, trust, and personalization outcomes across different contexts. This 

SLR contributes a structured synthesis of the strategies available for managing the 

tension between personalization, privacy, and trust. It provides a basis for future 

empirical research and supports managers in developing AI personalization systems 

that integrate technological effectiveness with transparency, user agency, privacy 

protection, and responsible governance. 
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