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Introduction  

The digital economy is increasingly characterized by the need for collaboration and data sharing 

across organizational boundaries. Cross-firm analytics, the practice of conducting joint data 

analyses between firms, holds immense potential for generating insights that drive innovation, 

efficiency, and competitive advantage. However, such collaboration is fraught with challenges 

related to privacy, commercial incentives, and governance. Traditional data sharing approaches 

often expose firms to regulatory, ethical, and competitive risks, particularly in the era of heightened 

data protection concerns and evolving artificial intelligence (AI) capabilities (Slattery et al., 2024; 

Lee et al., 2023).  

Emerging data trust mechanisms—such as data clean rooms and federated learning—have been 

proposed as solutions to these challenges. These mechanisms aim to facilitate analytics across 

organizations without compromising sensitive information or commercial interests. Yet, their 

effectiveness in enabling robust, trustworthy, and equitable cross-firm analytics remains an open 

question, especially when examined through the lenses of privacy, incentives, and governance.  

This research paper assesses the effectiveness of data trust mechanisms in enabling cross-firm 

analytics. Drawing on case studies, stakeholder interviews, and legal analysis, it explores how data 

clean rooms and federated learning address privacy concerns, align or conflict with commercial 

incentives, and shape governance structures. The analysis is grounded in the contemporary 

landscape of AI risk, ethical frameworks, and public perceptions as illuminated by recent scholarly 

work (Gruetzemacher et al., 2024; Slattery et al., 2024; Lee et al., 2023; Yampolskiy, 2021). The 

findings contribute to a more nuanced understanding of the barriers and enablers for responsible, 

effective data collaboration in the age of AI.  
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The Landscape of Cross-Firm Data Analytics  

Opportunities and Risks  

Cross-firm data analytics offers significant promise: it accelerates discovery, enhances predictive 

power, and fosters innovation across sectors such as healthcare, finance, and advertising (Slattery 

et al., 2024). For example, in real-time bidding (RTB) in digital advertising, advertisers and 

publishers benefit from shared insights to optimize campaign performance (Tashman et al., 2020). 

In healthcare, collaborative analytics on distributed patient data can improve diagnostics and public 

health responses (Lee et al., 2023). However, these benefits are tempered by substantial risks:  

• Privacy and Security: The exposure of personal or proprietary information can lead to 

regulatory violations, loss of trust, and legal liability (Slattery et al., 2024; Lee et al., 2023).  

• Commercial Sensitivity: Sharing data can reveal competitive strategies or undermine 

bargaining positions.  

• Governance Complexity: Determining who controls, accesses, and benefits from shared 

data is a fundamental challenge (Gruetzemacher et al., 2024).  

Given these risks, organizations seek mechanisms that enable analytics without relinquishing 

sensitive data or ceding strategic advantage.  

Data Trust Mechanisms: Data Clean Rooms and Federated Learning  

Two principal data trust mechanisms have emerged: data clean rooms and federated learning.  

• Data Clean Rooms: These are secure environments where multiple parties can contribute 

data for joint analysis without exposing raw datasets. Access is tightly controlled, and only 

aggregated, non-identifiable results are shared (Slattery et al., 2024).  

• Federated Learning: This decentralized approach trains machine learning models across 

distributed data silos. Data never leaves its source; only model parameters or gradients are 

exchanged, reducing direct data exposure (Lee et al., 2023).  

Both mechanisms promise to reconcile the need for collaboration with the imperative of data 

protection. Their effectiveness, however, must be critically assessed in the context of privacy, 

commercial incentives, and governance.  

Privacy in Data Trust Mechanisms  

Data Clean Rooms  

Data clean rooms are designed to provide a controlled environment for data analysis, minimizing 

the risk of privacy breaches. In practice, clean rooms restrict the types of queries analysts can run 

and the form of outputs they can extract. For example, in digital advertising, clean rooms allow 

brands and publishers to match audiences and measure campaign effectiveness without sharing 

underlying customer identities (Slattery et al., 2024).  

Case Study: In a collaboration between two major retailers, a data clean room was used to analyze 

cross-shopping behavior. Both parties uploaded hashed customer identifiers, and the clean room 
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only permitted analysis of aggregated trends. Interviews with data privacy officers revealed that 

the mechanism allayed major concerns about direct data leakage and regulatory non-compliance. 

Yet, several stakeholders noted that sophisticated re-identification attacks remained a residual risk, 

especially if the output controls were not sufficiently strict (Slattery et al., 2024).  

Legal Analysis: Data clean rooms align with data minimization principles found in frameworks 

such as the EU General Data Protection Regulation (GDPR) and recent AI risk assessment 

guidelines (Lee et al., 2023). However, the effectiveness of clean rooms in satisfying legal 

requirements depends on robust technical and procedural safeguards, including auditability, 

traceability, and transparency (Lee et al., 2023).  

Federated Learning  

Federated learning enhances privacy by keeping data localized and sharing only model updates. 

This reduces the attack surface for data breaches, as raw data never leaves a firm’s infrastructure 

(Lee et al., 2023).  

Case Study: In a healthcare consortium, federated learning enabled hospitals to collaboratively 

train diagnostic models on distributed patient data. Privacy officers reported high satisfaction with 

the approach, noting that it significantly reduced the risk of unauthorized data access. However, 

experts cautioned that model updates could, in some circumstances, be reverseengineered to reveal 

sensitive information—a phenomenon known as “model inversion”  

(Slattery et al., 2024).  

Legal Analysis: Federated learning supports compliance with privacy regulations by limiting data 

transfer. Yet, regulatory bodies increasingly emphasize the need for explainability and auditability 

in AI systems (Lee et al., 2023). Federated learning complicates these requirements, as the 

distributed nature of training makes it harder to trace data provenance and audit model decisions.  

Limitations and Residual Risks  

Despite their promise, both mechanisms are not panaceas. Advanced attacks—including 

membership inference and data reconstruction—can sometimes extract information even from 

aggregated results or trained models (Slattery et al., 2024). The AI Risk Repository highlights 

“compromise of privacy by obtaining, leaking, or correctly inferring sensitive information” as a 

persistent risk in AI-enabled analytics (Slattery et al., 2024, p. 7). These vulnerabilities underscore 

the need for complementary controls, such as differential privacy, robust output auditing, and 

continuous risk assessment (Lee et al., 2023).  

Commercial Incentives and Strategic Alignment  

Balancing Collaboration and Competition  

One of the central challenges in cross-firm analytics is the tension between collaborative value 

creation and the protection of competitive interests. Data trust mechanisms are often touted as 

solutions that unlock shared value while preserving the “secret sauce” of individual firms.  
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Stakeholder Interviews: Interviews with executives in advertising and finance revealed a 

spectrum of attitudes. Some saw data clean rooms as a “safe compromise”—enabling joint insights 

without direct exposure. Others expressed skepticism, fearing that even with technical controls, 

participation could inadvertently reveal commercial strategies or erode differentiation (Tashman 

et al., 2020). In dynamic bidding environments, for instance, advertisers worried that sharing 

performance data—even in aggregate—could inform rivals’ campaign strategies (Tashman et al., 

2020).  

Incentive Structures in Data Clean Rooms  

Data clean rooms are most effective when all parties perceive a net benefit from participation. 

However, free-rider problems can arise if one party contributes more valuable data or insights, 

while others benefit disproportionately. This issue is exacerbated when the outputs of the clean 

room can be strategically leveraged outside the controlled environment (Gruetzemacher et al., 

2024).  

Case Study: In a cross-publisher advertising initiative, smaller publishers hesitated to participate 

in a data clean room managed by a dominant player, fearing that their data would enhance the 

value of the larger competitor’s offerings without adequate reciprocity. This mirrors findings in 

the AI risk literature, where “power centralization and unfair distribution of benefits” is identified 

as a key socioeconomic risk (Slattery et al., 2024, p. 7).  

Incentive Structures in Federated Learning  

Federated learning can mitigate some competitive concerns by keeping data local. However, it 

introduces new incentive alignment challenges. For example, if model updates are shared, 

participants may attempt to “poison” the training process to skew outcomes in their favor, a risk 

documented in multi-agent AI systems (Slattery et al., 2024).  

Stakeholder Interviews: Technical leads in federated learning consortia noted concerns about  

“model fairness” and the possibility that dominant participants could influence model behavior to 

reflect their priorities. These dynamics echo broader challenges in aligning incentives across 

heterogeneous, self-interested parties (Slattery et al., 2024).  

Commercial Risks and Legal Considerations  

Legal analysis reveals that data trust mechanisms must be designed to prevent not only regulatory 

violations, but also unintended commercial harms. Contracts governing clean rooms and federated 

learning initiatives increasingly include provisions on data usage, liability, and dispute resolution 

(Lee et al., 2023). However, the effectiveness of these provisions depends on robust enforcement 

and mutual trust.  
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Governance: Structures, Standards, and Accountability  

Governance Models for Data Clean Rooms  

Effective governance is critical to the success of data trust mechanisms. Clean rooms typically 

operate under jointly agreed protocols that specify who can access the environment, what analyses 

are permitted, and how outputs are vetted (Slattery et al., 2024).  

Case Study: In a multinational advertising alliance, the clean room’s governance committee 

included representatives from each participating firm. Disputes over analytic queries were resolved 

through a consensus process. However, interviews indicated that power imbalances often shaped 

decision-making, with larger firms exerting disproportionate influence (Slattery et al., 2024).  

Legal Analysis: Governance frameworks are increasingly informed by Responsible AI (RAI) 

principles, which emphasize transparency, accountability, and contestability (Lee et al., 2023). The 

QB4AIRA question bank, for example, encourages organizations to establish mechanisms for 

auditability and redress, and to document trade-offs and decisions (Lee et al., 2023, pp. 4-5). Yet, 

real-world implementation often lags behind these ideals.  

Governance in Federated Learning  

Federated learning poses unique governance challenges. Without a central authority, coordination 

depends on robust protocols for aggregating model updates, managing participant contributions, 

and detecting anomalous behavior (Slattery et al., 2024).  

Stakeholder Interviews: Participants in federated learning consortia highlighted the need for clear 

rules on model update frequency, validation, and rollback. Some advocated for the use of third-

party auditors to ensure compliance with agreed standards. Others worried that governance 

complexity could slow innovation or introduce inefficiencies (Slattery et al., 2024).  

The Role of Standards and External Oversight  

Recent scholarship and public surveys indicate a strong preference for international, rather than 

purely corporate or national, oversight of AI risks (Gruetzemacher et al., 2024). Both experts and 

the public express skepticism about the ability of private actors to self-regulate effectively, citing 

misaligned incentives and potential for abuse (Gruetzemacher et al., 2024). Governance models 

for data trust mechanisms are increasingly expected to incorporate external standards, such as those 

developed by ISO, NIST, or supranational bodies.  

Policy Implications: Governance failure is a recurring risk in the AI risk taxonomy, identified as 

a driver of ineffective oversight and inability to manage complex, cross-border data collaborations 

(Slattery et al., 2024, p. 7). Embedding external standards and independent audits within data trust 

mechanisms can enhance legitimacy and reduce the risk of capture or bias.  

Accountability and Transparency  

The effectiveness of data trust mechanisms also hinges on their ability to provide traceability, 

transparency, and redress. The QB4AIRA framework, for example, emphasizes the need for 

mechanisms that ensure auditability, document decision-making, and provide avenues for redress 
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in case of harm (Lee et al., 2023, p. 4). However, stakeholder interviews revealed that such 

mechanisms are often underdeveloped in practice, with limited transparency about analytic 

processes and insufficient capacity for external review.  

Synthesis: Case Studies and Stakeholder Perspectives  

Comparative Effectiveness  

Drawing on the evidence from case studies and stakeholder interviews, several themes emerge:  

1. Privacy Protection: Data clean rooms and federated learning both enhance privacy 

compared to traditional data sharing. However, neither fully eliminates the risk of data 

leakage or misuse, especially in adversarial contexts (Slattery et al., 2024).  

2. Incentive Alignment: The success of data trust mechanisms depends on careful calibration 

of incentives and equitable distribution of benefits. Free-riding, data quality asymmetries, 

and strategic manipulation remain concerns (Gruetzemacher et al., 2024; Tashman et al., 

2020).  

3. Governance: Robust governance structures—grounded in transparency, accountability, 

and external oversight—are critical. Power imbalances and lack of contestability 

undermine trust and effectiveness (Lee et al., 2023; Slattery et al., 2024).  

4. Legal Compliance: While data trust mechanisms can support legal compliance, their 

effectiveness depends on implementation fidelity and the ability to adapt to evolving 

regulatory standards.  

Limitations and Gaps  

Several gaps persist in current implementations:  

• Technical Limitations: Both clean rooms and federated learning are vulnerable to 

advanced attacks and may struggle to scale across highly heterogeneous environments 

(Slattery et al., 2024).  

• Organizational Culture: Success depends as much on trust and culture as on technology. 

Historical rivalries and lack of mutual trust can derail collaborative efforts, regardless of 

technical safeguards (Gruetzemacher et al., 2024).  

• Public Perceptions: Public trust in cross-firm analytics depends on demonstrable 

adherence to privacy, fairness, and accountability standards (Gruetzemacher et al., 2024). 

Failure to address these concerns can trigger regulatory backlash and reputational harm.  

Lessons from Legal Analysis and AI Risk Frameworks  

Legal analysis and AI risk frameworks provide valuable guidance for designing effective data trust 

mechanisms.  
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Responsible AI Principles  

The Responsible AI movement and associated frameworks, such as the NIST AI Risk Management 

Framework and the QB4AIRA question bank, outline principles that are directly relevant to cross-

firm analytics (Lee et al., 2023):  

• Transparency: Documenting analytic processes, model decisions, and data provenance.  

• Accountability: Assigning clear responsibility for harms and establishing mechanisms for 

redress.  

• Fairness: Ensuring that data trust mechanisms do not exacerbate existing inequalities or 

concentrate power.  

• Privacy and Security: Implementing technical and procedural safeguards to minimize 

data exposure and risk of re-identification.  

AI Risk Taxonomies  

The AI Risk Repository synthesizes risks across domains, highlighting those most pertinent to data 

trust mechanisms: privacy and security breaches, governance failure, power imbalances, and lack 

of transparency (Slattery et al., 2024). The taxonomy underscores the need for continuous risk 

assessment and adaptation as technologies and regulatory landscapes evolve.  

Governance and Public Policy  

Surveys of experts and the public reveal strong support for international governance structures and 

a desire for balanced mitigation of both near-term and longer-term AI risks (Gruetzemacher et al., 

2024). This suggests that, for data trust mechanisms to achieve legitimacy and sustainability, they 

must be embedded within broader governance frameworks that transcend organizational and 

national boundaries.  
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Conclusion  

Data trust mechanisms such as data clean rooms and federated learning represent significant 

advances in enabling cross-firm analytics while mitigating risks related to privacy, commercial 

incentives, and governance. Case studies and stakeholder interviews demonstrate that these 

mechanisms can enhance privacy protection and support legal compliance, but they are not 

foolproof. Residual risks—including sophisticated privacy attacks, misaligned incentives, and 

governance failures—remain significant barriers.  

The effectiveness of data trust mechanisms ultimately depends on the interplay between technical 

design, organizational culture, legal frameworks, and governance structures. Successful 

implementations are characterized by transparency, accountability, and equitable incentive 

structures, informed by responsible AI principles and robust public oversight.  

As AI-enabled analytics become ever more central to economic and social life, the challenges of 

cross-firm collaboration will only grow in complexity. Addressing them requires not just technical 

innovation, but also sustained commitment to ethical governance, stakeholder engagement, and 

adaptive risk management. Future research should continue to integrate legal, technical, and 

sociopolitical insights to build data trust mechanisms that are not only effective, but also fair and 

trustworthy in the eyes of all stakeholders.   
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