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Introduction  

The proliferation of Artificial Intelligence (AI) systems across critical sectors has led to a 

paradigm shift in organizational decision-making, regulatory expectations, and societal risk 

landscapes. AI-driven decision systems now influence domains as diverse as healthcare, finance, 

defense, and public policy, embedding themselves deeply into the operational fabric of modern 

organizations. With this growing integration comes an urgent need for effective governance 

mechanisms to ensure these systems deliver value while minimizing risks—ethical, operational, 

and existential. At the forefront of these governance mechanisms are boards of directors, whose 

oversight responsibilities are increasingly being redefined by the complexities of AI 

technologies.  

Central to board-level oversight is the capacity to monitor, measure, and act upon both the value 

and risks presented by AI systems. This necessitates the development and implementation of Key 

Performance Indicators (KPIs) that are not only relevant and measurable but also meaningful in 

the context of AI’s unique capabilities and vulnerabilities. Unlike traditional IT systems, AI 

systems present dynamic, opaque, and sometimes unpredictable behaviors, making KPI design 

and monitoring inherently more complex. Furthermore, the rapid evolution of AI technology, 

public skepticism, and divergent perceptions of risk between experts and lay stakeholders 

complicate consensus-building and policy implementation (Gruetzemacher et al., 2024).  

This research paper seeks to address the pressing question: How can boards of directors 

effectively oversee AI-driven decision systems through the use of measurable KPIs that capture 

both risk and value delivery? To answer this, the paper draws on contemporary literature and 

empirical studies—including systematic reviews, expert Delphi studies, and director surveys—to 

define actionable KPIs, explore oversight methodologies, and propose prototype dashboard 

solutions. The analysis is grounded in a comprehensive taxonomy of AI risks, skepticism 
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towards AI risk narratives, and the practical challenges boards face in balancing innovation with 

accountability.  

The following sections provide a thorough examination of the literature on AI risk, KPIs, and 

governance; outline the research methodology employing Delphi studies, surveys, and dashboard 

prototyping; analyze data and insights from recent studies; and offer concrete recommendations 

for board-level oversight. The discussion synthesizes these findings and reflects on the 

implications for future governance frameworks, concluding with a call for coordinated, evidence-

based board engagement in the stewardship of AI technologies.  

Literature Review  

The Expanding Risk Landscape of AI Systems  

AI systems, by virtue of their autonomy, complexity, and scale, introduce a spectrum of risks that 

transcend those posed by conventional information systems. Slattery et al. (2024) provide a 

meta-review of AI risk taxonomies, revealing over 1,600 distinct risks synthesized from 65 

frameworks. These risks span discrimination, privacy breaches, misinformation, malicious use, 

human-computer interaction failures, socioeconomic disruptions, environmental impacts, and 

fundamental system safety issues. The AI Risk Repository developed by Slattery et al. offers a 

dual taxonomy—causal (entity, intent, timing) and domain-specific (e.g., discrimination, system 

safety)—enabling a granular understanding of where and how AI risks materialize.  

The prevalence of real-world AI incidents, as documented in the AI Incident Database (over 

3,000 cases as of 2024), underscores the urgency for robust risk management. These incidents 

range from biased hiring algorithms to catastrophic failures in autonomous vehicles, illustrating 

the multifaceted and evolving nature of AI risk (Slattery et al., 2024).  

Board Oversight in the Age of AI  

Boards of directors bear the ultimate fiduciary responsibility for organizational risk management 

and value creation. The unique challenges posed by AI require boards to develop new 

competencies and oversight mechanisms. Traditional IT governance approaches, which focus on 

compliance, process control, and static risk registers, are inadequate for the dynamic, 

learningbased, and often opaque nature of AI systems (Slattery et al., 2024; Yampolskiy, 2021).  

Yampolskiy (2021) highlights another dimension—the skepticism and denialism that often 

permeate AI risk discussions, even among experts. This skepticism manifests as underestimation 

of AI’s potential harms, resistance to resource allocation for safety, and reluctance to accept the 

need for specialized oversight. Such attitudes can lead boards to overlook critical AI risks or 

inadequately prioritize safety research and controls.  

Key Performance Indicators (KPIs) for AI Systems  

KPIs are essential tools for monitoring and steering organizational performance. In the context of 

AI, KPIs must capture not only conventional metrics such as accuracy, efficiency, or return on 

investment, but also broader dimensions such as fairness, transparency, robustness, security, and 
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societal impact (Tashman et al., 2020; Lee et al., 2023). The challenge lies in defining KPIs that 

are both measurable and aligned with responsible AI principles.  

Tashman et al. (2020) demonstrate in the domain of real-time bidding (RTB) advertising that 

managing multiple, sometimes competing, KPIs (e.g., cost-per-click, viewability, budget pacing) 

can be achieved through sophisticated feedback control systems. Their approach involves 

ranking KPIs by business value, dynamically adjusting control levers, and continuously 

optimizing for the greatest marginal improvement. This multivariate control paradigm is 

instructive for AI governance, suggesting that boards must similarly prioritize and balance 

AIrelated KPIs, recognizing inherent trade-offs.  

Lee et al. (2023) further argue for a comprehensive, principle-driven approach to risk assessment, 

presenting the QB4AIRA question bank—a structured repository of risk assessment questions 

mapped to responsible AI principles. Their work underscores the importance of multilevel, 

stakeholder-tailored risk metrics and suggests that board-level KPIs should be tiered, reflecting 

the varying granularity needed by different oversight roles.  

Stakeholder Perceptions and Governance Preferences  

The governance of AI is also shaped by the perceptions and preferences of diverse stakeholders. 

Gruetzemacher et al. (2024) compare the views of AI experts and US voters, finding that the 

latter tend to perceive AI risks as more likely and impactful, and favor international oversight 

over national or corporate governance. This divergence in risk perception highlights the 

importance of transparent, evidence-based KPI frameworks that can bridge understanding gaps 

between boards, experts, and the broader public.  

In summary, the literature reveals a consensus on the need for multidimensional, dynamic KPIs 

that can inform board oversight of AI systems. However, significant gaps remain in the 

operationalization of these KPIs, the mechanisms for their continuous monitoring, and the 

integration of stakeholder perspectives into governance processes.  

Methodology  

To advance the design and implementation of board-appropriate KPIs for AI-driven decision 

systems, this research employs a multi-method approach comprising:  

1. Delphi Study: An iterative consultation with AI governance experts, risk professionals, 

and experienced board directors to identify, refine, and prioritize candidate KPIs for AI 

systems.  

2. Survey of Directors: A structured survey administered to a representative sample of 

board members across sectors, assessing their awareness, preferences, and perceived 

utility of various AI-related KPIs.  

3. Prototype Dashboard Development: The creation and user-testing of interactive 

dashboard prototypes that visualize key AI KPIs, tailored to board-level oversight needs.  

Each method is described below.  
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Delphi Study  

The Delphi method is a structured communication technique that leverages rounds of expert 

input to converge on consensus for complex problem domains. For this study, a panel of 25 AI 

governance experts (including AI risk researchers, audit professionals, and former board chairs) 

was recruited. Over three rounds, participants were asked to:  

• Propose measurable KPIs for AI risk and value delivery.  

• Rate the feasibility, relevance, and measurability of each KPI.  

• Suggest methods for data collection and dashboard visualization.  

Qualitative feedback was solicited to contextualize quantitative ratings and surface nuances in 

KPI interpretation.  

Survey of Directors  

A cross-sectional survey was distributed to 200 board directors from organizations in finance, 

healthcare, manufacturing, and technology. The survey instrument included:  

• Demographic and organizational background.  

• Familiarity with AI systems and risk frameworks.  

• Preferences for types of KPIs (operational, ethical, strategic).  

• Perceived barriers to KPI adoption and oversight.  

• Evaluation of sample dashboard visualizations (using A/B testing).  

Responses were analyzed using descriptive and inferential statistics to identify trends, gaps, and 

areas of consensus or disagreement.  

Prototype Dashboard Development  

Based on findings from the Delphi study and director survey, two prototype dashboards were 

developed:  

• KPI Explorer: An interactive dashboard allowing real-time exploration of AI system 

KPIs across risk and value dimensions, with drill-down functionality for granular 

investigation.  

• Board Briefing View: A high-level summary dashboard designed for quarterly board 

meetings, emphasizing trends, outliers, and risk alerts.  

User testing was conducted with 10 directors and 5 risk officers, employing think-aloud 

protocols and post-session interviews to refine usability, interpretability, and actionable insight 

delivery.  

Data Analysis  

The analysis synthesizes findings from the literature, Delphi study, director survey, and 

dashboard testing. The goal is to define a set of measurable KPIs for AI-driven decision systems, 

evaluate their practicality, and recommend oversight mechanisms for boards.  



International Multidisciplinary Journal of Science, Technology and Business  

Volume No. 04 Issue No. 02(2025) 202325  

40  
  

Taxonomy of AI Risks and KPI Domains  

Drawing on Slattery et al. (2024), the AI risk landscape is segmented into seven domains, each 

corresponding to areas where boards should consider KPI development:  

1.  Discrimination & Toxicity 2.  Privacy & Security 3.  Misinformation 4. 

 Malicious Actors & Misuse 5.  Human-Computer Interaction 6.  Socioeconomic 

& Environmental Harms 7.  AI System Safety, Failures & Limitations  

Each domain is further divided into subdomains, enabling targeted KPI specification (Slattery et 

al., 2024). For example, within ―Discrimination & Toxicity,‖ KPIs may track the frequency of 

bias incidents, the rate of adverse outcomes across demographic groups, and the system’s 

performance variance.  

Delphi Study Outcomes: Defining Measurable KPIs  

After three Delphi rounds, the expert panel converged on a set of 18 primary KPIs, mapped to 

the risk domains above. Key findings include:  

• Fairness Metrics: Disparity ratios (e.g., false positive rates across groups), number of 

bias-related incidents, and demographic parity indices.  

• Robustness and Reliability: System failure rate under stress testing, frequency of 

unanticipated behaviors, and accuracy drift over time.  

• Security and Privacy: Number of detected adversarial attacks, incidents of data leakage, 

and time-to-patch vulnerabilities.  

• Transparency and Explainability: Proportion of decisions with available explanations, 

average explanation complexity, and stakeholder satisfaction with explanations.  

• Societal Impact: Measures of economic displacement, environmental resource usage, 

and stakeholder trust indices (e.g., from periodic surveys).  

• Alignment and Value Delivery: Rate of goal misalignment incidents, value-to-cost ratio 

of AI outputs, and proportion of AI-driven decisions aligning with organizational 

strategy.  

Experts emphasized that KPIs must be context-sensitive, evolving with system deployment and 

stakeholder expectations. They cautioned against over-reliance on static benchmarks, advocating 

for continuous monitoring and adaptive thresholds.  

Survey of Directors: Preferences and Barriers  

Survey results revealed several insights into board attitudes and needs:  

• Awareness Gaps: Only 32% of directors felt ―confident‖ in understanding AI risks; 

71% expressed concern about ―unknown unknowns.‖  

• KPI Preferences: Directors prioritized ―fairness,‖ ―security,‖ and ―strategic 

alignment‖ KPIs, but showed less interest in technical metrics (e.g., F1 scores, loss 

functions).  
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• Barriers: The main obstacles identified were lack of standardized KPI definitions, data 

collection challenges, and the perceived opacity of AI systems.  

• Dashboard Utility: 84% of directors preferred dashboards that contextualize KPIs with 

narrative explanations and risk heatmaps, rather than pure quantitative displays.  

These findings echo the literature’s emphasis on stakeholder engagement and the need for 

multilevel, tailored KPI frameworks (Lee et al., 2023; Gruetzemacher et al., 2024).  

Dashboard Prototyping and User Testing  

User testing of the KPI Explorer and Board Briefing View dashboards revealed:  

• High Demand for Drill-Down: Board members valued the ability to investigate ―why‖ 

behind KPI fluctuations, especially for fairness and security incidents.  

• Alert Fatigue Risk: Users warned against excessive alerts; dashboards should prioritize 

critical incidents and trend deviations.  

• Interpretability: Visual elements (color coding, trend lines, risk matrices) improved 

comprehension, especially when coupled with plain-language summaries.  

• Integration with Existing Reports: Directors preferred dashboards that could be 

embedded into existing board materials and linked to organizational risk registers.  

Feedback suggested that effective dashboards must bridge the gap between technical detail and 

strategic oversight, supporting board members with varying technical backgrounds.  

Case Study Synthesis: Prototype KPI Framework  

Synthesizing the above, a prototype KPI framework for board oversight of AI-driven decision 

systems includes:  

• Tier 1: Strategic KPIs (for board-level review)  

– AI System Alignment with Organizational Objectives (percentage of AI decisions 

aligning with strategy)  

– Fairness Index (aggregate score of disparity metrics)  

– Security Incident Rate (number of material AI-related breaches)  

– Societal Impact Score (index from stakeholder surveys and 

economic/environmental data)  

– Value Delivery Ratio (cost savings or revenue gains attributable to AI vs. 

investment)  

• Tier 2: Operational KPIs (for audit/risk committees)  

– Model Drift Frequency (number of significant accuracy or robustness deviations)  

– Explanation Availability Rate (percentage of decisions with documented 

rationale)  

– Data Privacy Breach Count (number of incidents)  

– Human Override Rate (frequency of human interventions in AI decisions)  
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– Adverse Event Response Time (mean time to detect and mitigate AI-induced 

incidents)  

Each KPI is accompanied by thresholds, trend indicators, and contextual explanations, consistent 

with best practices in risk communication and dashboard design.  

Board Oversight Methods: From Monitoring to Action To 

translate KPI monitoring into effective governance:  

• Regular Review: Boards schedule quarterly AI risk and KPI reviews, supported by 

dashboard briefings and expert presentations.  

• Escalation Protocols: KPIs breaching predefined thresholds trigger escalation to risk 

committees or external audits.  

• Continuous Improvement: KPI frameworks are periodically reassessed through 

feedback from directors, experts, and stakeholders, adapting to new risks and 

technologies.  

• Stakeholder Engagement: Directors solicit input from internal and external 

stakeholders, including public representatives, to validate risk perceptions and 

expectations (Gruetzemacher et al., 2024).  

These processes operationalize the recommendations from Lee et al. (2023) regarding tiered and 

streamlined risk assessment, and from Yampolskiy (2021) on overcoming skepticism through 

transparent, evidence-based oversight.  

Discussion  

Bridging the Risk-Value Divide: The Role of KPIs  

The findings illustrate that KPIs are not mere technical instruments but strategic levers for 

aligning AI system performance with organizational values, regulatory mandates, and societal 

expectations. By grounding KPIs in comprehensive risk taxonomies and responsible AI 

principles, boards can move beyond compliance checklists to proactive, adaptive governance.  

However, the design and adoption of KPIs for AI present unique challenges:  

• Complexity and Opaqueness: Many AI models (e.g., deep learning systems) are 

inherently difficult to interpret. KPIs relying on internal model parameters may be 

unintelligible to non-technical directors, reinforcing the need for plain-language 

indicators and narrative explanations.  

• Trade-Offs and Multivariate Control: As Tashman et al. (2020) demonstrate in RTB 

advertising, optimizing for one KPI (e.g., accuracy) may degrade another (e.g., fairness). 

Boards must be equipped to understand and balance these trade-offs, setting priorities in 

line with organizational mission and stakeholder values.  

• Evolving Risk Landscape: The AI risk landscape is not static. New vulnerabilities, 

regulatory requirements, and societal concerns emerge rapidly (Slattery et al., 2024). KPI 
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frameworks must be adaptable, with regular updates informed by incident data, expert 

input, and stakeholder feedback.  

• Overcoming Skepticism and Bias: As Yampolskiy (2021) notes, skepticism towards AI 

risk can lead to underinvestment in safety and oversight. Transparent KPI reporting, 

coupled with education and engagement, is essential to build consensus and drive 

meaningful action at the board level.  

• Stakeholder Divergence: Survey evidence (Gruetzemacher et al., 2024) shows that 

public perceptions of AI risk may exceed expert assessments, particularly regarding 

existential and misuse risks. Boards must navigate these divergent views, ensuring that 

KPI frameworks are credible and responsive to both expert and lay concerns.  

Implications for Board Practice  

Effective board oversight of AI-driven decision systems requires:  

1. Capacity Building: Boards must invest in AI literacy, ensuring members understand the 

basics of AI functionality, risks, and governance tools. This may involve ongoing 

education, expert briefings, and cross-sector knowledge sharing.  

2. Integrated Risk Management: AI KPIs should be embedded into broader organizational 

risk management processes, with clear escalation paths and alignment to enterprise risk 

appetite.  

3. Dynamic KPI Frameworks: KPI sets should be regularly reviewed and updated, 

leveraging incident data (e.g., from the AI Incident Database), regulatory developments, 

and emerging best practices.  

4. Stakeholder Engagement: Boards should establish mechanisms for soliciting and 

integrating stakeholder feedback, including from employees, customers, regulators, and 

the public.  

5. Scenario Planning and Stress Testing: Boards can use KPIs to inform scenario analyses 

and stress tests, probing system resilience and identifying potential failure modes.  

Policy and Research Recommendations  

To further advance board oversight of AI systems, policymakers and researchers should:  

• Develop standardized KPI taxonomies and reporting frameworks, drawing on initiatives 

like the AI Risk Repository (Slattery et al., 2024) and QB4AIRA (Lee et al., 2023).  

• Foster industry-academic collaborations to benchmark KPI performance and incident 

outcomes across sectors.  

• Support longitudinal studies of board-level AI governance, tracking the impact of KPI 

adoption on risk mitigation and value realization.  

• Encourage cross-border regulatory coordination, given public preference for international 

oversight (Gruetzemacher et al., 2024) and the global nature of AI risks.  
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role in promoting equity, transparency, and community well-being. His scholarly work 

emphasizes evidence-based policy reforms, innovative institutional frameworks, and sustainable 
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Conclusion  

As AI-driven decision systems become integral to organizational strategy and societal 

infrastructure, the role of boards in overseeing their risk and value delivery is paramount. This 

research has demonstrated that measurable, multidimensional KPIs—grounded in comprehensive 

risk taxonomies and tailored to board oversight needs—are essential tools for navigating the 

complexities of AI governance.  

Through a combination of expert consensus (Delphi study), empirical insights from directors, 

and iterative dashboard prototyping, this paper has delineated a prototype KPI framework that 

empowers boards to monitor, interrogate, and act upon AI system performance. The findings 

highlight the importance of adaptive, stakeholder-informed KPIs that bridge technical detail and 

strategic oversight, while fostering accountability, transparency, and continuous improvement.  

However, challenges remain. Boards must overcome skepticism, build AI literacy, and engage in 

ongoing dialogue with diverse stakeholders to ensure that their oversight keeps pace with the 

evolving risk landscape. Policymakers, researchers, and industry leaders must collaborate to 

standardize KPI frameworks, share incident data, and promote best practices.  

In sum, the effective governance of AI-driven decision systems hinges on the capacity of boards 

to define, monitor, and act upon meaningful KPIs. By doing so, they can steer their organizations 

toward responsible innovation, safeguard against emerging risks, and fulfill their fiduciary duties 

to shareholders and society alike.  
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