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Abstract 

 

Enterprise governance of Decision Intelligence enables 

organizations to make decisions at scale, responsibly, in a 

world full of both challenges and opportunities. The 

adoption of Distributed AI Execution Frameworks has 

made such scalable decision intelligence achievable in 

practice; however, governing these distributed frameworks 

properly remains an open problem. Governance 

mechanisms are essential for mitigating the associated risks 

and ensuring that accountability and transparency 

requirements are met. Policy-driven decision governance 

addresses the specification, enforcement, compliance, 

override, and audit of decision processes — enabling 
enterprises to realize the full potential of this approach. 

Decision Intelligence (DI) reflects a growing effort among 

organizations to address the many factors that shape 

decision-making in a holistic way. As a metadiscipline, DI 

brings together Data-Driven Decision-Making and Machine 

Learning-Based Decision-Making, ensuring that neither 

happens in isolation but instead forms part of a coherent, 

well-considered strategy. Enterprise governance of DI thus 

enables decision-making that is scalable, transparent, 

auditable, and responsible — a capability sorely needed in 

a world that demands swift, competent decisions at every 

level of society. 
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1. Introduction 

Decision intelligence is maturing into a full-fledged 

discipline, encompassing methodical decision analysis, the 

explicit specification of decision-making objectives including 

quality assurance, the assessment of data quality and 

provenance, considering bias and distortion, an exploration of 

alternative decision strategies and their combination, and 

ultimately the responsible deployment of decision-making 

systems, without losing sight of their effects on enterprise 

governance and risk management. A formal and 

comprehensive treatment of these concepts in the context of 

enterprise activities is lacking. Critical aspects include the 

quality and provenance of data informing decisions, the 

evaluation of past decisions and their alignment with business 

objectives, a suitable theoretical basis, and support for 

external governance at the enterprise level. 

Decision Intelligence Function 

𝐷𝐼 = 𝑓(𝐷𝑄, 𝐴𝐼, 𝐺) 
 

Where 𝐷𝑄= data quality, 𝐴𝐼= artificial intelligence 

model, and 𝐺= governance control. 

Decision intelligence examines the quality and 

governance of decision processes based on supporting data. 

Artificial intelligence—including machine learning, deep 
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learning, and planning—is now augmenting or substituting 

human decision making in many enterprise application areas. 

Regulatory scrutiny of AI systems is increasing, and large 

enterprises are deploying comprehensive governance 

frameworks. Policy-based execution mechanisms are 

necessary for the transparent and auditable use of AI 

components in production systems 

Table 1. Core Concepts of the Proposed 

Framework 

Component Short Description 

Decision 

Intelligence 

Supports structured and 

responsible enterprise decision-

making 

Distributed AI 

Execution 

Executes AI tasks across scalable 

distributed systems 

Enterprise 

Governance 

Ensures decisions follow policies, 

risk limits, and accountability 

Policy 

Governance 

Defines, enforces, audits, and 

controls decision rules 

Explainable AI 
Improves transparency and trust in 

AI-driven decisions 

 

2. Foundations of Decision Intelligence in 

Enterprises 

Decision Intelligence (DI) describes the application 

of machine learning and AI technologies to the decision-

making processes within organizations. While academia has 

focused on technical aspects of various branches of AI/ML 

individually and problems such as safety, security, or 

explainability, enterprises must view these as an 

interconnected whole forming a Decision Intelligence 

ecosystem. Such an ecosystem must ensure sufficient data 

quality and provenance, measure the effect of decisions on 

key business metrics, align the actual decision-making 

activity and outcomes with governance objectives, and detect 

and allow mitigation of decision-making risks across the full 

breadth of the enterprise. Furthermore, such alignments and 

governance controls must equally support the consumption of 

machine-generated insights in human decision-making, the 

end-to-end orchestration of AI/ML pipelines, and the modular 

implementation of AI/ML as components within enterprise 

Solution Architectures. 

Governance Score 

𝐺𝑆 = 𝑅 + 𝐴 + 𝑇 

 

Where 𝑅= risk control, 𝐴= accountability, and 𝑇= 

transparency. 

Distributed AI execution frameworks are a 

promising technology for transforming AI from a 

technological prejudice into an organizational capability 

through the modular but comprehensive and scalable 

realization of DI ecosystems. A DI ecosystem consists of four 

key aspects: the primitives needed to implement the full 

breadth of the Decision Intelligence ecosystem, the 

coordination model employed to realize the primitives and 

their interaction patterns, the metadata needed to support 

feature discovery, execution coordination, and 

communication and the architectural considerations required 

to integrate deployment within the enterprise IT ecosystem in 

a manner that properly supports the broader organizational 

objectives. 

Table 2. Governance Requirements for Scalable AI 

Requirement Purpose 

Accountability 
Identifies responsibility for decisions 

and outcomes 
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Requirement Purpose 

Transparency 
Makes decision processes 

understandable 

Traceability Tracks decision history for audits 

Compliance 
Ensures alignment with legal and 

regulatory rules 

Risk Control 
Prevents unacceptable enterprise risk 

exposure 

3. Distributed AI Execution Frameworks: 

Concepts and Architectures 

Distributed AI execution frameworks combine 

lower execution overhead for individual tasks with fault-

tolerance, low-latency, and very large-scale potential by 

breaking a computational process into a set of elementary 

tasks and binding them together with an arbitrary shape. 

These frameworks are typically used to automate machine 

learning-based decisions, which are often made with reduced 

or no human input because of the scale, frequency, or context 

of the decision instances. However, such large-scale 

automation is usually perceived as risky by organizations 

because of the typical lack of governance controls in the AI 

execution environment, with decisions being considered 

black boxes. The potential impact of decision execution or 

service quality often depends on both decision quality and IT 

service quality; the former is typically modeled as a black 

box. 

Decision Quality 

𝐷𝑄 =
𝐶 + 𝑃 + 𝐴

3
 

 

Where 𝐶= consistency, 𝑃= precision, and 𝐴= 

accuracy. 

DECISION INTELLIGENCE IN ENTERPRISES 

examines how organizations are accountable for their 

decisions at the right time, place, and context. Five research 

topics are derived: data quality and provenance for decision-

making; introducing a measurement framework for risk 

quantification; aligning decision impact with enterprise 

governance objectives; investigating foundations of decision 

quality; and providing an account of decision-making process 

quality.  

Table 3. Distributed AI Execution Elements 

Element Role in Framework 

Tasks 
Break large decision processes into 

smaller units 

Events 
Trigger execution and 

communication between components 

Policies 
Control execution behavior and 

governance rules 

Data Streams 
Carry input and output data across 

systems 

Metadata 

Catalogues 

Support task discovery and 

execution coordination 

A. Core primitives and orchestration models 

The core primitives supporting the execution of a 

distributed artificial intelligence execution framework are 

constituent tasks, events, policies governing non-functional 

properties of the execution, along with data streams flowing 

into and out of the framework. Execution is typically 

supported through concepts such as task orchestration and 

choreography, where orchestration is defined via an explicit 

controller and choreography involves direct interaction 

among operational components.  
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Risk-Aware Decision Output 

𝐷𝑜 = 𝑀(𝑥) − 𝑅𝑠 
 

Where 𝑀(𝑥)= model prediction and 𝑅𝑠= risk score. 

Distributed execution across a substantially larger 

pool of inexpensive computational resources makes the 

solution more scalable and fault-tolerant. Solutions typically 

deploy workload strategies that leverage this property 

building fault-tolerant bespoke engines with appropriate 

latency and service-quality considerations.  

 

4. Governance Mechanisms for Scalable AI 

Meeting risk appetite, compliance, and 

transparency requirements of enterprises is indispensable for 

enabling scalable AI execution. Risk management policies 

specify the level of risk deemed acceptable for an enterprise, 

sector, or region, and define processes to manage 

unacceptable risk exposures. Decision accountability relates 

to the attribution of responsibility for decisions, both ex-ante 

(establishing who was authorized to decide on a given matter) 

and ex-post (attribution of the outcome of the decision). 

Traceability supports evaluating the quality of decisions and 

consequences, enabling inquiry and institution corrections 

and learning from past mistakes. Finally, transparent 

decision-making procedures and decision-rationale disclosure 

are fundamental to enhance public trust in enterprises. 

Policy Compliance 

𝑃𝐶 =
𝑁𝑐
𝑁𝑡

 

 

Where 𝑁𝑐= compliant decisions and 𝑁𝑡= total 

decisions. 

Governance issues are attracted once the scale of 

operations subsidizes the use of AI systems that are not 

individually but collectively understandable. Increasingly, 

budgets are allocated for computing resources, to develop and 

deploy large AI models (LLMs) serviced through APIs 

(Wordt et al. 2023). Incorporating sound governance practice 

will minimize reputational damage from occasional well-

publicized blunders, and prevent incidents with potentially 

high-impact on individuals or society at large. 

 

A. Policy-driven decision governance 

Governance objectives for policy-driven decision 

intelligence encompass several parameters, including risk 

management for potential adverse decision repercussions, 

accountability for decision actions and outcomes, external 

transparency enabling scrutiny and oversight, and internal 

traceability supporting audits and investigations. Although 

the orientation towards clearly defined governance merits and 

objectives should favour a predominantly top-down 

architecture for distributed execution frameworks, it is 
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acknowledged that the underlying patterns employed may 

also require bottom-up policy-choreographed architectures 

such as those catering to electric power grid control. 

Distributed Execution Efficiency 

𝐸𝑑 =
𝑇𝑠
𝑇𝑑

 

 

Where 𝑇𝑠= single-system execution time and 𝑇𝑑= 

distributed execution time. 

Enforcement of governance policies governing 

decision-making processes generally assumes the presence of 

certain preconditions.2 Decision processes must be defined as 

fulfilment functions that return the actions to undertake for 

different decision input parameter observations. These may or 

may not also validate the decisions against policy checks. The 

decision functions must ensure compliance with applicable 

laws and regulations. Systems involved in the management of 

sensitive personal data must act in accordance with privacy 

protection policies, especially those addressing data usage 

consent. In determining the actual action to undertake for a 

decision, decision process functions may internally overload 

the necessary controls to comply with other applicable 

regulations. 

 

5. Conclusion 

A synthesis of the decision intelligence enterprise 

governance foundations and investigation of policy-driven 

decision governance demonstrate the significance of a policy-

driven approach to the management of decision intelligence 

and the deployment of AI technologies at scale in large 

organizations. The foundation of decision intelligence in 

enterprises outlines the major elements of the policy-driven 

governance framework. The description of distributed 

execution models provides a formal view of distributed AI 

execution frameworks, including properties, scalability 

patterns, core primitives, interoperability requirements, and 

modular architecture models. The most salient aspects of 

decision governance for scalable AI development and use 

remain a focus of attention. 

Scalability Index 

𝑆𝐼 =
𝑃𝑛
𝑃1

 

 

Where 𝑃𝑛= performance with 𝑛nodes and 𝑃1= 

performance with one node. 

Enterprise governance is centered around shaping 

and contributing to the public and enterprise values enshrined 

in a policy document. At a more general level, governance 

deals with the rules of the game within which organizations 

operate. These rules encompass not just high-level objectives 

and ambitions but accountabilities, roles, main initiatives, 

boundaries, minefields, and how risks—not to mention the 

way the rules of the game and their significance change—are 

managed. In environments where artificial intelligence is 

deployed at scale, supporting these governance objectives is 

crucial. Nevertheless, managing these aspects represent main 

challenges for organizations following a more policy-driven 

development approach. Scalable decision processes revolve 

around risk-based aspects, management of legal mandates 

such as data protection regulations, and ensuring that 

decisions produced are aligned with the organization’s 

objectives or preferred values. 
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