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Abstract

Despite sustained growth in enterprise artificial intelligence (Al) investment, relatively few organizations achieve measurable business
value from production-scale deployments. Industry evidence indicates that most enterprises have yet to demonstrate significant financial
returns from Al initiatives, while a substantial proportion of projects fail to progress beyond pilot or proof-of-concept stages. This persistent
value gap is primarily architectural rather than algorithmic, reflecting the absence of governance-first decision frameworks capable of
evaluating Al suitability before investment, accounting for the full lifecycle cost of Al systems, and continuously monitoring realized
business value after deployment. This paper introduces the Al Value Realization Framework (AVRF), a five-gate governance model
designed to support evidence-based Al investment decisions within cloud-native enterprise environments. The framework integrates three
complementary analytical instruments. The Al Suitability Assessment Model (AISAM) evaluates eleven pre-investment criteria using a
calibrated 0-35 scoring mechanism to determine whether a proposed business problem genuinely requires Al-based solutions. The Al
Value Efficiency Ratio (AVER) measures the relationship between realized business value and a comprehensive five-layer Al cost structure,
including infrastructure, data, model operations, governance, and organizational adoption costs. Finally, a continuous value realization
cycle aligns governance activities with enterprise Al maturity to support ongoing performance evaluation and strategic optimization. The
applicability of AVRF is examined in healthcare platform modernization and government digital transformation, where regulatory
compliance, multi-tenant data isolation, transparency, and accountability significantly increase governance complexity. The study argues
that organizations deploying Al without structured governance and value measurement mechanisms are likely to produce AVER values
below 1.0, indicating that implementation costs exceed measurable business benefits regardless of model sophistication. The proposed
framework provides a practical governance architecture for improving Al investment decisions, operational accountability, and sustainable
enterprise value realization.

Keywords: Enterprise AI Governance, Al Value Realization, Al Suitability Assessment, Cloud-Native Architecture, Al Finops.

1. Introduction

Something has gone persistently wrong with enterprise Al investment, and the pattern is consistent enough across sectors and organization
sizes to rule out coincidence. The global Al market is expanding at a compound annual growth rate exceeding 29%, from $233 billion in
2024 toward an estimated $1.77 trillion by 2032 [1], and the volume of enterprise Al programs has grown proportionally — yet the share
of organizations demonstrating tangible financial returns from those programs has not kept pace. McKinsey's 2024 analysis found that fully
74% of companies investing in Al have yet to show a measurable EBIT impact [2][3]. IBM's parallel research identified that fewer than
6% of enterprises have scaled Al beyond isolated pilots to enterprise-wide deployment. The dominant explanation offered in industry
commentary — that the technology is not yet mature enough — does not hold against the evidence. The models are capable. The
infrastructure is available. The problem is governance.

What enterprises lack is not Al capability but a structured mechanism for deciding when Al is the right tool, what it will actually cost to
deploy at production scale, and whether it is continuing to create value once deployed. These three governance functions — pre-investment
suitability assessment, full-stack cost accounting, and continuous value measurement — are addressed in isolation by existing frameworks
but have not been integrated into a single operationalizable decision architecture calibrated to cloud-native enterprise environments. Johnk
et al. [2] established that governance readiness is both the most commonly absent Al readiness dimension and the most predictive of
deployment success, yet their framework stops short of specifying the economic justification mechanism that governance must produce.
Holmstrom [4] proposed an Al readiness model structured around four organizational dimensions, but the model does not extend to
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production-stage cost governance or value measurement. Cloud cost optimization research [5][6][7] has produced sophisticated models for
infrastructure economics, but these models treat Al workloads as a resource-scheduling problem rather than a business-value-creation
problem.

This paper presents the Al Value Realization Framework (AVRF) as a five-gate decision architecture that bridges these gaps. The
framework was developed from direct practice in cloud-native SaaS, healthcare, and government technology deployments — environments
where the compound governance requirements of regulatory compliance, multi-tenant data isolation, and public accountability cannot be
deferred to a post-deployment compliance review [8][9][10]. Section 2 positions the framework within the existing literature on Al
adoption, governance, and cost optimization. Section 3 describes the five gates and the integrated analytical instruments associated with
each. Section 4 examines AVRF application across representative cloud-native enterprise use cases. Section 5 synthesizes the contributions
and identifies directions for future empirical validation.

2. Literature Review

2.1. Al Adoption Frameworks and Organizational Readiness

The conceptualization of Al as an organizational capability — distinct from Al as a technology asset — established a more productive
framing for understanding adoption success and failure [11][12][13]. Mikalef and Gupta [14] provided the most empirically grounded
version of this conceptualization, defining Al capability as a composite of data, technology, human, and management resources and
demonstrating through structural equation modeling that this composite predicts organizational creativity and firm performance. Their
findings, rooted in the resource-based view, established that neither data volume nor model sophistication alone determines value outcomes.
The organizational capacity to coordinate these resources is the determinant — and that capacity is, in the present paper's terms, a
governance function.

Johnk et al. [4] made this governance dimension concrete through interviews with 25 Al practitioners, identifying governance readiness as
one of five organizational readiness categories. Their finding that governance readiness is the most commonly absent of the five categories,
while simultaneously being the most predictive of deployment success, provides empirical grounding for the AVRF's gate-governed design.
Organizations with high data and technology readiness but low governance readiness do not simply perform poorly at Al deployment —
they fail in a characteristic pattern: pilot success followed by production abandonment. Holmstrom [5] offered a complementary four-
dimensional readiness model, but framed it primarily as a diagnostic tool for assessing organizational Al readiness before strategy
development, without extending to the investment decision and deployment governance functions that the AVRF addresses.

2.2. AI Maturity Models

Sadiq et al. [15] reviewed 27 Al maturity models and found that while the field has converged on six maturity dimensions, the
operationalization of maturity scoring remains inconsistent, and most frameworks lack empirical validation. This finding has a direct
implication for enterprise practice: without calibrated, validated assessment instruments, maturity scoring exercises produce outputs that
investment decision-makers cannot act on. The AVRF's AISAM instrument is designed with this limitation in mind — it provides a
structured scoring rubric with defined descriptors for each factor, specifically to reduce scoring variance and produce actionable gate-
pass/fail decisions.

2.3. Al Governance

Papagiannidis et al. [16] established through survey research that Al governance mechanisms — defined ownership, risk assessment
protocols, performance monitoring — are prerequisite conditions for Al performance gains rather than post-deployment additions. Their
finding reverses the common sequencing assumption in enterprise Al programs, which typically treat governance as a compliance layer
added after technical deployment. Camilleri [17] situated Al governance within a broader corporate social responsibility frame, establishing
that accountability, transparency, and human oversight are structural requirements of any enterprise-scale Al governance architecture. The
ISO/IEC 42001 AI management standard, published in December 2023, formalizes this requirement internationally [17], providing
regulatory scaffolding that the AVRF's Gate 5 continuous governance cycle is designed to support.

2.4. Cloud Cost Optimization and Al FinOps

The economics of Al workloads in cloud environments differ from standard software infrastructure in ways that conventional FinOps
tooling was not designed to handle [18][19][20]. Osypanka and Nawrocki [5] demonstrated that Al-based anomaly detection and particle
swarm optimization can achieve closed-loop cost optimization for cloud resource configurations without external supervision. Wang et al.
[7] showed that predictive resource scaling using supervised machine learning reduces over-provisioning costs and SLA violations on
AWS infrastructure — a finding directly relevant to the Technology Cost layer of the AVRF's Enterprise Al Cost Stack. Fadahunsi et al.
[6] identified workload placement, reservation strategies, and inference tier selection as the primary cost levers for Al workloads across
multi-cloud environments. The FinOps Foundation's 2024 State of FinOps report documents that Al-specific workloads require cost
governance disciplines extending beyond standard cloud FinOps practices — a structural deficit that the AVRF's five-layer cost stack is
designed to address.

2.5. Al in Healthcare and Government Contexts

The governance requirements that make enterprise Al adoption complex in commercial contexts become acute in regulated deployment
environments [21][22][23]. Hassan et al. [8] identified the governance structure as the primary enabling condition for Al adoption in
healthcare, with 18 barrier and facilitator categories, concluding that implementation is contingent on regulatory and legal accountability
frameworks being in place before deployment begins. Brown et al. [24] examined Al adoption governance in healthcare organizations from
an organizational fairness and accountability perspective, finding that governance structures typically lag behind technical deployment
timelines. Mikalef et al. [9] established that government organizations face a distinct capability-building challenge in which procurement
constraints, institutional accountability requirements, and public value metrics shape the Al adoption environment in ways that commercial
enterprise frameworks do not anticipate. The follow-on public sector performance study [25] confirms that Al capability development in
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government follows a different trajectory than in the commercial sector, with regulatory compliance and data governance emerging as
earlier and more constraining bottlenecks.

2.6. Identified GAP

Each body of literature reviewed above addresses a dimension of the enterprise Al governance problem. None integrates all three
governance functions — suitability assessment, economic justification, and continuous value measurement — into a single architectural
decision model calibrated to cloud-native enterprise environments. The AVRF addresses that integrated gap.

3. Methods

3.1. Framework Design Rationale

Enterprise Al decisions that fail do not typically fail because the decision-makers lacked information. They fail because the organization
has no structured mechanism to translate available information into a gate-level decision. The AVRF's gate-based design addresses this
structural absence directly. Each gate is a decision point, not a scoring exercise. The organization either satisfies the gate criteria and
proceeds, or it does not and pauses or redirects. The sequential gate structure prevents the most common cause of enterprise Al failure —
advancing a promising prototype into a production program before the conditions for production-scale value have been verified [14].

The framework's specificity to cloud-native architectures — microservices, event-driven integration, containerized workloads on Azure or
AWS — reflects a deliberate design choice about scope [26][27]. Generic Al governance models produce generic assessment outcomes.
The AVREF trades generalisability for precision: its cost layer definitions, infrastructure readiness criteria, and continuous monitoring
requirements are calibrated to the operational realities of organizations running Al on cloud-native platforms. Al-Emran et al. [10] Provide
empirical evidence that enterprise architecture maturity positively moderates digital transformation success, thereby establishing a
theoretical basis for the AVRF's assumption that architectural governance capacity is a prerequisite for Al deployment governance.

3.2. Gate 1-Business Problem Validation

Business problem validation is the most resisted and most necessary step in enterprise Al governance. Johnk et al. [4] identified the absence
of clear problem ownership as one of the five most common Al readiness deficits. Mikalef and Gupta [14] found that the strategic dimension
of Al capability - the ability to align Al investment with organizational objectives — predicts performance outcomes more reliably than
the technical dimension alone. Gate 1 requires four articulations before an Al initiative may proceed: the specific operational inefficiency
or unmet capability being addressed; the measurable business outcome expected from Al intervention; the baseline performance of the
current non-Al approach; and the minimum improvement threshold that would justify the cost of Al deployment. An initiative unable to
provide all four is not ready for suitability assessment.

3.3. Gate 2-Al Suitability Assessment Model (AISAM)

The AISAM scores a proposed Al use case across 11 factors calibrated to cloud-native enterprise workload characteristics. Each factor is
scored 0—3 on defined descriptors, and the aggregate score (0—35) maps to one of four suitability tiers. The factor set draws on the Al
capability dimensions established by Mikalef and Gupta [14] and the readiness factor taxonomy of Johnk et al. [4], with additional factors
addressing cloud infrastructure integration complexity and model lifecycle management — dimensions absent from organization-level
readiness frameworks but directly relevant to architectural deployment decisions. Table 1 presents the tier boundaries and recommended
decisions.

Table 1. AISAM Suitability Tier Boundaries

Score Range Suitability Tier Recommended Decision
7-14 Traditional approaches preferred Do not proceed with Al investment
15-21 Al optional Proceed only with a strong economic justification at Gate 3
22-28 Al advantageous Proceed to Gate 3 with standard economic justification
29-35 Al essential Fast-track to Gate 3; apply the highest-capability Al approach

3.4. Gate 3-Economic Justification
The economic justification gate is where the majority of enterprise Al programs reveal their governance gap. Most organizations reaching
Gate 3 have a technology cost estimate and an engineering cost estimate. Few have a governance cost estimate. Fewer still have a human-
in-the-loop cost estimate. Iman [28] documents that organizations systematically undercount Al infrastructure costs by focusing on
compute and excluding operational complexity. This pattern explains why PoC-stage AVER projections routinely overstate the value that
production deployments ultimately deliver. The AVRF requires all five cost layers, as shown in Table 2.

Table 2. Enterprise Al Cost Stack

Layer Cost Components Relevance to Cloud-Native Al
Technology Costs GPU/CPU compute, storage, API calls, Scales non-linearly with inference volume; GPU instances
gy token consumption cost 10-30x CPU [6]

LangChain pipeline construction, microservice API

Engineering Costs Build, integration, testing, deployment development [29]26]

Monitoring, observability, and incident

Operational Costs
response

Azure Monitor, Kubernetes cluster management [7]

Regulatory review cycles in healthcare/GovTech
deployments [8][9]
Human-in-the-Loop Expert review, validation, training data Scales with model uncertainty; often excluded from PoC
Costs curation cost estimates [27]

Governance Costs Compliance, audit, risk documentation
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Total AI Cost = Technology Costs + Engineering Costs + Operational Costs + Governance Costs + Human-in-the-Loop Costs.

The AI Value Efficiency Ratio (AVER) is defined as: AVER = Business Value + Total Al Cost. Business value is the monetized benefit
attributable to Al deployment: cost reduction, revenue generation, risk avoidance, or increased operational capacity. An AVER projection
below 1.5 at Gate 3 indicates that the investment design, not the Al technology, requires revision. The FinOps Foundation and cloud cost
optimization research [5] establish that token consumption, GPU utilization, and inference tier selection are the primary cost levers for Al
workloads in cloud-native environments — all of which are captured in the Technology Cost layer.

3.5. Gate 4-Operational Readiness

The PoC-to-production transition is where the majority of enterprise Al value is lost [4][5][2]. Gate 4 assesses three operational readiness
dimensions: data readiness (quality, labeling completeness, pipeline reliability, and regulatory compliance with data privacy requirements
[8]); infrastructure readiness (container orchestration maturity, observability tooling, CI/CD coverage, and multi-tenant isolation
capability); and team readiness (ML engineering competency, MLOps practices, and cross-functional delivery experience). Gate 4 does
not permit partial pass outcomes. An organization that meets data and infrastructure readiness but lacks ML engineering competency should
invest in team readiness before deployment, rather than deploying with the intention of building capability during production operations.

3.6. Gate 5-Continuous Value Realization

Production deployment is not the end of the Al governance cycle. The Al Value Lifecycle (Identify — Evaluate — Pilot — Deploy —
Measure — Optimize — Scale or Retire) operationalizes Gate 5 as a continuous management discipline. Model drift, data distribution
shifts, evolving regulatory requirements, and changing business objectives all erode the AVER established at Gate 3 over time. The Al
FinOps practices documented by the FinOps Foundation and operationalized in cloud cost-optimization research provide the financial
monitoring layer for Gate 5. Token economics — the consumption-based cost model governing LLM inference at scale — requires specific
instrumentation within this gate, as inference cost per business outcome is the primary efficiency metric for LLM-based enterprise
applications [1].

4. Results and Discussion

4.1. AVRF Within Cloud-Native Enterprise Architecture

Cloud-native enterprises operating on microservices architectures have established architectural governance disciplines — Architecture
Review Boards, production readiness reviews, infrastructure-as-code standards — that provide natural insertion points for the AVRF's
gates [27]. Gate 2 (AISAM) belongs at the ARB feasibility review stage, before any engineering commitment. Gate 3 (economic
justification) maps to the business case and investment authority process. Gate 4 (operational readiness) corresponds to the production
readiness review conducted before any cloud deployment on Terraform-managed Azure or AWS infrastructure. This alignment matters for
adoption: the AVRF does not require organizations to build new governance processes from scratch. It requires them to augment existing
architectural governance processes with Al-specific decision criteria. Holewa et al. [27] found that Al integration with enterprise ERP
systems requires governance mechanisms spanning technical, organizational, and data dimensions simultaneously — a finding consistent
with the AVRF's multi-layer design. Al-Emran et al. [10]provide empirical support for the claim that architectural governance maturity
predicts digital transformation success, establishing a theoretical basis for the analogous proposition in Al deployment governance.

4.2. AISAM Application Across Enterprise Use Cases

Table 3 presents AISAM scoring outcomes for three enterprise Al use cases representative of cloud-native deployment contexts. The
LLM/RAG analytics chatbot reflects the documented enterprise knowledge management pattern, in which RAG-based systems using
FAISS or Elasticsearch retrieval frameworks account for 80.5% of enterprise implementations, and GPT-based models account for 63.6%
of deployments. Intelligent document processing is a high-repetition, structured-data extraction task common in GovTech records
management. Predictive maintenance alerting represents a real-time streaming inference use case common in supply chain and industrial
IoT contexts.

Table 3. Illustrative AISAM Scoring Outcomes Across Three Enterprise Use Case Types

Factor LLM/RAG Intelligent Dpcument ‘Predictive
Analytics Chatbot Processing Maintenance Alert

Data volume and quality 3 2 3
Pattern complexity 3 3 2
Task repetition frequency 2 3 3
Human decision latency cost 2 2 3
Scalability requirement 3 2 2
Regulatory sensitivity 2 3 2
Model explainability

. 1 2 2
requirement
Integration complexity 2 2 2
Team Al capability 2 2 2
Real-time processing ) | 3
requirement
Model refresh cadence 2 2 2
AISAM Score 24 24 26
Suitability Tier Al Advantageous Al Advantageous Al Advantageous

All three use cases score in the Al Advantageous tier (22-28), supporting progression to Gate 3. The differentiation between the chatbot
and maintenance alert cases at the real-time processing factor (2 vs. 3) carries direct economic consequences at Gate 3: real-time streaming
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inference requires dedicated infrastructure distinct from batch processing pipelines, adding substantially to the Technology Cost layer and
potentially reducing the AVER below the 2.0 strong-value threshold if the business value case is marginal [7].

4.3. Economic Justification Analysis

The Technology Cost and Human-in-the-Loop Cost layers together typically represent 60—70% of total Al cost in cloud-native enterprise
deployments [5]. For LLM-based applications specifically, token consumption costs at inference scale non-linearly with query volume —
a cost pattern that standard cloud FinOps tooling, calibrated for compute and storage, does not adequately instrument. Organizations
computing ROI based solely on compute and engineering costs produce AVER projections that systematically overstate actual value
creation [28]. The five-layer cost stack corrects this systematic bias by requiring explicit estimation of all cost layers before the investment
decision.

Healthcare and government deployments add a further cost distortion through the Governance Cost layer. In healthcare SaaS environments
subject to HIPAA compliance, governance costs include regulatory review cycles, audit trail infrastructure, and clinical accountability
documentation. In multi-county GovTech SaaS platforms, multi-tenant data isolation, access control governance, and public accountability
reporting add comparable recurring costs [9]. Neither cost category appears in typical PoC budgets, yet both are permanent features of
production operations in regulated contexts.

4.4. Healthcare and GovTech Contexts

The scoping review evidence from Hassan et al. [8] — Identifying governance structure as the primary facilitating condition for healthcare
Al adoption, with regulatory and legal frameworks as the foundational prerequisite — maps directly onto the AVRF's Gate 4 operational
readiness assessment. Data readiness in a healthcare deployment is not solely a quality and pipeline question; it is a regulatory compliance
question. Brown et al. [24] found that AI governance in healthcare organizations typically lags behind technical deployment, with
integration poorly understood at the organizational level — precisely the gap that Gate 1 (Business Problem Validation) and Gate 4
(Operational Readiness) are designed to surface before deployment rather than discover after it.

The public sector applicability findings from Mikalef et al. [9] establish that government technology deployments require distinct Al value
framing: business value in GovTech contexts is expressed in service delivery outcomes and cost per service unit rather than commercial
revenue. The AVRF accommodates this framing by allowing business value in the AVER calculation to be defined in sector-appropriate
terms, provided the definition is specific, measurable, and defensible at an investment authority review.

4.5. Enterprise AI Maturity Alignment

Table 4 maps AVRF gate activation to enterprise Al maturity levels. Sadiq et al. [30] found that most organizations stall at the Level 2-to-
Level 3 transition — the point at which the AVRF's Gate 3 (economic justification) and Gate 4 (operational readiness) become mandatory
rather than optional. The stall is not primarily a technical obstacle; it is a governance one. Organizations at Level 2 have demonstrated that
Al can work in a controlled setting. What they have not demonstrated is that they have the cost-accounting and operational-readiness
infrastructure to make it work sustainably at a production scale.

Table 4. AVRF Gate Activation Across Enterprise Al Maturity Levels

Maturity Level Defining Characteristics Active AVRF Gates Predominant Risk
Level 1: Ad hoc pilots, no . Investing without suitability
. . governance, no cost Gate 1 (informal) P
Experimentation o1 validation
accountability
Multiple pil . Lo .
. u tlp. °p ots, some Scaling before economic justification
Level 2: Expansion production, inconsistent Gates 1-2 . .
is established
governance
Level 3: Production deployments, Gates 1-4 AVER erosion from untracked
Optimization emerging cost awareness operational and governance costs
Level 4: Value Full govemance.cycle, Al Governance overhead without value
S FinOps, continuous All five gates s
Realization measurement discipline
measurement

4.6. Limitations and Comparative Analysis

Three limitations constrain the AVRF's applicability in certain contexts. The AISAM scoring model depends on assessor judgment at the
factor level, and inter-rater reliability has not been established through multi-organization empirical validation; calibration may be required
before deployment in organizations with limited Al governance maturity [30]. The framework's cloud-native architecture limits direct
transferability to on-premises or hybrid deployments, as cost layer definitions require adaptation. The Gate 5 continuous governance cycle
assumes Al FinOps instrumentation — token cost tracking, model performance dashboards, automated cost anomaly detection — that
organizations at Levels 1 and 2 of the maturity model will not yet have in place.

Against existing readiness frameworks, the AVRF is more decision-constraining at the investment stage and more comprehensive at the
post-deployment stage. In contrast to cloud cost-optimization models, it operates at a higher architectural abstraction level, sacrificing
infrastructure scheduling precision for greater applicability to organizational governance. The framework's primary analytical contribution
is the integration of suitability assessment, cost governance, and value measurement within a single gate-governed decision architecture
[31].
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5. Conclusion

The Al Value Realization Framework does not solve a technology problem [32]. It addresses a governance issue. The technology is capable.
The infrastructure is available. What has been absent from enterprise Al programs is a structured decision architecture that forces the three
questions that determine whether an Al investment will create or destroy value: Is Al the right approach for this problem? What will it
actually cost? Is the organization genuinely ready to deploy and sustain it?

The AVRF's five-gate model operationalizes each of these questions at a defined decision threshold, integrating the AISAM suitability
scoring instrument, the five-layer Enterprise Al Cost Stack, the AVER value metric, and the continuous value realization lifecycle into a
coherent governance architecture. The evidence base for this design is drawn from Al capability research, governance studies, cost
optimization research, and sector-specific adoption studies in healthcare and government technology — all of which converge on the same
structural finding: governance infrastructure determines Al value outcomes more reliably than technology quality does.

The framework's limitations are real and acknowledged. AISAM factor scoring requires calibration across diverse deployment contexts.
Cloud-native specificity restricts generalisability. Gate 5 implementation depends on AI FinOps tooling that not all organizations possess.
These limitations define the agenda for future work: empirical multi-organization validation of the AISAM scoring model, and integration
of the AVRF governance cycle with the EU Al Act and NIST AI Risk Management Framework compliance requirements [5] [6] — a
convergence that the emerging regulatory environment will increasingly make mandatory rather than optional.
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