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ARTICLE HISTORY ABSTRACT– The integration of autonomous, goal-driven AI agents into enterprise digital 
transformation initiatives necessitates a comprehensive reassessment of organizational readiness 
that extends beyond conventional technical implementation to encompass strategic alignment, 
governance architectures, and socio-technical adaptability. This systematic literature review 
synthesizes extant research published between 2015 and 2026 across five major academic 
databases (IEEE Xplore, ACM Digital Library, ScienceDirect, SpringerLink, and arXiv) using a 
rigorous multi-stage screening methodology. We construct a seven-dimensional readiness 
framework examining: (1) strategic roadmap alignment, (2) technology stack interoperability, (3) 
autonomous decision-making governance, (4) data accessibility and quality, (5) organizational 
adaptability and AI literacy, (6) technology convergence velocity, and (7) transformation 
performance outcomes. Moving beyond descriptive maturity models, this review makes a distinct 
theoretical contribution by grounding readiness in established frameworks—including the Strategic 
Alignment Model, Dynamic Capabilities Theory, and multi-layered interoperability ontologies—while 
resolving conceptual ambiguities between readiness and implementation outcomes. Practical 
deliverables include an enterprise self-assessment framework, maturity progression matrices, and 
industry-specific deployment pathways. 
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Introduction 

Agentic AI systems, characterized by autonomous, goal-
driven capabilities that enable independent decision-making, 
adaptive action, and multi-step workflow execution, 
represent a paradigmatic shift in enterprise digital 
transformation trajectories rather than an incremental 
technological evolution [1, 2]. Unlike conventional predictive 
or generative AI models that operate strictly within bounded, 
human-initiated prompt-response loops, agentic systems 
function as proactive entities capable of orchestrating 
complex enterprise tasks without continuous human 
intervention. Empirical evidence supporting this 
paradigmatic shift demonstrates that while first-generation 
machine learning (M1) optimizes discrete, deterministic 
processes, production-grade agentic architectures (M2) 
introduce autonomous economic agency, dynamic tool 
selection, and cross-functional workflow synthesis. This shift 
fundamentally alters the nature of enterprise computing from 
static automation to autonomous delegation.  

Architecturally, agentic AI systems are distinguished 
from conventional AI by several core capabilities beyond 
simple autonomous decision-making:  

1. Dynamic Tool Use and Environment Interaction: The 
capacity to discover, evaluate, and invoke external 
APIs, web services, and enterprise software modules 
dynamically to achieve high-level goals.  

2. Episodic and Semantic Dynamic Memory: Long-term 
memory stores and retrieval-augmented reasoning loops 
that allow agents to learn from past execution states, 
maintain contextual continuity, and adapt plans mid-
execution.  

3. Pre-Action Reasoning and Refinement Loops: 
Neurocognitive and control-plane architectures (e.g., 
Pre-Action Governance Reasoning Loops) that evaluate 
proposed actions against safety, policy, and domain 
constraints prior to execution.  

4. Multi-Agent Orchestration: The capacity for 
heterogeneous autonomous agents to assign sub-tasks, 
negotiate resource allocation, and resolve execution 
conflicts collaboratively.  

As organizations transition from experimental AI 
deployments to operationalized agentic ecosystems, the 
convergence of these autonomous agents with incumbent 
digital infrastructures exposes critical readiness gaps [2]. 
Fragmented approaches to adoption, focusing narrowly on 
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algorithmic capability while ignoring architectural 
interoperability, workforce competency, or risk governance, 
persistently fail to achieve sustained transformational 
outcomes [3]. To resolve these challenges, this literature 
review presents an integrative, seven-dimensional readiness 
framework that treats technological, strategic, and socio-
technical capability dimensions as interdependent capabilities 
required for autonomous AI integration [4-7].  

Systematic Literature Review Methodology 

To ensure methodological transparency and rigor, this 
study followed a structured Systematic Literature Review 
(SLR) protocol based on PRISMA (Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses) 
guidelines.  

A. Search Strategy and Database Selection 

A comprehensive search was executed across five 
primary electronic databases: IEEE Xplore, ACM Digital 
Library, ScienceDirect, SpringerLink, and arXiv (for 
emerging preprints on agentic frameworks between 2024–
2026). The temporal window covered publications from 
January 2015 to March 2026. Search strings combined 
Boolean operators with domain-specific keywords across 
three primary clusters:  

1. Agentic AI Keywords: "agentic AI" OR "autonomous 
AI agents" OR "multi-agent orchestration" OR 
"autonomous decision-making".  

2. Enterprise Transformation Keywords: "digital 
transformation" OR "enterprise architecture" OR 
"strategic alignment" OR "organizational readiness".  

3. Integration & Governance Keywords: "technology stack 
interoperability" OR "AI governance" OR "data 
readiness" OR "technology convergence velocity".  

B.  Inclusion and Exclusion Criteria 

Studies were evaluated based on the following explicit 
criteria:  

1. Inclusion Criteria (IC): (1) Peer-reviewed journal 
articles, conference proceedings, or technical 
foundational preprints published between 2015 and 
2026; (2) Studies focusing directly on enterprise-level 
AI adoption, autonomous agent architectures, 
governance frameworks, or cyber-physical integration; 
(3) Research providing empirical, conceptual, or 
architectural insights into organizational preparedness.  

2. Exclusion Criteria (EC): (1) Studies focusing purely on 
narrow algorithmic optimizations without enterprise 
architecture or organizational context; (2) Non-English 
publications; (3) Short extended abstracts, editorials, or 
non-peer-reviewed trade magazine columns. 

C.  Quality Assessment and Synthesis 

An initial pool of 1,552 records was identified. Following 
duplicate removal and title/abstract screening, 322 full-text 
articles were evaluated for eligibility. Each paper was scored 
across three quality criteria: methodological clarity, 

theoretical grounding, and applicability to enterprise agentic 
systems. The final synthesized corpus comprises 84 core 
publications that directly inform the seven-dimensional 
framework.  

Agentic AI Strategy Alignment 

Strategic readiness for agentic AI integration manifests 
through the formalization of developmental roadmaps that 
align autonomous agent capabilities with enterprise 
transformation objectives [2-4]. Current literature frequently 
relies on Capability Maturity Model Integration (CMMI) 
paradigms and ordinal digital maturity scales to evaluate this 
readiness [8-10]. However, equating strategic alignment 
solely with organizational maturity presents conceptual 
limitations. Maturity models offer diagnostic snapshots of 
operational evolution, but they often lack explanatory power 
regarding how strategic choices synchronize technology 
capabilities with competitive positioning.  

A. Theoretical Foundations: SAM, Dynamic 
Capabilities, and Enterprise Architecture 

To provide a rigorous theoretical grounding, strategic 
alignment for agentic AI must be conceptualized through 
three complementary management and architectural theories:  

1. Strategic Alignment Model (SAM): Henderson and 
Venkatraman’s SAM posits that value creation requires 
alignment across four domains: Business Strategy, IT 
Strategy, Organizational Infrastructure, and IT 
Infrastructure. In agentic AI contexts, strategic 
alignment requires harmonizing autonomous economic 
delegation (Business Strategy) with multi-agent control-
plane architectures (IT Strategy).  

2. Dynamic Capabilities Theory: Teece’s framework 
defines enterprise capacity to sense opportunities, seize 
value, and transform operational structures. Agentic AI 
acts as a meta-dynamic capability, an autonomous 
engine that continually senses environmental signals, 
orchestrates workflow reconfiguration, and executes 
real-time adaptation.  

3. Enterprise Architecture Frameworks (e.g., TOGAF, 
Zachman): EA frameworks provide the structural 
blueprints bridging strategic vision and technical 
implementation. They ensure that agentic workflows 
map directly to defined business capability increments 
without creating architectural drift.  

Integrative maturity models should therefore be 
understood as diagnostic measurement instruments nested 
within these broader strategic frameworks, rather than as 
standalone theoretical foundations [11, 12].  

B. Measurement Approaches and Strategic 
Roadmapping 

Ordinal maturity scales stratify organizations from initial 
ad-hoc experimentation (Level 1) to autonomous optimized 
orchestration (Level 5). Recent studies combine dynamic 
capabilities metrics with adoption frameworks to quantify 
readiness, emphasizing metrics such as executive 
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sponsorship, board-level AI literacy, and dedicated resource 
allocation for control-plane infrastructure. However, 
quantitative alignment metrics face generalizability 
challenges due to variations in capital intensity and regulatory 
burdens across industry sectors [13-16].  

Technology Stack Interoperability 

Technology stack interoperability determines whether 
agentic AI components can dynamically exchange data, 
invoke services, and coordinate actions with incumbent 
enterprise systems. Current literature frequently conflates 
various technical integration mechanisms under the generic 
label of "interoperability". To establish clear conceptual 
boundaries, interoperability must be structured across four 
distinct operational layers:  

A. Layered Conceptualization of Interoperability 

1. Technical Interoperability: Covers the underlying 
transport protocols, hardware interfaces, API gateways, 
and communication channels (e.g., RESTful APIs, 
gRPC, service buses) that enable raw byte exchange 
between agentic runtimes and legacy applications [17-
19].  

2. Semantic Interoperability: Ensures that the exchanged 
information carries a shared, precise meaning across 
heterogeneous systems. Agentic AI relies heavily on 
semantic ontologies (e.g., JSON-LD, RDF schemas) to 
interpret unstructured legacy output correctly and avoid 
hallucinated action parameters.  

3. Organizational Interoperability: Encompasses the 
alignment of business processes, contractual service-
level agreements (SLAs), and operational objectives 
between disparate organizational units or external 
partners hosting interacting agentic systems.  

4. Process Interoperability: Refers to the real-time 
orchestration and state synchronization of multi-step 
business workflows executed concurrently by human 
workers, legacy RPAs, and autonomous AI agents [20-
25].  

B. Legacy System Integration and Architectural 
Bottlenecks 

Encapsulating legacy mainframe logic via Service-
Oriented Architecture (SOA) and microservice wrappers 
provides a viable interface for agentic tool selection. 
However, legacy systems frequently present hard constraints, 
including lack of statefulness, strict rate-limiting, and rigid 
schema configurations. Uncontrolled API calls from 
autonomous agents can overwhelm legacy transaction 
processing engines, necessitating intelligent middleware that 
implements message queue throttling, state caching, and 
automated schema translation [26].  

Autonomous Decision-Making Governance 

The deployment of goal-directed agents capable of 
independent multi-step action introduces systemic 
operational risks, most notably "agent sprawl," where 
uncoordinated autonomous agents proliferate across 

enterprise networks [27]. Establishing robust governance 
requires delineating clear conceptual boundaries between 
governance and related organizational control constructs 
[28].  

A. Disambiguating Governance, Control, Risk 
Management, and Compliance 

1. AI Governance: The overarching steering framework 
defining decision rights, ethical principles, policy 
boundary definitions, and accountability structures for 
autonomous systems [27-28].  

2. Risk Management: The systematic process of 
identifying, assessing, and mitigating operational, 
adversarial, and systemic hazards (e.g., agent drift, 
cascading tool failures) within established risk appetite 
thresholds [29].  

3. Regulatory Compliance: Adherence to external legal 
mandates, statutory requirements, and industry 
standards (e.g., EU AI Act, NIST AI RMF, ISO/IEC 
42001) [30-36].  

4. Organizational Control: The real-time technical and 
managerial execution mechanisms (e.g., runtime 
guardrails, rate limits, action approvals) that enforce 
governance policies during live operations.  

B. Critical Tensions in Governance and Human 
Oversight Frameworks 

A central tension in agentic governance lies in the trade-
off between autonomous efficiency and meaningful human 
oversight. Mandating Human-in-the-Loop (HITL) approval 
for every discrete agent action creates severe operational 
bottlenecks and human cognitive fatigue, often resulting in 
superficial "rubber-stamping". Conversely, pure Human-on-
the-Loop (HOTL) or Human-in-Command (HIC) 
architectures risk unmitigated failure propagation before 
human intervention occurs. Modern frameworks address this 
through Pre-Action Governance Reasoning Loops (PAGRL) 
and dynamic risk-tiered escalation protocols, where human 
intervention is triggered conditionally based on real-time 
transaction value, confidence scores, and policy boundaries 
[37-41].  

Data Accessibility and Quality for Agentic 
Workflows 

Data serves as the operational environment in which 
autonomous agents reason and execute actions. While 
conventional analytics systems utilize data passively, agentic 
workflows query, manipulate, and generate data dynamically. 
Data readiness must be explicitly conceptualized alongside 
established data disciplines.  

A. Disambiguating Data Readiness from Related 
Constructs 

1. Data Readiness for Agentic AI: A holistic, runtime 
measure evaluating whether enterprise data assets are 
accessible, machine-interpretable, contextually 
contextualized via metadata, and safe for autonomous 
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agent consumption without human validation buffers 
[42].  

2. Data Quality: The degree to which data values satisfy 
technical criteria such as accuracy, completeness, 
consistency, and freshness. (Data can be of high quality 
yet unready for AI if it lacks semantic schemas).  

3. Data Accessibility: The physical and programmatic 
availability of data via APIs, low-latency databases, and 
secure network protocols [43-45].  

4. Data Governance & Management: The organizational 
policies, data stewardship, lineage tracking, master data 
management (MDM), and ingestion architectures that 
maintain enterprise data assets over time [46].  

B. Data Readiness Taxonomies and Dynamic Freshness 

Data Readiness for AI (DRAI) taxonomies evaluate data 
across structured, semi-structured, and unstructured domains. 
Key evaluation metrics include semantic schema coverage, 
temporal freshness (vital for real-time edge agents), data 
provenance transparency, and dynamic context windows. 
Unstructured enterprise knowledge stores require specialized 
preparation-including vector embeddings, semantic metadata 
indexing, and automated deduplication to prevent agent 
hallucination and decision corruption [47-50].  

Organizational Adaptability and AI Literacy 

Integrating autonomous agents into enterprise workflows 
alters socio-technical structures, shifting human roles from 
task execution to strategic direction and exception handling 
[7, 51]. Evaluating human capital preparedness requires 
disambiguating organizational adaptability from related 
constructs.  

A. Conceptualizing Organizational Adaptability 

1. Organizational Adaptability (in Agentic Contexts): The 
structural, cultural, and cognitive capacity of an 
enterprise and its workforce to continuously reconfigure 
business processes, job roles, and collaborative routines 
in response to autonomous AI delegation.  

2. Organizational Agility: The speed with which an 
organization responds to market changes and strategic 
opportunities.  

3. Organizational Resilience: The operational capacity to 
withstand, absorb, and recover from systemic shocks or 
disruptions.  

4. Change Readiness: The psychological and operational 
preparedness of employees to undergo a specific 
organizational restructuring.  

5. Digital Literacy vs. Agentic AI Literacy: While digital 
literacy focuses on operating digital software tools, 
Agentic AI Literacy encompasses prompt design, output 
verification, delegation management, ethical oversight, 
and human-agent task co-regulation [52-53].  

B. Competency Frameworks and Cultural 
Transformation 

The Agentic AI Literacy Framework (AALF) outlines 
competency progression across three levels: Operational 

Understanding, Delegated Management, and Strategic 
Orchestration. A key barrier to organizational adaptability is 
cognitive trust calibration preventing both over-reliance 
(uncritical acceptance of agent actions) and under-reliance 
(rejection of autonomous capabilities due to lack of 
transparency). Cultural transformation requires continuous 
skill upgrading, transparent change communication, and 
structured human-AI collaboration protocols [54-62].  

Technology Convergence Velocity 

Technology convergence velocity measures the temporal 
rate at which agentic AI integrates with complementary 
technological domains-specifically Cloud-Edge Computing, 
the Internet of Things (IoT), and Blockchain to create unified 
cyber-physical ecosystems [63].  

A. Theoretical Underpinnings of Convergence Velocity 

Convergence velocity is grounded theoretically in 
Technological Paradigm Shifts (Perez) and Ecosystem 
Orchestration Theory. These theories posit that exponential 
economic value emerges when complementary technology 
trajectories intersect. Agentic AI acts as the primary 
orchestration engine across these domains:  

1. IoT provides dynamic environmental sensing and 
physical actuation capabilities [64-65].  

2. Cloud-Edge Continua provide scalable, low-latency 
computational execution environments.  

3. Blockchain provides decentralized trust, immutable 
audit logs, and automated smart-contract settlement for 
agent transactions.  

Conceptualizing convergence velocity as a readiness 
dimension (an input capability) rather than merely an 
implementation outcome is essential. An organization's 
baseline capacity to ingest, process, and synchronize multi-
technology data streams dictates whether agentic AI can be 
operationalized safely. High convergence velocity enables 
real-time decision-making, whereas low velocity creates 
operational latency bottlenecks [66-69].  

B. Architectural Bottlenecks and Ecosystem Limitations 

Cross-technology convergence introduces complex 
systemic challenges. Edge computing nodes constrained by 
power and memory struggle to host local agent reasoning 
loops. Furthermore, integrating non-deterministic agent 
outputs with immutable blockchain smart contracts creates 
operational friction. Establishing standardized messaging 
protocols across these four domains remains a prerequisite for 
achieving high convergence velocity [70-72].  

Agentic AI Performance in Transformation 
Contexts 

Evaluating the performance of agentic AI deployments 
requires moving beyond traditional software metrics (e.g., 
system uptime, API response latency, simple throughput) 
toward outcome-oriented frameworks that account for 
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autonomous decision quality and adaptive goal pursuit [73-
77]  

A. Evaluation Frameworks: Dynamic Autonomy 
Balanced Scorecard (DABS) 

Given the absence of universal metrics, enterprise 
performance evaluation is best structured through an adapted 
Dynamic Autonomy Balanced Scorecard (DABS) spanning 
four primary dimensions [77, 78]:  

1. Financial & ROI Perspective: Direct cost savings, 
process throughput speedups, resource optimization 
efficiency, and return on autonomous capital [75, 77, 
81.  

2. Operational Process Perspective: Autonomous goal 
completion rates, error-recovery frequency without 
human escalation, and cycle-time reduction in multi-
step workflows  [73, 78, 80].  

3. Customer & Experience Perspective: Response 
personalization, service latency reduction, and seamless 
escalation resolution.  

4. Learning, Governance & Adaptability Perspective: 
Agent drift frequency, human oversight efficiency, 
policy compliance rates, and system adaptability to 
schema shifts [80-82].  

B. Comparative Analysis: Agentic vs. Non-Agentic 
Automation 

Unlike deterministic Robotic Process Automation (RPA) 
that follows fixed logical scripts, agentic AI dynamically 
formulates execution steps based on goal criteria. While RPA 
excels at static, high-volume tasks, agentic systems excel in 
dynamic, ambiguous environments requiring context 
adaptation. Performance evaluation must account for this 
non-deterministic flexibility, balancing performance 
efficiency against the governance costs of continuous runtime 
monitoring.  

Practical Implementation and Managerial 
Guidance 

To translate this theoretical framework into actionable 
organizational practice, this section provides implementation 
pathways, self-assessment mechanisms, and sector-specific 
considerations.  

A. Resource-Constrained Prioritization Pathway 

For small-to-medium enterprises (SMEs) or resource-
constrained environments, attempting simultaneous 
advancement across all seven dimensions is unfeasible. 
Organizations should follow a phased, capability-dependent 
sequence:  

B. Enterprise Self-Assessment Diagnostic Questions 

Organizations can evaluate their preparedness across each 
dimension using targeted diagnostic queries:  

1. D1 (Strategy): Is the agentic deployment mapped to 
formal business capabilities via TOGAF/SAM 
frameworks rather than isolated pilot projects? [2, 4] 

2. D2 (Interoperability): Are system interfaces 
standardized across technical, semantic, and process 
layers to prevent legacy bottlenecking? [18, 25] 

3. D3 (Governance): Are Pre-Action Governance 
Reasoning Loops (PAGRL) implemented to intercept 
policy-violating agent actions prior to execution? [28, 
38] 

4. D4 (Data Readiness): Are real-time data pipelines and 
semantic metadata schemas available to supply context 
to autonomous agents? [42, 45] 

5. D5 (Adaptability): Has workforce training transitioned 
from basic software usage to delegated autonomy 
management and ethical oversight?  [52, 53] 

6. D6 (Convergence): Can the technical infrastructure 
orchestrate multi-technology events across Cloud, 
Edge, IoT, and distributed ledgers efficiently? [63, 67] 

7. D7 (Performance): Are outcome metrics evaluated 
through dynamic frameworks (e.g., DABS) that 
measure decision quality alongside task speed? [77, 78] 

C. Sector-Specific Implementation Considerations 

1. Healthcare Settings: Prioritizes Dimension 3 
(Governance) and Dimension 4 (Data Readiness). Zero-
trust data access, strict HIPAA/GDPR regulatory 
compliance, zero-hallucination thresholds, and explicit 
Human-in-Command (HIC) protocols for clinical 
decision support are mandatory prerequisites.  

2. Manufacturing & Industry 4.0 Settings: Prioritizes 
Dimension 2 (Interoperability) and Dimension 6 
(Convergence Velocity). Success depends on real-time 
sub-millisecond edge compute integration, sensor data 
ingestion via IoT, and process interoperability across 
legacy Manufacturing Execution Systems (MES) and 
enterprise ERPs.  

Framework Synthesis and Maturity Matrices 

Table 1 consolidates the seven readiness dimensions 
examined throughout this review, linking each to its core 
definitional scope, theoretical foundations, and representative 
operational metrics. Table 2 extends this synthesis into a five-
level maturity progression that organizations can use to 
benchmark current capability and plan advancement across 
each dimension. 
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Table 1. Summary of the Seven Dimensions of Agentic AI Readiness 
Dimension Core Definition & Scope Theoretical Foundations Key Operational Metrics / KPIs 

1. Strategy 
Alignment 

Alignment of autonomous agent 
capabilities with enterprise 
transformation roadmaps. 

Strategic Alignment Model 
(SAM), Dynamic Capabilities, 
TOGAF. 

Executive sponsorship index; EA 
capability mapping completeness. 

2. 
Interoperability 

Multilayered capacity of agent 
runtimes to exchange data and 
execute legacy operations. 

Service-Oriented Architecture 
(SOA), Domain-Driven Design. 

API coverage %; semantic schema 
mapping accuracy; interface latency. 

3. Governance Systemic steering, ethical 
boundaries, policy controls, and 
regulatory risk management. 

Control-by-Design, NIST AI 
RMF, ISO 42001, PAGRL. 

Policy guardrail compliance %; agent drift 
rate; intervention latency. 

4. Data 
Readiness 

Real-time fitness of enterprise 
data assets for autonomous agent 
reasoning. 

Data Readiness for AI (DRAI), 
Master Data Management. 

Real-time freshness latency; vector 
schema coverage; data provenance score. 

5. Adaptability Workforce capacity to delegate 
tasks, oversee agents, and 
reconfigure business processes. 

Socio-Technical Systems Theory, 
Agentic AI Literacy (AALF). 

Human-AI trust calibration index; AALF 
competency score; retrained staff %. 

6. 
Convergence 
Velocity 

Temporal rate of multi-
technology integration across 
Cloud, Edge, IoT, and 
Blockchain. 

Technological Paradigm Shifts, 
Ecosystem Orchestration. 

Cross-technology event sync speed; edge 
processing latency; API throughput. 

7. Performance 
Outcomes 

Realization of adaptive business 
value and operational speedups 
over conventional systems. 

Dynamic Autonomy Balanced 
Scorecard (DABS). 

Autonomous goal completion rate; ROI 
multiplier; process cycle time reduction. 

 
Table 2. Agentic AI Readiness Maturity Progression Across Dimensions 

Dimension Level 1: Ad-Hoc / 
Initial 

Level 2: 
Repeatable 

Level 3: Defined & 
Standardized 

Level 4: Managed & 
Quantitative 

Level 5: Optimized 
Autonomous 

1. Strategy Isolated, 
uncoordinated 
agent experiments. 

Departmental pilot 
roadmaps 
established. 

Strategic alignment 
mapped to EA 
frameworks. 

Dynamic strategy 
alignment tuned to 
market shifts. 

Continuous 
autonomous strategy-
execution alignment. 

2. 
Interoperability 

Custom point-to-
point scripts; 
manual data entry. 

Basic RESTful 
wrapper APIs 
around legacy 
code. 

Standardized 
SOA/gRPC with 
semantic JSON-LD. 

Multi-layer 
interoperability across 
process layers. 

Self-healing dynamic 
API discovery and 
negotiation. 

3. Governance No formal agent 
controls; 
unmonitored 
execution. 

Post-hoc manual 
audit logging. 

Standardized policy 
guardrails and HITL 
approval. 

Real-time PAGRL 
control-plane 
interception. 

Fully dynamic, 
continuous 
automated policy 
enforcement. 

4. Data 
Readiness 

Siloed, 
unstructured, and 
unvalidated data 
assets. 

Batch data 
cleaning and basic 
vector indexing. 

Enterprise Master 
Data Management for 
AI. 

Real-time data 
streaming pipelines 
with provenance. 

Self-correcting, 
autonomous semantic 
knowledge graphs. 

5. Adaptability Widespread user 
resistance or over-
reliance. 

Basic prompt 
engineering 
workshops. 

Formal AALF 
training across 
workforce tiers. 

High human-AI trust 
calibration and co-
regulation. 

Seamless socio-
technical human-
agent teaming. 

6. Convergence Isolated single-
cloud agent 
deployments. 

Partial cloud-edge 
data streaming. 

Orchestrated Cloud-
Edge-IoT sensor 
pipelines. 

High-velocity sync 
with smart contract 
locks. 

Autonomous cyber-
physical ecosystem 
orchestration. 

7. Performance No performance 
tracking; purely 
anecdotal. 

Basic task 
completion speed 
tracking. 

KPI tracking using 
standard process 
metrics. 

Quantified evaluation 
via adapted DABS 
frameworks. 

Continuous self-
optimizing ROI 
acceleration. 
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Conclusion 

This systematic review synthesizes research on enterprise 
agentic AI integration into a unified seven-dimensional 
readiness framework. By explicitly disambiguating core 
constructs, including strategic alignment, interoperability 
layers, governance limits, data readiness, and organizational 
adaptability, this work addresses theoretical gaps in existing 
digital maturity literature. Effective agentic AI deployment 
requires synchronized maturity across all seven dimensions, 
with governance guardrails and data readiness serving as 
foundational boundaries for autonomous operation. Future 
empirical research should validate these maturity matrices 
across diverse industry verticals and establish standardized 
long-term benchmarks for measuring human-agent 
collaboration outcomes.  
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