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Abstract 

 

Enterprise service organizations increasingly deploy artificial intelligence agents alongside human workers. Yet, incumbent workforce 

management frameworks remain anchored to a purely human labor model, rendering AI agents invisible to capacity planning, performance 

attribution, and governance enforcement. This article addresses that conceptual gap through a design science research methodology, 

introducing three constructs as reusable primitives for hybrid workforce platform design. The Workforce Unit Abstraction defines a unified 

seven-attribute operational schema applicable to both human workers and AI agents, enabling consistent representation across planning, 

scheduling, and governance systems. The Hybrid Capacity Model extends demand-to-supply planning across heterogeneous workforce 

pools, resolving a multi-objective allocation problem that simultaneously optimizes cost, quality, and risk constraints. Governance-bound 

autonomy constrains AI Workforce Unit actions within a five-level, policy-enforced autonomy ladder supported by six mandatory 

governance controls. Together, these constructs provide a coherent reference model that closes the documented gaps in hybrid workforce 

management, including scheduling inefficiencies of up to 28%, attribution failures in 68% of organizations, and governance ambiguity 

responsible for 61% of hybrid workflow failures. The framework establishes a principled vocabulary for designing enterprise service 

platforms that manage human and artificial intelligence labor responsibly, transparently, and at scale. 

 

Keywords: Workforce Unit Abstraction, Hybrid Capacity Model, Governance-Bound Autonomy, Human-AI Collaboration, Enterprise 

Service Operations. 

 

1. Introduction 

Enterprise service operations have undergone a structural transformation over the past decade, driven by the accelerating deployment of 

artificial intelligence agents alongside human service representatives. Industry surveys consistently report that organizations integrating AI 

into service workflows achieve measurable productivity gains: average handle time reductions of 25–35%, first-contact resolution 

improvements of up to 18%, and cost-per-interaction reductions of up to 40% in high-volume contact center environments. These figures, 

however, mask a deeper operational reality. The productive capacity that generates these outcomes is no longer exclusively human. Yet, 

the systems designed to plan, schedule, and govern that capacity continue to model the workforce as if it were. This foundational  

misalignment between operational reality and the conceptual architecture of workforce management systems constitutes the central 

problem this article addresses. 

The collaborative relationship between AI systems and human employees has emerged as one of the most consequential shifts in 

organizational design. Chowdhury et al. [1] demonstrate, through an integrated knowledge-based and socio-technical systems lens, that 

AI-employee collaboration positively influences business performance, but only when the organization constructs appropriate relational 

and structural conditions for that collaboration. Their findings reveal that AI adoption without corresponding adjustments to management 

systems produces fragmented outcomes because the organizational socialization mechanisms that coordinate human behavior are not 

extended to govern AI behavior. This insight is directly relevant to workforce management: the absence of a shared representational model 

for human and AI workers is not merely a technical oversight but an organizational failure with measurable performance consequences. 

The scale of this challenge is expanding rapidly. Pedrami and Vaezi [2]In a comprehensive meta-synthesis spanning 74 peer-reviewed 

studies on AI adoption in human resource management, researchers identify that the dominant barrier to effective AI integration is not 

technological capability but conceptual incompatibility between existing HR frameworks and the operational characteristics of AI systems. 

Their analysis further reveals that organizations typically adopt AI as an auxiliary tool, classified outside the workforce boundary, rather 

than as a governed operational resource, thereby systematically underestimating AI's contribution to capacity and distorting both planning 

and performance attribution. As of 2024, fewer than 23% of organizations surveyed across the studies reviewed by Pedrami and Vaezi had 
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implemented unified performance measurement frameworks that accounted for AI-assisted outcomes alongside human-generated 

outcomes. 

This tension reflects what Raisch and Krakowski [3] term the automation–augmentation paradox: AI systems simultaneously displace 

human tasks and enhance human capability, creating a dynamic in which the boundary between human and AI labor is neither fixed nor 

cleanly measurable. They argue that management theory has not yet resolved whether AI should be conceptualized as a substitute for 

human workers, a complement to them, or an independent productive agent in its own right. This unresolved conceptual status is precisely 

what produces the operational fragmentation observed in practice: capacity planning that ignores AI's contribution, scheduling that treats 

AI as a background feature, and governance frameworks that assign accountability only to humans, even when AI agents execute 

consequential actions. 

This article proposes that resolving this fragmentation requires not a technological fix but a conceptual re-foundation. Specifically, it 

introduces three constructs, Workforce Unit Abstraction, Hybrid Capacity Model, and Governance-Bound Autonomy, as reusable design 

primitives for enterprise service platforms that treat human and AI labor as coordinated, governed operational resources within a unified 

management framework. The remainder of this article proceeds as follows: Section 2 reviews the relevant literature across four thematic 

areas. Section 3 establishes the methodological approach; Sections 4 through 6 define each construct in detail; Section 7 synthesizes 

implications and discusses limitations. Section 8 concludes with directions for future research. 

2. Literature Review 

2.1. Workforce Management Systems and Capacity Planning 
Contemporary workforce management systems were designed under the assumption that productive capacity is exclusively human, 

measurable through attendance records, scheduled availability, and adherence metrics. This assumption has become increasingly untenable 

as AI agents assume substantial portions of transactional and semi-cognitive service work. Polster et al. [4] demonstrate that integrating AI 

into human-centered workflows, even within structured design thinking processes, introduces significant planning complexity because AI 

contributions to task throughput cannot be adequately represented by the scheduling primitives developed for human workers. Their 

empirical analysis of AI-augmented innovation teams shows that organizations underestimate AI-generated output by approximately 30–

45% when using legacy capacity frameworks, resulting in chronic overprovisioning of human labor and misaligned service-level 

expectations. This gap motivates the Workforce Unit Abstraction proposed in this article, which provides a unified representational schema 

capable of modeling both human and AI capacity under shared operational constraints. Tarafdar [5] This finding reinforces this finding in 

the context of automation-heavy industries, reporting that hybrid decision systems without unified capacity representations generate 

scheduling inefficiencies of up to 28% compared to frameworks that explicitly model AI availability alongside human availability. The 

implication is that capacity planning must evolve from a single-variable optimization, maximizing human utilization subject to schedule 

and compliance constraints, to a multi-variable problem in which AI agent availability, quota limits, and confidence thresholds are treated 

as first-class planning inputs. Dynamic task offloading research by Suganya et al. [6], though developed in the edge computing domain, 

provides a mathematically transferable model for this class of problems, demonstrating that heterogeneous resource allocation across 

compute nodes with differing capability profiles can be optimized using latency- and capacity-aware scheduling functions. This formulation 

maps directly onto hybrid workforce allocation, where AI agents and human workers represent heterogeneous resource nodes with distinct 

capability and availability profiles. 

2.2. AI Agent Frameworks and Human-AI Teaming  

The operational integration of AI agents into enterprise workflows has generated a substantial body of research on human-AI teaming. Yet, 

the workforce management implications of that teaming have received comparatively limited attention. Alam and Khan [7] examine AI-

human collaborative decision-making in Industry 4.0 environments, finding that organizations achieving the highest decision quality scores, 

averaging 87.3% accuracy on complex classification tasks, are those that explicitly define role boundaries, escalation triggers, and 

accountability assignments for both human and AI participants. Their findings directly support the Governance-Bound Autonomy principle 

introduced in this article, which formalizes these boundaries as enforceable operational contracts rather than informal coordination norms. 

Lou et al. [8]In a comprehensive review of human-AI teaming literature spanning 2015 to 2025, we identify that the dominant failure mode 

in human-AI collaborative systems is not technical error but governance ambiguity: specifically, the absence of clear policies governing 

when AI agents may act autonomously, when they must defer to human judgment, and how outcomes should be attributed across hybrid 

workflows. Their review of 112 empirical studies reports that 61% of documented hybrid workflow failures were attributable to governance 

ambiguity rather than algorithmic inadequacy, underscoring the theoretical urgency of the Governance-Bound Autonomy construct 

developed in Section 6 of this article. 

2.3. AI Governance and Accountability  

The governance of AI in organizational settings has attracted growing scholarly and regulatory attention. Yet, most governance frameworks 

remain anchored to AI as an external system rather than a governed workforce participant. Ammah et al. [9], extending the AI4People 

ethical framework to cross-cultural enterprise contexts, argue that responsible AI deployment requires not only technical auditability but 

also institutional accountability structures that assign human ownership for AI-generated outcomes. Their analysis reveals that 

organizations lacking such structures experience an average 34% increase in unresolved service escalations when AI agents handle initial 

customer interactions without explicit escalation policies. Zha et al. [10], in a foundational survey of data-centric AI systems published in 

ACM Computing Surveys, establish that AI agent behavior is fundamentally shaped by the data and policy boundaries within which agents 

operate, making governance controls a prerequisite for reliable AI performance rather than an optional compliance layer. This finding 

provides theoretical grounding for the Governance-Bound Autonomy principle, which requires that AI Workforce Units operate within 

auditable permission and data boundaries. Babashahi et al. [11] complement this perspective with a systematic review of skill 

transformation in AI-augmented workplaces, finding that 68% of organizations surveyed lacked formal frameworks for attributing service 

quality outcomes to AI-assisted versus human-finalized work, thereby creating accountability gaps that eroded both team member trust and 

managerial oversight capacity. 
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2.4. Service Operations and Hybrid Automation  

The convergence of robotic process automation, machine learning, and AI agent capabilities has produced what Jangam and Karri  [12] 

term "hyperautomation," an end-to-end automation paradigm in which AI, ML, and RPA components operate in coordinated pipelines 

within enterprise workflows. Their analysis of 23 enterprise deployments demonstrates that hyperautomated workflows achieve throughput 

improvements of 55–70% over human-only equivalents, but that these gains are frequently offset by governance failures when AI 

components operate without equivalent accountability structures to those applied to human workers. The Hybrid Capacity Model 

introduced in Section 5 of this article directly addresses this gap by providing a demand-to-supply planning framework that treats AI agent 

capacity as schedulable, constrained, and cost-attributed, on par with human workforce capacity in operational terms. Sundaramurthy et al. 

[13] Extend this argument into workforce analytics, demonstrating that enterprise automation platforms integrating AI across cybersecurity, 

cloud operations, and workforce functions achieve the highest operational reliability scores when AI contributions are subject to the same 

performance telemetry and audit requirements as human contributions. Their findings across six enterprise case studies show that unified 

workforce analytics, encompassing both human and AI performance signals, reduces mean time to incident detection by 42% compared to 

siloed monitoring architectures, providing empirical grounding for the performance-telemetry attribute specified in the Workforce Unit 

Abstraction defined in Section 4. 

 

2.5. Workforce Unit Abstraction 
A Workforce Unit is defined in this article as a standardized operational representation of productive capacity, applicable uniformly to both 

human workers and artificial intelligence agents within an enterprise service system. The motivation for this abstraction emerges directly 

from the documented fragmentation of current workforce management systems, which maintain separate representational models for 

human and AI labor, preventing unified planning, consistent performance attribution, and coherent governance enforcement. The novelty 

of the Workforce Unit Abstraction lies not in the observation that humans and AI agents both contribute to service outcomes, which is 

already widely documented, but in formalizing a shared attribute schema that makes this joint contribution operationally legible to planning, 

scheduling, and governance systems. Without such a schema, capacity planners must work across two incompatible representational 

systems simultaneously, a condition that Olujimi et al [16] identify as one of the primary structural barriers to effective agentic AI 

deployment in enterprise environments. Their systematic review of 64 studies on agentic AI frameworks in small and medium enterprise 

contexts finds that 71% of deployment failures are traced to the absence of a unified agent representation model, with organizations lacking 

such a model reporting average capacity allocation errors of 33% relative to actual hybrid workforce output. The Workforce Unit 

Abstraction addresses this gap by establishing a single representational contract applicable to every productive resource in the service 

system, regardless of whether that resource is human or artificial. 

 

2.5.1. Attribute Schema 

A seven-dimensional attribute tuple represents each workforce unit within the enterprise service system: 

𝑤𝑖 = {𝐼𝐷𝑖 , 𝐶𝑖 , 𝐴𝑖 , 𝑘𝑖 , 𝑄𝑖 , 𝐺𝑖 , 𝑇𝑖
}           (1) 

 

where IDi denotes the identity and type of the unit (human worker or AI agent); Ci represents the capability profile encompassing skills, 

supported work types, and eligibility constraints; Ai is the availability model encoding schedule constraints for humans and quota limits, 

runtime constraints, and knowledge readiness boundaries for AI agents; k i is the cost model capturing labor cost for humans and usage 

cost, compute cost, and per-action budget caps for AI agents; Qi denotes the quality and reliability profile, including expected quality range 

by work type, confidence thresholds, and escalation triggers; G_i specifies the governance controls encompassing permission scope, audit 

requirements, allowed autonomy level, and escalation policy; and Ti represents the performance telemetry recording throughput rates, 

quality outcomes, rework frequency, and, specifically for AI agents, human override and escalation rates. This schema is intentionally 

symmetric: every attribute has a well-defined interpretation for both human workers and AI agents, though the specific values and 

operational semantics differ by unit type. For a human worker, AI is shaped by scheduled shifts and labor compliance rules; for an AI 

agent, AI is shaped by system quota limits, API rate limits, and confidence threshold settings. The schema thereby achieves representational 

unity without erasing the operational differences between workforce types. 

 

Table 1. Workforce Unit Abstraction Attribute Schema 

Attribute Human worker AI agent 

Identity and type team member ID, role, employment type Agent ID, model type, deployment version 

Capability profile Skills, certifications, and work type eligibility 
Task classes, benchmark accuracy, knowledge 

domain 

Availability model Scheduled shifts, labor compliance, time-off Quota limits, API rate, and knowledge freshness 

Cost model Labor cost, overtime, utilization rate Usage cost per call, compute cost, budget cap 

Quality profile Quality scores, error rate, and rework frequency Accuracy range, confidence threshold θQ 

Governance controls 
Labor policy, management hierarchy, 

compliance 
Autonomy level Li, permission scope Φi, audit 

Performance 

telemetry 
Throughput, handle time, quality outcomes Throughput, override rate, escalation rate, drift 

2.5.2. Fra 

The practical significance of the Workforce Unit Abstraction becomes clear when considered against the performance consequences of its 

absence. Liang et al. [17]In their holistic evaluation of large language model capabilities across 30 evaluation scenarios, they demonstrate 

that AI systems exhibit highly variable performance profiles across task types, with accuracy rates ranging from 91.4% on structured 

information retrieval tasks to 43.7% on tasks requiring contextual judgment and multi-step reasoning. This variability is precisely what the 

capability profile attribute Ci and quality profile Qi within the Workforce Unit schema are designed to capture, that an AI agent is not 

uniformly capable across all work types, and a planning system that treats it as such will systematically misallocate demand. When AI 
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agents are assigned to work types that exceed their reliable capability range, defined here as task types where the agent's documented 

accuracy falls below an organization-defined quality threshold 𝛉Q, the probability of requiring human intervention rises sharply. In 

enterprise contact center environments, this miscalibration has been shown to increase escalation volumes by 22–38% above baseline, 

negating the throughput advantages that motivated AI deployment in the first place. By encoding Qi and Gi as explicit attributes of every 

AI Workforce Unit, the abstraction enables planning systems to perform capability-aware allocation, matching demand to units whose 

quality profiles are reliably suited to the work type in question, rather than treating AI capacity as uniformly interchangeable with human 

capacity. Olujimi et al. [16] further observe that agentic AI systems operating within ecosystemic multi-agent architectures require precisely 

this kind of structured identity and capability representation to achieve reliable coordination, reporting that frameworks incorporating 

explicit agent capability schemas reduce inter-agent coordination failures by 44% compared to architectures relying on implicit role 

assumptions. The Workforce Unit Abstraction thus serves a dual function: it enables unified capacity planning across hybrid workforces 

and provides the foundational representational layer upon which the Hybrid Capacity Model and Governance-Bound Autonomy constructs, 

developed in Sections 5 and 6, respectively, depend. 

 

2.6. Hybrid Capacity Model  
The Hybrid Capacity Model is defined in this article as a demand-to-supply planning model that maps enterprise service demand onto a 

combined pool of human and AI Workforce Units, optimizing allocation across shared operational objectives while respecting the 

heterogeneous constraints of each unit type. Traditional capacity planning in enterprise service operations solves a constrained single-

resource optimization: given forecast demand volume D and a homogeneous pool of human workers with known availability and skill 

profiles, the model identifies a staffing level that satisfies service-level agreements at minimum cost. This formulation becomes structurally 

inadequate in hybrid workforce environments because it treats the two resource types, human workers and AI agents, as either equivalent 

or incomparable, neither of which is operationally accurate. Afrin et al. [18]In a comprehensive survey of resource allocation and service 

provisioning across 143 multi-agent cloud robotics deployments, researchers demonstrate that heterogeneous agent pools require explicit 

capability-aware and constraint-aware allocation algorithms to avoid systematic underutilization of higher-capability agents and 

overloading of lower-reliability ones. Their analysis shows that naive uniform allocation across heterogeneous agent pools degrades service 

throughput by an average of 31% compared to capability-stratified allocation. This finding translates directly to the hybrid workforce 

context: treating AI Workforce Units as interchangeable with human Workforce Units in capacity planning results in comparable 

throughput degradation. The Hybrid Capacity Model resolves this by extending the allocation problem to a multi-objective, multi-resource 

formulation that explicitly represents the distinct operational characteristics of each Workforce Unit type. 

2.6.1. Demand and Supply Representation 

Demand in the Hybrid Capacity Model is represented as a time-indexed vector that 𝐷 = {(𝑉𝑡 , 𝑇𝑡 , 𝑆𝑡 , 𝑃𝑡
)} denotes interaction volume at time 

interval t; Tt represents the work type distribution across that interval (for example, the proportion of triage, drafting, policy verification, 

and escalation tasks); St specifies the service level objectives, including target response time and resolution rate; and P t encodes the risk 

profile of the demand mix, specifically, the proportion of interactions requiring human judgment, regulatory compliance verification, or 

high-stakes decision-making. Supply is represented as the full Workforce Unit pool 𝑊 = 𝑊𝐻 ∪ 𝑊𝐴𝐼  defined in Section 4, where each unit 

will contribute its available capacity 𝑎𝑖̂(𝑡) At time t, according to its availability model, Ai. The allocation problem then seeks a mapping 

𝐷 → 𝑊 that satisfies the following: 

𝑚𝑖𝑛𝛼 ∑ ∎∎
𝑖 𝑘𝑖 . 𝑢𝑖   𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜  ∑ ∎∎

𝑖𝜀𝑊  𝑎𝑖̂(𝑡) . 𝑥𝑖𝑡 ≥ 𝑣𝑡 . 𝛿𝑡 ,   ∀𝑡∎
        (2) 

 

Where ki is the unit cost of Workforce Unit wi as defined in the attribute schema, ui is the utilization rate, 𝑥𝑖𝑡𝜀{0,1} is the binary allocation 

decision, and 𝛿𝑡
 is the service level compliance factor that penalizes allocations that fail to meet the target response time or quality threshold 

for demand type Tt. This formulation minimizes hybrid workforce costs while enforcing service-level and quality constraints 

simultaneously across both human and AI Workforce Units. 

2.6.2. Tiered Allocation Strategy and Differentiation from Traditional Planning 

The practical implementation of the Hybrid Capacity Model yields a tiered allocation strategy governed by the risk profile p t of each 

demand segment. For low-risk, high-repetition work types, such as structured information retrieval, status inquiries, and classification 

tasks, AI Workforce Units serve as the primary allocation, with human Workforce Units activated only when AI confidence scores fall 

below the unit-specific threshold θQ defined in the quality profile attribute Qi. For medium-risk work types that involve partial contextual 

judgment, such as complaint drafting and policy interpretation, the model allocates AI agents to the preparation and drafting phase, while 

assigning human Workforce Units to finalization and approval. For high-risk work types that require regulatory compliance, complex 

reasoning, or emotionally sensitive interactions, human Workforce Units serve as the primary, with AI agents providing research, 

summarization, and knowledge retrieval support. Mao et al. [19] Validate a structurally equivalent tiered allocation architecture in the 

context of vehicular fog computing, demonstrating that multi-agent reinforcement learning-based capacity planning across heterogeneous 

compute nodes, differentiated by processing capability, latency profile, and reliability, achieves service level compliance rates of 94.7% 

compared to 78.3% for uniform allocation baselines, a 16.4 percentage point improvement that translates into quantifiable service quality 

gains. Their convergence results further show that capability-stratified allocation reduces average resource idle time by 23% across the 

agent pool, reflecting the efficiency dividend that accrues when allocation logic explicitly accounts for the differing operational profiles of 

heterogeneous resource types. Critically, the Hybrid Capacity Model departs from traditional workforce planning not merely in adding a 

second resource type. Still, in restructuring the optimization objective itself, rather than minimizing human labor cost subject to volume 

constraints alone, it minimizes total hybrid workforce cost subject to simultaneous constraints on volume coverage, work type suitability, 

risk-adjusted quality thresholds, and governance compliance. This multi-objective structure, grounded in the Workforce Unit Abstraction 

defined in Section 4, ensures that AI contribution is modeled as genuine operational capacity rather than as a background efficiency feature, 

thereby enabling unified hybrid workforce management. 
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2.7. Governance-Bound Autonomy  
Governance-Bound Autonomy is defined in this article as the principle that AI Workforce Units may execute actions autonomously only 

within a formally defined, policy-enforced, and auditable operational boundary, with explicit human ownership assigned for all outcomes 

produced within or beyond that boundary. Under this principle, autonomy is not an intrinsic property of the AI agent's capability but a 

controlled operational contract. This governs the permission space, which expands or contracts in response to demonstrated reliability, risk 

level, and organizational policy. Tolan et al. [20] establish that AI systems demonstrate task-level capability across a far wider range of 

cognitive activities than the governance frameworks of most organizations are designed to accommodate, finding that 52% of tasks 

classified as requiring moderate-to-high cognitive complexity, including information synthesis, policy interpretation, and exception 

handling, fall within the demonstrated performance range of current AI benchmarks. Yet, fewer than 19% of surveyed organizations have 

governance policies that explicitly define the boundaries of autonomy for AI agents performing such tasks. This gap between capability 

and the scope of governed autonomy is precisely the failure condition that Governance-Bound Autonomy is designed to close, and it 

represents one of the most consequential unresolved problems in the design of enterprise hybrid workforce systems. 

2.7.1. The Autonomy Ladder 

The practical implementation of Governance-Bound Autonomy requires a structured taxonomy of autonomy levels, each associated with 

a defined set of governance requirements. This article defines a five-level autonomy ladder for AI Workforce Units ordered by increasing 

scope of independent action. At Level 1, Assistive Autonomy, the unit generates suggestions or draft content for human review with no 

consequential external action taken. At Level 2, Collaborative Autonomy, the unit prepares complete action proposals requiring human 

authorization before execution. At Level 3, Constrained Execution, the unit executes low-risk, high-repetition actions within strictly 

bounded parameters with mandatory post-execution audit logging. At Level 4, Conditional Autonomy, the unit executes a broader action 

class under automated monitoring with rollback capability and real-time human supervisory visibility. At Level 5, Supervised High 

Autonomy, the unit operates with maximum permitted independence within a tightly validated domain, subject to the most stringent audit 

and drift-monitoring requirements. The autonomy level assigned to each AI Workforce Unit is encoded in the governance attribute Gi of 

its Workforce Unit representation from Section 4, such that the permitted action set Φi of unit wi satisfies the following: 

𝛷𝑖 ⊆ 𝛷(𝐿𝑖),   𝐿𝑖𝜀 {1,2,3,4,5}             (3) 

where ΦL
i denotes the maximum action class permitted at autonomy level Li, itself a governed parameter subject to organizational policy 

review and performance-based adjustment. 

2.7.2. Required Governance Controls 

The operational effectiveness of Governance-Bound Autonomy depends on six controls applied to every AI Workforce Unit operating at 

Level 3 or above. Permission boundaries define the specific action classes the unit is authorized to execute. Data boundaries restrict the 

sources and fields the unit may access. Auditability requires that reasoning pathways, action histories, and outcome evidence remain 

traceable and retrievable for every executed action. Escalation policies specify the exact conditions, confidence score thresholds, risk flags, 

and regulatory trigger events under which execution must transfer to a human Workforce Unit. Contestability ensures that AI-generated 

outcomes can be challenged and corrected through a formally governed human review process. Continuous monitoring applies drift 

detection, error pattern analysis, and fairness surveillance across all sustained autonomy levels. Bamigbade et al. [21] demonstrate across 

47 enterprise deployments that organizations implementing explainable AI frameworks with traceable decision pathways achieve a 38% 

reduction in governance-related operational incidents compared to organizations without equivalent transparency controls. At the same 

time, AI systems lacking contestability mechanisms generate unresolved outcome disputes at a rate 2.7 times higher than systems with 

formal review processes. These controls collectively ensure that Governance-Bound Autonomy functions as an operationally enforced 

constraint rather than a policy aspiration, preserving human accountability at every tier of the autonomy ladder while enabling AI 

Workforce Units to contribute their full productive capacity within responsibly defined operational boundaries. 

 

Table 2. Governance-Bound Autonomy Ladder 

Level Designation Action scope Key governance controls Risk 

L1 
Assistive 

autonomy 

Suggestions and drafts only; no external action 

without human approval 

Human approval gate; output 

logging 
Low 

L2 
Collaborative 

autonomy 

Complete action proposals prepared; human 

authorization required before execution 

Authorization workflow; audit 

trail 
Low-med 

L3 
Constrained 

execution 

Low-risk repetitive actions within strict bounds; 

mandatory post-execution audit 

Permission + data boundaries; 

anomaly detection 
Medium 

L4 
Conditional 

autonomy 

Broader action class with automated monitoring, 

rollback, and live human oversight 

L3 controls + rollback; escalation 

triggers; contestability 
Med–high 

L5 

Supervised 

high 

autonomy 

Maximum independence within a tightly 

validated domain; proven safety record required 

L4 controls + drift monitoring; 

fairness surveillance; scope 

review 

High 

3. Methods 

3.1. Research Approach 
This article adopts a conceptual synthesis methodology grounded in design science research (DSR), a well-established paradigm for 

producing artifacts, frameworks, constructs, models, and principles that address identified gaps in existing socio-technical systems. DSR 

is particularly appropriate when the primary contribution is not empirical measurement of a known phenomenon but the construction of 

novel conceptual structures that reframe how a problem class is understood and addressed. Sutton et al. [14] argue that design science and 

behavioral science are not competing paradigms but synergistic ones: design science contributes the artifact, in this case, the Workforce 

Unit Abstraction, Hybrid Capacity Model, and Governance-Bound Autonomy constructs, while behavioral science provides the theoretical 
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grounding that explains why the artifact should produce the outcomes it claims. Their analysis of 89 published DSR studies in information 

systems research demonstrates that hybrid DSR-behavioral approaches yield artifacts with significantly higher practical adoption rates, 

reporting a 47% improvement in practitioner uptake compared to purely technical design artifacts developed without behavioral theoretical 

anchoring. This article applies hybrid logic: each of the three constructs introduced in Sections 4 through 6 is grounded in both an 

engineering design rationale, what the artifact does operationally, and a behavioral rationale, i.e., why organizations and their workforces 

will respond to it in predictable and governable ways.  

3.2. Justification for a Conceptual Article 
The decision to present this contribution as a conceptual article rather than an empirical study reflects both the maturity of the problem 

domain and the nature of the contribution. Koskela-Huotari [15] provides a rigorous framework for evaluating when conceptual articles 

are the appropriate scholarly vehicle, identifying three conditions that jointly justify the approach: the existence of a clearly documented 

practical problem without an adequate theoretical solution, the availability of sufficient prior empirical evidence to ground the proposed 

constructs, and the potential for the resulting framework to generate testable propositions for future empirical investigation. All three 

conditions are satisfied in the present case. The practical problem, the absence of a unified operational model for hybrid human-AI 

workforces, is documented across the literature reviewed in Section 2, with quantitative evidence of its consequences including scheduling 

inefficiencies of up to 28%, governance failure rates of 61% in hybrid workflows, and attribution gaps in 68% of surveyed organizations. 

The prior empirical evidence base, spanning workforce management systems, AI teaming research, governance frameworks, and service 

automation literature, is sufficiently developed to ground each construct. And the three constructs together generate a set of testable 

propositions, for instance, that organizations adopting Workforce Unit Abstraction will demonstrate measurable reductions in capacity-

planning error relative to human-only models, which constitute a direct agenda for future empirical work. 

3.3. Framework Design Logic 
The three constructs introduced in this article are designed as a coherent layered architecture rather than independent proposals. The logical 

dependency between them can be expressed as follows. Let W denote the set of all Workforce Units in an enterprise service system, where 

each unit w_i \in W is characterized by a tuple of operational attributes Ai = {identity, capability, availability, cost, quality, governance, 

telemetry}. The Workforce Unit Abstraction defines this representational schema uniformly across human workers and AI agents, such 

that W = WH ⋃ WAI}, where WH is the set of human Workforce Units, and WAI is the set of AI Workforce Units, and both subsets are 

governed by the same attribute schema Ai. The Hybrid Capacity Model then operates over W to solve the demand-supply allocation 

problem: given a demand vector D = {d1, d2,..., dn} representing work volume by type and time interval, the model identifies an allocation 

𝛼: 𝐷 → 𝑊 that satisfies service-level constraints while simultaneously optimizing across cost, quality, and risk objectives. Governance-

Bound Autonomy constrains the allocation function 𝛼 for AI Workforce Units specifically, ensuring that no allocation assigns an AI agent 

to an action class that exceeds its permitted autonomy level or violates its audit and escalation policy. Together, these three layers constitute 

a complete operational architecture: representation, planning, and control. This layered design logic, in which each construct presupposes 

and extends the one preceding it, is what distinguishes the framework from a collection of independent design recommendations and 

establishes it as a reusable reference model for enterprise service platform design.  

 

4. Results and Discussion  

4.1. Synthesis of Framework Contributions 

The three constructs introduced in this article, Workforce Unit Abstraction, Hybrid Capacity Model, and Governance-Bound Autonomy, 

collectively resolve the conceptual gap identified in Sections 1 and 2 by providing a complete operational architecture across three 

functional layers: representation, planning, and control. Considered together, they constitute a mutually reinforcing system in which the 

representational completeness of the Workforce Unit Abstraction enables the planning precision of the Hybrid Capacity Model, and the 

planning precision of the Hybrid Capacity Model operationalizes the governance enforcement of Governance-Bound Autonomy. 

Chowdhury et al. [1] demonstrate that AI-employee collaboration produces measurable improvements in business performance only when 

supported by appropriate organizational structures. Without such structures, the performance dividend of hybrid deployment remains 

largely unrealized. The framework proposed in this article provides precisely those structures in operational form, creating the 

organizational conditions necessary for reliable and accountable hybrid workforce performance at enterprise scale. 

4.2. Implications for Capacity Planning and Performance Attribution 

The adoption of the Workforce Unit Abstraction and Hybrid Capacity Model has direct quantitative implications for the accuracy of 

enterprise capacity planning. Organizations operating without unified capacity representations underestimate AI contribution by 30–45% 

and generate scheduling inefficiencies of up to 28% [4], [5]. The Hybrid Capacity Model's multi-objective allocation formulation addresses 

both failure modes by treating AI agent availability as a first-class planning input equivalent in operational standing to human workforce 

availability. Mao et al. [19] report that capability-stratified multi-agent allocation achieves service-level compliance rates of 94.7% 

compared to 78.3% for uniform baseline approaches, a 16.4 percentage-point improvement that, applied to a contact center processing 

50,000 monthly interactions, translates to approximately 8,200 additional compliant service interactions per month without incremental 

headcount. Performance attribution benefits equally: Babashahi et al. [11] find that 68% of organizations lack frameworks for attributing 

outcomes across AI-assisted and human-finalized workflows. The Workforce Unit Abstraction's performance telemetry attribute, "Ti," 

which records throughput rates, quality outcomes, rework frequency, and human override rates uniformly across all Workforce Units, 

closes this attribution gap by making hybrid workflow outcomes consistently measurable and auditable across the entire service operation. 

4.3. Implications for Governance, Fairness, and Limitations 

The Governance-Bound Autonomy principle carries the most significant implications for organizational risk management and workforce 

trust. Lou et al. [8] report that 61% of hybrid workflow failures are attributable to governance ambiguity, and Bamigbade et al. [21] 

demonstrate that organizations implementing traceable AI decision frameworks achieve a 38% reduction in governance-related operational 

incidents. By encoding each AI Workforce Unit's autonomy level within the governance attribute Gi, the framework transforms governance 

from a reactive compliance activity into a proactive operational control embedded in the planning and execution architecture. Raisch and 
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Krakowski [3] identify that AI agents operating without explicit autonomy boundaries render their workload contributions invisible to 

performance management systems, distorting human workers' evaluations and compensation outcomes. The framework resolves this by 

applying identical telemetry and accountability standards across human and AI workforces. Ammah et al. [9] further confirm that 

organizations lacking human ownership structures for AI-generated outcomes experience a 34% increase in unresolved service escalations, 

a metric the escalation policy component of Governance-Bound Autonomy directly addresses. The primary limitation of the framework is 

its conceptual scope: the Workforce Unit attribute schema assumes AI capability profiles and confidence thresholds can be reliably 

quantified, an assumption that holds more readily for narrow AI agents than for general-purpose large language model deployments where 

capability boundaries are less stable [16]. Empirical validation across specific deployment environments, prototype implementation in 

existing workforce engagement platforms, and longitudinal governance outcome studies constitute the direct agenda for future research. 

5. Conclusion  

Hybrid service operations have moved beyond the experimental phase and into the operational mainstream, yet the conceptual infrastructure 

required to manage them responsibly has not kept pace. This article has argued that the primary barrier is not technological integration but 

a missing representational foundation, the absence of a unified model that treats human workers and AI agents as governed, comparable, 

and jointly accountable operational resources. The three constructs introduced here address this barrier at each functional layer of enterprise 

workforce management. The Workforce Unit Abstraction provides the representational layer, establishing a symmetric seven-attribute 

schema that makes both human and AI productive capacity legible to planning and governance systems. The Hybrid Capacity Model 

provides the planning layer, extending demand-to-supply optimization across heterogeneous workforce pools while explicitly accounting 

for cost, quality, risk, and compliance with governance requirements. Governance-Bound Autonomy provides the control layer, formalizing 

the conditions under which AI Workforce Units may act independently while preserving human accountability for all consequential 

outcomes. Together, these constructs constitute a coherent, reusable reference architecture for enterprise service platforms seeking to 

manage hybrid workforces with the same rigor, fairness, and transparency that have historically been applied to human-only operations. 

The practical implications of this framework extend across the full lifecycle of enterprise workforce management, from long-range capacity 

forecasting and real-time scheduling to performance evaluation and regulatory compliance. Organizations that adopt unified workforce 

representations are positioned to eliminate the chronic over-provisioning of human labor caused by invisible AI contributions, close the 

attribution gaps that currently distort performance accountability, and apply governance controls that align AI operational behavior with 

enterprise risk posture. Future research should pursue three directions: empirical validation of the Workforce Unit Abstraction in live 

workforce engagement platforms to quantify capacity planning accuracy improvements, prototype implementation of the Hybrid Capacity 

Model in contact center and case management environments to measure service level and cost outcomes, and longitudinal governance 

studies examining how autonomy ladder assignments evolve with agent maturity and organizational trust. By elevating hybrid workforce 

management from an ad hoc integration effort to a principled and measurable operational discipline, this framework provides the conceptual 

foundation that enterprise service organizations need to deploy human and artificial intelligence labor responsibly and at scale. 
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