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ABSTRACT 

Enterprises are integrating generative AI into existing software at a rapid pace, embedding AI 

assistance into established applications rather than building automation from a blank slate, with 

the stated goal of improving operational efficiency. Controlled evidence shows this goal is 

reachable: a randomized field experiment found that generative AI assistance measurably 

raised the productivity of knowledge workers performing realistic writing tasks. Yet the same 

body of research, and the broader literature on generative-AI integration, documents that this 

gain is not automatic and can be eroded by three specific sources of friction that enterprise 

integration efforts frequently underestimate: AI-generated output that is not grounded in an 

enterprise’s own data is prone to hallucination and therefore demands costly verification; 

verification itself consumes part of the time an AI assistant was meant to save, especially when 

every output is checked with equal rigor regardless of its risk; and an AI capability bolted onto 

an existing application as a separate tool, rather than embedded into the workflow a user already 

follows, incurs adoption and context-switching costs the technology-acceptance literature has 

documented for decades. This paper proposes EDGE (Enterprise Data-Grounded Generative 

Efficiency), an architecture in which a context-grounding layer, a verification-calibrated 

assistance layer, and a workflow-embedded integration layer are coordinated by an efficiency 

realization controller that tracks gross AI-assisted time savings against these two specific 

sources of friction to estimate the net operational efficiency an integration actually delivers. 

Following a design-science research approach, EDGE is illustrated, not empirically validated, 

through a comparative capability table, a short case scenario, and two  figures, with every 

quantitative value explicitly labeled as an  estimate rather than measured production data. The 

paper situates EDGE against the literature on generative-AI productivity effects, retrieval-

grounded generation and hallucination, human verification and trust in AI-assisted work, 

technology adoption, and integration with legacy enterprise infrastructure, and discusses the 

architecture’s practical implications, assumptions, and limitations. 

Keywords: Generative AI, Enterprise Software, Operational Efficiency, Retrieval-

Augmented Generation, Technology Adoption, Human-AI Collaboration, 

Legacy System Integration 

Introduction 

Generative AI has moved from a standalone novelty into a capability enterprises integrate 

directly into existing software: drafting assistance inside a document editor, code suggestions 
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inside a development environment, summarization inside a customer-service console. Noy and 

Zhang’s [1] randomized field experiment provides controlled evidence that this integration can 

work as intended, finding that generative AI assistance measurably raised the speed and quality 

of realistic professional writing tasks relative to a control group without it. Dwivedi et al.’s [2] 

multidisciplinary synthesis of generative AI’s organizational implications situates this finding 

within a broader, more cautious literature, documenting that the same technology’s benefits for 

research, practice, and policy are accompanied by real operational and governance challenges 

that a productivity figure from a controlled experiment does not by itself resolve. 

Three specific sources of friction recur across this broader literature, each capable of eroding 

the gross efficiency gain a controlled experiment can demonstrate. First, a generative model’s 

output is only as reliable as its grounding in accurate, relevant context; Ji et al.’s [3] survey of 

hallucination in natural language generation documents that ungrounded generative output is 

prone to fabricating plausible-sounding but incorrect content, a risk retrieval-augmented 

generation was developed specifically to reduce by conditioning generation on retrieved, 

verifiably sourced passages rather than on the model’s parametric knowledge alone[4]. Second, 

even well-grounded AI output is not free to use: Lai and Tan’s [5] empirical study of human 

decision-making with machine-learning explanations establishes that a person’s engagement 

with an AI system’s output takes real, measurable time and attention, and that this verification 

effort does not disappear simply because the AI system is usually correct — it is most efficiently 

spent when calibrated to how much a given output actually needs checking, rather than applied 

uniformly regardless of risk. Third, even accurate, well-verified AI assistance delivers less 

value than it could if it is not integrated into the workflow a user already follows: Davis’s [6] 

technology acceptance model establishes perceived ease of use as a primary determinant of 

whether a new capability is actually adopted into daily work, a finding with direct implications 

for whether a generative AI feature bolted on as a separate tool, requiring its own context 

switch, achieves the adoption a tightly embedded feature would[1-8]. 

These three frictions are not merely theoretical. An enterprise integrating generative AI into 

legacy software must also contend with the practical difficulty of connecting a model to 

enterprise data and systems that were not designed with AI integration in mind, a difficulty the 

software-reengineering literature documents as a persistent challenge even for integration 

efforts that do not involve AI at all [7], compounded by the code-level integration work the 

large-language-model code-generation literature shows is increasingly tractable but not yet 

trivial[8], deployed on the cloud-native infrastructure the broader literature establishes as the 

standard operational substrate [9], and increasingly expected to operate within a risk-

management framework of the kind NIST’s guidance establishes for AI systems generally[10]. 

None of these literatures, read in isolation, specifies how an enterprise should coordinate 

context grounding, calibrated verification, and workflow-embedded integration together to 

protect a generative AI integration’s net efficiency gain from the specific frictions each 

literature separately documents. 

This paper addresses that gap by developing EDGE (Enterprise Data-Grounded Generative 

Efficiency): an architecture in which a context-grounding layer, a verification-calibrated 

assistance layer, and a workflow-embedded integration layer are coordinated by an efficiency 
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realization controller that tracks gross AI-assisted time savings against verification overhead 

and adoption friction to estimate the net operational efficiency an integration actually delivers. 

The remainder of the paper reviews the literature on generative-AI productivity effects, 

retrieval-grounded generation and hallucination, human verification and trust in AI-assisted 

work, technology adoption, and integration with legacy enterprise infrastructure (Literature 

Review), describes the design-science methodology used to construct and illustrate the 

architecture (Methodology), presents the architecture alongside a comparative table, a short 

case scenario, and two  figures (Results), and discusses the architecture’s practical implications, 

assumptions, and limitations before concluding (Discussion and Conclusion). 

Literature Review 

Generative AI Productivity Effects and Their Limits 

Noy and Zhang [1] provide randomized experimental evidence that generative AI assistance 

measurably raises the speed and quality of realistic professional writing tasks, establishing a 

controlled benchmark for the kind of productivity gain enterprise integration efforts aim to 

realize at scale. Dwivedi et al. [2] synthesize a substantially broader, multidisciplinary set of 

perspectives on generative conversational AI’s organizational implications, documenting that 

the technology’s demonstrated benefits coexist with real operational, ethical, and governance 

challenges that a single controlled productivity result does not resolve on its own, and that 

realizing a productivity gain in a specific enterprise deployment depends on factors the 

controlled experiment’s setting does not capture[9-14]. 

Retrieval-Grounded Generation and Hallucination 

Ji et al. [3] survey the hallucination problem in natural language generation, documenting that 

generative models can produce fluent, plausible-sounding output that is nonetheless factually 

incorrect or unsupported by any genuine source, a risk with direct consequences for enterprise 

use cases where accuracy matters. Lewis et al. [4] introduce retrieval-augmented generation, a 

technique that conditions a generative model’s output on passages retrieved from an external 

knowledge source at generation time, demonstrating improved factual grounding on 

knowledge-intensive tasks relative to generation from parametric model knowledge alone. 

Read together, this literature establishes both the specific risk an enterprise generative-AI 

integration faces and a concrete technical mechanism for reducing it, though neither paper 

addresses how grounding quality should be coordinated with the verification and adoption 

concerns discussed in the sections that follow. 

Human Verification and Trust in AI-Assisted Work 

Lai and Tan [5] provide controlled empirical evidence that a person’s engagement with an AI 

system’s explanation and output measurably affects the accuracy and time cost of the person’s 

subsequent judgment, establishing that verifying AI-generated output is an active cognitive 

process with a real time cost, not a passive formality. This literature implies that the net 

efficiency of an AI-assisted task depends on how much verification effort a given output 

actually requires, which in turn depends on the output’s risk and the grounding quality the 

preceding section establishes — a connection the study’s own setting does not directly test, 
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since it examines explanation quality rather than enterprise integration efficiency 

specifically[15-23]. 

Technology Adoption and Workflow Integration 

Davis’s [6] technology acceptance model establishes perceived usefulness and perceived ease 

of use as the primary determinants of whether a new information technology capability is 

actually adopted into a person’s regular work, a finding developed well before generative AI 

existed but directly applicable to it: a capability a user must leave their current application to 

access incurs an ease-of-use cost the model predicts will suppress adoption, regardless of the 

capability’s underlying usefulness. This literature establishes the adoption-friction mechanism 

this paper’s architecture addresses, without itself addressing generative AI or enterprise 

software integration specifically [25-32]. 

Integrating Generative AI into Legacy Enterprise Infrastructure 

Mohottige, Polyvyanyy, Fidge, Buyya, and Barros [7] document that reengineering an existing 

software system connecting new capability to legacy structure not originally designed for it 

remains a persistent technical challenge independent of whether the new capability involves 

AI, establishing that enterprise generative-AI integration inherits this general difficulty rather 

than facing an entirely novel one. Jiang, Wang, Shen, Kim, and Kim (2025)[8] survey large-

language-model capabilities for code generation and related tasks, documenting that the 

specific code-level integration work legacy connection requires is increasingly tractable, 

though not yet trivial, for current models. Deng et al. [9] establish the cloud-native operational 

substrate such an integration typically deploys on, and Tabassi [10] establishes the risk-

management framework an enterprise AI integration is increasingly expected to operate within. 

None of this literature, read on its own, addresses how context grounding, calibrated 

verification, and workflow embedding should be coordinated to protect the net efficiency gain 

the integration is meant to deliver, which is the gap the Methodology and Results sections 

address. 

Methodology 

Research Approach 

This paper follows a design-science research approach: it develops an architecture — EDGE 

— intended to address a practical problem (coordinating context grounding, calibrated 

verification, and workflow-embedded integration to protect the net operational efficiency a 

generative AI integration delivers), and it evaluates that architecture against the cumulative 

findings of the peer-reviewed literature rather than against a production deployment, because 

no such deployment of this specific architecture yet exists to study. The comparative table and 

figures in the Results section are accordingly  constructions, explicitly labeled as such, built to 

be directionally consistent with the cited literature’s findings rather than presented as measured 

outcomes. 

Development of the Architecture 

EDGE was developed by identifying the specific point at which the productivity, grounding, 

verification, and adoption literatures reviewed in the Literature Review interact: the gross 
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productivity gain a controlled experiment demonstrates[1] is realized in an enterprise 

deployment only to the extent that two frictions, documented independently by separate 

literatures, do not erode it. A context-grounding layer was introduced to reduce hallucination-

driven rework at the source, applying the retrieval-augmented generation technique Lewis et 

al. [4] establish to connect generative output to the enterprise’s own data, directly addressing 

the risk Ji et al. [3] document. A verification-calibrated assistance layer was introduced to size 

the verification effort Lai and Tan [5] establish as a real time cost to the specific risk of a given 

output, rather than applying uniform scrutiny regardless of risk, informed by the risk-tiering 

principle NIST’s framework establishes[10]. A workflow-embedded integration layer was 

introduced to minimize the adoption friction Davis’s [6] model predicts for a capability 

requiring its own context switch, built on the legacy-integration and code-generation capability 

the preceding literature establishes[7][8][9]. An efficiency realization controller coordinates all 

three layers, tracking gross time savings against both friction sources to estimate the net 

efficiency an integration delivers. 

Construction of  Evaluation Data 

Because no production EDGE deployment exists to measure, the quantitative content of the 

Results section was constructed through explicit, reasoned estimation. Construction began from 

a directional finding reported in the cited literature — Noy and Zhang’s [1] finding that 

generative AI assistance measurably raises task speed under controlled conditions, or Ji et al.’s 

[3] finding that ungrounded generation is prone to hallucination requiring correction — and 

built  values directionally consistent with that finding at a plausible order of magnitude. Every 

figure’s note names the specific source informing its construction. 

Framing of the Net-Efficiency Scenario 

The  case scenario and Figure 3, below, are framed around a gradual adoption curve over a 

multi-month rollout, consistent with the adoption dynamics Davis’s [6] model implies for a 

capability whose perceived ease of use improves as it becomes more tightly embedded in the 

workflow; this framing was chosen specifically because it is the setting in which the gap 

between gross and net efficiency gain is most visible over time, rather than a single-point-in-

time comparison. 

Scope and Assumptions 

This paper assumes an organization integrating generative AI into existing enterprise software 

already has, or can obtain, API-level or data-level access to the enterprise systems the context-

grounding layer depends on; it does not itself address the data-governance negotiations such 

access may require. It is scoped to the coordination of context grounding, calibrated 

verification, and workflow-embedded integration around a net-efficiency estimate; it does not 

address the choice of a specific retrieval architecture or a specific generative model, both of 

which the cited literature already treats extensively. All quantitative results in the Results 

section are  estimates grounded in the literature rather than measurements. 
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Results 

Architecture Overview: EDGE 

EDGE organizes generative AI integration as a narrowing efficiency flow, reflecting that the 

gross time savings a generative AI capability can produce are reduced by two specific, 

separately governed frictions before reaching the organization as genuine net efficiency, rather 

than converting one-to-one. A context-grounding layer first conditions all generative output on 

retrieved enterprise data, applying the retrieval-augmented generation technique Lewis et al. 

[4] establish to reduce the hallucination risk Ji et al. [3] document before gross time savings 

even enter the flow. The resulting gross AI-assisted time savings then pass through a 

verification-calibrated assistance layer, which sizes the verification burden Lai and Tan [5] 

establish as a genuine cost to each output’s specific risk level, consistent with the NIST risk-

tiering principle[10], reducing but not eliminating the time the flow loses to verification 

overhead. The remaining efficiency then passes through a workflow-embedded integration 

layer, which minimizes the adoption-friction loss Davis’s [6] model predicts by embedding the 

capability directly into the software the user already works in rather than requiring a separate 

tool, drawing on the legacy-integration capability the Literature Review establishes[7][8][9]. 

An efficiency realization controller measures the flow at each stage, reporting the net 

operational efficiency gain that ultimately reaches the organization. 

 

Figure 1. EDGE (Enterprise Data-Grounded Generative Efficiency): a narrowing efficiency-

funnel architecture, presented as an image below rather than reproduced in ASCII, showing 

gross AI-assisted time savings narrowing through two governed frictions to a net efficiency 

gain. 
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 Capability Comparison Across Generative-AI Integration Approaches 

Table 1.  capability comparison across generative-AI integration approaches. 

Dimension 
Standalone AI Tool, 

Ungrounded 

Embedded AI 

Without Calibrated 

Verification 

EDGE 

Resistance to 

hallucination-driven 

rework 

Weak; no enterprise 

data grounding 

Moderate; grounding 

inconsistent across 

features 

Strong; context-

grounding layer 

applied 

throughout 

Efficiency of 

verification effort 

Not applicable; 

verification not 

systematized 

Weak; uniform 

verification regardless 

of risk 

Strong; 

verification 

calibrated to 

output risk 

Adoption and 

workflow fit 

Weak; separate tool 

requires context 

switching 

Moderate; embedded 

but not consistently 

Strong; 

embedded 

directly into 

existing 

workflow 

Visibility into net (vs. 

gross) efficiency gain 
None 

Weak; only gross 

usage metrics tracked 

Strong; 

realization 

controller tracks 

net gain 

 Case Scenario 

Consider a hypothetical enterprise rolling out a generative AI drafting assistant inside its 

existing customer-correspondence software. Under a standalone, ungrounded AI tool, 

employees must copy context into a separate chat window, and the assistant’s unfamiliarity 

with account-specific details produces drafts that require substantial rewriting, eroding most of 

the apparent time savings. Under an embedded AI without calibrated verification, the assistant 

is grounded in account data and embedded in the correspondence tool, but every draft receives 

the same thorough review regardless of how routine the request is, so verification time remains 

high. Under EDGE, the context-grounding layer ties drafts to the specific account’s history, the 

verification-calibrated assistance layer flags only drafts touching unusual account 

circumstances for thorough review while routine drafts proceed with a light check, and the 

workflow-embedded integration layer keeps the entire interaction inside the correspondence 

tool the employee already uses; the efficiency realization controller reports a net time savings 

substantially closer to the gross AI-assisted savings than either alternative achieves. This 

hypothetical sequence is offered to illustrate the architecture’s reasoning, not as a report of an 

actual deployment. 
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 Capability Scores Across Generative-AI Integration Approaches 

 

Figure 2.  capability scores (0–10 scale) for standalone AI tool (ungrounded), embedded AI 

without calibrated verification, and EDGE. 

Note: These capability scores are  estimates constructed for this paper’s comparative framework 

rather than the product of a scored evaluation instrument; they were shaped by the hallucination 

findings Ji et al. [3] report and the ease-of-use findings Davis [6] establishes, and should be 

read as a reasoning aid rather than a benchmark. 

Standalone, ungrounded AI tools score weakly across every dimension because they neither 

ground output in enterprise data nor embed into existing workflows; embedded AI without 

calibrated verification improves moderately because embedding alone addresses part of the 

adoption-friction problem, but uniform verification still erodes net efficiency; EDGE is 

positioned, by design, to lead on every dimension because its three layers were built specifically 

to close each friction gap at once. 

 Net Operational Efficiency Gain Over a Six-Month Rollout 

 

Figure 3. Hypothetical net operational efficiency gain (percentage of gross AI-assisted time 

savings actually realized), by approach, over a six-month rollout. 
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Note: This is a hypothetical,  trajectory rather than measured production data; the approach 

without calibrated verification remains persistently low because uniform verification and 

residual adoption friction continue eroding gross savings regardless of time elapsed, consistent 

with the verification-cost findings Lai and Tan [5] report, while EDGE’s rising trajectory 

reflects the efficiency realization controller’s calibration improving as it accumulates more 

signal on which outputs genuinely require thorough review. 

Discussion 

Implications for Practice 

The architecture developed here suggests that an enterprise integrating generative AI into 

existing software should measure and manage net efficiency, not merely gross AI-assisted 

output, since the Results section’s comparison illustrates that a substantial share of a generative 

AI capability’s apparent productivity benefit can be lost to hallucination-driven rework, 

uniform verification overhead, and adoption friction unless each is addressed by a specific, 

coordinated architectural layer. 

Limitations 

No production EDGE deployment or measured efficiency data informed this study; the Results 

section’s table and figures are explicitly  constructions. The architecture’s context-grounding 

layer depends on the enterprise having retrievable, structured data of adequate quality and 

coverage, an assumption the retrieval-augmented generation literature treats as necessary but 

not automatic[4]. The verification-calibrated assistance layer’s effectiveness depends on 

accurately estimating a given output’s risk, a calibration problem the cited literature does not 

claim is fully solved[10]. 

Future Research 

Empirical work instrumenting an actual enterprise generative-AI integration using EDGE’s 

coordinated layers, compared against a matched integration using an embedded but 

uncalibrated assistant, would directly test this paper’s central claim and extend Noy and 

Zhang’s [1] controlled productivity finding to a genuine enterprise deployment setting. 

Research refining risk-estimation methods for the verification-calibration layer, and research 

on how workflow-embedding depth specifically affects the adoption trajectory Davis’s [6] 

model predicts, would strengthen the architecture’s practical guidance. 

Conclusion 

This paper has argued that generative AI’s demonstrated capacity to raise knowledge-worker 

productivity under controlled conditions[1] does not translate automatically into net operational 

efficiency once deployed inside existing enterprise software, because hallucination-driven 

rework[3], uniform verification overhead[5], and workflow-adoption friction[6] each erode the 

gross gain in ways the broader organizational-implications literature documents but does not 

by itself coordinate a response to[2]. This paper has developed EDGE as an architecture in 

which a context-grounding layer, a verification-calibrated assistance layer, and a workflow-

embedded integration layer, built on the legacy-integration and cloud-native capability the 

infrastructure literature establishes[7][8][9][10], are coordinated by an efficiency realization 
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controller to protect net efficiency rather than leaving gross productivity gains to erode silently. 

The architecture was illustrated, not validated, through a comparative table, a case scenario, 

and two  figures, with every quantitative value explicitly labeled as an estimate. Future 

empirical work instrumenting a real deployment would be necessary before an organization 

could adopt EDGE with confidence in its specific efficiency-realization parameters, but the 

underlying argument — that grounding, calibrated verification, and workflow embedding 

should be designed together rather than addressed independently — rests on peer-reviewed 

evidence this paper has synthesized specifically for that coordination problem. 
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