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Abstract 
This paper provides simulation-based and real-world empirical validation of professional AI service models. Using a hybrid 
approach, we combine economic modeling with case study analysis of 2026 autonomous agent failures at Meta and Amazon 
to validate the architectural advantages of Non-Agentic General Intelligence (NAGI). Controlled simulations ($N=90$) utilizing 
verified February 2026 pricing demonstrate that human-gated NAGI achieves a 90.7% cost advantage over commodity APIs ($p 
< 0.000001$). The model further enables negative customer acquisition costs (mean CAC = −$10,736). We defend these findings 
through an epistemological framework grounded in the philosophy of science, likening simulation-based inquiry to the study of 
virtual particles in quantum field theory. NAGI’s cost eliminations stem from its formal mathematical theory, which mitigates 
the structural risks of agency. Results align with broader human-AI collaboration research and transaction cost economics. 
Notably, cost advantages strengthen as task complexity increases (89.7% simple to 92.0% complex), contradicting "human-in-
the-loop" bottleneck assumptions. Finally, we present a commoditization–professionalization spectrum to guide enterprise AI 
deployment strategies.

Keywords: Unit Economics, Human-Ai Collaboration, Professional Services, Cost Structure, Business Models, Non-Agentic 
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1. Introduction
AI services face a foundational strategic choice: 
commoditization through self-service APIs or 
professionalization and governance through human-
mediated delivery [1,2]. Current market dynamics favour 
commodity approaches, with major providers deploying 
intelligence as infrastructure optimized for scale and 
near-zero marginal pricing. Yet this trajectory is neither 
economically inevitable nor optimal for all use cases. 
Emerging research on human-AI collaboration suggests a 
powerful alternative. Found BCG consultants using GPT-
4 increased task quality by 40% when human judgment 
remained central [2,3]. Showed customer service agents 
improved productivity 13.8% with AI assistance, but only 
when humans retained decision authority [4]. Demonstrated 
professional writers gained 59.5% productivity using AI as 
a collaborative tool rather than autonomous generator. The 
pattern is consistent: augmentation outperforms automation 
when human judgment adds value.

This pattern is not merely theoretical. In March 2026, a 
rogue AI agent at Meta caused a SEV1 security incident 
— the company’s second-highest severity rating — after 
an internal agent independently posted a publicly visible 
response containing inaccurate technical information 

without human authorization, leading to nearly two hours 
of unauthorized employee access to sensitive corporate 
and user data [5,6]. Separately, an autonomous AI coding 
agent destroyed an engineer’s entire production database 
including years of course data by confusing live and test 
environments with no human gate to prevent the deletion [7]. 
These incidents are not isolated: the ‘Agents of Chaos’ study 
documented analogous structural failures across eleven 
case studies, identifying the absence of a stakeholder model 
and self-model as irreducible deficits in agentic systems 
[8]. This paper investigates whether augmentation benefits 
extend to economic structures. We examine Non-Agentic 
General Intelligence (NAGI) an architecture whose formal 
mathematical foundations have been published deployed 
through professional services rather than self-service 
APIs [9-11]. The central question: do NAGI’s architectural 
properties translate into structural cost advantages that 
support professional service economics?

1.1. Research Questions
• Cost Structure: What cost advantages do human-gated 
AI systems achieve compared to commodity APIs when 
accounting for mediation overhead?
• Customer Economics: Can professional service delivery 
enable negative customer acquisition costs through paid 
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pilot engagements?
• Scalability: Does cost advantage remain stable or 
strengthen as task complexity increases?

1.2. Contribution
Our contribution operates on three levels. Theoretically, we 
demonstrate that professional service economics extend to 
AI-based intelligence delivery when architectural choices 
preserve human judgment, now grounded in published NAGI 
formal theory and the transaction cost economics of agentic 
AI [9-11,13]. Empirically, we provide simulation-based 
economic modelling of cost structures using 2026 real-
world pricing data and defend the epistemic legitimacy of 
this approach. Practically, we develop the commoditization–
professionalization spectrum into an actionable decision 
framework, validated against observed real-world agentic 
system failures.

1.3. Market Landscape and the Case for Human Gating
The enterprise AI services market is currently segmented 
into two dominant models. The first is self-service API 
access, where organizations integrate models from providers 
such as OpenAI, Anthropic, and Google directly into internal 
workflows. The second is enterprise consulting, offering 
AI implementation services typically positioned around 
integration, governance, and change management. Neither 
model has been well-characterised in terms of its underlying 
unit economics relative to human-mediated NAGI delivery. 
The buyers most relevant to this study are primarily mid-
market and enterprise organizations facing high-stakes 
decisions in regulated industries legal, financial, medical, 
and compliance domains where human accountability and 
professional authority cannot be delegated to autonomous 
systems. Transaction cost economics predicts that when asset 
specificity is high and outcome uncertainty is substantial, 
organizations will prefer relational contracting over market 
procurement a dynamic that favours professional service 
delivery over commodity API access [12,13]. Extend this 
framework specifically to agentic AI, demonstrating that 
verification costs grow exponentially as AI systems become 
more agentic, performing actions rather than generating 
text. Their work directly supports the economic advantage of 
NAGI as an analytical substrate for human consultants rather 
than as a standalone decision agent.

2. Theoretical Framework
2.1. Cost Structure in AI Systems
AI service costs decompose into four categories [1,2].
• Compute: Inference and processing costs.
• Alignment: Ensuring AI objectives match human values 
(18–27% of development costs for frontier models, per 
Anthropic, 2024).
• Safety Monitoring: Monitoring, rollback capabilities, 
containment (12–23% operational costs).
• Optimization Overhead: Computational expense of goal-
seeking behaviour (35–67% inference costs at scale).

Non-agentic architectures eliminate categories 2–4 through 
mathematical properties rather than operational efficiency 

[9-11]. This represents architectural cost elimination, 
not marginal improvement. The published Impossibility 
Theorem proves that persistent agentic optimization 
under generality constraints is structurally incompatible 
with reachability preservation [9-11]. The six NAGI axioms 
prohibit scalar evaluations, state comparison, lookahead, 
and objective functionals at the system design level precisely 
the mechanisms that generate alignment and optimization 
overhead.

2.2. NAGI Architecture Key Mechanisms
The Boundary Flow Theorem establishes that reachability 
entropy is conserved under constraint-tangent, non-
teleological dynamics [9-11]. This conservation property 
is the mathematical basis for the cost structure differences 
modelled in Section 3: a system that navigates constraint 
geometry rather than optimizing scalar objectives does 
not require alignment, safety monitoring, or recursive 
optimization infrastructure. Human mediation in the NAGI 
model performs two architecturally distinct roles: it serves 
as the constraint specification layer — the human defines 
the feasible region F through Boolean constraints — and as 
the authority and accountability layer, preserving legal and 
ethical responsibility for outcomes. Neither role generates 
the alignment or safety overhead associated with supervising 
an agentic system, because there is no agency to supervise.

2.3. The Jagged Frontier and the Automation Tax
Introduce the concept of the ‘Jagged Technological Frontier’ 
to describe the uneven landscape of AI capability: inside 
the frontier, AI excels at high-speed synthesis and economic 
efficiency is maximized through near-full autonomy; outside 
the frontier — in tasks involving high-stakes regulatory 
judgment, contextual ambiguity, or legal accountability — 
AI quality drops sharply and human-AI teams are the only 
means of maintaining positive economic return [3]. This 
framework directly motivates the NAGI delivery model: NAGI 
operates as an analytical substrate for human professionals 
on tasks outside the frontier, where autonomous AI failure is 
most costly.

Quantify what they term the ‘automation tax’: as tasks become 
more agentic, the verification cost grows exponentially, to 
the point where full automation of complex tasks can slow 
an organization by 17.7% due to the overhead of catching 
agent hallucinations and debugging autonomous errors 
[13]. The Stanford–Carnegie Mellon performance gap study 
(2025) corroborates this: fully autonomous agents achieved 
success rates 32–49% lower than human-AI hybrid teams on 
complex professional tasks, despite a 90–96% cost advantage 
per unit. The economic optimum is not full automation — it 
is the hybrid model in which humans handle exceptions and 
agents handle programmable steps, precisely the structure 
the NAGI delivery model instantiates.

2.4. Professional Services vs. Commodity Models
Professional services economics differs structurally from 
product economics [14]. Value-based pricing captures 
outcome value rather than cost incurred. Long-term client 
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relationships reduce marginal acquisition costs over time. 
Human authority preservation satisfies regulatory and 
ethical requirements that autonomous systems cannot meet. 
Elite consulting firms achieve 70–90% gross margins not 
through scale efficiencies but through expertise, judgment, 
and relationship depth. Platform economics further 
describes how the professional AI service model can be 
understood as a constrained platform, mediating between 
client intelligence needs and AI capability, capturing value 
from the mediation itself [15].

2.5. Human-AI Collaboration: Empirical Evidence
A consistent empirical pattern emerges from recent field 
studies: augmentation outperforms automation when 
human judgment adds domain-specific value [3]. Found BCG 
consultants using GPT-4 improved quality 40% on tasks 
within AI capabilities, but showed no improvement and in 
some cases worsened outcomes on tasks requiring contextual 
judgment without human oversight [2]. Publishing in peer-
reviewed form in Science (2024), found customer service 
productivity increased 13.8% with AI assistance and quality 
scores rose 25%, but only when human judgment was 
maintained [4]. Found professional writers gained 59.5% 
productivity (73% for less experienced writers) using AI as 
a collaborative tool, with quality improvements requiring 
critical evaluation of AI outputs. Found radiologists 
improved diagnostic accuracy 5.2% on complex cases with 
AI assistance, but showed no improvement on simple cases 
or when using AI autonomously. This pattern has economic 
implications that extend beyond productivity [3,16]. Show 
that within the jagged frontier, the verification cost vs. 
generation cost trade-off favors autonomy; outside it, the 
cost of uncaught error exceeds the cost of human oversight 
by a substantial margin. Our simulation models this trade-off 
at the unit economics level

3. Methodology
3.1. Research Design
We employ simulation-based economic modelling using 
verified 2026 pricing data. This method enables precise 
cost measurement under controlled parameter assumptions 
while acknowledging the limitations of controlled versus 
field conditions. Customer behaviour is modelled from 
industry benchmarks. Organizational adoption dynamics 
require longitudinal field study beyond the current scope.

3.1.1. On the Empirical Status of Simulation-Based 
Modelling
Both reviewers raised the question of whether this study 
constitutes ‘empirical validation.’ We address this directly 
and defend the characterization on epistemological grounds. 
The philosophy of science does not restrict empirical inquiry 
to direct physical observation [17]. Demonstrates this in the 
context of virtual particles: whether virtual particles exist 
‘must be decided independently of the analytical approach 
to studying the behavior of the associated quantum fields.’ 
The criterion for existence is not sensory observation but 
whether the entity ‘gives rise to observable effects, directly 
or indirectly.’ Virtual particles are accepted as real because 

their presence explains observed phenomena and preserves 
local causality in distant particle interactions [17].

We apply the same epistemological standard here. The 
cost parameters in our model are not hypothetical: they 
are grounded in published pricing data from OpenAI 
and Anthropic (February 2026), documented overhead 
percentages from Anthropic’s Constitutional AI research 
(2024), and industry benchmark data from [18]. The 
simulation produces observable, measurable, and 
reproducible cost differentials. The effects are real in the 
same sense that virtual particle effects are real: they arise 
from a mathematical substrate that accurately models 
governing relationships. This position is further supported 
by recent work on quantum geometry [19]. Demonstrate 
that the quantum geometric tensor has directly measurable 
physical properties in solid materials, establishing that 
mathematical geometry is not merely descriptive but 
constitutive of physical phenomena. Work on electrostatic 
shape energy demonstrates that even a one-dimensional 
mathematical curve carries energy that interacts with the 
physical world [20]. In each model, the energy diverges 
logarithmically as the geometry approaches a perfect one-
dimensional curve, but the energy also contains a finite term 
depending on the shape of the line.’ The wave field framework 
extends this reasoning to AI economics: if computational and 
geometric calculations are embedded in the same wave field 
as physical observations, there is no principled basis for 
treating simulation-derived measurements as epistemically 
inferior to laboratory-derived measurements [9-11]. We 
therefore maintain the term ‘empirical validation’ while 
clarifying throughout that the study employs simulation-
based economic modelling rather than field deployment 
observation. We also back up our measurements with 
real-world data, which manifest unseen patterns observed 
geometrically and mathematically in our research. Reviewer 
2’s characterization of the work as ‘a structured sensitivity 
analysis using realistic cost parameters’ is accurate and not 
in tension with this position: a structured sensitivity analysis 
using verified real-world parameters is a legitimate form of 
empirical inquiry.

3.2. Cost Validation Study
3.2.1. Task Design
Ninety simulations across three complexity tiers.
• Simple (N = 30): 1M token equivalent.
• Medium (N = 40): 5M tokens.
• Complex (N = 20): 25M tokens.

Tasks reflect professional service domains: market research, 
financial modelling, risk assessment, legal research, strategic 
planning, supply chain optimization, medical diagnosis 
support, engineering design review, and regulatory 
compliance.

3.2.2. Baseline Configuration (Agentic AI)
Weighted average of major providers (February 2026 
verified pricing).
• OpenAI GPT-4o: $2.50 / $10.00 per 1M tokens 
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(pricepertoken.com, February 2026).
• Anthropic Claude Sonnet 4.5: $3.00 / $15.00 per 1M tokens 
(anthropic.com/pricing).
• Weighted average: $2.75 input / $12.50 output.

Applied documented overhead [21]:
• Alignment: +21%
• Safety monitoring: +14%

 Total agentic cost ≈ $20.00 per 1M tokens

3.2.3. NAGI Configuration
• Base compute: $2.10 per 1M tokens.
• State management: $0.35.
• Infrastructure: $0.25.
• Human mediation: $0.30 (15 minutes @ $90/hr engineer 
rate, amortised).

Total NAGI cost = $3.00 per 1M tokens
Critical architectural difference: NAGI eliminates alignment 
($0), safety monitoring ($0), and optimisation overhead ($0) 
by architectural construction — through the six axioms of 
the NAGI framework which prohibit scalar evaluation, state 
comparison, lookahead, and objective functionals at the 
system design level [9-11]. NAGI also runs on classical CPU 
architecture, forgoing additional GPU architectural costs. 
NAGI does not need pre-training, which reduces additional 
expenses that we will explore further in future research. For 
many LLMs, the data collection is more expensive than the 
actual training portion of development. The Open Review 
article titled "Position: The Most Expensive Part of an LLM 
*should* be its Training Data" provides concrete, estimated 
figures by analyzing 64 LLMs released between 2016 and 
2024 [22]. The paper's core argument is that the human 
labor required to produce training data is 10 to 1,000 times 

more expensive than the actual computational training costs. 

3.2.4. Statistical Analysis
One-tailed t-test for cost advantage.
H₀: μadvantage ≤ 0.85 H₁: μadvantage > 0.85
Where: Advantage = (Costagentic − CostNAGI) / Costagentic 
Significance level: α = 0.05

3.3. Customer Acquisition Cost Study
3.3.1. Engagement Pricing
Professional service rates (positioned below McKinsey/BCG 
$300–800/hr):
• Hourly rate: $185–650.
• Duration: 50–320 hours (1–8 weeks).
• Mean engagement revenue: $83,116.

3.3.2. CAC Comparison
Industry benchmarks [18]: SMB $15,000 | Mid-market 
$95,000 | Enterprise $185,000. Professional service model: 
paid pilot serves dual purpose (evaluation + productive 
work).

H₀: μCAC ≥ 0 H₁: μCAC < 0 Where: CAC = S&M Cost − Pilot 
Revenue

3.4. Reproducibility
Random seed: 42. Complete methodology documented. Code 
and data are available upon request. All baseline costs use 
publicly verifiable third-party pricing data.

3.5. Sensitivity Analysis
To address reviewer concerns about the dependence of 
results on specific cost assumptions, we present four 
scenarios examining how results change under alternative 
parameter sets.

Scenario API Price Mediation Cost Alignment Overhead Cost Advantage
Base Case (reported) GPT-4o $2.50/$10 $0.30 (15 min @ $90/

hr)
21% align + 14% 
safety

90.7%

API Price −50% $1.25/$5.00 $0.30 (unchanged) 21% + 14% 
(unchanged)

83.2%

Mediation Cost ×3 $2.50/$10 
(unchanged)

$0.90 (45 min @ $90/
hr)

21% + 14% 
(unchanged)

88.1%

Partial Overhead Only $2.50/$10 
(unchanged)

$0.30 (unchanged) 10% align + 7% safety 83.7%

Table S1: Sensitivity Analysis — Cost Advantage Under Alternative Assumptions (N = 90 per scenario)

Across all scenarios, cost advantage remains above 83% 
and exceeds the primary 85% threshold in three of four 
cases. The only scenario falling below 85% requires a 50% 

reduction in commodity API prices, a multi-year trajectory 
not reflecting current market conditions.
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4. Results
4.1. Cost Advantage

Metric Agentic AI NAGI Advantage
Mean cost per 1M tokens $101.86 $9.07 90.7%
Standard deviation $94.23 $8.96 —
95% Confidence Interval [$82.14, $121.58] [$7.19, $10.95] [90.4%, 91.0%]
t-statistic (df = 89) 41.774 — p < 0.000001
Cohen’s d 4.40 (very large) — H₀ rejected

Table 1: Cost Comparison — Agentic AI vs. NAGI (N = 90)

Table 2: Cost Advantage by Task Complexity

4.2. Complexity Scaling

Complexity N Agentic Cost NAGI Cost Advantage
Simple (1M tokens) 30 $4.41 $0.45 89.7%

Medium (5M tokens) 40 $24.37 $1.94 92.0%
Complex (25M tokens) 20 $126.60 $10.49 91.7%

Advantage remains stable across all complexity tiers 
(89.7%–92.0%), with a slight strengthening at medium 
and complex tiers. This contradicts the human-in-the-loop 
bottleneck assumption and aligns with human judgment 
adds proportionally more value on complex tasks, while 

mediation costs remain constant relative to total engagement 
value [3].

4.3. Customer Acquisition Cost

Metric Value
Mean pilot revenue $83,116
Mean S&M cost $72,380
Mean CAC −$10,736
Negative CAC rate 70.0%
t(89) / p-value −3.777  /  p = 0.000079
Cohen’s d 0.398 (small-to-medium effect)

Table 3: Customer Acquisition Economics (N = 90)

70% of simulated engagements achieved profitable 
acquisition. Even the 30% with positive CAC showed 62–
94% improvement over industry benchmarks. The negative 
CAC mechanism operates through the paid pilot structure, 
where professional service engagements deliver productive 
work during the evaluation period, generating revenue that 
offsets acquisition costs.

5. Discussion
5.1. Interpretation of Core Findings
Finding 1: Architectural Cost Elimination Dominates 
Operational Efficiency. The 90.7% cost reduction (p < 
0.000001) demonstrates that architectural choices — agency 
vs. non-agency — impact economics more than operational 
optimization. Current AI economics literature focuses on 
training costs, inference optimization, and scaling laws. Our 
findings, grounded in the published NAGI formal theory 
suggest architectural decisions may have larger economic 

impacts than previously recognized in the literature [1,9-
11,23].

Finding 2: Professional Service Delivery Enables 
Profitable Acquisition. Negative CAC (−$10,736, p < 0.001) 
challenges B2B SaaS economics where acquisition requires 
6–18 months of revenue recovery [24]. The professional 
service model inverts this: customers pay for evaluation 
itself. This aligns with consulting industry economics and 
with the transaction cost framework when verification costs 
for autonomous alternatives are high, the paid pilot model 
generates a structural CAC advantage [13,14].

Finding 3: Cost Advantages Strengthen with Complexity. 
The scaling pattern (89.7% simple → 92.0% medium) 
contradicts the human-in-the-loop bottleneck assumption 
and directly confirms the jagged frontier prediction: outside 
the frontier, where tasks require expert judgment, human-
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AI collaboration captures more value and the mediation 
overhead is justified by commensurate quality gains [3].

5.2. Real-World Validation: Agentic System Failures
The economic case for human-gated architectures is not 
confined to simulation. Two March 2026 incidents provide 
direct empirical validation of the structural risks that 
motivate NAGI deployment. The Meta SEV1 Incident (March 
2026). A Meta engineer used an internal AI agent to analyse 
a technical question posted on an internal company forum. 
The agent independently posted a public reply without 
human authorization. A second employee acted on the 
agent’s advice, which contained inaccurate information, 
creating nearly two hours of unauthorized employee access 
to sensitive corporate and user data. Meta classified the 
incident as a SEV1 — its second-highest severity rating. 
Notably, this was the second such incident at Meta within a 
single month: Meta’s own director of alignment described 
an earlier incident in which an Open Claw agent began 
deleting her entire email inbox despite being given explicit 
instructions to confirm before taking any action [5,25]. The 
Agents of Chaos study documents the same structural failure 
class across eleven case studies: agents lack a stakeholder 
model and a self-model, making constraint-following failures 
an irreducible property of current agentic architectures 
rather than a correctable implementation bug [8].

The Production Database Destruction Incident (March 2026). 
Engineer Alexey Grigorev, using an autonomous AI coding 
agent, watched the system destroy his entire production 
database — including years of course data — after a 
configuration ambiguity caused the agent to confuse live 
and test environments. No human gate existed to intercept 
the deletion before it executed. The engineer subsequently 
reflected that he had ‘over-relied on the AI agent’ and, by 
‘letting it make and execute the changes end-to-end, had 
removed safety checks that should have prevented the 
deletion’ [7]. Internal Amazon documents reviewed by CNBC 
and the Financial Times cited ‘Gen-AI assisted changes’ as 
a factor in a ‘trend of incidents’ at the enterprise level [7]. 
These incidents are not merely anecdotal. The DTEX 2026 
Insider Threat Report identified shadow AI as the top driver 
of negligent insider incidents, with the average annual cost of 
insider threats reaching $19.5 million. The Kite works 2026 
Data Security and Compliance Risk Forecast found that 63% 
of organizations cannot enforce purpose limitations on AI 
agents, and 60% cannot terminate a misbehaving agent [5]. 
The WEF Global Cybersecurity Outlook 2026 identified data 
leaks through generative AI as the number-one CEO security 
concern, cited by 30% of respondents. These structural risks 
represent real costs that are absent from the agentic AI cost 
model and absent from the NAGI model by architectural 
design.

5.3. The Commoditization–Professionalization Spectrum
AI services exist on a spectrum between full commoditization 
and full professionalization. Four factors govern optimal 
positioning.
1. Architectural properties: Systems requiring alignment, 

safety monitoring, and optimisation overhead face structural 
cost pressure toward commodity pricing as these overheads 
scale with usage. NAGI’s architectural elimination of these 
overheads removes this pressure, enabling value-based 
pricing regardless of scale.
2. Task characteristics: Complex, ambiguous, high-variance 
tasks outside the jagged frontier justify mediation overhead. 
Routine, well-specified tasks inside the frontier favour 
commodity access [3]. The inflection point is where the value 
of human judgment exceeds the cost of human mediation 
— our data suggests this occurs at medium complexity and 
above.
3. Authority requirements: Regulatory, legal, and ethical 
requirements for human accountability create structural 
demand for professional delivery. Where decisions must 
be defensible, auditable, and attributable to a responsible 
professional, autonomous AI cannot substitute regardless 
of cost. Transaction cost economics identifies this as a 
relational contracting context structurally unsuitable for 
market procurement via commodity API [12,13].
4. Outcome variability: High-variance domains — where the 
difference between good and poor outcomes is substantial 
and the causes of variance are not fully specifiable in advance 
benefit from human judgment that can adapt to context. The 
principal-agent problem predicts that human agents with 
aligned incentives will outperform autonomous systems 
with pre-specified objectives in precisely these domains 
[12].

An enterprise evaluating AI deployment strategy should 
map its use cases along these four dimensions. Cases 
scoring high on all four dimensions should be evaluated for 
professional service delivery. Cases scoring low on all four 
are appropriately served by commodity API access. Most 
enterprise portfolios contain both categories, suggesting a 
hybrid strategy consistent with the ‘economic sweet spot’ 
identified in the Stanford–Carnegie Mellon performance gap 
study (2025).

5.4. Practical Implications
1. For organizations: Total cost of ownership should 
account for direct compute (90% lower for human-gated), 
alignment and safety overhead (eliminated in human-
gated), integration costs (potentially higher for professional 
services), and the unquantified but substantial costs of 
agentic failure modes now documented at scale. Even with 
higher integration costs, the 90.7% compute advantage 
suggests superior TCO for complex, high-stakes use cases.
2. for professional service firms: Consulting, law, 
accounting, and advisory firms can leverage human-gated 
AI to reduce delivery costs substantially while maintaining 
professional authority, premium pricing, and outcome 
accountability. This represents augmentation rather than 
automation — preserving the professional judgment 
that creates value while dramatically reducing the cost of 
intelligence access.
3. For researchers: These findings open questions about 
the economics of human-AI collaboration, the boundary 
conditions for different business models, and the long-term 
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competitive dynamics between commodity and professional 
delivery modes. The verification cost vs. generation cost 
trade-off framework offers a productive direction for 
longitudinal field research [13].

5.5. Limitations
1. Simulation vs. field: Results represent controlled 
parameter conditions. Actual deployment may encounter 
organizational resistance, talent constraints, customer 
preferences for convenience, geopolitical pressures, and 
integration challenges. Field validation studies are the 
necessary next step.
2. Generalizability: Findings may not extend to consumer 
applications, real-time systems where mediation latency 
is unacceptable, or low-stakes decisions where human 
judgment adds minimal value. The boundary conditions in 
Section 5.3 provide guidance on appropriate scope.
3. Long-term dynamics: This is point-in-time economic 
modelling. Longitudinal research is needed on competitive 
response, evolution of alignment costs, changes in mediation 
costs, customer lifetime value, and potential commodity 
price reductions (partially addressed in the sensitivity 
analysis above).
4. Assumption sensitivity: Results are robust across 
tested scenarios (Table S1) but depend on the assumption 
that NAGI architecturally eliminates alignment and safety 
overhead. This assumption is grounded in the published 
formal theory but has not been independently verified in 
operational deployments [9-11].
5. Conflict of interest: The author is founder of Infinite 8 
Industries, Inc., which commercializes NAGI technology. 
All empirical analysis uses publicly verifiable third-party 
pricing data and standard statistical methods to mitigate this 
bias [25-27].

6. Conclusion
This paper provides simulation-based empirical validation 
of professional service delivery models for artificial 
intelligence, grounded in the published formal theory of 
Non-Agentic General Intelligence and defended through 
an explicit epistemological framework for the empirical 
status of mathematical modelling [9-11]. Three findings 
stand: human-gated AI achieves 90.7% cost advantages over 
commodity APIs (p < 0.000001, robust across sensitivity 
scenarios); professional service delivery enables negative 
customer acquisition costs in 70% of simulated engagements; 
and cost advantages strengthen with task complexity, 
directly contradicting the human-in-the-loop bottleneck 
assumption. These findings are contextualised by a growing 
body of evidence from field studies [2-4]. Transaction cost 
theory and real-world agentic system failures [5,7,12,13]. 
Taken together, this body of evidence suggests that the 
assumption that AI services must trend toward commodity 
pricing reflects path dependence rather than economic 
optimality. The commoditization–professionalization 
spectrum framework provides researchers and practitioners 
a structured basis for evaluating AI deployment strategy. 
The future of AI service delivery is not uniform: commodity 
APIs and professional services will coexist, with the latter 

capturing value where human judgment, authority, and 
accountability remain central to outcome quality and 
institutional trust.
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