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Abstract 
History is repeating itself. In the 1980s and 1990s, Total Quality Management (TQM) swept through 
American organizations with the force of institutional mandate. Every enterprise launched quality 
initiatives. Every consultant rebranded overnight as a quality expert. A cottage industry of 
frameworks, tools, and certifications emerged to meet demand that was as much performative as 
substantive. The results were mixed: organizations that internalized quality as a genuine operational 
competency thrived; those that outsourced it to consultants or chased credentials without building 
internal capability largely did not. The lesson TQM taught, slowly and at some cost, is that quality 
cannot be purchased from the outside. It must be built from within. 
Today's AI moment is structurally identical — with one important difference. Where TQM consultants 
were opportunists chasing a trend, many of today's AI governance practitioners are acting out of 
something closer to desperation. Traditional functional roles are disappearing. Software 
development — once a protected professional domain — can now be performed with higher quality, 
greater speed, and lower cost by LLMs. Workers and consultants who see their relevance eroding 
are pivoting rapidly to "AI governance" as a new identity. The credential market has responded 
accordingly: a proliferation of badges, certifications, and practitioner designations, most of which 
certify knowledge of governance frameworks rather than demonstrated capacity to govern AI 
systems in production. "AI governance" has become, in too many organizations, exactly what 
"quality" was in 1992: a vague mandate, enthusiastically staffed, and unevenly delivered. 
The deeper problem is how the AI field has been categorized as a workforce credentialing matter. AI 
has inherited the credentialing model of information technology, where degrees and certifications 
are widely accepted as sufficient indicators of practitioner competency. That model fits IT work: the 
systems are deterministic, errors are traceable, and a credentialed practitioner who knows the 
technology can generally be trusted to apply it. AI systems are not deterministic. They degrade 
silently, fail non-obviously, and produce confident-looking outputs that may be deeply wrong. The 
consequences of poor AI judgment in consequential deployments are closer in kind to the 
consequences of poor medical or aviation judgment than to a misconfigured server. Yet the 



credentialing standard society applies to AI practitioners remains closer to IT than to medicine. AI 
risk-focused certifications are valuable — they establish the knowledge foundation every practitioner 
needs — but they cannot substitute for what high-stakes professions have always required: 
demonstrated competency over time, observed by a qualified practitioner, attested against a defined 
standard. 
The TQM lesson applies directly: organizations that develop AI governance capability internally — 
building practitioners who can be trusted to identify AI opportunities, validate outcomes, manage 
risk, and be held accountable for results — will outperform those that outsource it or satisfy 
themselves with credential volume. This paper makes the economic case for that proposition and 
describes the institutional mechanism for acting on it. 
The AI Innovation With Trust Program is that mechanism. It enables organizations to build their own 
internal AI practitioner capability through a structured combination of on-the-job learning, related 
technical instruction, risk-focused practitioner certifications, and competency-based qualification 
cards — assessed across the Know, Do, and Become dimensions that no credential examination 
can fully address. The program is structured to 29 CFR Part 29, the federal standard governing 
competency-based practitioner development (i.e. apprenticeships), and spans five occupational 
pathways covering the full AI lifecycle: from analysis and governance to validation, development, 
and business process transformation. 
The paper's central economic argument rests on three axioms: AI shifts the production frontier 
outward; realizing that shift requires managing a binding risk constraint; and the demand for 
practitioners who can govern AI systems reliably using risk management tools and methods is a 
derived demand whose value rises as AI deployment scales. We formalize this in an augmented 
Cobb-Douglas production function with a Lagrangian risk constraint, and demonstrate that the 
marginal product of a trusted AI practitioner exceeds that of a credentialed-but-unverified 
practitioner by the full expected value of governance failures prevented. 
It is argued that trust is mathematically proportionate to the inverse of residual risk: Trust ∝ 1/Risk. 
And that AI practitioner development that embeds risk management as an assessed competency 
produces returns on two simultaneous channels: direct risk reduction and trust-channel risk 
reduction. This is the double win. Effective Risk Management makes AI Governance operational. 
The Innovation With Trust program's objective is not risk minimization, nor maximum AI deployment. 
It is Trusted Innovation Equilibrium: the organizational operating point at which maximum 
sustainable AI-enabled innovation is achieved within the governance capacity available. The 
strategic asset employers are building is not a trained workforce. It is verifiable, observable, attested 
trusted innovation capability — a compounding organizational asset that, unlike software licenses or 
consultant engagements, cannot be purchased by a competitor. 
Milestone Planning and Research, Inc. assists organizations with program implementation and 
delivers AI risk management training, risk management tools and practitioner coaching grounded in 
data science and project management practice — the disciplines that make AI governance 
operational rather than aspirational. 
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Introduction: History Repeating 

In the 1980s and 1990s, Total Quality Management arrived in American boardrooms 
with the authority of institutional imperative. Every organization became mandated to 
pursue it. Quality councils formed. Quality metrics multiplied. And in perhaps the most 
reliable indicator of a management phenomenon at full velocity, every consultant in the 
country discovered an overnight expertise in quality. New frameworks, new tools, new 
certifications, and new designations arrived by the season. Practitioners who had spent 
careers in unrelated functions rebranded themselves as quality professionals. 
Organizations invested heavily — in training, in consultants, in software, in process 
redesign — and a significant fraction of that investment produced little of lasting value 
because the people delivering it had credentials rather than competence, and the 
organizations receiving it were purchasing compliance theater rather than genuine 
capability. 

The organizations that came out of the TQM era with genuine competitive advantage 
were not those that hired the most quality consultants or accumulated the most 
certifications. They were those that built quality as an internal organizational 
competency: practitioners who could exercise quality judgment in real work, under real 
conditions, in ways that were observed, attested, and institutionally embedded. 
Deming’s actual lesson — that quality must be systemic, owned internally, and treated 
as a production function property rather than a compliance output — was the lesson 
that most of the credential chasing obscured. Organizations that eventually internalized 
it thrived. Those that outsourced it indefinitely did not. 

The current AI moment is structurally identical, with one important difference in the 
psychology driving it. TQM consultants were frequently opportunists identifying a 
market. Today’s AI governance practitioners are, in many cases, operating under a 
different pressure: survival. Traditional functional roles are disappearing at a rate that 
was theoretical five years ago and is demonstrably real today. Software development — 
long a professionally protected domain commanding premium compensation — can 
now be performed with higher quality, greater speed, and substantially lower cost by AI 
systems that do not require benefits, vacations, or performance reviews. Financial 
analysis, compliance review, document drafting, data preparation, and customer service 
functions are following the same trajectory. Workers who see this happening are not 
wrong to feel urgency. Their instinct to adapt is correct. The adaptation path many are 
choosing, however, is a replication of the TQM error: pivot to “AI governance” as a new 
professional identity, acquire the available credentials, and present that credential stack 
to the market as expertise. 

The problem is that “AI governance” is a vague term. It means different things in 
different organizations, different regulatory contexts, and different occupational roles. It 



MILESTONE PLANNING AND RESEARCH, INC.  ·  RATIO AI RISK PRACTICE   |   Trusted Innovation Capital  ·  The Economic 
Case for Competency-Based AI Practitioner Development  ·  June 2026 

                                                                                       Page 4 

is, at this stage of the field’s development, roughly analogous to “quality” in 1988: a 
concept with genuine substance that has become sufficiently aspirational, sufficiently 
broad, and sufficiently credentialized to function as a professional camouflage as often 
as a genuine competency signal. The credential market has responded predictably: a 
proliferation of AI governance badges, certificates, and designations, most of which 
assess knowledge of frameworks rather than demonstrated capacity to govern AI 
systems in production environments where the consequences of error are real and 
attributable. The market is producing credential volume. It is not yet reliably producing 
practitioner trustworthiness. 

History’s lesson, applied to the present: organizations that respond to the AI moment 
the way they responded to TQM — by outsourcing governance to consultants, 
accumulating credentials, and satisfying mandates without building internal capability — 
will find themselves in the same position as the TQM-credentialed organizations of the 
mid-1990s: adequately documented, insufficiently capable, and surprised when 
competitors who built genuine internal competency begin to pull away. The 
organizations that will realize durable AI competitive advantage are those that develop it 
from within: practitioners with observed, attested, accountable AI judgment, embedded 
in organizational processes that allow the capability to compound over time. 

This paper describes the mechanism for doing that. The AI Innovation With Trust 
Program is an institutional architecture for producing practitioners whose 
trustworthiness has been independently verified: who can be trusted to identify AI 
opportunities, experiment responsibly, validate outcomes, manage risk, and be held 
accountable for whether the AI investment delivered what it promised. The program 
enables organizations to develop this capability internally, accumulate it systematically, 
and deploy it in ways that produce a Trusted Innovation Equilibrium — the 
organizational operating point at which maximum sustainable AI-enabled innovation is 
achieved within the governance capacity the organization has built. That equilibrium, 
and the competitive advantage it produces, is the destination. Trusted practitioners are 
the vehicle. The qualification card is the evidence that the vehicle was built. 

A final observation before the economic argument proceeds. The emerging regulatory 
landscape — EU AI Act, SEC model risk guidance and state-level AI accountability 
legislation — is generating a new form of organizational inertia. When the cost of getting 
governance wrong is undefined but potentially severe, and when frameworks are 
contested enough that reasonable people disagree on what “compliant” even means, 
many organizations stop moving. They wait for legal clarity that may never fully arrive, 
or they layer on reviews until nothing ships. The governance apparatus meant to make 
AI safer paradoxically prevents the organization from developing the internal experience 
required to govern it well. This is the compliance paralysis failure mode — and it carries 
real economic cost, captured in this paper’s Trusted Innovation Equilibrium framework 
as the Innovation Deficit Zone: the opportunity cost of AI deployments that never 
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happen because the organization lacks practitioners trusted enough to govern them. 
The TQM parallel holds here too. Organizations that waited for the quality standard to 
be fully specified before building quality capability never built it. The organizations that 
moved — that treated quality as a production function property to be developed 
internally rather than a compliance mandate to be satisfied externally — were the ones 
that emerged with genuine competitive advantage. The regulatory environment is an 
argument for building internal AI governance capability now, not a reason to wait. 

1.  The AI Opportunity and the Open Question 

It is now common knowledge that AI offers extraordinary capacity for faster, less 
expensive, and higher-quality systems across virtually every industry and function. 
Machine learning, predictive analytics, generative AI, and autonomous workflow 
systems have demonstrated in production environments that they can compress 
timelines, reduce unit costs, automate high-frequency decisions, and surface patterns 
no human analyst could find at scale. This is not a theoretical proposition. It has been 
demonstrated repeatedly, across enough contexts and organizations, that the value 
potential of AI is now assumed rather than argued. Every major organization — 
corporate, governmental, nonprofit, and academic — has already challenged its 
workforce to use AI to drive business value and competitive advantage. The question 
has moved. It is no longer “should we use AI?” It is “how do we accomplish this, and 
how do we do it with confidence in the outcome?” 

That open question — how to realize AI’s potential with confidence — is not primarily a 
technology question. The technology is available, increasingly commoditized, and 
rapidly improving. The open question is a practitioner question: who in the organization 
can be trusted to make the judgments that turn AI capability into realized, defensible, 
attributable business value? Answering that question requires something the current AI 
talent market does not yet provide: a reliable mechanism for knowing when a 
practitioner’s AI judgment has been independently observed, validated against a 
defined standard, and attested by a qualified person. This paper describes that 
mechanism and makes the economic case for why it is the missing institutional 
infrastructure in every organization that has already committed to AI as a strategic 
priority. 

1.1  The Trust Gap in the AI Labor Market 
Consider the professions society has decided are too consequential to trust on the basis 
of credentials alone. Pilots are trusted because of logged flight hours — observed, 
verified, signed by a qualified instructor. Physicians are trusted because of residency — 
years of supervised practice in real clinical environments, with attending oversight. 
Electricians are trusted because of apprenticeship — demonstrated competency in live 
work contexts, attested by a journey worker. Auditors are trusted because of supervised 
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professional practice — independent observation of judgment exercised under real-
stakes conditions. 

In each case, society has determined that a certificate — evidence that someone 
passed an examination at a point in time — is not sufficient basis for trust when the 
consequences of error are serious. The credential establishes the floor. The supervised, 
observed, attested performance record establishes the trust. 

AI practitioners have none of this. There is no universally accepted mechanism for 
knowing when an AI practitioner — an analyst, a governance specialist, a validation 
engineer, a developer, a business process architect — can be trusted with a 
consequential decision. The AI credential market has grown faster than any governance 
mechanism to validate what credentials actually mean. The result is not only a trust 
deficit. It is an innovation gap: organizations cannot safely realize the AI opportunity in 
front of them because they lack practitioners whose judgment has been independently 
verified as trustworthy. 

A structural observation anchors this paper: the bottleneck in AI value creation has 
shifted. With modern AI systems, generating code, documents, analyses, and 
prototypes is becoming increasingly inexpensive. The scarce resource is now validation, 
governance, testing, adoption, integration, and organizational learning. These are not 
technology problems. They are practitioner problems — problems that require people 
who can be trusted to exercise judgment in conditions of genuine uncertainty. This 
paper argues that the institutional architecture for producing that kind of practitioner 
already exists. It is called apprenticeship. 

AI work is largely mental activity and does not typically require the “muscle memory” 
skills that exist in typical apprenticeable occupations such as the trades. Yet the 
fundamental components of apprenticeship — required technical instruction (RTI), on-
the-job mentoring by a seasoned coach, and a defined set of target competencies — 
constitute a time-tested, structured approach to practitioner development that translates 
directly into the AI context. The challenge is not that AI work is too different from 
traditional apprenticeable occupations. It is that the consequences of poor AI judgment 
are less visible, slower to surface, and harder to attribute than a failed wiring job or a 
misfiled tax return. That invisibility is precisely why supervised, mentor-attested, 
evidence-based development matters more for AI practitioners than for many trades — 
and why the competency qualification card, which makes performance visible and 
attributable, is the mechanism Section 1.4 describes. What kind of AI system, 
specifically, requires this level of practitioner trust? That question is the subject of 
Section 1.2. 
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1.2  What This Paper Means by “AI” 
Before the trust argument can be made precisely, the subject of that argument must be 
defined precisely. “AI” as most business practitioners encounter the term covers an 
enormous and heterogeneous range of tools: chatbots, dashboards, recommendation 
engines, generative writing assistants, rule-based workflow automation, and statistical 
models that predict fraud or customer churn. These are not the same thing. They do not 
fail in the same ways. They do not require the same governance. And they do not 
create the same trust problem. 

This paper uses “AI” in its structurally precise sense: probabilistic systems that update 
belief through statistical learning applied to training data. That definition encompasses 
the full family of modern AI — predictive classifiers, anomaly detectors, forecasting 
models, natural language processors, large language models, and agentic systems that 
chain prediction to bounded action. What unifies them is not their architecture but their 
mechanism:  each one is a trained system that approximates conditional probability 
surfaces over historical evidence. It does not reason from first principles. It does not 
possess judgment. It revises belief — and it revises it based entirely on patterns it was 
trained to expect (Aaron, 2026a). 

This is a materially different object from the rule-based systems and deterministic 
software tools that most business practitioners have governed for decades. A traditional 
business system does what it is programmed to do. Its behavior is fully specified in 
advance. When it produces a wrong result, the error is traceable to a specific rule or 
data input. Accountability is straightforward because causality is transparent. 

Probabilistic AI systems do not work this way. They produce outputs that are statistically 
defensible on average but individually uncertain — and that uncertainty is irreducible, 
not a software defect to be patched. Their behavior is not fully specified in advance; it 
emerges from patterns in training data that may or may not represent the conditions 
under which the system will actually operate. It is well recognized that these kinds of 
systems can offer potentially huge value propositions in terms of automation speed, 
effort reduction and cost reduction when successfully deployed. However, three 
structural properties follow from this, each with direct governance consequences. 

First, trained systems degrade silently. A model trained on last year’s data may 
quietly underperform as the world changes — not because anyone changed the code, 
but because the operating environment has drifted beyond the boundaries of what 
training made visible to the system. Unlike a broken rule, degraded model performance 
produces no error message. It produces increasingly wrong outputs, with full apparent 
confidence, until someone qualified notices. 

Second, their errors are non-obvious. A probabilistic system can produce outputs 
that are semantically fluent, statistically plausible, and deeply wrong. A language 
model’s generated text reads like correct analysis whether or not it is. A classifier’s 
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confidence score looks authoritative whether or not the model has encountered a 
genuinely out-of-distribution input. Business practitioners trained on deterministic 
systems learn to trust confident-looking outputs — a habit that becomes dangerous 
when the system producing those outputs is probabilistic. 

Third, accuracy metrics do not translate directly to business value. A model that 
achieves the highest technical accuracy score on a benchmark may produce lower 
business value than a less accurate model configured with better governance 
thresholds, better false-positive management, and better deployment discipline. The 
empirical evidence in Section 5 of this paper — the AUC-to-NEV inversion observed in 
the Beyond Data Cleanup simulation — is a specific instance of this general structural 
property. Practitioners who understand probabilistic systems expect this. Those trained 
on deterministic systems do not. 

These three properties — silent degradation, non-obvious error, and metric-to-value 
decoupling — are not pathologies that better software will fix. They are structural 
features of probabilistic systems that must be managed by practitioners who understand 
them. The trust problem this paper addresses is, at its foundation, a consequence of 
deploying a genuinely new class of system into organizations that have not yet 
developed the practitioner infrastructure to govern it. No credential examination 
establishes that understanding. Only supervised practice in real deployments, with a 
qualified observer who can recognize sound probabilistic judgment when it appears — 
and unsound judgment when it does not — can produce that assurance. 

1.3  Predicting Competency of AI Workers: Akerlof’s Market for Lemons 

George Akerlof's 1970 analysis of information asymmetry in used-car markets describes 
the dynamics with uncomfortable precision. When buyers cannot distinguish high-quality 
from low-quality offerings, markets degrade: sellers of high-quality products cannot 
credibly signal their quality; buyers rationally discount all offerings toward the average; 
high-quality sellers exit the market or accept below-value pricing; the market fills with 
lemons. 

The AI talent market exhibits exactly this structure. Employers cannot reliably 
distinguish between practitioners who understand AI and practitioners who can be 
trusted to govern it, validate its outputs, and be held accountable for the outcomes. A 
growing number of AI credentials now exist — free badges, vendor certifications, 
university certificates, professional designations — and their proliferation makes it 
harder, not easier, for employers to evaluate what any individual credential means. The 
market will soon be producing credential inflation rather than trust production. 

CENTRAL 
CLAIM 

The AI workforce problem is not primarily a skills problem, nor even 
solely a trust problem. It is a trusted innovation capability problem. The 
question society has not yet answered is: how do we know when an AI 



MILESTONE PLANNING AND RESEARCH, INC.  ·  RATIO AI RISK PRACTICE   |   Trusted Innovation Capital  ·  The Economic 
Case for Competency-Based AI Practitioner Development  ·  June 2026 

                                                                                       Page 9 

practitioner can be trusted to innovate responsibly — to identify 
opportunities, experiment systematically, validate outcomes, and 
govern risk — in ways that produce durable competitive advantage? 
The  AI Innovation With Trust Program is the institutional answer to that 
question. Common Trunk competency T-2.8 is how that answer is 
formally assessed. 

1.4  How High-Stakes Professions Produce Trust 
The solution to the trust problem in every high-stakes profession follows the same 
architecture. It has three components: 

• A knowledge foundation — validated through examination (the Know dimension) 
• Observed performance in real work contexts — verified by a qualified practitioner 

(the Do dimension) 
• Demonstrated professional judgment under real-stakes conditions — attested by 

a qualified observer over time (the Become dimension) 

Profession Know Do Become 
(Judgment) 

Trust 
Mechanism 

Physician Medical school 
+ board exams 

Residency 
rotations 

Attending 
physician 
observation 

Supervised 
practice + 
board 
certification 

Pilot Written & oral 
examinations 

Simulator + 
flight hours 

Check ride + 
flight instructor 
sign-off 

Logged flight 
hours + type 
ratings 

Electrician Code 
knowledge 
exams 

On-the-job 
wiring under 
supervision 

Journey worker 
observation 

Registered 
apprenticeship 
+ license 

Auditor CPA exam Supervised 
client 
engagements 

Senior auditor 
review of 
judgment 

Supervised 
practice + 
CPE 
requirements 

AI 
Practitioner 
(current) 

AI certificates None 
systematically 

None 
systematically 

Knowledge 
verified but still 
a trust deficit 

AI 
Practitioner 
(this 
program) 

Know 
standards. 
Become 
certified 

Qualification 
card work 
products 

Mentor 
attestation over 
time 

Apprenticeship 
+ certification 
+ qual card 
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The bottom two rows define the gap this program is designed to close. Every other high-
stakes profession has a trust architecture. AI practitioners do not — yet. The AI 
Innovation With Trust Program is a trust production system modeled on the institutional 
architecture that already works. 

1.5  Why Knowledge Alone Is Not Sufficient 
Knowledge is a necessary foundation — but it is not sufficient. A practitioner who 
understands AI governance frameworks, knows how to evaluate model risk, and can 
reason through a regulatory scenario has crossed an important threshold. That 
knowledge foundation is assessed and validated through certification examination. AI 
risk-focused certification credentials — prerequisite-gated, scenario-based programs 
that test applied judgment in governance, audit, and risk domains — are designed to 
serve this function well. Based upon the author’s research, the ISACA AAIA (Advanced 
in AI Audit) and AAIR (Advanced in AI Risk) credentials, for instance, are examples of 
focused, trust-oriented AI certifications. These test for applied judgment in governance 
and risk domains that map directly to the occupational pathways of this program. These 
kinds of certifications are assets to be built upon. 

But knowledge alone — however rigorously assessed — addresses only the Know 
dimension. It cannot address the Do dimension — observable performance in real work 
contexts producing real deliverables reviewed by a qualified practitioner. And it cannot 
address the Become dimension — the professional judgment, behavioral disposition, 
and situational discernment that develops only through sustained practice under 
observation. The CPA exam does not make someone an auditor. The residency does. 
Knowledge establishes the credential. Supervised practice produces the trust. 

1.6  Trust Is Mathematically Proportionate to the Inverse of Risk 
The relationship between trust and risk is both conceptual as well as structural and in 
formal terms, mathematical. In risk management frameworks, residual risk is defined as 
the risk that remains after controls are applied. As the trustworthiness of the practitioner 
managing an AI system increases, residual risk decreases proportionally. The 
relationship can be stated precisely as an axiom: 

 
Trust(practitioner)  ∝  1 / Residual Risk(AI deployment) 

 
This inverse proportionality has a direct and underappreciated implication for employer 
investment decisions: every unit of verified practitioner trustworthiness produces a 
corresponding reduction in deployment risk containing economic value. The qualification 
card is not only a hiring signal — it is a risk management instrument. An employer who 
holds a qualification card for an AI practitioner knows, with independent attestation, 
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what risk-reducing judgments that practitioner has demonstrated. An employer who 
holds only a credential knows what the practitioner was taught. 

The Double Win from Risk Management Competency 
The Trust ∝ 1/Risk relationship produces a compounding return when risk management 
is embedded as a core competency in the apprenticeship approach — not only 
referenced as a topic, but assessed through the Do and Become standards alongside 
the practitioner’s technical work. This creates what we term the double win: 

● Direct risk reduction: the practitioner actively manages, mitigates, and documents 
AI deployment risk as a standard work output throughout the project life cycle. 
Residual risk falls because the practitioner is doing the risk management work. In 
short, the AI innovation gets delivered successfully. 

● Trust-channel risk reduction: the qualification card attests that the risk 
management judgment was observed and verified. Residual risk falls a second 
time because the employer, regulator, and audit committee can rely on the 
practitioner’s risk judgment with documented confidence. 

 
1.7  A Proposed AI Apprenticeship-Style Solution Without an Administrative 
Burden 

The AI Innovation With Trust Program develops AI practitioners (refer to  www.ratio-
weekly.com/innovation.html) across five selectable occupational pathways through a 
structured combination of on-the-job learning (OJL), related technical instruction (RTI), 
and competency-based progression. It is structured to 29 CFR Part 29 — the federal 
standard that governs competency-based, mentor-attested, OJL-grounded 
apprenticeships. Organizations may choose to register with DOL; registration is not 
required to implement the program or to use the qualification card framework while 
avoiding the administrative burden of registration with the Department of Labor. The 
standard is the foundation. Registration is one organizational option if an employer 
chooses that path. 

KEY DISTINCTION  A credential — particularly a rigorous AI risk-focused certification 
— validates that a practitioner has mastered the knowledge foundation the field 
requires. A competency-based qualification card builds on that foundation, attesting 
what the practitioner demonstrated in real work, under qualified observation, against a 
defined standard. Together they produce the full trust signal. 

Milestone Planning and Research, Inc. assists organizations with program 
implementation and delivers AI risk management training, risk management tools and 
practitioner coaching grounded in data science and project management practice — the 
disciplines that make AI governance operational rather than aspirational. 

 

http://www.ratio-weekly.com/innovation.html
http://www.ratio-weekly.com/innovation.html
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1.7.1  The Know→Do→Become Competency Architecture 
Every competency in the program is assessed across three dimensions. This 
architecture is not a pedagogical preference — it is the structural mechanism that 
produces the trust output the program is designed to deliver. 

Dimension What It Assesses How It Is Assessed What It Cannot Be 
Replaced By 

KNOW Conceptual 
understanding: 
definitions, 
frameworks, failure 
patterns, regulatory 
standards, and the 
principles that 
govern AI system 
behavior. 

Written explanation, 
quiz, oral 
questioning, or 
module reflection. 
Certifications 
(including ISACA 
AAIA and AAIR) can 
assess this 
dimension. 

The Do or Become 
dimensions. Knowing that 
something matters is not 
the same as doing it 
correctly under real 
stakes. 

DO Observable 
performance: 
producing a real 
work artifact — an 
analysis, a 
governance 
document, a 
validated system, a 
business case — 
reviewed by a 
qualified practitioner. 

Real work product or 
quality-gate artifact 
reviewed by a 
mentor. The output 
must be traceable to 
a specific work 
context, not a 
classroom 
simulation. 

Certification examination, 
which assesses 
knowledge of what to do 
rather than observed 
performance doing it. 

BECOME Professional 
judgment: the 
behavioral 
disposition, 
situational 
discernment, and 
values-in-action that 
a practitioner 
exercises without 
prompting under 
real-stakes 
conditions. 

Mentor attestation 
based on direct, 
sustained 
observation over 
time. Must describe 
a specific incident. 
Cannot be signed off 
from documentation 
alone. 

Any examination or 
course completion. This 
dimension can only be 
assessed by a qualified 
human observer who has 
seen the practitioner 
work. 

 
The three dimensions are cumulative. A practitioner who completes the Know 
dimension without the Do and Become dimensions has a credential, not a trust record. 
The qualification card documents attainment across all three for every competency at 
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every level — and that complete record is what makes it a trust instrument rather than a 
training log. 

1.7.2  The Five Occupational Pathways 
The program produces practitioners across five occupational pathways. Each is defined 
by a specific accountability output — a deliverable that can be observed, measured, 
audited, and attributed to a named practitioner. The five pathways address the complete 
lifecycle of organizational AI: from analysis to governance to validation to development 
to business transformation. 

Occ. Title Primary Accountability 
Output 

Risk Management Scope 

A AI Analyst Verified AI-assisted analysis 
with documented source 
traceability and reliability 
assessment. 

Output and decision risk: 
reliability, data quality, and 
decision-impact calibration. 

B AI Operations & 
Governance 
Specialist 

Governance framework with 
documented controls, failure 
mode coverage, and audit-
ready evidence. 

Enterprise AI risk register, 
governance lifecycle risk, 
project risk management for 
governance programs. The 
primary risk occupation. 

C AI Quality & 
Validation 
Specialist 

Independent assurance 
report on AI system 
reliability, including failure 
mode analysis and statistical 
risk quantification. 

Technical and statistical risk 
quantification: FMEA, out-of-
distribution detection, model 
degradation monitoring. 

D AI Developer Reproducible, auditable AI 
system with human override 
architecture and deployment 
risk documentation. 

Deployment and system 
failure risk; project risk 
management for AI 
development cycles. 

E AI Business 
Process 
Architect 

Documented AI business 
case, measured 
transformation outcome, and 
CFO-ready value realization 
report. 

Investment risk, 
transformation project risk, 
value realization risk, and 
board-level risk reporting. 
The broadest risk scope in 
the program. 

 
Occupations A through D are the four core technical pathways. Occupation E — the AI 
Business Process Architect — is the program's most distinctive addition. It is the 
practitioner who closes the loop between AI deployment and measured business value: 
identifying which processes are worth transforming, building the financial case, 
designing the measurement architecture, and reporting whether the investment 
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produced the projected return. Business-value realization is a signoff competency in 
Occupation E — not a course topic. 

1.7.3  Starting Points, Not Prescriptions: Program Flexibility and Workforce 
Inclusivity 
The occupational pathways and competency standards published as part of this 
program are intentionally designed as starting points. They represent a rigorous and 
defensible baseline — not a closed specification. Employers, colleges, and certification 
providers who engage with the program are encouraged to modify, combine, and 
extend the occupational definitions and competency requirements to reflect their 
specific industry context, regulatory environment, and workforce strategy. A financial 
services organization, a healthcare system, and a manufacturing enterprise will likely 
define “AI Ops & Governance Specialist” differently. The program architecture 
accommodates this. Detailed competency specifications for each occupation are 
available to organizations actively evaluating or implementing the program — by 
request, and in the context of a structured partnership conversation. 

The program is also not exclusively a new-graduate pipeline. The progressive 
competency levels — L1 through Journey worker — are designed to accommodate 
workers at different career stages. An experienced professional who already operates at 
L2 or L3 can enter at the appropriate level, receive credit for demonstrated competency, 
and continue building toward higher levels without repeating foundational work they 
have already mastered. The program’s most experienced participants may ultimately 
become mentors — the trust architects whose observation and attestation make the 
qualification card meaningful. This is not incidental; it is structural. The program is 
designed to convert experienced AI practitioners into institutional trust infrastructure, not 
just to develop new ones. 

Finally, the program architecture builds in explicit space for innovation. Practitioners and 
organizations are not simply learning to replicate AI governance practices that already 
exist — they are using AI as a source of competitive differentiation and process 
innovation. The qualification card framework is structured to accommodate novel work 
products, emerging governance challenges, and pathways that do not yet have 
established precedents. The goal is not compliance with a fixed standard. It is the 
development of practitioners whose trusted judgment allows organizations to innovate 
confidently into AI territory that is still being mapped — not only managing risk, but 
creating value. At the Become stage, apprentices are not simply trained workers. They 
are part of the organization’s trusted innovation infrastructure. 

1.7.4  The “Become” Stage as Thinking Partnership: Charting New AI Pathways 
The Become dimension is widely understood as the hardest to assess. It is less widely 
understood as the most generative stage of apprenticeship — the point at which the 
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program transitions from developing an individual practitioner to developing the 
organization’s capacity for trusted innovation. 

At the Know and Do stages, the apprentice is executing against defined standards in 
established work contexts. The mentor is principally an evaluator: does this practitioner 
understand the frameworks, can they produce the required work product, is the output 
defensible? At the Become stage, the dynamic changes. There are no longer 
established precedents for every situation. The practitioner is encountering novel AI 
applications, governance challenges without standard templates, and deployment 
decisions that require judgment no examination has pre-validated. The mentor is no 
longer solely an evaluator. The mentor becomes a thinking partner — bringing their own 
expertise to bear on problems the organization has not solved before, reasoning 
alongside the apprentice about what responsible innovation looks like in this specific 
context, this industry, this regulatory environment. 

This is the mechanism by which the Become stage creates organizational value beyond 
the individual practitioner. The structured dialogue between a mentor with domain and 
technical expertise and an apprentice with developing AI judgment produces insights, 
governance approaches, and AI applications that neither would reach alone. The 
program’s flexibility is what makes this possible. The qualification card accommodates 
novel work products precisely because the most valuable Become-stage evidence often 
involves unprecedented situations: the first time an organization attempted a particular 
AI application, the first governance failure caught before it reached production, the first 
business process genuinely transformed by a practitioner who could both implement the 
change and verify that it delivered what it promised. These are not training artifacts. 
They are innovation artifacts — evidence that the program produced not just a trusted 
practitioner, but an organizational capability. 

This thinking partnership is not an informal feature of the program. It is formally codified 
in Common Trunk competency T-2.8: AI-Enabled Innovation Judgment. T-2.8 is 
positioned in the trunk — rather than in individual occupational pathways — because 
innovation judgment is not occupationally bounded. Every practitioner, regardless of 
pathway, needs to approach AI work with both a governance orientation and an 
innovation orientation. The Do standard for T-2.8 requires at least one documented 
thinking partnership session directed at a novel AI application not yet established in the 
organization, producing an innovation artifact traceable to a real organizational context. 
This makes T-2.8 the only competency in the framework whose Do standard explicitly 
requires joint work between mentor and apprentice rather than solely individual 
practitioner output. 

The Become standard for T-2.8 is also structurally distinct from every other Become 
standard in the framework. All other Become attestations require the mentor to describe 
observed individual practitioner behavior — a specific incident in which the practitioner 
exercised judgment without prompting. The T-2.8 Become attestation requires the 
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mentor to describe the joint reasoning: what novel AI application or pathway was 
explored, what the apprentice contributed to the session, what governance or 
uncertainty considerations the apprentice raised without prompting, and what the 
organizational outcome was. The mentor must also describe their own role in the 
session. This structural requirement makes the thinking partnership itself an assessable 
event, not merely a program aspiration — and it creates an evidence record of the 
organization’s emerging AI innovation capability, not just the practitioner’s individual 
competency. 

1.7.5  Mentor Development: Building the Capacity In-House 
The most frequent objection sponsors raise when evaluating this program is: “We don’t 
have anyone qualified to be a mentor.” In practice, organizations deploying AI at any 
meaningful scale almost always have someone who can evaluate AI work products 
critically — a senior data scientist, an experienced analytics lead, a governance 
professional, a domain expert who has spent years developing the judgment to know 
when an AI-assisted output deserves scrutiny. What they lack is not technical expertise. 
It is the structured practice of converting that expertise into valid Become-stage 
attestation. Those are different things, and the gap between them is closable. 

Mentors in this program are developed in-house and can be coached by outside 
experts. The coaching is not generic facilitation. It is grounded in a specific technical 
background: econometrics, applied data science, predictive model validation, AI 
governance frameworks, and project risk management. This augments what the in-
house mentor already knows with the analytical depth to interrogate AI system outputs 
at the level the program requires — asking not just whether the work product meets a 
standard, but whether the practitioner’s underlying reasoning about a probabilistic 
system is sound. 

The practical model: the sponsoring organization identifies one or more experienced 
practitioners as candidate mentors. Outside mentors work with those candidates to 
develop competency in three areas. First, how to structure Become-stage observation 
— what to look for, when to intervene, and how to create conditions in which genuine 
judgment reveals itself rather than practiced performance. Second, how to write valid 
attestations: specific incident descriptions that document what was observed, what the 
practitioner did without prompting, and why it constitutes the Become dimension at the 
claimed level. Third, how to evaluate AI work products against the probabilistic system 
properties that non-data-science mentors may not naturally interrogate — silent 
degradation, metric-to-value decoupling, out-of-distribution exposure, and the 
confidence-presentation patterns that indicate a practitioner is relying on the AI rather 
than governing it. 

The T-2.8 thinking partnership session is specifically addressed in the coaching. 
Structuring a productive thinking partnership — creating the conditions in which mentor 
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expertise and apprentice AI judgment combine to generate something genuinely new — 
is a distinct skill from routine supervision or standard Become-stage observation. The 
outside coach works with internal mentors on how to initiate these sessions, how to 
contribute domain expertise without dominating the reasoning, how to draw out the 
apprentice’s developing innovation judgment, and how to document the session in a 
way that produces a valid T-2.8 attestation. This is the coaching service that converts 
experienced in-house practitioners into the thinking partners the program’s most 
distinctive competency requires. 

The result is a mentor who is genuinely equipped to produce trustworthy qualification 
card attestations — and who, over time, becomes a compounding asset: increasingly 
capable of guiding new cohorts, increasingly effective as a thinking partner in the 
Become stage, and increasingly central to the organization’s trusted innovation 
infrastructure. The mentor development investment is not a one-time program cost. It is 
the foundation of an in-house AI governance and innovation capability that grows in 
value as the program matures. 

The two channels are independent and additive. A practitioner who manages risk well 
but has no attestation produces direct risk reduction only. A practitioner whose risk 
management judgment has been observed, challenged, and attested by a qualified 
mentor produces both. This is why the five occupational pathways of this program each 
carry explicit risk management competencies at the appropriate scope — and why 
Occupations B, C, D, and E include project risk management as a structured 
component. Risk management is not a soft skill add-on. It is the mechanism that makes 
Trust ∝ 1/Risk operational. 

1.7.6 Risk Management Scope by Occupation 
Risk management scope varies appropriately across the five pathways, reflecting the 
nature of the accountability output each occupation produces: 

● Occupation A (AI Analyst): output risk management — assessing the reliability 
and failure modes of AI-generated KPI’s, Dashboards and metrics before 
deployment where it influences a decision. The analyst’s risk responsibility is 
bounded to the analysis artifact. 

● Occupation B (AI Ops & Governance Specialist): enterprise AI risk management 
— maintaining risk registers, applying NIST AI RMF and applicable regulatory 
frameworks, monitoring deployed systems for risk signal changes, and managing 
the governance lifecycle. Also includes AI project life cycle management and 
project risk management for governance of AI implementation projects. This is 
the primary risk occupation in the program. 

● Occupation C (AI Quality & Validation Specialist): technical and statistical risk 
quantification — AI testing and validation, failure mode analysis, out-of-
distribution detection, model degradation monitoring, and the translation of 
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technical risk findings into audit-ready evidence. Includes risk communication: 
converting quantitative risk assessments into language that non-technical 
stakeholders can act on. 

● Occupation D (AI Developer): works with AI to code, troubleshoot, validate and 
deploy new systems, deployment and system failure risk management — risk-
aware system architecture, failure mode documentation, human override design, 
and project risk management for AI development cycles including scope, 
dependency, and integration risk when AI systems are used to code/develop 
other statistical learning systems. 

● Occupation E (AI Business Process Architect): views AI from a business process 
perspective much like a six-sigma practitioner including investment analysis, 
business process transformation, and strategic risk management — business 
case risk analysis, transformation project risk management, realized value risk 
monitoring, and the governance of AI initiatives from approval through measured 
outcome. The BPA’s risk accountability is the broadest in the program: they are 
responsible for whether the AI investment produced the projected return net of all 
risks that materialized. 

 
COMPOUNDING EFFECT  Because trust is inversely proportional to risk, practitioner 
training that embeds risk management competency produces returns on two channels 
simultaneously: direct risk reduction from the practitioner's active risk management 
work, and trust-channel risk reduction from the attested evidence that the risk judgment 
was verified. Organizations that sponsor risk management-capable AI practitioners are 
not purchasing one risk control. They are purchasing a compounding one. 

2.  The Economics of AI Practitioner Development: A Production Function 
Framework 

The economic case for investing in trusted AI practitioners across these occupations is 
more than intuitive — it is derivable from first principles of production economics. This 
section states the core axioms and conclusions in plain terms. It addresses the question 
“Why should an organization invest in the development of AI practitioners?” The formal 
derivation, including equations and sensitivity analysis, is provided in Appendix 3 for 
readers who wish to stress-test the mathematical structure. 

2.1  Axiom 1: AI Enhances the Production Function 
AI is, in economic terms, a technology that shifts the production frontier outward: the 
same inputs — labor, capital, data — produce more output, or the same output is 
produced at lower cost. This is not a new proposition; it describes what general-purpose 
technologies do when successfully adopted. What distinguishes AI from prior general-
purpose technologies is the breadth and speed of the shift. AI-enabled processes can 
reduce unit costs across analysis, decision-support, content production, prediction, and 
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workflow automation simultaneously. The value proposition is real, it is large, and it is 
now widely demonstrated in production environments rather than projected from 
laboratory results. 

Formally: output Q = Z · LTα · LSβ · Kγ · Dδ · Aφ, where LT is trusted labor, LS is standard 
labor, K is capital, D is data, and A is AI capability 

Where: 

Z = total factor productivity (baseline organizational capability) 
LT = trusted AI practitioners (qualification card holders); exponent α > 0 
LS = standard (unverified) AI practitioners; exponent β > 0, α > β (trusted labor is 
more productive per unit) 
K = capital (AI infrastructure, compute, software); exponent γ 
D = proprietary data assets; exponent δ 
A = AI capability (model quality, deployment scope, integration depth); exponent 
φ 

(see Appendix 3 for full derivation). The key structural assumption is α > β — trusted 
practitioners carry a higher output elasticity than standard practitioners. Successful AI 
deployment increases ∂Q/∂A — the marginal product of AI capability — but only when 
the AI system is well-governed. When governance conditions are not met, AI does not 
enhance the production function. It introduces a failure mode that can destroy more 
value than it creates. 

2.2  Axiom 2: The Risk Constraint — A Lagrangian Formulation 
The organization’s problem is not simply to maximize the output enhancement that AI 
offers. It is to maximize output subject to a risk constraint: the AI-enhanced production 
process must remain within acceptable bounds of governance failure probability-
particularly for automated decision making failures by AI systems. This is a constrained 
optimization problem in the classical Lagrangian sense. 

Formally: maximize Q subject to R(A, LT) ≤ R*, where R is realized AI decision making 
risk, LT is the trusted-practitioner labor input, and R* is the organization’s risk tolerance 
threshold. The Lagrange multiplier λ on the risk constraint is the shadow price of risk 
reduction — the incremental output the organization would sacrifice to achieve a unit 
reduction in governance failure probability. This shadow price is the economic value of a 
trusted AI practitioner, expressed in production terms. When λ is large — when the 
organization is close to its risk tolerance boundary — the marginal value of an additional 
trusted practitioner is high. The formal Lagrangian and first-order conditions are derived 
in Appendix 3. 

The practical implication is direct: every organization deploying AI at any meaningful 
scale is implicitly solving this constrained optimization problem, whether or not it frames 
it that way. Organizations that deploy AI without trusted practitioners are operating 
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without adequate governance of the risk constraint — not eliminating the risk, but self-
insuring it. The expected cost of that self-insurance is the probability of governance 
failure multiplied by its impact, integrated across all AI deployments. Under realistic 
assumptions about AI deployment scale and governance failure rates, that expected 
cost exceeds the cost of the practitioner infrastructure that would have managed the 
constraint. 

2.3  Axiom 3: Derived Demand and Marginal Product of Trusted AI Labor 
The demand for AI practitioners is a derived demand — derived from the value that AI-
enabled output creates. This is a standard result in labor economics: firms demand 
labor not for its own sake but for what it produces, and in competitive equilibrium wages 
converge to the marginal revenue product of that labor. For AI practitioners, this has 
three implications worth making explicit. 

First, the marginal product of trusted AI practitioners exceeds that of 
credentialed-but-unverified practitioners by the full expected value of governance 
failures prevented. A practitioner who can govern AI deployment reliably contributes 
not only their direct output but also the avoided cost of the governance failures that 
would have occurred without that governance. That avoided cost is part of their 
marginal product. A practitioner who cannot reliably govern AI deployments has a 
marginal product that includes the expected governance failure cost as a negative term. 
The difference between these two marginal products is the economic value of trust — 
and it is compounding, because governance failures, once they occur, create audit 
costs, remediation costs, reputational costs, and regulatory costs that persist beyond 
the initial failure. 

Second, because AI’s value is large and broadly applicable, the derived demand 
for AI practitioners is high — and the premium for practitioners whose 
trustworthiness can be independently verified is higher still. In a market where 
employers cannot distinguish trusted from unverified practitioners — the lemons 
problem of Section 1.3 — wages compress toward the average. But organizations that 
can identify trusted practitioners — through a qualification card that provides 
independently attested evidence — can price that productivity premium appropriately 
and capture the full marginal product differential. The qualification card is, in this sense, 
an instrument that makes the labor market more efficient by reducing information 
asymmetry between employer and practitioner. 

Third, the training investment is recoverable from the wage-marginal product 
differential. The fully-loaded cost of sponsoring an apprentice — wages, mentor time, 
related instruction, administration — is bounded and known in advance. The marginal 
product premium of a trusted practitioner is ongoing and compounds with organizational 
AI deployment scale. Under any plausible set of assumptions about AI value creation 
and governance failure rates, the net present value of the investment is positive. The 
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rough order-of-magnitude calculations in Appendix 2 illustrate this arithmetic in 
organizational terms. The formal derivation grounding those calculations in production 
function theory is in Appendix 3. 

2.4 Trusted Innovation Equilibrium 

The economic framework developed thus far can be visualized as a constrained 
optimization problem faced by every organization pursuing artificial intelligence 
initiatives. AI presents substantial opportunities for productivity improvement, process 
innovation, quality enhancement, competitive differentiation, and organizational 
learning. At the same time, AI deployments introduce the possibility of poor decisions 
arising from incorrect, incomplete, misaligned, or insufficiently governed AI outputs. 
Organizations therefore face two competing categories of economic cost. 

The first category is the opportunity cost associated with underutilization of AI. 
Organizations that delay or avoid AI adoption forego automation benefits, productivity 
improvements, organizational learning, innovation opportunities, and competitive 
advantages that competitors may successfully exploit. This cost is highest when 
organizations remain confused about AI and as a result few AI initiatives are 
undertaken. The opportunity cost declines as organizations gain experience and expand 
deployment. 

The second category is the expected cost of poor AI-assisted decisions. As 
organizations increase the number and complexity of AI deployments, they become 
increasingly dependent upon AI-generated recommendations, classifications, forecasts, 
analyses, and automated actions. When these outputs are incorrect, incomplete, poorly 
aligned with the decision context, or insufficiently governed, they influence decisions 
that produce real economic consequences. 

Importantly, these costs are not limited to technical failures. An AI system may function 
exactly as designed while still contributing to poor decisions because relevant domain 
knowledge, organizational constraints, business objectives, regulatory requirements, or 
contextual factors were not adequately represented in the system. Recent research on 
trustworthy AI for decision-making argues that trustworthiness extends beyond model 
accuracy and must be understood as a lifecycle property encompassing design, 
development, deployment, operation, governance, and human interaction. AI systems 
may therefore generate technically plausible outputs while simultaneously degrading 
decision quality if appropriate contextual knowledge and governance mechanisms are 
absent (Miedema, Waschull, and Emmanouilidis, 2026). 

Organizations rarely incur losses because a model produces a mathematically incorrect 
prediction. Rather, they incur losses when AI outputs influence human or automated 
decisions that subsequently create operational losses, compliance failures, customer 
impacts, strategic misdirection, reputational damage, or foregone opportunities. 
Consequently, the upward-sloping cost curve in Figure 1 should be interpreted as the 
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expected economic cost of poor AI-assisted decisions resulting from insufficient 
validation, governance, contextual understanding, or practitioner judgment. Figure 1 
illustrates the interaction between these competing economic forces. 

 
Figure 1 

Figure 1. Trusted Innovation Equilibrium: Balancing Opportunity Costs and Decision-
Quality Costs. Organizations pursuing AI adoption face two competing economic forces. 
At low levels of AI deployment, opportunity costs are high because valuable automation, 
productivity improvements, innovation opportunities, and organizational learning remain 
unrealized. As AI deployment increases, these opportunity costs decline. At the same 
time, organizations become increasingly dependent upon AI-assisted 
recommendations, classifications, forecasts, analyses, and automated actions. If these 
outputs are incorrect, incomplete, poorly aligned with the decision context, or 
insufficiently governed, they contribute to poor decisions that create economic 
consequences. The Trusted Innovation Equilibrium represents the point at which the 
marginal reduction in opportunity cost associated with additional AI deployment is offset 
by the marginal increase in expected decision-quality costs. Organizations operating to 
the left of the equilibrium underutilize AI and remain in an Innovation Deficit Zone. 
Organizations operating to the right deploy AI faster than their governance and 
validation capabilities can support, creating a Governance Deficit Zone. The objective is 
not maximum deployment nor minimum risk. The objective is sustainable innovation 
supported by trustworthy decision-making.  

The upward-sloping curve represents the expected cost of poor AI-assisted decisions 
arising from incorrect, incomplete, misaligned, insufficiently validated, or insufficiently 
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governed AI outputs. These costs materialize through operational losses, compliance 
failures, strategic misdirection, reputational damage, and other adverse business 
outcomes resulting from decisions influenced by AI systems. 

At low levels of AI deployment, organizations operate in an Innovation Deficit Zone. The 
dominant economic cost is forgone opportunity. Valuable innovations are not pursued, 
productivity improvements remain unrealized, and the organization accumulates a 
competitive disadvantage relative to more adaptive competitors. 

At very high levels of deployment, organizations may enter a Governance Deficit Zone. 
AI initiatives expand faster than the organization's ability to competently validate, 
govern, monitor, and manage them effectively. Under these circumstances, poor AI-
assisted decisions, governance failures, model degradation, operational disruptions, 
and compliance deficiencies begin to offset the value generated by additional AI 
projects. 

Between these two extremes lies a region of economic balance referred to in this paper 
as the Trusted Innovation Zone. At its center is the Trusted Innovation Equilibrium, 
where the marginal reduction in opportunity cost associated with additional AI 
deployment is offset by the marginal increase in expected decision-quality costs. The 
result is the minimum expected economic cost and the highest sustainable rate of AI-
enabled value creation. 

The significance of this equilibrium extends beyond traditional risk-management 
thinking. The objective is not the minimization of risk, nor is it the maximization of AI 
deployment. Rather, the objective is the maximization of sustainable innovation 
supported by trustworthy decision-making. Organizations create the greatest economic 
value when they can pursue AI opportunities aggressively while maintaining sufficient 
governance capability to ensure that those opportunities are realized responsibly. 

Figure 1 should not be interpreted as a technology optimization problem. It is 
fundamentally a decision-quality optimization problem. Organizations realize value from 
decisions and actions, not from algorithms. AI systems create economic value only 
when their outputs contribute to better decisions than would otherwise have been made. 
Consequently, the objective is not AI deployment itself but the achievement of superior 
decision quality through trustworthy AI-assisted innovation. 

This observation provides the economic rationale for AI Innovation With Trust Program. 
The program is an institutional mechanism for expanding an organization's trusted 
innovation capacity. By producing practitioners capable of identifying opportunities, 
validating outcomes, governing risks, integrating domain knowledge, and exercising 
sound judgment under conditions of uncertainty, the program increases the 
organization's ability to operate within the Trusted Innovation Zone and sustain that 
position as AI adoption expands. 
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Viewed in this manner, investment in this program should be understood not as a 
training expense, but as an investment in productive capacity. Organizations are not 
simply purchasing additional labor. They are investing in the human capital required to 
convert AI opportunity into durable, measurable, and governable business value. 

AI Innovation With Trust Program should be viewed as an organizational mechanism for 
building trustworthiness across the AI lifecycle. Trustworthiness is not a property of a 
model but an emergent property of the complete socio-technical system, including 
design, development, deployment, governance, operation, and human oversight. By 
developing practitioners capable of integrating domain knowledge, validating outcomes, 
exercising judgment, and governing AI-enabled decision processes, the program 
increases the organization's capacity for trustworthy innovation and sustainable value 
creation. 

3.  The Behavioral Science of Trust Development 

If trust in AI practitioners must be produced through supervised, observed, attested 
performance — not through credentials alone — the behavioral science question 
immediately follows: how does the judgment that warrants trust actually develop? The 
answer determines what a trust production system must structurally include. The 
behavioral science grounding for this paper draws primarily on two bodies of work: the 
organizational knowledge creation literature and recent research on trustworthy AI 
systems. Each makes a distinct contribution to understanding why the 
Know→Do→Become architecture goes beyond a pedagogical preference but a 
structural necessity. 

3.1  Trust and Trustworthiness Are Not the Same Thing 
A critical distinction for AI practitioner development is the difference between trust and 
trustworthiness. Recent lifecycle research on AI systems for decision-making makes 
this distinction with precision: trustworthiness is “the ability to meet stakeholders’ 
expectations in a verifiable way” (ISO, 2022, as cited in Miedema, Waschull, and 
Emmanouilidis, 2026). Trust, by contrast, is a relational concept — a willingness to be 
vulnerable to another party’s action based on an expectation of appropriate behavior. 
Trust can be misplaced. A practitioner can be trusted without being trustworthy. An AI 
system can be trusted without being trustworthy. 
Miedema et al. (2026) demonstrate that trustworthiness in AI systems is not a static 
property of a model. It is an emergent property of the complete socio-technical lifecycle: 
design, development, deployment, governance, operation, and human oversight. A 
model that achieves high accuracy in development may degrade silently in operation. A 
governance structure that performs well in one organizational context may fail in 
another. This lifecycle perspective has a direct implication for practitioner development: 
a practitioner whose judgment has been assessed only at a point in time — through an 
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examination — has demonstrated knowledge, not trustworthiness. Trustworthiness 
requires the Become dimension: observed, sustained performance under real-stakes 
conditions, attested by a qualified human who has seen the practitioner work across 
contexts and over time. 
 
The implication for the qualification card architecture is precise. The card is not a point-
in-time snapshot. It is a lifecycle record. Each Become-stage attestation adds an 
observation that the practitioner’s judgment held under conditions the previous 
attestation did not anticipate. This is structurally analogous to what Miedema et al. 
(2026) describe as the operation and maintenance phase of the AI lifecycle — the 
phase where trustworthiness is not established once but demonstrated continuously. 
The qualification card makes that continuous demonstration portable and independently 
attested. 

3.2  The Domain Knowledge Gap and the Confidence Transfer Failure Mode 
Miedema et al. (2026) identify a second structural property directly relevant to the trust 
problem this paper addresses. Data-driven AI systems operate without inherently 
incorporating domain knowledge. They may produce outputs that, if acted upon, could 
be harmful to stakeholders precisely because the outputs are misaligned with the 
decision context — not because the model is inaccurate, but because the model lacks 
the contextual knowledge required to make its accuracy mean something useful for the 
specific decision being made. The practitioner who acts on a technically accurate AI 
output that is contextually misaligned produces a poor decision. The practitioner who 
can recognize when domain knowledge is absent or misaligned, and who withholds 
judgment until that gap is addressed, is exercising the governance judgment that the 
Become dimension is designed to assess. 
 
This is the behavioral science foundation for what the working paper elsewhere calls the 
Confidence Transfer failure mode: practitioners present AI-generated analysis as their 
own judgment, then cannot defend it when challenged, because the AI’s apparent 
confidence transferred to the practitioner’s recommendation without the practitioner 
evaluating whether the AI’s domain knowledge was aligned with the decision context. 
This failure mode is not reducible by better procedures or more training. It requires the 
Become dimension of professional judgment — the habit of asking, before acting on any 
AI output, whether the system’s domain knowledge matches the decision being made. 
That habit can only be developed through sustained practice under observation, and it 
can only be attested by a mentor who has directly observed the practitioner exercise it 
without prompting. Common Trunk competency T-2.9 (AI-Assisted Decision Quality) 
operationalizes this behavioral science finding as a formally assessed, mentor-attested 
standard: the practitioner must demonstrate, in real work under observation, that they 
habitually ask “does this AI output improve the decision?” before “is this AI output 
accurate?” — and can articulate why these are different questions requiring different 
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evidence. This parallels the role T-2.8 plays for innovation judgment: Section 3.2 is the 
theoretical grounding for T-2.9 in the same way that Section 1.7.4 is the theoretical 
grounding for T-2.8. 
 

3.3  Nonaka, Tacit Knowledge, and Organizational Trust 
Ikujiro Nonaka and Hirotaka Takeuchi’s knowledge creation framework adds another 
dimension: trust is not only an individual property — it is an organizational one. The tacit 
knowledge embedded in an organization’s AI practices — the informal judgments, 
situational heuristics, and error-pattern recognitions that accumulate through sustained 
practice — is precisely what cannot be transferred through credentials or certifications. 
It lives in the mentor-apprentice relationship and in the qualification card record that 
documents it. When an organization sponsors an AI apprenticeship-based development 
program, it is not just developing an individual practitioner’s trustworthiness. It is 
building the organizational knowledge infrastructure that makes the entire institution’s AI 
practice more trustworthy over time. The lifecycle framing of Miedema et al. (2026) 
reinforces this point: trustworthy AI systems require not just technically skilled 
practitioners but practitioners who understand the governance, accountability, and 
operational dimensions of the systems they are responsible for — knowledge that 
develops through organizational experience, not through examination. 

4.  An Economic Market-Clearing Problem and a Structural Solution 

The trust deficit described in Section 1 is a market structure problem. Four distinct 
market participants — graduates, employers, schools, and certification providers — 
each have a legitimate role in producing trusted AI practitioners for an organization. But 
they each operate under different incentives, and no single participant can resolve the 
information asymmetry alone. The result is a fragmented ecosystem that produces 
credential volume rather than trust production unless coordinated. 

4.1  The 
Four Sides 
of the 
Market 
Participant 

Trust Problem What They Cannot Signal 
Alone 

Graduates Cannot credibly signal Become-
level competency through any 
existing mechanism. Employers 
discount unverified AI certificates 
because they cannot distinguish 
high-quality preparation from 
credential inflation. 

Observed, mentored 
performance in real work 
contexts — the Do and Become 
dimensions. 
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4.1  The 
Four Sides 
of the 
Market 
Participant 

Trust Problem What They Cannot Signal 
Alone 

Employers Cannot verify Become-level 
competency at the point of hiring. 
Governance failures emerge post-
deployment, not at the hiring 
stage. The cost of a trust error in a 
governance-sensitive AI role is 
asymmetric. 

Pre-hire evidence of Become-
level competency. A verified 
record of observed performance 
under qualified supervision. 

Schools & 
Training 
Providers 

Curricula are disconnected from 
employer trust requirements. 
Graduates complete programs 
without knowing whether their 
learning maps to what employers 
need to trust them with. 

Direct evidence that program 
completion predicts trusted 
performance in real employer 
contexts. 

Certification 
Providers 

Credential inflation reduces signal 
value. Even rigorous certifications 
cannot fully distinguish mastery 
from exam performance — and 
cannot assess the Become 
dimension at all. 

Employer validation that 
certified knowledge maps to 
demonstrated, trusted 
performance in production 
contexts. 

 

4.2  The Program as Trust-Clearing Hub — Win-Win-Win-Win 
The AI Innovation With Trust Program functions as a market-clearing mechanism — a 
hub architecture that aligns all four participants’ incentives simultaneously, with the 
qualification card as the information instrument that resolves the trust asymmetry. But 
the table below understates the full value. Each participant gains a resolution to a trust 
problem. Each participant also gains trusted innovation capacity: the organizational and 
individual capability to pursue AI opportunities confidently, with verified practitioners 
whose judgment has been independently attested. 
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Figure 2.  The Win-Win-Win-Win: Simultaneous trust creation across all four market 

participants. 

 

Participant Contribution Trust Value 
Received 

Market Failure 
Resolved 

Graduates Labor, 
performance 
evidence, 
commitment to 
observed work 

Portable, verified 
credential with 
attested Become 
dimension — a 
trust signal no 
examination can 
produce 

Cannot signal real 
competency → 
qualification card 
provides observable, 
attestable evidence of 
trustworthiness 

Employers Work context, 
mentor oversight, 

Practitioners whose 
trustworthiness has 

Cannot verify trust → 
mentor observation 

AI Innovation With Trust Program — Market-Clearing Model

AI Innovation
With Trust Program

Workers
Want: Promising career paths
in AI — with real credentials
and verifiable job-ready skills

✓ Paid work from day one
✓ Verified portfolio + credential
✓ Employer-attested performance

Employers
Want: Higher AI project success

rates — boosting competitiveness
with controlled labor costs

✓ Earn-and-learn pipeline
✓ Observed competency, lower risk
✓ Verified innovation readiness

Schools &
Training Providers

Want: High student placement rates
— demonstrated employer-aligned

outcomes that drive enrollment

✓ Proven career outcomes
✓ Employer alignment built in

Certification Providers
Want: Market distinction — credibly

differentiated among the many
credentialing options available

✓ Mapped to verified competencies
✓ Built-in enrollment pipeline

Participation Value returned

© 2026 Milestone Planning and Research, Inc. · CONFIDENTIAL · PROPRIETARY AND RESTRICTED · ratio-weekly.com
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Participant Contribution Trust Value 
Received 

Market Failure 
Resolved 

OJL, progressive 
wage 

been verified; lower 
governance failure 
risk 

produces verified record 
before full system 
deployment 

Schools RTI delivery, 
Know-dimension 
instruction 

Employer-aligned 
curriculum; 
enrollment tied to 
demonstrated trust 
outcomes 

Curricula disconnected 
from employer trust 
requirements → program 
structure aligns directly to 
occupational trust 
standards 

Cert 
Providers 

Know-dimension 
validation through 
rigorous 
credentialing 

Pipeline of 
practitioners whose 
certification 
knowledge is 
verified in 
production contexts 
— trust reinforced 

Certifications 
disconnected from 
organizational context; 
trust → program creates 
context in which certified 
knowledge is 
demonstrated and 
attested 

 

4.3  The Qualification Card as Trust Instrument 
In Spence's signaling theory (1973), information asymmetry is resolved when a credible 
signal emerges that conveys quality to buyers at lower cost than direct inspection. The 
qualification card is that signal in the AI talent market — specifically because it operates 
at the level of trust, not only competency. This is especially true when the qualification 
card is combined with a credible certification. 

A certification establishes what a practitioner was taught. The qualification card extends 
that signal. It documents: what competency was demonstrated; who observed it (a 
coach/mentor or a qualified journey worker); under what conditions (which project, 
which work product, what stakes); and at what competency level. It is the closest analog 
in the AI talent market to a pilot's logbook or a physician's residency record. It doesn't 
say 'this person knows about AI governance.' It says 'this person was observed 
exercising AI governance judgment in a real work context, by a named qualified 
observer, and the judgment met the standard.' 

MARKET 
STRUCTURE 

CLAIM 

The AI Innovation With Trust Program is not a better training 
program. When combined with a credible certification, it becomes a 
trust-production institution — an information mechanism that 
resolves the market-for-lemons problem in the AI talent market by 
generating the only type of signal that can establish trust: attested, 
observed performance. 
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4.4  Where AI Apprenticeship-Based Practitioner Development Sits in the DOL 
Apprenticeship Landscape 
The Department of Labor has moved with unusual speed on AI and Registered 
Apprenticeship in 2026. In February, it released a national AI Literacy Framework. On 
April 1, it announced a landmark contracting opportunity — a single award with a one-
year base period and four option years — to accelerate integration of AI skills into 
Registered Apprenticeship programs nationwide. During National Apprenticeship Week 
(April 27–May 2, 2026), it launched the AI in Registered Apprenticeship Innovation 
Portal and convened a marquee event titled 'Building the AI-Ready Workforce through 
Registered Apprenticeship,' featuring panels from Google, Lockheed Martin, NPower, 
and BuildWithin. 

The DOL's Innovation Portal is organized around AI literacy (in the author’s opinion)— 
completing routine tasks faster, producing stronger work, using AI tools safely and 
appropriately. That is the right foundation and a critical investment. But AI literacy is not 
AI trust. The DOL is building the base of the pyramid: broad, scalable awareness and 
tool proficiency. This program builds the top: structured, mentored, evidence-based 
development of the governance judgment, validation discipline, and business-value 
accountability that constitute the Become dimension of trusted AI practice. 

The DOL's own framing of the challenge is precise: 'The greatest workforce challenge 
posed by AI will likely not be job loss, but rather the speed of the change itself.' Speed 
of adaptation is a literacy problem. But adaptation under pressure — adapting correctly 
when stakes are high, procedures are incomplete, and organizational pressure is 
pushing toward convergence — is a trust problem. Literacy gets practitioners into the 
room. Trust determines what they do when the AI system does something unexpected. 
Employers who sequence DOL-aligned AI literacy programs and then this program are 
building the full pyramid. 

5.  What the Absence of Trust Actually Costs: Empirical Evidence 

The economic case for the AI Innovation With Trust Program rests first on theory, and 
second on evidence. The theoretical case — Becker’s human capital economics (1964), 
Spence’s signaling theory (1973), Akerlof’s analysis of information asymmetry, 
transaction cost economics, and risk economics (1970)— provides a self-standing 
foundation that does not depend on any particular dataset or simulation. Society’s 
revealed preference is equally compelling: medicine invested in residency, aviation in 
logged flight hours, the trades in apprenticeship, and accounting in supervised practice 
— collectively, trillions of dollars over generations, implicitly concluding that trusted 
practitioners create more value than merely educated ones. 



MILESTONE PLANNING AND RESEARCH, INC.  ·  RATIO AI RISK PRACTICE   |   Trusted Innovation Capital  ·  The Economic 
Case for Competency-Based AI Practitioner Development  ·  June 2026 

                                                                                       Page 31 

A second and underappreciated form of revealed preference strengthens this argument 
further: the existence and scale of the Testing, Inspection, and Certification (TIC) 
industry. Organizations such as SGS, Bureau Veritas, Intertek, TüV SüD, and dozens of 
regional and specialist firms exist for a single economic purpose — to certify that 
products, systems, and processes meet defined standards of safety, reliability, and 
quality before they are trusted in consequential use. The global TIC market was valued 
at approximately $250–260 billion in 2025 across multiple independent analyst 
estimates, growing at roughly 4–6 percent annually (Global Market Insights, 2025; 
MarketsandMarkets, 2025; Grand View Research, 2025). These are not consulting firms 
that advise on improvement. They are trust-production institutions — independent third 
parties whose entire value proposition is converting unverified claims of quality into 
independently attested evidence. Society does not merely tolerate this industry. It pays 
for it at scale, in every sector, across every economy. That expenditure is the market’s 
revealed valuation of the gap between a manufacturer’s assertion of quality and 
independently verified trustworthiness. The gap is real. The value of closing it is 
measurable. And it is large. 

The AI practitioner trust problem is structurally identical, one generation earlier in its 
institutional development. No independent TIC-equivalent yet exists for AI practitioner 
trustworthiness at scale — no organization whose business is to independently observe, 
test, and attest that a named practitioner’s AI governance judgment meets a defined 
standard under real conditions. The apprenticeship qualification card combined with a 
risk-focused certification is the closest current instrument to that function. The economic 
logic is the same: the gap between an employer’s assumption of practitioner quality and 
independently attested evidence of it is real, costly, and currently unpriced. The TIC 
industry’s scale is what that gap looks like once a market has fully recognized it. The 
empirical evidence below is not the primary proof of this claim. It is one illustration of the 
structural relationships the theory predicts. The Beyond Data Cleanup—a simulation 
study (Aaron, June 2026) makes the trust-deficit framing empirically concrete through a 
structured simulation — a controlled research exercise that quantifies what governance 
judgment is worth within a defined context. Important caveat: the dollar figures 
presented in that simulation of a $55 mil business are outputs of a simulation applied to 
a hypothetical organizational dataset. They illustrate structural relationships and are not 
deployment benchmarks. No reader should extrapolate these figures to their own 
organization without independent analysis. The value of the study is the pattern it 
reveals, not the specific numbers. 

5.1  A Controlled Governance Simulation 
The study presents the results of a completed five-architecture AI simulation applied to 
a B2B customer attrition detection problem using behavioral time-series data within a 
research framework for prediction of customer departure. The simulation represents a 
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mid-sized B2B enterprise serving 175 active customers over a three-year observation 
period of 156 consecutive weeks. 

The synthetic organization follows a realistic revenue concentration pattern in which 52 
Tier A customers (30 percent of the portfolio) generate approximately 75 percent of total 
revenue, and 123 Tier B customers (70 percent of the portfolio) generate the remaining 
25 percent. Tier A customers generate between $268k and $1,275k annually (mean 
$799k), while Tier B customers generate between $30k and $202k annually (mean 
$113k). Aggregate annual portfolio revenue at the H0 baseline is $55.45M, with a three-
year baseline total of $166.4M. Actual observable revenue across the three-year study 
period, net of departure erosion, is $134.4M. 

Eighteen of the 175 customers are designated as departing, representing $7.89M in 
annual revenue at risk — 14.2 percent of the total portfolio. The departing cohort spans 
both behavioral segments: 8 CONTINUOUS customers and 10 GAP customers, with 
departure concentrated among higher-revenue Tier A accounts. Under the locked 
economic formula, the Sequential Fusion v2 architecture recovers net economic value 
of $3.3M — equivalent to 42 percent of the annual revenue at risk from the departing 
cohort — while holding false positive intervention costs to $278k.The goal of the 
exercise was to demonstrate how the organization could use pattern recognition to 
predict departing customer’s before they departed-enabling early intervention/corrective 
action before the customers actually departed. The study was particularly interesting 
because it assumed that a minimal amount of data was available to build a traditional 
machine learning model. 

The study vividly demonstrated the connection between governance and economic 
outcomes. The figures represent Net Economic Value (NEV) computed under the 
simulation’s specified assumptions. Surprisingly, the best performing data science 
models did not deliver the best economic performance. It took a governance review 
using and economic perspective to make the necessary adjustments. The locked results 
are as follows: 

Architecture Platform AUC TP 
/ 
FP 

EDP FPP Net 
Economic 
Value 

Trust Event 

Sequential 
Fusion v2 

Python — 16 / 
16 

$3,601k $278k +$3,323k Fusion logic 
error 
(escalation → 
filtration) 
caught by 
human review 
before 
deployment. 
Value of that 
single 
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governance 
judgment: 
~$3.4M. 

LSTM + 
Fourier 
Hybrid 

MATLAB 
+ Python 

0.858 16 / 
18 

$1,567k $280k +$1,288k Highest AUC; 
lowest NEV 
among 
positive 
performers. 
AUC-to-NEV 
inversion: 
metric trust 
misplaced. 

MSM 
Stage123 

Stata 0.526 15 / 
113 

$3,405k $2,748k +$656k High detection 
coverage; 
false positive 
cost 
underweighted 
at deployment. 
113 false 
positives 
reflect level-
detection 
without slope 
confirmation. 

Isolation 
Forest 

Python 0.439 15 / 
135 

$3,866k $3,680k +$186k Aggressive 
early 
detection; 
lowest AUC. 
Positive NEV 
because early 
EDP exceeds 
FPP in this 
cost structure. 

HMM MATLAB 0.572 15 / 
132 

$3,571k $3,690k −$119k Net 
destructive 
under locked 
formula. 
Deployed into 
scoring 
without 
sufficient 
validation of 
FPP 
exposure. 

 

The AUC-trust misalignment. The LSTM+Fourier Hybrid produced the highest AUC 
score (0.858) and the lowest NEV of positive performers — a $2M+ gap for 
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organizations that selected architecture based on the metric AI practitioners are trained 
to trust. This is a Know-level failure: the practitioner knows AUC matters. The Become-
level judgment — that AUC can invert relative to business value, and that the evaluation 
criterion must be specified before model selection begins — requires the kind of trust-
worthy judgment that only sustained supervised practice develops. 

The fusion logic inversion. Sequential Fusion v2 was initially implemented with an 
inverted fusion logic — a structural error that would have systematically misclassified 
high-value at-risk customers. The error was caught by a human reviewer who asked 
whether the logic was filtering or escalating signals. If deployed uncorrected, this 
architecture would have produced negative NEV. The value of that single trust-
warranting judgment: approximately $3.4 million. 

KEY 
FINDING 

Within this simulation, the difference between the best and worst 
performing architectures was $3.442M — not because the models were 
fundamentally different, but because trusted governance judgment 
caught a structural error before deployment. The structural finding is the 
point: governance judgment produced more value than model selection. 
The specific dollar figures are simulation outputs and should not be 
treated as deployment benchmarks. 

 

5.2  The Trust Failure Cost Model 
For an employer, the expected governance failure cost formula provides a conservative 
lower bound on what the absence of trusted AI practitioners costs annually: 

E[Trust Failure Cost] = V × p × d 

Hypothetically, where V = annual business value the AI system is deployed to create or 
protect; p = probability of a material structural error in user decision making due to an 
untrusted deployment; d = fraction of V destroyed if the error reaches production. At 
conservative values (V = $500K, p = 0.25, d = 0.40), expected annual trust failure cost 
is $50,000. The program costs is estimated at $45,000 annually. The program is self-
funding at the conservative floor — and it produces an asset that generates returns 
across multiple years. 

The Trust Failure Cost formula above captures the direct cost of governance failures 
that reach production. To anchor it to the simulation: at V = $7.89M (the annual revenue 
at risk from the departing cohort in the simulation), p = 0.25, and d = 0.40, expected 
annual trust failure cost is $789k — more than sufficient to fund the program multiple 
times over. The $500k illustration is retained as a conservative floor for smaller 
organizations where the at-risk portfolio is more modest; at that level the program 
remains self-funding. Neither figure captures a second and equally real cost category: 
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the opportunity cost of AI deployments that never happen because the organization 
lacks practitioners trusted enough to govern them.  

An organization that foregoes a governance-ready AI deployment generating $500k in 
annual value does not record a loss on any ledger — but the economic cost is identical 
in magnitude to a governance failure of the same value. The full expected cost of an 
insufficient trusted practitioner infrastructure is therefore E[Total Cost] = E[Trust Failure 
Cost] + E[Foregone Innovation Value], where the second term is the probability-
weighted present value of AI opportunities that were identified but not pursued because 
governance confidence was insufficient. Section 2.4's Trusted Innovation Equilibrium 
diagram captures this symmetry visually: the Innovation Deficit Zone to the left of 
equilibrium is the opportunity cost domain. Organizations that focus exclusively on 
minimizing governance failure costs while ignoring foregone innovation value are 
optimizing for only half the problem. 

6.  The Five Trust Domains 

The program produces practitioners across five occupational pathways. Each is defined 
by a specific trust output — a deliverable that can be observed, measured, audited, and 
attributed to a named practitioner whose competency has been attested by a qualified 
mentor. 

 

Occupation Trust Output What Trusted Judgment Requires 

AI Analyst (A) Verified AI-assisted 
analysis with documented 
source traceability 

Falsification reflex: checking outputs 
before acting on them, even when the 
output looks and sounds correct. 

AI Ops & 
Governance 
Specialist (B) 

Governance framework 
with documented controls 
and failure mode 
coverage 

Escalation judgment: recognizing 
when a system is operating outside its 
intended context without being 
prompted. 

AI Quality & 
Validation 
Specialist (C) 

Independent assurance 
report on AI system 
reliability 

Adversarial disposition: actively 
seeking failure modes rather than 
confirming expected performance. 

AI Developer 
(D) 

Reproducible, auditable 
AI system with human 
override architecture 

Governance-from-design discipline: 
treating auditability as a structural 
requirement, not a retrofit. 

AI Business 
Process 
Architect (E) 

Documented business 
case, measured 
outcome, CFO-ready 
value report 

Business-value attribution: closing the 
loop from AI deployment to measured 
economic outcome — the rarest 
trusted capability. 
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The 'What Trusted Judgment Requires' column describes the Become dimension of 
each occupation. These are professional dispositions — observable, developable, and 
assessable by a qualified mentor over time. They cannot be acquired through 
coursework or examination. They are acquired through supervised practice in real work 
contexts, with a qualified practitioner who can observe whether the disposition is 
present and attest to it. 

Occupation E — the AI Business Process Architect — deserves special attention. Most 
AI workforce development programs teach practitioners how to use, build, or govern AI 
systems. The BPA occupation addresses a question that none of them currently 
answer: did the AI investment actually produce measurable business value? Business-
value realization is a signoff competency in this program — not a course topic. The 
practitioner who can close that loop, in a form a CFO can audit, is the most trusted and 
currently scarcest practitioner in the AI talent market. 

6.2  Risk Management Competency Across the Five Occupations 
The Trust ∝ 1/Risk relationship established in Section 1.6 has direct implications for 
competency design. Each occupation carries risk management competencies calibrated 
to its accountability scope. These are not generic risk awareness topics — they are 
assessed through specific Do and Become standards that require the practitioner to 
produce risk management work products under mentor observation. 

Occupation A: AI Analyst — Output Risk Management: KPIs, Dashboards, and AI-
Generated Metrics 
The AI Analyst’s risk management scope is output risk management: assessing the 
reliability and failure modes of AI-generated KPI’s, dashboards, and metrics before 
deployment where they influence a decision. The analyst’s risk responsibility is bounded 
to the analysis artifact. Risk management competencies include: 

● Model output reliability assessment: evaluating confidence intervals, uncertainty 
bounds, and conditions under which the analysis may be unreliable before 
presenting findings. 

● Source and data quality risk: documenting data lineage, identifying gaps or 
biases in input data, and flagging conditions that would invalidate the analysis. 

● Decision impact risk: assessing the consequences of acting on an incorrect 
analysis output, calibrating the level of verification required to the stakes of the 
decision. 
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Occupation B: AI Ops & Governance Specialist — Enterprise AI Risk and Project 
Risk 
Occupation B is the primary risk occupation in the program — the practitioner 
accountable for the organization’s AI risk posture across deployed systems, governance 
programs, and the full AI project lifecycle. Risk management competencies include: 

● Enterprise AI risk register: maintaining a documented, current inventory of AI 
systems, their risk classifications, deployed controls, and residual risk 
assessments aligned to NIST AI RMF and applicable regulatory frameworks 
(OCC, EU AI Act, SEC, sector-specific requirements). 

● Governance lifecycle risk: managing the risk that governance controls become 
stale, that deployed systems drift from their validated performance profiles, or 
that new regulatory requirements create compliance gaps. 

● Failure mode coverage: ensuring governance frameworks document not only 
expected system behaviors but the specific failure modes each control is 
designed to detect — and the failure modes it is not designed to detect. 

● AI project life cycle management and project risk management for governance 
implementation: managing the full lifecycle of AI governance programs — 
scoping, scheduling, dependency management, and stakeholder alignment risk 
for governance deployments, framework rollouts, and audit readiness initiatives. 
This includes monitoring deployed systems for risk signal changes as a 
continuous lifecycle function, not only at initial deployment. 

● Risk communication: translating AI risk assessments into board-level and 
executive-level language that enables informed governance decisions without 
requiring technical AI expertise from the decision-maker. 

 

Occupation C: AI Quality & Validation Specialist — Technical and Statistical Risk 
Quantification 
The Quality and Validation Specialist operationalizes the Trust ∝ 1/Risk relationship at 
the model and system level. Their risk management competencies translate statistical 
and technical findings into governance-actionable evidence: 

● AI testing and validation: designing, executing, and documenting test programs 
that verify AI system behavior against acceptance criteria before deployment. 
This is the primary scope entry for Occupation C — the specialist’s risk work 
begins with designing the test, not only analyzing its output. Failure mode and 
effects analysis (FMEA) for AI systems is the structured discipline within this 
scope: systematically identifying, classifying, and prioritizing failure modes by 
likelihood and impact before production deployment. 
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● Out-of-distribution risk detection: identifying the conditions under which a 
deployed model is receiving inputs outside its training distribution and quantifying 
the associated reliability risk. 

● Model degradation monitoring: establishing statistical process control baselines 
and alert thresholds that detect when model performance is drifting toward 
unacceptable risk levels. 

● Risk quantification for non-technical stakeholders: converting technical risk 
metrics (AUC delta, feature drift scores, confidence interval widening) into 
business-impact terms that governance stakeholders can act on. 

● Assurance report risk narrative: producing written risk assessments that are 
defensible under audit scrutiny — documenting what was tested, what was not 
tested, the confidence level of findings, and the residual risk that remains. 

 

Occupation D: AI Developer — Deployment Risk and Project Risk Management 
The AI Developer works with AI to code, troubleshoot, validate, and deploy new 
systems — and their risk management responsibility spans that full development 
lifecycle. Governance-aware development is not primarily a coding discipline: it is a risk 
management discipline applied at the point of system construction, including when AI 
systems are used to build other AI-enabled or statistical learning systems: 

● Risk-aware system architecture: designing AI systems so that failure modes are 
visible, override paths are explicit, and the cost of a system error is bounded by 
architectural controls rather than discovered in production. 

● Failure mode documentation: producing system-level documentation that 
identifies the conditions under which each component may fail, the expected 
failure behavior, and the human response required. 

● Human override design as risk control: treating human-in-the-loop override 
mechanisms not as UX features but as primary risk controls — designed, tested, 
and documented to the same standard as the AI components they govern. 

● Project risk management for AI development cycles: managing scope risk 
(requirements drift, feature creep), dependency risk (data pipeline failures, model 
API changes, infrastructure instability), integration risk (system interface failures, 
version incompatibilities), and delivery risk (timeline compression that reduces 
testing and validation rigor). This scope explicitly includes development cycles in 
which AI systems are used to code, troubleshoot, or build other statistical 
learning systems — a risk environment with compounding failure modes that 
requires the same governance discipline as primary system construction. 

● Technical debt as latent risk: identifying and documenting technical debt that 
creates future governance risk — undocumented assumptions, untested edge 
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cases, deprecated dependencies — and managing it as a risk item rather than a 
backlog item. 

 

Occupation E: AI Business Process Architect — Investment, Transformation, and 
Strategic Risk Management 
The AI Business Process Architect approaches AI from a business process perspective 
much like a six-sigma practitioner — combining investment analysis, business process 
transformation, and strategic risk management as an integrated discipline. The BPA 
carries the broadest risk accountability in the program, responsible for the governance 
of AI initiatives from approval through measured outcome: whether the AI investment 
produced its projected return net of all risks that materialized. This requires risk 
management competency at the intersection of strategic, financial, and operational AI 
risk: 

● Business case risk analysis: identifying the assumptions embedded in an AI 
business case, quantifying the sensitivity of projected returns to those 
assumptions, and establishing go/no-go thresholds based on risk-adjusted return 
analysis. 

● Transformation project risk management: full project risk management for AI 
business transformation initiatives — scope definition risk, change management 
risk, stakeholder adoption risk, integration risk, and the specific risk that AI 
performance in production diverges from the performance that justified the 
investment. 

● Value realization risk: establishing measurement frameworks that detect early 
whether a transformation is on track to deliver projected value, and managing the 
risk that positive early indicators mask downstream underperformance. 

● Strategic and portfolio risk: assessing AI transformation initiatives in the context 
of the organization’s broader technology and operational risk portfolio — 
concentration risk, dependency risk, and the compounding risk of simultaneous 
AI deployments that interact. 

● CFO-level risk reporting: producing risk disclosures that are sufficient for 
executive and board decision-making — quantified, attributed, and connected to 
the financial projections the AI investment was approved against. 

RISK MANAGEMENT SUMMARY  Each occupation produces a specific trust output 
(Section 6.1). Each also carries a specific risk management scope that activates the 
Trust ∝ 1/Risk compounding effect. The qualification card attests both: that the trust 
output was produced, and that the risk management judgment required to produce it 
safely was exercised and observed. This is the double win. 
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7.  The Program as a Value Proposition 

The economic foundation of this program rests on theory and on society’s revealed 
preference — both of which are examined in the preceding sections. Detailed cost 
modeling and ROI calculations are organization-specific: every sponsor has its own 
wage structure, mentor costs, and deployment risk profile. Appendix 2 provides rough 
order-of-magnitude calculations that illustrate how the investment case can be 
structured. These figures should be treated as a calibration starting point, not a forecast. 
The ballpark conclusion — that the value of producing trusted AI practitioners is likely to 
exceed its cost at any reasonable set of assumptions — is the finding. Organizations 
should build their own model using the framework in Appendix 2 as a guide. Milestone 
Planning and Research can assist with a customized investment analysis for sponsors 
evaluating program entry. 

7.1  The Strategic Asset Beyond the Investment Case 
The rough order-of-magnitude investment framework in Appendix 2 justifies a budget 
decision. It understates the strategic asset. The emerging regulatory environment — EU 
AI Act, SEC model risk guidance, OCC model risk management expectations, state-
level AI accountability legislation — is converging on a common requirement: 
demonstrate that AI practitioners are trustworthy to govern the systems they are 
responsible for. A certification tells an auditor that a practitioner passed an examination 
and possesses knowledge. A qualification card tells an auditor what was observed, by 
whom, in what work context, at what competency level, including the Become 
dimension that no examination can assess. 

And the market structure argument from Section 4 compounds the strategic value. As 
the qualification card becomes a recognized trust signal in the AI talent market, 
employers who have established apprenticeship-based programs will have a structural 
advantage in attracting and retaining high-quality AI practitioners — not because they 
pay more, but because they offer a structured, observed, credentialed pathway from 
novice to journey worker that produces a portable evidence record of trusted 
competency. 

7.2  The Mentor/Coach as Trust and Innovation Architect 
The mentor/coach requirement — the feature most often framed as a cost burden — is, 
in the trust framework, the single most valuable governance mechanism in the program. 
The mentor/coach is the named qualified observer who attests that trusted judgment 
was actually exercised. Without the mentor/coach, the qualification card is self-reported. 
With the mentor/coach, the card is attested — and the attestation is what resolves the 
information asymmetry for every employer who subsequently relies on that practitioner's 
judgment. 
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The Janis-Mann literature establishes that vigilance degradation under organizational 
pressure is predictable in practitioners who have not developed the Become dimension. 
The mentor/coach relationship creates a structural mechanism that interrupts this 
pattern — not by adding more procedures, but by developing the professional judgment 
that generates vigilance from within, and by attesting that it has developed. The mentor 
is not overhead. The mentor is the trust architecture. 

In certain situations and depending on the kind of project, the mentor/coach role will 
require augmenting by a data science or functional journey worker with expertise in 
statistical learning systems. 

8.  Conclusions and Recommendations 

The AI workforce problem is, at its foundation, a trusted innovation capability problem. 
Organizations have abundant access to AI tools. What they lack is practitioners who 
can be trusted to use those tools to create real value — to identify the right 
opportunities, validate outcomes honestly, govern risks appropriately, and be held 
accountable for whether the AI investment delivered what it promised. Society has not 
yet built the institutional mechanisms for producing that kind of practitioner at scale.  

The credential market has produced volume without trust. The AI Innovation With Trust 
Program is the institutional architecture that closes that gap — modeled on the same 
trust-production mechanisms that work in medicine, aviation, the skilled trades, and 
audit: supervised, observed, attested performance in real work contexts, documented in 
a portable evidence record. The three-layer result: trusted practitioners enable 
responsible AI innovation (Layer 1); responsible innovation creates organizational trust 
(Layer 2); organizations that innovate responsibly and repeatedly achieve sustainable 
competitive advantage (Layer 3). Trust is not the destination. It is the vehicle. Innovation 
— and the competitive advantage it produces — is the destination. Common Trunk 
competency T-2.8 is how that orientation is formally developed, assessed, and attested 
across every practitioner the program produces. 

A structural observation from the Cobb-Douglas framework in Section 2 reinforces this 
conclusion. As AI capability A increases, the marginal product of trusted practitioners 
rises proportionally — because α > β, the output elasticity advantage of trusted labor 
compounds with every increment of AI deployment. The implication is that trusted 
practitioners are increasingly valuable today. It is that their value grows as the 
organization’s AI capability grows. Trusted Innovation Capital is not a static credential. It 
is a compounding organizational asset. The more AI the organization deploys, the more 
valuable the practitioners who can be trusted to govern it become. This is the 
mechanism that makes the investment case favorable not just at current AI deployment 
levels but increasingly so as AI permeates the organization. 
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There is a further distinction worth making explicit for the practitioner audience, because 
it bears directly on how organizations should think about AI investment strategy. 
Technologies can be purchased. Software can be licensed. Consultants can be 
engaged. Data can be acquired. All of these inputs are available to any organization 
with sufficient budget — which means none of them confers lasting competitive 
advantage on its own. Trusted Innovation Capital is different in kind, not just degree. It 
develops gradually through supervised practice, mentor-apprentice thinking 
partnerships, observed judgment under real-stakes conditions, and the institutional 
memory that accumulates as qualified practitioners advance through the program and 
eventually become mentors themselves. It cannot be purchased. It can only be built. 
And because it is embedded in people, processes, and relationships rather than in 
software licenses or data contracts, it is far more difficult for competitors to replicate. 
The qualification card is the evidence that the building occurred — the portable, 
independently attested record that a practitioner’s trusted innovation capability was 
produced, not assumed. 

Three recommendations for organizations evaluating this investment: 

• Frame the investment as trusted innovation capability, not workforce 
development. The question is not ‘how do we train AI workers?’ It is ‘how do we 
build the organizational capacity to innovate responsibly with AI and realize 
durable competitive advantage?’ Trust is the enabling condition. Innovation and 
competitive advantage are the returns. T-2.8 is the competency that makes that 
orientation assessable rather than aspirational. 

• Select the occupation that matches your most acute innovation gap. If the gap is 
governance and accountability for deployed AI systems: Occupation B. If the gap 
is closing the loop between AI investment and measured business value: 
Occupation E. If the gap is validating that AI outputs are reliable before they 
influence decisions: Occupation C. The Common Trunk — including T-2.8 — is 
shared: a practitioner who starts in one pathway develops the innovation 
judgment competency regardless of occupation and can extend to other 
pathways as the organization’s trusted innovation requirements evolve. 

• Invest in mentor/coach quality as seriously as apprentice selection. The 
mentor/coach is the trusted innovation architect — the qualified observer who 
attests that innovative judgment was exercised correctly, that governance risks 
were considered, and that the T-2.8 thinking partnership produced a genuine 
organizational contribution. A technically qualified mentor/coach who actively 
engages with work products, challenges the practitioner’s reasoning, and can 
describe the joint innovation session in specific terms — that mentor/coach is the 
primary asset of the program. The qualification card is only as trustworthy as the 
person who attests it. 



MILESTONE PLANNING AND RESEARCH, INC.  ·  RATIO AI RISK PRACTICE   |   Trusted Innovation Capital  ·  The Economic 
Case for Competency-Based AI Practitioner Development  ·  June 2026 

                                                                                       Page 43 

The constraint in AI value creation has shifted. As the cost of generating ideas, 
analyses, and solutions falls, the value of determining which ideas deserve trust rises. 
As AI opportunities become more abundant, the ability to evaluate and govern those 
opportunities becomes more scarce. As AI deployment accelerates, the capacity to 
innovate responsibly becomes the differentiator — not access to the technology itself. 
The organizations that will lead are not those that have the most AI. They are those that 
have the greatest organizational capacity to transform AI into trustworthy innovation, 
repeatedly and at scale. That capacity is what this paper has called Trusted Innovation 
Capital. It is created through learning. It is strengthened through supervised practice. It 
is validated through the qualification card. And it compounds — in individuals, in mentor 
relationships, in organizational culture — in ways that no software license, vendor 
contract, or credential program can replicate. 

Milestone Planning and Research can assist with a customized investment analysis for 
sponsors evaluating program entry, and provides implementation support, risk 
management training, and practitioner coaching grounded in data science and project 
management practice. 
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Appendix 1 

A1.  An AI Innovation With Trust Program: A Reader's Primer 

This paper draws on the structure, competency architecture, and occupational design of 
the AI Innovation With Trust Program throughout. Readers unfamiliar with the program 
will encounter terms — Know→Do→Become, the qualification card, OJL, RTI, the five 
occupational pathways, the Common Trunk — before the economic arguments that 
depend on them are fully developed. This section provides the structural orientation 

https://doi.org/10.1016/j.compind.2025.104409
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needed to follow those arguments. It is a primer, not a prospectus: enough to 
understand what the program is and how it works, so that the economic case in later 
sections is grounded in something concrete. 

A1.1  What the Program Is 
The AI Innovation With Trust Program develops AI practitioners across five occupational 
pathways through a structured combination of on-the-job learning (OJL), related 
technical instruction (RTI), and competency-based progression. It is structured to 29 
CFR Part 29 — the federal standard that governs competency-based, mentor-attested, 
OJL-grounded practitioner development. It is administered by Milestone Planning and 
Research, Inc. Organizations may choose to register the program with DOL; registration 
is optional and does not change the standard or the qualification card. 

Registered apprenticeship is a specific legal designation. It is not a training program 
with the word "apprenticeship" in the title. A DOL-registered program meets federal 
standards for occupational definition, competency standards, progressive wage 
schedules, OJL hour requirements, and related instruction delivery. Registration creates 
a portable, nationally recognized credential that the practitioner carries for life, 
independent of the sponsoring employer. 

KEY DISTINCTION  A credential certifies what a practitioner was taught. An 
apprenticeship-based qualification card attests what a practitioner demonstrated — in 
real work, under qualified observation, against a defined standard. These are not the 
same thing. 

 

A1.2  The Know→Do→Become Competency Architecture 
Every competency in the program is assessed across three dimensions. This 
architecture is not a pedagogical preference — it is the structural mechanism that 
produces the trust output the program is designed to deliver. 

 

Dimension What It Assesses How It Is Assessed What It Cannot Be 
Replaced By 

KNOW Conceptual 
understanding: 
definitions, 
frameworks, failure 
patterns, regulatory 
standards, and the 
principles that 
govern AI system 
behavior. 

Written explanation, 
quiz, oral 
questioning, or 
module reflection. 
Certifications 
(including ISACA 
AAIA and AAIR) can 
assess this 
dimension. 

The Do or Become 
dimensions. Knowing that 
something matters is not 
the same as doing it 
correctly under real 
stakes. 

DO Observable 
performance: 

Real work product or 
quality-gate artifact 

Certification examination, 
which assesses 
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producing a real 
work artifact — an 
analysis, a 
governance 
document, a 
validated system, a 
business case — 
reviewed by a 
qualified practitioner. 

reviewed by a 
mentor. The output 
must be traceable to 
a specific work 
context, not a 
classroom 
simulation. 

knowledge of what to do 
rather than observed 
performance doing it. 

BECOME Professional 
judgment: the 
behavioral 
disposition, 
situational 
discernment, and 
values-in-action that 
a practitioner 
exercises without 
prompting under 
real-stakes 
conditions. 

Mentor attestation 
based on direct, 
sustained 
observation over 
time. Must describe 
a specific incident. 
Cannot be signed off 
from documentation 
alone. 

Any examination or 
course completion. This 
dimension can only be 
assessed by a qualified 
human observer who has 
seen the practitioner 
work. 

 
The three dimensions are cumulative. A practitioner who completes the Know 
dimension without the Do and Become dimensions has a credential, not a trust record. 
The qualification card documents attainment across all three for every competency at 
every level — and that complete record is what makes it a trust instrument rather than a 
training log. 

 

A1.3  The Five Occupational Pathways 
The program produces practitioners across five occupational pathways. Each is defined 
by a specific accountability output — a deliverable that can be observed, measured, 
audited, and attributed to a named practitioner. The five pathways address the complete 
lifecycle of organizational AI: from analysis to governance to validation to development 
to business transformation. 

 

Occ. Title Primary Accountability 
Output 

Risk Management Scope 

A AI Analyst Verified AI-assisted analysis 
with documented source 
traceability and reliability 
assessment. 

Output and decision risk: 
reliability, data quality, and 
decision-impact calibration. 
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B AI Operations & 
Governance 
Specialist 

Governance framework with 
documented controls, failure 
mode coverage, and audit-
ready evidence. 

Enterprise AI risk register, 
governance lifecycle risk, 
project risk management for 
governance programs. The 
primary risk occupation. 

C AI Quality & 
Validation 
Specialist 

Independent assurance 
report on AI system 
reliability, including failure 
mode analysis and statistical 
risk quantification. 

Technical and statistical risk 
quantification: FMEA, out-of-
distribution detection, model 
degradation monitoring. 

D AI Developer Reproducible, auditable AI 
system with human override 
architecture and deployment 
risk documentation. 

Deployment and system 
failure risk; project risk 
management for AI 
development cycles. 

E AI Business 
Process 
Architect 

Documented AI business 
case, measured 
transformation outcome, and 
CFO-ready value realization 
report. 

Investment risk, 
transformation project risk, 
value realization risk, and 
board-level risk reporting. 
The broadest risk scope in 
the program. 

 
Occupations A through D are the four core technical pathways. Occupation E — the AI 
Business Process Architect — is the program's most distinctive addition. It is the 
practitioner who closes the loop between AI deployment and measured business value: 
identifying which processes are worth transforming, building the financial case, 
designing the measurement architecture, and reporting whether the investment 
produced the projected return. Business-value realization is a signoff competency in 
Occupation E — not a course topic. 

 

A1.4  The Common Trunk 
Before entering an occupational pathway, every apprentice completes the Common 
Trunk — a set of nine competencies that apply across all five occupations. The Trunk 
establishes the shared foundation: AI system literacy, business value creation, signal 
quality and data, human authority and accountability, falsification and vigilance, 
problem-finding mindset, AI security awareness, AI-enabled innovation judgment, and 
AI-assisted decision quality. Together these nine competencies constitute the minimum 
trusted practitioner foundation — the epistemic habits, governance dispositions, and 
innovation orientation that every AI practitioner must carry regardless of occupational 
pathway. The Common Trunk is assessed through the same Know→Do→Become 
architecture as the occupational competencies. Completion of all nine trunk 
competencies is a prerequisite for entry into any pathway. 
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Because the Trunk is shared, a practitioner who begins in one occupational pathway 
can extend to another without repeating foundational work. This modularity is deliberate: 
as an organization’s AI governance requirements evolve, so can the competency profile 
of its registered practitioners. 

T-2.7  AI Security: A Core Trunk Competency 
AI security is embedded in the Common Trunk as competency T-2.7 because the attack 
surface introduced by AI systems is not occupationally bounded — it applies to every 
practitioner who builds, deploys, governs, or relies on AI outputs, regardless of their 
pathway. The Know dimension covers the threat landscape: prompt injection, 
adversarial inputs, data poisoning, model inversion, training data extraction, and the 
exploitation of AI system integrations. The Do dimension requires practitioners to 
identify and document AI-specific security exposures in their own work products and to 
apply security considerations as a standard practice, not an afterthought. The Become 
dimension — assessed by mentor attestation — is a security-aware posture: the habit of 
asking, before deployment and during operation, how this system could be manipulated, 
and what the consequences of successful manipulation would be. 

AI security competency at the Trunk level is foundational, not specialized. It is not the 
equivalent of a security engineering credential — it is the minimum security awareness 
that every trusted AI practitioner must carry. Deeper specialization is addressed 
separately (see footnote below). 

 

T-2.8  AI-Enabled Innovation Judgment: A Core Trunk Competency 
AI-enabled innovation judgment is embedded in the Common Trunk as competency T-
2.8 because the capacity to identify genuine AI transformation opportunities — and to 
develop them through structured mentor-apprentice thinking partnerships — is not 
occupationally bounded. Every practitioner, regardless of pathway, needs to approach 
AI work with both a governance orientation and an innovation orientation. Governance 
without innovation produces compliance theater; innovation without governance 
produces ungovernable deployments. T-2.8 is the competency that holds both 
orientations simultaneously and makes that balance assessable rather than 
aspirational. 

The Do standard for T-2.8 requires participation in at least one mentor-structured 
thinking partnership session directed at a novel AI application not yet established in the 
organization, producing an innovation artifact traceable to a real organizational context. 
The Become standard requires the mentor to describe the joint reasoning — what was 
explored, what the practitioner contributed, and what governance considerations were 
raised without prompting — making the thinking partnership itself an assessable event 
rather than an aspirational program feature. T-2.8 is discussed extensively in Section 
1.7.4 of this paper. 
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T-2.9  AI-Assisted Decision Quality: A Core Trunk Competency 
AI-assisted decision quality is embedded in the Common Trunk as competency T-2.9 
because the gap between AI output accuracy and AI-assisted decision quality is not 
occupationally bounded. A technically correct AI output can degrade decision quality 
when it is misaligned with the decision context, when domain knowledge is absent, or 
when decision-makers defer to AI confidence rather than exercising independent 
judgment. Every practitioner — regardless of whether they build, govern, validate, 
analyze, or transform with AI — will encounter this gap in their own work. T-2.9 makes 
catching it a practitioner responsibility rather than an organizational afterthought. 

The behavioral science foundation for T-2.9 is developed in Section 3.2 of this paper, 
which describes the domain knowledge gap and the Confidence Transfer failure mode 
as structural properties of AI-assisted decision-making that require the Become 
dimension of professional judgment to address. Recent lifecycle research on trustworthy 
AI systems establishes that trustworthiness is an emergent property of the complete 
socio-technical system — not a property of the model alone — and that practitioners 
who can identify the gap between what an AI system was designed to optimize and 
what the decision actually requires are the practitioners who prevent the failure mode 
where a technically performing system contributes to worse decisions (Miedema, 
Waschull, and Emmanouilidis, 2026). T-2.9 operationalizes that judgment as a formally 
assessed, mentor-attested competency. 

 

A1.5  On-the-Job Learning, Related Technical Instruction, and the Progressive 
Wage 
Every apprenticeship rests on three structural pillars. Understanding them is essential to 
understanding the employer investment analysis in Section 7. 

On-the-Job Learning (OJL). The supervised, workplace-based learning that 
constitutes the core of every apprenticeship. OJL is where the Do and Become 
dimensions are developed and assessed. The employer provides the work context, the 
projects, and the qualified mentor. Federal regulations under 29 CFR Part 29 require 
that OJL hours be documented and that competency standards govern advancement 
rather than time alone. 

Related Technical Instruction (RTI). The organized classroom, online, or blended 
instruction that supports the Know dimension. Federal regulations recommend a 
minimum of 144 RTI hours per year of active apprenticeship. RTI is typically delivered 
by a college, university, training provider, or employer-operated program. Many 
employers can offset RTI costs against existing tuition reimbursement programs or 
access DOL apprenticeship grants. 
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Progressive Wage. In most apprenticeship systems apprentices are paid employees 
from day one. The wage increases at defined intervals as competency is demonstrated 
— not as time passes. This structure aligns the employer's wage expenditure with 
demonstrated practitioner trustworthiness: the employer pays more as the qualification 
card record grows. At journey worker completion, the practitioner earns the full 
occupation rate. 

A1.6  The Qualification Card 
The qualification card is the primary output of the program and the primary subject of 
this paper's economic argument. It is a continuously updated record of observed 
competency that documents, for every assessed standard: 

● What competency was demonstrated, in which dimension (Know, Do, or 
Become), and at what level (L1 through Journey worker). 

● Who observed it — a named, qualified journey worker or mentor in a real work 
context, not an examination proctor. 

● Under what conditions — which project, which deliverable, what the stakes were, 
and whether the judgment was exercised with or without prompting. 

● The signoff chain — which level of authorization signed off, consistent with the 
program's escalating authority requirements. 

 

The qualification card is not a diploma. It is not a badge. It is not a course completion 
record. It is the AI talent market's closest analog to a pilot's logbook or a physician's 
residency record — a document that tells a subsequent employer not what a practitioner 
was taught, but what that practitioner was observed doing, by a named qualified 
observer, under real-stakes conditions, and found to meet the standard. 

This distinction is the foundation of the economic argument this paper develops. The 
qualification card is the trust instrument. Every section that follows is an analysis of what 
that instrument is worth — to employers, to practitioners, to the market, and to society. 

Appendix 2.  Rough Order-of-Magnitude Cost and ROI Calculations 

This appendix provides per-apprentice cost estimates and a structured return-on-
investment illustration. The figures use explicit assumptions rather than vague ranges 
wherever possible, so organizations can stress-test them directly. Every sponsor has its 
own wage structure, labor market, AI deployment profile, mentor costs, and governance 
risk exposure; the assumptions stated below are a calibrated starting point, not a 
forecast. Milestone Planning and Research can assist organizations in constructing a 
customized model using this framework. The ballpark conclusion — that at any 
plausible parameterization, the value of producing trusted AI practitioners exceeds the 
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cost for an organization with meaningful AI deployment — is the finding this appendix is 
designed to support. 

Appendix 2.1  Rough Order-of-Magnitude Program Cost Structure 
 

Cost Component Typical Range Notes 

Apprentice wage $35,000 – 
$65,000/yr 

Assumption basis: entry-level AI Analyst 
or Governance Specialist L1 wage, US 
metropolitan labor markets, 2026. 
Lower bound applies to smaller markets 
and Occupations A and B. Upper bound 
applies to Developer and Business 
Process Architect pathways in major 
metros. Progressive wage structure: L1 
at lower bound, advancing 
approximately 8–12% per competency 
level attained, reaching journeyworker 
rate (typically $70,000–$95,000) upon 
qualification card completion. Sponsors 
should peg starting wage to local 
prevailing wage data for the relevant 
occupation code. 

Mentor/Coach time $8,000 – 
$18,000/yr eq. 

Assumption basis: 3–5 hours per week 
of mentor time, imputed at $50–$80/hr 
blended cost (senior practitioner or 
analytics lead). At 4 hrs/week x 50 
weeks x $60/hr = $12,000/yr per 
apprentice. This is an opportunity cost, 
not a cash expenditure; it is real 
economic cost nonetheless and should 
be included in the sponsor’s model. 
Note: mentor time generates trust 
attestation value that is not captured in 
this cost line — the mentor is the 
primary trust-production asset of the 
program, not purely overhead. 

Related Technical 
Instruction (RTI) 
(college / training 
provider) 

$2,000 – 
$6,000/yr 

Assumption basis: 144 RTI hours/year 
minimum per 29 CFR Part 29 
recommendation, delivered via 
accredited college partner, online 
provider, or employer-operated 
program. At $15–$40/hr equivalent 
(tuition + fees), annualized cost per 
apprentice is $2,160–$5,760. Many 
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Cost Component Typical Range Notes 

sponsors can offset RTI costs against 
existing tuition reimbursement budgets 
or applicable DOL apprenticeship 
grants, reducing net cash outlay to near 
zero. 

Program 
administration 

$1,500 – 
$3,500/yr 

Assumption basis: estimated 15–25 
hours/year of administrative effort per 
apprentice (qualification card 
maintenance, competency level 
documentation, DOL reporting if 
registered, and sponsor coordination), 
imputed at $60–$90/hr blended 
administrative cost. Scales with cohort 
size — sponsors running 5+ 
apprentices simultaneously achieve 
meaningful per-apprentice savings 
through shared administration 
infrastructure. 

Total (gross 
estimate) 

$46,500 – 
$92,500/yr 

Per-apprentice annual cost. Lower 
bound: Occupation A (AI Analyst) or B 
(Governance Specialist) in mid-sized 
market. Upper bound: Occupation D 
(Developer) or E (BPA) in major metro. 
Mid-range estimate for planning 
purposes: $65,000–$75,000/yr per 
apprentice, inclusive of all components. 
Total program investment over a typical 
2–3 year qualification pathway: 
$130,000–$225,000 per practitioner, 
producing a journey worker with a fully 
attested qualification card. Compare to 
the cost of hiring a credentialed AI 
specialist with unverified performance 
history (Appendix 2.2). 

 

Appendix 2.2  AI Worker Training Options 
 

Development 
Approach 

Annual Cost Know Do Become Trust Signal 

Short-format AI 
certificate programs 

$15,000–
$45,000 

✓ ✗ ✗ None 
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Development 
Approach 

Annual Cost Know Do Become Trust Signal 

Certification prep $5,000–
$15,000 

✓ Partial ✗ Partial (exam-
based) 

External AI 
consultant 

$80,000–
$250,000+ 

— — — External — 
not 
organizational 

Vendor AI training + 
platform 

$20,000–
$60,000 

✓ ✗ ✗ None 

Hiring credentialed 
AI specialist 

$95,000–
$175,000+ 

✓ ? ? Unverified 
pre-hire 

AI Innovation With 
Trust Program (this) 

$46,500–
$92,500 

✓ ✓ ✓ Qualification 
card — 
attested 

 
Only the apprenticeship, with its OJL requirement, qualification card structure, worker 
certification, and mentor attestation process, delivers a verified trust signal across all 
three dimensions. Every alternative approach produces at most a knowledge credential. 
None produces an observable, attested record of trusted performance in real work 
contexts. 

 
 

Appendix 2.3  Rough Order-of-Magnitude ROI Illustration 
The ROI illustration below uses explicit assumptions stated for each parameter. 
Organizations should substitute their own values using the same structure. Three 
assumptions require particular attention. First, the “annual AI deployment value at risk” 
parameter: this is the total business value of AI-assisted decisions and automated 
processes operating in production during the year, not the organization’s total AI 
budget. For an organization with $10M in annual revenue influenced by AI-assisted 
decisions, $1.5M at risk (15% exposure) is conservative. Second, the “probability of 
trust-level governance error”: this is the estimated probability that, in any given year, at 
least one material governance failure occurs in the absence of a trusted practitioner 
actively managing the relevant AI deployment. The 30% realistic-scenario figure is 
informed by — not derived from — the Beyond Data Cleanup simulation, in which five of 
twenty-one documented governance events would have produced material failures 
without active practitioner intervention. Organizations should assess their own 
governance exposure directly. Third, the “productivity premium”: the differential value 
created by a trusted practitioner (qualification card holder) relative to a credentialed-but-
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unverified practitioner performing the same role, estimated from the avoided cost of 
rework, governance review cycles, and AI output verification tasks that trusted 
practitioners complete correctly the first time. 

 

Parameter Conservative Realistic 

Annual AI deployment value at risk $300,000 $1,500,000 

Probability of trust-level governance 
error 

15% 30% 

Value destroyed if error reaches 
production 

30% 50% 

Expected trust failure cost (avoided) $13,500 $225,000 

Productivity premium (trusted vs. 
credentialed-only) 

$18,000/yr $55,000/yr 

Gross program cost $65,000 $75,000 

Available public funding offset $8,000 $12,000 

Net employer investment $57,000 $63,000 

First-year value created $31,500 $280,000 

First-year ROI 55% 444% 

Payback period ~22 months ~3 months 
 
Assumption notes for the ROI table. Conservative scenario: assumes a relatively 
modest AI deployment footprint ($300K at risk), low governance error probability (15%), 
and a contained failure impact (30% value destruction). This represents an organization 
early in AI adoption with limited production deployment. Realistic scenario: assumes a 
meaningful AI deployment footprint ($1.5M at risk), moderate governance error 
probability (30%), and a substantial failure impact (50% value destruction). This 
represents an organization with AI integrated into core operational or analytical 
processes. The 30% error probability in the realistic scenario is calibrated against — not 
derived from — the Beyond Data Cleanup simulation (Aaron, 2026a), in which five of 
twenty-one documented governance decision points would have produced material 
failures without active trusted practitioner intervention. Organizations should assess 
their own governance exposure rather than applying simulation rates directly. The 
productivity premium ($18,000–$55,000/yr) is estimated as the differential value 
between a trusted practitioner and a credentialed-but-unverified practitioner in the same 
role: reduced rework cycles, fewer AI output validation failures reaching production, 
faster governance review throughput, and avoided remediation costs. The public 
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funding offset ($8,000–$12,000) reflects available DOL apprenticeship incentive grants 
and applicable state workforce development programs if the sponsoring organization 
chose registered apprenticeship; actual availability varies by state and program timing. 
Payback period calculation: Net employer investment / First-year value created. The 3-
month payback in the realistic scenario assumes the governance error avoidance value 
is realized in year one; sponsors in early deployment phases should use the 
conservative 22-month figure as their planning baseline. 

NOTE 

These projections are illustrative are rough order of magnitude and based 
upon assumptions stated. Actual ROI varies with deployment scale, 
occupation, local wage markets, and public funding availability (if 
applicable). 

Appendix 3.  Formal Derivation: Production Function, Risk Constraint, and 
Marginal Product of Trusted AI Labor 

This appendix provides the formal mathematical structure underlying the economic 
argument in Section 2. The notation and derivation are self-contained. Readers who 
engage with the argument in Section 2 at the intuitive level do not need this appendix; it 
is provided for readers who wish to verify the structural claims or adapt the framework to 
their own organizational parameters. 

A3.1  The Augmented Cobb-Douglas Production Function 
We adopt a Cobb-Douglas specification. Organizational output Q is a function of four 
inputs: 

Q = Z · LTα · LSβ · Kγ · Dδ · Aφ     (1) 
Where: 

Z = total factor productivity (baseline organizational capability) 
LT = trusted AI practitioners (qualification card holders); exponent α > 0 
LS = standard (unverified) AI practitioners; exponent β > 0, α > β (trusted labor is 
more productive per unit) 
K = capital (AI infrastructure, compute, software); exponent γ 
D = proprietary data assets; exponent δ 
A = AI capability (model quality, deployment scope, integration depth); exponent 
φ 

The key structural assumption is α > β: trusted and standard practitioners are imperfect 
substitutes, and trusted practitioners carry a higher output elasticity. This captures the 
governance premium — the additional output that flows from practitioners whose 
judgment has been independently verified. The marginal product of LT is ∂Q/∂LT = 
αQ/LT. Increasing AI capability A raises Q, thereby raising the marginal product of LT 
proportionally. Trusted practitioners and AI capability are therefore complements: as AI 
deployment scales, the return to trusted practitioners rises. 
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A3.2  The Risk Constraint and Lagrangian 
Define realized governance risk R(A, LT) where ∂R/∂A > 0 (more AI deployment 
increases governance risk) and ∂R/∂LT < 0 (more trusted practitioners reduce 
governance risk). The organization is subject to risk tolerance constraint R(A, LT) ≤ R*. 

The constrained optimization problem and its Lagrangian are: 
max  Q = Z · LTα · LSβ · Kγ · Dδ · Aφ     subject to:  R(A, LT) ≤ R*     (2) 
ℒ = Q − λ [R(A, LT) − R*]     (3) 

The first-order condition for LT is: 
∂Q/∂LT = λ (−∂R/∂LT)     i.e.:  αQ/LT = λ |∂R/∂LT|     (4) 

Equation (4) states that in optimum, the marginal product of trusted labor equals the 
shadow price of risk (λ) multiplied by the marginal risk reduction those practitioners 
deliver. When the risk constraint binds — i.e., when the organization is close to its 
governance tolerance boundary — λ is large, and the marginal value of adding one 
more trusted practitioner is correspondingly high. 

A3.3  Marginal Revenue Product Differential and Wage Premium 
Let MRPT and MRPS denote the marginal revenue products of trusted and standard 
practitioners respectively, at output price p. The MRP differential including expected 
governance failure costs is: 

MRPT − MRPS = p · (α − β) · Q/L + p · [E(G | LS) − E(G | LT)]     (5) 

where E(G | LS) and E(G | LT) are expected governance failure costs under standard 
and trusted oversight respectively. Since E(G | LT) ≪ E(G | LS), the second term in 
equation (5) is positive and grows with AI deployment scale. In competitive equilibrium, 
the sustainable wage premium for trusted practitioners equals this MRP differential — 
and that premium is made observable and claimable only when the qualification card 
resolves the information asymmetry that otherwise compresses wages toward the 
standard rate. 

A3.4  The Program Investment Decision 
Let CA be the fully-loaded annual sponsorship cost. The NPV of the program investment 
over practitioner tenure T at discount rate r is: 

NPV = ∑t=1T  [(MRPT,t − MRPS,t) / (1 + r)t]  −  CA     (6) 
Since MRPT,t − MRPS,t > 0 by equation (5) and grows with AI deployment scale, while 
CA is bounded, NPV > 0 is satisfied at any plausible parameterization for an 
organization with meaningful AI deployment. This confirms the investment decision as a 
structural consequence of the Cobb-Douglas complementarity — not a special case. 
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The rough order-of-magnitude tables in Appendix 2 calibrate equation (6) with 
illustrative parameter values. 
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