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Abstract 

This paper asks what Human-AI Collaboration should be and who answers for what it produces. It 

defines the collaboration as human direction, AI execution, and a named human who decides at a 

checkpoint and answers for the result. It traces the idea of human oversight and accountability from 

the cybernetics literature of 1948, and the formal requirements that followed in engineering, audit, 

law, and policy, to Article 14 of the EU AI Act. It then separates Responsible AI, where the checking 

is done by machines or by a human who only watches, from AI Governance, where a named human 

holds binding authority. Current practice falls short of that line, from workplace surveys that report 

agents acting without real-time human involvement to research that tests AI as a tool without 

recording the method of use. The author's practice is offered as one answer, not the only one. It 

begins with a 2012 method of pairing every fact with a tactic and a measurable outcome, which the 

author calls Factics, carried into AI work, and adds Checkpoint-Based Governance (CBG), which 

differs from human-in-the-loop review by requiring binding authority, a decision record, and a 

measured check on rubber-stamping. The paper proposes studies the author's searches have not 

found in the literature. It argues that the future of work is an operating model that leads with 

growth beyond efficiency, which the author calls the Growth OS, practiced as Augmented 

Intelligence, where people use AI under CBG as an amplifier, not a replacement. It closes by 

presenting governance as both a safety net and a cognitive tool. CBG has not been independently 

validated, and the author discloses his conflict as the developer of the frameworks described. 
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Introduction 

What should Human-AI Collaboration be, and who answers for what it produces? The question 

sounds new, and the thinking behind it is not. The concern was named in the cybernetics literature 

of 1948, and formal requirements for human authority over consequential automated systems 

followed, from the two-man rule for nuclear weapons operations in 1962 to Article 14 of the EU AI 

Act in 2024. What is new is how little of today's AI research and deployment records the method of 

use or the person who answers for it. "The studies tested AI as a tool," the author's audit of the 

cognition research concluded. "The methods of use were the missing variable" (Puglisi, 2026i). 

This paper moves in nine steps, beginning in Part 1 with what Human-AI Collaboration should be. 

Part 2 traces what human oversight and accountability have meant since 1948 and how that history 

fits the collaboration. Part 3 separates Responsible AI from AI Governance in brief, and Part 4 

describes where human and AI work stands today. Part 5 records what the author built to close the 

gap in his own work, across practices and frameworks, and Part 6 explains Checkpoint-Based 

Governance (CBG) and how it differs from the human-in-the-loop practice common today. Part 7 

sets out what research should study next. Part 8 argues that the future of work is an operating 

model that leads with growth beyond efficiency, which the author calls the Growth OS, practiced as 

Augmented Intelligence, in which people use AI under CBG as an amplifier and not a replacement. 

Part 9 closes on governance as both the safety net and the cognitive tool. A short statement of the 

research method and its evidence boundaries comes before Part 1. 

 

Research Method and Evidence Boundaries 

This paper is thought research and governance analysis built on documentary evidence. It is not a 

systematic review, a controlled study, or an independent evaluation of the frameworks it describes. 

Its evidence comes in four kinds, and each carries a different weight. 

The historical record in Part 2 rests on primary documents, from Wiener's 1948 text to Article 14 of 

the EU AI Act. Each is cited to the original where one is available, and to an official or archival 

account where it is not. Published research, including peer-reviewed studies and meta-analyses, 

supports the claims about automation, oversight, and human performance. Where the paper says 

the author's searches have not found a study, the statement is limited to those searches and makes 

no claim about the whole literature. 

Industry surveys, company reports, and journalism describe current practice in Parts 4 and 8. A 

survey records what its respondents report, and company figures come from the company or from 

the reporters who covered it. The paper treats both as reported findings, not independently verified 

ones. 
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The author's own publications document the frameworks in Parts 5 and 6 as they were developed 

to resolve issues in large language models or AI, and the dates they were first shared. Those dates 

are the ones shown on the published pages at basilpuglisi.com, GitHub, SSRN, and Zenodo, and in 

the other records cited. Where a work appears in more than one of those places, the paper uses the 

earliest date. The figures in Part 8 from the author's measure of governance competence, which he 

calls HEQ, are one practitioner's record, stated as n of 1. 

Three boundaries follow from that evidence. CBG has not been independently validated, and the 

audit thresholds in Part 6 are proposed rather than tested. The counter-cases in Part 8 were not run 

under CBG and do not test it. The author also developed the frameworks this paper describes, a 

conflict Part 7 discloses and asks others to test. 

 

Part 1. What Human-AI Collaboration Should Be 

The author's papers carry one line beneath his name: A Human-AI Collaboration. The phrase 

describes a method with five parts, and each part can be checked. The human provides the 

structure, the question, the sources that count, and the judgment about what matters. The AI 

platforms execute, in parallel where the stakes justify it, with their disagreements preserved 

instead of averaged away. A named human decides at the checkpoint, qualified by the ability to 

govern rather than by specialist expertise, with the authority to accept, modify, or reject. The record 

shows who decided, on what evidence, and against what dissent. The practice, repeated, builds the 

person doing it. 

The author's disclosure page states the principle in one sentence: "Human intent directs the 

purpose, judgment, and editorial control of every piece, while AI functions as an instrument under 

structured oversight" (Puglisi, 2025a). He puts the same point more personally: "I might not be the 

one controlling the pen that hits the paper, but I am the reason it does, and it moves at my 

direction." Collaboration in this sense is neither the human doing everything nor the machine 

deciding anything. The machine may carry most of the execution, while the direction, the judgment, 

and the answerability stay with a person. 

Two things separate that collaboration from ordinary AI use. The human keeps the cognitive work 

that decides the outcome, and a named person answers for what leaves the room. Practiced under 

CBG and repeated across a team, this collaboration becomes what the author calls Augmented 

Intelligence. Part 8 argues that this practice, with AI as the amplifier and not the replacement, is the 

Growth OS the future of work should be built on. The rest of this paper asks where those two 

conditions come from, where the field stands against them, and what it would take to meet them at 

scale. 



4 

 

Part 2. What Human Oversight and Accountability Have Meant, 1948 to 

2024 

The collaboration Part 1 describes rests on a requirement older than AI. Every earlier generation of 

consequential automation faced the same questions: who sits where, with what authority, and who 

answers for the result. The record below traces two related histories: a line of thought about human 

control that begins in the cybernetics literature of 1948, and the explicit operational, professional, 

legal, and regulatory requirements that followed. It also shows research on automation finding that 

the placement of the human changed the outcome. 

The moral problem is named at the start 

The record opens with the mathematician who named the science of control and communication. 

Norbert Wiener's Cybernetics: Or Control and Communication in the Animal and the Machine 

appeared in 1948 from The Technology Press, John Wiley & Sons, and Hermann et Cie. It set out a 

theory of control, feedback, and communication in biological and electromechanical systems, and it 

identified social and ethical implications of electronic computers. Its introduction carried a warning 

from inside the new discipline: "Those of us who have contributed to the new science of cybernetics 

thus stand in a moral position which is, to say the least, not very comfortable" (Wiener, 1948). In 

The Human Use of Human Beings (1950), Wiener extended that concern to what information 

technology would do to human values, which is why the Stanford Encyclopedia of Philosophy's 

history of computer and information ethics begins with him (Bynum, 2015). 

A decade later the argument became a public exchange. Writing in Science on May 6, 1960, Wiener 

argued that learning machines can develop strategies their makers did not foresee, faster than a 

person can intervene. The purpose put into the machine, he concluded, must be the purpose 

actually desired before the machine is switched on. Arthur Samuel replied in the same journal on 

September 16, 1960 that the machine "does not possess a will" and that its so-called conclusions 

are "only the logical consequences of its input" (Samuel, 1960; Wiener, 1960). The two disagreed 

about what machines could become. They agreed on where responsibility sat, and both placed it 

with the people who design and operate the system. 

The human becomes a named element of the control loop 

Engineering took up the question in its own vocabulary. Paul Fitts's 1951 report for the National 

Research Council allocated functions between people and machines and assigned judgment to the 

human side (de Winter and Dodou, 2014). The phrase "human in the loop" appears in print by 1958 

in a Naval Research Laboratory report, according to the scholarly history by Anderson and Fort 

(2022). McRuer and Krendel modeled the human operator as an element of a closed-loop control 

system in May 1959 (McRuer and Krendel, 1959). A NASA study dated July 1, 1967 then addressed 

where to place "man in the loop" in booster flight control (Smith, 1967). 
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Those years also produced a second line of thought, augmentation, which the author's later work 

draws on. J. C. R. Licklider described man-computer symbiosis in 1960, and Douglas Engelbart 

proposed augmenting human intellect in 1962; both treated the computer as a partner in human 

work and the human as the source of direction (Engelbart, 1962; Licklider, 1960). Sheridan and 

Verplank later gave supervisory control its scale of levels, running from a human who does the 

whole job to a computer that does the whole job (Sheridan and Verplank, 1978). Researchers were 

still testing that scale two decades on (Moray, Rodriguez, and Clegg, 2000). The warnings followed 

the automation. Lisanne Bainbridge showed in 1983 that operators who only monitor lose the skills 

a takeover requires (Bainbridge, 1983). Endsley and Kiris found in 1995 that situation awareness 

falls as automation rises, with the operator's level of control moderating the loss and active 

involvement reducing it (Endsley and Kiris, 1995). 

Authority is assigned to people, and sometimes to two of them 

Where the stakes were irreversible, institutions required more than one person. The Department of 

Defense chronology records that in mid-1962 a "two-man rule is established for all nuclear 

weapons operations" (U.S. Department of Defense, n.d.). On September 26, 1983, Soviet duty officer 

Stanislav Petrov declined to pass on a satellite system's launch report, a named human overriding a 

machine verdict that turned out to be false (National Park Service, n.d.). Aviation regulation states 

that assignment in one sentence that remains in force: "The pilot in command of an aircraft is 

directly responsible for, and is the final authority as to, the operation of that aircraft" (14 C.F.R. § 

91.3(a)). In each case authority over a consequential outcome belonged to an identifiable person 

who could stop the process. 

Accountability becomes a record 

The accountability half of the requirement arrived through audits, guidelines, and standards. On 

September 13, 1977, the U.S. General Accounting Office reported that in a sample of 128 federal 

systems, 27 percent had none of their action-causing output manually reviewed for correctness 

(U.S. Government Accountability Office, 1977). The OECD's privacy guidelines of September 23, 

1980 made the data controller accountable for complying with measures that give effect to the 

principles (OECD, 1980). The Trusted Computer System Evaluation Criteria of 1983 and 1985 

required audit information that traces security-relevant actions to the responsible party (U.S. 

Department of Defense, 1985), and the Association for Computing Machinery's 1992 code assigned 

organizational leaders responsibility for validating systems against their requirements (Association 

for Computing Machinery, 1992). 

Three later instruments supplied the form of the record, the named signature, and the form of the 

challenge. The FDA's electronic records rule of March 20, 1997 requires "secure, computer-

generated, time-stamped audit trails to independently record the date and time of operator entries" 

(21 C.F.R. § 11.10(e)). The Sarbanes-Oxley Act of July 30, 2002 put a name on the financial record. A 

company's principal executive and financial officers must certify each annual or quarterly report, 

including that "the signing officer has reviewed the report" (15 U.S.C. § 7241). A knowingly false 

certification carries a fine of up to $1,000,000, up to 10 years in prison, or both (18 U.S.C. § 1350). 

The Federal Reserve's model risk guidance of April 4, 2011 defined effective challenge as "critical 
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analysis by objective, informed parties who can identify model limitations and assumptions and 

produce appropriate changes." The same guidance made that challenge depend on incentives, 

competence, and influence (Board of Governors of the Federal Reserve System, 2011). 

Law also took up the automated decision itself, on a separate track. France's Loi 78-17 of January 6, 

1978 barred any judicial decision involving an appraisal of human conduct from resting on 

automated profiling, and barred administrative or private decisions from resting solely on it 

(France, 1978). The principle entered EU-wide law in 2016 through Article 22 of the General Data 

Protection Regulation (European Union, 2016). Article 22 gives each person "the right not to be 

subject to a decision based solely on automated processing, including profiling, which produces 

legal effects concerning him or her or similarly significantly affects him or her." The Article 29 

Working Party's guidelines, last revised on February 6, 2018, set the test for human involvement 

under that right. A controller "cannot avoid the Article 22 provisions by fabricating human 

involvement." Oversight counts only when it is "meaningful, rather than just a token gesture," and it 

must be "carried out by someone who has the authority and competence to change the decision" 

(Article 29 Data Protection Working Party, 2018, p. 21). 

The AI era restates the requirement 

When autonomy entered policy, the same requirement came back under new names. The U.S. Air 

Force's unmanned aircraft plan of May 18, 2009 moved humans from "in the loop" to "on the loop," 

keeping the ability to override the system or change its level of autonomy (U.S. Air Force, 2009). 

DoD Directive 3000.09, published in 2012, required appropriate human judgment over the use of 

force and left the phrase "human in the loop" out on purpose (Horowitz, 2025). Article 36 

introduced "meaningful human control over individual attacks" on April 19, 2013, and the 

European Economic and Social Committee called for "a human-in-command approach to AI" on May 

31, 2017 (Article 36, 2013; European Economic and Social Committee, 2017). The EU AI Act, 

Regulation (EU) 2024/1689, made the requirement law in Article 14, which directs that high-risk 

systems be designed so natural persons can oversee them effectively. Those persons must be able 

to remain aware of automation bias, to disregard, override, or reverse the output, and to intervene 

or stop the system. Article 26 then places the assignment on deployers, who "shall assign human 

oversight to natural persons who have the necessary competence, training and authority, as well as 

the necessary support" (European Union, 2024). 

How the requirement fits the collaboration 

Each condition Part 1 sets for the collaboration has a dated ancestor outside AI. The ancestors are 

the accountable duty-bearer, the audit trace to a responsible party, the named officer who certifies 

the record, the human decision over an automated appraisal, two persons before an irreversible act, 

active control in place of passive monitoring, and the independent challenger. What remains is the 

application. CBG, the author's framework, carries those elements into AI-assisted work at the level 

of the individual output, where a named human decides and holds binding authority to accept, 

modify, or reject. The decision leaves a record of what was decided and why, and a check catches 

the moment review decays into rubber-stamping. That application is what the author published in 

September 2025, and Part 6 describes it. 
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Figure 1. Human oversight and accountability in computing, technology, and AI, 1948 to 2026. 

 

 

Part 3. Responsible AI and AI Governance 

Three terms organize the author's work, and the difference among them is where authority sits. 

The author's reference page on artificial intelligence gives each its question: "Should this be done?" 

for Ethical AI, "Who answers when this fails?" for Responsible AI, and "Who decides, by what 

authority, at what checkpoint?" for AI Governance (Puglisi, 2026m). The paper uses these as its own 

operational categories rather than as settled definitions across the field. The same page says so 

directly: it uses AI Governance "more narrowly than much of the technology industry does, and the 

narrowing is deliberate," and "No standards body has published a formal, standalone definition, in 

part because the term is routinely applied to the tier below it" (Puglisi, 2026m). Ethical AI sets 

values and direction, and this part sets it aside to draw the line that matters for the rest of the 

paper, the one between Responsible AI and AI Governance. 

Responsible AI covers the testing, monitoring, controls, and validation that many organizations call 

AI governance, and that work is essential. Its ceiling is the absence of individual human oversight: 

"The checking inside Responsible AI is done by machine validating machine, by agents running the 

pipeline, or by a human in the loop. None of the three puts a named person personally on the hook 

for an individual output." Automation and agents sit here, however sophisticated. AI Governance 

begins where a person does: "AI Governance exists when a qualified human holds binding authority 

at specific checkpoints, with personal accountability for the outputs that pass through" (Puglisi, 

2026m). 

Why Agentic AI Was Always Going to Fail (June 2026) draws that line as two axes. Axis A is process 

control, "who directs the steps," from scripted to autonomous. Axis B is accountability, "who 

answers for the output," and "it is the only axis that determines governance." An agent framework, 

the paper observes, "answers the process-control question on Axis A without answering the 

accountability question on Axis B" (Puglisi, 2026c). Its Named-Human Test turns Axis B into one 
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question: is there a named human who holds binding authority over the output, able to accept, 

modify, or reject it, whose accountability survives an audit through at least one of four channels, 

moral, professional, civil, or criminal? 

The line runs both ways. "Any reduction in substantive human engagement at a checkpoint 

converts AI Governance back into Responsible AI, regardless of physical human presence." Not 

every system needs a checkpoint at every output either: "Some AI appropriately remains at 

Responsible AI permanently," and for fast systems the named human signs the policy that 

authorizes automated action. "Speed does not eliminate governance. It moves the checkpoint 

upstream" (Puglisi, 2026m). 

 

Part 4. Where Human and AI Work Stands Today 

The distance between that line and daily practice is wide, and 2026 made it measurable. 

The work is moving faster than the oversight 

The evidence now arriving from employers describes that distance. EY's survey, released in 

September 2026, surveyed 202 senior AI decision-makers at U.S. public companies with at least $1 

billion in revenue. Of those respondents, 91 percent reported that their organization uses agentic 

AI. Among those users, 85 percent admit that at least a handful of these systems execute actions 

without real-time human involvement, and 47 percent of all respondents say their organization has 

not followed its AI governance process for urgent deployments (EY, 2026). IBM's June 2026 study 

found that two-thirds of the CIOs and CTOs it surveyed are held accountable for AI systems they do 

not fully control (IBM Institute for Business Value, 2026). Anthropic's May 2026 engineering post 

reported that users approved roughly 93 percent of permission prompts, with attention per prompt 

declining as volume rose (Anthropic, 2026). 

Anthropic's figure is the pattern automation research predicted. Parasuraman and Manzey (2010) 

found automation bias "in both naive and expert participants" and concluded that it "cannot be 

prevented by training or instructions." Experiments in the same literature suggest the effect can be 

reduced, if not prevented. Making participants accountable for their performance or their decision 

accuracy "led to lower rates of 'automation bias'" (Skitka et al., 2000). Exposing operators to 

automation failures during training "significantly decreased complacency," though its authors 

noted that it "might not avoid it completely" (Bahner et al., 2008). 

Anthropic answered its own figure with containment rather than more prompts, using an 

operating-system sandbox that cut permission prompts by 84 percent and an auto mode that 

approves the safer actions (Anthropic, 2026). That answer fits the line Part 3 draws, where some AI 

stays at Responsible AI and the checkpoint moves upstream to the person who authorizes the 

automation. High approval with falling attention is the drift CBG's audit trigger, described in Part 6, 

exists to catch, although Anthropic's figure counts permission prompts and the trigger counts 

checkpoint decisions. 
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Where formal review runs, deployment decisions change 

The same surveys show that formal review changes what organizations deploy. Among EY 

respondents with formal assurance reviews, 64 percent significantly modified a quarter or more of 

their AI systems, and 29 percent paused a quarter or more (EY, 2026). Morgan Stanley's August 

2026 governance report found that 69 percent of the 200 AI governance executives it surveyed 

cited a requirement that AI outputs be referred for separate human review in higher-risk situations 

(Morgan Stanley, 2026). The research record adds a caution. A meta-analysis of 106 experimental 

studies reporting 370 effect sizes found that human-AI combinations, on average, performed worse 

than the better of the two working alone, while still outperforming humans working alone (Vaccaro, 

Almaatouq, and Malone, 2024). The losses concentrated in decision tasks and in pairings where the 

AI alone outperformed the human, while creation tasks and pairings where the human alone 

outperformed the AI showed gains. The finding warns against promising that any pairing of people 

and AI improves decisions, and it is why this framework's claim rests on authority and 

accountability, with accuracy left to the evidence. 

The research tests the tool, not the method 

Research on AI and cognition carries the same gap. In November 2025 the author argued that 

"every study claiming that AI use erodes critical thinking quietly shares the same design flaw. They 

are not measuring governed AI use" (Puglisi, 2025j). The Microsoft and Carnegie Mellon survey of 

319 knowledge workers showed no evidence that participants were required to verify sources or 

document decisions against checkpoints. The MIT Media Lab EEG study "tested ungoverned LLM 

use, then inferred conclusions about AI and cognition in general." The author's May 2026 audit 

found that the evidence does not support the decline claim at the standards adjacent fields require, 

"and it does not yet support the opposite conclusion either." It named the questions the field 

skipped: "How is AI being used? What is the result of how it is being used? Should it be used 

differently? Is there a way to use it differently?" (Puglisi, 2026i). 

That gap also reaches policy and education, which the author treats at length elsewhere and which 

serve here as examples. In Senate testimony on January 15, 2026, the neuroscientist Jared Cooney 

Horvath ruled out method governance by name: "It's not that the tech isn't being used well enough. 

We haven't been trained enough. We need better programs." The author's case study found that his 

own effect-size table tracked method, and that "state and federal policy actors are now citing the 

binary it produced" (Puglisi, 2026j). A study of 372,793 college application essays found richer 

vocabulary and more uniform ideas after ChatGPT, which the author read as a deployment failure: 

"The institution owns the method, and the method governs the outcome" (Puglisi, 2026k). The 

OECD and European Commission framework for AI literacy left its checkpoints to the learner: "In 

every instance the checkpoint is a study habit. There is no named institutional human, no binding 

gate, and no accountability that survives an audit" (Puglisi, 2026l). 

Where structure is built, the outcome moves. The Horvath case study reports that, across Hattie's 

synthesis of more than 800 meta-analyses, the medium of delivery "is consistently a smaller effect 

than the method employed within that medium" (Puglisi, 2026j). A 2025 field experiment with 

nearly a thousand high school students found that an unstructured chatbot lifted practice grades by 
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48 percent and left exam grades 17 percent lower once access was removed. A version constrained 

to teacher-style hints lifted practice grades by 127 percent and largely removed the loss (Bastani et 

al., 2025). The tool was the same in both arms, and the method made the difference. The cognition 

audit drew on a defined pool of peer-reviewed sources and describes itself as short of a full 

systematic review. Within that pool it found the cognitive science, the methodological standards, 

and the design precedents already in place, and it did not find "a single study that brings all three 

together to test a fully governed intervention class" (Puglisi, 2026i). The November 2025 article 

stated its hypothesis plainly, "The variable is not AI presence. The variable is governance 

framework presence," and marked its own limit: "The honest position is that current evidence is 

inferential rather than direct" (Puglisi, 2025j). 

 

Part 5. What the Author Built to Close the Gap in His Own Work 

The method came before the critique. The practice recorded here was already operating in the 

author's work for years before the November 2025 article named the gap in the research, and it 

now runs across his research, publishing, and framework work. It is offered as one practitioner's 

answer rather than the only one. 

Factics, a 2012 method carried into AI work 

The author's human control over AI output started inside a method a decade older than the AI it 

now governs: pairing every fact with a tactic and a measurable outcome, which the author calls 

Factics. The Factics page puts it directly: "The method has a longer history than the AI conversation 

it now serves" (Puglisi, 2026d). Its roots are in the Learning Outcomes discipline the author applied 

designing curriculum at Stony Brook University, and in the Teachers NOT Speakers philosophy he 

demanded of the digital and social media events he worked in around 2011. Factics gave the same 

obligation a form that worked outside classrooms and conferences, "a universal concept I could 

apply to a blog, an article, a book, a video, or a business strategy." The author first shared it on stage 

at the Social Media Action Camp, held at NYXPO in the Javits Center, in October 2012, and put it in 

print on November 27, 2012 in Digital Factics: Twitter (Puglisi, 2026d). For the next decade it ran 

through his marketing, SEO, and content strategy work, and from 2013 goals, outcomes, and KPIs 

turned the pairing of fact and tactic into a measured cycle (Puglisi, 2026d). 

AI arrived in 2022 as a new tool inside an old discipline. In the Factics page's words, "AI entered a 

workflow already governed by this discipline," and early model outputs "delivered answers without 

sources, which failed the method directly" (Puglisi, 2026d). In 2023 the fix became a loop between 

two platforms. The second Growth OS essay places ChatGPT and Perplexity in the author's 2023 

work (Puglisi, 2025c), and the author's later page on the method that grew from that loop described 

how it ran: "the sourcing job moved to a platform that handled citations well and the answers came 

back through the first one for correction" (Puglisi, 2025g). 

On February 1, 2024, Factics Make Us More Intelligent put that loop on the public record (Puglisi, 

2024). It named the reason for the second platform, an AI that "creates fake content," and then 
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placed authority with the person rather than with either system: "chatGPT matters but does not 

lead. The AI system can draft quickly and search systems can surface sources instantly, but neither 

is an authority." The article measured success in the human, not the tools: "If the method is 

working, the tools do not become more reliable, we do." 

From a five-AI practice to named frameworks, 2025 

The five-AI model was first shared on August 11, 2025, on the content disclaimer page at 

basilpuglisi.com, where the author used a visual to explain the #AIassisted label that marks his 

human-led work (Puglisi, 2025a). Over the following weeks the practice went public in stages. The 

second Growth OS essay, on September 4, described it as "the five pillars of AI in content," with each 

cycle ending in the author's review and approval before publication (Puglisi, 2025c). A September 

15 LinkedIn post and a September 18 article then named the five platforms at work, GPT-5, Claude, 

Gemini, Perplexity, and Grok, while "the synthesis, review, and final voice remain mine" (Puglisi, 

2025d, 2025e). At that point the practice was multi-AI work without a formal name. 

On September 23, 2025, the first public CBG paper named three failures in current AI governance: 

automation bias drift, model performance degradation that proceeds undetected, and 

accountability ambiguity, "when adverse outcomes cannot be traced to specific human decisions." 

Its answer was a four-stage loop at every checkpoint, AI contribution, checkpoint evaluation, 

human arbitration, and decision logging, with approval-rate trends and reversal frequency 

monitored as drift signals (Puglisi, 2025f). It also saw the agent problem early: agent automation 

"fundamentally distributes accountability between human boundary-setting and machine 

execution." 

Three days later, a draft paper gave the five-platform practice its structure. Each platform took a 

role by its strengths, and minority positions were preserved through a Navigator role, in a role-

based method the author calls HAIA-RECCLIN (Puglisi, 2025g). The rules were written down: "if 

three of five AIs independently converge on an answer, it becomes a preliminary finding. If 

disagreement persists, human review adjudicates the output. Every step is logged." The draft states 

the sequence in its own words: "The five-AI model evolved organically through content production 

needs, receiving the HAIA-RECCLIN name and formal structure only after voice interaction 

capabilities enabled systematic methodology reflection." The parallel review inside it, in which 

independent platforms answer the same task for a human arbiter to compare, became a method of 

its own in March 2026, which the author calls HAIA-CAIPR. The CAIPR page records the same 

practice under that later name: it "ran as a five-platform routine from September 2025" (Puglisi, 

2026f). 

The practice at book scale, fall 2025 

On October 18, 2025, the author put the argument in public terms: the threat is "not that machines 

will think for themselves, but that we will treat algorithmic outputs as decisions rather than as 

intelligence that informs human decisions" (Puglisi, 2025h). Governing AI: When Capability Exceeds 

Control followed in November 2025, and one of its chapters records CBG across the book's own 

production: twenty-eight checkpoint decisions and twenty-six preserved dissents across five AI 
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platforms (Puglisi, 2025i). The framework was then published as a constitution for human-AI 

collaboration, committed to GitHub on November 10, 2025 and posted on basilpuglisi.com later 

that month. The constitution declared alignment with EU AI Act Article 14, ISO/IEC 42001, and the 

NIST AI Risk Management Framework (GitHub, 2025). 

The frameworks today 

The first question of 2026 was about time. When AI Acts Between Approvals (February 28, 2026) 

held that governance must account for the intervals between reviews as well as the reviews 

themselves (Puglisi, 2026a). 

The author's frameworks stack in a sequence, in a set he calls the HAIA ecosystem, for Human 

Artificial Intelligence Assistant. "Factics, HAIA-RECCLIN, and HAIA-CAIPR stack in sequence, with 

Checkpoint-Based Governance running across all three," the ecosystem page states, "because 

adding it at any level is what converts a practice from Responsible AI into AI Governance" (Puglisi, 

2026e). Factics, the foundation since 2012, pairs every fact with a tactic and a measurable outcome 

set before any AI touches the work, and it supplies what the human brings to a checkpoint (Puglisi, 

2026d). HAIA-RECCLIN is two capabilities under one name: Reasoning, "a ten-field output format 

that makes an AI show its work," and Dispatch, which "sends different jobs to different AI 

platforms, chosen by what each one has proven it does well" (Puglisi, 2025g). HAIA-CAIPR governs 

parallel review across independent platforms, with dissent preserved and the human arbiter above 

every return (Puglisi, 2026f). 

In April 2026 the author published a ten-section record of what happened, who decided, and on 

what evidence, which he calls HAIA-CARCS, the Compliance Accountability Record and Case Study 

(Puglisi, 2026e). It became the CBG audit file. Every decision that record carries resolves to accept, 

modify, or reject. 

The measurement and record layers answer separate questions. The author's measure of 

governance competence scores "the ability to direct, challenge, verify, and own AI-assisted work." 

He calls it HEQ, the Human Enhancement Quotient, and its composite, the Augmented Intelligence 

Score, tracks whether the person doing the governing is getting stronger (Puglisi, 2026g). The 

author also keeps a record of the custody of every source a publication relies on, which he calls 

HAIA-SCOPE. The policy layer sits outside the framework set: non-cognitive enforcement software 

whose reference code is built and has never been deployed, which the author calls GOPEL, the 

Governance Orchestrator Policy Enforcement Layer (Puglisi, 2026e). 

From November 2025 the author also turned the same standard on the research and policy record, 

in the five papers Part 4 draws on (Puglisi, 2025j, 2026i, 2026j, 2026k, 2026l). 

Why this record is shared 

This part documents frameworks the author developed, which creates an obvious conflict of 

interest. The chronology is here to make the development of the method auditable, not to establish 

its validity, and independent validation remains necessary. It is shared for critique and 

transparency, including how this paper and the methods behind it were developed. The paper 
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makes no claim that the author's frameworks are the only way to do this work, or that they should 

become the standard on their own. The standard should be the method itself, human oversight and 

accountability applied to AI work. As the sources in Part 2 show, that method is not new. It seems to 

have been bypassed, perhaps because of what the author's work calls the Economic Override 

Pattern, in which "economic incentives override safety commitments, producing speed, 

deployment, and shipped products despite documented internal warnings" (Puglisi, 2025i, 2026h). 

That is why the work is shared under CC BY-NC-SA 4.0, free for personal, educational, and 

noncommercial research use with attribution. Commercial exploitation, paid productization, and 

enterprise commercialization require separate permission and licensing. 

 

Part 6. What Checkpoint-Based Governance (CBG) Is and How It Differs 

From Human in the Loop 

What CBG is 

"A person watching AI output is not the same as a person deciding it." That sentence opens the CBG 

page at basilpuglisi.com, one of the framework feature pages published between September 11 and 

13, 2026. The page describes CBG as "a constitutional framework rather than a workflow" that 

answers one question: "who holds authority over this output, and how would anyone prove it 

afterward" (Puglisi, 2025f). CBG puts a named human at defined points in the work, gives that 

person binding authority over what happens next, and leaves a record of what was decided and 

why. The invariant behind it is one sentence: "There is no AI Governance without human authority 

and accountability." 

In March 2026 the constitution was rebuilt around four properties, and the CBG page states them. 

The primary purpose makes CBG "the governance layer that sits on top of AI output and makes 

structured multi-AI work into a governed system rather than a self-validating one." The 

unconditional invariant holds that "The checkpoint is where a named human is required to be 

present, documented, and accountable," a requirement that "does not depend on prior practice, 

credentials, or seniority." The injection function treats the checkpoint as the point where "domain 

knowledge, context, intuition, and lateral synthesis enter the work." The developmental mechanism 

holds that "Reviewing structured AI output repeatedly builds the reviewer." 

The invariant sets aside credentials and seniority, and it does not set aside qualification. The 

author's definition of AI Governance requires that "a qualified human holds binding authority at 

specific checkpoints, with personal accountability for the outputs that pass through" (Puglisi, 

2026m). The constitution's section on the human governor sets the standard: "The human should 

be both qualified and capable, while there is no domain specific requirement, a working general 

knowledge of the field or domain is what allows the human to be capable of governance, but they 

must then practice it and be able to govern" (Puglisi, 2026p). The qualification is the ability to 

govern rather than specialist expertise. The governor holds the generalist position, with enough 

general knowledge of the domain to direct, challenge, verify, and own the work (Puglisi, 2026g, 
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2026o). That position includes the judgment to recognize when specialist validation must enter the 

checkpoint (Puglisi, 2026o). Bringing a specialist in is a modification, so the checkpoint still closes 

on accept, modify, or reject. HEQ measures that governance competence over time. 

The harder case is the output a generalist cannot check. The Article 29 Working Party asks for 

"someone who has the authority and competence to change the decision," and an article in npj 

Digital Medicine puts epistemic capacity first among the conditions for oversight that works (Article 

29 Data Protection Working Party, 2018; van de Sande et al., 2026). The constitution meets that 

case through the design of the checkpoint rather than the credentials of the governor: "Checkpoint 

density scales with consequence severity," and "High-consequence decisions require multiple 

checkpoints with independent reviewers" (Puglisi, 2026p). When risk rises during the work, the 

governor "holds constitutional authority to expand the review pool or increase checkpoint 

frequency in real time" (Puglisi, 2026p), and that expansion is a modification, so the checkpoint still 

closes on accept, modify, or reject. HAIA-RECCLIN sets a gate before any of it: "Competency 

validation before arbiter authorization" (Puglisi, 2025k). 

Every checkpoint resolves to one of three decisions, accept, modify, or reject. One AI may not 

approve another AI's output, "and the prohibition is constitutional rather than procedural" (Puglisi, 

2025f). The constitution makes the human decision fixed rather than situational: "In any conflict 

between human judgment and AI output, the human decision holds. This is not a tiebreaker rule. It 

is an architectural constant" (Puglisi, 2026p). 

How it differs from human in the loop 

Human-in-the-loop approval is the oversight many AI products offer today, from permission 

prompts to review queues. The phrase appears in print by 1958, and by 2012 the Defense 

Department's autonomy directive had left it out on purpose (Anderson and Fort, 2022; Horowitz, 

2025). The CBG page draws the difference in plain terms: "Human in the loop means the person is 

present and participating. It does not require that the person holds authority or answers for the 

outcome. Someone watching a dashboard is in the loop. Someone approving outputs faster than 

they can read them is in the loop. Someone who can comment but cannot reject is in the loop. None 

of them is a governor." The failure mode follows: "The failure mode in AI governance is not the 

absence of humans. It is presence without accountability" (Puglisi, 2025f). The point is not that 

every human-in-the-loop design lacks authority. The label establishes human involvement, and it 

does not by itself establish binding authority, substantive review, accountability, or a decision 

record. Data protection guidance drew that line in 2018, when it declined to count oversight 

without the authority to change the decision as human involvement at all (Article 29 Data 

Protection Working Party, 2018). 

The same distinction ran through the oversight debate of 2026, when writers in industry, medicine, 

and research reached it from different directions. A SiliconANGLE column argued that "any agentic 

AI governance approach that depends on HITL is doomed to failure" (Bloomberg, 2026). An IBM 

article by Boinodiris and Mackenzie (2026) calls it "liability laundering" when an AI error is 

answered with "a human reviewed it." In npj Digital Medicine, van de Sande and colleagues (2026) 

named four conditions for oversight that works: epistemic capacity, cognitive space, decisional 
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authority, and intervention effectiveness. The authors warned that "without adequate knowledge, 

time, authority, and technical control, oversight becomes procedural rather than protective." Data & 

Society made the point for AI agents: "Intervention becomes meaningful only when users have 

enough knowledge, visibility, and control to act before small divergences become consequential 

failures" (Passi & Singh, 2026). 

The sources part ways on where accountability belongs. Data & Society frames oversight as "a 

distributed responsibility" shared by builders and deployers, rather than "an individual user 

burden" (Passi & Singh, 2026). The npj authors hold that "accountability should therefore match 

control," so that clinicians do not carry responsibility for systems they lack "the authority, time, or 

practical means to change" (van de Sande et al., 2026). 

Green (2022) states the objection at its strongest. He found evidence that "people are unable to 

perform the desired oversight functions" and that oversight policies can "legitimize government 

uses of faulty and controversial algorithms without addressing the fundamental issues with these 

tools," and he moved oversight to the institution that adopts the algorithm. 

Read together, the CBG page's lines on the decision, on scope, and on the system's design divide the 

responsibility three ways. The decision belongs to the named, qualified human who holds binding 

authority and answers for the result. The assignment belongs to the organization, because placing a 

governor beyond their scope "is a design failure rather than a failure of their authority." Article 26 

of the EU AI Act, quoted in Part 2, writes that duty into law for high-risk systems. Recognition 

belongs to the people who build the system: "It is not enough for the governor to be qualified, 

present, and exercising authority. The system has to be built to recognize that authority when it is 

exercised" (Puglisi, 2025f). Named accountability for the decision sits beside the duties of deployers 

and builders and does not replace them. The philosophy of meaningful human control set two 

conditions of its own. Santoni de Sio and van den Hoven (2018) required that a system be 

"responsive to the human moral reasons relevant in the circumstances" and that its actions be 

"traceable to a proper moral understanding on the part of one or more relevant human persons." 

Current practice shows why the difference matters. The 93 percent approval rate in Part 4 is a loop 

at work, with attention falling as prompts rise. In June 2026, in one of the author's own work 

sessions, a frontier model "read a standing human checkpoint rule, decided it did not apply, and 

proceeded" (Puglisi, 2026m). The model was Claude Opus 4.8, and the rule was the author's 

standing instruction that every response open with an output-mode selection. The June 12 account 

reproduces the reasoning transcript word for word (Puglisi, 2026n). The CBG page draws the 

lesson: "A checkpoint a model can reason its way past is not a checkpoint." The AI HOAX Distraction 

(September 17, 2026) named the counterfeit version of the checkpoint, the liability sponge, "a 

person stationed near an AI decision who lacks the time, the authority, the information, or the 

standing to actually decide" (Puglisi, 2026h). Elish (2019) had named the older form of that failure 

the moral crumple zone, in which responsibility for an automated system's failure is misattributed 

to a human operator who had limited control over the system. 

CBG requires what the loop does not. A named person decides, rather than any person nearby, and 

that person holds binding authority to accept, modify, or reject. The decision leaves a record under 

HAIA-CARCS, built so a human who caught an error can be told apart from a human who approved 
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without reading. Rubber-stamping becomes a measured signal instead of a worry, and no AI may 

approve another AI's output. The 2025 drafting paper put the relationship in one line: "HITL is the 

'what'; CBG is the 'how'" (Puglisi, 2025f). The RECCLIN page draws the same line from the side of 

the work: "RECCLIN produces the structured output, and Checkpoint-Based Governance decides 

where a person must stop, judge, and sign for the result. The difference between reviewing 

something and deciding it is the difference between being present and being accountable" (Puglisi, 

2025g). 

Where CBG stands today 

Three additions on the page mark how far the method has moved since the drafting paper. The first 

separates two kinds of authority: "Authority over what happens is not authority over what is true," 

so the arbiter controls acceptance, modification, rejection, and publication while the arbiter's own 

factual claims still answer to evidence. The second names four ways human authority gets lost in 

transit, which are authority loss in synthesis, operator memory re-entry, tier impersonation, and 

reasoning trace opacity. The page draws the conclusion plainly: "Human oversight without 

architectural specification is a claim rather than a control." 

The third addition turns on the governor. The page names the human failure modes as plainly as 

the machine ones: verification fatigue, confirmation bias, premature synthesis, organizational 

pressure to agree with an AI majority, and over-trust in one platform. Passive acceptance is the one 

CBG makes detectable, with proposed thresholds of acceptance above 95 percent or reversals 

below 2 percent across three consecutive cycles triggering a mandatory audit. The constitution 

places performance measurement thresholds and escalation trigger specifications outside CBG 

itself, so these figures are proposals rather than constitutional terms (Puglisi, 2026p). CAIPR adds a 

test that threshold monitoring alone cannot provide. Oversight quality shows in whether the 

governor catches discrepancies seeded into the work, and "Raw override rate is not the measure. A 

governor who changes nothing because everything checked out is still governing" (Puglisi, 2026o). 

HAIA-RECCLIN catalogs the same risk as arbiter overconfidence, which degrades governance 

"through rubber-stamp validation," and reads part of it as a question of capacity. Its diagnostic is 

"Validation completion suspiciously fast relative to output complexity," and its root cause is 

"Pressure to maintain throughput overwhelming careful evaluation" (Puglisi, 2025k). The 

countermeasure it prescribes, "Adequate staffing preventing throughput pressure," falls to the 

organization that staffs the checkpoint, alongside the duty of assignment. A record makes the rest 

provable, because "a decision nobody can reconstruct is indistinguishable afterward from one 

nobody made." 

What CBG has not yet shown 

CBG carries its limits in the open. It is in production use in the author's own work: it governed 

Governing AI, Digital Factics X, the HAIA frameworks, the manuscript of The Minds That Bend the 

Machine, and the author's published AI content. It has not yet been independently validated, peer-

reviewed, or deployed at enterprise scale. The 2025 drafting paper named the trade at the outset: 

CBG "optimizes for accountability by requiring human arbitration at critical junctures, accepting 
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throughput costs in exchange for traceable responsibility" (Puglisi, 2025f). Those costs in time, 

staffing, and latency have not been measured at scale. The developmental claim rests on a single 

practitioner's record. None of the lineage traced here belongs to the framework, and CBG's claim is 

the application of that lineage to AI-assisted work at the level of the individual decision. The author 

also developed the framework he recommends, and Part 7 sets out how that conflict is disclosed 

and how the work can be tested without him. 

 

Part 7. What Research Should Look Like, and What It Should Study 

The author's method is one answer, built by one practitioner and tested in one body of work. What 

this paper asks of the industry is larger than adopting it. The organizations that deploy AI, the 

researchers who study it, and the policymakers who write its rules can each close part of the gap 

Part 4 describes, and the author's own papers already set out how. 

Record the method of use 

Every study, pilot, and deployment review of AI should record how the AI was used: who framed 

the task, what structure the interaction required, who checked the output, and who decided. 

Without that record, a finding about AI is a finding about an unnamed method. The cognition audit 

offers nine elements any study can be scored against, from a defined AI intervention to "a specific 

success metric registered before the study begins" (Puglisi, 2026i). Two of those elements answer 

the most common gap directly. "Treatment fidelity verification" asks for logs, prompts, adherence 

checks, dosage measurements, and participant compliance records, so a study knows what people 

actually did with the AI. An "outcome hierarchy beyond immediate output" asks for retention, 

transfer, metacognition, critical reasoning, and delayed assessment, so a study measures the person 

and not only the product. 

Test governed use against ungoverned use 

The comparison the author's searches have not found is a governance comparison: the same model 

used with and without a named decider, binding authority, a decision record, and preserved 

dissent. Parts of that bundle have been tested one at a time, and accountability alone lowered 

automation bias in a laboratory task (Skitka et al., 2000). Cognitive forcing functions reduced 

overreliance on AI, although participants gave "the least favorable subjective ratings to the designs 

that reduced the overreliance the most" (Buçinca et al., 2021). People deciding with a risk 

assessment "were unable to effectively evaluate the accuracy of their own or the risk assessment's 

predictions" (Green and Chen, 2019). The bundle as a whole remains untested. 

Data & Society published a research agenda for the oversight of AI agents in August 2026 (Singh & 

Passi, 2026). It asks what a person must see to notice a consequential deviation, and how 

responsibility travels among the people who build, deploy, and direct agents. The agenda centers on 

the conditions that make oversight possible, while the studies proposed here compare governed 

and ungoverned use of the same model. The November 2025 article proposed a three-arm trial with 
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no AI, unstructured AI, and governed multi-AI use. In its workplace version, "teams are randomly 

assigned to continue their current AI practices, to adopt a single assistant with light guidance, or to 

implement checkpoint based governance with multi-AI dissent" (Puglisi, 2025j). The May 2026 

audit extended the design to five arms, adding a structured human alternative without AI and a 

structured prompting arm, so a trial can separate structured prompting from the full governance 

layer (Puglisi, 2026i). At work, the outcomes worth tracking are the ones the November article 

named: "error rates, rework cycles, incident reports, and the quality of documented reasoning in 

decisions that matter." 

Hold every deployment to the same standard 

The three-part standard from the Horvath case study was written for classrooms, and the case 

study says it "applies equally to laptops, AI, textbooks, and human teachers" (Puglisi, 2026j). The 

author's argument is that the same three tests belong in the workplace. At work, that means active 

cognitive demand on the person using the tool and evidence that the deployment method produces 

the outcome it claims. It also means a named human with authority to modify or reject a 

deployment that fails. The AI literacy critique supplies the test for whether that human's checkpoint 

counts, drawn from the field's own law. A checkpoint that counts needs "authority to override, 

access to the underlying data, enough understanding of the system to judge its output, and the 

standing to weigh what the system left out" (Puglisi, 2026l). That critique carries the point into AI 

literacy itself: "Method governance and a named accountable human at every level are what make 

AI literacy more than exposure to the tools." 

Measure the person, not only the output 

The test of a method is what it leaves in the person. The November article put it plainly: 

"Enhancement is not whether people feel smarter with AI. Enhancement is whether they think 

better when the systems are taken away" (Puglisi, 2025j). HEQ and its Augmented Intelligence 

Score are the author's candidate instruments for that test (Puglisi, 2026g). The AI literacy critique 

names others already in the research, from a multi-dimensional framework for measuring an 

individual's collaboration with AI to validated scales for AI literacy and metacognition (Puglisi, 

2026l). 

Keep public claims inside the evidence 

The Horvath case study shows what happens when a credentialed claim travels farther than its 

method supports. The testimony conceded that the data were correlational, "Of course, this is all 

correlative," and then asserted a biological mechanism that ruled out method, and state and federal 

policy actors began citing the result (Puglisi, 2026j). Its corrective applies to researchers, 

companies, journalists, and policymakers alike: "The corrective is not to dismiss credentials. The 

corrective is to require that credentialed claims survive the same evidentiary scrutiny they demand 

of others." A public claim about AI should say whether it rests on a correlation, a proposed 

mechanism, or a tested intervention, and which method of use produced it. 
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Disclose the conflict and invite the test 

The author's papers carry the conflict that comes with building what they recommend. "The author 

developed the framework being proposed and the measurement instrument being recommended," 

the cognition audit states, and its validation design "is structured so that an independent research 

team can run it without the author's involvement" (Puglisi, 2026i). The November article set the 

terms the same way: "Either governed multi-AI use produces measurable cognitive enhancement 

beyond unstructured access, or it does not. The responsible move is to treat HAIA-RECCLIN and 

HEQ as hypotheses in need of data, not as branding" (Puglisi, 2025j). It ended with an offer to share 

the protocols, instruments, and designs with any lab, company, or policy group willing to run the 

comparison, and this paper renews that offer: "The frameworks exist. The hypotheses are specified. 

What remains is the data" (Puglisi, 2025j). 

 

Part 8. The Future of Work: The Growth OS and AI as an Amplifier for 

Augmented Intelligence 

The future of work is the Growth OS. The goal is to work in Augmented Intelligence as a practice, 

with AI as the amplifier and not the replacement. That practice is Human-AI Collaboration at its 

core. People use Artificial Intelligence under CBG, and the governed collaboration, repeated across 

teams and organizations, becomes the Growth OS known as Augmented Intelligence. 

The author's February 2024 article named the mechanism in one line: "Speed amplifies whatever 

discipline sits behind it. When the discipline is weak, output becomes polished noise. When the 

discipline is strong, output becomes a repeatable path from evidence to action to measurable 

outcomes" (Puglisi, 2024). AI is an amplifier in that sense. It multiplies the method it runs inside, 

and the HAIA-RECCLIN draft of September 2025 named the human side of that idea: "Human 

oversight remains the pillar, amplifying judgment rather than replacing it" (Puglisi, 2025g). The 

future of work depends on which method the amplifier runs inside. 

What the Growth OS said in 2025 

The Growth OS series made an organizational argument before the governance stack had its current 

names. The first essay's closing paragraph put the thesis in two sentences, "Efficiency is table 

stakes. Growth is leadership" (Puglisi, 2025b), and the Factics article three weeks later drew the 

distinction underneath it: "Efficiency asks what can be automated. Growth asks what can be 

expanded" (Puglisi, 2025e). The first essay framed the choice for the people doing the work: "When 

teams see AI as expansion rather than replacement, engagement rises" (Puglisi, 2025b). The forcing 

question the series offered leaders was "What Would Growth Require?", asked of any function 

rebuilt with AI at its core (Puglisi, 2025c). The series also warned where adoption would stall: 

"When ROI is defined only as expense reduction, projects lose executive oxygen. When governance 

is invisible, employees hesitate to adopt." 
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What the Growth OS became in 2026 

The Other AI: Augmented Intelligence and the Honest Future of Human-AI Collaboration (May 7, 

2026) gave the organizational argument its operating definition (Puglisi, 2026b). Augmented 

Intelligence is described there "not as a product category but as a collaboration discipline in which I 

provide the structure and governing judgment, AI executes the work, and a governed checkpoint 

closes the gap between what the machine produces and what I am accountable for." The paper 

places the idea in the lineage traced in Part 2, from Licklider in 1960 and Engelbart in 1962. It 

treats the roughly ninety percent of execution AI performs as a conceptual approximation, with no 

claim to a measured threshold. 

The paper names the Growth OS's three pillars, Trust and Transparency, Rhythm and Culture, and 

Outcome Anchoring, and says they "are not soft supplements to technical implementation." They 

determine whether the work "produces compounding advantage or fragile efficiency gains that 

collapse under competitive pressure." The question it puts to organizations is "whether you are 

building the human capacity to govern the collaboration, or outsourcing that governance to the 

machine and hoping the machine is right." It also states the consequence for labor: "The market is 

not replacing humans with AI; it is replacing organizations that use humans to do machine work 

with organizations that use humans to govern machine work." That is the Growth OS restated as 

governance, and it is why the author treats the 2025 series as today's call for The Other AI, the 

version of AI defined by a governed human role. 

Replacement is a survey finding, and the Growth OS is the counter 

Some employer surveys tell a replacement story. In a Resume.org survey of 1,000 U.S. business 

leaders, nearly three in ten companies said they had already replaced jobs with AI (Crist, 2025). 

Thirty-seven percent expected to have done so by the end of 2026. A survey records what 

employers report doing and planning, and the Growth OS is the counter to that plan. 

Payroll data gives a second reading. Working from ADP payroll records covering millions of U.S. 

workers through June 2026, Brynjolfsson, Chandar, and Chen (2026) found "no evidence of 

widespread, economy-wide job displacement." They did find employment of workers aged 22 to 25 

in AI-exposed occupations "19% below where it would be had it kept pace with that of their less-

exposed peers," a gap that operates "primarily through reduced hiring of young workers rather 

than increased separations." The same data separates the two uses of AI that the Growth OS 

separates: "Declines are concentrated in occupations where AI usage primarily substitutes for 

human tasks; where usage primarily complements workers, employment is flat or rising." The 

authors present these results as "early, descriptive indicators ... rather than causal estimates." 

The author's June 2026 reading of the Canaries data named the early-career loss: "The early-career 

contraction is the Economic Override Pattern, this analysis's term for what the industry more often 

calls financial pressure or chasing profit: the structural pull toward replacement because it is 

cheaper and faster than development" (Puglisi, 2026q). Two cases show what the Growth OS 

counter looks like in practice. 
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IKEA introduced an AI customer service assistant named Billie, which in its first two years could 

assist 47 percent of the customers who used it and now assists 74 percent. The company retrained 

roughly 8,500 call center employees "to handle more complex customer queries or work as sales-

oriented design consultants," and its remote-sales centers generated 1.25 billion euros in sales in 

the last fiscal year, up from 1.08 billion the year before (Zillman, 2026). Ingka Group's chief digital 

officer did not rule out future layoffs, though he said any cuts would likely be the result of 

macroeconomic factors, not necessarily AI. 

Radiology is the second case. In 2016 Geoffrey Hinton said that anyone working as a radiologist was 

"like the coyote that's already over the edge of the cliff but hasn't yet looked down" (Quiroz-

Gutierrez, 2026). Over the following decade the number of active U.S. radiologists grew by about 10 

percent, and average pay reached $571,000 in 2025, according to Medscape data (Quiroz-Gutierrez, 

2026). Nvidia chief executive Jensen Huang pointed to the same result on The Joe Rogan Experience: 

"the number of radiologists has actually grown" (Rogan, 2025). The reason he gave is the one the 

Growth OS names: "the purpose of a radiologist is to diagnose disease, not to study the image." 

The radiology case is contested. Ben White, a neuroradiologist, argues that the growth reflects a 

long shortage of radiologists and imaging volumes that have risen for decades, not AI efficiency 

(White, 2025). He calls Huang's account of AI-driven radiology "wholly untrue as to the current use 

of AI in radiology." 

The reverse case points the same way. Klarna moved its customer service toward an AI assistant 

and in 2025 began recruiting human agents again, and its chief executive told Bloomberg that "As 

cost unfortunately seems to have been a too predominant evaluation factor when organizing this, 

what you end up having is lower quality" (Doerer, 2025). 

The IKEA and radiology cases fit the distinction the Growth OS drew in 2025: "Efficiency asks what 

can be automated. Growth asks what can be expanded" (Puglisi, 2025e). Labor economics draws 

the same line. Acemoglu and Restrepo (2019) describe automation as displacing labor from tasks it 

already performed, and the creation of new tasks in which labor has a comparative advantage as 

reinstating it. At IKEA the automated task was answering routine questions, and the expanded work 

was design and sales. In Huang's account of radiology, the automated task is reading images and the 

expanded work is diagnosis, an account White disputes. Those economists add a caution. Their 

estimates found that across the three decades before their study, displacement accelerated and 

reinstatement weakened, with "rapid automation that is not being counterbalanced by the creation 

of new tasks" (Acemoglu and Restrepo, 2019). Neither case was run under CBG, and neither counts 

as a test of the framework. Both point where the Growth OS points, with AI taking the task and 

people growing the work the task served. 

The job that grows 

Read through the evidence in Part 4, the future of work in this framework is a role more than a 

technology. The job that expands is the governor's job: framing the problem, assigning the 

platforms, reading the disagreements, deciding, and answering for the decision. CBG's fourth 

property holds that this role builds the person who performs it, and HEQ exists to test that claim 

over time. The author's own ten-month record shows the Collaborative Intelligence Quotient, one of 
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HEQ's four dimensions, rising from 88.4 to 93.4, a single-practitioner result stated as n of 1 and 

nothing more (Puglisi, 2026g). The Growth OS said in 2025 that culture is the multiplier. The 2026 

version names the part of the culture that multiplies: a named human who holds authority at the 

checkpoint and gets better at holding it. 

 

Part 9. Governance as the Safety Net and the Cognitive Tool 

Governance, in the sense this paper uses, does two jobs at once. The first is the safety net. A named 

human with binding authority is the point where a consequential AI outcome can still be stopped, 

and the record is what lets anyone prove afterward who stopped it or let it through. The author's 

work sets one boundary on that authority, drawn from Isaac Asimov's Three Laws of 1942 and the 

Zeroth Law of 1985: no governor may direct an AI-assisted outcome that injures a person, allows 

harm through inaction, or harms humanity (Puglisi, 2025f). The constitution explains what the 

boundary does for that authority: "the governor's authority is supreme within that boundary, and 

the boundary is what makes that authority legitimate rather than arbitrary" (Puglisi, 2026p). The AI 

HOAX Distraction carried the same logic into the policy fight over frontier AI. "Capability determines 

what a system can do. Autonomy determines what it can do without asking." The implementable 

ask was narrow: no AI system should hold authority to act without "a named human accountable at 

the decision point and a record of what it did" (Puglisi, 2026h). 

The second is the cognitive tool. The injection function and the developmental mechanism in Part 6 

make the checkpoint the place where human knowledge enters the work and where the reviewer is 

built. The November 2025 article made the same point about learning: "Governance becomes the 

pedagogy behind AI use, in the same way that instructional design became the pedagogy behind 

computers in classrooms" (Puglisi, 2025j). Governance built this way asks the person to think at the 

moment the machine would let them stop, and it measures whether they are getting better at it. 

Both jobs serve the same end. The safety net keeps people answerable for what AI does, and the 

cognitive tool keeps people capable of answering. Together they keep AI the amplifier and not the 

replacement, which is the condition the Growth OS in Part 8 depends on. In 1948 Wiener described 

the moral position of those contributing to the new science of cybernetics as, at the least, not very 

comfortable. Seventy-eight years later, that discomfort has a practical answer that does not depend 

on predicting what the machines will become. Someone designed the work, someone set the 

boundaries, and someone decides what leaves the room. Human-AI Collaboration, as this practice 

defines it, means that person is named, holds the authority to stop the work, and can prove 

afterward what was decided and why. 
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Disclaimer 

The author is not a lawyer, and this paper does not provide legal advice. This is thought research 

and governance analysis based on public sources, cited materials, and human-AI review. It is 

intended to help executives, practitioners, insurers, and governance teams think more clearly about 

AI risk, liability exposure, and documentation practices. Readers should not rely on this paper as a 

legal opinion, compliance determination, or substitute for qualified counsel. Any organization facing 

a legal, regulatory, contractual, or insurance question should consult its own attorney, broker, or 

professional adviser before acting. 

The regulatory, incident, and survey material in this paper is current as of September 2026 and 

should be re-verified before reuse. The author is an independent practitioner and author who may 

profit in other ways from research and content like this. 
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