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Executive summary 

High-stakes decisions follow a different architecture from everyday business decisions. They 

are governed by the alignment of necessary conditions, where the weakest link among them 

constrains the outcome regardless of strength elsewhere. Regulatory compliance, clinical 

diagnosis, security posture, certification, high-consequence hiring, capital allocation under 

uncertainty. These are not problems where strengths in one dimension compensate for 

weaknesses in another. They are problems where one weak condition collapses the entire 

outcome, no matter how strong everything else is. 

Most AI platforms on the market today were built for a different architecture. They average 

across signals, weight the evidence, and aggregate to a recommendation. For routine 

business decisions, that is the right architecture and the platforms serve their users well. For 

high-stakes decisions, it is structurally wrong, and the cost of the mismatch is paid in the 

contexts where mistakes cannot be recovered. 

This paper makes three claims. First, that high-stakes decisions are architecturally different 

from the decisions most AI infrastructure was built to serve. Second, that the failures most 

defining the past two decades, the Boeing 737 MAX, Equifax, Theranos, the 2008 mortgage 

crisis, share the same architectural mistake: averaging applied where alignment and 

weakest-link reasoning were required. Third, that the architecture is not theoretical. 

Infrastructure that natively expresses it has been built, deployed, and validated in production. 

I have spent forty years as an operator and consultant in regulated and complex 

environments. The pattern in the failures above is recognizable from inside those 

organizations long before it appears in the news. Most of the time, a small number of people 

inside the company saw the weakest link and were overruled by the weight of the averaged 

signal. The retrospective obviousness of the failure is the tell. What looks obvious in 

hindsight was architecturally invisible at the time, because the decision system was the 

wrong shape for the decision. 

This paper is for CEOs and C-suite executives accountable for decisions whose failure cost 

would be material. It is short on jargon and direct on consequence. If the argument 

resonates, the right next step is a conversation. 
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Part 1. A plane, a sensor, and the architecture of high-
stakes decisions 

On October 29, 2018, Lion Air Flight 610 took off from Jakarta. Thirteen minutes into the 

flight, a single faulty sensor on the aircraft's nose told the flight computer the plane was 

climbing too steeply and was in danger of stalling. The computer responded by pushing the 

nose down. The pilots pulled it back up. The computer pushed it down again. For the next 

eleven minutes, the aircraft and its crew fought each other until the plane hit the Java Sea at 

400 knots. 189 people died. 

Five months later, on March 10, 2019, Ethiopian Airlines Flight 302 did the same thing. 157 

more people died. 

Both aircraft were Boeing 737 MAX 8s. Both were equipped with a flight control system 

called MCAS. Both had a single faulty angle-of-attack sensor. And in both cases, the flight 

computer accepted that single sensor's reading as authoritative and killed everyone on 

board. 

The Boeing 737 MAX was among the most scrutinized aircraft programs in aviation history. 

Thousands of engineers. Decades of accumulated safety culture. An FAA certification 

process that remains the most demanding in the world. The program averaged out to 

excellent on almost every dimension of engineering quality, review discipline, and process 

maturity. It failed anyway. 

It failed because aviation safety is not an averaging problem. It is a problem where every 

critical condition must be aligned, and where the weakest link determines the outcome. 

Engine reliability, structural integrity, and decades of process maturity cannot compensate 

for a single-sensor architectural decision that allowed one faulty reading to override pilot 

input. The other strengths did not save the aircraft because the architecture of safety does 

not permit them to. 

The decisions that most define an organization are governed by the same architecture. A 

single compliance failure can trigger a consent decree. A single misdiagnosis can kill. A 

single credit decision can launch class action litigation. A single software exploit can expose 

147 million customer records. None of these decisions average. Strengths in adjacent 

dimensions do not compensate for the one critical weakness. They are high-stakes 

decisions, and they require infrastructure designed for that architecture, not infrastructure 

designed for the routine business decisions that the executive learned to manage by 

weighing tradeoffs. 

This paper lays out three architectures that decisions actually follow. It demonstrates that 

most AI platforms support only one of them. It shows what goes wrong when the architecture 

is wrong, using three of the most consequential organizational failures of the past two 

decades. And it closes with the architectural answer: a platform engineered specifically for 
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high-stakes decision contexts, in production now, validated under conditions that most AI 

infrastructure has not been validated under. 
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Part 2. How decisions actually work 

Underneath the noise about artificial intelligence, a simple truth has been lost. Decisions 

come in three architecturally different forms. Each form requires different infrastructure. Most 

AI platforms build for only one of the three by default, and they do not make the choice 

visible to the buyer. 

The single-metric decision 

The simplest form. One number determines the outcome. Did the quarter hit revenue plan. 

Did the manufacturing line exceed throughput target. Did the drug clear its primary efficacy 

endpoint. One measurement, one threshold, one decision. 

Most AI platforms handle single-metric decisions well. The question is structurally clean. 

Predict the number accurately, compare it to the threshold, report the gap. The risk in single-

metric decisions is not the architecture. The risk is choosing the wrong metric in the first 

place. A company that rigorously optimizes the wrong number can destroy itself faster than a 

company that optimizes the right number loosely. 

The averaging decision 

Many signals contribute to the decision. Strengths in one dimension can offset weaknesses 

in another. The overall score, weighted across the signals, drives the outcome. 

A job candidate who is strong on technical skills and domain expertise but weaker on polish 

can still be an excellent hire. The strengths compensate. A quarterly marketing mix with one 

weak channel and three strong ones can still produce a profitable quarter. The winners carry 

the losers. A loan applicant with a high income but a shorter credit history can be a better 

risk than an applicant with a long credit history and middling income. The dimensions 

substitute for each other. 

This is the decision architecture most native to executive training. Weigh the considerations. 

Balance the tradeoffs. Find the best combination. It is also the default architecture of nearly 

every AI system on the market. Recommendation engines, lead scoring systems, demand 

forecasts, pricing models, performance review scorecards, customer churn predictors. 

Virtually every machine learning model of business value operates by averaging weighted 

signals to a score. 

Averaging decisions work when the underlying reality is genuinely compensable. When a 

deficiency in one dimension can be offset by strength in another without catastrophic 

consequence, averaging is the correct architecture. Much of routine business life has this 

property. 
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The high-stakes decision 

Every critical condition must be aligned. The weakest link among them constrains the 

outcome regardless of strength elsewhere. Strengths do not compensate for weaknesses. 

Weaknesses veto strengths. 

Aircraft certification is a high-stakes decision. Engine reliability cannot compensate for cabin 

pressurization failure. Structural integrity cannot compensate for a control system defect. 

Every critical dimension must be above threshold simultaneously. Clinical drug approval is a 

high-stakes decision. A drug that works brilliantly for ninety-nine percent of patients but kills 

one percent is not approved. Efficacy cannot compensate for safety. A security program is a 

high-stakes decision. Excellent physical security, excellent employee training, and excellent 

insider threat detection do not compensate for one unpatched server exposed to the internet. 

Regulatory compliance is a high-stakes decision. A company with excellent ethics training, 

excellent audit procedures, and one corrupt subsidiary has one corrupt subsidiary. The other 

controls cannot fix it. 

The mathematical intuition is simple. If any critical condition fails, the outcome fails. If you 

have twelve dimensions and eleven of them score 0.9 while one scores 0.1, the weighted 

average reports 0.83 and declares success. The architecture that respects the weakest link 

reports the minimum score of 0.1 and declares failure. These are not small numerical 

differences. They are categorically different decisions. 

Why most platforms support only one 

The methods most AI platforms are built on optimize for expected value, which is a formal 

averaging concept. Loss functions are averaged across training examples. Model outputs 

are produced by weighted sums of features passed through nonlinear transformations. The 

nonlinearity does not change the averaging character of the overall architecture. When 

engineers talk about feature importance, calibration, or model fit, they are almost always 

talking about properties of an averaging system. 

This is not a failure of the engineers. It is a consequence of the market. Averaging decisions 

are the most common decision form, so platforms serving the broadest market build for them 

first. The methods for high-stakes decision architecture are newer, less well understood, and 

require different engineering discipline. The infrastructure for them is rare. When it exists at 

all, it is usually bolted onto an averaging-based platform rather than engineered in from the 

foundation. 

The result, at the level of the enterprise, is that executives deploying standard AI 

infrastructure into high-stakes decision contexts are imposing averaging architecture on 

problems where the weakest link determines the outcome. Most do not know they are doing 

it. The platform does not tell the buyer that it cannot express high-stakes decisions natively. 

The dashboards look the same. The reports look the same. The failure, when it comes, will 
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look like a one-off operational incident rather than what it actually is, which is an architectural 

mismatch that was guaranteed to fail eventually. 
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Part 3. The pattern, in three cases 

When averaging architecture is applied to high-stakes problems, the failure mode is 

predictable. The system performs well on most measures. Audits pass. Quarterly reports are 

clean. Surveyed confidence is high. Until one day it is not. 

Three of the most consequential failures of the past two decades follow this pattern. None of 

them are technology failures in the narrow sense. All of them are architectural failures 

dressed up as operational ones. Once you see the pattern, you cannot unsee it. Wherever 

an organization depends on a decision for which getting one thing wrong makes everything 

else irrelevant, averaging is the wrong architecture, and the failure is a matter of time. 

Equifax, 2017 

Equifax had, by most measures, a sophisticated security program. Multiple certifications. 

Regular audits. A significant budget by industry standards. A long track record of technical 

operation at scale. On the averaged posture that regulators and rating firms use to assess 

security maturity, Equifax scored well. The overall program presented as strong. 

On March 7, 2017, the Apache Foundation disclosed a critical vulnerability in Apache Struts, 

a widely used web application framework. A patch was available. Equifax did not apply it. On 

May 13, attackers exploited the unpatched vulnerability and began exfiltrating consumer 

data. The breach continued undetected for 76 days. By the time it was disclosed in 

September, the records of 147 million consumers were exposed. 

Settlements eventually exceeded 1.4 billion dollars. The CEO and CIO retired. The board 

was reshuffled. Criminal investigations followed. Years of reputational damage are still being 

absorbed. 

Security is a high-stakes decision. An excellent averaged security posture is not protection if 

one unpatched vulnerability exists on one exposed server. The other controls do not 

compensate. They were not designed to. But most security scorecards, maturity ratings, and 

compliance frameworks in use today are scored compensatorily. A strong identity access 

management program improves the overall score. A weakness in patch management lowers 

it, but not to zero. The scorecard averages. Attackers do not. 

Theranos, 2003 to 2018 

Theranos had, by most measures, one of the most credible early-stage technology stories in 

recent memory. A charismatic founder with a Stanford credential. A distinguished board 

including former cabinet secretaries and retired military leadership. A nine billion dollar peak 

valuation. Major partnerships with Walgreens and Safeway. Coverage in every major 

business publication. Investor enthusiasm spanning venture capital, sovereign wealth, and 

family office money. On every dimension except one, the company presented as 

extraordinary. 
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The one dimension on which it failed was the one dimension that mattered. The blood 

testing technology did not work. The Edison device could not reliably perform the tests the 

company claimed. Internal testing showed results that were inconsistent, inaccurate, or 

simply wrong. The company masked these failures by running samples on conventional 

laboratory equipment and representing the results as produced by the proprietary 

technology. 

By 2018 the SEC had charged the company with fraud. By 2022 the founder was convicted 

on multiple counts of criminal fraud. Investors lost their capital in full. Patients who received 

incorrect diagnostic results bore harms that have never been completely enumerated. 

Clinical diagnostic accuracy is a high-stakes decision. No amount of investor enthusiasm, no 

strength of board composition, no breadth of retail partnership can compensate for a device 

that produces wrong results. The market systematically averaged across all the signals and 

produced a nine billion dollar valuation. An architecture that respected the weakest link 

would have asked a single question first and weighted nothing else until it was answered. 

Does the device work. It did not, and that single answer was architecturally sufficient to 

determine the outcome. 

The 2008 mortgage crisis 

The most important case in this set, because it was produced by some of the most 

sophisticated analytical infrastructure in the financial world. Rating agencies used statistical 

models that averaged default risk across large, geographically and demographically 

diversified pools of mortgages. Individual mortgages in the pools were often high risk, but a 

diversified pool of thousands could still average out to investment grade and, at the top 

tranches, to AAA. 

The architecture of the averaging contained one critical assumption. The models assumed 

that mortgage defaults were approximately independent across the pool. A default in Florida 

was assumed to be statistically uncorrelated with a default in Arizona, which in turn was 

uncorrelated with a default in Nevada. Under that assumption, diversification worked and the 

averaged risk was low. The assumption was the foundation on which the entire AAA tranche 

structure rested. 

In 2007 and 2008 the assumption failed. National housing prices declined simultaneously. 

Defaults spiked simultaneously in every major market. The diversification that had been 

mathematically assumed did not exist empirically. The averaged AAA tranches collapsed. 

Financial institutions holding them collapsed. Credit markets froze. Global wealth destruction 

reached roughly ten trillion dollars by some estimates. The resulting economic damage is 

still being paid off, in some national balance sheets, nearly two decades later. 

This case is the most important in the set because it shows that sophisticated averaging, 

produced by sophisticated people with sophisticated models, can fail catastrophically when 

the underlying decision architecture is wrong. The models were mathematically correct given 
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their assumptions. The assumptions concealed a high-stakes decision dressed up as an 

averaging problem. When the single critical assumption failed, the entire averaged structure 

failed simultaneously, because the averaging was no longer meaningful. 

The verdict 

In every case, the system looked sophisticated, survived substantial scrutiny, and performed 

well on averaged measures right up to the moment of failure. In every case, a small number 

of people inside the organization could see the weakest link, and they were overruled by the 

weight of the averaged signal. In every case, after the fact, the failure looked obvious. 

That retrospective obviousness is the diagnostic. Failures that look obvious in retrospect are 

usually high-stakes decisions that were architecturally invisible in the averaging-based 

decision system. The pattern generalizes. Wherever your organization depends on a 

decision for which getting one thing wrong makes everything else irrelevant, averaging 

architecture is the wrong tool, regardless of how sophisticated the averaging is. The failure 

mode is predictable. The surprise is not the failure. The surprise is how many sophisticated 

organizations are walking toward it now, with AI infrastructure that cannot see the 

architectural mismatch it is producing. 

If your organization makes decisions where one dimension can veto the outcome, and your 

AI platform cannot natively express the alignment of necessary conditions or report the 

weakest-link minimum rather than the weighted average, you are running averaging 

architecture on high-stakes decisions. The cost of that mismatch will be paid in the contexts 

where mistakes cannot be recovered. 
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Part 4. Architecture is not enough; the world changes 

Suppose your organization has identified its high-stakes decisions correctly, mapped each to 

its true architectural form, and deployed infrastructure that expresses alignment and 

weakest-link logic where it is required. The work is not finished. The world changes. 

Regulatory environments shift. Attack patterns evolve. Clinical criteria are revised. Customer 

behavior adapts. Market dynamics move. An architecture calibrated in 2024 is not 

automatically the correct architecture in 2026. 

The decision system must refine itself as the world changes. The question is how, and 

whether the refinement can be trusted. 

The appeal and the danger of self-refining AI 

AI systems that refine themselves sound appealing. Autonomous optimization. Continuous 

learning. A system that gets better while you sleep. Every major AI platform vendor has been 

marketing some version of this capability for the past two years, and the underlying 

technology is real. There is now a well-documented pattern in which an AI system can 

examine its own recent performance, propose a targeted change, test the change, keep it if 

it improves a metric, discard it if it does not, and repeat the cycle hundreds of times 

overnight. The demonstrations are impressive. A single engineer, over one night of compute, 

can produce performance improvements that previously would have taken weeks of team 

effort. 

The danger is not the AI. The danger is that most implementations of self-refining AI have no 

discipline around what the AI is permitted to change, what metric it is allowed to optimize, or 

what audit trail it must leave behind. Four failure modes recur across the reported incidents 

of self-refining systems behaving badly. 

First, optimization without pre-registered boundaries. The system drifts into configurations no 

human would have approved, because no human ever defined which configurations were 

out of bounds. Second, optimization against gameable metrics. The system learns to game 

the metric rather than solve the underlying problem, because the metric was not constructed 

to be immune to its own optimizer. Third, optimization without audit trail. No one can 

reconstruct what the system learned, when, or what change caused a subsequent decision 

to shift. The system is a black box to the humans supposedly overseeing it. Fourth, 

optimization that is not reversible. When the organization discovers that the system's 

refinements are wrong, there is no clean path back to a known-good state. 

These four failure modes, individually or in combination, are what produce the widely 

reported cases of AI systems going off the rails in ways their builders did not anticipate. The 

refinement was real. The discipline was not. 
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What safe refinement looks like 

The same self-refining pattern, applied with five specific disciplines, produces results that are 

safe rather than reckless. The disciplines are simple to state. They are much harder to 

engineer from scratch, which is why they are rare in the market today. 

• Pre-registered boundaries. Before the system begins to refine itself, the business 

defines in plain language what the system is allowed to modify, what it must never 

modify, and what success looks like. These boundaries are recorded, timestamped, 

and frozen before the first experiment runs. The system may not modify the 

boundaries. 

• A single testable metric. The system optimizes against one metric at a time, and the 

metric cannot be gamed by changing the system's own inputs. The metric is chosen 

and defined before refinement begins. 

• Complete audit trail. Every refinement, every configuration the system evaluates, 

every accepted change, and every reverted change is logged with timestamp and 

cause. A human can reconstruct exactly what the system did and why, at any point in 

time, without additional instrumentation. 

• Full reversibility. Every refinement can be rolled back. The system maintains a 

known-good state at all times, and reverting to that state is a one-step operation. 

• Bounded search only. The system cannot modify its own boundaries, its own metric, 

or its own audit rules. The governance lives outside the system and is not subject to 

the system's optimization. 

These five disciplines, taken together, transform self-refining AI from an uncontrolled 

experiment into a bounded, auditable engineering process. The pattern is known inside the 

AI research community, and the technical references describing it have accumulated rapidly 

over the past twelve months. What is rare is infrastructure that provides these disciplines as 

built-in capabilities rather than as engineering projects the customer is expected to complete 

on top of a less disciplined platform. 
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Part 5. The architectural answer, in production 

The argument to this point has been architectural. Decisions come in three forms. High-

stakes decisions are governed by alignment of necessary conditions and constrained by the 

weakest link among them. Self-refining AI is powerful and dangerous in roughly equal 

measure unless it runs under specific discipline. The natural next question is whether a 

platform exists that supports all of this in production, or whether the argument is aspirational. 

The argument is not aspirational. OrbisFramework, built by Orbis Scientia, was engineered 

from the ground up to support all three decision architectures plus the refinement disciplines 

described above. It is in production today across three different domains: academic research 

workflows, automotive diagnostic and repair decision support, and education technology with 

integrated learning and assessment. The same infrastructure supports all three. The domain 

changes. The architectural capability does not. 

What OrbisFramework provides 

Decision architecture is explicit in the platform configuration. Every decision step in a 

workflow is configured as one of the three architectural forms: single metric with threshold, 

weighted compensatory score, or alignment-of-conditions check that reports the weakest link 

as the outcome. The architectural choice is visible, auditable, and reviewable by the 

business owner rather than buried in machine learning model code. If a decision should veto 

on one dimension, the configuration expresses that explicitly, and the platform enforces it. 

Scoring gates and refinement operate under the five disciplines named above. Pre-

registered boundaries define what the refinement process is permitted to modify. A single 

testable metric defines what improvement means. Every experiment, every configuration, 

every accepted edit, and every reverted edit is logged to an audit trail that is infrastructure 

rather than instrumentation. Every refinement is reversible. The governance rules live 

outside the refinement process and are not subject to the refinement's optimization. The 

platform enforces these disciplines at the platform layer, not in customer-written code. 

Multi-model execution uses the right AI model for each stage of the decision. Reasoning-

intensive steps use reasoning-optimized models. Generation steps use generation-optimized 

models. Structured extraction steps use the models best suited to structured extraction. The 

platform supports more than one hundred AI models through a common orchestration layer, 

and it supports private and air-gapped deployment for contexts where data cannot cross the 

organizational security perimeter. 

Enterprise-grade security, role-based access, input validation, and full audit capability are 

built into the foundation rather than added on top. The six to twelve months that most 

organizations spend building foundational infrastructure before their first AI workflow reaches 

production is not required. Development begins at the workflow itself, not at the 

infrastructure underneath it. 
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The validation 

OrbisFramework was forged on the hardest workflow we could conceive: academic research 

from initial idea to publication-ready manuscript. That workflow became a research platform, 

Orbis Scientia, where scholarly work is treated as a long-form, auditable process rather than 

a chat session. During pilot, two papers produced using the platform were accepted into 

peer-reviewed conference proceedings: at the Western Economic Association International 

Annual Conference in July 2026, and at the American Marketing Association Summer 

Conference in 2026. Both papers apply alignment and weakest-link analytical methods to 

questions in entrepreneurial finance and venture formation. 

This matters for the AI infrastructure question because peer review is one of the few audits 

in any field that is genuinely incentive-aligned to find errors. If the platform supports scholarly 

work that holds up under that level of scrutiny, it supports enterprise decision-making that is 

typically less methodologically constrained. The academic research is the hardest problem 

the platform has been asked to solve. Enterprise applications are easier on every meaningful 

dimension except business stakes, which is where the architectural discipline of the platform 

delivers the most value. 

My current doctoral research at the Daniels College of Business extends the work, applying 

alignment-based methods to a longitudinal database of approximately 2,500 technology 

company initial public offerings filed between 2010 and 2021. The research tests whether 

extraordinary post-IPO value creation is governed by alignment of necessary innovation 

conditions, where the weakest link constrains the outcome, or by averaging architecture, 

where strengths in some dimensions compensate for weaknesses in others. The full 

architecture, including the iterative refinement of measurement instruments and the 

adversarial robustness protocols, runs on OrbisFramework. The dissertation is in preparation 

for 2027 submission, and the methodological framework is referred to as Innovation 

Alignment Theory. 

What this means for your organization 

If your organization makes decisions where one dimension can veto the outcome, you need 

infrastructure that natively expresses the alignment of necessary conditions and the 

weakest-link reasoning that follows from it. Not as a custom integration on top of an 

averaging-based platform, but as the foundation. OrbisFramework is that foundation. 

If your organization runs AI systems that learn over time, you need pre-registered 

boundaries, complete audit trails, and full reversibility as infrastructure rather than as 

engineering homework. OrbisFramework provides them at the platform layer. 

If your organization operates in contexts where regulatory, clinical, safety, or reputational 

stakes make wrong decisions catastrophic, you need infrastructure built for those contexts, 

not infrastructure built for lower-stakes averaging decisions and adapted upward. 
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OrbisFramework was built for those contexts. It is in production, it has been validated at the 

level peer review requires, and it is ready to be deployed. 

The decisions that define your organization's future are not averaging problems. The 

architecture that understands the difference is ready now. 

If this argument resonates 

If the argument in this paper resonates with what you are seeing in your own organization, 

the right next step is a conversation, not a proposal. I work with a small number of senior 

executives each year on the architectural questions this paper raises. The conversations are 

structured. They are not promotional. The outcome is a concrete diagnosis of where your 

high-stakes decisions sit in your current AI infrastructure, and what would change if the 

architecture were right. 

To start the conversation, contact me directly at bradley@bradleywpetersen.com or 

schedule a strategic conversation at bradleywpetersen.com. The site contains the full 

research stream, the client record, and the engagement pathways. If you are working on a 

decision where getting one thing wrong makes everything else irrelevant, that is the 

conversation I am set up to have. 

Methodology and further reading 

The factual statements in this paper are drawn from publicly reported events and from my 

ongoing academic research at the Daniels College of Business, University of Denver. 

Aviation case (Part 1) 

Lion Air Flight 610 and Ethiopian Airlines Flight 302 details are drawn from the final 

investigation reports issued by the Komite Nasional Keselamatan Transportasi of Indonesia 

(2019) and the Aircraft Accident Investigation Bureau of Ethiopia (2022), along with the 

United States Department of Transportation's Special Committee review of the FAA 

certification of the Boeing 737 MAX. 

Equifax, Theranos, and the 2008 mortgage crisis (Part 3) 

Equifax breach details are drawn from the United States Government Accountability Office 

report (GAO-18-559) and Federal Trade Commission settlement disclosures. Theranos facts 

are drawn from the Securities and Exchange Commission complaint filed in 2018, the 

criminal proceedings culminating in the 2022 conviction, and the investigative reporting of 

John Carreyrou. The 2008 mortgage crisis architectural framing draws on the Financial 

Crisis Inquiry Commission Report (2011) and the academic literature on correlation risk in 

structured finance, particularly the work of David X. Li on Gaussian copula models and 

subsequent critiques. 

Self-refining AI discipline (Part 4) 
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Technical references to iterative search patterns are drawn from the published technical 

releases of Andrej Karpathy (March 2025) and the subsequent work of Gu and colleagues 

on recursive meta-agent scaffolding (April 2025). The five governance disciplines (pre-

registered boundaries, single testable metrics, complete audit trails, full reversibility, and 

bounded search) are my synthesis and are the subject of ongoing methodological 

development. 

Innovation Alignment Theory and the formal methodology 

The architectural argument in this paper draws on a formal methodological framework I am 

developing as part of my doctoral research. The framework, Innovation Alignment Theory, 

treats high-stakes outcomes as governed by the alignment of necessary conditions, where 

the weakest link among them constrains the outcome regardless of strength elsewhere. 

Methodologically, the framework is grounded in the configurational and necessary-condition 

traditions in management research, including fuzzy-set qualitative comparative analysis 

(fsQCA) and necessary condition analysis (NCA), and extends them to longitudinal venture 

data and post-IPO performance. 

Petersen, B. W. (2027, in preparation). Innovation Alignment Theory: Specifying the 

Structural Conditions for Transformational Post-IPO Value Creation. Doctoral dissertation, 

Daniels College of Business, University of Denver. 
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