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Introduction 
This book grew out of a question that became increasingly difficult for me to separate into the 
usual categories of psychology, neuroscience, leadership, and technology: how do intelligent 
systems act when they cannot know enough? Human beings do this constantly. Leaders do it 
professionally. Organizations institutionalize it. Artificial intelligence now participates in it. 
In every case, the system has to build some model of what is happening, decide how much 
confidence that model deserves, act before uncertainty has disappeared, and then respond 
when reality does not behave as expected. 

I came to this question first through psychology rather than through computer science. As a 
psychologist and psychotherapist working primarily within cognitive behavioral approaches, 
I have spent years observing what happens when people attempt to make sense of uncertain 
situations. Anxiety often intensifies not simply because the world is uncertain, but because 
uncertainty becomes something that must be eliminated before action feels possible. A person 
predicts danger, searches for reassurance, avoids disconfirming experience, and gradually 
strengthens the very model that keeps the fear alive. Therapy, at its best, creates conditions in 
which predictions can be tested against reality and revised. That clinical perspective has 
shaped the way I think about judgment far beyond the consulting room. 

The same structure appears, in a different form, in leadership and organizational life. 
Executives make consequential decisions with incomplete information. Teams develop 
shared explanations for why customers behave as they do, why a strategy is succeeding or 
failing, or what a new technology will change. Organizations then build processes, incentives, 
dashboards, and routines around those explanations. Once a model becomes embedded in a 
system, it can become surprisingly difficult to question. The organization may continue 
collecting more data while becoming less capable of seeing evidence that does not fit its 
assumptions. 

Generative AI made this problem more visible and more urgent. We now have systems that 
can summarize large information environments, generate alternatives, analyze patterns, 
simulate scenarios, produce persuasive explanations, and support decisions at a speed that 
would have been impossible only a few years ago. That is an extraordinary expansion of 
cognitive capacity. It also creates a new difficulty: a system can produce a coherent answer 
before the human being has fully clarified the question. It can strengthen a weak assumption 
by expressing it fluently. It can reduce uncertainty so quickly that we may stop noticing 
which parts of the reasoning process we have delegated. 

The central idea of this book is that intelligence should not be understood only as the ability 
to produce accurate predictions or impressive answers. In uncertain environments, an equally 
important capability is correctability: the ability to notice when a model is failing, determine 
how much the failure should matter, and update without losing the capacity to act. I use the 
term predictive intelligence for this broader ability. It includes prediction, but it also includes 
uncertainty estimation, metacognition, sensitivity to error, flexible updating, and the design 
of environments in which contradictory information can actually reach the people who need 
it. 
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Predictive neuroscience provides one important lens for this argument, but it is not used here 
as a metaphor for everything. The brain is not simply a biological version of a language 
model, and an organization is not a giant brain. Predictive processing and active-inference 
approaches remain active areas of scientific debate, with stronger evidence for some claims 
than for others. I therefore use these frameworks selectively: not as a total theory of mind or 
management, but as a disciplined way of asking useful questions about priors, uncertainty, 
prediction error, confidence, and updating. 

The first three chapters establish the conceptual foundation. Chapter 1 examines what 
biological prediction and generative AI genuinely have in common, and where the analogy 
breaks down. Chapter 2 moves from the brain to leadership and asks why expertise, which 
normally improves judgment, can become a liability when environments change faster than 
the expert's internal model. Chapter 3 then follows bias through the human-AI system, 
arguing that AI does not simply remove human bias. It can relocate it into data, objectives, 
prompts, workflows, feedback loops, and the interaction between human and machine 
judgments. 

The middle of the book turns from models to relationships. Chapter 4 distinguishes decision 
support from decision dependency and asks what happens when AI stops merely assisting 
cognition and begins quietly performing the cognitive work through which judgment used to 
develop. Chapter 5 moves to organizational adoption: why some employees resist AI, others 
misuse it, and still others overtrust it. Chapter 6 returns to uncertainty itself, showing why the 
leadership task is not to eliminate uncertainty, but to distinguish the uncertainty that should 
be reduced from the uncertainty that must be carried while action continues. 

Chapters 7 and 8 focus more directly on executive judgment. When answers become 
abundant, the scarce capability shifts toward framing, discrimination, calibration, and 
responsibility. Chapter 7 therefore asks what human judgment is for after AI can produce 
highly plausible analyses on demand. It develops a practical judgment loop for framing the 
decision, forming an independent view, challenging it with AI, examining disagreement, 
deciding, and learning from the outcome. Chapter 8 then develops the idea of the AI-
augmented executive: not a leader who simply uses more AI, but one who designs the 
relationship so that AI expands the hypothesis space, challenges strong priors, compresses 
information, and supports simulation without replacing responsibility. 

The final two chapters move from individual cognition to organizational learning. Chapter 9 
treats psychological safety not only as a well-being concept but as part of an organization's 
information architecture. If people cannot safely say that a model is wrong, an AI 
recommendation is misleading, or a senior leader's interpretation no longer fits reality, 
prediction errors become socially filtered before they can produce learning. Chapter 10 brings 
these threads together in the idea of the adaptive organization and introduces the PREDICT 
implementation loop: a practical method for making predictions explicit, rating uncertainty, 
exposing models to challenge, defining thresholds for reconsideration, inspecting prediction 
error, changing at the appropriate level, and transferring learning so that it survives beyond 
the individual who discovered it. 

There is a deliberate movement across these chapters: from the predictive brain, to the 
predictive leader, to human-AI systems, and finally to organizations that must learn through 
networks of human and artificial intelligence. The scale changes, but the underlying question 
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remains surprisingly stable: what happens when our model meets reality? Do we notice the 
difference? Do we reinterpret the evidence until the old model survives? Do we become 
paralyzed because certainty is unavailable? Or can we update while continuing to act? 

This is also why the book is neither an argument for trusting AI nor an argument for 
protecting human judgment simply because it is human. Humans are biased, inconsistent, 
emotionally invested, and often poorly calibrated. AI can outperform us in important domains 
and will continue to absorb tasks that once required substantial professional expertise. But AI 
systems also inherit objectives, data, constraints, and blind spots from the systems around 
them. The useful question is therefore not which side is generally more intelligent. It is how 
to design a combined system in which different strengths are used, different errors can expose 
one another, and responsibility remains visible. 

My own interest in this problem remains psychological. Underneath many sophisticated 
organizational failures is something very human: the difficulty of being wrong, the desire to 
convert ambiguity into certainty, the temptation to protect a coherent narrative, or the relief of 
handing a difficult judgment to an apparently authoritative system. The technology changes. 
Those psychological dynamics do not disappear. In some cases, technology amplifies them. 

The practical ambition of The Predictive Intelligence is therefore modest in one sense and 
demanding in another. It does not promise a method for predicting the future correctly. No 
such method exists. It proposes a discipline for thinking and organizing under uncertainty: 
make the model visible, distinguish evidence from assumptions, preserve contact with 
prediction error, calibrate trust, keep disagreement possible, and build routines through which 
learning changes future action. The reader does not need to agree with every analogy in the 
book for these questions to be useful. It is enough to ask, repeatedly and seriously: What do I 
currently believe? How confident should I be? What would I expect to observe if I were 
wrong? And when reality answers, am I prepared to listen?  
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Chapter 1. The Predictive Brain Meets 
Generative AI 
What biological prediction and artificial generation have in common - and 
why the differences matter 

One of the most interesting developments of the AI era is that two very different fields -
neuroscience and artificial intelligence - have increasingly begun to speak a similar language. 

Prediction. Probability. Uncertainty. Generative models. Error. Updating. 

Modern generative AI produces remarkably sophisticated outputs by estimating what should 
come next given what came before. At the same time, one influential family of theories in 
neuroscience - predictive processing - proposes that the brain does not simply passively 
receive information from the world. Instead, it continuously generates predictions about what 
it expects to encounter and updates those predictions when reality differs from expectation 
(Hodson et al., 2024). 

The resemblance is intellectually tempting. A brain predicts. An AI model predicts. But the 
conclusion that follows is often too quick: perhaps they are basically doing the same thing. 
They are not. The comparison is useful precisely when we understand both where it works 
and where it breaks down. 

The brain does not simply wait for reality 
Our intuitive picture of perception is often something like a camera. Light reaches the eyes. 
Sound reaches the ears. Sensory information travels into the brain. The brain then analyzes 
the incoming data and constructs our experience of reality. Predictive-processing theories 
challenge this sequence. According to these models, the brain is continuously generating 
hypotheses about the causes of its sensory inputs. What we experience emerges from an 
interaction between incoming evidence and prior expectations. In simplified Bayesian 
terms: (Hodson et al., 2024) 

prior expectation + new evidence → updated belief 

If you enter your office tomorrow morning, you do not need to reconstruct the meaning of 
every desk, chair, door and face from zero. Your nervous system already carries expectations 
about what is likely to be there. Usually, reality roughly confirms those expectations. When it 
does not, something particularly important happens: prediction error. 

A colleague who is normally sitting at her desk is absent. The lights are unexpectedly off. 
A familiar machine is making an unfamiliar sound. The discrepancy between what was 
predicted and what occurred provides information that can be used to update the internal 
model. Prediction, therefore, is not merely forecasting the future. It is part of an ongoing 
process through which the brain interprets the present. Recent neuroscience continues to 
investigate predictive mechanisms across perception, cognition and spontaneous brain 
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activity, although the precise neural implementation and explanatory scope of predictive-
processing theories remain actively debated (Hodson et al., 2024; Walker et al., 2023). 

Then generative AI arrived 
There is an intriguing parallel. A large language model also operates in a probabilistic world. 
During its foundational training, a language model learns statistical regularities in enormous 
amounts of text and develops the ability to estimate plausible continuations of sequences. 
Given a context, it assigns probabilities to possible next tokens and generates one 
continuation after another. From this deceptively simple training problem can emerge 
surprisingly complex capabilities: explanation, translation, programming, summarization, 
analogy, planning-like behavior and apparently creative generation. In both cases, therefore, 
intelligence appears to involve something deeper than merely storing information. It involves 
learning the structure of regularities. 

The system encounters patterns in previous data and uses those patterns to generate 
expectations about what is likely to occur next. This is one reason the comparison between 
generative AI and predictive neuroscience is so fascinating. Researchers have explicitly 
examined both the parallels and the profound computational differences between biological 
memory and generative AI. But this is exactly where we need to become careful (Gros, 2025; 
Rolls, 2024). 

Prediction is not one thing 
Saying that both brains and AI systems “predict” can obscure more than it explains. Consider 
a language model completing a sentence. 

The board rejected the proposal because... 

The model calculates plausible continuations based on the statistical structure learned from its 
training and the current context. Now consider an executive walking into a board meeting. 
She is also generating expectations. But her predictions are influenced by something radically 
different: her memories of previous meetings, the expressions on colleagues' faces, the tone 
of an investor's email, her relationship with the CEO, current market conditions, the possible 
consequences for employees, her own reputation, physiological arousal, fatigue, fear, 
ambition and hundreds of other signals. 

Her predictions are not detached computations about what word comes next. They are 
embedded within a living organism attempting to regulate itself and act in the world. 
That distinction is fundamental. 

Biological prediction is embodied 
The human brain exists inside a body. That sounds obvious, but it has enormous 
computational consequences. The nervous system must continuously predict and regulate 
variables related to temperature, energy, pain, movement, hunger, cardiovascular activity and 
internal bodily states. It receives information from the external environment, but also from 
inside the organism. A human prediction can therefore carry biological significance. If I 



9 

predict that the person approaching me represents danger, my prediction is not simply an 
abstract proposition. Attention changes. Autonomic activity changes. Muscle tension may 
change. Behavioral options change. Memory retrieval changes. The evidence I subsequently 
notice may change as well. Prediction becomes part of a perception-action loop. 

Humans do not merely generate models of the world. We act upon the world and then 
encounter the consequences of those actions. That feedback is one of the mechanisms 
through which our models can be corrected. 

Generative AI, by contrast, does not intrinsically have a biological body to protect, metabolic 
needs to regulate, pain to avoid or survival consequences attached to an incorrect prediction. 
Even when AI is connected to tools, robots or organizational systems, those goals and 
feedback mechanisms are externally designed rather than arising from biological self-
regulation. That difference matters enormously. 

The importance of prediction error 
There is another useful parallel between brains and intelligent systems. Learning requires 
being wrong. If every expectation were perfectly confirmed, there would be relatively little 
new information available for updating the model. It is the unexpected result - the mismatch - 
that can force revision. In predictive-processing accounts, however, the brain does not treat 
every error equally. Its influence depends partly on something often described as precision: 
roughly, how much confidence should be assigned to a particular prediction or incoming 
signal. 

Imagine hearing an unexpected comment in a noisy restaurant. Did the person actually say 
what you think they said? If the sensory evidence is unreliable, your previous expectation 
may dominate interpretation. Now imagine reading the same sentence clearly in a signed 
document. The evidence has greater reliability, and your belief should update accordingly. 
Human cognition therefore involves not only prediction, but an estimation - sometimes 
imperfect - of how much different information deserves to change what we already 
believe. Neuroscience increasingly studies how uncertainty itself is represented and used by 
neural systems. This becomes extraordinarily relevant once humans begin making decisions 
with AI. Because now there are two predictive systems interacting (Walker et al., 2023). 

When one predictive system advises another 
Suppose an executive asks an AI system: “Based on these numbers, why are customers 
leaving?” The AI generates a plausible explanation. But before asking the question, the 
executive already has a hypothesis. Perhaps she believes the problem is price. Her prompt 
reflects that assumption. The documents she uploads may reflect that assumption. The AI 
generates its answer from the information provided. The executive then reads the answer and 
interprets it through her own prior beliefs. If the output agrees with her expectation, 
confidence may increase. 

We can therefore create a loop: 

human prior → prompt → AI output → human interpretation → stronger human prior 
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Nothing in that sequence guarantees that the underlying assumption was correct. This is one 
of the most important organizational implications of generative AI. AI can reduce cognitive 
effort without necessarily reducing epistemic error. In some circumstances, it may make an 
incorrect explanation more coherent, articulate and persuasive. A weak hypothesis expressed 
poorly is relatively easy to challenge. A weak hypothesis rewritten into an elegant executive 
memo can become much harder to question. 

Fluency is not certainty 
Human beings have always had difficulty separating confidence from accuracy. Generative 
AI introduces another version of that problem. Language models are optimized to generate 
plausible output. Their linguistic fluency can therefore produce a subjective impression of 
understanding and certainty that is greater than the evidence warrants. 

Humans do something related. Our own experience of certainty is also not a direct 
measurement of objective truth. A belief can feel obvious because it fits our existing model of 
the world. That does not make it correct. In both human and AI reasoning, therefore, we need 
to distinguish: 

plausibility from probability, 
coherence from evidence, 
confidence from accuracy. 

That distinction may become one of the central cognitive skills of the AI era. 

But we should not turn predictive processing into a 
metaphor for everything 
There is another danger. Predictive processing is an intellectually powerful framework, and 
powerful frameworks are easy to overextend. Not every neural computation has been 
demonstrated to operate through predictive coding. Some proposed neural mechanisms 
remain uncertain, and empirical reviews have found the evidence stronger for some claims 
than for others. A 2024 review assessing predictive coding and active inference characterized 
the empirical evidence as supportive in important respects but still limited, particularly 
regarding specific neural implementations. More recent work likewise argues for greater 
precision about what experimentally observed “prediction-error” signals actually compute 
(Hodson et al., 2024; Keller & Sterzer, 2024). 

The same caution should apply when comparing the brain with generative AI. A useful 
analogy is not an identity. The brain is not simply ChatGPT made of neurons. And an LLM is 
not a synthetic human brain. They differ in architecture, learning mechanisms, embodiment, 
memory, developmental history, goals and relationship with the environment. Research 
comparing biological and artificial generative systems emphasizes substantial computational 
differences, despite interesting functional parallels. The comparison becomes scientifically 
productive when we resist exaggerating it (Gros, 2025; Rolls, 2024). 

What organizations can learn from both 
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The most useful lesson for leaders may therefore not be that brains and AI are the same. It is 
that both remind us that intelligent systems operate under uncertainty using incomplete 
information. Organizations do this too. A strategy is a prediction. A budget is a prediction. A 
hiring decision contains predictions. A product roadmap contains predictions. A market 
analysis contains predictions. Even statements that sound purely descriptive often contain 
assumptions about causal structure and future outcomes. The quality of an organization 
therefore depends partly on its ability to do three things: generate useful predictions, detect 
meaningful prediction errors, and update when reality disagrees. 

Organizations fail when any part of that cycle becomes impaired. Sometimes they fail 
because their models are poor. Sometimes because evidence arrives too slowly. Sometimes 
because information is filtered before reaching decision-makers. And sometimes because 
leaders become so attached to an existing model that contradictory evidence is reinterpreted 
rather than learned from. AI can strengthen this cycle - or weaken it. It can expose alternative 
hypotheses, analyze information at scale and help leaders test assumptions. But it can also 
generate sophisticated rationalizations for assumptions that nobody thought to question. The 
difference depends less on whether an organization uses AI than on how its decision 
processes are designed around it. 

The real opportunity: better prediction-error systems 
The organizations that benefit most from AI may not be those that simply generate more 
answers. They may be the ones that become better at discovering when their answers are 
wrong. That requires a different organizational culture. Instead of asking only: “What does 
the AI recommend?” leaders may need to ask: What assumptions produced this answer? 
What evidence would change it? Which alternative explanations were considered? 
Where are uncertainty and missing information highest? What would we expect to 
observe if this hypothesis were wrong? 

These are not merely AI-literacy questions. They are questions about human cognition, 
scientific reasoning and organizational design. And they point toward a broader idea. The 
future organization may increasingly consist of biological and artificial predictive systems 
operating together. Humans will bring embodiment, goals, values, responsibility, lived 
experience and contextual judgment. AI will bring computational scale, rapid generation and 
an extraordinary ability to discover and recombine patterns. The central challenge will not be 
deciding which one “thinks better.” It will be designing systems in which each helps expose 
the other's errors. That may be one of the defining characteristics of the Predictive 
Organization: not an organization that predicts the future perfectly, but one that 
continuously improves its models when the future refuses to behave as predicted. 
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Chapter 2. When Expertise Becomes a 
Liability Under Uncertainty 
Intelligence does not eliminate cognitive bias. Under uncertainty, expertise 
itself can become part of the problem. 

Organizations usually assume that important decisions should be placed in the hands of their 
smartest and most experienced people. The logic seems obvious. More experience means 
better pattern recognition. More intelligence means better analysis. More knowledge means 
fewer mistakes. And much of the time, that is true. But uncertainty creates a different kind of 
problem. When information is incomplete, causal relationships are unclear, probabilities are 
unstable and the environment itself may be changing, intelligence cannot simply calculate the 
correct answer - because there may not yet be enough information to calculate one. The 
leader must infer. And inference requires assumptions. This is where even highly intelligent 
leaders become vulnerable. 

The same cognitive machinery that allows an experienced executive to rapidly recognize 
patterns can also cause that executive to interpret new information through an increasingly 
established model of how the world works. Expertise creates better models. But it can also 
create stronger priors. And when the environment changes faster than the model, yesterday's 
expertise can become today's prediction error. 

Leadership is largely prediction 
Consider what senior leaders actually do. Should we enter this market? Will this executive 
perform well? Will customers pay for this product? Is the competitor's announcement 
strategically important? Will this technology fundamentally change our industry - or 
disappear in two years? Should we hire aggressively now or preserve cash? 

None of these questions can be answered by observing the present alone. Each requires a 
model of what will happen next. In that sense, leadership is fundamentally predictive. The 
leader combines previous experience, available data, assumptions about causal relationships 
and expectations about the future to select an action. 

This resembles the basic logic discussed in the first chapter: 

prior beliefs + new evidence → updated beliefs 

Under stable conditions, this process can work remarkably well. Experience allows the brain 
to compress years of information into useful expectations. A skilled founder may detect a 
weak product strategy before a spreadsheet clearly shows the problem. An experienced 
investor may notice inconsistencies in a pitch that a novice misses. A senior clinician may 
recognize a familiar pattern before every diagnostic variable has been collected. We often call 
this intuition. But intuition is not magic. Much of what we experience as intuition can be 
understood as rapid pattern-based inference built through previous learning. The problem 
appears when the environment becomes sufficiently different from the one in which those 
patterns were learned. 
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When a useful prior becomes an expensive assumption 
Imagine a CEO who has successfully built three software products. Across those experiences, 
one lesson repeatedly proved correct: If users love the product, growth follows. That belief 
is not irrational. It is grounded in experience. Now the CEO launches another product. Early 
engagement is excellent, but growth is disappointing. The leadership team presents several 
possibilities: The addressable market may be smaller than expected. Distribution may be 
weak. Competitors may have changed customer expectations. The product may solve an 
interesting problem that customers do not consider urgent enough to pay for. But the CEO's 
existing model is strong: Great products eventually win. So poor growth is interpreted as a 
temporary marketing problem. More money goes into acquisition. When that fails, the 
organization changes the messaging. When that fails, the sales team is replaced. Each new 
piece of information is incorporated into the existing explanation. The model survives. 
Reality changes around it. This is one of the paradoxes of expertise. A novice may have too 
few useful priors. An expert may occasionally have priors that are too precise. 

Within a predictive-processing framework, the question is not simply whether prior 
knowledge exists. The system must also estimate how much weight to give its previous 
model relative to new evidence. Research on predictive processing and adaptive decision-
making increasingly emphasizes precisely this problem: organisms must adjust learning 
depending on uncertainty, volatility and the reliability of incoming information. A strong 
prior is efficient when the world remains stable. When the world changes, the same 
confidence can slow learning (Hodson et al., 2024; Walker et al., 2023). 

Uncertainty changes how we think 
Uncertainty is not merely an absence of information. Psychologically, it can also function as 
a state that demands resolution. Humans frequently seek information even when that 
information has no immediate material reward, suggesting that reducing uncertainty itself can 
carry value. But people differ substantially in how they respond when uncertainty cannot 
immediately be resolved (Monosov, 2024). 

Research on intolerance of uncertainty describes a tendency to respond negatively to 
uncertain situations and has identified two recurring patterns: attempts to obtain predictability 
and certainty, and cognitive or behavioral paralysis when certainty cannot be obtained. The 
construct has been extensively studied in psychopathology, although its definition and 
measurement continue to evolve. Something analogous can happen organizationally. A leader 
facing uncertainty may begin demanding: more reports, more forecasts, more meetings, more 
KPIs, more scenarios, more certainty. Sometimes this produces better information. But 
sometimes it produces something different: the appearance of certainty (Begoyan, 2020; 
Birrell et al., 2011). 

A forecast with three decimal places is not necessarily more accurate than an informed range. 
A 70-slide strategy presentation does not eliminate uncertainty. And an AI-generated market 
analysis can transform limited evidence into extremely confident prose without increasing the 
quality of the underlying evidence. Organizations can therefore confuse information 
production with uncertainty reduction. The two are not the same. 
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Threat changes the weighting of information 
The problem becomes more significant when uncertainty is combined with threat. Imagine 
two strategic discussions. In the first, the company is comfortably profitable and considering 
entering a new market. In the second, revenue is falling, investors are nervous and layoffs 
may become necessary. The analytical question may look similar: What should we do next? 

But the brain processing that question is operating under very different conditions. Acute 
stress can impair working memory and cognitive flexibility, although its effects are complex 
and vary across tasks and individuals. A meta-analysis found overall impairments in working 
memory and cognitive flexibility under acute stress, while a 2024 systematic review likewise 
concluded that acute stress can compromise several processes involved in decision-making. 
This matters because good strategic decision-making often requires exactly those capacities: 
holding competing hypotheses in mind, switching between interpretations, inhibiting an 
immediately attractive response, and updating when evidence changes. Under threat, 
attention can become increasingly organized around what appears most salient. That is 
adaptive when escaping immediate danger. It is less obviously adaptive when deciding 
whether a company's business model will remain viable eighteen months from now (Shields 
et al., 2016; van Herk et al., 2024). 

A leader may feel that the situation requires more decisive thinking while simultaneously 
becoming cognitively less flexible. The subjective experience can be: “I finally see clearly 
what needs to be done.” The cognitive reality may sometimes be: “The range of 
possibilities I am considering has narrowed.” Those are not the same thing. 

Confidence is not calibration 
Organizations also reward confidence. Executives are expected to make decisions. Founders 
must persuade investors. Managers must provide direction. Employees often prefer a leader 
who says: “This is the strategy.” rather than: “I currently assign approximately 60% 
probability to this interpretation, but two variables could substantially change it.” Yet 
scientifically, the second statement may sometimes represent superior thinking. 

The problem is that confidence and accuracy are separate variables. A person can be: 
correct and confident, correct and uncertain, wrong and uncertain, or wrong and very 
confident. 

Recent work on managerial decision-making offers an important illustration. Studies of 
predecisional information distortion show that once people begin favoring one option, 
subsequent information may be interpreted in ways that support that emerging preference. 
That distortion can then increase confidence in the preferred option - even when the 
additional confidence is not justified by the evidence. Research published in 2025 
demonstrated this process among entrepreneurs, and a 2026 managerial study further 
examined how information distortion can generate overconfidence during strategic decisions 
(Boyle et al., 2025; Boyle & Nye, 2026). 
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This creates a dangerous cognitive loop: 

initial preference 
→ selective interpretation 
→ stronger preference 
→ greater confidence 

→ less information seeking 

The decision becomes psychologically more certain without becoming epistemically more 
reliable. 

Confirmation bias is not simply stupidity 
This is why describing cognitive bias as a failure of intelligence is misleading. A person does 
not need to be unintelligent to selectively interpret evidence. Indeed, sophisticated reasoning 
can sometimes provide more elaborate arguments for defending an existing model. The 
empirical relationship between intelligence, analytic thinking and various forms of “myside” 
or motivated reasoning is complex; different studies produce different patterns depending on 
the task and domain. The broader point is that cognitive sophistication does not make a 
person automatically neutral toward their own assumptions. 

This matters enormously in leadership. An intelligent executive is usually very good at 
producing explanations. Ask: “Why might this acquisition succeed?” and she can generate 
ten excellent reasons. The important test is whether she can apply the same cognitive power 
to: “Why might my current interpretation be wrong?” Intelligence expands reasoning 
capacity. It does not determine what that capacity will be used to defend. 

Heuristics are not the enemy either 
There is another mistake organizations frequently make when discussing cognitive bias. They 
conclude that good decisions require eliminating intuition and heuristics. That is neither 
realistic nor supported by decision science. 

Heuristics can be highly efficient and accurate when they are matched to the structure of the 
environment. Research on ecological rationality emphasizes that simple decision strategies 
can outperform more complex approaches under certain conditions. The important question is 
not whether a leader uses heuristics, but whether the heuristic is appropriate for the 
environment in which it is being applied (Hafenbrädl et al., 2022). 

A founder who has interviewed thousands of candidates may develop extremely useful rapid 
judgments. A venture capitalist may quickly identify familiar weaknesses in a business 
model. A surgeon may recognize an emergency before explicit analytical reasoning is 
complete. The problem emerges when the person cannot distinguish: “I recognize this 
pattern” from “This situation actually belongs to the same statistical environment as the 
situations from which I learned that pattern.” This distinction becomes especially 
important during technological disruption. 

Generative AI, geopolitical instability, rapid regulatory changes and shifting consumer 
behavior can alter the environment from which previous managerial intuitions were learned. 
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Expertise remains valuable. But the transferability of expertise should itself become a 
hypothesis. 

The organizational danger of a powerful prior 
Individual cognitive biases become especially important when the individual has 
organizational power. A junior analyst's mistaken assumption may affect a spreadsheet. A 
CEO's mistaken assumption may reorganize the company. Once senior leadership adopts a 
model, the organization often begins producing information inside that model. 

Suppose leadership believes: Our growth problem is primarily a sales-execution problem. 

The next questions become: Why isn't the sales team converting? Which salespeople are 
underperforming? Should compensation change? Do we need another VP of Sales? 

These may all be reasonable questions. But notice what has disappeared: What if the 
problem isn't primarily sales? An initial prediction has silently become the frame within 
which subsequent evidence is collected. This is how organizations can become extremely 
sophisticated at answering the wrong question. 

The objective is not to remove priors 
The solution is not to approach every decision with an empty mind. That would be 
impossible. Brains require prior knowledge. Leaders require models. Companies require 
assumptions about markets, customers and competitors. The objective is different: to prevent 
useful models from becoming unfalsifiable models. A predictive organization therefore 
needs mechanisms that make prediction errors visible. Before a major decision, leaders can 
explicitly state: What do we currently believe? How confident are we? What evidence 
supports this belief? What observation would make us substantially reduce our 
confidence? When will we review the prediction?  That final question matters. 
Organizations frequently record decisions. They less frequently record the assumptions that 
produced them. Six months later, if the result is poor, people reconstruct what they “really 
meant.” Memory becomes surprisingly generous. A simple prediction log changes the 
problem. Instead of saying: “We thought the strategy was directionally correct.” the 
organization can examine: “We predicted that activation would increase by 20–25% within 
two quarters if onboarding friction was the principal cause of churn.” 

Now reality can answer. That is what makes learning possible. 

Separate decision quality from outcome quality 
There is another essential distinction. A good decision can produce a bad outcome. A bad 
decision can produce a good outcome. If I responsibly estimate a 90% probability that an 
investment will succeed, there is still a 10% world in which it fails. Failure alone does not 
prove the reasoning was poor. Likewise, success does not prove the reasoning was good. 
Organizations that evaluate decisions only by outcomes therefore teach leaders the wrong 
lesson. They encourage hindsight bias. The better question is: Given the information 
available at the time, was the reasoning process well calibrated? Did we identify 
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uncertainty? Did we consider alternative models? Did we search for disconfirming 
information? Did we distinguish evidence from assumptions? Did we define what would 
cause us to update? 

This creates a culture in which changing one's mind is not automatically interpreted as 
weakness. It can instead become evidence that the learning system is functioning. 

From decisive leadership to adaptive leadership 
Traditional leadership culture often admires certainty. The leader sees what others do not. 
The leader decides. The organization follows. But highly uncertain environments may require 
a somewhat different model. The strongest leader may not always be the person with the 
strongest prediction. It may be the person who can hold a strong working hypothesis without 
confusing commitment with certainty. Such a leader can say: “This is our current 
model.” and simultaneously: “Here is what would make us change it.” 

That combination is psychologically difficult. Humans naturally prefer coherence. 
Organizations amplify that preference. Markets reward narratives. Investors ask for 
conviction. Employees seek direction. But adaptive intelligence requires something more 
subtle: the ability to act decisively while remaining cognitively revisable. That may be one of 
the central leadership capabilities of the AI era. Because leaders will soon have access to 
more analysis, more forecasts, more simulations and more persuasive explanations than any 
generation before them. The scarce resource will not necessarily be information. 

It may be epistemic flexibility: the ability to know when an existing model deserves 
confidence - and when reality is telling us to build another one. A predictive leader is 
therefore not someone who is rarely wrong. It is someone whose system is designed 
to discover error early, update efficiently and avoid turning confidence into evidence. 
And the predictive organization is not the company whose leaders always know what comes 
next. It is the company in which even the smartest person's prediction remains open to 
correction by reality. 
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Chapter 3. AI Doesn't Remove Bias. It 
Changes Where Bias Lives. 
The problem is not simply biased data. It is the entire human-AI decision 
system. 

One of the most persistent promises surrounding artificial intelligence is that it can make 
human decisions more objective. Humans are biased. Algorithms are mathematical. 
Therefore, replacing more human judgment with data and computation should produce more 
neutral decisions. The logic is attractive. It is also incomplete. AI can certainly reduce some 
forms of human inconsistency. An algorithm does not become irritated after a difficult 
meeting, like one candidate more because they attended the same university, or make a 
different decision simply because it is tired at 5 p.m. But removing a human from one part of 
a decision does not remove human assumptions from the system. They may simply appear 
somewhere else. In the dataset. In the definition of the target. In the variables selected. In the 
prompt. In the model architecture. In the threshold chosen for action. In the workflow 
surrounding the model. In the manager deciding whether to trust its recommendation. Or, 
eventually, in the new data generated by decisions that the AI itself helped produce. 

The better question, therefore, is not: “Is the AI biased?” It is: “Where does bias enter this 
decision system, how does it move through it, and what happens when humans and AI 
begin influencing one another?” That is a much more difficult question. It is also the one 
organizations need to ask. 

Bias is larger than prejudice 
The word bias is often used as if it means intentional discrimination. In cognitive science and 
statistics, it is broader. A bias can simply mean a systematic tendency in how information is 
selected, weighted, interpreted or represented. Human cognition necessarily contains such 
tendencies. A brain cannot treat every possible explanation as equally probable. It uses 
previous learning - priors - to decide which hypotheses deserve more attention. That is 
usually useful. If I hear footsteps behind me while walking through my office during the day, 
my brain does not seriously evaluate the possibility that they belong to a tiger. Previous 
knowledge constrains interpretation. In this broad sense, intelligent systems require selective 
weighting. The issue is not whether a system has biases. The issue is which biases it 
contains, where they came from, whether they remain appropriate to the current 
environment, and what consequences they produce. This distinction is especially 
important in AI. 

The U.S. National Institute of Standards and Technology distinguishes three broad categories 
relevant to AI systems: systemic bias, computational and statistical bias, and human-
cognitive bias. These can interact across the entire AI lifecycle - from design and data 
collection to implementation and use (National Institute of Standards and Technology 
[NIST], 2022).  This already tells us something important. Bias is not located exclusively 
inside the algorithm. AI is part of a socio-technical system. And once we think at the level of 
the system, bias begins to look less like an isolated defect and more like something that can 
migrate. 
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Bias can enter before the model exists 
Imagine a company wants to build an AI system to identify its “highest-potential employees.” 
Before a single model is trained, several decisions must already be made. What does high 
potential mean? Promotion within three years? Manager ratings? Revenue generated? 
Employee retention? Leadership assessment scores? Each choice contains assumptions. 
Suppose the organization defines success as historical promotion. The dataset now contains 
the company's previous promotion decisions. 

If certain types of employees were historically more likely to be promoted - not necessarily 
because of explicit discrimination, but because of organizational norms, network structures, 
career interruptions, managerial preferences or access to high-visibility projects - the target 
variable already reflects that organizational history. The algorithm may then become 
extremely good at predicting: Who resembles the people this organization used to 
promote? That is not necessarily the same question as: Who has the greatest future 
potential? The AI did not invent the distinction. The organization did. Before asking whether 
the model is fair, therefore, we should ask something even more fundamental: What exactly 
did we teach it to predict? 

Data do not arrive without a history 
The phrase “data-driven decision-making” can create the impression that data are somehow 
external to human interpretation. But organizational data are usually traces of previous 
human behavior Sales data reflect previous pricing and distribution decisions. Performance 
ratings reflect managerial judgments. Customer-service records reflect which customers 
contacted the company and how employees categorized their problems. Hiring data reflect 
whom the company previously chose to interview. Promotion data reflect earlier 
organizational decisions. Medical records reflect which patients received which diagnoses 
and tests. Data are not merely observations of reality. They are often observations of reality 
after previous decisions have already shaped it. This creates an important problem. If we 
train AI on historical organizational data, we may be training it not only on historical 
outcomes but also on historical assumptions. AI can transform those assumptions from 
informal human habits into reproducible computational patterns. Once automated, the pattern 
may become faster, more consistent and much easier to scale. NIST explicitly warns that 
harmful bias can arise from the combination of societal, institutional, human and technical 
factors, and that addressing data or algorithms alone is insufficient (NIST, 2022). 

AI can amplify small biases 
The situation becomes more interesting when AI does not merely reproduce existing bias. It 
can sometimes amplify it. A particularly important demonstration was published by Moshe 
Glickman and Tali Sharot in Nature Human Behaviour (Glickman & Sharot, 2025). Across a 
series of experiments involving 1,401 participants, the researchers examined what happened 
when people interacted repeatedly with biased AI systems. Small initial biases in human 
judgments were learned by AI systems. The AI could amplify those biases. Then humans 
interacting with the biased AI began becoming more biased themselves.  
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The result was a feedback loop: 

human bias → AI learning → amplified AI bias → changed human judgment → 
stronger subsequent bias 

Importantly, participants often underestimated the degree to which the AI had influenced 
them.  This changes the problem fundamentally. We are no longer dealing with two 
independent sources of error: a biased human and a biased machine. We are dealing with 
a coupled cognitive system in which each can modify the other. That is a very different 
organizational problem. 

The model can become a new prior 
Return to the predictive-processing perspective. Human beings approach decisions with prior 
expectations. Then an AI system produces a recommendation. Once that recommendation 
appears on the screen, it becomes part of the evidence available to the person making the 
decision. But humans do not necessarily weight that evidence correctly. 

An output labeled: 

AI recommendation: Candidate A - 87% fit 

does not enter the human mind as neutral information. 

It can become a powerful prior around which subsequent reasoning is organized. The 
recruiter may now notice Candidate A's strengths more easily. Ambiguous information may 
be interpreted more positively. Contradictory evidence may require more cognitive effort to 
overcome the initial recommendation. The system therefore does not merely predict the 
candidate. It can partly shape how the human sees the candidate. This phenomenon is 
related to automation bias: the tendency to rely excessively on automated recommendations, 
sometimes allowing them to replace independent information search or judgment. 

The problem is well documented in decision-support research. Recent experiments in 
personnel selection found that incorrect AI advice reduced human decision performance 
because participants failed to disregard it sufficiently. Notably, making the advice more 
explainable did not eliminate the overreliance (Cecil et al., 2024).  

That finding deserves attention. Organizations sometimes assume: If we explain the AI, 
humans will use it correctly. Not necessarily.An explanation can itself become persuasive. 

Explainability is not the same as correctness 
Suppose two AI systems produce the same wrong recommendation. System A says: Reject 
Candidate B. System B says: Reject Candidate B because their career history shows lower 
predicted leadership continuity, reduced role tenure and limited cross-functional progression. 
The second system feels more transparent. But transparency and truth are separate variables. 
A coherent explanation for an incorrect inference remains an incorrect inference. Generative 
AI makes this especially important because language models are unusually capable of 
producing explanations. A human decision-maker may therefore experience something 
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psychologically powerful: not only a recommendation, but a well-articulated justification 
for the recommendation. The quality of the language can easily be confused with the 
quality of the evidence. We saw a similar problem in the first chapter: fluency is not 
certainty. Here we can add: explanation is not validation. 

Bias can move from the model to the workflow 
Consider another scenario. A company uses AI to prioritize sales leads. The model ranks 
customers according to expected conversion probability. Initially, the system performs 
reasonably well. Salespeople naturally focus more attention on highly ranked leads. Those 
customers receive more calls, better follow-up and faster responses. Lower-ranked customers 
receive less attention. Six months later, the company retrains the model using new conversion 
data. What will the new dataset show? High-ranked customers converted more frequently. 
But part of the reason they converted more frequently is that the previous model caused the 
company to give them more attention. The AI's prediction has begun influencing the reality 
used to evaluate the prediction. This is a feedback loop. The system may eventually conclude: 
These customers convert because they are intrinsically better leads. When part of the 
truth is: These customers converted partly because the system previously told us to treat 
them as better leads. Prediction has become intervention. This distinction is crucial. 
Whenever an AI recommendation changes human behavior, the subsequent data may no 
longer represent an independent test of the original prediction. 

Bias can hide inside organizational processes 
This is why auditing only model accuracy is insufficient. Imagine an AI hiring system that 
performs equally well across several demographic groups. Technically, that may be 
encouraging. But suppose the organization uses the model only after an initial employee-
referral stage. If the referral network itself systematically reaches a narrow population, the AI 
may never encounter the candidates excluded earlier in the process. The model can be 
statistically balanced within the population it sees while the overall decision system remains 
selective. 

This is one reason NIST emphasizes that a system in which certain measured biases are 
mitigated is not automatically fair (NIST, 2022). Fairness also depends on context, 
accessibility, organizational processes and the broader environment in which the system 
operates. The location of bias has changed. It is no longer necessarily inside the classifier. It 
may be upstream. Or downstream. Or in the organizational process connecting the two. 

Humans can overtrust AI - and undertrust it 
There is another complication. The problem is not simply excessive trust. Humans can also 
reject useful AI advice. Imagine a highly experienced executive receiving a recommendation 
that contradicts twenty years of personal experience. The algorithm may be correct. But the 
leader's prior is strong. The response may be: “The model doesn't understand our business.” 
Sometimes that statement is correct. Sometimes it is a sophisticated way of protecting an 
existing belief from prediction error. So human-AI systems can fail in two opposite 
directions. 
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Overreliance: The machine calculated it, therefore it must be right. 

Underreliance: My experience contradicts it, therefore the machine must be wrong. 

The optimal relationship is neither obedience nor reflexive skepticism. It is calibrated trust. 
Trust should depend on: the task, the quality of the evidence, the model's validated 
performance, the environment in which it was tested, the consequences of error, and the 
availability of independent human expertise. This sounds obvious. Operationalizing it is 
difficult. 

The most dangerous bias may be invisible agreement 
Imagine a CEO already believes that the company's problem is poor execution rather than 
poor strategy. She asks an AI system: “Analyze why our teams are failing to execute the 
current strategy effectively.” The prompt has already framed the problem. The model 
responds with a sophisticated analysis of communication gaps, accountability structures, 
unclear KPIs and management processes. The CEO now has twenty pages of analysis 
supporting the original assumption. But the AI was never asked: Is the strategy itself 
wrong? The bias did not originate in the training data. It originated in the question. And 
because generative AI is exceptionally good at answering the question it receives, it can 
create a new organizational danger: high-quality answers to low-quality assumptions. 

This is one reason prompt engineering should not be understood merely as learning how to 
make AI produce better text. At the executive level, prompt quality is partly a problem 
of epistemology. What assumptions are embedded in the question? What alternatives have 
been excluded? What evidence would contradict the frame? Which relevant variable has not 
been mentioned? A powerful model cannot compensate for a systematically misframed 
problem. It may simply make the misframing more productive. 

AI can institutionalize bias 
Human biases are often inconsistent. That can be a weakness - but occasionally it also limits 
their reach. One manager may favor one type of candidate. Another may prefer something 
different. A third may override both. An automated system introduces consistency. Usually, 
we consider consistency a benefit. But if the underlying decision rule is problematic, 
consistency becomes scalable error. A flawed human judgment might influence ten 
decisions. A flawed automated decision rule can influence ten million. NIST therefore notes 
that AI can increase the speed and scale at which harmful biases are reproduced or amplified 
(NIST, 2022). AI does not need to be more prejudiced than a human to create more harm. It 
may simply be: faster, more consistent and more widely deployed. 

The organization itself becomes part of the model 
The central mistake is to imagine: 

human → AI → decision 

as a simple linear process. 
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Real organizational systems look more like: 

organizational history → data → model → AI recommendation → human 
interpretation → decision → organizational action → new outcomes → new data → 

updated model 

Now add incentives. Politics. Hierarchy. Time pressure. Risk tolerance. Executive beliefs. 
Customer behavior. Regulation. Culture. 

The “AI system” is no longer just the model. The effective system is the entire loop. This is 
why technical fairness cannot be separated entirely from organizational psychology. 

How predictive organizations should think about bias 
A more mature approach to AI bias begins with a different question. Instead of: “How do we 
remove bias from the model?” ask: “How does information become a decision in this 
organization?” 

Then examine the chain. 

1. What are we actually predicting? Is the target variable the phenomenon we care about 
- or merely something convenient to measure? 

2. Where did the data come from? Which previous human and organizational decisions 
generated them? 

3. Who is missing from the data? Not only statistically, but because organizational 
processes prevented them from entering the dataset at all. 

4. What assumptions are embedded in the model or prompt? Which variables are 
privileged? Which alternatives are excluded? 

5. How will humans respond to the output? Will they treat it as advice, evidence or 
authority? 

6. What happens when the human disagrees with the AI? Can disagreement be recorded 
and investigated, or is overriding the system administratively discouraged? 

7. Will the AI's recommendations change the future data? If so, how will we distinguish 
genuine predictive accuracy from self-reinforcing feedback? 

8. Who remains accountable? Not theoretically. Operationally. When the AI 
recommends one action and the human chooses another, who owns the decision? 

These questions move us beyond the idea of “debiasing AI.” They force us to design better 
human-AI learning systems. 

Perhaps we should not try to eliminate all bias 
There is a deeper point here. An intelligent system without any prior weighting would be 
practically useless. Brains need priors. Models require assumptions. Organizations need 
strategic beliefs. Decision-makers need heuristics. The goal cannot be perfect neutrality. The 
goal is correctability. Can the system identify when its assumptions are producing 
systematic error? Can people challenge its conclusions? Can the model be recalibrated? Can 
the organization detect feedback loops? Can evidence from outside the dominant model enter 
the decision process? Can a leader change her mind without the organization interpreting 
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updating as failure? These are ultimately the same questions we encountered in the previous 
chapter. The quality of intelligence depends not simply on the quality of prediction. It 
depends on the ability to respond to prediction error. 

From unbiased AI to adaptive systems 
The fantasy of perfectly objective AI is attractive because it promises to solve a deeply 
human problem technologically. Human beings are biased. So perhaps machines will make us 
unbiased. But the emerging evidence suggests something more complicated. Humans build 
the datasets. Humans choose the objectives. AI learns the patterns. Humans interpret the 
output. AI influences human judgment. Human decisions generate new data. And those data 
can return to the AI. Bias therefore does not belong exclusively to either side. It emerges 
from the relationship between them. 

The most sophisticated organizations will eventually stop asking whether decisions are made 
by humans or by AI. They will ask: How does the combined human-AI system form 
beliefs? Where does it become overconfident? Where can assumptions hide? How does 
it respond to disagreement? How quickly can it detect that its model of reality is wrong? 

That is the larger challenge. AI does not remove bias. It changes where bias lives. And once 
humans and AI begin learning from each other, the most important task is not to imagine that 
bias has disappeared. It is to make sure we can still find it. 
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Chapter 4. From Decision Support to 
Decision Dependency 
AI becomes risky not when it helps us think, but when we stop noticing which parts of 
thinking we have handed over 

There is a question about AI that I increasingly find less interesting: “How much should we 
use it?” The more important question is: “What exactly are we asking it to do for us?” 

Because there is a significant difference between using AI to support thinking and gradually 
allowing it to replace parts of the thinking process itself. At first, that distinction sounds 
obvious. In practice, it is surprisingly difficult to see. 

Imagine an executive preparing for an important board meeting. She already has a view of the 
problem. She gives the AI the available data and asks it to challenge her assumptions, 
identify what she may have missed, develop alternative scenarios and test the logic of her 
argument. The AI is helping her think. Now imagine a slightly different interaction. She 
uploads the same material and asks: “What should I do?” 

The AI structures the problem. It decides which variables appear important. It generates 
several options. It evaluates them. It recommends one. Then it drafts the rationale, prepares 
the presentation and anticipates the objections that might arise in the boardroom. The 
executive reviews everything, makes a few corrections and approves the final version. 
Formally, the decision is still hers. But cognitively, something important has changed. The AI 
has moved from assisting a decision to performing much of the cognitive work through which 
that decision was formed. And that boundary - between decision support and decision 
dependency - may become one of the most important psychological questions of the AI era. 

We have always outsourced parts of thinking 

Of course, cognitive offloading itself is nothing new. Human beings have always used the 
environment to extend cognition. We write things down because working memory is limited. 
We use calendars because remembering every appointment would be inefficient. We use 
calculators rather than performing every calculation mentally. We use spreadsheets to hold 
relationships between variables that would be almost impossible to manipulate in our heads. 
We ask colleagues for another perspective. We read books written by people who spent years 
thinking about problems we have only recently encountered. In this sense, externalizing 
cognition is not a weakness. It is one of the things human beings are remarkably good at. 

The problem with generative AI is therefore not that we suddenly began outsourcing 
cognition. The interesting change is how much can now be outsourced at once. A 
calculator performs a calculation. A search engine retrieves information. A spreadsheet 
organizes data. Generative AI can move across all of these levels. It can retrieve, summarize, 
compare, interpret, generate hypotheses, challenge an argument, create alternatives, evaluate 
those alternatives and recommend a final course of action. And it can do all of that inside the 
same conversation. This makes the transition from assistance to substitution unusually 
smooth. 
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You may begin by asking: “Summarize these reports.” Then: “What are the main 
problems?” Then: “Which problem should I prioritize?” Then: “What would you 
do?” And eventually: “Prepare the strategy.” There is no dramatic moment at which 
cognitive autonomy disappears. That is exactly why the issue deserves attention. 

Not all cognitive offloading is the same 

Recent research has started drawing a useful distinction here. A 2026 study proposed 
separating autonomous cognitive offloading from dependent cognitive offloading. In 
autonomous offloading, AI functions more like a scaffold. The person remains actively 
involved: generating ideas, comparing alternatives, questioning the output and integrating AI 
assistance into their own reasoning. In dependent offloading, more of the core cognitive 
process itself is delegated: the AI structures the reasoning, decides which information 
matters, develops the conclusions and increasingly becomes the source of the final cognitive 
product. The study followed 589 university students and early-career knowledge workers 
across three waves. Dependent offloading was associated with greater perceived transfer of 
cognitive agency and poorer perceived outcomes related to independent judgment and deep 
processing, while autonomous offloading showed a more favorable pattern. Importantly, the 
authors were careful not to claim causation: the study was correlational and relied partly on 
perceived cognitive outcomes. Still, the distinction itself is extremely useful (Zhu et al., 
2026). Because it shifts the discussion away from a rather simplistic question, “Is using AI 
good or bad for thinking?”, toward a more interesting one: “What kind of thinking 
relationship are we developing with AI?” And here something psychologically familiar 
begins to appear. 

The short-term benefit can hide the long-term cost 

One reason dependency is difficult to notice is that both forms of AI use can feel productive 
immediately. You finish the task faster. The document looks better. The analysis sounds more 
structured. You feel less stuck. The uncertainty decreases. And that immediate experience 
matters. From a psychological perspective, behaviors that reliably reduce effort, ambiguity or 
discomfort are very easy to reinforce. This is a pattern we know well from other areas of 
human behavior. In CBT, for example, we frequently distinguish between something that 
reduces discomfort now and something that actually improves learning over time. 
Reassurance can reduce anxiety. Avoidance can reduce anxiety. A safety behavior can make 
a difficult situation feel easier. But if the person repeatedly uses that strategy instead of 
discovering what happens without it, an important learning opportunity may be lost 
(Begoyan, 2020). The analogy with AI is not exact, of course. But the underlying learning 
problem is interestingly similar. Suppose every time I encounter uncertainty I immediately 
ask AI to resolve it for me. I feel relief. The problem becomes clearer. I can move forward. 
That is useful. But what have I learned? Perhaps I have learned something about the problem. 
Or perhaps I have also learned something else: When I am uncertain, I need the system 
before I can proceed. That distinction matters. Because the brain learns not only from the 
content of an answer. It also learns from the process through which uncertainty was resolved. 

Uncertainty is where independent judgment develops 

This is especially relevant for leaders. 
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Leadership rarely consists of choosing between one obviously correct option and one 
obviously incorrect one. The difficult decisions are difficult precisely because the evidence is 
incomplete. Should we enter the market? Should we fire this executive? Should we invest in 
the new technology? Should we change the strategy? Is the decline temporary or structural? 
Is this person underperforming, or is the system around them dysfunctional? There is no 
database containing the correct answer. A leader has to tolerate a period in which several 
models remain possible. They have to think. And often, they have to think while not 
knowing. That uncomfortable space is not simply an obstacle standing between the leader and 
a decision. It is part of the cognitive work. The leader compares hypotheses, notices 
contradictions, revisits assumptions, feels uncertain, searches for additional evidence, 
changes perspective. Sometimes sleeps on the problem and returns to it the next morning 
with a different interpretation. That process can look inefficient. But some of the most 
important cognitive work is happening precisely there. 

Now put an extremely capable AI system into that gap. Within seconds, uncertainty can be 
converted into structure. The messy problem suddenly has five categories, three strategic 
options, a risk matrix, a recommendation and a conclusion. That can be enormously useful. 
But there is also a subtle risk: the system can resolve uncertainty before the human mind 
has finished learning from it. 

The danger is not wrong AI. It may be very good AI. 

We often imagine dependency developing because a technology is unreliable. In reality, the 
opposite may be more important. Imagine an AI system that gives poor advice half the time. 
You will probably remain vigilant. You will double-check it. You will disagree. You will 
keep your own cognitive machinery engaged. Now imagine a system that produces excellent 
work almost every time. It notices things you missed. Its summaries are accurate. Its 
reasoning is generally sensible. Its recommendations are often useful. Over time, something 
rational happens. You check less. Why wouldn't you? Verification itself requires cognitive 
effort. And if checking repeatedly confirms that the system was correct, allocating less 
attention to verification becomes efficient. 

The paradox is that the better AI becomes, the easier it may become to stop 
independently evaluating it. 

Research on automation bias has been documenting versions of this problem for years. A 
recent interdisciplinary review of 35 peer-reviewed studies found that over-reliance is shaped 
by factors including trust, workload, expertise, cognitive load, task-verification demands and 
people's mental models of AI. Importantly, simply making AI more explainable does not 
necessarily solve the problem. Explanations can sometimes increase confidence without 
producing appropriate verification (Romeo	&	Conti,	 2026). So dependency should not be 
understood as stupidity or technological naïveté. It can emerge from a completely reasonable 
adaptation: “This tool is usually right, and checking everything costs me time.” That logic 
works beautifully. Until the moment when it doesn't. 

The problem appears when the system and the human are wrong in different situations 

What we actually want from human-AI collaboration is not maximum reliance. We 
want appropriate reliance. 
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When AI has better information or better pattern recognition, use it. When the human has 
relevant contextual knowledge that the model lacks, use that. When the two disagree, 
investigate why. Research on AI-supported decision-making increasingly describes this in 
terms of calibration: good collaboration means accepting useful AI advice while still being 
able to reject erroneous advice. Both over-reliance and under-reliance can reduce decision 
quality (Dogru	&	Krämer,	2025). This sounds straightforward. But imagine how difficult it 
becomes in practice. 

Suppose a founder has spent fifteen years in a particular industry. An AI analysis contradicts 
his intuition. Who should he trust? His experience may contain valuable information that 
never entered the model. Or his experience may have created exactly the strong prior we 
discussed in Chapter 2, making it difficult for him to recognize that the environment has 
changed. Now reverse the situation. Suppose the AI recommendation feels intuitively correct. 
Agreement feels reassuring. But perhaps both the executive and AI are relying on the same 
historical data and therefore reproducing the same mistaken assumption. Agreement does not 
necessarily mean independent confirmation. Sometimes it means shared error. This is why 
mature human-AI collaboration requires more than asking whether the model is accurate. We 
also need to understand where human and machine errors are likely to correlate - and 
where they are genuinely independent. 

Then there is another problem: skills change when they are not used 

Imagine two young managers entering the same company. Both are equally talented. One 
routinely uses AI after doing an initial analysis independently. She writes down her 
interpretation first. Then she asks the model to challenge it. When the two disagree, she 
investigates. The other manager begins directly with AI. Every difficult email is drafted by it. 
Every strategy document begins with it. Meeting preparation begins with: “Tell me the key 
points.” Data analysis begins with: “What does this mean?” When asked for an opinion, 
she usually already has an AI-generated framework on the screen. 

After five years, both may be extremely effective AI users. But will they have developed 
exactly the same independent judgment? That is an empirical question, and we should not 
pretend we already know the answer. Long-term research on generative AI and professional 
cognitive development is still emerging. But the question itself is important. Expertise is not 
merely information stored in memory. It develops through repeated attempts at interpretation: 
making predictions, making mistakes, receiving feedback, recognizing patterns, updating. In 
other words, expertise is partly built through prediction error. 

If the difficult interpretive work is consistently performed elsewhere, we should at least ask 
what happens to that learning loop. This becomes especially important for junior employees. 
An experienced executive may already possess decades of accumulated internal models. A 
24-year-old analyst does not. For the expert, AI may accelerate existing expertise. For the 
novice, the same AI may sometimes bypass parts of the process through which expertise 
would otherwise have developed. So organizations need to distinguish between using AI to 
augment expertise and using AI instead of developing expertise.They are not necessarily 
the same thing. 

Dependency can also be emotional, not only cognitive 
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There is another layer that receives less attention. Sometimes people do not ask AI because 
they lack the ability to think through a problem. They ask because thinking through the 
problem feels uncomfortable. They want confirmation. They want certainty. They want 
someone - or something - to say: “Yes. This is the right decision.” Anyone who works with 
human anxiety will recognize the structure immediately. 

Uncertainty creates discomfort. A source of reassurance becomes available. Reassurance 
reduces discomfort. So we return to it. The next uncertain decision triggers the same 
behavior. Again, the point is not that asking AI is pathological. Far from it. The interesting 
question is what function the interaction is serving. Am I asking the system because it has 
information or analytical capacity I need? Or am I asking because I find it increasingly 
difficult to tolerate not knowing? Those are psychologically different interactions even if the 
prompt looks identical. 

An executive who asks AI for ten additional analyses may appear highly analytical. But 
sometimes analysis itself can become a way of postponing the moment when uncertainty 
must simply be accepted and a decision made. More information does not always produce 
more certainty. Eventually, leadership still requires a human being to say: “We do not know 
everything. This is the model we currently have. These are the risks. And this is the 
decision I am prepared to take responsibility for.” AI does not eliminate that moment. It 
can only make it easier to forget that the moment still exists. 

And responsibility is where dependency becomes organizational 

Now imagine the same process at scale. A company introduces AI decision tools throughout 
management. Managers use them for hiring, performance reviews, pricing, risk assessment, 
budgeting and strategic planning. At first, every recommendation is described as advisory. 
Humans remain “in the loop.” But gradually, something predictable happens. If employees 
routinely override AI recommendations and later something goes wrong, they may have to 
explain why they ignored the system. If they follow the recommendation and something goes 
wrong, they can say: “That was what the system recommended.” The incentives are 
asymmetric. Following the machine can become psychologically and organizationally safer 
than disagreeing with it. At that point, the issue is no longer individual cognitive dependency. 
It has become institutional dependency. The organization may officially insist that human 
judgment remains central while quietly constructing processes in which exercising 
independent judgment becomes increasingly costly. This is how “human oversight” can 
become ceremonial. The person still clicks Approve. But approval is not the same thing as 
judgment. 

So what should leaders actually do? 

The solution is clearly not to avoid AI. That would make little sense. These systems can 
extend human cognition in extraordinary ways. The goal should be to design the relationship 
so that AI increases capability without gradually transferring away cognitive agency. One 
surprisingly simple principle is: think first when thinking first matters. For significant 
decisions, form an initial view before consulting AI. Write down the hypothesis. What do I 
think is happening? What evidence supports it? How confident am I? What am I uncertain 
about? Then bring in the model. Now AI becomes something closer to a cognitive sparring 
partner. 
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Ask: What am I missing? What alternative explanation fits these facts? Which 
assumption in my reasoning is weakest? What evidence would make my preferred 
strategy wrong? Argue against my conclusion. 

The sequence matters. 

human model → AI challenge → comparison → update 

is psychologically different from: 

AI model → human acceptance 

The first preserves the possibility of prediction error on both sides. The second can gradually 
make the AI's framing the starting point for all subsequent thinking. 

We may need deliberate cognitive friction 

For years, technology has been designed to remove friction: fewer clicks, faster answers, less 
effort. That is usually excellent product design. But cognition may be one of the unusual 
domains in which removing all friction is not always beneficial. Some forms of effort are 
waste. Others are learning. The difficulty is distinguishing between them. An executive 
manually formatting 200 slides is probably not developing strategically useful cognition. Let 
the AI do it. 

An executive struggling for twenty minutes with two competing explanations for why 
revenue is falling may be doing something entirely different. That struggle may be precisely 
where strategic understanding is developing. So perhaps the objective should not 
be maximize cognitive offloading. 

It should be: offload the cognition that does not need to remain human, while protecting 
the cognition we still need humans to develop and own. 

That distinction will differ across roles, across levels of expertise, across decisions and across 
organizations. But it needs to become explicit. Otherwise convenience will make the decision 
for us. 

The goal is not independence from AI 

There is a final point worth making. Talking about dependency can easily produce the wrong 
conclusion. The future executive should not aspire to think without AI. That would be like 
asking today's executive to work without spreadsheets, search engines or smartphones. AI 
will become part of normal cognition at work. The real question is what kind 
of interdependence we create. 

A mature relationship with AI is not: “I can do everything without it.” 

Nor is it: “It thinks better than I do, so why should I bother?” 

It is closer to: “I understand what I bring to this problem, what the system brings, where 
each of us is vulnerable to error, and when responsibility must remain mine.” 
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That requires something more sophisticated than AI literacy. It requires metacognitive 
literacy. The ability to notice not only what we are thinking, but how the process of thinking 
itself is changing when AI enters it. Because the most consequential effect of generative AI 
may ultimately not be that it gives us better answers. It may be that it changes which 
cognitive operations we continue to perform ourselves. And those changes will accumulate 
quietly: prompt by prompt, decision by decision. Until one day the important question may 
no longer be: “Can AI make this decision?” It will be: “Can we still make it without 
asking AI first?” That is the boundary between decision support and decision dependency. 
And the organizations that navigate it well will probably not be the ones that use AI least. 
They will be the ones that understand most clearly which parts of human judgment they 
are unwilling to stop exercising. 
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Chapter 5. Why Organizations Resist, 
Misuse, and Overtrust AI 
AI adoption is not simply a technology problem. It is a problem of prediction, trust, 
identity, incentives, and human behavior. 

A company buys an AI platform, integrates it into its systems, announces the launch and 
provides training. Technically, the implementation is complete. Six months later, something 
strange has happened. One group of employees barely uses the system. Another uses it 
constantly, including for tasks it was never intended to perform. A third group quietly copies 
company information into public AI tools because the official system feels too restrictive. 
Some managers double-check almost everything the AI produces, while others accept its 
recommendations with surprisingly little scrutiny. Everyone has access to essentially the 
same technology. Yet they behave as if they are interacting with completely different 
systems. This is where many AI transformation projects become psychologically interesting. 

Organizations often approach AI adoption as if the main question were whether employees 
know how to use the technology. So they provide tutorials, workshops, prompt libraries and 
internal guidelines. Those things are necessary. But they do not answer another question that 
may matter even more: What does this technology mean to the person using it? Is AI a 
useful tool? A competitor? A threat to professional identity? A shortcut? A surveillance 
mechanism? A source of reassurance? An authority? Something that makes work easier? Or 
something that may eventually make the employee unnecessary? 

The answer influences behavior long before another training session does. This is why 
organizations can simultaneously face three apparently contradictory problems: employees 
can resist AI, misuse AI, and overtrust AI. These can be different responses to the same 
underlying condition: people trying to understand a technology whose implications for their 
work, competence, status and future are still uncertain. 

Resistance is not always irrational 

When leaders see employees avoiding AI, the simplest explanation is often that people are 
resistant to change. Sometimes they are. But that description does not explain very much. 
Imagine a senior analyst who has spent fifteen years developing expertise in financial 
modelling. Her organization introduces an AI system capable of producing in thirty seconds 
an analysis that previously required several hours of her work. Management tells her: “Don't 
worry. AI will not replace you. It will augment you.” From management's perspective, this 
may be reassuring. From her perspective, it raises several additional questions. If the system 
performs more of my work, what exactly will my expertise be worth in three years? Will the 
company need the same number of analysts? Will junior employees still learn the skills I 
spent years developing? If I become extremely efficient with AI, am I demonstrating my 
value - or demonstrating that fewer people are required to do my job? These are not 
technically irrational questions. They are predictions about the future. Seen this way, 
resistance becomes easier to understand. People are not simply reacting to a technology. They 
are constructing a model of what the technology is likely to do to their environment and to 
their position within it. 
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Recent work on workplace AI resistance describes it as more than simple reluctance to learn 
a new tool. An integrative review by Golgeci and colleagues conceptualized resistance in 
terms of fear, perceived inefficacy and antipathy, with mistrust and questions about the 
employee's own future role playing important parts in the process (Golgeci et al., 2025). That 
distinction matters because training can solve an ability problem. It cannot automatically 
solve a meaning problem. If an employee's concern is, “I don't know how to use this,” 
training makes sense. If the concern is, “I understand perfectly well how to use this, but I am 
not sure what its success means for my future,” another tutorial on prompting will probably 
not change very much. 

Sometimes resistance is actually information 

Resistance is often treated as noise that needs to be eliminated so transformation can proceed. 
But sometimes resistance contains useful information about the transformation itself. 
Suppose a hospital introduces an AI decision-support system and experienced clinicians are 
reluctant to use it. One possible interpretation is algorithm aversion: professionals trust their 
own experience too much. That certainly can happen. But another possibility is that clinicians 
know something about the workflow that the implementation team does not. Perhaps the 
recommendation arrives too late. Perhaps the system is optimized for variables that are less 
clinically important than they appear. Perhaps responsibility becomes unclear when a 
physician's judgment conflicts with the algorithm. The fact that someone resists a system 
does not prove the system is poorly designed. But neither does technical sophistication prove 
the resistance is irrational. 

A large 2025 meta-analysis covering 163 studies and more than 82,000 participants helps 
explain why reactions vary so much. People tend to prefer AI more when they see it as highly 
capable and when the task does not seem to require much personalization. When people 
believe that human understanding or individualized judgment matters, preference can shift 
toward humans (Qin et al., 2025). That gives us a more useful question than “Why won't 
they adopt AI?” We can ask: “What does the employee believe this task requires, and 
what do they believe AI can and cannot provide?” Now resistance becomes something we 
can investigate rather than simply suppress. 

The same technology can threaten competence and promise competence 

AI does not merely change tasks. It can change how people experience their own 
competence. Consider two employees using generative AI for the first time. One 
thinks: “This is extraordinary. I can finally do things that previously required skills I 
didn't have.” The other thinks: “This is extraordinary. It can already do something I 
spent ten years learning to do.” The technology is identical. The psychological meaning is 
almost opposite. 

Research on the psychology of GenAI at work has highlighted three particularly relevant 
human needs: competence, autonomy and relatedness. AI can support these needs, but it can 
also threaten them. An employee may feel more capable because AI expands what they can 
accomplish, or less capable because previously valued expertise suddenly feels easier to 
replace. AI may increase autonomy by giving employees new tools, or reduce it if algorithms 
increasingly determine how work should be performed (Hermann et al., 2025). This helps 
explain why the usual message - “AI is here to help you” - is not enough. 
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People respond less to slogans than to what actually happens to their role. If they are told that 
AI will augment them while simultaneously seeing teams reduced, responsibilities automated 
and performance expectations increased, their predictive model will update from 
organizational behavior rather than organizational messaging. In psychology, we would not 
expect verbal reassurance to override repeated contradictory experience. Organizations 
should not expect it either. 

Then resistance can turn into misuse 

Interestingly, the employee who distrusts the organization's AI strategy may still use AI 
extensively. Just not in the way the organization expected. Imagine a company that officially 
introduces an internal AI assistant. Because of security concerns, access is limited, responses 
are slow and many functions are disabled. Meanwhile, employees already know that public 
generative AI tools can produce faster and more useful results. What happens? People find 
workarounds. They paste text into external tools, use personal accounts, remove obvious 
identifying information and convince themselves that the remaining material is safe. They ask 
the system to write reports, summarize client communications or analyze documents without 
fully understanding where the data may go. Management may describe this as irresponsible 
employee behavior. And sometimes it is. But behavior usually makes more sense when we 
look at the environment that shaped it. If an organization says, “Use AI, become more 
productive, work faster,” while simultaneously providing tools that make productive AI use 
difficult, it creates competing incentives. The formal rule says one thing. The performance 
system says another. And people adapt to both. This is why misuse cannot be solved entirely 
by another policy document. People need clear boundaries, but they also need usable 
alternatives. If the approved system is dramatically worse than the prohibited one, the 
organization has created a behavioral problem and then tried to solve it legally. 

Misuse also begins when nobody knows what 'good use' actually means 

There is another form of misuse that is less visible. An employee may follow every security 
rule and still use AI badly. For example, a junior consultant is asked to evaluate a client's 
market-entry strategy. Instead of developing an initial analysis, she uploads the available 
material and asks the model: “What strategy would you recommend?” The resulting 
document is coherent, professional and plausible. The manager is impressed. The client is 
impressed. There may be no obvious failure. But as we discussed in the previous chapter, the 
problem is not necessarily the quality of the output. The question is what kind of cognitive 
process the organization is reinforcing. If AI is always the first place employees go for 
interpretation, the company may increase short-term productivity while gradually reducing 
opportunities to develop independent judgment. This is not a reason to prohibit AI. It is a 
reason to distinguish between productive use and cognitively appropriate use. Those are 
not always identical. 

And then we arrive at the opposite problem: overtrust 

Organizations often begin AI implementation worrying that employees will not trust the 
system. Once adoption increases, the problem can reverse. People may begin trusting it too 
much. This usually does not happen because employees suddenly believe AI is infallible. It 
happens more gradually. The system is useful, then useful again, and again. Its summaries are 
good. Its recommendations seem sensible. Its language is clear. It saves time. 
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After enough successful interactions, checking everything begins to feel inefficient. If I 
independently verify a system one hundred times and it is correct ninety-seven times, my 
brain learns something: verification has a low expected return. So I begin checking less. 
And now imagine the 101st case is precisely the unusual one in which the model fails. This is 
why appropriate trust is more complicated than simply increasing trust in AI. Teams can fail 
in both directions: they can reject useful AI recommendations too readily, or accept them too 
readily. Recent work in organizational decision-making therefore emphasizes trust 
calibration rather than maximum trust - learning when the system deserves reliance and 
when it deserves challenge (Atanassova et al., 2026). That idea fits particularly well with 
predictive intelligence. The goal is not simply to “trust the model” or “trust the human.” It 
is to understand under which conditions each source is more likely to be wrong. 

Overtrust is not only about the AI. It is also about the organization 

Imagine a manager evaluating employees with the help of an AI system. The system 
recommends that one employee be classified as a poor performer. The manager disagrees. 
Now consider the incentives. 

If she overrides the AI and the employee later performs badly, someone may ask: “Why did 
you ignore the system?” If she follows the AI recommendation and it turns out to be wrong, 
responsibility may feel more diffuse: “I followed the approved process.” This creates an 
important asymmetry. Even when organizations formally say that humans retain final 
responsibility, their procedures may make following AI safer than challenging it. Recent 
experimental work on human-AI co-creation shows why experienced responsibility matters. 
Henkenjohann and Trenz found that when workers experienced greater responsibility for AI-
augmented work outcomes, errors were reduced; at the same time, the way human-AI 
collaboration was structured affected how responsibility was experienced (Henkenjohann & 
Trenz, 2026). So “human in the loop” does not automatically mean meaningful human 
oversight. A person can remain in the workflow and still become cognitively passive. They 
can click Approve without genuinely evaluating. The important variable is not whether a 
human was technically present. It is whether the human still experiences the outcome as 
something they are responsible for understanding and defending. 

Psychological safety matters here more than it first appears 

When people hear the term psychological safety, they often think about whether employees 
feel comfortable speaking openly in meetings. AI adds several new versions of the same 
issue. Can an employee say: “I don't understand how this system reached that 
conclusion”? Can a junior employee challenge an AI recommendation that a senior manager 
already accepted? Can someone admit: “I used AI for this part and I'm not fully confident 
in the result”? Can an employee report an AI mistake without fearing that they will be 
blamed for using the system incorrectly? Can someone say: “I don't think AI is appropriate 
for this task”? And equally important, can an employee admit: “I don't know how to use 
this yet”? If the answer is no, organizations create predictable adaptations. Employees hide 
uncertainty, hide AI use, avoid basic questions, copy what more confident colleagues appear 
to be doing, or rely on the system while pretending that they independently reached the 
conclusion. 

A 2025 article on workplace AI adoption described two recurring anxieties: fear of making 
mistakes with opaque systems and fear of being replaced by them. It argued that deployment 
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does not automatically become genuine adoption and emphasized psychological safety as part 
of the conditions required for employees to experiment productively with AI (Sarkar, 2025). 
This is very close to what we know more broadly about learning. People learn well when they 
can make manageable errors, receive feedback and update. If every mistake threatens status, 
they stop experimenting openly. They do not necessarily stop experimenting. They simply do 
it where the organization cannot see it. 

Training therefore matters, but training alone is not enough 

Suppose a company discovers that adoption is low and organizes a two-day AI workshop. 
Employees learn prompting, summarization, data analysis and workflow automation. Usage 
increases briefly. Then it plateaus again. Why? Because training answered: “How can I use 
AI?” while employees may still be asking: “When should I use it? What am I allowed to 
give it? What happens if it is wrong? Will my manager think I am less competent if I 
use it? Will I be blamed if I don't use it? Does using it make my role more valuable or 
more replaceable? Who owns the final decision?” Those are organizational questions, not 
technical ones. Unless the organization answers them, employees will build their own models 
from managerial behavior, colleagues' experiences, rumors and what happened during the last 
restructuring. People do not require certainty. But they do require a sufficiently coherent 
model of the environment to act. 

A predictive organization should expect different reactions 

This is also why one universal AI-adoption strategy is unlikely to work equally well for 
everyone. Some employees need more technical competence. Others need clearer boundaries 
or evidence that the tool actually improves their work. Some need permission to experiment. 
Some need to be challenged because they trust AI too quickly. And some experienced 
professionals need a meaningful answer to how their expertise will evolve. Leaders therefore 
need to resist a very tempting binary: AI adopters versus AI resisters. Real behavior is 
more complicated. The same person may resist AI in one domain and overtrust it in another. 
A physician may reject AI diagnostic advice because the task feels deeply dependent on 
clinical judgment, then unquestioningly use AI to summarize research papers. An executive 
may distrust AI-generated strategic recommendations but allow it to draft important 
communications without checking whether the tone subtly changes the meaning. A 
psychologist may be appropriately skeptical of AI-generated clinical formulation while 
becoming too confident in an AI literature summary because it sounds academically 
sophisticated. The relevant question is not whether someone “trusts AI.” Trust is task-
specific, context-specific and dynamic. And that is exactly what the evidence on algorithm 
appreciation and aversion increasingly suggests (Qin et al., 2025). So what should leaders 
actually design? The first step is to stop treating adoption as the number of employees who 
logged into the system last month. High usage does not necessarily mean successful adoption. 
Low usage does not necessarily mean failure. A team that uses AI constantly and uncritically 
may be in a worse position than a team that uses it selectively and knows when to challenge 
it. The relevant objective is appropriate use. That means organizations need several things at 
the same time: clear boundaries about where AI can and cannot be used, role-specific 
training, an understanding of system limitations, easy ways to verify important outputs, clear 
ownership of final decisions, and feedback loops that show when AI works well and when 
humans correctly override it. Most importantly, employees should participate in this process. 
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A useful implementation conversation might begin with questions such as: Where does AI 
genuinely make your work better? Where does it create additional risk? Which parts of 
your expertise should it augment rather than replace? Where do you feel tempted to 
trust it too much? Which tasks still require independent human judgment? Those 
questions provide the organization with information while restoring some degree of agency to 
the people whose work is being redesigned. 

The real target is calibrated use 

Organizations often imagine AI adoption as a movement along a simple line:  

resistance → acceptance → adoption 

But that model is probably too simple. 

Acceptance can go too far. The employee who never uses AI is not necessarily the ideal 
outcome. Neither is the employee who uses it for everything. 

What we actually want is something closer to:  

resistance → exploration → understanding → calibrated use 

Sometimes the correct decision will be to use AI extensively. Sometimes it will be to verify it 
carefully. Sometimes it will be not to use it at all. The intelligent system is not the one that 
maximizes AI involvement. It is the one that matches the level of AI involvement to the 
problem. That requires technical competence, but it also requires psychology. People need to 
understand their own reactions to the technology. Leaders need to understand the incentives 
surrounding its use. Teams need enough psychological safety to challenge both the system 
and one another. And organizations need to accept that uncertainty cannot be removed simply 
by putting a highly articulate machine into the workflow. In fact, AI may sometimes make 
uncertainty harder to see because it can produce clear answers before the organization has 
asked clear questions. That brings us back to the central idea of this book. 

Predictive intelligence is not the ability to eliminate uncertainty. It is the ability to build 
useful models, notice when those models are failing and update without becoming either 
paralyzed by uncertainty or prematurely certain. 

AI adoption follows the same principle. The organizations that use AI well will not 
necessarily be those that trust it most, nor those that remain most skeptical. They will be the 
organizations that learn when trust is justified, when resistance contains useful 
information, when convenience is producing misuse, and when confidence has quietly 
become overconfidence. That is a psychological problem as much as a technological one. 
And increasingly, it is a leadership problem. 
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Chapter 6. Uncertainty Is Not the Enemy: 
What Predictive Neuroscience Can Teach 
Leaders 
The goal of good leadership is not to eliminate uncertainty. It is to know what to do with 
it. 

There is a sentence leaders hear surprisingly often: “We need more certainty before we 
decide.” Sometimes that is exactly right. The team may be missing critical information. The 
financial assumptions may be weak. The market data may be incomplete. Waiting another 
week could materially improve the decision. But sometimes the sentence means something 
else. It means: “I am uncomfortable deciding while important things remain 
unknown.” Those are not the same problem. One can be solved with more information. The 
other cannot. This distinction matters because organizations spend enormous amounts of 
time, money and cognitive effort trying to eliminate uncertainty that cannot actually be 
eliminated. They commission another report, build another forecast, ask for another scenario, 
conduct another meeting and request another AI analysis. Eventually the documents become 
more detailed. The decision may not become more certain. And at some point, the attempt to 
eliminate uncertainty stops improving the decision and begins delaying it. This is where 
neuroscience offers an interesting perspective. The brain is not designed to operate only after 
uncertainty disappears. It is designed to operate because uncertainty exists. 

The brain has to act before it knows everything 

Think about something very ordinary. You are driving and notice a car approaching an 
intersection from your right. You do not know exactly what the other driver will do. You 
cannot know their reaction time, level of attention or precise intention. Yet you still need to 
act. The nervous system works with probabilities, expectations and incomplete evidence. It 
estimates. It updates. It prepares several possibilities. And then it acts. Many contemporary 
models of brain function describe perception and action in exactly these terms. Predictive-
processing and active-inference frameworks propose that the nervous system continuously 
uses prior models to interpret incomplete sensory information and adjusts those models when 
incoming evidence differs from expectation. Importantly, the evidence for these frameworks 
is promising but not complete. A 2024 review of predictive coding and active inference found 
empirical support for several aspects of the framework while emphasizing that some 
proposed neural mechanisms remain insufficiently validated. A newer 2026 review reached a 
similar conclusion: active inference generates meaningful predictions about exploration, 
action and decision-making under uncertainty, but more theory-driven empirical work is still 
required (Hodson et al., 2024; Lageman et al., 2026). That scientific caution is important. We 
do not need to claim that the brain literally follows one grand computational rule in order to 
extract a useful insight. The insight is simpler: adaptive systems do not wait for complete 
certainty before acting. They estimate uncertainty and behave differently depending on 
what they do and do not know. Leadership faces exactly the same problem. 
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Uncertainty contains information 

Suppose a CEO is considering entering a new market. The team estimates that demand is 
probably strong, but the estimate has a wide confidence range. Competitor behavior is 
unclear. Regulation may change. Customer interviews are positive, but the sample is small. 
One response is to say: “We don't know enough.” But that statement is incomplete. The 
more useful questions are: What exactly do we not know? Which uncertainty could be 
reduced with additional information? Which uncertainty will remain no matter how much 
research we conduct? And which uncertainty actually matters for the decision? That is 
already a much better cognitive frame. Because uncertainty is not simply absence of 
knowledge. It tells us something about the reliability of our model. If I am highly confident 
in a forecast because the environment is stable, the data are strong and the causal structure is 
well understood, I should behave differently than if the same forecast depends on three 
assumptions that have never been tested. The expected outcome may be identical. The 
uncertainty around it is not. 

Neuroscience has long examined how uncertainty influences attention, learning and decision-
making. More recent work emphasizes that humans and other animals actively seek 
information partly because reducing uncertainty itself has value. Monosov's 2024 review, for 
example, describes neural systems involved in novelty, curiosity and information seeking, 
while Attaallah, Petitet and Husain's 2025 review frames active information gathering as a 
core process that allows organisms to navigate uncertainty adaptively (Attaallah et al., 2025; 
Monosov, 2024). This gives leaders a useful principle. When uncertainty is high, the correct 
response is not automatically wait. Sometimes the correct response is explore. 

Good uncertainty produces questions 

Imagine two executive teams discussing the same investment. Team A says: “We are only 
60% confident this will work, so we should postpone the decision.” Team B says: “We 
are 60% confident. What is creating the remaining uncertainty, and what is the 
cheapest way to learn something useful about it?” The second team has converted 
uncertainty into an information problem. Perhaps the uncertainty concerns customer 
willingness to pay. Do not spend three months debating it. Run a pricing experiment. Perhaps 
the uncertainty concerns whether users will adopt a new feature. Build a limited prototype. 
Perhaps the uncertainty concerns a regulatory decision that nobody inside the company can 
meaningfully predict. In that case, another internal meeting will not resolve it. The company 
may need to design a strategy that remains viable under several regulatory outcomes. This is 
a subtle but important shift. Instead of asking: “How do we eliminate uncertainty?” the 
organization asks: “What kind of uncertainty is this, and what action does it justify?” 
That is much closer to how an adaptive system should behave. 

But uncertainty does not always produce curiosity 

There is a complication. Uncertainty can stimulate exploration. It can also produce threat. 
And once threat enters the system, decision-making changes. Anyone who has worked 
clinically with anxiety will recognize the pattern. The uncertain situation itself may not be the 
only problem. The person's relationship with uncertainty becomes part of the problem. They 
want resolution. They search for reassurance. They repeatedly check. They generate more 
scenarios. They attempt to reach a level of certainty that the situation cannot provide. 
Something very similar can occur inside organizations. A CEO becomes worried about 
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declining revenue. Suddenly there are daily dashboards. Weekly forecasts become daily 
forecasts. Managers are asked for increasingly detailed explanations. More scenarios are 
generated. More meetings are scheduled. More information flows upward. From the outside, 
this can look like disciplined management. Sometimes it is. But sometimes the organization 
has entered a reassurance loop. The function of the additional information is no longer 
primarily learning. It is reducing anxiety. That distinction is important because anxiety has no 
natural endpoint called “enough data.” If the underlying demand is certainty, another report 
may reduce discomfort temporarily without resolving the fundamental uncertainty. 

Stress changes how uncertainty is processed 

There is also a biological reason this matters. High-stakes uncertainty is rarely experienced as 
a purely intellectual problem. Revenue is falling. Investors are nervous. A major client may 
leave. Layoffs are possible. The leader's own reputation is at stake. Now uncertainty is 
accompanied by stress. And acute stress can affect exactly the cognitive processes needed for 
good decisions. 

A 2024 systematic review examining 44 studies found that acute stress can impair several 
domains involved in decision-making through interacting sympathetic and HPA-axis 
mechanisms, although effects depend on the task, timing and individual characteristics. 
Another integrative review published the same year emphasized that stress effects on 
decision-making are heterogeneous rather than uniform: context, physiological responses and 
the type of decision all matter (Sarmiento et al., 2024; van Herk et al., 2024). So the 
simplistic statement “stress makes people irrational” is not particularly useful. A better 
point is that under stress, the conditions under which we evaluate evidence can change. 
Attention may narrow. Cognitive flexibility can decrease. Immediate threat can receive 
disproportionate weight. And an executive who feels increasing urgency may simultaneously 
become less willing to entertain alternative interpretations. This creates a difficult leadership 
paradox. The moment when leaders feel they most need certainty may be the moment when 
their cognitive system is least comfortable tolerating competing models. 

This is where micromanagement can begin 

Consider a founder whose company has entered a difficult quarter. Normally, department 
heads have substantial autonomy. But uncertainty rises. The founder begins asking to be 
copied on more emails. He joins operational meetings he previously delegated. He wants 
updates twice a day. Small decisions move upward because he wants greater visibility. His 
explanation is reasonable: “I need to understand what is happening.” And perhaps he 
does. But something else may also be happening. Increasing control reduces uncertainty 
subjectively. If I see more, approve more and monitor more, I feel less exposed to unknown 
outcomes. This is one reason micromanagement can increase during periods of organizational 
threat. It does not necessarily begin with a desire for power. Sometimes it begins with a 
desire for predictability. The problem is that the behavior can eventually make the 
organization less adaptive. Managers stop experimenting. Employees wait for approval. 
Information becomes optimized for what leadership wants to see. Bad news moves upward 
more slowly. And the senior leader who attempted to reduce uncertainty may unintentionally 
reduce the organization's ability to detect prediction error. That is precisely the opposite of 
what an uncertain environment requires. 
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More control is not always more information 

This is worth separating carefully. A leader may believe: “If I control more variables, I will 
understand the system better.” But organizations are not simple mechanical systems. The 
act of observing and controlling changes people's behavior. If employees know that every 
deviation from the plan requires explanation, they become less likely to deviate. If every 
failed experiment is treated as poor performance, fewer experiments are run. If leaders punish 
unexpected outcomes, the organization gradually learns to hide surprise. And once surprise 
disappears from reports, leadership may feel more certain. The organization has not become 
more predictable. It has become better at filtering prediction errors. That is dangerous. 
Because prediction error is not simply evidence that somebody failed. It is information about 
the quality of the model. A sales forecast that misses badly may reflect poor execution. But it 
may also tell us that customer behavior changed. A product that fails may reflect poor 
implementation. Or it may reveal that the assumed problem was not important enough to 
customers. An employee who challenges a strategy may be difficult. Or they may be carrying 
information that the dominant model does not contain. An adaptive organization needs to 
distinguish these possibilities. That is impossible if every unexpected outcome is immediately 
treated as something to suppress. 

Leaders are also socially rewarded for certainty 

There is another reason organizations struggle with uncertainty. We often say we want 
leaders who are open-minded, intellectually humble and comfortable saying “I don't 
know.” But socially, confidence is often rewarded more strongly than uncertainty. A 2025 
registered-report study by Alzahawi and Flynn examined this directly across five 
experiments. Leaders who expressed uncertainty were generally perceived as less effective, 
less competent and less influential, and people were less likely to take their advice or select 
them as leaders (Alzahawi & Flynn, 2025). That creates a real dilemma. A leader may 
understand intellectually that uncertainty should be acknowledged. But the social 
environment rewards confidence. Investors want conviction. Employees want direction. 
Boards want a clear strategy. Markets dislike ambiguity. So leaders can easily learn that 
saying: “We don't know yet.” is costly. The predictable response is to convert uncertainty 
into confidence before the evidence justifies it. This may make the leader appear stronger. It 
can make the organization's internal model weaker. The solution is not for leaders to become 
vague or indecisive. There is a difference between uncertainty about the 
model and uncertainty about the next action. A leader can say: “We are not yet certain 
whether demand weakness is temporary or structural. Here are the two indicators we 
will watch. In the meantime, we will reduce exposure, run two experiments and review 
the decision in six weeks.” That statement contains uncertainty. It also contains leadership. 

You can be uncertain and still act 

This may be the most important practical point. Many people unconsciously treat certainty 
and decisiveness as the same thing. They are not. A leader can be highly confident and 
indecisive. A leader can also acknowledge uncertainty and act decisively. Imagine an 
executive deciding whether to launch a new product. The available evidence suggests a 65% 
chance of success. Waiting another year may raise confidence to 75%, but the market 
opportunity may disappear. The decision therefore cannot be: “Launch only when we 
know.” The relevant question becomes: “Is the current uncertainty acceptable relative to 
the cost of waiting?” That is decision-making. And it is quite different from certainty-
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seeking. In organizational research, this is one reason heuristics should not simply be treated 
as cognitive defects. Hafenbrädl and colleagues argue that simple heuristics can perform very 
well under uncertainty when they fit the structure of the environment. The problem is not that 
leaders sometimes simplify. It is whether the strategy they use is appropriate to the 
environment in which they are using it (Hafenbrädl et al., 2022). That distinction is extremely 
useful. Under uncertainty, the objective is not always to build the most complicated model. 
Sometimes the better decision rule is: test cheaply, learn quickly, preserve reversibility. 

Reversibility changes how much uncertainty we need to tolerate 

Not every decision deserves the same demand for certainty. Suppose a company is deciding 
whether to test a new onboarding flow with 5% of users. The decision is cheap, reversible 
and informative. High certainty is unnecessary. Now suppose the same company is deciding 
whether to acquire a competitor for $800 million. The decision is expensive, difficult to 
reverse and capable of threatening the organization's survival. The required evidence should 
be different. This sounds obvious, yet organizations often use similar decision rituals for 
both. A predictive-intelligence approach asks not only: “How uncertain are we?” but 
also: “What happens if we are wrong?” This changes the threshold for action. When 
decisions are reversible, uncertainty can often be treated as an invitation to experiment. When 
decisions are irreversible, uncertainty deserves more careful modelling, scenario planning and 
explicit attention to assumptions. The goal is not maximum confidence. It is appropriate 
confidence for the cost of error. 

Uncertainty should change the way we learn 

There is another lesson from predictive neuroscience. When the environment is stable, 
previous experience deserves substantial weight. When the environment becomes volatile, 
yesterday's model becomes less reliable. The optimal response is not simply to believe new 
information more. It is to become more sensitive to the possibility that the model itself may 
need revision. Recent neuroscience continues to examine how different forms of uncertainty 
influence exploration, strategy switching and hierarchical decision-making. A 2025 Nature 
Communications study, for example, modeled interacting neural systems specialized for 
different forms of uncertainty and showed how their interaction can support flexible 
exploration and strategy switching (Wang et al., 2025). The organizational analogy is 
compelling. When the environment changes, companies should not merely update the 
numbers inside an old strategy. Sometimes they need to question the strategy's structure. 
During a stable period, a 10% decline in conversion may justify optimizing marketing. 
During a technological discontinuity, the same decline may indicate that the product category 
itself is changing. The prediction error is numerically similar. Its meaning is not. This is why 
adaptive leadership requires more than reacting to bad results. It requires asking: “Is this an 
error inside our model, or evidence that the model itself is wrong?” Those are very 
different questions. 

A leader should not remove uncertainty from the team 

There is also a temptation to believe that good leaders absorb uncertainty so employees do 
not have to experience it. To some extent, they should. Employees should not be forced to 
live inside every unresolved strategic question. Leadership creates direction. But if leaders 
remove all visible uncertainty, teams lose information. Suppose senior management privately 
knows that a strategy is experimental but communicates it to the organization as if it were 
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unquestionably correct. Employees then encounter problems. Because they believe leadership 
is certain, they may interpret those problems as their own execution failures rather than 
evidence that the strategy needs revision. Useful prediction errors disappear. A better 
approach is to communicate the degree and location of uncertainty without creating 
unnecessary instability. For example: “The strategic direction is decided for the next six 
months. What remains uncertain is which customer segment will respond most strongly. 
We are testing that explicitly, and contradictory evidence is useful.” Now the 
organization has direction and permission to learn. That is different from both extremes: 
pretending certainty and creating paralysis. 

Good leaders make uncertainty discussable 

This may be one of the most practical cultural implications. In many organizations, people 
discuss plans and results. They discuss uncertainty much less explicitly. A forecast is 
presented as a number rather than a distribution. A strategic recommendation arrives without 
a confidence estimate. A project proposal explains why it should succeed but not what 
evidence would change the recommendation. Once uncertainty is made explicit, 
conversations improve. A leadership team can ask: Which assumption are we least certain 
about? Which uncertainty matters most? Which can we test? Which do we simply have 
to accept? What evidence would cause us to change direction? These questions do not 
weaken decision-making. They make the model visible. And when the model is visible, it can 
be updated. 

The objective is not comfort with chaos 

There is a risk of romanticizing uncertainty. That would be a mistake.Uncertainty can be 
expensive. It increases risk. It consumes attention. It can generate stress. Organizations 
should absolutely reduce uncertainty when doing so is useful and economically justified. The 
argument is not: uncertainty is good. It is: uncertainty is information. Sometimes it tells us 
to gather more data. Sometimes to experiment. Sometimes to hedge. Sometimes to wait. 
Sometimes to act despite incomplete knowledge. And sometimes it tells us that no additional 
analysis will produce the certainty we want. At that point, continuing to search for certainty is 
no longer rational analysis. It is avoidance of the decision. This is where psychology, 
neuroscience and leadership converge. In clinical work, the ability to function without 
complete certainty is often part of psychological flexibility. In predictive neuroscience, 
uncertainty influences learning, information seeking, exploration and action. In leadership, 
the same capacity allows people to act without pretending they know more than they do. 

Predictive intelligence therefore requires a different relationship with uncertainty 

The conventional image of intelligence is knowing the answer. But in complex environments, 
intelligence may be revealed just as clearly by knowing how uncertain the answer is. A 
strong leader does not need to eliminate uncertainty from every decision. They need to 
distinguish uncertainty that should be reduced from uncertainty that must be carried. They 
need to know when more information will improve the model and when another report will 
merely make the organization feel safer. They need to create enough stability for people to 
act while preserving enough openness for new evidence to change the plan. And perhaps 
most importantly, they need to avoid treating prediction error as an embarrassment. Because 
the organization that never encounters unexpected evidence is probably not operating with 
perfect models. It may simply have stopped looking for evidence that contradicts them. That 



44 

is why uncertainty is not the enemy of leadership. Uncertainty is the condition under which 
leadership becomes necessary.The real danger is not that leaders sometimes do not know. It is 
that they become so uncomfortable with not knowing that they stop learning. 
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Chapter 7. Human Judgment After AI 
When answers become abundant, the scarce capability is knowing what deserves to be 
believed, questioned, and acted upon. 

For most of modern professional life, intelligence has been partly associated with the ability 
to produce answers. The knowledgeable person knew more. The experienced consultant 
could analyze the problem faster. The good writer could turn an unclear idea into a coherent 
document. The skilled analyst could find the relevant information, organize it and explain 
what it meant. AI changes this equation. 

Today, a reasonably capable generative system can produce a market analysis, summarize a 
scientific paper, draft a strategy, compare competitors, generate hypotheses and turn a rough 
idea into a professional-looking presentation within minutes. That does not mean the human 
role disappears. But it does mean that something important changes. When producing a 
plausible answer becomes cheap, judging the quality and relevance of that answer 
becomes more valuable. The bottleneck begins to move. The difficult part is increasingly 
not generating possibilities. It is deciding which possibilities deserve attention, which 
assumptions are hidden inside them, which evidence is missing, which conclusions are 
premature and which answer should actually guide action. In other words, AI does not 
eliminate human judgment. It changes what human judgment is for. 

The old advantage was knowing more 

Imagine a strategy meeting fifteen years ago. A senior executive had an advantage partly 
because she had seen more situations, read more reports, spoken with more customers and 
accumulated more industry knowledge than the younger people in the room. That information 
lived partly in documents, but a great deal of it lived inside people. Experience created 
informational asymmetry. Today, much of that asymmetry can shrink very quickly. A junior 
employee with access to a powerful AI system can ask for an overview of an industry they 
barely knew yesterday. They can compare five business models, identify major competitors, 
summarize regulatory risks and produce a surprisingly sophisticated first analysis before 
lunch. This is an extraordinary democratization of cognitive capability. But it creates a 
strange effect. The junior employee may now produce something that looks much closer to 
expert work than their underlying expertise would previously have allowed. The gap between 
the quality of the artifact and the depth of the person's internal model can become much 
larger. That matters because a polished output can create an illusion of understanding. A 
document can be excellent even when the person presenting it cannot reliably answer: Why is 
this assumption here? What evidence would change the conclusion? Which part of this 
analysis is weakest? What important variable is missing? This is one of the reasons human 
judgment after AI cannot be reduced to checking whether the final text looks good. The real 
question is whether the person can still evaluate the model of reality behind it. 

Performance and understanding can separate 

Recent research gives us a useful warning here. In a 2026 study of AI-assisted logical 
reasoning, Fernandes and colleagues found that participants using an LLM performed better 
on reasoning problems, but their ability to assess their own performance did not improve 
accordingly. Participants tended to overestimate how well they had done, and higher 
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confidence was associated with poorer self-assessment accuracy. The finding points to an 
important possibility: AI can improve objective performance without producing an equivalent 
improvement in our understanding of why we performed well or how reliable our own 
judgment was (Fernandes et al., 2026). This distinction is psychologically important. Imagine 
that I solve a difficult problem correctly because AI guided me through most of the 
reasoning. What exactly have I learned? Perhaps I now understand the problem better. But 
perhaps I have mainly learned that I can produce a correct answer with AI. Those are not the 
same thing. The difference becomes especially important when the next problem looks 
similar but contains one critical exception. If I understand the underlying structure, I may 
notice it. If I mainly learned how to obtain a convincing answer, I may not. That is why the 
future of professional competence cannot be measured only by output quality. We will 
increasingly need to ask whether people can recognize the limits of the output they are 
producing. 

The frontier is jagged 

This becomes harder because AI capability is not distributed evenly across tasks. Some tasks 
that appear difficult to humans are relatively easy for AI. Other tasks that appear almost 
identical may expose weaknesses. Dell'Acqua and colleagues demonstrated this in a field 
experiment involving 758 BCG consultants. For tasks within GPT-4's capability frontier, 
consultants using AI completed more tasks, worked faster and produced higher-quality 
outputs. But on a complex task outside that frontier, people with AI were 19% less likely to 
reach the correct solution than people working without it. The researchers describe this 
uneven boundary as a jagged technological frontier(Dell'Acqua et al., 2026). This is more 
important than it may initially sound. If AI were consistently weak, humans would learn to 
distrust it. If it were consistently superior, delegation would be relatively straightforward. The 
real difficulty is that it can be remarkably capable ninety seconds before it becomes 
confidently unhelpful. And from the user's perspective, those situations may look very 
similar. This changes the nature of expertise. The expert of the AI era does not simply know 
the answer. They increasingly need to know when the tool is likely to know the answer. 
That is a metacognitive skill. It requires a model not only of the problem, but also of the 
capabilities and limitations of the system assisting with the problem. 

This is where expertise becomes more subtle, not less important 

There is a popular idea that AI will make expertise less important because everyone will have 
access to expert-level information. I think the situation is more complicated. AI may reduce 
the value of some forms of expertise while increasing the value of others. Knowing facts that 
can be retrieved instantly becomes less differentiating. Producing a standard analysis 
becomes less differentiating. Writing a competent first draft becomes less differentiating. But 
the ability to recognize that the wrong question has been asked may become more valuable. 
So may the ability to notice when a recommendation contradicts important contextual 
information, when two apparently good arguments rest on incompatible assumptions, or 
when an elegant analysis has ignored something that matters in the real world.  

Consider psychotherapy. An AI system can generate a technically impressive CBT 
formulation from a case description. It may identify automatic thoughts, avoidance patterns, 
safety behaviors and possible maintaining mechanisms. But an experienced clinician reading 
the same description may notice something different. Perhaps the formulation is internally 
coherent but based on information that was never adequately assessed. Perhaps what looks 
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like avoidance is actually a reasonable response to a specific interpersonal context. Perhaps 
the patient's language suggests that the central problem is not the one emphasized in the 
referral. The clinician's advantage is not simply having access to more psychological 
terminology. It is knowing which information deserves weight, what remains uncertain 
and what needs to be asked next. 

The same principle applies in business. An AI can analyze a declining product and 
recommend better positioning. An experienced executive may notice that the problem is not 
positioning at all. The category itself may be disappearing. AI can help generate 
interpretations. Judgment decides which interpretation deserves to organize action. 

The value of judgment often appears at the edges 

This is one reason human-AI complementarity is a better model than asking which one is 
generally superior. 

Gonzalez and Heidari argue that humans and AI bring different strengths to dynamic decision 
environments. AI is particularly strong at processing large datasets, identifying statistical 
regularities and optimizing predefined objectives, while humans remain important in 
navigating novelty, uncertainty, interpersonal situations and value-laden decisions (Gonzalez 
& Heidari, 2025). The important word here is not human. It is different. Complementarity 
only exists when the two systems contribute information or capabilities that are not 
redundant. If the human merely repeats the AI's analysis, there is little benefit from having 
both. If the AI merely makes a human's existing intuition sound more sophisticated, there 
may be no real complementarity either. The value appears when the two systems fail 
differently. 

A 2026 study by Yáñez and colleagues demonstrated this elegantly. In forecasting and 
classification tasks, combining human and machine judgments could outperform the AI alone 
when confidence was appropriately weighted and humans and machines differed in where 
they made mistakes. Even when individual AI systems were stronger overall, human 
judgment could still add useful information because human errors were not identical to 
machine errors (Yáñez et al., 2026). This suggests a much better question for organizations 
than: “Is the human better or is the AI better?” The better question is: “What does each 
know that the other does not, and where are their errors genuinely different?” That is 
where hybrid intelligence becomes interesting. 

But humans need to know when they are adding something 

There is a problem, though. Human confidence is not automatically well calibrated. Neither is 
AI confidence. And worse, the confidence of one can influence the other. Research in 2025 
found that people's self-confidence could shift toward the confidence expressed by an AI 
system during joint decision-making, and this effect could persist even after the AI was no 
longer involved. Feedback reduced the effect, which suggests that people need reliable 
contact with outcomes in order to recalibrate their judgment (Li et al., 2025). This makes 
metacognition increasingly important. 

Metacognition, in simple terms, is our ability to evaluate our own thinking: How confident 
should I be? What might I be missing? Do I actually understand this, or does it simply feel 
familiar? Am I able to distinguish the situations in which I usually perform well from those in 
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which I do not? Lee and colleagues have argued that metacognitive sensitivity may become 
central to effective human-AI decision-making because appropriate collaboration depends not 
simply on the accuracy of the participants, but on whether confidence tracks accuracy well 
enough to guide reliance (D. Lee et al., 2025). This fits naturally with predictive intelligence. 
Good judgment is not just producing a prediction. It is also having some idea how much 
confidence that prediction deserves. 

Critical thinking does not disappear. It changes location 

There is another important shift. AI can reduce the amount of effort required to create 
something, but that does not necessarily remove the need for critical thinking. It moves it. 

Lee and colleagues surveyed 319 knowledge workers and collected 936 real-world examples 
of GenAI use. Participants reported that generative AI often reduced the effort required for 
activities associated with critical thinking. But the nature of the work changed: effort shifted 
from information gathering toward verification, from problem-solving toward integrating AI 
responses, and from direct execution toward what the authors call task stewardship. Higher 
confidence in AI was also associated with less reported critical-thinking effort (H.-P. Lee et 
al., 2025). This is an important distinction. 

Imagine an analyst before AI. A substantial part of the job may have been finding data, 
cleaning information, constructing a first interpretation and writing the report. Now AI 
performs much of that. The analyst's role moves upward. What data should the system use? Is 
this source credible? Is the comparison appropriate? Does the conclusion actually follow 
from the evidence? What alternative explanation should be considered? Is the result good 
enough to put in front of a client? The work is not necessarily cognitively easier. It may 
become cognitively different. And in some ways, more demanding. Because evaluating a 
plausible answer can be harder than producing a mediocre one yourself. 

Knowing what question to ask becomes more important 

Generative AI is exceptionally good at answering questions. That increases the value of 
question selection. Suppose a leadership team sees declining revenue and asks: “How can we 
improve sales execution?” AI can generate an excellent answer. It can propose pipeline 
improvements, sales training, pricing experiments, CRM changes and incentive structures. 
But perhaps the actual problem is that the product no longer solves an important customer 
problem. The AI may have answered exactly what it was asked. The failure occurred earlier. 
The wrong question entered the system. This is one reason problem framing may become one 
of the most important human capabilities after AI. Before asking for an answer, someone 
needs to decide what problem is actually being solved. What are we assuming? What have we 
already ruled out without testing? What would make this problem look completely different? 
What are we optimizing for? AI can help with those questions as well, of course. But 
somebody still has to decide whether the frame itself deserves to be trusted. 

Values cannot be reduced to prediction accuracy 

There is another category of judgment that becomes clearer as AI improves. Some decisions 
are difficult not because we cannot predict the outcome. They are difficult because we must 
decide which outcome matters. Suppose an AI system can accurately predict that 
restructuring a department will increase productivity by 12%. That is useful information. It 
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does not answer whether the restructuring should happen. What will happen to employee 
workload? What commitments has leadership made? What risk is acceptable? What kind of 
organization are we trying to build? Which interests should receive priority? These are not 
missing data points waiting for a better model. They involve values. AI can help clarify 
consequences and reveal trade-offs. It can even help articulate ethical arguments. But 
choosing between competing values is not merely a forecasting problem. An organization 
cannot outsource the definition of what it considers important and then claim that the decision 
was simply what the model recommended. Prediction informs judgment. It does not replace 
responsibility. 

Tacit knowledge may also matter more than it seems 

Not all professional knowledge is easily written down. Some of it is tacit. A skilled therapist 
notices a subtle change in tone and knows that the next question should be different. An 
experienced negotiator senses that an apparent agreement is unstable. A founder hears a 
customer say that a product is “interesting” and recognizes from years of experience that this 
probably means they will never buy it. These judgments are not mystical. They may reflect 
large amounts of learned information that have been compressed into pattern recognition 
without being fully available to conscious verbal explanation. AI will increasingly capture 
parts of this territory as multimodal systems improve. But recent research still finds that tasks 
relying heavily on tacit rules create a meaningful boundary for AI autonomy. A 2026 study 
mapping human-AI creativity across 593 tasks found tacit rules to be the strongest negative 
correlate of AI autonomy feasibility in the analyzed occupations (Walkowiak, 2026). This 
does not mean tacit expertise is permanently protected. It means organizations should be 
careful before assuming that anything difficult to specify is therefore unimportant. Often the 
opposite is true. If we cannot easily write down why a senior professional notices something, 
the correct response is not necessarily to dismiss the judgment. It may be to test whether that 
judgment predicts outcomes. 

The danger is that organizations may stop developing the skills they still need 

AI does not only change individual work. It changes which skills organizations demand. A 
2026 Management Science study analyzing 1,820 publicly listed U.S. companies found 
evidence of what the authors call skill deprioritization after the introduction of ChatGPT. 
Demand declined for several organizing skills that generative AI could increasingly support, 
while skills such as task allocation and conflict resolution showed greater stability. The 
authors raise an important longer-term concern: organizations may gradually hollow out 
human expertise in domains they increasingly automate (Devigili et al., 2026). This creates a 
classic learning problem. 

Imagine that AI eventually becomes responsible for most routine analysis. That may be 
efficient. But routine analysis is also how junior analysts learn. They make mistakes, receive 
feedback and begin recognizing patterns. After hundreds of repetitions, they become the 
senior people capable of handling unusual cases. Now remove the repetitions. Ten years later, 
who has the expertise required when the system encounters an exception? This does not 
imply that people should continue performing inefficient tasks purely for educational reasons. 
But organizations may need to deliberately redesign learning. If AI removes the 
apprenticeship work through which judgment used to develop, a new apprenticeship system 
will be necessary. Otherwise we risk creating organizations in which the current generation of 
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experts uses AI extremely effectively while the next generation never develops enough 
independent expertise to supervise it. 

Human judgment may therefore become less about production and more about 
stewardship 

This idea connects several threads from the previous chapters. AI can increasingly generate. 
Humans will increasingly need to frame, evaluate, integrate, challenge and take 
responsibility. That does not make the human role smaller. But it changes its center of 
gravity. Think about a pilot using automation. The pilot's value is not demonstrated by 
manually performing every operation that software can perform more efficiently. The value 
becomes especially visible when conditions change, systems disagree, an exception appears 
or the automated recommendation no longer fits the environment. Knowledge work may 
gradually move in a similar direction. The future analyst may spend less time producing the 
first analysis and more time deciding whether it deserves confidence. The future manager 
may spend less time assembling information and more time resolving conflicts between 
competing interpretations. The future executive may spend less time asking for answers and 
more time defining the problems worth solving. And the future professional may need to 
become unusually good at noticing when an apparently excellent AI output is precisely the 
moment to stop and think again. 

Judgment after AI is therefore partly judgment about AI 

This is perhaps the biggest change. Human judgment used to be directed mainly at the world. 
Is this investment attractive? Is this candidate good? Is this diagnosis plausible? Is this 
strategy working? Now there is an additional layer. We also have to judge the system helping 
us judge the world. Is the AI reliable for this task? Does it have the relevant information? Is 
this inside or outside its current capability frontier? Is its confidence meaningful? Am I 
trusting it because the evidence is strong, or because the language is persuasive? Am I 
rejecting it because it is wrong, or because it contradicts my existing beliefs? That second-
order judgment is going to become increasingly important. And it is not simply AI literacy. It 
is a combination of domain expertise, probabilistic reasoning, metacognition and 
intellectual flexibility. So what should organizations preserve? Organizations should 
certainly automate work that can be automated well. They should use AI to reduce 
unnecessary cognitive load, expand analytical capacity and give people access to capabilities 
that previously required much larger teams. But they should also become explicit about the 
kinds of judgment they do not want to lose. That means preserving opportunities to form 
independent hypotheses before consulting AI, maintaining feedback about real-world 
outcomes, training people to evaluate confidence rather than merely output quality, allowing 
employees to challenge algorithmic recommendations and deliberately developing expertise 
in areas where human contextual judgment remains important. Most importantly, people need 
continued contact with prediction error. They need to know when their judgment was 
wrong. They need to know when the AI was wrong. And they need to understand why. 
Without that feedback, both human confidence and human-AI trust become difficult to 
calibrate. 

A practical judgment framework 

These ideas become more useful when translated into a repeatable process. For important 
decisions, I would suggest a simple six-step judgment loop: 
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1. Frame the decision. Before asking AI for an answer, define what is actually being 
decided. What is the objective? What are the stakes? Is the decision reversible? Which 
variables matter most? What remains genuinely uncertain? This reduces the risk of using a 
sophisticated system to answer the wrong question. 

2. Form an independent view. Before seeing the AI's recommendation, write down your 
own initial hypothesis, reasoning and confidence level. It does not need to be elaborate. The 
purpose is to preserve an independent cognitive reference point. Once we see a plausible AI 
answer, it becomes surprisingly difficult to know what we would have thought without it. 

3. Use AI to challenge, not merely confirm. Ask the system for alternatives, 
counterarguments, missing variables and evidence that would weaken your preferred 
explanation. Instead of only asking “What should we do?”, ask “What assumption am I 
most likely to be wrong about?”, “What alternative explanation fits these 
facts?” and “What evidence would change this conclusion?” 

4. Examine disagreement. If your judgment and the AI recommendation differ, do not 
immediately decide which one is right. Ask why they differ. Does the model have 
information you overlooked? Do you have contextual or tacit knowledge that the model 
lacks? Are you protecting an existing belief? Is the AI extrapolating from patterns that do not 
fit this specific case? Disagreement is not noise. It is information. 

5. Make the decision and keep ownership. At some point, analysis must become action. 
State the decision, the main assumptions behind it, the remaining uncertainty and what would 
cause you to reconsider. AI may contribute substantially to the reasoning, but responsibility 
for consequential decisions should not disappear into the phrase “the system recommended 
it.” 

6. Close the learning loop. Return to the decision after the outcome becomes visible. What 
did we predict? What actually happened? Where was the human wrong? Where was the AI 
wrong? Which assumptions held and which failed? Without this step, confidence cannot 
become calibrated and experience cannot reliably turn into expertise. 

The sequence is simple: 

frame → think → challenge → compare → decide → update 

The point is not to slow every decision down. 

Routine and low-risk tasks do not require a six-stage ritual. The framework matters most 
when uncertainty is meaningful, the consequences are significant, or AI is influencing the 
structure of the decision rather than simply helping execute it. And importantly, it protects 
something that becomes increasingly easy to lose: the distinction between using an 
intelligent system and surrendering judgment to it. 

Human judgment is not valuable simply because it is human 

There is one final distinction worth making. Defending human judgment simply because it is 
human would be a mistake. Humans are biased, inconsistent, overconfident, influenced by 
irrelevant information and often remarkably poor at probabilistic reasoning. The point of this 
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book has never been to romanticize human cognition. AI should replace human judgment 
where it can reliably do something better and where the consequences, objectives and 
accountability structure make that appropriate. But the reverse mistake is equally simplistic. 

The fact that AI outperforms humans on a task does not automatically mean the optimal 
system contains no meaningful human judgment. Sometimes the human contributes different 
information. Sometimes the human recognizes the exception. Sometimes the human 
understands the interpersonal context. Sometimes the human defines the objective. 
Sometimes the human notices that the question itself is wrong. And sometimes the most 
important human contribution is simply knowing that neither the person nor the machine 
currently knows enough. That is why the future of judgment is not a competition between 
humans and AI. It is a problem of allocation. 

Which parts of the cognitive process should be automated? Which should be augmented? 
Which require independent human capability? And where do we deliberately combine the 
two because their different errors make the joint system stronger? Those questions will keep 
changing as AI improves. The answers we give today will not be permanent. And that, 
perhaps, is the most important point. Human judgment after AI is not a fixed set of skills that 
machines cannot perform. It is the capacity to keep updating our understanding of where 
human judgment still adds value, where it no longer does, and how the two forms of 
intelligence should work together as that boundary moves. That is predictive intelligence 
applied to ourselves. 
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Chapter 8. The AI-Augmented Executive 
The goal is not to become an executive who uses AI more. It is to become an executive 
whose judgment improves because AI is there. 

Imagine two CEOs using exactly the same AI system. The first uses it constantly. Before 
every meeting, AI summarizes the documents. Before every decision, it generates 
recommendations. It drafts emails, prepares board materials, analyzes competitors and 
proposes strategic options. The CEO has become dramatically faster. The second CEO also 
uses AI extensively, but in a different way. She uses it to search for evidence she may have 
missed, construct competing explanations, simulate how different stakeholders might react, 
challenge her preferred strategy and identify assumptions that deserve testing. Some tasks 
disappear from her workload completely. Others receive more of her attention than before. 
Both executives are AI-enabled. But only one is necessarily AI-augmented. The difference is 
important. Augmentation should not mean simply adding AI to an executive's existing 
workflow. It should mean using AI to improve the quality, range and adaptability of 
executive cognition while preserving the parts of leadership that still require human 
judgment, accountability and interpersonal responsibility. In other words, the question is not: 

“How much work can AI do for an executive?” 

It is: 

“Which parts of executive cognition should AI expand, which should it challenge, which 
can safely be delegated, and which should remain unmistakably human?” 

That is a much more interesting design problem. 

Executives have never primarily been paid for processing information 

Senior leaders certainly consume enormous amounts of information, but information 
processing is not the essence of the executive role. The real scarcity is attention. An executive 
cannot attend equally to every customer, employee, competitor, financial indicator, emerging 
technology, regulatory change and internal conflict. Leadership therefore involves selecting 
what deserves attention before deciding what to do about it. This is important because AI 
dramatically increases the amount of information that can be processed without increasing the 
number of hours in an executive's day. 

A recent qualitative study of 33 C-suite and senior executives across three multinational 
organizations found that when AI handled more structured analytical preparation, executives 
reported reallocating attention toward interpretation and higher-order strategic sensemaking. 
The researchers describe this as a form of cognitive liberation: AI can extend some 
boundaries of executive information processing while leaving the more ambiguous work of 
interpretation and judgment with people (Srinivas & Chetan, 2026). That is where 
augmentation becomes genuinely valuable. Suppose a CEO normally spends two hours 
before a strategy meeting reading market reports, financial updates and competitor 
announcements. AI can compress those materials into twenty minutes. What happens to the 
remaining hundred minutes? That is the real question. If they disappear into another hundred 
minutes of meetings, the organization has gained efficiency. If they are used to think more 
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deeply about whether the team's assumptions still make sense, the organization may have 
gained something more important. AI augmentation therefore depends partly on what 
executive attention is reallocated toward. The technology can free attention. It cannot 
decide whether we spend that attention wisely. 

A good executive use of AI often begins before the answer 

This is why I think one of the least interesting uses of AI for executives is simply asking: 
“What should I do?” AI can answer that question impressively. But an executive usually 
gains more by using the system earlier in the reasoning process. Imagine a company 
considering an acquisition. The CEO believes the acquisition makes strategic sense because it 
provides access to a new market. A conventional use of AI would be to upload the documents 
and ask whether the acquisition is a good idea. 

A more useful approach might begin differently: 

“Generate the three strongest explanations for why this acquisition could destroy 
value.” 

Then: 

“What assumptions would have to be true for my current thesis to work?” 

Then: 

“Which of those assumptions is least supported by the evidence we currently have?” 

Then: 

“Construct a scenario in which we acquire the company, integration appears successful 
for twelve months, and the deal still turns out to be a strategic mistake.” 

Now AI is not functioning primarily as an answer machine. It is expanding the 
executive's hypothesis space. This is one of its most interesting capabilities. Human beings 
naturally narrow. Once we develop a preferred explanation, alternative models become 
harder to generate with equal seriousness. We can deliberately ask ourselves to consider 
alternatives, but the original prior remains psychologically privileged. AI can generate those 
alternatives without sharing our emotional investment in the preferred one. That does not 
mean its alternatives will be correct. But they may force our internal model to compete with 
possibilities it would otherwise never encounter. For an executive, that is extremely valuable. 

The first role of AI may therefore be expansion, not recommendation 

Executives often face a tension between breadth and depth. There is never enough time to 
examine every possibility. Experienced leaders solve this partly through pattern recognition. 
They rapidly narrow the field to a few plausible explanations. Usually, that is exactly what 
expertise should do. But as we discussed earlier in this book, a strong prior can become a 
liability when the environment changes. AI can compensate for this by widening the field 
temporarily before the human narrows it again. 
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Suppose a company loses 15% of its enterprise customers. The executive team's immediate 
explanation is price. An AI system can be asked not merely to analyze pricing, but to 
generate alternative causal models: product deterioration, customer-budget compression, 
competitor repositioning, changing procurement patterns, implementation friction, leadership 
turnover among customers, changes in perceived switching costs, or a shift in the category 
itself. The point is not to take all ten explanations equally seriously. The point is to prevent 
the first plausible explanation from becoming the only explanation too quickly. This is 
consistent with a growing literature on human-AI complementarity. Gonzalez and Heidari 
argue that AI and human decision-makers contribute different capabilities in dynamic 
environments: AI offers computational scale and pattern processing, while humans contribute 
contextual interpretation, adaptation to novelty, interpersonal understanding and value-
sensitive judgment (Gonzalez & Heidari, 2025). The executive does not become augmented 
because AI supplies a better brain. The executive becomes augmented when the combined 
system explores a richer set of possibilities than either would reliably generate alone. 

But expansion without selection is just cognitive noise 

Of course, there is a danger on the other side. AI can produce alternatives almost indefinitely. 
Five strategies become twenty. Three scenarios become fifty. One possible risk becomes a 
list of thirty-seven. More possibilities are not automatically better thinking. At some point, 
executive judgment must compress again. 

This is why I see the relationship as a rhythm: 

expand → discriminate → test → commit 

AI can be exceptionally useful during expansion. Human expertise becomes increasingly 
important during discrimination. Which scenario deserves attention? Which variable actually 
matters? Which risk is material rather than merely imaginable? Which possibility fits what 
we know about the organization, the market and the people involved? Then the combined 
system can move toward testing. What evidence would distinguish between these 
explanations? Can we run an experiment? Can we ask customers? Can we model several 
scenarios? Can we identify a leading indicator that should change if our hypothesis is correct? 
And finally, someone has to commit. That final movement matters because an executive's job 
is not to maintain an interesting collection of possibilities. It is to decide which model is good 
enough to act on. 

The augmented executive uses AI as an adversary as well as an assistant 

Most people naturally use AI cooperatively. We ask it to help us improve an idea. Complete a 
plan. Strengthen an argument. Prepare a presentation. Those are valuable uses. But executives 
should probably use AI adversarially much more often. If I already believe a strategy is 
correct, I do not necessarily need AI to make my argument more convincing. I may need it to 
attack the argument. If I believe a candidate should become the next COO, I can ask AI to 
identify evidence in the available material that is inconsistent with my judgment. If the 
leadership team believes a product is failing because of poor execution, I can ask the model 
to construct the strongest case that execution is not the primary problem. If everyone agrees 
on the forecast, I can ask what assumptions would have to fail for the forecast to become 
catastrophically wrong. This resembles a cognitive technique used far beyond business: 
deliberately exposing a belief to information that creates prediction error rather than 
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repeatedly seeking information that confirms it. The AI does not need to win the argument. 
Its function is to make the executive's model work harder. That distinction is important. The 
best AI interaction is not always the one that leaves you with a better answer. Sometimes it is 
the one that leaves you less certain of a weak answer. 

Executives should delegate analysis differently from judgment 

This brings us to a practical boundary. Not every cognitive activity at executive level 
deserves the same amount of human involvement. Recent research on strategic decision-
making makes exactly this point. Srinivas and Chetan's 2026 study of senior executives 
distinguishes AI delegation from augmentation and finds that executives tend to delegate 
more readily when problems are structured and situational conditions relatively predictable. 
More uncertain and less structured strategic problems tend to require iterative human-AI 
deliberation rather than straightforward delegation (Srinivas & Chetan, 2026). That 
distinction makes intuitive sense. Ask AI to compare operating margins across twelve 
competitors, summarize three hundred customer comments, identify inconsistencies across 
five financial scenarios or monitor regulatory announcements. These are analytical 
preparation tasks. 

Now consider: Should we abandon a product category we have spent ten years building? 
Should we remove a founder from operational leadership? Should we enter a market whose 
regulatory environment may fundamentally change? Should we restructure a team knowing 
that the decision will alter trust across the company? These decisions contain analysis, but 
they also contain identity, politics, values, tacit knowledge, interpersonal consequences and 
irreversible commitments. The right division is therefore not simply: AI analyzes; humans 
decide. Sometimes AI can decide within a constrained domain perfectly well. The better 
principle is: the more structured, repeatable, testable and reversible the problem, the 
more cognitive authority can reasonably move toward AI. The more ambiguous, novel, 
value-laden and irreversible the decision, the more important human interpretation and 
accountability become. That boundary is not permanent. As AI changes, it will move. 
Executives therefore need to keep revisiting it. 

AI can also improve the executive team, not just the executive 

There is another reason I prefer the word augmented to assisted. Strategic decisions are rarely 
made by one isolated mind. They emerge from teams. And teams have their own cognitive 
problems. Dominant personalities shape discussion. Seniority influences what can be 
challenged. People selectively present information from their functions. Coalitions form. 
Some ideas become difficult to criticize once the CEO signals a preference. AI can enter this 
process in interesting ways. The same 2026 executive study found that in complex strategic 
contexts, AI outputs could function as discussion catalysts - shared analytical objects around 
which top-management teams could organize collective sensemaking rather than treating the 
AI output as a final conclusion (Srinivas & Chetan, 2026). 

Imagine a strategy meeting in which everyone receives three AI-generated scenarios before 
discussion. None is labeled as the “recommended” one. One assumes aggressive market 
growth, another assumes regulatory tightening, and another assumes a disruptive competitor 
enters within eighteen months. The purpose is not to forecast which future will occur. The 
purpose is to force the team to reveal how its strategy behaves under different assumptions. 
Suddenly the conversation can shift from: “Do you agree with the CEO's forecast?” 
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toward: “Which assumption makes our strategy most fragile?” That is a healthier 
cognitive environment. AI can sometimes reduce interpersonal friction by moving the initial 
challenge outside the hierarchy. A junior executive may find it politically difficult to tell the 
CEO: “Your model of the market may be wrong.” It is easier to say: “One of the counter-
scenarios raises something I think we should examine.” Of course, this can also become a 
cowardly way of outsourcing disagreement to a machine. But used well, AI can create 
additional space for dissent. And dissent is one of the ways organizations generate useful 
prediction errors. 

The executive still has to understand people 

There is a limit, however, to how far this logic should be pushed. A company is not simply a 
prediction machine. It is a social system. Consider a CEO who needs to tell a senior executive 
that they will not become the next chief operating officer. AI can help prepare for the 
conversation. It can identify possible reactions, suggest wording, anticipate objections and 
help the CEO think through what should and should not be said. All useful. But imagine 
delegating the conversation itself to an AI agent. Something important has changed. The 
problem is not merely that the message might be delivered badly. The act of personally 
communicating the decision carries information. It signals responsibility. It allows the leader 
to perceive the other person's reaction. It creates an opportunity to respond to something 
unexpected.And it tells the employee that this relationship matters enough for another human 
being to be present. 

Emerging research reflects this distinction. Work on leaders' willingness to delegate 
communication to AI finds greater reluctance for sensitive interpersonal interactions, partly 
because leadership roles carry expectations of care and personal involvement (Raveendhran 
et al., 2026). This is one of the places where executives need to resist a very attractive 
efficiency argument. Just because AI can perform a leadership task does not mean efficiency 
is the correct objective for that task. Some executive work is valuable precisely because the 
executive personally does it. 

AI can accelerate decisions faster than organizations can absorb them 

Another risk of augmentation is speed. AI compresses analytical cycles dramatically. A 
strategy team that previously needed two weeks to gather information can produce an initial 
analysis in a day. Scenarios can be generated in minutes. Board papers can be revised 
overnight. That seems entirely positive. But organizations do not consist only of information-
processing systems. People have to interpret decisions, coordinate around them, change 
behavior and sometimes emotionally adapt to them. A CEO can now move cognitively much 
faster than the organization can move socially. This creates a new leadership problem. 

Suppose AI allows the executive team to reconsider the company's strategy every two weeks. 
From a purely analytical perspective, this may look adaptive. From inside the organization, it 
may feel chaotic. Priorities keep changing. Teams repeatedly restart work. Managers stop 
committing because they expect another strategic revision. Eventually the organization's 
capacity to execute deteriorates. So the AI-augmented executive needs to distinguish 
between faster learning and faster switching. They are not the same thing. Predictive 
intelligence requires updating when evidence changes. It does not require reacting to every 
new piece of information. A good model has to be revisable. It also has to be stable enough to 
guide action. 
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The most powerful executive use of AI may be simulation 

There is one capability I think deserves particular attention: simulation. Executives make 
decisions partly by mentally simulating possible futures. If we raise prices, what happens? If 
we hire this person, how will the team react? If our competitor launches first, what should we 
do? If this market collapses, what remains viable? Human simulation is powerful but narrow. 
We usually generate a small number of scenarios, and they are heavily influenced by what we 
already believe. AI can make scenario generation dramatically richer. Imagine asking: 
“Assume our strategy succeeds. Give me three very different causal paths by which that 
success could happen.” Then: “Now assume it fails despite excellent execution. What 
would explain the failure?” Then: “Assume the competitor knows everything in our 
plan. How might they respond?” Then: “Which leading indicators would distinguish 
these futures within six months?” The value is not that AI predicts the future. It doesn't. 
The value is that it helps the executive rehearse multiple futures before committing resources 
to one. 

A systematic review of 627 papers on human-AI collaborative decision-making published in 
2026 describes AI-human decision systems as taking multiple forms depending on how 
rationality and cognitive work are distributed between people and machines. Particularly 
relevant here is the hybrid mode, in which exploratory reasoning and uncertainty are handled 
through iterative interaction rather than either party operating alone (Li & Tian, 2026). That 
is much closer to how I imagine strong executive AI use. 

Not: 

question → machine answer → decision 

but: 

human model → AI expansion → human interpretation → AI challenge → evidence → 
update → decision 

The interaction itself becomes part of the thinking process. 

Agentic AI makes these boundaries more urgent 

Until recently, most discussion concerned AI that answered questions. That is changing. 
Agentic systems can increasingly decompose goals, coordinate tasks, interact with other 
systems and execute parts of workflows rather than simply recommending what a human 
should do. A 2026 California Management Review analysis describes this shift from AI 
assistant toward AI as an active executive partner and argues that organizations now need 
much clearer boundaries around decision rights, autonomy and accountability (Kumar & 
Bean, 2026). This changes the executive problem. If AI drafts a recommendation, the human 
can reject it. If AI initiates actions across systems, the cost of poorly defined authority 
becomes much higher. Imagine an AI agent authorized to optimize supplier costs. It discovers 
that shifting several contracts will reduce expenditure by 11%. From a defined optimization 
perspective, the action looks excellent. But one supplier is strategically important because the 
CEO is quietly negotiating a long-term partnership that the AI does not know about. Another 
operates in a region where abrupt contract termination carries political consequences. 
Another is being retained partly for resilience rather than price. The AI may optimize the 
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variable it was given perfectly. Leadership consists partly in knowing which variables were 
never included in the objective function. That is why greater AI autonomy requires greater 
clarity from executives, not less. Goals must be explicit. Constraints must be explicit. 
Escalation conditions must be explicit. And someone must remain accountable for deciding 
what the system is allowed to optimize in the first place. 

Delegation should therefore be risk-calibrated 

I would not divide executive work into “human tasks” and “AI tasks” permanently. A more 
useful approach is to calibrate delegation according to several dimensions. How reversible is 
the decision? How well structured is the problem? How reliable is the available data? How 
visible will an error be? How quickly can it be corrected? Does the decision involve values or 
important interpersonal consequences? Does the AI have access to the contextual information 
required to interpret the situation? A routine and reversible decision with clear feedback can 
tolerate substantial AI autonomy.A novel and irreversible decision with ambiguous evidence 
should not.This is not because human judgment is inherently superior. It is because 
uncertainty about the system's error becomes more consequential when the decision cannot 
easily be undone. 

Recent work on financial decision-making also suggests that responsibility can shift 
psychologically when decisions are delegated to AI: greater delegation, rather than trust 
alone, was associated with displacement of perceived responsibility, while accountability 
weakened that effect (Zhao et al., 2026). That matters enormously for executives. Delegating 
analysis is often desirable. Delegating responsibility is something else. 

The AI-augmented executive needs an operating discipline 

This does not require a complicated methodology. For consequential decisions, I would use 
AI in several distinct roles rather than treating it as one generic adviser. Use AI to compress: 
summarize large information environments and surface what deserves attention. Use it 
to expand: generate alternatives, scenarios and hypotheses beyond the executive team's first 
interpretation. Use it to challenge: attack the preferred model, identify weak assumptions and 
search for disconfirming evidence. Use it to simulate: explore how competitors, employees, 
customers, regulators or markets might respond under different conditions. Use it to monitor: 
track the indicators that should change if the current strategic model is correct. And then 
preserve a final human layer for meaning, commitment and accountability: What matters 
here? Which uncertainty are we prepared to accept? What trade-off are we choosing? Who 
will be affected? And who is prepared to own the decision? 

The sequence is important. AI should not always enter at the same point. Sometimes it should 
work before the executive. Sometimes after. Sometimes independently in parallel. Sometimes 
it should deliberately be prevented from shaping the initial judgment so that we preserve an 
independent human estimate. The objective is not maximum AI participation. It is cognitive 
architecture. 

Who thinks about what, in what sequence, with what information, and with what opportunity 
for correction? That is the real design question. 

The augmented executive is not less human 
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There is a tendency to imagine that the AI-augmented executive will gradually resemble the 
machine: more analytical, more data-driven, faster and less dependent on intuition. I am not 
sure that is the right picture. As AI becomes better at information processing, prediction, 
summarization and routine analysis, some distinctly human executive capacities may 
become more important rather than less. The ability to frame an ambiguous problem. To 
notice when the room no longer believes the strategy even though nobody has said so. To 
distinguish fear from useful caution. To recognize when a conflict is about identity rather 
than resources. To make a decision that cannot be justified by optimization alone. To 
communicate uncertainty without creating paralysis. To change one's mind without losing 
direction. To take responsibility when the outcome is bad.AI can help with all of these.But 
helping is not the same as carrying them.This is why the AI-augmented executive should not 
aspire to become the person with the most sophisticated AI workflow.That is a technical 
achievement. The leadership achievement is different. It is to build a cognitive relationship 
with AI in which the technology expands what the executive can perceive and 
consider without quietly deciding what the executive should value, believe or own. 

The real augmentation is better prediction error 

This brings us back to the broader argument of The Predictive Intelligence. The quality of a 
leader is not determined by how often their initial prediction is correct. It is determined partly 
by what happens when reality disagrees. Does the leader notice? Can contradictory evidence 
reach them? Can they separate a failed assumption from a threat to their identity? Can they 
update without overreacting? Can the organization learn from the error?AI can strengthen all 
of these processes. It can monitor a larger information environment, identify weak signals, 
compare current outcomes with previous predictions and force competing models into view. 
But it can also do the opposite. It can generate sophisticated explanations for a failing 
strategy, strengthen the executive's existing narrative and make a weak model sound 
increasingly coherent. The difference depends on how it is used. That, ultimately, is what an 
AI-augmented executive should optimize. Not the amount of intelligence available. Not the 
number of AI tools deployed. Not even the speed of decision-making. 

The real objective is to create a system in which better information reaches judgment, 
weak assumptions encounter resistance, important uncertainty remains visible, and 
prediction error leads to learning rather than rationalization. 

An executive who achieves that is not handing leadership to AI. They are using AI to become 
harder to fool - including by themselves. 
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Chapter 9. Psychological Safety in an AI-
Transformed Workplace 
When AI changes how people are evaluated, monitored, and managed, psychological 
safety becomes part of the organization's learning architecture. 

Imagine that your company has introduced an AI system to support performance evaluation. 
It analyzes project delivery, communication patterns, customer feedback and productivity 
indicators, then produces recommendations for managers. A member of your team notices 
something strange. One employee has received an unexpectedly low score, and the 
recommendation does not fit what the team actually knows about their performance. The 
employee who notices the problem now has several options. They can question the system. 
They can quietly assume the AI knows something they do not. They can raise the issue with 
their manager. Or they can decide that challenging a system senior leadership has spent 
considerable money implementing is probably not a good career move. The technical 
question is whether the AI made an error. The organizational question is whether anybody 
will say so. That is where psychological safety enters the AI-transformed workplace. 

Amy Edmondson originally defined team psychological safety as a shared belief that a team 
is safe for interpersonal risk-taking. Her foundational research linked psychological safety 
with learning behaviors such as asking for help, discussing errors, seeking feedback and 
experimenting (Edmondson, 1999). More than twenty-five years later, the underlying 
problem remains remarkably similar. Organizations still need people to say, “I think 
something is wrong,” “I don't understand this,” “I made a mistake,” “I disagree,” or 
“we should test another explanation.” AI does not make those behaviors less important. It 
may make them more important. Because now employees are not only taking interpersonal 
risks with other people. They may also be questioning systems that appear quantitative, 
objective and institutionally endorsed. And challenging a number produced by an algorithm 
can sometimes feel more difficult than challenging an opinion produced by a colleague. 

Psychological safety is not about making people comfortable 

Before going further, one distinction matters. Psychological safety is sometimes 
misunderstood as creating a workplace in which people feel comfortable all the time, conflict 
is minimized and nobody says anything that might make someone anxious. That is not what it 
means. A psychologically safe team can have demanding standards, difficult conversations, 
strong disagreement and accountability. In fact, psychological safety becomes most valuable 
precisely when something uncomfortable needs to be said. 

The analyst has to tell the CEO that the forecast may be wrong. The engineer has to say that a 
launch date is unrealistic. The clinician has to question a senior colleague's formulation. The 
employee has to acknowledge that they do not understand an AI-generated recommendation 
everyone else seems ready to accept. The relevant question is not: “Do people feel 
comfortable?” It is: “What happens when someone brings information the group would 
rather not hear?” This question becomes especially important in an AI environment because 
organizations increasingly depend on employees to identify errors, bias, misuse and 
unexpected consequences that no implementation team could fully anticipate in advance. AI 
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systems learn from data. Organizations learn from people who notice when the system no 
longer fits reality. If those people remain silent, the feedback loop breaks. 

AI introduces new forms of interpersonal risk 

Consider what an employee may now have to admit at work. 

• “I don't know how to use this tool.” 
• “I used AI for part of this report.” 
• “I think the AI recommendation is wrong.” 
• “I don't know whether the information I gave the system was appropriate.” 
• “I think this automation is changing my role in a way nobody has explained.” 
• “I am worried that the system is evaluating me unfairly.” 
• “I think our team is relying on AI too much.” 
• “I think we are using AI for something that should still require human judgment.” 

None of these statements is technologically difficult. Psychologically, they can be expensive. 
Suppose the company has publicly declared itself an “AI-first organization.” Senior 
leadership repeatedly emphasizes adoption. Employees are told that AI fluency is essential 
for the future. Now imagine saying: “For this particular task, I think using AI is making 
the work worse.” Is that intelligent professional judgment? Or will it be interpreted as 
resistance? The answer depends on the culture. 

This is why psychological safety in an AI-transformed workplace is not simply a general HR 
concern. It determines whether the organization receives honest information about how AI is 
actually functioning. 

People do not only ask whether AI works. They ask what AI means for them 

The introduction of AI changes more than workflows. It changes predictions about the future. 
Employees begin asking questions that management may never hear directly: Which parts of 
my role will disappear? What skills will still matter? Will AI make me more valuable or 
easier to replace? Will my performance increasingly be judged by systems I cannot inspect? 
If I teach the organization how to automate my work, what happens to me afterwards? These 
questions create ambiguity around role, status and future employment. 

Recent research reflects this. Nguyen and colleagues examined task ambiguity and AI-
induced job insecurity in hybrid workplaces and found that AI-related job insecurity 
meaningfully shaped how employees responded to ambiguity and engagement. Another 2025 
study found that organizational AI adoption was associated with poorer employee well-being 
through increased job insecurity among workers with higher AI-use anxiety (Nguyen et al., 
2026; Pan, 2025). This does not mean AI adoption inevitably makes employees 
psychologically unsafe. It means that ambiguity has consequences. And when organizations 
leave information gaps, employees do not leave those gaps empty. They make predictions. 
Sometimes those predictions are optimistic. Sometimes they are catastrophic. 

Often they are built from partial evidence: a restructuring in another department, something 
the CEO said in an interview, a colleague who was not replaced after leaving, a new AI tool 
introduced without explanation. From a predictive perspective, this is exactly what we should 
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expect. When the environment becomes uncertain, people construct models that help them 
anticipate what comes next. The problem is that organizations frequently communicate about 
AI as if employees only need technical information. “Here is how the tool works.” But 
employees may be asking a completely different question: “How will this change my place 
in the organization?” Psychological safety cannot eliminate that uncertainty. But it can 
determine whether those questions can be discussed openly rather than processed through 
rumor and defensive behavior. 

Surveillance changes the relationship again 

AI also changes psychological safety because it expands what organizations can observe. 
Employee monitoring is not new. Companies have always measured attendance, sales, 
productivity and performance. AI increases the resolution. Systems can now analyze response 
times, customer interactions, writing patterns, workflow behavior, task completion, meeting 
participation and numerous other digital traces. Some systems can infer performance patterns 
that would previously have required direct managerial observation. From a managerial 
perspective, this can look like better information. From the employee's perspective, it can feel 
like something else: 

I am continuously being interpreted. 

That distinction matters. When people know they are being measured, they adapt to the 
measurement. Suppose an AI system tracks how quickly customer-support agents close 
tickets. Initially, the goal is reasonable: identify bottlenecks and improve performance. 
Employees soon understand what the system rewards. Now an agent encounters a 
complicated customer problem requiring thirty minutes of careful investigation. What should 
they do? Solve the customer's problem properly? Or protect the metric? Every performance 
system creates incentives. AI can make those incentives more immediate, more continuous 
and more opaque. 

Recent research on algorithmic management suggests that perceived algorithmic monitoring 
and control can be associated with reduced autonomy and increased AI-replacement anxiety. 
A 2026 study of 338 employees found that frustrated work autonomy and workplace AI 
replacement anxiety helped explain the association between perceived algorithmic 
management and poorer reported physical and mental health (Ma et al., 2026). The broader 
lesson is not that monitoring is inherently harmful. Organizations need information. But 
measurement changes behavior, and highly visible measurement can make employees 
increasingly focused on appearing correct rather than learning. That is a dangerous trade. 
Because an adaptive organization does not simply need accurate performance data. It needs 
people willing to reveal when the performance model itself is wrong. 

The organization can become data-rich and information-poor 

This creates an interesting paradox. An AI-transformed organization may have more data 
than any organization in history and still understand itself poorly. Imagine a company with 
sophisticated dashboards tracking hundreds of behavioral variables. Productivity looks stable. 
Deadlines are being met. AI adoption metrics are increasing. Employees are completing 
required training. Everything appears to be working. But privately, employees have stopped 
trusting the automated performance system. People have learned how to optimize visible 
metrics. 
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They are using unofficial AI tools because the approved tool does not work well. Senior staff 
are correcting AI-generated work created by juniors but are reluctant to admit how much 
rework is required because the transformation program is politically important. Nobody 
reports these patterns upward. The dashboards remain green. The organization is generating 
enormous amounts of data while losing access to some of its most important information. 
This is where psychological safety becomes an epistemic issue.  

A psychologically unsafe organization does not merely make employees feel worse. It can 
make the organization's model of reality less accurate. People filter information before it 
reaches decision-makers. Bad news is softened. Mistakes are hidden. Doubts remain private. 
Contradictory evidence disappears. In predictive terms, psychological safety determines 
whether prediction errors are allowed to travel through the organization. That makes it part of 
the organization's intelligence system. 

AI makes employee voice more important, not less 

Employee voice has always mattered because people closest to the work often see problems 
before senior leadership does. AI strengthens this logic. The people using AI every day will 
notice failure modes that executives, developers and consultants may never encounter. A 
recruiter notices that a ranking system behaves strangely with certain career histories. A 
lawyer notices that an AI assistant repeatedly misinterprets a particular type of contract 
clause. A clinician notices that an automated summary systematically loses information 
patients express indirectly. A software engineer notices that the coding assistant produces 
technically valid solutions that violate the architecture of the actual system. These 
observations are valuable only if they become organizational information. 

Research on AI and employee voice already suggests how fragile that process can be. Zhou 
and Lyu studied 487 employees in knowledge-intensive industries and found that leadership 
AI awareness could operate as a hindrance stressor through job insecurity, which in turn was 
associated with lower employee voice (Zhou & Lyu, 2025). That is a striking possibility. 

The more strongly leaders communicate the disruptive potential of AI, the more employees 
may understand that AI matters. But if that communication primarily increases insecurity, 
some employees may become less likely to tell leadership what they actually think. This 
creates exactly the wrong feedback loop. The organization most urgently needs honest 
information during transformation. The transformation itself can make people less willing to 
provide it. 

The machine must be challengeable 

This suggests a principle that should become central to AI governance: Any consequential 
AI recommendation should be contestable. Not simply technically reviewable. 
Psychologically contestable. Those are different things. 

An organization may formally allow employees to appeal an AI-supported decision while 
culturally communicating that appeals are annoying, career-limiting or futile. Imagine an 
employee receiving a low algorithmic performance score. There is technically an appeal 
process. But their manager strongly believes in the system and repeatedly describes it as 
“objective.” The employee has watched colleagues who questioned the system being labeled 
resistant to change. The appeal mechanism exists.Psychological access to it does not. 
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Recent 2026 research on AI-enabled HR management is relevant here. Patnaik and 
colleagues studied 290 employees exposed to AI-supported HR systems and found that 
algorithmic transparency was associated with greater psychological safety, while human-in-
the-loop oversight reduced technostress. Psychological safety, in turn, was positively related 
to employee autonomy (Patnaik et al., 2026). The practical implication is important. 
Transparency is not only about explaining how the algorithm works. It helps employees 
understand whether they have permission to question what it produces. And meaningful 
human oversight means more than placing a manager somewhere in the workflow. There has 
to be a human being who can actually reconsider the decision. 

Human in the loop is not enough if the human is afraid to disagree 

We have already discussed the problem of ceremonial human oversight. A manager receives 
an AI recommendation and clicks Approve. Technically, a human made the final decision. 
Psychologically, perhaps no judgment occurred at all. The same thing can happen at team 
level.  

Suppose an AI system recommends rejecting a candidate. The recruiter disagrees but knows 
the company invested heavily in the system. Their manager is enthusiastic about it. 
Overriding the recommendation requires additional documentation. Accepting it requires one 
click. The organizational architecture has already made one answer cheaper. Now add social 
risk. The recruiter asks themselves: “How certain am I that I want to challenge this?” The 
system's influence therefore comes from more than predictive accuracy. It comes from 
workflow design, hierarchy and perceived consequences. This is why psychological safety 
should be treated as part of AI governance rather than as a separate culture initiative.If people 
cannot safely challenge automated recommendations, the organization has created a single-
point epistemic failure. 

Psychological safety also means being able to admit AI use 

There is another, less obvious problem. In some organizations, employees use AI extensively 
but do not talk openly about it. A senior employee may worry that admitting they used AI 
makes the work appear less valuable. A junior employee may worry that revealing AI use 
will make them look incompetent. Someone else may be unsure whether a particular use 
technically violated policy. So AI enters the workflow, but its presence remains partly 
hidden. That makes learning difficult. A manager sees an excellent report but does not know 
that AI generated most of the first draft. Another report contains an error, but nobody knows 
whether the mistake came from the employee, the model or the interaction between them. 
The organization cannot improve its human-AI processes because it cannot see them. The 
opposite extreme is equally problematic: employees may feel pressured to demonstrate AI 
use even when it adds little value because adoption has become a visible marker of being 
innovative. Psychological safety requires room for both statements: “I used AI here.” And 
“I deliberately did not use AI here.” Neither should automatically signal competence or 
incompetence. The relevant question should be whether the choice was appropriate for the 
task. 

Teams need permission to say “I don't know” again 
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AI creates another subtle cultural problem. It makes it increasingly easy to produce an answer 
before admitting uncertainty. Before generative AI, if someone did not know something in a 
meeting, they might have to say: “I don't know. I'll look into it.” 

Today, within seconds, someone can generate an explanation. That is often helpful. But it can 
also make uncertainty less visible. A culture in which every question immediately receives a 
plausible answer can create the illusion that knowledge is always available. It is not. 
Sometimes the correct professional response remains: “We don't know yet.” And 
psychologically safe teams need to preserve that option. This matters because false certainty 
interferes with learning. If nobody admits uncertainty, nobody knows where investigation is 
required. A team may move forward with an AI-generated explanation simply because it 
filled an uncomfortable informational gap quickly. The ability to say “I don't know enough 
to trust this answer” may become a surprisingly important professional skill. 

Leaders set the cost of error reporting 

Suppose an employee reports that an AI system made a serious mistake. The manager has 
several possible responses. One is: “How did you let that happen?” Another is: “Good 
catch. Let's understand how it happened and whether the same failure could appear 
elsewhere.” Both responses may include accountability. But they teach completely different 
lessons. The first teaches: errors create personal risk. The second teaches: undetected 
errors create organizational risk. This distinction has always mattered in high-reliability 
environments. AI makes it relevant to ordinary knowledge work. 

Organizations are deploying systems whose behavior is probabilistic, whose errors may be 
difficult to predict in advance and whose outputs can be highly persuasive even when 
incorrect. That means employees must function partly as sensors. The organization needs 
them to notice unexpected behavior and report it. Punishing the messenger therefore damages 
the error-detection system. This is precisely why psychological safety and performance 
standards should not be treated as opposites. High standards require accurate feedback. 
Accurate feedback requires people to reveal problems. 

The safest team should not be the least accountable team 

There is a legitimate concern here. Could psychological safety become an excuse for poor 
performance? Could employees say anything, make repeated mistakes and avoid 
consequences because the culture is supposed to feel safe? No. Psychological safety and 
accountability solve different problems. Psychological safety answers: “Can I speak 
honestly about what happened?” Accountability answers: “What are we expected to do 
about it?”A high-performing AI-enabled team needs both. 

If safety is high and accountability is low, people may speak freely but performance remains 
weak. If accountability is high and safety is low, people may perform under pressure while 
increasingly hiding problems. The desirable combination is a culture in which someone can 
say: “I relied on the AI output too heavily and missed an error.” and then the team can 
ask: “What should change in your process and in our system so this is less likely to 
happen again?” That is not permissiveness. It is learning. 

Role ambiguity needs direct conversation 
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AI transformation also requires leaders to talk about something organizations often prefer to 
leave vague: roles will change. Telling employees that “AI will augment, not replace 
you” may be intended as reassurance, but if nobody knows what augmentation actually 
means, the statement provides very little useful information. Which responsibilities are likely 
to disappear? Which will expand? Which new skills will matter? How will performance be 
evaluated? Will a person who automates 30% of their role receive more interesting work, a 
larger workload, or eventually no role at all? These are difficult questions. Leaders may not 
know the answers. But ambiguity handled openly is usually better than ambiguity covered 
with certainty theater. 

Research on AI adoption and well-being suggests why this matters. Kim and colleagues 
reported that AI adoption was associated with lower psychological safety and greater 
depressive symptoms in their sample, while ethical leadership moderated aspects of this 
relationship. Their interpretation emphasizes technological, task and social uncertainty as 
psychologically relevant features of AI adoption (Kim et al., 2025). Sarkar similarly argues 
that two recurring anxieties shape workplace AI adoption: fear of making mistakes with 
opaque systems and fear of replacement, and proposes psychological safety as part of a 
guided-autonomy approach to adoption (Sarkar, 2025). Leaders cannot honestly promise that 
every job will remain unchanged. But they can make the process less opaque. Sometimes the 
psychologically safest sentence is not: “Nothing is going to change.” It is: “Some things 
will change, we do not yet know exactly which ones, and here is how we will make those 
decisions and involve you in the process.” That statement contains uncertainty. It also 
contains respect. 

Psychological safety should be designed into the AI workflow 

This is where the concept becomes practical. An organization should not rely on a general 
culture statement saying: “We encourage employees to speak up.” The workflow itself 
should make speaking up possible. If an AI recommendation affects hiring, performance 
evaluation, promotion, compensation or termination, employees need a visible way to 
challenge it. If an AI system produces an error, there should be an easy way to report the 
error without creating unnecessary personal exposure. If employees are experimenting with 
generative AI, there should be clearly defined environments where experimentation is 
permitted and mistakes are expected. If a new tool changes roles, leaders should create 
structured conversations about what people are losing, gaining and still uncertain about. And 
if AI is used for employee monitoring, workers should understand what is being measured, 
why it is being measured, who can access the information and how the data influence 
decisions. 

Recent evidence from AI-enabled HR systems supports several of these design principles: 
transparency, perceived fairness, human oversight and psychological safety are linked with 
greater employee trust and autonomy, while human oversight appears relevant to reducing 
technostress (Patnaik et al., 2026). The important point is that psychological safety is not 
created only through interpersonal warmth. It is partly created through institutional design. 

Leaders can test psychological safety with very practical questions 

If I were assessing an AI-transformed team, I would not begin by asking employees whether 
they generally feel psychologically safe. I would ask more specific questions. 
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• Can you challenge an AI-generated recommendation without damaging your 
reputation? 

• Can you admit that you do not understand how a system reached its conclusion? 
• Can you report an AI error without first deciding whether reporting it is personally 

risky? 
• Can you say that a particular task should not be automated? 
• Can you disclose that you used AI without worrying that your contribution will 

automatically be devalued? 
• Can you disclose that you did not use AI without being treated as resistant to 

innovation? 
• Do you know who has the authority to override an automated decision? 
• Do you know what happens after you raise a concern? 
• And perhaps most importantly: Have you ever seen someone challenge an AI-

supported decision and be rewarded for improving the decision rather than 
punished for challenging the system? 

Culture is learned from observation. Employees watch what happens to other people. One 
visible case in which a leader seriously examines a junior employee's challenge to an AI 
output may teach more about psychological safety than twenty slides describing company 
values. 

The predictive organization needs uncomfortable information 

This brings us back to the central idea of The Predictive Intelligence. An adaptive system 
needs prediction error. It needs evidence that the current model is incomplete, outdated or 
wrong. Inside organizations, much of that evidence arrives through people. Someone notices 
that customers are reacting differently. Someone sees that a new process is producing an 
unintended consequence. Someone realizes that the AI model behaves badly in a particular 
context. Someone suspects that the strategy everyone is celebrating rests on a weak 
assumption. The question is whether that information reaches the place where it can change 
the model. Psychological safety is therefore not simply about employee well-being, although 
well-being matters. It is also about information transmission. 

A psychologically unsafe organization systematically distorts its own evidence. It encourages 
people to send upward what is safe rather than what is true. AI cannot fix that. In fact, AI can 
make the distortion harder to detect because dashboards, predictions and automated reports 
may create an appearance of precision while important human observations remain unspoken. 

The more sophisticated the technology becomes, the more tempting it is to believe that reality 
can be captured directly through data. But organizations do not learn from data alone. They 
learn from people interpreting data, noticing exceptions, questioning assumptions and saying 
things that may be inconvenient. That requires a particular kind of safety. Not safety from 
challenge. Safety for challenge. 

AI will change what courage looks like at work 

In the past, speaking up might have meant disagreeing with the boss. Increasingly, it may also 
mean disagreeing with the model the boss trusts. It may mean admitting that an AI-supported 
workflow is not working despite strong pressure to demonstrate adoption. It may mean 
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defending a human judgment when the algorithm points elsewhere. Or, equally importantly, 
it may mean telling an experienced professional that their intuition is weaker than the 
evidence produced by the system. Psychological safety should protect both directions. 

The organization should not become automatically pro-human or pro-AI. It should become 
pro-learning. That means the person who challenges the machine must be able to speak. The 
person who challenges human intuition must also be able to speak. And both need to accept 
that reality, not hierarchy or technological prestige, should ultimately determine which model 
deserves updating. This is where psychological safety becomes part of predictive intelligence. 

The strongest AI-transformed workplace will not be the one in which employees trust AI 
completely. It will not be the one in which employees feel reassured that nothing important 
will change. And it will certainly not be the one in which nobody makes mistakes. It will be 
the workplace in which errors become visible quickly, uncertainty can be acknowledged, 
automated decisions can be challenged, roles can be discussed honestly, and people can 
bring prediction errors into the system before those errors become organizational 
failures. That kind of workplace may occasionally feel uncomfortable. That is fine. 
Psychological safety was never supposed to eliminate discomfort. Its purpose is to make sure 
discomfort does not silence information the organization needs in order to learn. 
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Chapter 10. From Predictive Minds to 
Adaptive Organizations 
The adaptive organization is not the one that predicts the future correctly. It is the one 
that learns fast enough when the future turns out differently. 

Every organization makes predictions. Some are explicit. Revenue will grow by 12%. This 
product will reach the market in June. This executive will succeed in the new role. This 
investment will produce a return within three years. Others are hidden inside ordinary 
decisions. Hiring someone means predicting that their future contribution will justify the cost. 
Launching a product means predicting that customers will care. Keeping a strategy 
unchanged means predicting that the assumptions behind it still describe reality reasonably 
well. Even doing nothing contains a prediction. It assumes that continuing the current course 
is preferable to changing it. Seen from this perspective, an organization is constantly 
generating models of what is likely to happen next and acting on those models. 

The interesting question is not whether those predictions will sometimes be wrong. They will. 
The interesting question is what happens next. Does the organization notice the error? Does 
the information reach the people who can act on it? Is the unexpected outcome treated as 
useful evidence or explained away? Does the organization change a tactic while protecting 
the assumption that caused the problem? Or can it sometimes revise the model itself? That 
transition - from predicting to updating - is where the idea of an adaptive organization begins. 

An organization is not simply a larger brain 

Throughout this book, I have repeatedly used concepts from predictive neuroscience to think 
about leaders, teams and organizations. But the analogy needs a limit. A company does not 
have a brain. It does not literally generate prediction errors through cortical hierarchies. It has 
people, teams, technologies, incentives, routines, databases, reporting structures and 
increasingly AI systems. Organizational prediction is distributed across all of them. 

One employee sees customers beginning to behave differently. A sales dashboard records 
declining conversion. A manager interprets the decline as temporary. A forecasting system 
identifies a trend. An executive decides whether the signal matters. The organization then 
either acts or does not. So when we talk about an organization's “model of reality,” we are 
really talking about something spread across many places: individual beliefs, shared 
assumptions, formal strategies, KPIs, processes, algorithms and routines. This distinction 
matters because adaptation can fail at any point in that chain. 

The information may never be detected. It may be detected but not communicated. It may be 
communicated but ignored. It may be accepted but interpreted incorrectly. Or the 
organization may understand perfectly well that its model is failing and still be unable to 
change because incentives, politics or existing structures make change too costly. This is why 
organizational intelligence cannot be reduced to having intelligent people. A company can 
employ extremely intelligent individuals and still behave unintelligently as a system. 

Individual learning is not yet organizational learning 
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Imagine a product manager discovering that customers are not using a new feature for the 
reason the company expected. She changes her own understanding. That is individual 
learning. She tells her team, and they modify the product. Now learning has begun to become 
collective. But suppose she leaves the company six months later, the team changes, and the 
same mistake is repeated in another product. Did the organization learn? Not really. For 
learning to become organizational, something has to persist beyond the individual who first 
discovered it. It may become part of a routine, a decision rule, a shared mental model, a 
database, a checklist, a design principle or simply a widely understood lesson embedded in 
how the team works. This is an old problem in organizational theory, but AI makes it newly 
important. 

Figge, Anderson and Lewis recently modeled organizations as AI-human learning 
systems in which individual knowledge, collective knowledge and AI knowledge evolve 
together over time. Their central point is particularly relevant here: once AI becomes 
embedded in work, organizational learning can no longer be understood by studying humans 
or AI in isolation. Learning occurs through their interactions, and changes in one part of the 
system can affect what other parts learn, retain or forget (Figge et al., 2026). This creates 
enormous opportunities. AI can help preserve knowledge after employees leave. It can 
identify patterns across thousands of cases. It can make lessons discovered in one part of the 
organization available elsewhere. But it creates an equally important risk. The organization 
can also become extremely efficient at preserving the wrong lesson. 

Adaptation is not the same thing as reacting 

This distinction is easy to miss. 

Suppose sales fall for three consecutive months. A reactive organization immediately changes 
the sales targets, introduces new incentives and replaces the head of sales. An adaptive 
organization may ultimately do exactly the same things. But first it asks a different question: 
What does this outcome tell us about the model that produced our expectations? Perhaps 
the sales team is underperforming. But perhaps customer needs changed. Perhaps the product 
has become weaker. Perhaps a new competitor altered the category. Perhaps the organization 
is measuring the wrong thing. The difference between reaction and adaptation is therefore not 
speed. It is what gets updated. This is closely related to one of the most influential ideas in 
organizational learning: Chris Argyris's distinction between single-loop and double-loop 
learning. In single-loop learning, the organization detects a mismatch and changes its actions 
while leaving the underlying assumptions largely intact. The thermostat analogy is often 
used: if the room is too cold, increase the heat. Double-loop learning goes one level deeper. It 
asks whether the rules, assumptions or goals governing the action should themselves be 
reconsidered. Argyris's original formulation has remained influential precisely because 
organizations are generally much better at correcting actions than questioning the frameworks 
that made those actions appear sensible in the first place. Later systematic work confirms 
both the continuing importance of double-loop learning and how difficult it is to generate 
consistently in real organizations (Argyris, 1977; Auqui-Caceres & Furlan, 2023). 

Imagine a company whose customer-acquisition costs keep rising. Single-loop learning 
asks: How can we make marketing more efficient? Double-loop learning asks: Why are 
we assuming paid acquisition should remain the primary engine of growth? Both 
questions may be useful. But they operate at different levels. Adaptive organizations need the 
ability to move between them. 
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Prediction error should tell us how deeply to update 

This gives us a useful connection with predictive intelligence. Not every unexpected result 
should trigger a strategic revolution. If one salesperson misses quota, the company's entire 
business model probably does not need reconsideration. If every salesperson misses quota 
across several markets while customer behavior shifts and competitors show the same 
pattern, the evidence deserves a different level of attention. The challenge is therefore to 
determine how much updating the error justifies. This is one of the central problems in any 
learning system. Update too little and the model becomes rigid. Update too much and the 
system becomes unstable. 

We can see the same problem in leadership. Some leaders explain away almost every 
contradiction. Others change direction after every disappointing quarter. Neither is 
particularly adaptive. The first protects priors too strongly. The second gives too much 
weight to every new signal. Good adaptation requires something more subtle: distinguishing 
noise from meaningful prediction error. That requires data. But it also requires judgment. 

The adaptive organization needs both exploitation and exploration 

James March described another version of this problem more than three decades ago. 
Organizations need to exploit what they already know: refine existing capabilities, improve 
efficiency, standardize successful processes and benefit from accumulated experience. At the 
same time, they need to explore: experiment, search for new possibilities and invest in 
approaches whose value is still uncertain. The difficulty is that exploitation usually produces 
clearer short-term rewards. Exploration is more uncertain and frequently fails. As March 
argued, adaptive processes can therefore become biased toward exploitation: organizations 
become increasingly efficient at what currently works while gradually reducing the 
exploration necessary to discover what will work next (March, 1991). 

AI intensifies this tension. It can make exploitation extraordinary. AI can optimize 
workflows, identify inefficiencies, standardize decisions and extract more performance from 
established processes.  But AI can also support exploration by generating hypotheses, 
simulating possibilities, discovering unfamiliar patterns and lowering the cost of 
experimentation. 

Recent research on organizational learning with AI suggests that the value comes precisely 
from managing this tension rather than choosing one side. Yan, Husted and Fath describe 
human-AI hybridization as a way of balancing exploratory and exploitative learning, 
arguing that AI introduces new paradoxes that organizations need to manage rather than 
simply automate away (Yan et al., 2026). This distinction matters strategically. An 
organization can become AI-enabled while becoming less adaptive. If AI is used primarily to 
make existing routines more efficient, the company may become exceptionally good 
atexecuting a model of the world that is gradually becoming obsolete. Efficiency and 
adaptation are not synonymous. Sometimes adaptation requires becoming temporarily less 
efficient. 

AI can accelerate learning - and accelerate the wrong learning 

Imagine a retail company using AI to optimize inventory. The model becomes increasingly 
good at predicting demand from historical purchasing patterns. Inventory costs fall. 
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Performance improves. Then customer behavior begins changing because a new technology 
alters how people buy. The system continues optimizing. In fact, it may optimize more 
precisely than ever. But it is optimizing against a world that is disappearing. The 
organization's problem is no longer prediction accuracy within the old model. The problem is 
recognizing that the model's structure has changed. AI is extremely powerful when the 
patterns contained in data remain relevant. But when environments change, historical success 
can become a liability. This is true for humans as well. Expertise is partly compressed 
history. AI models are also built from history. Human-AI systems can therefore develop a 
particularly interesting failure mode: both sides can become confident for the same reason. 
The manager believes the strategy because it worked before. The AI supports the strategy 
because its training or organizational data reflect the same past. Agreement then feels like 
confirmation. But the two predictions are not independent. They may simply share the same 
outdated prior. An adaptive organization therefore needs more than combined intelligence. It 
needs independent sources of error correction. 

Disagreement is an organizational asset 

This is one reason disagreement has appeared repeatedly throughout this book. A team in 
which everyone agrees can make decisions quickly. But agreement itself tells us very little 
about whether the model is correct. Sometimes consensus reflects strong evidence. 
Sometimes it reflects hierarchy. Sometimes shared incentives. Sometimes common data. And 
sometimes everyone is simply making the same mistake. The adaptive organization therefore 
needs ways to generate and preserve meaningful disagreement. That does not mean creating 
conflict artificially. It means ensuring that alternative models can survive long enough to be 
tested. 

When an executive proposes a strategy, someone should be able to ask what evidence would 
make it wrong. When AI produces a recommendation, someone should be able to challenge 
the assumptions behind it. When a junior employee sees a pattern that contradicts the official 
narrative, that information needs a route upward. This is where psychological safety becomes 
part of organizational cognition. As discussed in the previous chapter, psychological safety is 
not simply about people feeling good at work. It determines whether prediction errors can 
move through the organization. If employees suppress contradictory information because 
challenging the prevailing model is socially dangerous, the organization's learning system 
becomes distorted. It sees what people are willing to report rather than what is actually 
happening. The predictive organization therefore does not eliminate disagreement. It uses 
disagreement as data. 

But disagreement needs structure 

There is a danger here too. An organization in which every assumption is permanently 
questioned will struggle to act. Teams need shared models. Strategies need enough stability 
to coordinate thousands of decisions. Employees cannot reopen the company's fundamental 
direction every morning. Adaptation therefore requires a rhythm between commitment and 
revision. Commit to a model. Act on it. Define what evidence matters. Observe the result. 
Then reopen the model when the evidence crosses a meaningful threshold. This is very 
different from either rigid planning or constant improvisation. A strategy should be neither 
sacred nor disposable. It should be a working hypothesis with consequences. 
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That phrase captures something important. A hypothesis is revisable. A strategy still requires 
commitment.Organizations need both. 

Adaptive organizations make their assumptions visible 

One reason companies struggle to learn is that many important assumptions are never written 
down. A strategic plan may say: “Expand into Germany next year.” But the assumptions 
behind the decision remain implicit. 

Customers will respond similarly to those in France. Pricing will transfer. The regulatory 
burden will remain manageable. The local sales cycle will not be dramatically longer. A 
competitor will not respond aggressively. Sixteen months later, the expansion underperforms. 
Now the organization debates why. People remember the original reasoning differently. 
Some insist the strategy was correct but execution was poor. Others say the market was 
obviously unsuitable from the beginning. This is fertile ground for hindsight bias. A much 
more adaptive organization would record important assumptions before acting. Not every 
detail. The few assumptions that would meaningfully change the decision if they turned out 
to be wrong. Now the organization can compare: What did we predict? What happened? 
Which assumption failed? That simple structure transforms an outcome into a learning 
opportunity. Without the prediction, there is no clear prediction error. There is only a story 
told afterwards. 

The adaptive loop should be explicit 

If I had to reduce the central idea of this entire book to one organizational process, I would 
describe it as an adaptive loop: 

predict → act → observe → compare → interpret → update 

The first step is to make the model explicit enough to test. What do we believe will happen, 
and why? Then act. Reality produces an outcome. Compare the outcome with the prediction. 
But do not stop at noticing the mismatch. Interpret it. Was the error noise? Poor execution? 
Missing information? A wrong causal assumption? A change in the environment? Only then 
decide what deserves updating. 

Perhaps the action changes. Perhaps the process changes. Perhaps the strategy changes. Or 
perhaps the evidence is too weak and nothing should change yet. Then the loop begins again. 
The apparent simplicity hides the difficulty. Most organizations perform every one of these 
activities somewhere. Very few connect them reliably. Predictions are made in one meeting, 
execution happens elsewhere, outcomes appear in dashboards, interpretations happen 
informally and strategy reviews occur months later. The learning loop is fragmented. AI 
creates an opportunity to connect it. 

AI can become organizational memory 

One of the most promising roles for AI is not simply producing new answers. It is preserving 
the reasoning behind old ones. 

Imagine an organization that can ask: Why did we enter this market? What assumptions did 
the leadership team make? Which indicators were supposed to confirm the strategy? When 
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did evidence first begin contradicting them? What alternatives were considered? What did we 
learn from similar decisions five years ago? Traditional organizations often lose this 
information. People leave. Documents disappear. Context is forgotten. The final decision 
remains, but the reasoning behind it does not. 

Organizational-learning research has long emphasized that knowledge must become 
embedded beyond individuals if it is to survive turnover. Figge, Anderson and Lewis extend 
this problem into AI-human systems, showing how individual, collective and AI knowledge 
stocks can interact, accumulate and also decay over time (Figge et al., 2026). AI can 
potentially make organizational memory far more accessible. But memory is useful only if 
what is preserved remains interpretable. An archive full of AI-generated documents is not 
organizational learning. The organization needs to know which information was believed, 
why it was believed, what happened afterwards and what changed as a result. Memory 
without feedback simply preserves history. Learning requires comparison. 

Organizations also need to know what to forget 

This sounds paradoxical. But adaptation requires forgetting as well as remembering. Some 
organizational knowledge becomes obsolete. A sales approach that worked ten years ago may 
no longer work. A hiring profile associated with success under one strategy may be irrelevant 
under another. A risk model developed for a stable environment may become misleading 
during disruption. If every historical lesson remains equally authoritative, experience 
becomes a burden. The same problem exists in individuals. Strong priors are useful until 
conditions change. Then updating requires reducing confidence in what previously worked. 
Adaptive organizations therefore need a disciplined way of asking: Which parts of our 
knowledge are becoming less valuable because the environment changed? 

AI may make this harder in one sense. It allows organizations to preserve extraordinary 
amounts of information. But abundant memory does not automatically produce good 
judgment. The important capability is knowing which history remains relevant. 

Human-AI teams create a new level of adaptation 

There is another change we should take seriously. AI is moving from being a tool used by 
individuals toward becoming a participant in interdependent team processes. This means 
adaptation increasingly occurs not only among humans but between humans and artificial 
agents. 

Recent work on human-autonomy teams argues that traditional team-adaptation models need 
extension because these teams involve distinctive relationships among human members, 
autonomous systems, tasks and changing environments (Nols et al., 2026). A 2026 study of 
employees using AI-supported work similarly found that human-AI fit was a core condition 
associated with adaptive performance, suggesting that outcomes depend not only on the 
capability of the AI or the employee independently but on how well their characteristics and 
behaviors fit together (Wu, 2026). This is a major conceptual shift. We tend to ask: How 
good is the AI? Or: How skilled is the employee? Increasingly, we will need to ask: How 
well does this human-AI configuration adapt as a unit? Does the person understand when 
to rely on the system? Does the system provide feedback in a form the human can interpret? 
Can responsibility move appropriately between them? Can both adjust after mistakes? Does 
the interaction improve over time? The unit of intelligence is changing. 
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The organization becomes a system of interacting predictors 

At this point, the pieces of the book begin to come together. Individuals generate predictions. 
Leaders generate predictions. Teams develop shared predictions. AI systems generate 
predictions. Organizational routines encode old predictions about how work should be done. 
KPIs encode predictions about which variables matter. Strategies encode predictions about 
markets and competition. Culture even contains predictions about social consequences: what 
happens if I disagree, admit uncertainty or report a failure? An organization is therefore not 
one predictive system. It is a network of interacting predictive systems. And those systems 
do not always align. 

The employee may notice a problem the dashboard misses. The AI may detect a pattern the 
manager does not believe. The executive may have contextual information the model lacks. 
The team may know the official strategy is failing but remain silent. Adaptation depends on 
whether these differences can be integrated productively. 

Recent organizational-learning research increasingly treats AI exactly in this systems-
oriented way. Rather than viewing it as an isolated productivity tool, Figge and colleagues 
model AI as one learning entity embedded in dynamic individual and collective learning 
processes, while systematic reviews find that AI's contribution to organizational learning 
depends on socio-technical integration, human-machine coordination, ethical alignment and 
continued human judgment (Dote Pardo, 2026; Figge et al., 2026). This systems perspective 
may be one of the most important shifts organizations need to make. The strategic question is 
no longer merely: “Where should we deploy AI?” It becomes: “How should information, 
prediction, judgment, learning and responsibility move through a system containing 
both humans and AI?” 

An adaptive organization does not optimize everything 

There is a final danger worth emphasizing. Optimization is seductive. If we can measure 
something, AI can increasingly help optimize it. Productivity. Conversion. Response time. 
Cost. Utilization. Employee output. Customer retention. But adaptive systems need slack. 
They need experiments that fail. They need people occasionally exploring ideas whose 
immediate ROI is unclear. They need time to think. They need redundant expertise so the 
organization is not dependent on one person or one model. They need disagreement. They 
need activities that appear inefficient locally because they preserve adaptability globally. 

March's exploration-exploitation framework remains relevant for precisely this reason. 
Systems biased too strongly toward exploiting what currently works may improve short-term 
efficiency while weakening long-term adaptation (March, 1991). AI could make this 
imbalance much stronger. A company can optimize itself into fragility. Everything works 
beautifully under the conditions the system expects. Then the conditions change. An adaptive 
organization therefore needs to ask not only: “How can we perform better?” but 
also: “What capabilities would we need if our current model stopped working?” That is 
a different kind of intelligence. 

A practical architecture for adaptive organizations 

Taken together, the previous nine chapters suggest several principles. An adaptive 
organization needs explicit predictions, so important assumptions can be compared with 
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reality rather than reconstructed afterwards. It needs visible uncertainty, so confidence is not 
confused with accuracy and leaders know where further information or experimentation has 
the greatest value. It needs fast prediction-error channels, so contradictory evidence can 
travel upward, sideways and across human-AI systems without being filtered away. It also 
needs psychological safety with accountability, so people can expose mistakes and 
challenge models while remaining responsible for learning and performance. It 
needs calibrated human-AI collaboration, so neither human intuition nor machine output 
automatically becomes authoritative. It needs double-loop learning, so some failures lead 
not merely to better execution but to reconsideration of the assumptions behind the strategy. 
Finally, it needs exploration as well as exploitation, so efficiency today does not eliminate 
the capacity to discover what may work tomorrow, and organizational memory with 
selective forgetting, preserving useful learning while allowing obsolete assumptions to lose 
authority. These are not separate initiatives. They form a learning architecture. The 
organization predicts. Reality answers. The organization needs to hear the answer. 

A concrete implementation framework: The PREDICT Loop 

The architecture above becomes useful only when it changes how decisions are actually 
made. A leadership team therefore needs a repeatable operating process that connects 
prediction, action, feedback and learning. 

I would translate the framework into seven practical steps: 

P - Pin down the prediction. Before a consequential decision is implemented, make the 
underlying prediction explicit. What do we expect to happen? Over what time frame? Which 
outcome would count as success? The goal is not to forecast everything precisely. It is to 
prevent the organization from rewriting its original expectations after the outcome becomes 
known. For example, instead of recording “We believe entering Germany is strategically 
attractive,” write something closer to: “We expect enterprise demand in Germany to 
support €5 million in annual recurring revenue within 24 months, with customer 
acquisition costs remaining within 20% of our French market.” The prediction is now 
imperfect but testable. 

R - Rate the uncertainty. Identify the assumptions on which the prediction depends and 
separate what is known from what is merely plausible. Which assumption has the weakest 
evidence? Which variable could change the conclusion most dramatically? Which uncertainty 
can realistically be reduced, and which uncertainty must simply be carried? This step is 
particularly important because teams often discuss expected outcomes without discussing 
confidence. Two strategies with the same expected return may deserve very different 
treatment if one rests on well-established evidence and the other on several fragile 
assumptions. 

E - Expose the model to challenge. Before commitment becomes psychologically 
expensive, deliberately generate competing explanations. Ask someone to construct the 
strongest case against the preferred model. Use AI to generate alternative scenarios, identify 
missing variables and search for evidence that contradicts the dominant interpretation. Invite 
people with different information to challenge the assumptions. The goal is not endless 
debate. The goal is to make sure the model experiences meaningful resistance before reality 
provides it at greater cost. 



78 

D - Decide, act, and define the thresholds. Once the evidence is sufficient, decide. But at 
the same time, define which signals will trigger reconsideration. What would we need to 
observe for confidence in the current model to decrease materially? At what point would we 
modify the tactic? At what point would we question the underlying strategy? This protects the 
organization from two opposite problems: abandoning a strategy because of every negative 
signal and protecting it indefinitely despite accumulating contradictory evidence. For 
example: “We will continue the market-entry strategy for two quarters unless customer-
acquisition cost remains more than 40% above our model for eight consecutive weeks or 
enterprise conversion falls below 60% of forecast.” Now the organization has both 
commitment and conditions for updating. 

I - Inspect prediction error. When outcomes arrive, compare them with what was actually 
predicted. Do not begin by asking who performed badly. Begin by asking: Where did reality 
differ from our model? Was the forecast wrong? Was execution poor? Did an external 
variable change? Was the data misleading? Did the AI model miss something? Did the team 
know something that never reached senior leadership? The purpose of the review is not to 
eliminate accountability. It is to separate performance error from model error. Without 
that distinction, organizations often respond to strategic mistakes by trying to execute the 
same strategy more aggressively. 

C - Change at the right level. Once the prediction error has been interpreted, decide how 
deeply the organization needs to update. Sometimes the right response is operational: 
improve execution. Sometimes it is tactical: change pricing, messaging or resource allocation. 
Sometimes the error points to the strategic model itself: the customer segment is wrong, the 
market structure changed, the value proposition is weaker than assumed or the technology 
altered the competitive environment. This is where single-loop learning becomes double-loop 
learning. The critical question is: Do we need to change what we are doing, or do we need 
to change what we believe about why we are doing it? 

T - Transfer the learning. Finally, make sure the lesson survives the people who discovered 
it. Record what was predicted, what actually happened, which assumption failed, what 
changed as a result and where the lesson should influence future decisions. Feed relevant 
outcomes back into human training, team routines and AI systems. This step sounds 
administrative, but without it the learning loop remains personal rather than organizational. A 
team may learn. A leader may learn. But the organization learns only when the lesson 
changes future behavior beyond the people who experienced the original event. 

The full loop is therefore: 

Pin down → Rate → Expose → Decide → Inspect → Change → Transfer 

Or more simply: 

prediction → uncertainty → challenge → action → error → updating → organizational 
learning 

The framework does not need to be used for every operational decision. That would create 
bureaucracy rather than intelligence. It is most useful for decisions that are strategically 
important, difficult to reverse, highly uncertain or based on assumptions the organization has 
not tested before. A leadership team could apply it during major investment decisions, market 
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entry, product launches, organizational restructuring, senior hiring, AI deployment or any 
strategic decision in which being wrong would be expensive. And it does not require a new 
software platform. A one-page decision record is enough. 

For each major decision, capture six things: the prediction, the critical assumptions, the 
confidence level, the indicators that would challenge the model, the date of review, and 
what was learned afterwards. Over time, those records become something more valuable 
than a collection of decisions. They become a map of how the organization thinks, where 
its predictions systematically fail and whether it actually learns from those failures. AI 
can make this process considerably stronger. It can preserve decision histories, compare 
current assumptions with previous cases, monitor leading indicators, detect repeated 
prediction errors and surface situations in which the organization appears to be repeating an 
old mistake. But the purpose of AI here is not to automate the PREDICT loop. It is to make 
the loop harder to escape. A system can remind us what we predicted. Reality still determines 
whether we were right. And human judgment still has to decide what the error means. 

Adaptation is ultimately a relationship with being wrong 

This may be the deepest connection between the predictive brain and the adaptive 
organization. Neither can survive by being correct all the time. They survive by 
being correctable. 

A brain that never updated would be unable to adapt to a changing environment. A leader 
who never changed their mind would eventually become trapped by their own experience. An 
organization that never revises its assumptions becomes increasingly optimized for its past. 
And an AI system treated as an unquestionable authority becomes another source of rigidity 
rather than intelligence. The real test therefore comes after a confident prediction fails. What 
happens psychologically? Does the leader experience contradiction as information or 
humiliation? Does the team become curious or defensive? Does the organization investigate 
or assign blame? Does AI help identify what changed, or does it generate a more 
sophisticated explanation for why the original strategy was still basically right? Those 
reactions determine whether prediction error becomes learning. 

Predictive intelligence is therefore not prediction 

That may sound strange given the title of this book. But after moving from predictive brains 
to leaders, AI, teams and organizations, I think the distinction becomes clearer. Predictive 
intelligence is not the ability to foresee everything. It is not perfect forecasting. It is not 
certainty. And it is certainly not the ability to generate increasingly convincing explanations 
for what we already believe. Predictive intelligence is the capacity to build models of an 
uncertain world, act on them, notice when reality disagrees and revise them without losing 
the ability to act. At the individual level, this requires metacognition and tolerance of 
uncertainty. At the leadership level, it requires decisiveness without pretending certainty. At 
the team level, it requires psychological safety and productive disagreement. At the human-
AI level, it requires calibrated trust, appropriate delegation and the preservation of 
meaningful human judgment. At the organizational level, it requires a system that can move 
prediction error into learning. That is the movement from predictive minds to adaptive 
organizations. 
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The organizations that succeed in the AI era may not ultimately be those with the best 
models. Models will become widely available. They may not be those with the most data. 
Data will continue to become abundant. And they may not even be those with the most 
powerful AI. Those advantages will diffuse. The more durable advantage may be something 
harder to copy: an organization that can repeatedly ask, “What did we expect? What 
actually happened? What does the difference mean? And what are we willing to change 
because of it?” An organization capable of doing that does not need to predict the future 
perfectly. It only needs to remain capable of learning when the future refuses to cooperate. 
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Closing Notes 
The argument of this book can be reduced to a simple fact: intelligent action always takes 
place before certainty is complete. The brain predicts with incomplete sensory evidence. A 
leader decides before every variable is known. A team acts on shared assumptions that may 
later prove incomplete. An organization allocates resources on the basis of models of 
customers, markets, technologies, and people. AI now enters those same loops, adding 
extraordinary analytical capacity while also changing where confidence, bias, and 
responsibility can hide. 

The important consequence is that uncertainty is not a temporary defect that intelligence will 
eventually remove. Better models can reduce uncertainty, and better data can make some 
predictions more precise, but complex human systems will continue to contain novelty, 
strategic interaction, incomplete information, and events that alter the environment while we 
are trying to understand it. The practical question is therefore not how to become certain. It is 
how to remain effective and correctable when certainty is unavailable. 

This is where my clinical background continues to influence how I see leadership and 
technology. In psychotherapy, especially in work with anxiety, one repeatedly sees the cost of 
treating uncertainty as intolerable. The search for reassurance may reduce discomfort in the 
short term while preventing deeper learning. Avoidance can make the present easier while 
making the future narrower. The person becomes safer inside the model and less able to 
discover whether the model is true. Organizations can reproduce the same structure at scale 
when they replace difficult questions with more dashboards, more forecasts, more meetings, 
or increasingly confident AI-generated explanations. 

The alternative is not indecision. Adaptive systems still have to act. A leader who waits for 
complete certainty is not necessarily more rational than one who acts too quickly. Predictive 
intelligence requires a more difficult combination: commitment without dogmatism, 
confidence without pretending accuracy, and openness to revision without turning every new 
signal into a strategic reversal. The quality of judgment appears not only in the decision itself 
but in the architecture around the decision: how assumptions were made visible, how 
uncertainty was represented, what evidence was sought, what would trigger reconsideration, 
and whether the eventual outcome was allowed to teach the system something. 

AI can strengthen that architecture. It can preserve organizational memory, compare 
competing explanations, generate counter-scenarios, monitor leading indicators, surface weak 
signals, and challenge the first interpretation that feels obvious. Used this way, AI becomes 
part of an error-correction system. But the same technology can also strengthen rigidity. It 
can make an existing belief more articulate, turn a narrow prompt into a polished strategic 
memo, standardize an assumption across thousands of decisions, or give people a convenient 
reason to stop exercising independent judgment. The difference is not contained in the 
technology alone. It is created by the relationship among the technology, the task, the human 
user, and the surrounding organization. 

That relationship is why responsibility remains central. As AI becomes more capable, the 
temptation will be to treat difficult judgments as technical outputs: the model ranked the 
candidate, the system identified the risk, the agent selected the supplier, the forecast 
recommended the investment. But objectives still have to be chosen. Trade-offs still have to 
be accepted. Values still have to be prioritized. And when a consequential decision affects 
people, someone still has to own what the organization decided to optimize and what it was 
willing to risk. 
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The same is true of expertise. Some forms of expertise will become less valuable because AI 
can reproduce them cheaply and reliably. Others may become more valuable precisely 
because AI makes polished output abundant. Framing the right problem, recognizing missing 
context, distinguishing a meaningful exception from noise, understanding when two sources 
of agreement share the same error, and knowing what evidence would genuinely change a 
conclusion are not simply leftovers from a pre-AI workplace. They are part of the supervisory 
intelligence required to work with increasingly capable systems. 

For organizations, the central challenge is therefore cultural as much as technical. Prediction 
errors have to be able to move. People need to report when the system behaves unexpectedly, 
when the official explanation no longer fits the work, or when the strategy everyone is 
executing rests on an assumption that reality has begun to contradict. Psychological safety 
matters because a system cannot learn from information that people are afraid to transmit. 
Accountability matters because safety without responsibility does not create adaptation. The 
aim is a culture in which errors become visible early enough to be useful and serious enough 
to produce change. 

This is also the purpose of the PREDICT loop introduced in the final chapter. It is not 
intended as another management ritual. Its value lies in forcing a sequence that organizations 
often skip: state what you expect, identify what you are uncertain about, expose the model to 
challenge, act, compare the result with the prediction, decide what level of the model should 
change, and preserve the learning. The specific tools used to support that sequence will 
change. The logic should remain useful even when today's AI systems look primitive 
compared with those that follow. 

I expect that many claims about the future of AI made today will age badly. That is almost 
inevitable. Capabilities will move, professional roles will change, and some boundaries 
between human and machine judgment that seem important now will disappear. This book is 
therefore intentionally organized around a more durable question than what AI can do in 
2026. The question is how humans and organizations should relate to models that are 
powerful, incomplete, and increasingly involved in consequential decisions. 

The answer I have proposed throughout the book is not to demand perfect prediction. It is to 
build systems that remain open to correction. At the level of the individual, that means 
metacognition and tolerance of uncertainty. At the level of leadership, it means acting 
decisively while keeping the model revisable. At the level of human-AI collaboration, it 
means calibrated trust and explicit responsibility. At the level of teams, it means preserving 
disagreement and psychological safety. At the organizational level, it means converting 
prediction error into learning rather than embarrassment, blame, or rationalization. 

Ultimately, predictive intelligence is not confidence about the future. It is a way of remaining 
in contact with reality while moving through an uncertain one. We build models because we 
have to. We act on them because waiting is also a decision. And then reality answers. The 
most adaptive person, leader, or organization is not the one that avoids being wrong. It is the 
one that has built the capacity to discover error, learn from it, and continue forward with a 
better model than before.  
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