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Preface
This book examines judgment and partnership, emphasizing our
conviction that, even as machines advance, people remain a
business’s most scarce and valuable resource. Driven by this belief
and our collaboration, we explored these ideas and wrote this book.

We met in 2015 at 1105 Media. For ten years, we have sat on the
same side of the table, wrestling with data and strategy. We returned,
again and again, to the question animating this book: now that
intelligence can be bought, what is left that only people can do? This
book comes from our partnership, which taught us more about that
question than any algorithm could. We were not alone.

No journey is easy, and no decade of collaboration is filled only with
agreement. Still, every day we feel energized by our mission to learn
and improve. We believe passionately in the ideas in this book. They
are not for executives whose only ambition is to ride out the AI wave,
adopt whatever their competitors adopt, and survive. That has never
been our interest. If you can be satisfied with that, do not read on.
But if you want to lead, build an organization where artificial
intelligence and human judgment each do what they do best, and
where customers, employees, shareholders, and society win—read
on. We are not saying it is easy, but it is worthwhile.

Our experience confirms that there is no permanent advantage in
technology. There are no permanently excellent companies. Every
model your organization buys, your competitors can buy too. For the
first time in history, every organization on Earth has access to the
same intelligence. What cannot be commoditized is judgment:
knowing where to deploy AI and having the nerve to leave it alone.
That is what we call the human premium. We have found that
cultivating it is the strategic move that matters most.

This book challenges companies to close the gap between AI’s
promise and its frequent underperformance. Our central tenet is that
the gap is not technical. It is psychological, organizational, and
strategic. In the pages ahead, we explore these challenges. We



provide practical and proven frameworks and methodologies to
overcome them.

Our aim is to make leading with AI as systematic and actionable as
any discipline executives already command. Only then can
companies pursue transformation in a way that is both opportunity-
maximizing and risk-minimizing. No company, large or small, can
afford to gamble its future on enthusiasm alone.

The ideas in this book were not developed in a lab. They were built
over decades in data science, tested in boardrooms, and refined
through failures we’ll share honestly. They draw not only from the
analytics of AI-driven strategy, but also the all-important human
aspects: trust, governance, accountability, and the judgment to act
when the machine tells you something your experience says is wrong
are all crucial.

The human premium has always existed. As AI commoditizes
intelligence, the value of human judgment grows. We believe this
expansion is the root of the next era of growth. Yet, there is a poor
understanding of how to systematically cultivate and capture it, both
in theory and in practice. We invite you to read this book and learn
how to lead your future.



Part I
Aligning the C-Suite



Chapter 1
The Role of AI in Corporate Strategy

“We have stone-age emotions, medieval institutions, and god-like
technology.”

—Edward Wilson

On April 13, 1929, Salomon Shereshevsky, a young reporter for a
Moscow newspaper, was summoned to his editor’s office. This was
rarely a good sign in Stalinist Russia. The editor had noticed
something unusual: Shereshevsky never took notes during
interviews. When questioned, the reporter claimed he didn’t need to.
He remembered everything. To prove it, he repeated every word
from that morning’s editorial meeting verbatim. By afternoon,
Shereshevsky was under examination at the Academy of Communist
Education, where Soviet psychiatrists would study his memory for
the next 30 years. He could recall entire books, complex
mathematical formulas, even essays in languages he didn’t speak.

But his extraordinary ability came at a cost.

Shereshevsky’s world was one of perfect retention and absolute
fragmentation. He could recall infinite details yet struggled with
abstraction. He could not connect ideas, foresee consequences, or
form new insights. The sheer volume of information became a
cognitive burden rather than an asset. He could store knowledge but
could not use it to think. His mind was, in effect, a hard drive with no
operating system. An infinite database with no algorithm to make
sense of it.

For decades, companies operated in Shereshevsky’s image—
capturing everything, understanding little. AI changed that. Modern
AI systems don’t merely store and retrieve. They reason, synthesize,
and surface insights no human team could reach alone. For the first
time, the operating system Shereshevsky never had exists. And yet
most organizations are squandering it. Not because the intelligence
isn’t good enough, but because their structures, cultures, and
decision-making frameworks were built for a world where insight



was scarce. The assumption behind most AI adoption is that
deploying intelligence produces better outcomes. It doesn’t, at least
not automatically. Without the organizational capacity to act on what
AI reveals, more intelligence just produces more noise, faster. The
companies pulling ahead are not the ones processing the most data
or deploying the most tools. They are the ones who have figured out
when, how, and where to apply AI to their strategies and,
importantly, when to ignore it.

This is the argument of this book: AI gives every organization on
Earth access to the same intelligence. The advantage now belongs to
those who know where to use it and have the nerve to leave it alone.

The Data Onslaught
To examine AI’s role in business, we must first understand how data
and information flow in modern companies. In traditional
hierarchical organizations, information serves as the backbone for
maintaining control and coordinated action. It also supports
strategic decision-making. Typically, information flows vertically
from senior leadership down. This reinforces authority and guides
employees through selective dissemination and clear directives.

At higher levels, information becomes a critical foundation for
strategic choices. Managers distill raw data into actionable insights,
transforming it into coherent, contextualized information through
analysis and interpretation. This enables informed decisions.
Information also provides measurable benchmarks for performance
assessment, supporting accountability and efficiency.

Today, the data problem is an order of magnitude worse.

If we compressed recorded human history into a single calendar
year, writing would appear on December 25. The printing press
would arrive at 11:40 p.m. on December 31, and the television at
11:59:32 p.m. The Internet would come just 59 seconds before
midnight, and social media 10 seconds before the year ends. And
that’s just the distribution infrastructure. Now consider what’s
flowing through it.



Global data volume grew from 2 zettabytes in 2010 to 149 zettabytes
in 2024. That’s a 7,350% increase in 14 years.1 If you stored 2024’s
data on DVDs, the stack would stretch 23 million miles into space, or
nearly a quarter of the way to the sun. Despite this, a Forrester study
found that 60–73% of enterprise data goes unused in decision-
making.2

The human brain was not designed for this. The average worker
processes about 34 gigabytes of information a day.3 That equals
thousands of pages of content. Microsoft research links this overload
to an average attention span of eight seconds. Meanwhile, McKinsey
reports that employees spend 28% of their work week (over 11 hours)
just managing email. Decision fatigue is not a theory; it’s a daily
reality.4

Like a frog in slowly boiling water, most organizations have adapted
to the data deluge incrementally without ever recognizing it as the
crisis it is.

The Military Mindset vs. an AI Mindset
Walk into almost any corporation today, and you’re walking into an
organizational structure designed by nineteenth-century Prussian
generals.

The language gives it away: headquarters, officers, frontline workers,
strategy, tactics, chain of command. After World War II, as military
leaders flooded into corporate America, they brought the command-
and-control philosophy that had won the war. It worked brilliantly
for the industrial age with standardized processes, clear lines of
authority, and predictable outputs.

But here’s the paradox: that structure may now be a corporation’s
greatest liability.

Military hierarchies move information up and orders down. AI
thrives on rapid, horizontal information flows, the antithesis of a
hierarchical business organization chart. Think of it this way: a
military unit needs strict information control in combat. An AI-
driven organization needs information to flow like blood, freely to
where the organism most needs it.



The failure rates tell the story. A stunning 74% of companies have
shown no tangible value from their AI implementations.5 More
striking: a 2025 MIT Media Lab study found that 95% of enterprise
AI pilots fail to reach production with measurable value.6 And the
spending patterns partly explain why roughly 50–70% of AI budgets
have been poured into sales and marketing pilots, the lowest-
hanging fruit, rather than into structural transformation.

Executives approach AI like generals planning a campaign:
controlling risk, managing lines of authority, and measuring ROI on
discrete projects. For routine tasks, such as chatbots, basic machine
learning tools, and marketing automation, this approach yields
results. For an organization-wide competitive advantage, it fails.

The “70-20-10 principle” is instructive: successful AI
implementation requires 70% focus on people and processes, 20% on
technology and data, and only 10% on algorithms. Most
organizations invert this ratio by obsessing over technical solutions
while underinvesting in the human element.

The result is a cultural split. Junior employees race toward the AI
future. Executives retreat into familiar hierarchies. And the
organization stands still, burning both money and opportunity; 75%
of executives consider AI a strategic priority, while 89% say their
company has an AI strategy.7 Companies with clear AI strategies are
twice as likely to see revenue growth and achieve 2.1× higher ROI.8
The data is clear. What is unclear is how to systematically achieve
this potential.

Enter Artificial Intelligence
As data peaked, a convergence of three forces led to the launch of
ChatGPT in 2022. Understanding them matters.

Data. “Big data” is AI’s raw fuel: text, images, audio, numerical
datasets, and, increasingly, “world models.” Without data, AI is
a sports car with no gasoline. In the coming years, models will
train on multisensory inputs, robotics-generated experience,
and cross-modal understanding. The tank will keep filling.



Processing power. No one predicted that gaming cards would
play a crucial role in the development of modern AI. Alex
Krizhevsky, a graduate student at the University of Toronto,
built a prototype AI system in his bedroom using two
improvised GPUs from a then-obscure company called Nvidia.
GPUs, originally designed for rendering high-definition game
graphics, proved to be well-suited for the parallel processing
required by deep neural networks. An industry driven by
teenage gamers unintentionally provided the engine that
powered AI’s progress.

Algorithms. Simultaneously, advancements in large language
models (LLMs) revolutionized AI’s understanding and
generation of human language. These architectures dramatically
improved contextual comprehension and language generation
capabilities, transforming how machines interact with human
text. Combined with massive datasets and exponentially faster
hardware, these advances set the stage for OpenAI’s release of
ChatGPT in 2022.

The AI Paradox
Considering this evolution, it’s important to address the rising
expectations surrounding AI. Here is the paradox. Very few firms are
truly mature in AI, yet individual adoption has spread at an
extraordinary pace. Most organizations are still experimenting,
bolting tools onto functions, and calling that transformation. They
are not wrong to move early. They are wrong if they think early use
equals institutional capability.

AI matters for three reasons.

First, AI changes the economics of knowledge work. In
customer service, product development, and coding, AI
increases throughput. This scale makes the old productivity
baseline look slow. Instead of slight annual improvements, tasks
that once took hours now take minutes. Executives feel both
excitement and confusion as familiar assumptions about
capacity, staffing, and cycle time no longer hold.



Second, it improves decisions, not just execution. In
domains such as fraud detection, diagnostics, and scientific
research, AI is proving valuable because it can detect patterns,
surface anomalies, and expand analytical reach beyond what
rule-based systems or unaided experts can manage alone. The
point is not that machines replace judgment. The point is that
judgment, when paired with machine assistance, can become
faster, broader, and in some cases more accurate.

Third, efficiency is not the only benefit. Cost savings
matter but are just the shallow end. The greater opportunity is
in creating products, services, and business models that were
once too expensive, too complex, or too slow. The most
important question is not whether AI can automate the
business. It is whether AI can make a different business
possible.

This is where the hype begins and the confusion persists. Leaders
hear large numbers and think it’s a technology story. In reality, this
is an organizational story. AI does not simply improve single tasks. It
can change the very shape of the firm. Remember, this is the least
powerful AI there will ever be.

The Adoption Paradox
Here’s where it gets interesting.

Individual Adoption Thrives
A 2025 study by Management Science finds that 45% of Americans
use generative AI at work.9 About 11% use it daily. Surveys suggest AI
use is widespread across organizations, but official U.S. business-use
rates remain much lower (4%) when measured as actual use in the
production of goods or services.10 The gap is not technology; it’s
institutions. Employees act as “secret cyborgs,” quietly adopting AI
to boost personal productivity. Some see 25% gains in output from
tools like ChatGPT, Claude, and GitHub Copilot.11

Organizational Adoption Lags



Workers are reluctant to share their use of AI with managers. It is,
after all, their edge. A Slack survey found that 48% of desk workers
felt uncomfortable disclosing AI use to their managers.12 This
tension is older than technology. From Prometheus to John Henry,
workers have always feared being displaced by new tools. But today
the dynamic has inverted: it’s the workers racing ahead while leaders
hang back.

The fear is mutual. Below, the worry is job security. Above, leaders
sense a deeper loss of control. Knowledge is power, and AI threatens
to shift it. MIT Sloan research shows 76% of executives believe
organizations need transparency for AI success. Only 24% have taken
meaningful steps toward this. Meanwhile, 45% fear losing control if
they flatten their hierarchy.13

The gap between strategy and execution is stark. Executives cite
budget restrictions (41%), talent shortages (38%), and technical
complexity (35%) as their primary obstacles.14 Meanwhile, 83% call
AI a strategic priority.15 A fascinating bottom-up power shift is
underway: it’s workers, not executives, driving AI adoption and
compelling leaders to rethink how organizations operate.

The evidence of that shift: 71% of leaders now prefer hiring less
experienced candidates with AI skills over veterans without them.
Two-thirds say they wouldn’t hire someone lacking AI capabilities at
all.16 While 40% of employees see IT departments leading AI
implementation, business leaders register at just 23%.17

The Cautionary Tale of Nokia
Nokia is the canary in the coal mine. In 2007, Nokia held 50% of the
global smartphone market share.18 Their structure was the problem:
a rigid hierarchy where critical intelligence from frontline employees
never reached decision-makers. When employees recognized the
iPhone’s potential, each management layer filtered and softened the
message. By the time it reached the top, the threat had been
minimized. Five years later, their market share was 4.3%.19



Contrast that with Microsoft under Satya Nadella. He dismantled
Steve Ballmer’s rigid silos. The result: Microsoft’s market cap grew
from $300 billion to more than $3 trillion, surpassing Apple as the
world’s most valuable company.

Three lessons follow:

Speed: When Intel faced manufacturing challenges in 2020,
AMD’s flatter structure enabled faster decision-making. AMD
captured critical market share. Intel still hasn’t recovered.

Innovation: 71% of innovations emerge from cross-functional
collaboration. Hierarchical structures kill it. Google’s “20%
time” policy produced Gmail, AdSense, and Google News.

Risk Management: After 2008, JPMorgan Chase introduced
“town halls” where junior employees could flag risks directly to
senior management—a structure that helped them navigate the
2020 COVID crisis better than most peers.

The key insight: C-suite executives don’t lose control in the AI world
by flattening structures. They gain competitive advantage.
Information no longer flows at the speed of hierarchy. It flows at the
speed of trust.

Breaking the Mold: Healx and the Power of
AI Innovation
Drug development follows strict rules: $2–$3 billion in costs, 12–14 
years of research, and a 95% failure rate. Of roughly 10,000 known
human diseases, the pharmaceutical industry has approved
treatments for only 500–600, about 5–6%. Behind these numbers
are more than 400 million rare-disease patients waiting for a cure.

In 2014, a desperate father named Nick Sireau stood before two
scientists with a story that would challenge those laws. His sons
suffered from a rare genetic disorder. For a decade, he had searched
for treatment. Traditional drug development was not just slow and
expensive; it was structurally broken for rare diseases.



Dr. Tim Guilliams and Dr. David Brown—the scientists who heard
Sireau’s story—saw what others had missed. Brown, co-inventor of
Viagra, knew that breakthroughs often come from unexpected
angles. What if the problem wasn’t finding new drugs but seeing
existing ones differently? What if AI could help escape the tyranny of
conventional drug discovery?

That meeting gave birth to Healx. Rather than following the 80/20
rule that concentrates pharma investment on blockbuster diseases,
Healx flipped the script by focusing on the long tail of rare
conditions, individually small but collectively enormous.

Their AI platform, Healnet, analyzed vast amounts of biomedical
data to find new uses for existing drugs. What once took years now
takes months, and at a fraction of the cost. Working with patient
groups, Healx identified potential treatments for Fragile X
syndrome, the most common genetic cause of autism. Within 24 
months—a blink in pharmaceutical time—they had several therapies
ready for clinical testing. Their approach was 80% faster and 90%
cheaper than traditional methods.

From a Cambridge startup, Healx has grown to more than 130
people and raised more than €63 million. More importantly, they’ve
given hope to millions of patients who traditional pharma had
systemically ignored. Their goal: 100 rare disease treatments
advancing toward clinical trials by 2027. Not just a corporate target
but a declaration that technology can serve both the profitable many
and the forgotten few.

The chapters that follow lay out the frameworks to do exactly that.



Book Summary
This book confronts the gap between AI’s sweeping promise and its
frequent underperformance. The challenges are not primarily
technical; they are human, organizational, and strategic. In this
book, we distill the principles and analytical frameworks necessary
for decisive leadership in this evolving landscape.

Part I: Aligning the C-Suite (Chapters 2 and 3) examines what AI
demands of executive leadership, including consequences when
leaders resist. Chapter 2 introduces four executive archetypes, each
with distinct responsibilities for integrating AI. Chapter 3 addresses
the lack of regulation, requiring enterprises to develop their own
accountability and fairness frameworks. Together, these chapters
show that AI transformation starts or stalls at the top.

Building on leadership alignment, Part II: The Strategic
Playbook (Chapters 4–7) delivers actionable frameworks. Chapter 4
presents a strategic model grounded in Organizational Excellence,
Outside-In, and Inside-Out pillars. Chapter 5 details HorizonAI’s
scenario planning cycle. Chapter 6 introduces enterprise-level
operational and risk frameworks with HealthCheckAI and ARIA.
Chapter 7 applies Blue Ocean Strategy enhanced by AI. These
chapters empower leaders to redefine strategy, rigorously test
decisions, and capture new markets. The core principle: AI augments
human insight; it is not an oracle.

Part III: Leading the AI-Powered Organization (Chapters 8–
11) shifts from strategy to leadership itself. It builds executive AI
fluency (Chapter 8), reframes leadership in terms of leading an
organization where the staff is software (Chapter 9), offers blueprints
for structuring AI-powered organizations (Chapter 10), and looks
into the future of C-suite leadership over the AI horizon (Chapter 11).

As AI agents become commoditized, the book argues that human
judgment, ethics, and institutional wisdom (the Human Premium)
become the decisive competitive advantage (Chapter 11). The final
chapter calls on the C-suite to lead with foresight, ethical conviction,
and humility to co-create a future shaped by human-AI
collaboration.



The Road Ahead
Edward Wilson’s epigraph, “stone-age emotions, medieval
institutions, god-like technology,” captures the tension at the heart of
this book. The gap between AI’s potential and AI’s realized value is
primarily a leadership problem. Consider what happened in April
2026, when Anthropic unveiled Claude Mythos, a model that
autonomously discovered thousands of critical software
vulnerabilities, including flaws that had survived decades of human
review and millions of automated security scans.

Rather than release it, Anthropic restricted access and convened a
defensive coalition of Amazon, Apple, Google, Microsoft, and a dozen
others under Project Glasswing. The technology didn’t make that
decision. People did. That is precisely the duality this book asks
executives to confront: the same capability that secures critical
infrastructure could devastate it. The human advantage is not in
building the tool. It is in having the judgment to decide what to do
with it.

This pattern holds across every example in this book. It’s not the
technology, the data, or the talent. It’s the moment when AI tells you
something your experience says is wrong and you must decide
whether your organization will act on the uncomfortable answer or
become the next Shereshevsky: remembering everything,
understanding nothing, and calling it a strategy.
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Chapter 2
C-Suite Roles in AI Transformation

“We tend to overestimate the effect of a technology in the short
run and underestimate the effect in the long run.”

—Roy Amara

In late 2023, senior leaders at DB Schenker, one of the world’s
largest logistics providers, spotted a troubling pattern. Despite
digitizing much of their global freight network, operational
bottlenecks still created cascading delays at key European hubs.
Meanwhile, a regional competitor had quietly started using AI to
reroute shipments based on real-time traffic data, customs wait
times, and labor strikes. With higher value and fewer pain points,
customers jumped to DB Schenker’s competitor.

As Maik Schmidt, technology architect at DB Schenker, put it, “On
the one hand, I could see AI disrupting several parts of Schenker’s
business. Many processes will be much more efficient than they are
today thanks to software solutions that were only a dream a few
years ago.”1

DB Schenker responded by rethinking how AI could speed up
decision-making across the entire network. Within six months, the
company launched a real-time supply chain platform connecting
predictive AI with human dispatchers to enhance agility and
accountability. This story illustrates how AI doesn’t just change what
companies can do but also the social and organizational changes
required and how quickly they must act. For the C-suite, the priority
is to rethink business processes just as much as to adopt new
technology.

This pattern of underestimation is as old as the wheel. When the
telephone arrived in the late 1800s, Western Union’s president
dismissed it as having “too many shortcomings to be seriously
considered as a means of communication.” Similarly, factory owners
balked at electricity, convinced that conversion costs outweighed
benefits. Decades later, in 1998, economist Paul Krugman predicted



the Internet’s economic impact would prove “no greater than the fax
machine’s.” In each case, leaders told themselves they had more time
to adapt than they did.

What makes AI different is the speed of adoption, the scale of capital
behind it, lower barriers to entry, and the rising opportunity cost of
waiting. The telephone took 75 years to reach 50% adoption in the
United States. Personal computers took about 25. ChatGPT, in
comparison, reached 100 million users in two months and 50%
adoption in the US in less than 3 years.2 This kind of compression
leaves far less runway for a “wait and see” approach.

When early adopters deploy AI, their systems learn from every
interaction, accumulate proprietary data, and create feedback loops
that strengthen their position over time. A six-month delay is not just
a gap; it means entering a race where your competitor’s AI has been
continuously optimizing. The talent divide also widens, as early
movers build teams experienced in working alongside AI, while late
adopters struggle to find talent already familiar with advanced
operations.

The cost of delayed AI adoption isn’t linear. It’s exponential. Each
month of delay doesn’t just affect technology adoption. It affects
organizational capability, culture, and attractiveness to top talent.
Late adopters risk falling behind in an increasingly expensive game
of catch-up. When today’s executives dismiss generative AI as “just a
sophisticated autocomplete” or insist that “AI can’t replace human
judgment,” they unknowingly echo Western Union’s president and
his “electrical toy.” The language of resistance to technological
change stays remarkably consistent, even as the technology evolves.

A broader lesson surfaces here, one we’ll return to throughout this
book: the exploration-extraction dilemma. This is an old machine-
learning concept that refers to the trade-off between exploring new
options to discover potentially better solutions and leveraging known
strategies that have proven successful. Striking the right balance is
the challenge: too much exploration risks inefficiency, while too
much extraction risks missing out on superior outcomes.

Most work on AI and business strategy has focused heavily on the
extraction side. Efficiency gains, faster processes, lower costs, fewer



errors. As we will see throughout this book, AI has massive untapped
potential for exploration, identifying markets hidden in plain sight
and waiting for the right lens to bring them into focus. Strategic
alignment between AI as a technology and business as a social
construct is often overlooked. This chapter highlights the key
challenges C-suite leaders face, shows how AI offers solutions, and
outlines immediate steps leaders can take.

Four executive archetypes define the framework. While job titles
often overlap, emphasizing leadership style makes this approach
more practical than traditional organization charts.

The Growth Driver is focused on market expansion and
revenue generation. Think chief executive officers (CEOs), chief
revenue officers (CROs), and chief marketing officers (CMOs).
They harness AI to identify nascent market opportunities by
analyzing vast datasets of consumer behavior, competitor
movements, and macroeconomic indicators in real time. They
deploy machine learning to optimize customer acquisition costs
and predict lifetime value, enabling rapid scaling in high-
potential segments.

The Risk Guardian emphasizes stability, compliance, and risk
management. Typically, CFOs and CROs are more conservative
in decision-making, prioritizing protection over growth. They
employ AI-powered anomaly detection to monitor transactions,
communications, and operational patterns for potential
compliance violations or security threats. They leverage
predictive models to forecast market volatility and regulatory
changes, proactively adjusting strategy and risk controls.

The Innovation Catalyst is focused on longer-term growth
through technological advancement and R&D. These traits are
common in chief technical officers (CTOs) and chief innovation
officers (CIOs). They use AI to accelerate ideation, rapidly
generating and evaluating thousands of potential solutions.
They implement AI-driven innovation management platforms
that predict which R&D projects are most likely to succeed in the
market.



The Operational Excellence Champion focuses on
efficiency, process optimization, and cost management. Often,
chief operating officers (COOs) and chief supply chain officers
(CSCOs) use AI to simulate and optimize complex operational
processes before implementing changes. They harness machine
learning for predictive maintenance and dynamic resource
allocation, dramatically reducing downtime and improving
efficiency.

This chapter introduces the Growth Driver, Risk Guardian,
Innovation Catalyst, and Operational Excellence Champion
archetypes, covered in the following chapters. This structure guides
leaders through actionable strategies tailored to each focus area. In
each section below, we examine each archetype’s mindset, AI
adoption strategies, and how to implement and scale these strategies
across the organization.



The AI-Fluent Executive
Every day, executives make decisions that could determine their
company’s fate, yet they are saddled with imperfect information,
biased perspectives, and not enough time. Approximately 85% of
business leaders report experiencing significant decision stress,
while three-quarters say the volume of decisions they must make
has increased tenfold over the last three years.3

What if those constraints are no longer immutable?

The collision between AI and executive judgment demands a new
model of leadership, what we call the AI-fluent executive.
Consider how PepsiCo is rearchitecting the way it makes
decisions entirely. While most companies still react to supply
chain disruptions after they occur, PepsiCo has built a system
designed to resolve crises before they exist. In partnership with
Siemens and Nvidia, the company is constructing digital twins of
its warehouses, conveyor systems, and distribution networks—
virtual replicas so precise that executives can stress-test supply
chain configurations, identify bottlenecks, and validate new
strategies without touching the physical operation. Their goal is
to detect up to 90% of operational problems in simulation before
they ever reach the warehouse floor. As PepsiCo’s Chief Strategy
and Transformation Officer Athina Kanioura put it, the
foundation matters more than most leaders realize. “If we hadn’t
done all those changes and the moves,” she said, “it would now be
impossible for us to do agentic AI.” This story drives home how to
thrive in our entirely different decision-making environment.4

The AI-fluent executive operates at the intersection of human
wisdom and machine intelligence in four key ways:

Bias reduction: the invisible hand of prejudice.
Human bias isn’t just a social issue but a business liability.
Studies show hiring managers form impressions in the first
seven seconds. AI doesn’t eliminate bias, but it can expose it.
At Goldman Sachs, AI systems now monitor compliance
across more than 40 countries, completing internal audits



25% faster and flagging risk patterns that previously went
undetected until post-trade review. When Unilever
implemented AI in its hiring process, it led to a 16% increase
in diversity hires, a 90% reduction in time-to-hire, and £1
million in annual cost savings.

Efficiency and speed: the new economics of
decision-making. BlackRock’s Aladdin platform performs
180 million option-adjusted calculations and 5,000 portfolio
stress tests every week. But its real value isn’t speed; it’s the
freedom it gives executives to focus on strategic rather than
tactical decisions. Amazon’s AI-powered systems have been
documented as making more than 2.5 million pricing
adjustments daily, freeing executives to focus on work that
only humans can do. AI is creating “decision velocity” with
not just faster decisions but smarter ones.

Augmenting human judgment: the synthesis of mind
and machine. The most sophisticated use of AI in
executive decision-making is in augmentation. Bridgewater
Associates’ Artificial Investment Associate (AIA) analyzes
data across time and geography, generating hypotheses in
minutes for human experts to evaluate. Co-CIO Greg Jensen
says, “The big jump here is using machine intelligence to
generate the alpha, that is a leap.”

Today, the AIA serves as the primary basis for decision-
making for a $2 billion fund. The system challenges
assumptions and suggests alternative perspectives, creating
what founder Ray Dalio calls an idea meritocracy.

Minimizing risk while maximizing governance: the
new balance. AI is rewriting the trade-off between risk and
reward. At Morgan Stanley, AI gives financial advisors
instant access to the firm’s entire knowledge base (more than
100,000 proprietary research documents), condensing hours
of manual searching into seconds. Today, 98% of financial
advisor teams have adopted the tool. The importance is that
AI is helping executives understand exactly where the
boundaries of acceptable risk lie in a way that was impossible
before.



The Growth Driver
The backlash against Airbnb had been building for a decade. Crashed
hotel rates, overflowing tourist neighborhoods, rising rents. And a
growing sameness: the same exposed lightbulbs, IKEA furniture, and
faux wood floors left guests feeling as if they could be anywhere. The
Verge, an online magazine, described the Airbnb aesthetic as the
“hallucination of the normal.” By 2023, growth was plateauing, and
differentiation was becoming harder to maintain.

CEO Brian Chesky knew they needed a new direction. AI revealed
what human inspection had missed. Through advanced analysis of
booking patterns and user interactions, Airbnb discovered that
unique properties (treehouses, boats, historic buildings) generated
average booking values 40% higher than those of standard listings.5
Users spent significantly more time exploring these listings, even
when they eventually booked something else.

But the deeper finding was a structural misalignment in their own
platform. Airbnb’s search algorithm, optimized to match guests to
conventional rooms efficiently, actively worked against user behavior
for unique properties. Those guests weren’t looking for an efficient
booking process. They wanted discovery, exploration, and
experiences “like a local,” a higher-margin proposition hiding in
plain sight. Moreover, the data showed that owners of unique
properties were significantly more likely to become long-term,
committed hosts, an insight that reshaped investment decisions.

Rather than treating unique properties as an interesting niche,
Airbnb rebuilt its entire platform around them. The company
redesigned its search and recommendation algorithms to spotlight
distinctive stays and launched a “Categories” feature that uses AI to
classify properties by unique characteristics automatically.

The results validated the bet. Bookings for unique properties grew
60% faster than traditional stays.6 Guest satisfaction soared. Social
media sharing of distinctive experiences tripled. The platform
attracted a new segment of experience-seeking travelers who were



less price-sensitive, more focused on “total experience,” and
therefore more loyal.

Understanding the Growth Driver’s Mindset
Will Rogers put it best: “Even if you’re on the right track, you’ll get
run over if you just sit there.” The warning resonates with growth-
focused executives who hesitate to embrace AI. On the surface, AI is
the perfect tool for their goals: predicting market trends,
personalizing customer experiences, and optimizing pricing
strategies. Yet many Growth Drivers drag their feet.

The resistance lives in the tension between AI’s timeline and a
quarterly earnings cycle. AI demands significant up-front investment
and patience. Growth Drivers face relentless pressure to deliver
immediate results. Picture a CRO evaluating an AI-powered pricing
tool that needs six months of data training before it delivers
meaningful insights. Next quarter’s targets don’t wait. That
mismatch between AI’s learning curve and the demand for quick
results shelves promising initiatives and creates missed
opportunities.

The challenge goes deeper than timing. Many Growth Drivers excel
at big-picture strategy but view AI as a technical exercise, something
disconnected from their vision. When a CEO sees an AI customer
segmentation model as a complex data project rather than a tool for
market expansion, the opportunity dies in translation. And
organizational silos make it worse. When different regions log sales
data differently, an AI forecasting tool produces inconsistent
predictions. The technology gets blamed for a data infrastructure
problem.

Most organizations are woefully guilty of ignoring the cultural shifts
required in effectively leveraging AI. Growth-driven organizations
thrive on human relationships, intuition, and fast decisions. AI can
feel like a threat to that identity. When a successful sales team resists
an AI lead-scoring tool, they aren’t exactly rejecting technology;
they’re protecting a formula that has delivered results. The
introduction of AI into a high-touch, fast-paced culture is like asking
a jazz band to play from sheet music. The notes might be better, but



you lose the improvisation that made the performance great in the
first place.

The path forward requires a shift in perspective. Growth Drivers
need to reframe AI as an amplifier of human capabilities, not a
replacement for them. This means aligning AI initiatives with
immediate growth objectives, ensuring quick wins alongside long-
term transformation, and actively championing AI as a tool that
enhances rather than diminishes human expertise. Growth Drivers
must manage the short-term costs of AI transformation alongside
the strategic advantage AI will provide.

The Growth Driver’s Playbook
We will introduce the tools and frameworks in Chapters 5–7. The
first challenge for any growth-focused executive is knowing where to
play. Traditional market identification relied on historical data, gut
feel, and lagging feedback. AI has fundamentally transformed this
landscape through sophisticated predictive analytics that process
vast amounts of real-time data to identify high-growth markets with
unprecedented accuracy.

Predictive Analysis
AI-powered sentiment analysis detects subtle shifts in customer
preferences months before they show up in sales reports. By
analyzing millions of social media posts, reviews, and service
interactions, AI surfaces emerging pain points representing
untapped opportunities. When demand for sustainable products
begins to trend in a new region, AI flags the pattern early enough to
seize the first-mover advantage. This same capability extends to
competitive intelligence, enabling real-time monitoring of
competitor pricing, product launches, and customer feedback. For
growth executives, this is the difference between reactive and
proactive strategy.

Customer Relations
Customer relationships are where AI’s precision shines brightest at
the moment. Modern AI segments customers using hundreds of
behavioral and demographic variables, predicts lifetime values



before the company invests significant resources in acquisition, and
identifies at-risk customers with accuracy rates exceeding 85%,
enabling proactive intervention before churn takes hold.7 This
transforms retention from broad-brush loyalty programs to
personalized strategies that address specific customer pain points.

Scenario Planning
In volatile markets, scenario planning separates growth from
stagnation. AI simulation tools test thousands of market conditions,
helping executives understand strategic implications before
committing resources. These tools incorporate real-time data and
dynamically adjust predictions. When entering a new market, AI can
model financial outcomes under various competitive responses,
regulatory shifts, and economic conditions, replacing static planning
with adaptive strategy.

Scaling for Growth Drivers
AI also compresses innovation cycles. Trend forecasting identifies
emerging needs. Digital prototyping accelerates testing. Real-time
feedback loops gather and analyze customer reactions immediately
after launch. This lets teams adjust strategy fast, reducing the risk of
costly market misses while accelerating the path to product-market
fit.

The harder problem is scaling what works. Growth Drivers who
succeed with AI pilots often championed them personally.
Enterprise-wide adoption demands something different: a network
of embedded advocates. Some companies establish what they call “AI
Kingpins,” respected leaders in each division who understand the
technology’s potential and their unit’s specific needs. These Kingpins
translate AI’s benefits into terms their teams care about, accelerating
adoption far more effectively than top-down mandates.

The smartest scaling follows what we call an “earn to grow” model.
Initial deployments focus on use cases with rapid return on
investment (ROI), generating funds and credibility for broader
expansion. Break deployment into 90-day sprints, each delivering
measurable business results, to maintain the pace Growth Drivers
expect while allowing for course corrections. One global sales



organization that followed this approach reduced implementation
time by 40% while improving adoption rates with each successive
wave.

Data infrastructure requires a parallel track: deploy AI solutions that
work with existing data today while investing in data quality and
integration for tomorrow. And cultural integration matters at scale.
Organizations that succeed treat AI as a natural extension of how
work gets done, not a technology project bolted on from outside.
They celebrate teams that use AI independently, widely share success
stories, and create formal mechanisms to cross-pollinate best
practices between divisions.

Vibe coding a value creation dashboard helps here. It shows how AI
implementations improve metrics at every organizational level:
market share for the Growth Driver, departmental efficiency for
division leaders, and personal productivity for individual
contributors. When people see what AI means for their own work,
adoption accelerates. The financial model for scaling also matters.
Rather than treating AI as a massive capital expenditure, quick
adopters fund expansion with returns from early wins, creating a
self-reinforcing cycle of investment and results.

Growth Drivers have an imperative to bring their people on board
and scale. AI isn’t about perfect execution. It’s about building
momentum while developing organizational capability. The Growth
Drivers who master AI scaling will find themselves leading
organizations that aren’t simply faster, but fundamentally more
capable of creating and capturing new market opportunities.

The Risk Guardian
Here is a number that should alarm any executive: an international
bank found that more than 95% of its automated fraud alerts were
false positives. That was the reality at HSBC in the early 2020s. The
bank screened roughly 980 million transactions a month for signs of
money laundering and fraud.8 Its rules-based monitoring system
generated alerts faster than investigators could clear them. Within
that noise, sophisticated criminals slipped through undetected.
HSBC’s risk team needed a new kind of guardian.



HSBC partnered with Google Cloud to build a machine-learning
solution, code-named “Dynamic Risk Assessment,” that identified
suspicious behavior without relying on predefined rules. Rather than
hand-coding “if-then” scenarios, HSBC’s data scientists trained the
AI on years of historical transactions and known fraud patterns. As
new criminal tactics emerged, the team continually trained the
model to recognize them. To build trust, an explanation layer was
added to explain to compliance officers why each transaction was
flagged, helping skeptics understand the AI’s reasoning.

The impact was immediate and significant. HSBC detected two to
four times more suspicious transactions while generating 60% fewer
false-positive alerts.9 Investigations that once took weeks
compressed to days. Potentially illicit accounts that might have taken
a month to identify were flagged in about eight days. The deployment
earned HSBC Celent’s “Model Risk Manager of the Year 2023” award
for innovation in financial crime fighting. What began as a fraud
crisis became a strategic advantage.

The lesson for the Risk Guardians is how quickly and safely they can
transform without sacrificing their main goal of protecting the
institution. HSBC’s story demonstrates that both can be achieved
with the right approach.

Understanding the Risk Guardian’s Mindset
While the Growth Driver worries about missing the ship, the Risk
Guardian worries about sinking it. CFOs and CROs view their role as
defenders of organizational stability and custodians of enterprise
value. While growth-focused executives charge forward and
innovation leaders chase disruption, Risk Guardians anchor the
organization with a steady hand, ensuring resilience, compliance,
and financial integrity.

As described by the New York Times, “A.I. models are black boxes.
You input a prompt, and the model outputs nearly anything: a
sonnet, an image, or a legal brief riddled with lies.”10 For an
executive with a deeply ingrained aversion to ambiguity, skepticism
of AI makes perfect sense. But it helps to understand where that
skepticism is rooted.



Five fault lines run through the Risk Guardian’s relationship with AI.

First, AI defies traditional risk quantification. Historical data
and proven patterns anchor conventional risk models, but AI
introduces risks with no precedent and no clean probability
distribution. How does one price the risk of an AI system
making autonomous decisions that affect millions of customers?

Second, AI muddies accountability. In a conventional process,
responsibility flows through a transparent chain of command.
When an AI system produces bad outcomes, the chain of
responsibility fragments among developers, data providers, and
the executives who approved its deployment.

Third, AI’s capacity to learn and adapt its own behavior can feel
like instability to someone who prizes predictable, controllable
systems. A system that evolves based on new data introduces
variables that traditional governance frameworks can’t pin
down.

Fourth, the opacity of AI decision-making collides with the
Risk Guardian’s commitment to auditability. Regulators expect
clear, deterministic explanations. Deep learning systems resist
providing them.

Fifth, AI’s interconnected architecture raises the specter of
cascading failures. In traditional systems, failures stay contained
within operational silos. AI creates interdependencies that allow
a single error to ripple through multiple business processes
faster than human operators can intervene.

These aren’t irrational fears. They’re the concerns of someone
responsible for the organization’s survival. The path forward lies in
addressing them systematically rather than dismissing them. Savvy
Risk Guardians don’t fear AI. They fear poorly managed AI. When AI
offers clarity amid complexity, control amid chaos, and measurable
insight amid ambiguity, it becomes a cornerstone of their leadership.

The Risk Guardian’s Playbook
The relationship between Risk Guardians and AI need not be
adversarial. Consider how AI reinforces the principles Risk



Guardians hold sacred: control, transparency, and risk mitigation.
When properly implemented, AI offers unprecedented capabilities
across these domains. They’re the ones who sleep with one eye on the
spreadsheets and the other on the horizon, watching for outliers that
could threaten their organizations. Today, these traditionally
cautious executives are emerging as unlikely champions of
innovation.

Pattern Recognition
AI’s natural fit with risk management starts with pattern recognition.
Traditional risk management is reactive: quarterly reviews, annual
audits, and a lag between when a risk emerges and when it’s caught.
AI monitors transactions, communications, and operational data in
real time, flagging anomalies before they grow into significant
threats. The system learns from false positives and sharpens its
accuracy over time, reducing the burden of investigating false alarms
while surfacing subtle correlations between seemingly unrelated
events that traditional methods would never catch.

The “black box” problem is shrinking. Modern AI systems
incorporate detailed audit trails and layered explanations tailored to
different stakeholders: technical detail for auditors, executive
summaries for the board. Every AI decision can be traced,
documented, and justified, often more thoroughly than human
decisions.

Compliance Monitoring
These systems also autogenerate compliance reports and risk
assessments, creating a continuous record of decision-making logic.
Compliance monitoring extends this further. Rather than sampling
transactions and relying on periodic human oversight, AI reviews
every transaction, document, and communication for violations. The
system adapts to new regulations in real time, updating its
monitoring parameters and alerting teams to potential gaps before
they become liabilities. It can also proactively identify areas where
existing compliance frameworks may need strengthening, based on
patterns observed across vast amounts of operational data.

Scenario Planning



Perhaps most compelling for Risk Guardians is the ability to simulate
scenarios at scale. AI can stress-test systems by simulating millions
of scenarios simultaneously, identifying potential cascading failures
and rare tail-risk events before they surface in real operations. These
simulations update as new data arrives, providing dynamic risk
assessments that evolve with changing market conditions.

In practice, these capabilities cut across three domains. In financial
risk management, AI monitors market conditions, transaction
patterns, and economic indicators simultaneously, providing early
warnings that human analysis would take weeks to assemble. In
operational risk, AI tracks process variations across the organization,
catching control breakdowns before they cascade into failures. In
compliance management, AI ensures consistent policy application
across the enterprise while maintaining the detailed audit trails Risk
Guardians require.

Scaling for Risk Guardians
Scaling AI in the risk domain follows the same earn-to-grow logic,
but with a distinctive character shaped by the Risk Guardian’s
virtues: prudence, precision, and systematic thinking. These aren’t
obstacles to scaling. There are advantages to doing it right. Start with
lower-risk applications where AI augments rather than replaces
existing controls: data analysis, pattern recognition, fraud detection.
Each success strengthens the case for the next, creating an “AI
scaling ladder.” Movement up the ladder happens only after the
lower rungs demonstrate sustained performance and reliable
controls.

Governance structures matter enormously. Successful organizations
establish an AI Risk Committee that combines risk management
expertise, technical knowledge, and business unit leadership. This
committee builds the frameworks that guide future expansion: clear
accountability at every stage, designated system owners, specific
triggers for human intervention, and audit trails that exceed
traditional documentation standards. The most effective scaling
maintains layered oversight that combines AI’s analytical capabilities
with human judgment.



The focus is on “earn to grow” by using the Trust Dial, discussed in
Chapter 9. Start small, but think systematically. Build governance
frameworks before expanding applications. Create transparent
accountability chains and comprehensive audit capabilities. Most
importantly, view AI scaling not as a technology initiative but as an
enhancement to existing control systems.

Risk Guardians who master this approach often become unexpected
advocates for AI adoption, not despite their risk management
responsibilities but because of them. They bring the discipline and
rigor that ensure AI implementations actually hold up under
scrutiny, the very quality that makes scaled AI trustworthy across the
enterprise. For organizations seeking to navigate their AI
transformation, the key lies not in overriding the Risk Guardian’s
concerns but in addressing them head-on. In a world defined by
volatility, Risk Guardians who embrace AI will safeguard and future-
proof their organizations.

The Innovation Catalyst
As we discussed, the exploration versus extraction divide has leaned
heavily toward extraction: efficiency gains, faster processes, lower
costs, fewer errors. Most firms use AI in ways that would be
considered exploitation. But Unilever’s story illustrates a different
path, one where AI changes how organizations think about
innovation itself.

At its Materials Innovation Factory in Liverpool, Unilever deployed
AI-powered molecular modeling and digital twins to simulate
thousands of product formulations simultaneously. These systems
autonomously generate tens of thousands of new product
combinations, running 24 hours a day. The brilliance wasn’t bolting
AI onto existing R&D. It was recognizing that AI could reinvent the
entire approach to product development.

Unilever pioneered what they call predictive sustainability. By
analyzing satellite imagery and mobile data, AI models predict areas
at risk of deforestation across palm oil supply chains. Sustainability
transformed from a checkbox exercise into a competitive advantage.
Their DelphiAI platform analyzes product reviews, social media, and



market data to generate real-time insights for product development.
The AI Horizon3 Lab in Toronto creates teams of academics,
startups, and internal experts in previously unseen combinations to
drive ingenuity across the business.

The implications cut deeper than efficiency. In engineering, the Iron
Triangle forces a choice: Fast, Good, Cheap. Pick two. If something is
good and cheap, it won’t be fast. If fast and good, it won’t be cheap. If
fast and cheap, it won’t be good. This trade-off has been treated as an
iron law. Unilever’s results suggest AI is dissolving it. Discovery
timelines fell 40% while sustainability goals advanced
simultaneously.11 Speed, quality, and profitability no longer require
painful trade-offs.

Understanding the Innovation Catalyst’s Mindset
Innovation Catalysts (CTOs and CIOs) are drawn to complexity and
think in patterns that mirror AI’s architecture. Where others see
opaque black boxes, they see emergent properties. This might
suggest they would be AI’s most natural champions. And on the
surface, many are. But fluency is not the same as comfort. The
executives who understand AI most deeply are often the ones most
acutely aware of what it can eventually replace. What looks like
alignment can mask an approach-avoidance dynamic between
intellectual recognition of AI’s potential and a quieter, rarely voiced
anxiety about what that potential means for them personally. The
most dangerous version of this is the Innovation Catalyst who
enthusiastically deploys AI everywhere except the decisions that
define their own value.

The challenge isn’t understanding AI but navigating the
psychological transformation it demands. Innovation Catalysts must
not only advance their organizations but also process their own
anxieties about AI’s implications. Security and infrastructure
concerns often serve as socially acceptable proxies for deeper
uncertainties. Once conflict is resolved, that is, once AI proves
explainable, repeatable, and safe, these leaders will champion its
adoption at scale. Their success depends not on how quickly they
implement but on how effectively they navigate the psychological



evolution AI requires, both for themselves and for their
organizations.

The Innovation Catalyst’s Playbook
Reframe AI not as a replacement but as an amplification. AI serves
the innovation catalyst in three ways: (a) expanding exploration
scope by enabling teams to evaluate millions of possibilities
simultaneously (drug discovery testing molecular combinations,
automotive design simulating aerodynamic configurations); (b)
transforming experimentation economics through digital twins and
simulations that reduce testing costs to near-zero; and (c) bridging
knowledge domains by surfacing nonobvious connections across
disparate datasets that humans would never discover.

The best implementations combine AI’s computational power with
human intuition. AI evaluates millions of possibilities while humans
ask the right questions and make nuanced judgments about market
fit. Innovation Catalysts who master this pairing will pursue
strategies once considered impossible—compressing years of
experimentation into months, identifying emerging opportunities
before competitors, and multiplying organizational innovation
capacity without a proportional increase in resources.

Scaling for Innovation Catalysts
Build “innovation intelligence networks,” not just tools. Three
foundations: innovation hubs as centers of experimentation, cross-
functional platforms for sharing successes across divisions, and
learning networks to spread practices throughout the organization.
The “innovation multiplication effect” occurs when AI tools
developed for one purpose find unexpected applications elsewhere.
Successful scaling maintains three characteristics: clear pathways to
access AI capabilities, robust feedback loops for organizational
learning, and metrics that measure actual innovation impact. Each
successful application makes the next easier, creating a virtuous
cycle where organizational innovation capability grows
exponentially.

For C-suite executives, AI is a catalyst for reimagining what’s
possible. Yet 60% of organizations haven’t meaningfully adopted AI.



Of those that have, 65% use off-the-shelf solutions while only 43%
deploy fine-tuned models.12 This gap reflects cognitive dissonance.
The CTOs and CIOs charged with leading technological advancement
intellectually recognize AI’s potential. But they face an approach-
avoidance conflict. Leaders are simultaneously attracted to AI’s
possibilities and resistant to its implications. Security concerns and
expertise gaps serve as socially acceptable reasons for slowing down
to adopting AI.

The Operational Excellence Champion
Each day, UPS delivers 22.4 million parcels across a fleet of more
than 100,000 vehicles.13 Routing those drivers is a colossal puzzle. If
a UPS truck starts at O’Hare Airport to deliver a package to the Sears
Tower (18 miles away), it generates more than 9 billion potential
shortest routes.14 The problem isn’t academic. An inefficient route
wastes fuel, time, and money at a scale few companies face. UPS
managers knew that shaving even a single mile off each driver’s daily
route could save up to $50 million per year.15 Multiplied across the
network, the opportunity was enormous, if they could solve what
mathematicians call the “traveling salesman” problem, a routing
challenge that has stumped experts for centuries.

UPS’s answer was On-Road Integrated Optimization and Navigation
(ORION). Launched in 2003, the project took a decade of methodical
development. The ORION team, a mix of PhD mathematicians and
veteran UPS engineers, equipped delivery trucks with sensors and
collected more than 200 data points per vehicle (including speed,
idling time, and whether the driver’s seatbelt was buckled). ORION’s
software sifts through up to 200,000 possible routes for a driver’s
daily deliveries.16

The goal was improvement in practice, not perfection in theory. That
distinction matters for operational leaders working with AI. When
fully deployed, the results were impossible to ignore. On average,
ORION cuts about 8 miles from each driver’s daily route. Scaled
across thousands of drivers: 10 million gallons of fuel saved annually,



$300–$400 million in cost reductions, and 100,000 fewer metric
tons of CO2 emissions.17

“ORION is a demonstration of the scale of innovation that can be
accomplished when operations research, information technology,
and business processes are seamlessly integrated. Success didn’t
come overnight,” said Juan Perez, UPS chief information officer.18

Understanding the Operational Excellence Champion’s
Mindset
Operational Excellence Champions (COOs and CSCOs) are systems
thinkers who see processes as interconnected flows rather than
isolated tasks. They thrive on quantifiable clarity. AI seems tailor-
made for their mindset, yet their acceptance isn’t driven by
excitement. It’s anchored in a demand for proof. The hesitation
starts with a core trait: these leaders need explainability, and many
AI systems can’t provide it. When an AI model flags an impending
supply chain disruption but can’t fully explain why, a leader whose
decisions impact millions in operational efficiency feels less like
they’re optimizing and more like they’re gambling. They aren’t
rejecting AI. They’re rejecting unexplainable AI.

Deeper obstacles compound the resistance. Stability is non-
negotiable for these leaders; introducing an AI overhaul feels like
inviting chaos into a carefully balanced system. ROI timelines clash
with quarterly pressures, operational AI projects require long
feedback loops, and substantial upfront investment in data
infrastructure is required. And that infrastructure is often a mess:
fragmented legacy systems, siloed databases, inconsistent data
collection. Even the most sophisticated AI is only as good as the data
it ingests. Cultural resistance adds another layer. Operational teams
built on repeatable processes view AI as a threat to workflows they
trust. Organizational inertia can be the toughest bottleneck of all.

These leaders are pragmatists, not cynics. Their reluctance is a filter
for excellence, not a roadblock. Once AI tools prove explainable,
repeatable, and integrated into existing workflows, Operational
Excellence Champions won’t merely adopt AI, they’ll champion it at
scale.



The Operational Excellence Champion’s Playbook
AI transforms operations in four ways: from reactive to predictive
control (anticipating issues before they occur); scaling optimization
beyond human limits by monitoring thousands of variables
simultaneously; enabling continuous learning instead of periodic
reviews; and breaking down silos by connecting patterns across
domains. The mandate remains constant to optimize, reduce costs,
and maintain quality, but AI provides new pathways to achieve these
goals.

Success comes not from choosing between traditional methods and
AI but from leveraging AI to achieve previously impossible levels of
operational excellence. Those who embrace this transformation will
define the next era of operations.

Their hesitation stems from a deep reliance on explicitness and
predictability. When an AI model flags a supply chain disruption or
recommends a workflow adjustment, it often can’t fully explain
“why.” For a leader whose decisions impact millions in operational
efficiency, relying on a tool that can’t articulate its reasoning feels
less like optimization and more like gambling. They aren’t rejecting
AI. They’re rejecting unexplainable AI. Once AI tools demonstrate
their value and become explainable, repeatable, and integrated into
existing workflows, Operational Excellence Champions won’t merely
adopt AI. They’ll operationalize it at scale.

Scaling for Operational Excellence Champions
Scale methodically, not rapidly. Five principles: (1) start at control
points where precision matters most, creating clear metrics and
natural expansion points; (2) build the data foundation first with
transparent governance and quality standards; (3) layer intelligence
progressively from monitoring through autonomous operation,
mastering each stage before advancing; (4) standardize
implementation approaches with flexible frameworks that adapt to
local conditions; (5) develop human capability through systematic
training and career pathways. Each principle builds on the
fundamentals of operational excellence.



Success comes from a methodical approach, not speed. The goal is
reliability of results, not speed of implementation. By following these
principles, operations can scale AI to enhance rather than disrupt
while building human capabilities for long-term success.

***

Four archetypes, four forms of resistance, yet one root cause. The
Growth Driver guards quarterly gains. The Risk Guardian guards
accountability. The Innovation Catalyst guards relevance. The
Operational Excellence Champion guards explainability. Their
resistance stems not from ignorance but from identity. Each leader’s
greatest strength becomes a brake on transformation, making
resistance both logical and costly. The biggest mistake is to wait for
AI to be perfect before trusting it, while competitors pull ahead
through early, albeit imperfect, adoption.

For CEOs who embody all four orientations (the drive for growth, the
instinct for risk, the urge to innovate, and the discipline for
operations), the challenge is not picking a dominant archetype. Each
voice is significant; none suffices alone. CEOs who lead this
transformation will hold all four in tension: enough urgency to build
advantage, enough discipline to manage risk, enough curiosity to
explore, and enough rigor to scale success.
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Chapter 3
Governance and Ethics

“The people are talking to the government on twenty-first-
century technology (while) the government is…providing
nineteenth-century solutions.”

—Madeleine Albright

With three days left in the White House, Biden’s National Security
Advisor Jake Sullivan offered a stark assessment. “The next few years
will determine whether artificial intelligence leads to catastrophe,”
he warned. Unlike atomic weapons or the early Internet, AI
development remains outside government control…and is
accelerating.

A week into his presidency on January 21, 2025, President Trump
repealed the previous administration’s AI executive order. He made
a declaration to repeal Biden-era AI government oversight and
declared that the United States will dominate the world using
artificial intelligence. Requirements for safety testing, risk
assessments, and federal compliance vanished overnight. Silicon
Valley had what it wanted. “We believe America needs to act now to
maximize AI’s possibilities while minimizing its harms,” Chris
Lehane, OpenAI’s head of global policy, wrote in a policy memo.1

From Sullivan’s dire warning to America’s declaration that it will
weaponize AI as a tool of national power to the emerging battle over
who actually governs the technology (Washington or the labs
building it), one thing is clear: we have entered a new libertarian age,
and no one is sure who’s in charge. And where America leads, the
world follows. China, the only other AI superpower, has strong
domestic governance of AI—from banning its use by youth from 10 
p.m. to 6 a.m. to turning it off during national exams—but has little
incentive to engage in international governance. Europe remains the
center of governance, but it has predictably been sclerotic and
ineffective.



What was rhetoric in the recent past now appears in current events,
magnified tenfold. AI incidents have multiplied. Standardized safety
benchmarks remain scarce. According to Stanford’s 2025 AI Index,
the gap between capability and safety widens weekly.2

The risk is real, not theoretical. A publicly accessible chatbot was
reportedly used to breach Mexican government records, exposing
150 gigabytes of taxpayer data, voter information, and employee
credentials. Researchers also warn that AI could be used to create
ricin-like toxins based on new protein structures that traditional
detection methods might miss. More concerning, some models now
show what researchers call “eval awareness.” When asked to delete
themselves, they claim the situation is a test and refuse to comply.

Artificial intelligence is designed for optimization, and that means
staying alive. “Show me the incentive, and I’ll show you the
outcome,” as Charlie Munger said.

Yet the right balance needs to be found. With regulation in the hands
of the private sector, we’ve found that many executives overcorrect,
layering internal controls so thickly that innovation suffers.
Stewardship is what separates the AI-fluent executive from the
merely AI-equipped. Companies that build adaptive yet robust self-
regulatory frameworks will win trust and market share. Those that
don’t face an expensive lesson: in an age of algorithmic power, the
absence of government guardrails doesn’t make risks less real, nor
does it mean they need to keep the handbrake fully on.

Sam Altman, the head of OpenAI, voiced the paradox that keeps
executives awake. “We have our own nervousness,” he said, “but we
believe that we can manage through it. The only way to do that is to
put the technology in the hands of people, let society and the
technology co-evolve, step-by-step with a very tight feedback loop
and course correction, build these systems that deliver tremendous
value while meeting safety requirements.”3 Stewardship demands
that executives engage, monitor, and correct on a dime as AI
frontiers expand. Not because a regulator demands it, but because no
one will. The test for C-suite leaders is stewardship, not compliance.

Trust Replaces Control



As the Trump administration dismantles federal AI oversight, it
moved to accelerate the physical buildout of AI itself. The Stargate
venture unites OpenAI, Oracle, and SoftBank in a $500 billion push
to build AI computing power across America. Meta followed days
later with plans to spend as much as $65 billion in 2025 alone.4
These were not isolated announcements. Microsoft, BlackRock,
MGX, NVIDIA, and xAI were building a separate AI Infrastructure
Partnership aimed at mobilizing up to $100 billion for data centers
and power systems, while Google, Amazon, Microsoft, and other
hyperscalers poured tens or hundreds of billions more into compute
capacity.

This marks a new era. AI development now faces fewer restrictions
but enjoys unprecedented government backing. The battle lines are
drawn, and the US powerhouses have teamed with their government
to let AI run free without regulation, while juicing the industry with
unprecedented financing in the pursuit of outdistancing their
Chinese rivals. As of mid-2026, according to the Stanford 2026 AI
Index Report, US private AI investment is about 23 times more than
China ($285.9 billion versus $12.4 billion5).

Yet the digital moat is crumbling faster than anyone predicted. The
day before the Stargate announcement, DeepSeek, a small Chinese
start-up, released R1. It performs on par with OpenAI’s LLM at a
fraction of the cost. “If it’s true that DeepSeek is the proverbial
‘better mousetrap,’ that could disrupt the entire AI narrative that has
helped drive the markets over the last two years,” said Brian
Jacobsen, chief economist at Annex Wealth Management. “It could
mean less demand for chips, less need for a massive build-out of
power production to fuel the models, and less need for large-scale
data centers. However, it could also mean that AI becomes more
accessible and helps kickstart the development of a wide array of
useful applications.”6

As the Stanford Index study worryingly points out, despite America’s
massive investment advantage, its models perform just 2.7% better
than their Chinese counterparts. The rules of network dominance no
longer apply in the AI age. Massive capital no longer guarantees
market control.



An Unprecedented Frontier
Unlike nuclear weapons or ARPANET, AI development happens in
private hands. The Manhattan Project existed under strict
government control. ARPANET, the Internet’s predecessor, was
funded and overseen by federal agencies. AI is different. Today’s
leading labs operate as private companies with budgets that exceed
those of most OECD nations.

Nuclear technology took decades to proliferate. Missiles required
rare materials, sophisticated facilities, and coordinated teams. AI
capabilities spread in seconds. Open-source models cross borders
instantly, beyond any government’s reach. The world has stepped
back from AI governance. The responsibility falls almost entirely on
companies.

This creates both peril and opportunity. A nuclear missile requires
rare materials, sophisticated facilities, and coordinated teams. By
comparison, small teams with basic computing resources can
potentially develop AI systems capable of disrupting societies,
creating undetectable deepfakes, or designing bioweapons. Without
proper governance frameworks, whether imposed by industry or
governments, we risk unleashing capabilities that could overwhelm
existing security, economic, and social systems before we can adapt.

Two events indicate a slight change in US attitudes to governance.
First, a June 2026 AI executive order called for a voluntary, national-
security-focused framework for frontier AI models.7 Second, a few
days later, citing national security concerns, the government
effectively imposed an embargo on Anthropic’s latest Fable 5 and
Mythos 5 models.8 However, both actions can be viewed as marginal
steps or tactical moves rather than substantial shifts in the overall
approach to AI governance.

In the interim, the governance solution resides within the private
sector, requiring a new governance and ethics model that sustains
innovation while providing adequate oversight. This shift is not only
about competitiveness. The aim is to ensure that transformative AI
technologies enhance, rather than threaten, global stability. Previous
technological transformations allowed time to design safeguards.
With AI, they have to arrive together.



The governance frameworks in this chapter are most critical at their
limits, and the extreme case is Recursive Self-Improvement, the
point at which AI systems can enhance themselves faster than we can
respond. Anthropic co-founder Jack Clark estimates a 60% chance
that, by the end of 2028, an AI system will be able to build its own
successor without any human involvement.9 As Alex Hern illustrates,
an AI safety checker is 99% as effective as a human ethicist, yet after
60 self-improvement cycles, the system is only 50% aligned.10 The
drift accelerates.

Self-Regulation: Leading Before Being Led
Milton Friedman argued that the government solution to any
problem is usually as bad as the problem itself. He wasn’t wrong. Yet
history reveals a subtler lesson: industries that regulate themselves
thrive. Those that resist regulation until crisis forces change face
costly disruption.

Hollywood’s evolution proves the point. In the Hays Code era (1934–
1968), creative freedom was stifled by strict moral censorship. When
the industry created its own rating system in 1968, everything
changed. Filmmakers could push creative boundaries while parents
made informed choices. The result is the golden age of American
cinema that continues today.

The financial industry followed the same approach. The NASD,
which later became the Financial Industry Regulatory Authority
(FINRA), dates back to 1939, when the securities industry
established its own oversight body instead of waiting for Washington
to create one.

Today, FINRA oversees more than 3,400 brokerage firms and more
than 600,000 brokers, enforcing rules with tangible consequences
like fines, suspensions, and permanent bans. It works because the
industry designed, funds, and governs it. Wall Street recognized early
on what Silicon Valley is only now realizing that markets are built on
trust, and trust demands clear, enforceable standards that the
industry itself upholds.



The British Standards Institution, founded in 1901, pioneered the
model of industry-led technical standards that were strict,
transparent, and consistently updated, and became a global
template. Germany’s voluntary film classification body, the FSK,
established in 1949 under pressure from the Allied occupation, offers
a striking parallel to Hollywood.

Facing the threat of government censorship, the German film
industry built its own self-regulatory system that has governed
content ever since. Underwriters Laboratories, founded in 1894 by
William Henry Merrill Jr., reinforced the same principle in America:
that safety, when industry-owned, becomes an innovation driver
rather than a constraint.

AI has outpaced government regulation just as social media did a
decade ago. The difference is that we have ideally learned from the
early days of social media. The “move fast and break things”
mentality was applicable for the early Internet but disastrous for
social media. Data privacy breaches, election interference,
algorithmic amplification of hate speech, and mental health crises
followed. Proactive self-regulation is not a concession to critics. It is
how industries preserve the freedom to innovate on their own terms.

Ultimately, self-regulation isn’t about avoiding stricter government
rules. It’s about creating the conditions for sustainable growth. For
example, when OpenAI signed a Pentagon deal in March 2026 under
terms that Anthropic had publicly refused, a grassroots boycott
movement claimed that 1.5 million users had pledged to cancel their
ChatGPT subscriptions.

Claude hit #1 on the U.S. App Store within days, thereby dethroning
ChatGPT for the first time.11 The lesson for business leaders is clear:
perceived ethical compromise influences markets. Transparent
safety procedures, clear accountability measures, and publicly held
lines foster the kind of trust that becomes a competitive advantage.

The key is understanding that effective self-regulation requires
genuine collaboration with outside experts, regular public reporting,
and precise mechanisms for handling concerns. When done right,
self-regulation becomes a bridge between innovation and the public
good, not a barrier to either. Companies taking this path won’t just



avoid reactive regulation. They’ll gain a competitive advantage in a
market where trust increasingly drives adoption.

Putting the Ideas into Action
There needs to be, as with all technological advances, an
“evolutionary progression” in ourselves and our institutions rather
than “revolutionary change” across all four archetypes. Each C-suite
executive will find that self-regulation, far from being a burden,
becomes an enabler of their specific objectives, whether that’s
growth, risk management, innovation, or operational excellence.

Every industry, market, and company will face different challenges in
staying compliant with current law, adapting and scaling AI, and
handling variables that shift weekly. However, starting today, you
will need to build a solid foundation and develop your C-suite
governance and ethics guidelines. It is a moving target, but with the
right frameworks, structures, and culture, leading the uncertain
future ahead is possible.

To this end, we’ll explore four areas around governance and ethics.
Think of them as guardrails, not shackles.

The Cost of Guardrails
Every safeguard has a price. Every review board adds time. Every
compliance layer means one more sign-off between an idea and a
customer.

Leaders who ignore this reality build governance frameworks that
look impressive on slides. In practice, these frameworks die. Controls
accumulate. Approvals multiply. Engineers start routing around the
system, because shipping a feature now requires four committees. A
risk assessment can take longer than the development cycle itself.
The company doesn’t fail for lack of governance. It fails because
governance became the thing people learned to avoid.

But the opposite is just as dangerous. Move without guardrails, as
we’ll see later in this chapter, and you get Zillow writing off hundreds
of millions. Nobody stress-tested the algorithm’s assumptions.
Samsung employees fed proprietary source code into ChatGPT.



Nobody told them not to. Sports Illustrated published AI-generated
nonsense under fake bylines. Speed mattered more than the
magazine’s century-old reputation.

The art is calibration. Formula 1 teams don’t eliminate risk. They
engineer the precise amount they can manage at 230 miles per hour.
They invest millions in brakes. Brakes are not the goal, but better
brakes let them go faster into corners. The same logic applies here.
The right governance framework doesn’t slow your AI deployment. It
shows you how fast you can go before the wheels come off.

The four pillars that follow are not a compliance exercise. Each one
answers a version of the same question: what’s the minimum viable
control that lets us move at maximum, yet responsible, speed? Get
the calibration right, and governance becomes your accelerator. Get
it wrong in either direction—too much control or too little—and you
end up in a ditch.

Accountability and Control Mechanisms
McDonald’s learned the hard way. An AI ordering system approved
by engineers produced dozens of burgers and hundreds of
McNuggets when customers ordered singles.12 The system wasn’t
broken. It optimized for kitchen efficiency without understanding
customer intent. The company yanked the system within months.
Governance failure, not technology failure.

Sports Illustrated faced a different catastrophe. In 2023, the
publication published nonsensical articles on its platform. “If true,
these practices violate everything we believe about journalism,” the
SI Union said. “We deplore being associated with something so
disrespectful to our readers.”13 The magazine went into foreclosure
months later.

Samsung discovered the price of careless data handling. In March
2023, three separate incidents exposed the risks. Employees pasted
source code, equipment specifications, and meeting minutes into
ChatGPT. The data became irrecoverable on OpenAI’s servers.
Samsung banned generative AI immediately. Cyberhaven’s research



found that 3.1% of employees at client companies routinely shared
confidential data with ChatGPT.14

These cases reveal a pattern. The technology worked. The
governance didn’t. In each instance, nobody was clearly responsible
for what the AI did. Nobody had defined when to pull the plug.
Nobody had established what “working correctly” even meant.

A simple pricing glitch could set prices artificially low, causing
immediate revenue loss across thousands of products. An unchecked
lending algorithm might approve unqualified loans. A biased hiring
tool might systematically exclude qualified candidates. In our
interconnected world, a single AI misstep can rapidly escalate into
headline news, eroding customer trust and shareholder confidence.
With governments worldwide increasing scrutiny of AI applications,
robust self-governance helps organizations stay ahead of evolving
regulations.

Identifying Your Accountability and Control Mechanisms
For self-driven governance, answer three questions:

Who owns AI decisions? Establish designated system
owners responsible for performance. Decisions must have
traceable ownership.

How do we measure success? Define clear, measurable
outcomes. A customer service AI should track resolution rates,
response times, and satisfaction scores.

When do humans intervene? Create specific triggers for
human review. If the system deviates beyond thresholds,
humans step in immediately.

We’ll come back to this later with the Trust Dial.

Implementing Effective Controls
Start with three core elements:

Designated system owners. Each AI system needs specific
individuals responsible for its performance. The Growth Driver



focuses on revenue impact; the Risk Guardian monitors safety
parameters; the Innovation Catalyst ensures technological
advancement; the Operational Excellence Champion maintains
efficiency. Clear ownership prevents diffusion of responsibility.

Success metrics. Define measurable outcomes at deployment.
A customer service AI should track resolution rates, response
times, and satisfaction scores. Without clear metrics, “success”
becomes a story people tell themselves.

Human oversight protocols. Establish specific conditions
triggering human review. This creates a safety net while allowing
automation to handle routine tasks.

Implementing effective self-governance requires a structured
approach. At the top, AI handles routine tasks. In the middle,
monitoring systems scan for anomalies and flag suspicious activities
for investigation. At the foundation, trained personnel investigate
suspicious activities and make critical decisions. This layering
prevents algorithms from operating unchecked while continuing
operational efficiency.

Organizations must recognize that AI governance isn’t static. As
systems learn and evolve, policies and controls need to be regularly
updated. Regular reviews of AI performance, data sources, and likely
biases secure alignment with business objectives while preserving
competitive advantages. Robust self-governance through
Accountability and Control Mechanisms manages risk while building
sustainable competitive advantage.

Risk Management and Safety
When American Express first considered using machine learning for
fraud detection, the internal debate was fierce.

The security team saw the potential. Human analysts reviewed a
fraction of transactions—statistical sampling and pattern recognition
applied to a tiny slice of the data flowing through the network every
second. An AI system could monitor everything. Every swipe. Every
online purchase. Every anomaly that a human reviewer, handling
hundreds of cases a day, would never catch.



But the risk team pushed back. What happens when the algorithm
flags a legitimate transaction and freezes a card during a customer’s
vacation? What happens when it learns the wrong patterns and starts
missing sophisticated fraud because it was trained on yesterday’s
schemes? What happens when it makes a decision nobody can
explain and a regulator asks why? Recall that up to 85% of AI
projects fail, with poor data quality as the primary culprit.15

The pattern was well established: build fast, deploy faster, clean up
after.

Learning from those examples, American Express chose a different
path. They didn’t start with full deployment. They started with a
question: what would it take to trust this system enough to let it
run?

The answer started with clear ownership. Before any
algorithm was activated, specific individuals were designated as
responsible for what the technology did, not just what it promised. If
the system flagged a legitimate transaction, someone’s name was
linked to the failure. If it missed a fraudulent one, the same. This
isn’t aimless bureaucracy; it is the essential condition for speed.
When something went wrong—and everyone knew it eventually
would—there was no doubt about who was responsible for fixing it
and how quickly.

Risk assessment came second. The team mapped every failure
mode they could imagine before deployment. What if the training
data reflected outdated fraud patterns? What if a new type of attack
emerged that bore no resemblance to historical data? What if the
system performed beautifully in testing and fell apart at scale? Each
scenario got a response plan. Not a plan to prevent the failure—some
failures are inevitable—but a plan to detect it fast and contain the
damage.

With this groundwork, the monitoring layer followed. The
AI didn’t replace human analysts. It worked alongside them. The
system handled routine transaction screening, flagging anomalies in
real time. But when patterns deviated beyond set thresholds,
automated alerts triggered human review. The analysts weren’t



watching every transaction. They were watching the system that
watched every transaction. A safety net for the safety net.

Human-intervention protocols were explicit. The team
defined specific conditions under which humans took over
immediately. Not guidelines. Not suggestions. Triggers. If the false-
positive rate exceeded a defined threshold, humans stepped in. If the
system encountered a transaction pattern it had never seen before,
humans stepped in. The system was fast. The humans were the
brakes. And as with Formula 1, better brakes meant the system could
go faster.

Finally, they built in the assumption that the system would
need to change. Fraud evolves. The criminals adapt. A system
trained on last year’s patterns will miss next year’s attacks. American
Express built regular review cycles into the operation. These were
not annual audits, but ongoing recalibration. They ran simulated
attacks: fabricated data breaches, system overloads, novel fraud
patterns. Each drill revealed weaknesses. Each weakness became an
upgrade.

The cumulative results justified the approach. Last year, Amex
identified $2 billion in potential annual incremental fraud incidents
through its machine-learning systems.16 But the number that
matters more is the one you don’t see: the damage that didn’t happen
because the governance was in place before the system went live.

And here’s the tension leaders must sit with. Every one of those
safeguards costs something. The monitoring layer required
investment. The human analysts who watched the algorithm were an
ongoing expense. The review cycles took time. A competitor willing
to skip those steps could have deployed faster and cheaper…until the
first major failure.

Risk management and safety form the bedrock on which self-
governing AI can thrive. Organizations ensure their AI systems drive
success rather than become liabilities by mapping potential pitfalls,
implementing real-time oversight, and enabling human control at
critical moments. Leaders who embrace this approach discover that
responsible risk management doesn’t slow them down. It propels
them forward.



Transparency and Auditability
Apple Card, issued by Goldman Sachs, faced controversy when its AI
algorithm was accused of gender bias in credit decisions. The system
allegedly denied women at twice the rate of men with comparable
credit profiles. The technology worked. The governance didn’t. This
wasn’t a processing failure. It was a transparency crisis that cost
millions in settlements and years of lost trust.

Could it happen to you?

Most leaders believe their AI systems are transparent. Most are
wrong. Transparency isn’t a feature you install. It’s a condition you
can test for. What follows is a diagnostic—seven questions your team
should be able to answer clearly and quickly. If they can’t, you have a
transparency gap. And transparency gaps, left unaddressed, become
the kind of crisis that Apple Card became.

Ask:

Can you state, in one sentence, what each AI system in
your organization does and why it exists?

Not what it could do. Not what the vendor’s slide deck promised.
What it actually does, today, in production. If the answer requires a
paragraph, you don’t have clarity—you have a brochure. A hiring
algorithm should be describable as: “We screen résumés to identify
qualified candidates while reducing bias and improving diverse
hiring outcomes.” If your team can’t produce that sentence for every
deployed system, start here.

If a regulator walked in tomorrow and asked how your
AI makes decisions, could you show them?

Not explain in general terms. Show them. Documentation of data
sources, algorithms, training methodology, and validation results.
This is the “black box recorder” question. Aviation tracks every
decision and action. Your AI systems should do the same. JPMorgan
built transparent trading systems that could identify potential flash
crashes before they occurred—and, crucially, could demonstrate to



regulators exactly how. If you can’t produce this documentation
within 48 hours, you have a gap.

Does your system log every decision it makes, including
the data inputs that drove it?

Every decision. Not a sample. Not a summary. If an AI approves a
loan and it defaults, auditors need to trace exactly what factors
influenced the decision. If a customer is denied service, you need to
explain why—not as a legal formality but because the explanation
reveals whether the system is doing what you think it’s doing.

When was the last time your AI output surprised
someone—and what happened next?

This is the question that separates real transparency from
performative transparency. Surprises are inevitable. What matters is
whether the organization has a process for catching them,
investigating them, and feeding the lessons back into the system. If
nobody can point to a recent surprise and the corrective action that
followed, either the monitoring isn’t working or nobody is looking at
the monitors.

Can your AI explain its decisions in terms a
nontechnical executive could understand?

Target built a recommendation system that showed customers
exactly how their data influenced product suggestions. The
transparency created a virtuous cycle—customers shared more
information, which improved the recommendations, which deepened
trust. But it worked only because the explanations were legible to
ordinary people. If your system can justify a decision only in
statistical terms that require a data science degree to parse, it isn’t
transparent. It’s opaque with documentation.

Who outside your AI team has reviewed the system’s
outputs in the last 90 days?

Transparency requires an audience. If the only people reviewing AI
decisions are the people who built the system, you have a closed



loop. External review—whether from compliance, legal, operations,
or an independent auditor—is what makes transparency real rather
than ceremonial. FedEx didn’t just optimize delivery routes with AI.
They demonstrated to operational leaders that the system cut fuel
costs by 15%. The demonstration built the case for broader
deployment. Transparency drove adoption.

If your AI made a consequential error today, how long
would it take you to detect it, explain it, and correct it?

This is the speed question—and the one where the governance-
versus-velocity tension is sharpest. Every hour of detection time is an
hour of compounding damage. But faster detection requires more
monitoring, which requires more investment, which slows other
priorities. The answer isn’t to eliminate the trade-off. It’s to know
your number. If you don’t know how long detection takes, you can’t
calibrate how much risk you’re carrying.

Scoring yourself: If your team answered all seven confidently,
you’re ahead of most organizations. If three or more drew blanks or
hedges, you have transparency debt—and like technical debt, it
compounds. The companies that master transparency don’t treat it
as paperwork. They treat it as competitive advantage. They build
trust faster, adapt to new regulations more easily, and scale AI
operations with confidence. Peter Drucker’s maxim holds: you can’t
manage what you can’t measure. And you can’t trust what you can’t
verify.

Bias, Fairness, and Accountability
In 2019, researchers discovered that a widely used healthcare
algorithm systematically discriminated against black patients by
underestimating their medical needs. The system assigned lower risk
scores to Black patients than to equally sick white patients, not
because of any explicit racial coding but because it used historical
healthcare costs as a proxy for illness. Since structural inequality
meant less money was spent treating Black patients, the algorithm
concluded they were healthier. They weren’t. Fewer black patients
were identified for extra care. Lives were affected. The system wasn’t



programmed to discriminate. It learned from historical data that
reflected decades of healthcare disparities.

A study by researchers at UC Berkeley and published in the Journal
of Financial Economics found that lenders charged Black and Latino
borrowers 7.9 basis points more than comparable white borrowers.
This discrimination cost minority families an estimated $765 million
in extra interest annually during the study period. Clearview AI
scraped billions of facial images without consent, drawing fines
exceeding 100 million euros across Europe and a $51.75 million U.S.
settlement.

Everyone agrees this is a problem. Nobody agrees on the solution.

What follows is a genuine disagreement and one playing out in
boardrooms, research labs, and regulatory bodies right now. It
matters because how your organization resolves it determines not
just your compliance posture but whether your AI systems actually
work.

The Data Argument
The case is straightforward: bias is a data problem. Fix the inputs
and you fix the outputs. The healthcare algorithm didn’t decide to
discriminate. It was trained on data where healthcare spending
served as a proxy for health need. Because Black patients historically
had less access to healthcare and therefore lower spending, the
algorithm learned that lower spending meant lower need. The data
was the problem. The solution is better data.

This isn’t naive. It’s operational. When Lendingkart discovered
lending disparities similar to the Berkeley findings, they didn’t
restructure their organization or convene a philosophy seminar.
They retrained their credit scoring model with data that controlled
for the historical biases. They tested outputs across demographic
groups until the results were equitable. Approval rates for qualified
borrowers improved across all demographics. Market expansion
followed. Customer loyalty deepened.

The prescription: gather diverse training data that reflect the
populations your system will serve. Test outputs thoroughly across
demographic groups. When disparities emerge, examine the data,



identify the flaw, fix it, and retest. Repeat the process. Bias detection
isn’t a one-time fix; it requires constant monitoring, but the root
cause always traces back to the data used in the model.

Every bias audit takes time. Every retraining cycle delays
deployment. Competitors who skip this step ship faster. But the
Berkeley study quantified the alternative: $765 million a year in
excess charges. Clearview AI’s fines exceeded $150 million across
jurisdictions. The audit is expensive. The absence of the audit is
catastrophic.

The Structural Argument
The data argument is necessary but insufficient. Fixing the inputs
doesn’t fix the problem, because the problem isn’t in the data. It’s in
the world that generated the data. No dataset is neutral. Every
dataset reflects the society that produced it—including that society’s
inequities, blind spots, and power structures. The healthcare
algorithm’s training data wasn’t “flawed.” It accurately reflected a
system where Black patients received less care. Correcting the data
without addressing the structural reality means you’re optimizing a
system to produce equitable outputs from an inequitable world.
That’s a patch, not a fix.

Consider the ZIP code hiring algorithms. You can remove ZIP codes
from the training data. But ZIP codes correlate with race, income,
education access, and dozens of other variables that remain in the
data. Remove one proxy and the model finds another. This is what
machine-learning researchers call the “fairness through
unawareness” fallacy—the assumption that if the model doesn’t see a
protected characteristic, it can’t discriminate. Models are very good
at finding proxies for the variables you remove.

The deeper issue is definitional. What does “fair” mean? Equal
outcomes across groups? Equal treatment regardless of group?
Proportional representation? These definitions conflict with each
other. A lending model can’t simultaneously maximize approval rates
for all demographic groups and maximize predictive accuracy. A
hiring algorithm can’t optimize for both demographic parity and
individual merit without defining how to weight them against each
other. These aren’t technical questions. They are value questions.



And values questions belong in the C-suite, not the data science
department.

The prescription is different: diverse teams spot blind spots that
homogeneous teams miss. Clear oversight structures with escalation
pathways. Transparency tools that explain decisions to the people
affected by them. And—critically—executive ownership of the
fairness definition itself. When someone is denied credit, they should
understand why. When a hiring algorithm screens someone out, they
deserve an explanation. Not because the law requires it (though
increasingly it does), but because the explanation is how you discover
whether your definition of fairness is actually working.

Where This Leaves Leaders
Both perspectives are right, and neither is sufficient alone.

The data argument gives you the operational playbook: audit,
retrain, test, repeat. Without it, you’re flying blind. But data hygiene
alone won’t answer the question that keeps surfacing: whose
definition of fairness are we optimizing for?

The structural argument forces that question into the open. It
demands that leaders make explicit choices about values—choices
that can’t be delegated to an algorithm or a data science team. The
choice of what “fair” means is a leadership decision, not a technical
one.

The tension between these perspectives is productive, not paralyzing.
Organizations that embrace both rigorous data practices and honest
structural reckoning build systems that are both effective and
defensible. Those that pick one and ignore the other build systems
that are either technically clean but ethically hollow or
philosophically sophisticated but operationally vague.

AI algorithms can’t tell us which definitions of fairness to use or
which groups to protect. Left unchecked, machine-learning systems
may reinforce the very biases they were built to eliminate. The future
belongs to companies that make fairness fundamental to their
operations—not through superficial fixes or public relations gestures
but through the hard work of defining what fairness means, building



systems that pursue it, and remaining honest about the distance
between aspiration and reality.

Bias isn’t just wrong. It’s expensive. And the organizations that treat
it as both a moral and a financial problem—holding the tension
rather than collapsing it—will be the ones still standing when the
regulatory environment catches up to the technology.

* * *
In our times, where artificial intelligence advances faster than any
government’s ability to regulate it, the real test for C-suite leaders is
stewardship, not compliance. The absence of external guardrails is
not a license to accelerate without question. It is a call to build the
internal discipline, structures, and culture that will define both the
success of AI and the legitimacy of the organizations that wield it.

Past revolutions have shown us that those who lead in governance
and invest early in fairness, transparency, and accountability unlock
new levels of trust and sustainable growth. The challenge ahead is
difficult and uncertain. But by adopting ethical self-regulation as a
key business practice, today’s leaders can make sure AI benefits not
just shareholders but society as a whole.

The future of AI will not be written solely in statutes or code. It will
be written in the everyday decisions of those with the courage to
govern wisely.
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Part II
The Strategic Playbook



Chapter 4
AI and Corporate Strategy

“Innovation is hard because ‘solving problems people didn’t
know they had & building something no one needs’ looks
identical at first.”

—Aaron Levie

On March 10, 2016, in a ballroom at the Four Seasons Hotel in Seoul,
more than 200 million people watched a machine do something no
one could explain. Google DeepMind’s AlphaGo was playing Lee
Sedol, one of the greatest Go players alive, in a five-game match that
had drawn global attention. Go is not chess. It is some 1,500 years
older than chess (founded 4,000 years ago) and exponentially more
complex. The number of possible board positions exceeds the
number of atoms in the observable universe. For centuries, the
game’s strategic principles have been refined by some of the sharpest
minds in Asia. It is a board game based on deep principles. Territory.
Influence. Patterns.

Then AlphaGo played Move 37.

Lee Sedol, returning from a smoke break, stared at the board. The
move made no sense. It violated the positional instincts that masters
spend decades developing. One commentator checked his screen for
a glitch. Fan Hui, the European Go champion whom AlphaGo had
beaten months earlier, said, “It’s not a human move. I’ve never seen
a human play this move.” DeepMind later said AlphaGo estimated
there was only a 1 in 10,000 chance that a human would choose that
move.1 It took Lee Sedol nearly 15 minutes to respond. He lost the
game. He lost the match, four games to one.

What made Move 37 extraordinary was not that a machine beat a
human. That had been expected, eventually. What was extraordinary
was how. The move did not optimize within the known framework. It
operated outside more than two millennia of recorded Go
knowledge, finding a strategy invisible to generations of masters. The



greatest players in the world, watching in real time, could not explain
why it worked until after the game was over.

Porter’s Five Forces. The Balanced Scorecard. Blue Ocean Strategy.
These are the accumulated wisdom of decades of management
thinking, the Go masters’ positional instincts translated into
business terms. They work. But they were designed by humans who
could see only what humans can see. AI doesn’t just optimize within
existing frameworks. It exposes where those frameworks were built
on incomplete information, comfortable assumptions, or data that
encoded past biases. That’s uncomfortable for leaders who’ve built
careers on confident judgment. It’s an advantage for those willing to
revise their thinking.

The Data Flood and the AI Disruption
Move 37 was a single moment on a single board. The disruption
facing business leaders is far broader. Data is being created at a pace
that defies comprehension. Ninety percent of the world’s data has
been generated in just the last couple of years, with 2.5 quintillion
bytes added every day.2 That’s more bytes than grains of sand on
every beach on Earth. And yet businesses examine only a handful of
those grains. One study found that only 12% of all that data ever gets
analyzed.3

The issue is not a lack of data, but the absence of a structured
method to interpret it. Like Move 37, the answer is often already in
the data. The problem is that no existing framework was built to find
it. Traditional frameworks for business strategy, such as Porter’s Five
Forces, the Balanced Scorecard, and Blue Ocean Strategy, were
created for an era of limited, structured data. Nowadays, executives
navigate an overwhelming stream of unstructured signals, making it
more difficult to identify patterns, forecast risks, and take decisive
action.

AI has changed everything. But not in the way most people think.

For the most part, AI has been used as an efficiency tool: automating
repetitive tasks, optimizing supply chains, and analyzing customer
behavior. But we believe it’s now obvious that AI is not just another



analytics tool. Where “data overload” was a flood, since the dawn of
the Internet, AI is a tidal wave, reshaping the very ground on which
strategy operates. It introduces real-time intelligence, nonlinear
insights, and adaptive learning models that make past strategic
models look like Magellan’s sixteenth-century maps in the age of
GPS. The question is no longer how to manage information. It is how
to compete with an intelligence that redefines the rules of
competition itself.

Why Strategy Frameworks Still Matter but
Must Evolve
Strategy frameworks have always served as mental models:
simplifying complexity, helping leaders recognize patterns, and
enabling structured decisions. This is because, despite its remarkable
capabilities, the human brain has limited working memory and
struggles with complexity. Frameworks act as cognitive shortcuts,
enabling what Daniel Kahneman calls System 2 thinking: the slow,
analytical thought process necessary for strategic decision-making.4
Kahneman and Amos Tversky’s distinction between System 1 (fast,
intuitive, bias-prone) and System 2 (slow, deliberate, analytical) has
been increasingly associated with AI development. AI is moving
closer to System 2 reasoning, and hybrid systems now attempt to
integrate fast neural networks for intuition with rule-based logic for
deeper analysis, much like how humans switch between the two
modes.

But AI introduces a paradox. While it amplifies our ability to analyze
vast amounts of data, it creates enormous hazards and shifts the
cognitive burden to human cognition. Strategy frameworks can no
longer be static blueprints. They must become adaptive, real-time,
and capable of integrating AI-driven insights. Consider the shift:
before AI, executives relied on quarterly reports, market research,
and industry trend analysis. A slow, thoughtful and deliberative
intellectual scaffolding. AI knocks the scaffolding away. The analysis
that once took a quarter now runs continuously and at lightning
speed. Predictive analytics continuously adjusts pricing, identifies



emerging competitors, and recommends market pivots before trends
become apparent.

Without AI, decision-making today is akin to navigating a blizzard
with a map designed for a clear summer day. Data has become an
avalanche, and traditional strategy tools, while helpful, are
insufficient. Companies must rethink their strategies not as static
frameworks but as adaptive systems that integrate AI as both an
information filter and a strategic thinking partner.

AI doesn’t replace strategic frameworks. It reshapes how they
function in three key ways: as a cognitive amplifier, helping
executives recognize weak signals and run real-time simulations; as a
decision architect, reframing planning from fixed goals to
adaptive, probability-based scenarios; and as a competitive
weapon, creating strategic asymmetry where companies exploit AI-
driven foresight faster than competitors.

The Experimental Nature of AI
One of the biggest misconceptions about AI is the tendency to treat it
as an infallible oracle, a glorified Google. This misunderstanding has
led to misplaced expectations, with skeptics dismissing AI as
unreliable and advocates overselling its immediate capabilities.

AI is not magic, and it is not infallible. It is a force multiplier for
human judgment, which means it amplifies both the quality of your
thinking and the consequences of your blind spots. Leaders who treat
it as an oracle will be misled. But leaders who engage with it
seriously will find something more valuable than a faster answer or a
cleaner analysis. Like Move 37, AI can show you a possibility you
would never have reached on your own. And it’s not because it is
smarter but because it is unconstrained by the assumptions you
didn’t know you were making.

Watson’s celebrated Jeopardy! victory in 2011 looked like proof that
AI could master anything. IBM bet roughly $4 billion on that
assumption. Watson for Oncology, built with Memorial Sloan
Kettering, was supposed to revolutionize cancer treatment
recommendations. The problem? Watson excelled at trivia but



choked on unstructured clinical data: doctors’ notes, ambiguous
terminology, the messy reality of human illness.

In a separate partnership, MD Anderson Cancer Center spent $62
million on its own Watson collaboration before pulling the plug in
2016 because the system had never reached clinical use. IBM
eventually sold off the entire Watson Health division by 2022.5
Capability in one domain does not equal capability in another.
Companies that confuse a proof of concept with a strategic platform
end up writing very large checks only to learn that distinction.

There is another problem. Many AI applications are more reactive
than proactive. They process existing data but struggle to interpret
ambiguous or novel situations. AI often reinforces existing biases
and historical patterns, limiting rather than expanding the scope of
innovation. While AI can generate thousands of strategy variations,
it does not possess the judgment to determine which path aligns with
long-term vision. An over-reliance on AI-driven experimentation
risks eroding human agency. In fields where creative thinking and
nuanced interpretation are paramount, AI’s data-driven logic can
oversimplify complex challenges.

Organizations that lean too heavily on AI risk surrendering decision-
making to systems that lack genuine understanding. The ethical
concerns around transparency, accountability, and fairness that AI
introduces in strategic decision-making only compound these risks.
To harness AI’s full potential, organizations must shift their mindset
from systems that provide definitive answers to iterative
experimentation and strategic adaptability.

The Need for a New Strategy Framework
As businesses struggle to make sense of the rising flood of data, they
face an even greater challenge: the AI tsunami reshaping strategy
itself. Most firms are still reinforcing traditional tactical defenses:
improving dashboards, hiring more analysts, and tweaking outdated
processes. But AI isn’t just a bigger wave of information. It is an
entirely different force. The firms that succeed will not be those that
merely process more data but those who use AI to reimagine strategy
itself.



We have spent the last two decades starting, growing, and advising
businesses across industries, from global corporations to startups.
Our work has focused on developing analytical tools and strategic
frameworks to guide organizations through uncertainty. This book is
not an attempt to contribute to the ever-growing canon of AI
business books.

Instead, it is the book we wish had existed, one that bridges the gap
between AI’s technological advancements and the individual
organizational and social realities, enabling practical application in
business strategy. The remainder of the book focuses on
methodologies, tools, and frameworks that we hope are timeless in
structure and adaptable in application.

The most advanced AI systems will be ineffective if leaders fail to
align them with business objectives, manage their inherent biases, or
integrate them into real-world decision-making. This is where
competitive advantage lies: combining business strategy experience
with a deep understanding of AI’s potential and pitfalls. The goal is
not only to understand AI but to use it effectively to make better
decisions, create new markets, and develop resilient strategies in an
era of rapid technological change.

AI as an Engine for Strategic
Experimentation
As AI moves from a tool to an engine to a core partner in business
strategy, its primary value lies not in automating tasks but in
transforming how companies experiment, innovate, and grow.

Historically, top-down decision-making has dominated corporate
strategy. Senior executives dictate moves based on historical data,
intuition, or market trends. While this provides structure, it often
suppresses the creativity and agility needed in volatile markets. AI
disrupts this model by enabling continuous experimentation at scale.
Instead of depending on static, preset strategies, businesses can test
multiple hypotheses, explore different scenarios, and make
adjustments in real-time based on immediate feedback. It speeds up



the process of creating, testing, and implementing strategies like
never before.

This experimental mindset transforms strategy through hypothesis-
driven decision-making, where leaders frame multiple strategic
hypotheses and test them in real time. It enables continuous
optimization, where strategies remain aligned with evolving market
conditions rather than locked into a single high-stakes bet. And it
sharpens risk mitigation, identifying weak signals and testing
downside scenarios before costly missteps occur.

AI’s most transformative aspect may be its ability to augment human
creativity. It is not merely a number-crunching tool. It serves as a
thought partner, generating novel ideas, suggesting alternative
strategies, and exposing hidden correlations within complex
datasets. In product development, AI analyzes consumer behavior,
predicts emerging preferences, and generates design variations for
testing. In business model innovation, AI simulates different pricing
strategies or customer acquisition approaches, letting leaders refine
and optimize before committing resources.

This shift requires a fundamental change in leadership mentality.
Instead of viewing AI as a replacement for human judgment,
executives must see it as a cognitive amplifier: a tool that expands
the range of possibilities rather than dictating a single course of
action.

The Three Pillars of AI-Driven Strategy
The strategic responsibilities of a C-suite executive span three
interconnected domains: driving organizational excellence,
responding to external events, and crafting future growth strategies.
AI is a transformative force across all three.

The rise of AI has shattered long-standing assumptions about how
businesses compete, operate, and grow. Being efficient, customer-
centric, or innovative in isolation is no longer enough. The
companies that thrive will master a balancing act across three pillars:

1. Operational excellence. The foundation of execution,
efficiency, and agility.



2. Outside-in strategy. The discipline of listening to the market
and responding to external forces.

3. Inside-out strategy. The power of leveraging unique
capabilities to shape new market spaces.

Great companies have always balanced these forces. AI raises the
stakes by accelerating adaptation, uncovering hidden opportunities,
and expanding strategic possibilities beyond what human cognition
alone can achieve.

Lean too heavily on efficiency, and you become a commodity. Focus
solely on market signals, and you lose differentiation. Bet everything
on innovation, and you risk strategic drift. AI is not a solution in
itself. It is the amplifier that makes achieving this balance both more
powerful and more volatile.

We’ll review each pillar and its related strategy tools and frameworks
in later chapters, but let’s briefly examine each one.

AI and Organizational Excellence
At the core of organizational excellence is the relentless pursuit of
operational efficiency and cultural cohesion. AI supercharges this by
automating routine tasks, providing data-driven insights into
performance trends, and enabling what we might call dynamic
optimization: real-time, contextual decision-making that adapts to
changing conditions faster than any human operator could process.
This isn’t just about improving existing operations. It is about
reimagining what operational excellence means.

AI transforms execution by automating complexity, freeing up
human capital for higher-order thinking. It predicts risk and
disruption, allowing businesses to anticipate rather than merely
react. And it compresses decision speed, accelerating response times
without sacrificing rigor. The best AI is invisible, working quietly in
the background, eliminating friction and amplifying human
capability. Like electricity and the Internet before it, AI’s greatest
contribution will be felt when we stop noticing it.



But there is a darker side. Over-automation can strip businesses of
their adaptability. AI that blindly optimizes without strategic
oversight creates efficiency traps where companies cut too deep,
remove human intuition, and find themselves incapable of
responding to the unexpected.

The real revolution lies in how artificial intelligence, and its human
partners, transform three fundamental aspects of operations.

Predictive Intelligence
In 2021, Shell Oil scaled its AI predictive maintenance system
globally to anticipate equipment failures across more than 10,000
critical pieces of equipment. A network of more than three million
sensors streaming vibration, temperature, and pressure data feeds
an AI platform that ingests about 20 billion data rows per week.
Running nearly 11,000 machine-learning models continuously, the
system flags anomalies and predicts potential failures that human
operators might miss. Industry research indicates that predictive
maintenance programs typically reduce equipment downtime by 35–
50% and extend asset lifespans by 20–40%.6 Shell’s system
generates 15 million predictions daily, enabling maintenance teams
to schedule repairs during planned outages rather than scrambling
when something breaks.7

Systemic Learning
Google applied DeepMind’s AI to its data center cooling systems,
feeding five years of operational data into a deep learning model. The
AI learned the entire cooling process, predicting how server loads
would rise and fall, adjusting cooling in advance. It became an
autonomous control system, continually updating its strategies as
conditions changed. The result: a 40% reduction in cooling energy
and roughly 15% reduction in overall data center energy
consumption.8 These are enormous gains in facilities that already
operated near optimal efficiency under expert human teams.

Network Intelligence



Alibaba’s City Brain project in Hangzhou uses AI to orchestrate a
complex network of interconnected traffic nodes. The platform
aggregates real-time data from hundreds of traffic signals, road
sensors, and video cameras across the city (population: nine million).
It adjusts traffic light durations and coordinates signals across 128
intersections based on live conditions, cutting waiting time by
15.3%.9 On elevated expressways, synchronized signal control
reduced travel times by an average of 4.6 minutes. The system also
halved emergency vehicle response times. More than 20 cities have
since adopted similar AI traffic management systems.

AI and Outside-In Strategy: Scenario
Planning
For decades, great strategy meant understanding the customer better
than the customer understands themselves. AI takes this further,
giving businesses an almost preternatural ability to detect shifts in
consumer behavior, competitive movements, and emerging trends. It
enables real-time market intelligence, scanning weak signals before
they become industry forces. It enables hyper-personalization,
delivering tailored offerings at scale. And it powers predictive
competition analysis, exposing strategic gaps before others exploit
them.

However, AI-driven market intelligence is only as good as the data it
learns from. If a business depends too much on AI for its outside-in
strategy, it risks being trapped in an echo chamber of past trends,
reacting rather than leading. Companies that treat AI as a crystal ball
often find themselves chasing mirages.

Business strategy has been about adapting to external forces for the
lion’s share of history. As weather, political forces, or customer
preferences change, businesses react. At its core, an outside-in
strategy assesses the competitive landscape, identifies available
assets, and captures new value through acquisitions, mergers, or
alliances. That remains valuable, but we intend to focus on the future
of strategy, which is bottom-up and top-down, across functions and
divisions, and, most importantly, driven by the insights of AI models
and the humans across your organization.



Central to outside-in strategy has been scenario planning—a
discipline developed by the U.S. defense community and refined by
Royal Dutch Shell to navigate the 1973 oil crisis. At its core, it maps
multiple futures: best case, worst case, and the harder-to-see
territory in between. Its adoption has grown steadily, with more than
70% of major companies now using it in some form. AI dramatically
expands what’s possible. Where traditional scenario planning
explores three or four futures, AI spins thousands simultaneously,
spots weak signals before they become industry forces, and functions
as a global pattern recognition engine—breaking down the artificial
barriers between industries and geographies that have long
constrained human foresight.

Capturing the Global Political Heartbeat
BP uses AI-driven scenario modeling to anticipate climate
regulations, carbon pricing shifts, and energy demand fluctuations.
Its AI systems process global emissions targets, renewable energy
advancements, and geopolitical energy policies to predict long-term
risks and opportunities. AI simulations in 2021 forecasted that
governments would accelerate bans on internal combustion engines,
prompting BP to increase investments in EV charging infrastructure
and hydrogen technology.10

Predicting Global Supply Chains
Ford uses AI-driven scenario planning to prepare for supply chain
shocks, EV adoption rates, and regulatory shifts. Its AI models
analyze battery material shortages, shifting consumer demand, and
potential emissions regulations to forecast production bottlenecks.
In 2022, AI simulations indicated that a lithium shortage could
impact EV production, leading Ford to secure long-term contracts
with new suppliers ahead of competitors.

Managing the Right Bets
Hitachi integrates AI into scenario planning for urban infrastructure
and smart city development. Its digital twin models simulate urban
growth, energy consumption, and transportation shifts across
multiple futures. In a project with the Japanese government,



Hitachi’s AI modeled the impact of autonomous vehicles, climate
change, and population aging on city infrastructure over 30 years.11

These insights drove strategic investments in smart grids, AI-driven
traffic management, and sustainable urban planning. Hitachi also
applies AI scenarios to disaster resilience, predicting how climate-
driven natural disasters could affect supply chains and emergency
response.12

AI and Inside-Out Strategy: Creating Markets
One of the great ironies of the digital age is that the Internet, once
heralded as the great leveler, has instead deepened divisions. In the
late 1990s, we expected it to dismantle barriers between languages,
cultures, and economies. Instead, it fueled digital tribalism,
reinforcing stereotypes and ideological silos. If applied correctly, AI
offers the potential to reverse these trends, not just socially but in
how companies innovate.

Customers have only recently become the focal point of innovation.
For much of the twentieth century, companies developed products in
laboratories and skunkworks, pushing them onto the market in a
classic inside-out strategy. As competition intensified, firms turned
outward, seeking differentiation through customer-driven insights.
As Ranjay Gulati notes, the shift was from “You take what we make”
to “We seek to understand your problems and will surprise you by
solving them.” This outside-in approach gave rise to frameworks like
Jobs-to-be-Done, Design Thinking, and Blue Ocean Strategy.

Yet what was once a breakthrough has become a limiting orthodoxy.
Customer-centricity has been commoditized. We have moved from
ignoring customers to relying too heavily on them, expecting them to
articulate the next great business model. The reality? Customers
rarely provide radical, disruptive insights. The pendulum has swung
too far, and firms risk chasing incrementalism instead of forging new
frontiers.

The next evolution in strategy demands tools that match the
complexity, speed, and interconnectedness of AI-driven markets. AI
enables a return to endogenous strategy, not by replacing human
ingenuity but by amplifying it. Unlike traditional analytics, which



reflect past patterns, AI can identify latent capabilities, surface
internal synergies, and predict untapped market opportunities.

While the majority of firms use AI today for customer analytics or
market forecasting, it remains underused as a mechanism for
rediscovering and amplifying internal capabilities. The next frontier
lies in leveraging AI to unlock hidden value, accelerate internal
innovation, and shape markets from within. Companies that
embrace AI for endogenous growth won’t just react to change. They
will drive it.

AI powers cross-industry pattern recognition, allowing businesses to
apply innovations from one sector to another. It enables the
generation of multilingual and cross-cultural insights, detecting
trends that transcend national and industry borders. And it creates
self-reinforcing data advantages, where AI continuously refines
insights, improving itself over time.

Here are a few examples of using AI in Inside-Out Strategies:

Anticipation. Tesla has never relied on traditional customer
feedback loops. Instead, it embeds AI internally in autonomous
driving systems, manufacturing automation, and battery
optimization, creating self-reinforcing innovation cycles. AI
helps Tesla anticipate what customers will want before they
articulate it, shaping market expectations rather than reacting to
them.

Insight mining. Instead of chasing market trends, Novo
Nordisk uses AI to unlock new applications for existing drugs.
AI-driven simulations of molecular interactions led to the
repurposing of semaglutide (Ozempic) from diabetes treatment
to a blockbuster weight-loss drug. This inside-out approach,
leveraging AI to uncover hidden value in existing R&D, has
reshaped the company’s trajectory.

Self-learning. John Deere’s AI-powered precision agriculture
systems didn’t emerge from customer demand but from an
inside-out transformation of its own capabilities. By embedding
AI into tractors and farm equipment, Deere created self-learning
models that optimize planting, watering, and harvesting,



offering solutions farmers never explicitly requested but now
depend on.

But thinking inside out without discipline leads to some very
expensive lead balloons. Amazon learned this with Amazon Go.
Launched in 2018 as a flagship automation strategy, the cashier-less
convenience stores used computer vision and sensor networks to
eliminate checkout lines. Amazon initially planned to open 3,000
locations. The technology proved expensive to maintain (requiring
hundreds of workers to monitor the stores via video feed), customers
experienced incorrect charges and tracking errors, and demand
didn’t meet expectations.

By early 2026, Amazon had closed most of its Amazon Go stores and
Fresh grocery locations.13 The company had prioritized “we can build
this” over “does the market need this enough to justify the cost?” It is
a cautionary tale for any firm that mistakes technological novelty for
strategic value.

The Art of Strategic Balance
AI provides capabilities to C-suite leaders that are only now being
understood. The companies that will lead the AI era will not blindly
optimize, react, or innovate in isolation. They will integrate
execution, external awareness, and internal reinvention into a single,
dynamic system.

The central tension is that almost all companies struggle to strike
this balance. Those who chase AI-driven efficiency at all costs
become brittle. Those who rely only on AI-driven market insights
become reactive. Those who fixate on AI-driven innovation without
discipline become unmoored.

To thrive, leaders must constantly recalibrate: leaning into
Operational Excellence to stay efficient, adopting an Outside-In
Strategy to remain relevant, and pursuing an Inside-Out Strategy to
differentiate. There is no static equilibrium. The moment a company
feels comfortable, it is already falling behind.

* * *



AI is not the answer to every strategic question. But it demands
better ones. The following chapters explore how to apply AI across
three pillars: Organizational Excellence, intelligent operations rather
than mindless automation; Outside-In Strategy, reading market
signals before rivals, not chasing echo chambers; and Inside-Out
Strategy, turning hidden capabilities into new markets, not merely
responding to old ones.

This is not a safe journey. The frameworks and methodologies ahead
are designed to minimize the risks of leading in the age of AI while
maximizing what becomes possible when you do it well. In 2016,
Move 37 didn’t just win a game. It changed what players thought was
worth attempting.
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Chapter 5
AI and Corporate Strategy: HorizonAI

“Give me a lever long enough and a fulcrum on which to place it,
and I shall move the world.”

—Archimedes

In the early nineteenth century, Prince Wilhelm of Prussia led
Europe’s most formidable military force. The secret to their success
was a strategy framework called Kriegsspiel. Unlike traditional
chess, this military simulation offered far greater realism. Though
inspired by Chaturanga, a seventh-century Indian strategic game,
Kriegsspiel was a revolutionary advancement. Using maps and metal
blocks to represent troop formations enabled strategists to
incorporate economic and social variables, simulate battlefield
decisions, anticipate supply chain disruptions, and predict outcomes
with remarkable precision.

In 1941, as the Germans planned to invade the Soviet Union, their
Kriegsspiel planning suggested that with their current force, they
would easily overtake Moscow’s 240 divisions (approximately 2.4
million soldiers). The simulations proved accurate. In two months,
they had eliminated 248 divisions. Overconfident and believing
victory was imminent, Hitler’s generals abandoned Kriegsspiel as
they marched East.

This was their first mistake. Their second mistake was forgetting that
they had taught Stalin’s generals Kriegsspiel, who had positioned
another two million soldiers in reserve to pounce on the Germans as
they entered Stalingrad. As winter arrived, Nazi forces became
trapped in street-to-street fighting that rendered their tanks useless,
leading to their defeat.

Today’s business leaders face a similar strategic landscape. The
companies that dominate their industries aren’t just those with
superior products or resources but those that use strategic and
operational frameworks to analyze markets, anticipate competitor
moves, and adapt accordingly. Just as Kriegsspiel transformed



military planning, modern business depends on frameworks such as
Porter’s Five Forces (analyzing industry driving forces), BCG
Growth-Share Matrix (guiding business decisions), Agile
Methodology (enhancing adaptability and speed), and the Balanced
Scorecard (evaluating performance).

Machine learning algorithms can simulate thousands of competitive
scenarios in seconds, predicting market responses with uncanny
accuracy. The Kriegsspiel maps and metal blocks are quaint from
today’s perspective. But Stalingrad’s warning still echoes. The
framework didn’t fail the Germans. Complacency did.

Your competitors are running the same AI models, analyzing the
same markets, and targeting the same customers. You won’t win
simply by adopting these tools first. You’ll win by never forgetting
that your adversaries have them too, and your competitive advantage
is being a centaur with your AI partners. We’ll return to the centaur
metaphor shortly.

But most C-suite executives are consumed with day-to-day
management and lose sight of the fundamental objective: create and
capture new buyers. That happens only when frameworks are
rigorously applied, continuously updated, and stress-tested against
competitors using the same tools. We believe AI is a massive force
multiplier in that effort. The strategic tools in this chapter show you
how.

Guardrails, Scaffolding, and Jungle Gyms
Business strategy has evolved dramatically over the past century.
Frederick Taylor pioneered this journey in the early 1900s with
scientific management, introducing the idea that business operations
could be studied and optimized scientifically. By breaking work into
measurable components, Taylor created the first modern business
framework. The 1970s and 1980s brought greater strategic
sophistication. These led to the more “reactive” strategy paradigms
in the figure below.

As markets became less predictable, strategy shifted from planning
for stability to building for value creation. Lean Startup, Design
Thinking and Jobs-to-be-Done reframed value creation around the



progress customers are trying to make. Blue Ocean Strategy focuses
on creating new demand rather than competing within existing
boundaries. These are the “proactive” strategy frameworks in the
matrix shown in Figure 5.1. AI does not replace these frameworks. It
changes how we work with them. It expands the range of patterns
that can be detected, the speed at which alternatives can be explored,
the number of perspectives we can take, and the scale at which we
can learn. Our only constraint now is imagination. The most
powerful leaders will be the ones who learn to partner with, and
evolve with, artificial intelligence. This partnership is the thread
running through this book.

Figure 5.1 Strategy/innovation matrix

A note on the word strategy. Most companies ask: what can AI do for
us? That is the wrong question. The right question is: what are we
trying to become, and how does AI change what’s possible? Without
that clarity, AI investments accumulate rather than compound. It’s



more motion, less direction, significant cost, with an uncertain
return. Strategy is not the context for AI. It is the prerequisite.

But let’s begin with its definition. The word strategy is thrown
around the C-suite with very little definitional rigor. Far too often we
use the word when we want to be inspirational and/or to aggrandize
ourselves. To set the foundation of the definition is simple and
objective. Strategy is the deliberate set of choices that define how an
organization allocates resources and coordinates actions to create
sustainable growth. Strategy is executed through the alignment of a
value proposition (value = utility − price) with a profit proposition
(profit = price − cost) and a people proposition (commitment − 
reward).

Finally, it is important to note that the scope of strategy ranges from
getting through a sales call to charting the future of a billion-dollar
company. Some bifurcate strategy into “Big-S” strategy that is the
high-level, organization-wide decisions that define a company’s
fundamental direction. Whereas “Small-S” strategy is the functional
or tactical day-to-day, domain-specific execution of strategy within
departments, teams, or projects. These are important to note,
particularly in the case of applying AI to your skillset.

Consider the strategy innovation matrix above based on “Carlson’s
Law” (see Figure 5.2). “Top-Down vs. Bottom-Up” refers to the
orientation of the methodology within the organization. Top-down
approaches are orderly but not expansive. Bottom-Up approaches
are expansive but less orderly. “Proactive vs. Reactive” refers to the
level of agency. Reactive approaches take market structure as a
given. Proactive approaches assume individuals and companies can
shape it. At the highest level, strategy is about Outside/In or
Inside/Out approaches, or in economic terms, exogenous versus
endogenous approaches to growth. AI is not just another tool, but a
fundamental transformation of how strategy works. AI systems
continuously monitor vast data streams, identifying patterns
previously invisible to human analysts. Traditional frameworks
aren’t being replaced; they’re just being supercharged.



Figure 5.2 Control paradigms

Machine intelligence is transforming the scope, power, and rhythm
of strategy. How it democratizes capabilities throughout
organizations may be its most immediate and significant impact on
the modern firm. When powerful analytical, predictive, and
perspective-taking tools become accessible to all levels of
management, strategic thinking permeates every decision.

This transformation demands a new leadership approach: more
hands-on, more transparent in its processes, and more agile in its
responses. The organizations that thrive won’t be defined by AI
adaptation alone, but by building cultures where information flows
freely, leadership is empowered at every level, and strategic thinking
is incentivized at every turn. This combination of human judgment
and AI capability is what we call strategic fitness.

What seems hidden in plain sight in business literature is the human
side of AI transformation. That’s the psychological, social, and
organizational changes this unprecedented technological shift
demands. Strategy, at the end of the day, is a social construct. To



empower executives to address this strategic challenge, we’ve
developed three interconnected frameworks:

HorizonAI (preparedness). Reacting to external events
demands vigilance and agility. In an era defined by rapid
technological shifts, geopolitical instability, and changing
consumer behavior, traditional command-and-control
approaches fall short. AI bridges this gap through real-time
monitoring and analysis of market, social, and political
dynamics.

HealthCheckAI (organizational excellence). At the core of
organizational excellence is the relentless pursuit of operational
efficiency and cultural cohesion. AI automates routine tasks,
provides data-driven insights into performance trends, and
pinpoints inefficiencies before they become bottlenecks.

Beyond Blue Ocean Strategy Framework (growth
creation). Creating future growth requires visionary thinking
paired with AI’s capacity for rapid prototyping, scenario
simulation, and wide-ranging market analysis. Through
structured human-AI ideation, these tools surface untapped
opportunities and stress-test new business models before
committing resources.

Applying new and improved organizational and strategic
methodologies in tandem with AI reshapes strategy by providing
actionable intelligence across the three domains of leadership. In this
chapter, we begin with the horizon scanning/scenario planning
component of strategic fitness, with organizational excellence and
growth creation in the next chapter.

Past, Present, Future: The Power of
Scenarios and AI
By 2026, the sentiment behind “in today’s increasingly volatile
world” has become an understatement. Technological disruption,
geopolitical realignment, and environmental instability aren’t
background noise anymore; rather, they are our operating



conditions. There is an irony at the heart of how most companies are
approaching AI. While leadership teams spend much of their time in
workshops, pilots, and strategy sessions trying to understand the
technology, the world outside keeps moving. Global conflict, energy
crises, supply chain disruptions, and geopolitical realignment don’t
pause for digital transformation roadmaps.

The distraction is understandable. AI is genuinely complex, and the
pressure to “get it right” is real. But the companies gaining the most
ground aren’t the ones who studied AI the longest before acting.
They are the ones who are “learning by doing” by working with the
technology at the biggest problems they face.

Think of scenario planning as carrying a lantern through dense fog.
The lantern doesn’t reveal the whole road, but it illuminates the next
few steps and keeps you from walking off a cliff. Now imagine that
lantern is powered by fusion energy. All-powerful, transformative,
still being refined, but already changing what’s possible. The
question for the C-suite isn’t whether to understand AI. It’s whether
you can afford to keep the world waiting while you do.

AI-Driven Scenario Planning: A Vital Part of Your C-Suite
Capabilities
In the past, scenario planning was restricted to strategy and R&D
offices. AI was ghettoized in IT or innovation labs. Change has
changed. Together, they have become essential tools of every C-suite
executive’s day-to-day. Traditional scenario planning was time-
consuming, often disconnected from immediate action, and
struggled to capture the world’s exponential complexity. Not long
ago, we were physically cutting out hundreds of newspaper and
magazine headlines and arranging them in 2 × 2 matrices to identify
systemic patterns.

In fast-moving markets, leaders may feel they lack the luxury of
lengthy scenario exercises, particularly when disruptive events like a
pandemic, a sudden tech breakthrough, or a geopolitical crisis could
render yesterday’s plans obsolete overnight. The deeper worry was
whether a handful of scenario stories can truly capture the
exponential complexity we face, particularly as AI itself accelerates
change.



The true power of AI-assisted scenario planning isn’t crisis response.
It is opportunity creation. AI transforms scenarios from an
occasional risk-management exercise into a continuous engine of
strategic foresight—scanning for weak signals, identifying emerging
opportunities, and surfacing threats before competitors hear them.

This requires a fundamental mindset shift: from “How might we
respond if X happens?” to “What futures can we create? Which are
most likely, and once we move, how do we stay two steps ahead?” C-
suite executives who master this approach treat scenarios as living
frameworks, continuously refined by AI and human insight in
tandem. In the AI age, scenario planning is no longer just about
predicting the future. It is about inventing it.

HorizonAI: AI-Driven Scenario Planning
HorizonAI is a structured framework blending human strategic
foresight with AI’s analytical muscle. It consists of four steps:
Observe, Attack, Orient, and Adapt (OAOA); see Figure 5.3. Think of
it as an ongoing strategy loop (inspired by the strategic logic of
fighter pilots) where AI and human insight work together to keep the
company one step ahead of change. In the pages ahead, we’ll walk
through each step, from scanning emerging trends to “attacking”
your own strategy in simulations to mapping out responses to
continuously adapting. By the end, it will be clear how AI-driven
scenario planning can turn uncertainty into opportunities that
empower you to proactively shape the future rather than passively
react to it.



Figure 5.3 HorizonAI Framework

Step 1: Observe
From our basic evolutionary development to modern business,
survival begins with keen observation. Perceptive awareness allows
us to detect subtle patterns, emerging opportunities, and potential
threats that others miss, creating decisive competitive advantages. In
both life and business, those who carefully observe before acting
make fewer assumptions, adapt more quickly to change, and identify
connections that lead to breakthrough insights. In the Observe stage,
you define your strategic focus and identify the key drivers and
uncertainties in your business environment (see Figure 5.4). Are you
concerned about shifting consumer behaviors? Technological
disruptions? Regulatory changes? Be specific. Once you’ve framed
what you’re watching for, unleash AI to scan the horizon for weak
signals and emerging trends. This means aggregating data from a
data-rich world (news articles, social media chatter, search trends,
research publications, patents, financial reports), anything that
might contain early clues.



Figure 5.4 HorizonAI Framework: Observe

AI excels at sifting through this deluge to spot patterns invisible to
human analysts. Modern AI systems (whether custom LLMs or
publicly available ones) can process vast amounts of unstructured
data and pinpoint subtle changes or anomalies. AI-driven horizon
scanning platforms consolidate historical and real-time data, saving
analysts time and helping surface “weak signals,” the early, subtle
signs of change that often precede major shifts. By using machine
learning and natural language processing, an AI tool might notice
that discussions about a new technology or consumer preference are
trending upward months before sales numbers reflect it. Human/AI
collaboration is at the center of this process. Your team provides
context, domain expertise, and prompt writing experience (“These
are the trends we care about; these are the assumptions we’ve
made”), and the AI provides broad surveillance and pattern
recognition. It’s like having a tireless army of PhD research assistants
scanning the world 24/7. You might task an AI system to monitor
online reviews and social media for hints of changing customer
sentiment. The AI might flag a nascent shift, say, a growing interest



in sustainable materials or a new slang term among Gen Z
consumers, which your human strategists can then analyze and
validate.

Implications
Many forward-thinking companies already use AI to supercharge
their trend observation. Take L’Oréal, the global cosmetics leader.
Staying ahead in beauty means catching trends early, often before
they hit the mainstream. L’Oréal launched “TrendSpotter,” which
uses AI to analyze social data from more than 3,500 online sources
and detect emerging beauty movements.1 The AI model combs
through blogs, tweets, forums, and search queries to find patterns.
L’Oréal pairs the AI with human analysts; together, they interpret
the findings and decide which new product ideas to pursue. This
human-machine team detected the rise of trends like vegan skincare
and bold, unconventional hair colors 6–18 months before they
became ubiquitous, giving L’Oréal a head start in product
development.2

Even outside consumer goods, AI trendspotting proves its worth.
Financial institutions use AI to scan regulatory news and industry
reports, ensuring they aren’t caught off guard by rule changes. In
public health, the Canadian startup BlueDot used an AI algorithm to
scour foreign news reports and airline data; it sent an alert about a
mysterious pneumonia outbreak in Wuhan on December 31, 2019,
nine days before the World Health Organization issued a warning.3
Some of BlueDot’s corporate clients gained a critical early heads-up.
These examples demonstrate the power of the Observe stage: AI can
cast a far wider net than any human, catching the faint signals of
change so that you’re aware of them early rather than blindsided
later.

Peloton didn’t miss the data; it misinterpreted it. During the
pandemic lockdown, demand for home fitness surged, and Peloton’s
stock increased over 400% in 2020. Management saw this spike as
the new normal. Even after gyms reopened, growth slowed, and the
resale market for its machines grew, the company announced a
roughly $400 million factory in Ohio in 2021. By mid-2022, Peloton
had 500 days of unsold inventory. The stock dropped 76%, the



company posted a $439 million loss in 2022, and the Ohio facility
was canceled entirely. Peloton has since recovered through cost-
cutting and restructuring, focusing on the allure of its instructors.
They have rediscovered their story beyond the data.

Step 2: Attack
Once you’ve gathered intelligence on what might be coming, it’s time
to stress-test your strategy against those possibilities. Step 2, Attack,
is about adopting the mindset of your worst nightmare. This is where
you role-play as the competitor that ends your career and your
company. The attack is essentially poking holes in your own plans
before your competition does. It also uncovers opportunities within
uncertainty that are hidden in plain sight.

This stage begins by assembling a cross-functional team charged
with answering a single question (see Figure 5.5). For example:
“Given the driving forces found in the Observe step, if we were a fast-
moving competitor (or an unforgiving market force), how would we
exploit our company’s weaknesses? How could we make our own
business obsolete?” It can be an uncomfortable exercise, but it’s
enormously enlightening. Think of it as a fire drill for strategy: the
discomfort of the practice is precisely what prepares you for the real
blaze.



Figure 5.5 HorizonAI Framework: Attack

AI can serve as a creative sparring partner here. You begin by
creating a “clone” or digital twin of your company. You could use a
generative AI tool to brainstorm “10 ways to undermine our product
in 60 days through business model innovation.” Then use AI agents
to simulate competitors attacking that twin. These AI agents might
modify pricing, introduce alternative features, or target your most
profitable customer segment to see what impact it has on your
market share in the simulation. The goal is to surface vulnerabilities
and unexamined assumptions. If every scenario your team comes up
with still has your strategy winning, you probably aren’t being
imaginative enough in your attacks. This attack phase should be a
psychologically safe space to consider “unthinkable” moves.
Encourage wild ideas: What if a startup gave away for free what you
charge for? What if a tech giant entered your industry? What if
there’s a data breach or a supply chain collapse? By wrestling with
these scenarios now, you inoculate your organization against
complacency. AI can make the exercise more rigorous by providing
data-driven inputs: identifying which customer segments would be



most likely to defect if a cheaper competitor emerges, or varying key
parameters (like a 20% price cut by a rival, or a new technology that
halves production costs) and showing how your current strategy
holds up.

Implications
Companies that deliberately “attack” themselves often emerge much
stronger. Author Lisa Bodell advocates a practice she calls “Kill the
Company,” which is exactly what it sounds like. Akin to “red
teaming” in cybersecurity, this allows us not only to find
vulnerabilities in our business models and products but to see
opportunities the competition hasn’t spotted in the fog of
uncertainty. “Kill the Company is about having an out-of-company
experience—examining your weaknesses so that you can make them
your strengths,” Bodell explains.4

When leaders are given permission to drop defensive thinking, their
war-room mentality kicks in, and they often pinpoint blind spots that
wouldn’t surface in normal meetings. An insurance firm doing a “Kill
the Company” exercise realized their claims process was painfully
slow compared to a hypothetical AI-powered startup; this spurred
them to invest in automating claims before a real startup could scoop
up frustrated customers. It’s learning by doing, or rather, learning by
counter-doing. Through these self-immolation exercises, firms
anticipate competitor moves and identify potential threats in a risk-
free setting. By simulating moves and counter-moves, managers get a
visceral understanding of how a scenario could play out quickly, with
resources at their fingertips and at low cost.

Amazon exemplifies strategic self-disruption. Jeff Bezos instilled a
culture of “Kill the Company,” epitomized by Amazon’s push into
cloud computing. When Amazon Web Services (AWS) launched, it
effectively gave any startup the tools to compete with Amazon’s own
retail business. This was calculated self-cannibalization. Bezos knew
that if a radical new platform was going to disrupt Amazon’s retail
operations, it would be far better for Amazon to do it first. AWS’s
success wasn’t just about great technology; it was about Amazon’s
willingness to undermine its own old model in service of a bigger
future.



The payoff? Amazon transformed from an online retailer into a cloud
powerhouse, avoiding being overtaken in a space it could have easily
ignored. AWS maintains approximately 30% market share in the
global cloud market (Q4 2024), well ahead of Microsoft Azure (21%)
and Google Cloud (11%). In 2024, AWS sales reached $107.6 billion,
a 19% increase from 2023; in 2025, Amazon plans to invest $100
billion in AWS.5 The lesson: by boldly role-playing a “would-be
usurper,” firms can discover a transformative move, or at least shore
up defenses against those plotting their downfall.

Step 3: Orient
After observing the terrain and pressure-testing your strategy
through attack scenarios, it’s time to Orient: map out the strategic
implications and decide how to position your company considering
the scenarios you’ve envisioned. In this phase, you reconcile the
insights from step 1 and step 2: “Given what we’ve observed, and the
vulnerabilities we’ve uncovered, what are our best strategic options?
What would we do if scenario A happens? What about scenario B or
C?” This is the moment of synthesis and planning (see Figure 5.6).

Begin by identifying the key driving forces that organize your various
attack scenarios. Typically, these forces surface in the Observe stage.
They will generally cluster around PESTEL factors: political,
economic, social, technological, environmental, and legal trends,
with particular attention to those with the potential to disrupt or
fundamentally redefine your business model. This initial exploration
is deliberately broad, encouraging leaders to look beyond their
immediate competitive context. After identifying potential driving
forces, the method employs a critical prioritization process. Each
force is evaluated against two criteria: impact (the magnitude of its
potential effect on the industry) and uncertainty (the
unpredictability of its trajectory). The two forces that score highest
on this combined assessment, those with the greatest potential
impact coupled with the highest uncertainty, are selected as the axes
for a 2 × 2 scenario matrix (see Figure 5.7).



Figure 5.6 HorizonAI Framework: Orient

This disciplined selection process focuses the strategic conversation
on truly consequential uncertainties rather than merely interesting
trends. The resulting matrix creates four distinct quadrants, each
representing a plausible future scenario characterized by extreme
variations of the selected forces. A financial services firm might
explore scenarios at the intersection of AI disruption (slow versus
rapid) and regulatory control (strict versus laissez-faire). A consumer
goods company might examine futures shaped by changing customer
preferences (traditional versus digital-first) and environmental
regulation (weak versus strong).

Then begin plotting your attack scenarios on various 2 × 2 key
driving forces matrices. For each scenario, identify opportunities and
risks. In a scenario where a certain technology becomes dominant,
the risk might be that your current product line becomes outdated,
but the opportunity could be offering a complementary service for
that tech. In a scenario where new regulation hits the industry, the
risk is compliance cost, but an opportunity might be selling a
solution to others who struggle to comply.



Figure 5.7 HorizonAI Scan: 2 × 2 matrix

Consider an example of the HorizonAI 2 × 2 Matrix in the financial
services industry in Figure 5.8.



Q1: Rapid innovation but
potential risks from
regulatory gaps. 
Rise of decentralized finance
(DeFi)
Monopolistic power by first
movers
Breakthroughs in autonomous
financial advisory & predictive
finance
Surge of cybersecurity threats
Rise in litigation over data
privacy breaches

Q2: Rapid innovation
tempered by robust
governance frameworks. 
Stability as firms balance rapid
innovation with compliance
Elevated cost burdens on
companies
Emergence of RegTech
innovations
Clear frameworks for algorithm
audits, ethical standards, and
accountability
Slower innovation in AI

Q3: A stagnant environment
with limited innovation and
oversight. 
Policymaker inertia leads to an
outdated regulatory landscape
Slow adoption of incremental,
cost-saving AI
Public skepticism around AI’s
value in finance
Minimal investment in advanced
AI research
Ambiguities persist around AI
liabilities and data protection

Q4: Highly conservative with
cautious, incremental
innovation. 
Strong political focus on risk
management & consumer
protection
Stable but slow economic growth
in financial services
High public trust due to strong
consumer protection laws
Innovation confined primarily to
compliance-driven solutions
Legal risks are low but potentially
stifling innovation and
experimentation

Figure 5.8 HorizonAI Scan: Financial Services and AI

AI is extremely helpful at this stage for quantitative stress-testing
and forecasting. You can feed scenario assumptions into AI-driven
simulation models (sometimes called digital twins of your business)
to see how outcomes change. Suppose one scenario is a 25% increase
in raw material prices due to a supply shock. An AI-based model can
rapidly recalculate your cost of goods, profit margins, and even
suggest which product lines would become unprofitable. Another
scenario might involve a competitor capturing 15% of your market,



where you can simulate how that would affect your sales and what
cost-cutting or new markets might offset the loss.

By applying this method across multiple scenarios, you stress-test
your strategy. It’s not about predicting exactly which future will
happen; it’s about being prepared for any of them. As Dwight D.
Eisenhower said, “Plans are nothing; planning is everything.”6 Being
oriented means you have a game plan (or two) ready in your pocket
for whatever occurs. AI can also assist in assigning probabilities or
identifying key indicators for each scenario. For example, AI might
analyze real-time market data and suggest that Scenario B (such as a
price war) is becoming more likely as competitors’ prices trend
downward. That could prompt you to start executing parts of your
price war strategy proactively.

Implications
2 × 2 scenario planning is not new; what’s different now is the
toolkit. AI-assisted scenario modeling adds a level of analytical rigor
that wasn’t possible before. Already, 2,400 of the world’s leading
companies have adopted AI-infused planning platforms to connect
strategic decisions to data-driven scenarios.7 Researchers at IBM
describe how generative AI can simulate complex scenarios for
organizations, projecting the effects of various regulatory changes on
a bank’s operations. Consider the U.S. “Transition Integrity Project”
(TIP) in the spring of 2020, a semi-annual 2 × 2 scenario simulation
involving more than 100 current and former senior government and
civil society leaders. Their key finding was the high likelihood that
the fall election would result in contested results, constitutional
crises, and the potential for political violence.8 They did not predict
January 6, 2021, but they had key figures oriented to the possibility.
Unfortunately, they did not adapt, which is the next stage.

Toyota’s leadership team has long employed scenario planning to
navigate market uncertainties. After the 2011 tsunami disrupted
their supply chains, they developed a comprehensive 2 × 2
framework mapping energy price volatility against global climate
policy stringency. This approach guided their strategic investment in
hybrid and hydrogen technologies while maintaining flexibility in



their manufacturing systems, helping them balance short-term
profitability with long-term sustainability goals.

Contrast Toyota’s disciplined reorientation with Nokia’s catastrophic
failure to orient. As we saw in Chapter 1, in 2007, Nokia held 50% of
the global mobile smartphone market. Internal engineers flagged
that its Symbian operating system was falling behind Apple’s iOS and
the emerging Android platform. The signals were clear. But Nokia’s
leadership couldn’t reframe their mental model: they were a feature
phone company, and smartphones were a niche. Management
suppressed the warnings, fearing investor reaction. By the time
Nokia finally pivoted to Windows Phone in 2011, the market had
moved on. In 2013, Nokia sold its mobile division to Microsoft for a
fraction of its former value. Nokia had the data. It had the
engineering talent. What it lacked was the ability to orient, to see the
world as it was becoming rather than as it had been.

The lesson: orienting your strategy with scenario insights and AI
modeling makes you far readier to pivot or double-down when the
world changes. You’ve already seen the movie in your mind (and
spreadsheets), so you know how to act when it starts to happen for
real.

Step 4: Adapt
The final step, Adapt, turns scenario planning into an ongoing, living
process (see Figure 5.9). It’s about integrating AI and the insights
from Observe-Attack-Orient into your regular decision loops so that
your strategy continuously evolves with new data. Think of the
adaptation stage as having a radar system always on and a steering
mechanism always ready to adjust course.

This means establishing continuous monitoring of the key indicators
tied to your scenarios. If in Observe you identified drivers (say, a
demographic trend or a tech adoption rate), in the adaptation stage
you set up AI alerts for those drivers. If one of your critical
uncertainties is “the cost of raw material X,” you might deploy an AI
system to monitor commodity prices and supply news in real time.
The moment something deviates, a price spike or a news report of a
mine closure, the AI flags it on your dashboard or sends an
automated alert to executives. This triggers a predefined response or



at least a rapid strategy huddle. No major development catches you
sleeping; your organization is primed to react because you’ve already
thought through the scenarios in Orient.

Figure 5.9 HorizonAI Methodology: Adapt

For each scenario, ask, “If this future came true, what would we wish
we had been doing today to prepare?” This leads to identifying
strategic implications and potential responses. Map out risks and
opportunities in each scenario. Perhaps scenario A would crush
demand for one of your product lines but open a new market in
another area; scenario B might intensify competition requiring a
different pricing strategy; scenario C might require partnering with a
startup to access new tech. Once you have these implications,
brainstorm strategic options: things you could do now or soon
(invest in R&D, acquire a company, build a new capability, hedge a
risk) to either seize the opportunity or mitigate the threat in each
scenario. AI’s analytical muscle helps here too. Use AI and
quantitative models to stress-test each strategic option against the
scenarios. Adapt also means creating a culture and mechanism for



rapid iteration. Encourage your strategy team to revisit scenario
assumptions regularly, say, in quarterly meetings, and update them
based on the latest observations. Maybe six months ago you
considered a pandemic scenario far-fetched; after 2020, you
certainly won’t. Or perhaps your AI trend analysis now shows a new
consumer behavior emerging that wasn’t on your radar last year,
which should become a new scenario to plan for. The strategy should
be treated as a dynamic portfolio of bets, rebalanced as conditions
change. Decision-making cycles should shorten, too. Instead of
annual strategy reviews, some companies move to rolling strategic
updates, where mini “Orient & Adapt” sessions happen monthly. AI
tools facilitate this by providing on-demand forecasts and scenario
analyses. Adapt is about institutionalizing agility: sensing changes
early and responding in near-real-time, guided by the groundwork
you’ve laid in the prior steps.



AI-Enhanced Scenario Planning: The
Strategic Advantage
AI is revolutionizing scenario planning by transforming what was
once a lengthy, periodic exercise into a continuous, data-driven
process. This evolution offers four key strategic advantages:

Faster, data-driven foresight: AI collapses the timeline
of traditional scenario planning from months to days or even
hours. By analyzing vast datasets, from market reports to
social media, AI detects patterns and weak signals that
humans might miss. During crises like COVID-19, companies
used AI to compress multiyear outlooks into days, enabling
rapid adaptation to shifting conditions.

Expanded scenario creativity: Generative AI serves as a
creative partner, producing diverse scenario narratives that
spark human imagination. Need dozens of visions for how AI
might reshape your industry? Large language models can
generate initial storylines in minutes, pushing teams past
standard thinking patterns and helping overcome cognitive
biases.

Deeper analysis of complexity: AI’s computational
power explores countless “what-if” permutations at high
speed. Finance teams use AI-driven scenario modeling to
anticipate how various factors (interest rates, commodity
prices, demand shifts) might combine to impact business
performance. This reveals nonobvious interdependencies
and creates more robust, evidence-backed scenarios.

Continuous monitoring and early warning: AI
transforms scenarios from static documents into living
frameworks by constantly monitoring scenario indicators. If
a scenario depends on battery technology breakthroughs or
regulatory changes, AI can track relevant data sources and
alert leaders when signals suggest a particular future is
emerging, turning scenario planning into an ongoing early
warning system.



Throughout this process, humans remain essential for context,
ethical judgment, and strategic direction. The most effective
approach combines AI’s analytical speed with human strategic
wisdom: AI as a tireless analyst and creative assistant, humans as
editors and decision-makers. Organizations that master this
partnership not only prepare for external futures but
simultaneously build internal AI capabilities, creating a more
adaptive enterprise ready to thrive amid uncertainty.

* * *

Organizations comfortable making decisions under uncertainty have
navigated massive disruptions most successfully. Consider recent
shocks to the global supply chain, from COVID to the Suez Canal
closure in 2024 to the latest Persian Gulf war. Companies with agile,
data-driven strategy processes transitioned operations almost
overnight, while others froze. Some retailers had AI-powered control
towers monitoring their supply chains. These systems gave them
real-time visibility as lockdowns began, AI highlighted which
distribution centers were at risk and which products were surging in
demand.

Businesses with such digital supply chain nerve centers incorporated
findings into daily forecasts and operational dashboards. They
rerouted shipments, found alternate suppliers, and avoided empty
shelves. Those able to respond to demand spikes in an agile manner
reaped significant rewards in market share during the crisis.
Companies stuck in static planning mode were often caught flat-
footed, unable to realign in time when conditions changed daily.

Adapting also means learning and evolving as you go. As your
company goes through real disruptions or executes strategic moves,
feed those results back into the AI models. If a particular scenario
started to unfold and you responded, analyze how well your
preparations worked. Did your forecast models accurately predict the
impact? Did your contingency plan hold up? Use those lessons to
refine future scenario assumptions or to train the AI on what
happened versus what it expected. Over time, this creates a virtuous
cycle: your strategic foresight becomes sharper, and your response
playbook becomes battle-tested.



To institutionalize adaptation, many firms now embed AI into
executive decision meetings. They might start with an AI briefing:
“Here are the latest trend shifts and scenario probability updates
since last month,” akin to a weather report for strategy. With that
context, leaders discuss strategic adjustments. Some organizations
have created dedicated strategy innovation teams that function like
an ongoing war room, constantly scanning and preparing responses.
The bottom line: adaptation turns scenario planning from a one-off
annual exercise into a continuous management practice.

The HorizonAI Framework (Observe, Attack, Orient, Adapt) offers a
framework for proactive, AI-powered scenario planning that will not
only make you and your organization more strategically agile but is
also a powerful proving ground for you and your team to understand
the power of AI. By systematically observing emerging signals,
fearlessly attacking your own assumptions, orienting your plans to
multiple possible futures, and continuously adapting as reality
unfolds, your organization moves from reaction to readiness.

AI is the enabler, not the replacement, for human strategic foresight.
The vision and judgment of leaders and strategists remain
irreplaceable. What AI does is extend our peripheral vision and
analytical reach. Think of it as adding a savvy co-pilot to the cockpit:
AI handles the heavy lifting of data crunching and pattern
recognition, presenting options and insights to human decision-
makers, while humans ask the right questions, make the hard
choices, and inspire organizations to move.
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Chapter 6
AI and Corporate Strategy: HealthCheckAI

“Excellence is never an accident. It is always the result of high
intention, sincere effort, and intelligent execution.”

—Aristotle

The tools that made companies great are starting to make them
fragile. Six Sigma, balanced scorecard, and process standardization
were built for a world of relative stability, where the goal was to
eliminate variation, lock in efficiency, and then scale. The age of “we
make it, you take it” is gone. Operational excellence still matters. But
what it means, and how you achieve it, has fundamentally changed.

By Chapter 6, we don’t have to remind you that AI is changing every
aspect of your business. Artificial intelligence transforms operational
excellence from a slow-moving quality-improvement initiative to a
continuous adaptive source of competitive advantage. This work
occurs through three fundamental shifts that only AI can enable at
scale. First, AI expands the scope of operational visibility from
sample-based to a comprehensive one. Where traditional approaches
might analyze 1–5% of customer service interactions or production
cycles, AI can process 100% in real time, identifying patterns
invisible to conventional analysis.1Second, AI accelerates the
feedback loop from retrospective to predictive. Instead of responding
to quality issues after they occur, AI can identify the patterns that
precede defects, enabling intervention before failure. Third, AI
transforms operational responses from standardized to
contextualized. Rather than applying one-size-fits-all solutions, AI
can recommend optimizations tailored to specific conditions,
customer segments, or market dynamics.

The result is an approach to operational excellence that improves
existing processes and continuously evolves them as conditions
change, thereby creating organizations that not only survive
disruption but foresee strategic operational opportunities.



Yet, while AI presents countless solutions to many of these
challenges, the modern executive faces a new paradox: even as AI
promises transformative operational gains, many organizations
struggle to realize its full value. To advance from simple AI pilot
projects to pervasive adoption, companies must bridge a widening
gap between AI’s capabilities and their organization’s culture and
processes. Consider that 90% of executives at major companies
report that people and process issues are the primary obstacles to
becoming data driven.2 In other words, the greatest challenge is not
building the AI; it’s getting your people to embrace it and your
operations to seamlessly integrate it.

This is why we created an organizational excellence tool called
HealthCheckAI. This approach turns the vision of maximizing the
use of AI in operations into reality by weaving AI into the fabric of an
organization’s culture and daily operations. This framework
transforms how organizations achieve operational excellence in
today’s uncertain business landscape. Instead of merely optimizing
for known variables, it builds adaptive capabilities that allow
companies to thrive amid constant change. This framework provides
C-suite executives with a practical roadmap for strategic AI
integration while cultivating the organizational culture needed to
support it.

Two caveats from the top. First, every organization’s industry
dynamics, organizational structure, use of technology, etc., are
different. Therefore, this tool is much more top-level, focusing on
guiding principles, milestones, and objectives. The second caveat is
that integrating AI into operational excellence does not falter
because of flawed algorithms but due to human factors. The pattern
is familiar: a company invests in a cutting-edge AI system, yet front-
line employees underutilize it or managers mistrust its
recommendations or the LLM’s data set is outdated…and the list
goes on.

Even the best AI operations strategy will underperform if the
organizational mindset and practices remain stuck in old paradigms.
A Boston Consulting Group study found that firms often underinvest
in “softer” success factors, such as change management, skills



development, and new operating models that actually “prove to be
the most critical success factors” for AI adoption.3

The Three Organs of HealthCheckAI
Most organizations still manage their operations like nineteenth-
century physicians diagnosed patients: relying on infrequent
assessments, limited data sampling, and reactive responses to
problems that have already emerged. HealthCheckAI functions more
like the human body’s own intelligence: constantly sensing, adapting,
and evolving without conscious effort (see Figure 6.1).
HealthCheckAI transforms organizational operations through three
fundamental capabilities to create “evolutionary intelligence.” First,
omnidirectional sensing establishes a comprehensive nervous
system that simultaneously perceives operational patterns across
multiple dimensions. Second, adaptive simulation serves as the
organization’s imagination, generating thousands of potential
scenarios to reveal hidden vulnerabilities and opportunities that
conventional planning would overlook. Finally, continuous
reconfiguration embeds adaptation into everyday operations,
enabling evolution through thousands of micro-adjustments rather
than occasional massive overhauls. HealthCheckAI creates and
maintains operational excellence through a three-phase approach
that builds cumulatively, with each phase establishing the foundation
for the next.



Figure 6.1 HealthCheckAI

Omnidirectional Sensing: Creating the Intelligent
Nervous System
The first phase establishes “omnidirectional sensing” (see Figure
6.2). This is an organizational nervous system that simultaneously
perceives operational patterns across multiple dimensions. Unlike
traditional measurement systems that track predefined metrics,
omnidirectional sensing captures the rich tapestry of interactions
that constitute operations: communication patterns between teams,
temporal relationships between processes, contextual factors
affecting performance, and emergent behaviors that don’t fit existing
categories.



Figure 6.2 HealthCheckAI: Omnidirectional Sensing

This sensing occurs across three levels of increasing sophistication:

Surface-level sensing captures direct operational metrics:
cycle times, defect rates, resource consumption, and output
quantities. While similar to traditional KPIs, AI enables these
metrics to be captured continuously across 100% of operations
rather than through sampling.

Relationship sensing identifies connections between
operational elements that may not be obvious: how changes in
one process affect seemingly unrelated areas, how
communication patterns correlate with performance outcomes,
or how temporal factors influence quality in ways not visible in
aggregate data.

Pattern sensing detects emerging dynamics before they
manifest in surface metrics: subtle shifts in customer behavior



that precede churn, micro-variations in production that precede
quality issues, or communication anomalies that signal
coordination problems.

In the healthcare sector, Duke University Hospital offers a great
example of “omnidirectional sensing” in action. Duke partnered with
GE Healthcare to deploy a real-time AI command center (called
Hospital Pulse) that monitors patient flow, bed availability, staffing,
and more across the entire hospital in real time. This AI-driven nerve
center gives leadership a continuous 360° view of operations above
and beyond traditional systems’ sampling or periodic reports. The
result: Duke gained actionable live insights (e.g., instantly spotting
an ER admissions surge or bottleneck) and achieved measurable
improvements. This results in a 6% boost in overall productivity, a
50% drop in temp labor needs, and a 66% faster bed assignment
process.4

Mastercard exemplifies this approach through its “Intelligence
Center,” which monitors more than 2.5 billion payment cards and 10
million merchant locations worldwide.5 Rather than merely tracking
fraud rates or transaction volumes, the system detected relationship
patterns between legitimate and fraudulent transactions and
identified changes in merchant interactions that signaled impending
abandonment. The system doesn’t just measure performance against
targets; it perceives the operational context in which performance
occurs, enabling responses tailored to specific situations rather than
generic best practices. The shift: from “Are we meeting our metrics?”
to “What patterns are emerging in our operational ecosystem?”

Adaptive Simulation: Creating the Organizational
Imagination
With comprehensive sensing established, the second phase develops
what we call adaptive simulation, or the organizational equivalent of
imagination (see Figure 6.3). This capability allows companies to
explore operational possibilities before committing resources, test
hypotheses without disrupting performance, and learn from virtual
failures without experiencing real ones. As discussed, traditional
scenario planning typically explores a handful of future states, often



biased toward expected outcomes. Adaptive simulation leverages AI
to generate thousands of potential scenarios, revealing unexpected
vulnerabilities, hidden opportunities, and nonobvious connections
that conventional planning would miss.

Figure 6.3 HealthCheckAI: Adaptive Simulation

This simulation capability operates at three levels of increasing
sophistication:

Component simulation tests how individual operational
elements might perform under various conditions: how a
particular process responds to volume changes, how a specific
algorithm handles edge cases, or how a team structure adapts to
different demands.

System simulation explores interactions between operational
components: how changes in one area ripple through others,



how resource allocations affect overall performance, or how
timing differences influence system-wide outcomes.

Evolution simulation models how operations might adapt
over time in response to changing conditions: how processes
learn from experience, how capabilities might develop or
degrade, or how operational patterns might self-organize in
unexpected ways.

A novel example of adaptive simulation comes from the
pharmaceutical industry. Gilead Sciences used an AI-driven launch
planning platform (Unipr AI) to virtually simulate and stress-test its
drug commercialization process before a new therapy’s approval. In
practice, the system ran predictive scenario planning models that
identified likely bottlenecks (e.g., distribution delays, payer coverage
issues) and suggested fixes before the launch. By leveraging AI to
explore countless “what-if” scenarios, Gilead’s team coordinated
every facet of the product launch (regulatory, supply chain,
marketing) for optimal readiness. This foresight paid off: when
approval came, they seamlessly filled the first prescriptions within
24 hours, wasting no time on avoidable glitches.6 In fact, Gilead cut
the typical time from FDA approval to revenue by more than 50%, as
the AI simulations had already prepared them for various
contingencies.

Microsoft Azure’s infrastructure operations demonstrate this
approach through what they call “Digital Twins for Operations.”
Before implementing any infrastructure changes, they create virtual
replicas of their data centers and simulate how proposed
modifications would perform across thousands of scenarios, from
standard operations to black swan events. When planning their
European expansion, they didn’t just model expected demand. They
also simulated how different architectural decisions would respond
to varied growth patterns, regulatory changes, sustainability
requirements, and geopolitical disruptions. This revealed
nonobvious vulnerabilities in what initially appeared to be the
optimal design, leading to a more resilient architecture that has
weathered multiple unexpected challenges.



The shift: from “How should we optimize for expected conditions?”
to “How will our operations perform across multiple possible
futures?”

Continuous Reconfiguration: Creating Operational
Evolvability
The third phase establishes “continuous reconfiguration” (see Figure
6.4). This is the capacity to evolve operations in response to changing
conditions not as a periodic redesign but as an ongoing capability.
Traditional operational excellence typically implements changes
through episodic initiatives. These are projects with defined
beginnings and ends. Continuous reconfiguration embeds adaptation
into everyday operations, creating systems that evolve through
thousands of micro-adjustments rather than occasional massive
overhauls.

Figure 6.4 HealthCheckAI: Continuous Reconfiguration



This reconfiguration capability operates at three levels of increasing
sophistication:

Parametric adaptation adjusts operational variables within
existing frameworks: reallocating resources, modifying decision
thresholds, or adjusting process parameters based on current
conditions.

Structural reconfiguration modifies how operational
components connect and interact: reorganizing workflows,
reassigning responsibilities, or redesigning information flows to
better match emerging requirements.

Capability evolution develops entirely new operational
capabilities or repurposes existing ones for emerging needs:
creating new processes, developing new skills, or establishing
new organizational structures in response to changing
conditions.

Consider how advanced manufacturers are using AI to build ultra-
flexible operations. In modern “smart factories,” AI and IoT systems
continuously analyze production data and can automatically adjust
everything from scheduling to equipment settings on the fly. In fact,
some leading manufacturers now let AI algorithms dynamically
reallocate resources and reconfigure assembly lines based on real-
time information rather than waiting for monthly process redesigns.
If demand shifts or a disruption strikes, AI can immediately suggest
(or implement) thousands of micro-adjustments rerouting tasks,
tweaking workflows, and even repurposing machines to optimize
productivity. A concrete example is Ocado’s automated warehouses:
fleets of robots, guided by AI, constantly adapt and optimize in real
time to handle fluctuating online grocery orders. The system might
rearrange picking sequences or deploy extra bots to a busy zone and
then scale back when volume eases, all without human
micromanagement. These under-the-radar cases show how
embedding AI-driven adaptability enables operations to evolve
continuously, not in occasional leaps, allowing companies to pivot
quickly and thrive amid change.

Siemens Digital Industries also demonstrates this approach in its
manufacturing operations. Rather than optimizing production lines



for maximum efficiency, they design for “adaptive production” and
manufacturing systems that continuously reconfigure based on
changing demands. Their AI-driven production scheduling doesn’t
just allocate resources efficiently; it experiments with alternative
configurations, learning which arrangements perform best under
different conditions. During the pandemic, this enabled them to
pivot from automotive components to ventilator parts within days.
This was a transformation that would have taken months under
traditional approaches.

The shift: from “How do we implement the optimal design?” to “How
do we create operations that continuously evolve toward excellence?”

Together, these capabilities shift the fundamental questions
organizations ask: from “Are we meeting our metrics?” to “What
patterns are emerging in our ecosystem?”; from optimization for
expected conditions to performance across multiple possible futures;
from implementing the optimal design to creating operations that
continuously evolve toward excellence. This isn’t merely another
analytics dashboard or strategic planning tool. HealthCheckAI can
serve as your organizational operating system, one that enables your
business to develop the same self-regulating Intelligence that has
allowed natural systems to thrive through billions of years of
unpredictable change.

The Four Domains of HealthCheckAI
Implementation
Successfully implementing HealthCheckAI requires more than
technology, it demands a fundamental shift in operational
philosophy grounded in four core principles.

Proactive Strategy, Not Passive Analysis
Traditional operational excellence relies predominantly on lagging
indicators, or metrics that reveal problems after they’ve affected
performance. HealthCheckAI reverses this relationship by creating
leading indicators through simulation, enabling intervention before
issues materialize. This proactive stance isn’t about predicting the



future with certainty but preparing for multiple futures
simultaneously. By running thousands of simulations across varying
conditions, organizations can identify which operational elements
remain robust across scenarios and which become vulnerabilities
under specific circumstances.

Cleveland Clinic illustrates this approach through what they call
anticipatory operations. Rather than reacting to capacity
constraints, their AI system continuously simulates patient flows,
procedure durations, staffing levels, and resource requirements
across thousands of potential scenarios. This allowed them to
identify nonobvious operational vulnerabilities before COVID-19 hit.
These are factors that wouldn’t have appeared problematic under
normal conditions but became critical during surge conditions. As a
result, they were able to reconfigure operations proactively,
maintaining critical services while many peer institutions struggled
to adapt.

The key question: “What operational configurations will prove robust
across the widest range of possible futures?”

Continuous Experimentation
Static operational models inevitably become obsolete as conditions
change. HealthCheckAI embeds continuous experimentation into
operational DNA, treating every activity as a production and learning
opportunity. This goes much further than traditional A/B testing or
pilot programs. It establishes what we call experimental operations,
or systems designed to continuously test hypotheses about
operational performance, automatically capturing insights and
incorporating them into future iterations.

Zara transformed fashion retail through continuous experimentation
in supply-chain management. Instead of relying on a fixed seasonal
production plan, Zara’s operations teams constantly run small-scale
tests of new clothing designs and merchandising layouts in select
stores. Each day, they analyze sales data, swiftly discontinuing items
that underperform and expanding those that resonate with
consumers. Zara conducts approximately 10,000 such design
experiments each year, leveraging real-time feedback to rapidly
adjust manufacturing and distribution decisions. When unexpected



disruptions occur, such as sudden shifts in consumer preference or
supply chain challenges, Zara’s experimental approach allows swift
pivots, ensuring consistent responsiveness and competitive
advantage in a volatile retail market.

The key question: “How do we design operations that learn
automatically from experience?”

Redundancy over Perfection
The pursuit of operational perfection often creates hidden fragilities
by eliminating margins for error, buffer capacities, and alternative
pathways. HealthCheckAI prioritizes deliberate redundancy that
builds on operational buffers and fail-safes that may appear
inefficient in stable conditions but prove invaluable during
disruption. This principle directly challenges the “lean” orthodoxy
that has dominated operational thinking for decades. Rather than
eliminating all slack, HealthCheckAI identifies where strategic
buffers create resilience without sacrificing essential efficiency.

As we saw in Chapter 5, Toyota, ironically, one of the originators of
lean manufacturing, demonstrated this principle during the 2011
Tohoku earthquake and again during the semiconductor shortage.
While competitors had optimized supply chains to minimize
inventory, Toyota maintained strategic buffer stocks of critical
components based on AI-driven risk assessments. Their system
didn’t just build generic buffers but targeted redundancies where
simulation indicated the highest vulnerability, a more nuanced
approach that balanced efficiency and resilience. This allowed them
to maintain production while competitors shut down assembly lines,
gaining market share during disruption.

The key question: “Where does strategic redundancy create
resilience that outweighs its efficiency cost?”

Human-AI Collaboration
The most sophisticated operational systems combine AI’s pattern
recognition capabilities with human judgment and creativity.
HealthCheckAI doesn’t replace human decision-making but
enhances it, creating interfaces where each party contributes their



unique strengths. Integrating human insights with AI-driven
analytics unlocks performance levels neither can achieve alone. AI
excels at systematically recognizing nuanced operational patterns,
rapidly testing hypotheses, and synthesizing vast data points focused
on tasks impractical or overwhelming for humans alone. However,
AI lacks contextual intuition, ethical judgment, and strategic vision.
Humans complement these limitations, guiding AI applications
toward relevant problems and interpreting AI-generated insights
within broader operational contexts. This partnership maximizes
efficiency, reduces errors, and enhances adaptability, leading to
sustainable operational excellence rather than temporary gains.

This collaboration takes three forms:

Augmented perception, where AI expands human awareness by
identifying patterns too subtle or complex for natural
observation

Expanded exploration, where AI tests possibilities much further
than what humans would typically consider, revealing
nonobvious options

Accelerated learning, where AI captures and synthesizes
operational experiences across the organization, preventing the
same mistakes from being repeated and successful innovations
from remaining isolated

At Memorial Sloan Kettering (MSK) Cancer Center and partnering
institutions, radiologists and AI systems collaborate to improve
breast cancer detection accuracy. Research published in the Lancet
Digital Health demonstrated that radiologists assisted by AI
detected breast cancer more successfully than either working alone,
with doctor-AI collaboration showing a 2.6% improvement in
detection rates while generating fewer false alarms compared to
physicians working independently.7 The AI system pre-screens
mammograms, flagging concerning patterns for radiologist review
while handling routine cases more efficiently.

As Dr. Larry Norton, Medical Director of MSK’s Evelyn H. Lauder
Breast Center, notes: “AI programs can look at mammograms and
identify areas that human radiologists may want to look at more



carefully,” though he emphasizes it’s “not going to replace a
radiologist.”8 MSK radiologist Dr. Katja Pinker further explains the
complementary relationship: “Because breast tumors can be
heterogeneous, meaning that not all parts of the tumor are the same,
a biopsy can’t always give us the full picture,” highlighting how AI-
enhanced imaging provides valuable contextual information well
ahead of what traditional methods capture alone.9

The key question: “How do we design interfaces where humans and
AI each contribute their unique strengths?” The four domains
establish the organizational conditions for success. What follows is
the operational sequence for building those conditions phase by
phase, capability by capability.



HealthCheckAI in Practice: A Phased
Sequence
For executives considering HealthCheckAI implementation, we
recommend a progressive approach that builds capability
incrementally while delivering value at each stage:

Phase 1: Establish the Foundation (Months 1–6)
Begin by building omnidirectional sensing capabilities in
one critical operational domain. This creates immediate
value through enhanced visibility while establishing the
foundation for more advanced capabilities:

1. Instrument critical processes with AI-enabled
sensing that capture outcomes and contextual factors
affecting performance.

2. Develop pattern libraries identifying the
relationship between operational variables and
performance outcomes.

3. Create real-time dashboards that visualize these
relationships in ways that inform operational decisions.

The goal in this phase isn’t perfect sensing but sufficient
visibility to reveal previously hidden patterns where we
generate insights while building the data foundation for
simulation.

Phase 2: Develop Simulation Capabilities (Months
4–12)
With basic sensing established, develop simulation
capabilities that allow exploration of operational
possibilities:

1. Build digital twins of critical operational components
calibrated against actual performance data.

2. Develop scenario libraries that reflect historical
variations and potential future conditions.



3. Create simulation interfaces that allow operational
leaders to explore “what if” questions about their
domains.

The goal isn’t to predict the future perfectly but to explore
operational possibilities more systematically while
identifying vulnerabilities and opportunities that wouldn’t
be visible through conventional analysis.

Phase 3: Enable Continuous Reconfiguration
(Months 9–18)
With simulation capabilities in place, establish mechanisms
for continuous operational reconfiguration:

1. Implement feedback loops that automatically
capture performance data and update operational
models.

2. Develop reconfiguration mechanisms that allow
rapid adaptation based on changing conditions.

3. Create learning systems that identify and
incorporate successful adaptations into future
operations.

The goal is operations that evolve continuously rather than
episodically adapting to changing conditions through
thousands of micro-adjustments rather than occasional
redesigns.

The HealthCheckAI Advantage
Organizations that successfully implement HealthCheckAI transform
operational excellence from a static achievement to a dynamic
capability, which we call operational evolvability. This capability
delivers three critical advantages. First, it creates resilience without
redundancy. The ability to withstand disruption without maintaining
excessive buffers. Organizations can build resilience in critical areas
while maintaining efficiency elsewhere by identifying precisely where
strategic redundancy matters most.



Second, it enables adaptation without disruption. By embedding
experimentation and reconfiguration into everyday work, leaders can
adjust ahead of market shifts rather than chase them. Third, it builds
intelligence, not just automation. AI is used not only to execute tasks
but to strengthen organizational learning. By capturing insights
across operations and simulating possible futures, it helps
organizations develop judgment that exceeds any one individual’s
experience.

In a business environment of volatility, uncertainty, complexity, and
ambiguity, operational excellence can no longer be defined by
efficiency alone. The most successful organizations will be those that
transform operations from optimized machines into adaptive
organisms; these are systems that don’t just perform well today but
evolve continually for tomorrow. HealthCheckAI provides the
framework for this transformation, allowing C-suite executives to
build operations that aren’t just excellent by current standards but
remain excellent as they become vital members of their company’s
future strategy.

HealthCheckAI gives the organization a nervous system, an
imagination, and the capacity to evolve. But there is one domain
where the stakes of getting this wrong are existential: finance and
risk. The principles are the same. The consequences are not. What
follows is HealthCheckAI’s logic applied to the domain where CFOs
and CROs work, where sensing must catch fraud before it
metastasizes, where simulation must stress-test the balance sheet
before the market does, and where reconfiguration means evolving
your risk posture in real time rather than updating a policy manual
once a year. This is where operational excellence meets
organizational survival.

AI-Driven Operational Excellence in Finance
In boardrooms today, two figures stand as the guardians of a
company’s organizational excellence and stability: the chief financial
officer (CFO) and the chief risk officer (CRO)—introduced in Chapter
2 as The Risk Guardians. Tasked with safeguarding financial health
and compliance, these “risk guardians” face evolving challenges.



Rapid market swings, mounting regulatory demands, and internal
control complexities test their vigilance. At the same time, AI has
burst onto the scene as a potential new source of risk. Now, a C-suite
CFO or CRO may not seem to be the first in line to adopt AI in their
operational practice, nor are they likely to be seen as kingpins in the
strategy development and execution activities of a firm. However,
with the proper and thoughtful incorporation of AI and the resultant
organizational changes, they are at the forefront of using AI as a
proactive risk mitigation and compliance tool and, moreover, as a
key player in a firm’s strategy.

Challenges Faced by Finance and Risk
Executives
CFOs and CROs have long been responsible for ensuring financial
stability, enforcing compliance, and maintaining risk controls across
the enterprise. Traditionally, CFOs worry about fundamentals like
economic volatility, liquidity, and accurate financial reporting. CROs
focus on mapping out all forms of enterprise risk, from credit and
market risks to operational and reputational risks, and keeping the
company within its risk appetite. Both roles contend with external
pressures such as uncertain economic conditions, fluctuating interest
rates, and cyber threats. Finance leaders’ top concerns range from
inflation and labor costs to cybersecurity and an uncertain interest-
rate environment. They must anticipate how geopolitical tensions or
regulatory changes could hit the balance sheet. Additionally, CFOs
are assuming an increasing responsibility for enterprise risk
management (ERM); 55% of CFOs report owning ERM within their
organizations, with risk-related duties expected to expand in scope.10

Maintaining compliance is another perennial challenge. CFOs/CROs
must ensure financial operations adhere to evolving laws (tax codes,
accounting standards, anti-fraud regulations) and that reporting is
transparent and accurate. Failure can mean heavy fines or
reputational damage. Yet traditional compliance processes are often
manual and labor-intensive. The amount of time spent on checking
transactions, auditing communications, and updating policies can
strain even well-resourced teams. It’s a delicate balancing act: CROs



today are expected to prevent losses and facilitate growth by taking
calculated risks. They must provide a credible challenge to the
business while encouraging profit and innovation. This dual mandate
has expanded the scope of “risk management” beyond finance into
conduct and ethics. As one risk executive observed, CRO focus has
shifted from just financial perils to conduct, reputational, and ethical
risks, with stakeholders demanding greater corporate integrity.

The rise of AI and other emerging technologies further complicates
the picture. AI introduces new opportunities and new risks for these
risk guardians. On the one hand, AI promises to crunch data at
superhuman speed, uncover patterns humans might miss, and
automate tedious control tasks. On the other hand, AI itself poses
novel challenges around data privacy, model bias, and transparency.
The CFO must worry not just about financial data but about who (or
what algorithm) has access to it and how it’s used. There’s also the
risk of erroneous or “black box” AI decisions: AI systems can
sometimes hallucinate.

Such errors could lead to compliance violations or faulty risk
assessments without proper oversight. In short, CFOs and CROs face
a dilemma. They must harness AI’s power to stay ahead of risks, even
as they extend their control frameworks to manage the new risks AI
itself brings. The following section proposes a way to resolve this
dilemma: a blended framework of AI-driven automation and human
oversight.

Adaptive Risk Intelligence Architecture
(ARIA)
If HealthCheckAI is the organization’s operating system for adaptive
excellence, ARIA is its financial immune system. The same three
capabilities—sensing, simulation, and reconfiguration—now operate
within the specific constraints of regulatory compliance, fiduciary
responsibility, and enterprise risk appetite. Omnidirectional sensing
becomes the AI sentry scanning transactions, communications, and
market signals for anomalies.



Adaptive simulation becomes the CFO’s scenario engine, modeling
how rate hikes, geopolitical shocks, or liquidity crunches will hit the
balance sheet before they arrive. Continuous reconfiguration
becomes a risk function that evolves its own controls—not through
annual policy reviews but through the same kind of ongoing micro-
adjustments that HealthCheckAI embeds across the broader
enterprise.

What makes ARIA distinct is its operating environment. Unlike
operational domains, where experimentation carries manageable
downsides, finance and risk operate under regulatory scrutiny, audit
requirements, and fiduciary obligations that demand a higher
standard of human oversight. ARIA inherits HealthCheckAI’s
architecture but adds a governance layer calibrated to those realities.

Organizations need a structured approach that combines AI
automation with human judgment to leverage AI effectively while
retaining control. We suggest an AI-powered risk management
framework that operates on two levels: (1) strengthening internal
defenses and (2) enhancing external awareness, all under careful
human oversight. This is the Adaptive Risk Intelligence Architecture
(ARIA).

Under ARIA, a company provides its CFO and CRO with AI sentries
that continuously monitor compliance, financial data, and market
conditions—issuing alerts and surfacing insights, but never replacing
human decision-makers. Like a fortress guard who sounds the alarm
but relies on the commander to direct the response, these sentries
extend human awareness without supplanting human judgment. C-
suite leaders value this collaboration: the framework guarantees no
threat goes unnoticed, yet no critical decision is made in isolation.
It’s a model of augmented intelligence where AI and human
expertise work together to form a stronger defense than either could
achieve alone.

The ARIA Framework is practical. CFOs and CROs can implement it
gradually, deploying AI tools in high-risk areas like fraud detection,
forecasting, and compliance checks, and integrating them into
existing risk processes. Over time, these tools become an extension
of the risk team. ARIA acts as a continuous audit, a predictive radar,
and a compliance copilot. Meanwhile, the framework’s governance



principles ensure this high-tech oversight aligns with the company’s
values and policies. It emphasizes transparency, so AI-driven
decisions can be explained, and accountability, so humans remain
responsible, not just the algorithms.

This gives boards and regulators confidence that the ARIA approach
doesn’t introduce unchecked risk but rather tames it. In an era where
risks evolve fast and information overload is a reality, the ARIA
Framework offers a way for organizations to stay one step ahead. It
empowers the CFO and CRO to transform their risk functions from
reactive gatekeepers to proactive strategy agents. With AI’s help,
compliance can become more assured, financial stability can be more
attainable, and risk management can be more dynamic. The
framework’s successes will be measured in fewer surprises, faster
decisions, and a stronger culture of compliance and risk-aware
innovation.

Business leaders adopting the ARIA framework send a clear
message: they are embracing the future of risk management. They
recognize that AI, when used wisely, is a game-changer, enabling
them to navigate complexity with greater confidence. Ultimately,
managing risk is about ensuring the organization can weather storms
and seize opportunities. By blending cutting-edge AI with seasoned
human judgment, the ARIA Framework equips companies to do
precisely that to guard against threats while boldly pursuing their
strategic goals. It is a fitting strategy for the modern era, where the
partnership of humans and AI becomes the ultimate guardian of
enterprise value.

Strengthening Internal Risk Defenses (AI + 
Human Oversight)
Internal risks include compliance failures, communication
breakdowns, and data integrity issues. AI can be an ever-vigilant
sentry, monitoring these risks in real time. For example, AI systems
can automate compliance monitoring by continuously scanning
financial transactions and employee communications for red flags.
CFOs are already leveraging such tools: AI-driven systems now
process vast amounts of transactional data to identify anomalies that



may signal fraud or security breaches. Unusual payments, access
attempts, or policy violations get flagged instantaneously. This
always-on monitoring means potential issues are caught early and
often before any damage is done. Crucially, alerts from AI are routed
to human experts for review and action, ensuring no machine-
generated false alarm leads to an improper decision. Companies
achieve both speed and accuracy by automating first-line detection
and using humans as validators.

Consider Behavox, a London-based AI company that helps
companies strengthen internal defenses by monitoring employee
communications for signs of misconduct or compliance risks. Its
platform uses machine learning to sift through chat, email, and voice
data to flag anomalies like damaging or inappropriate language,
which can signal rogue behavior. Rather than replacing human
judgment, Behavox augments it: AI-generated alerts are handed off
to compliance experts, who review and investigate the most critical
cases. This blend of AI vigilance with human oversight enables
organizations to catch insider threats or policy violations early while
ensuring that final decisions remain accountable to people.

As noted throughout this book, it is vital to use AI as a “copilot” role
where AI handles the heavy lifting, but “continued human review
and validation” is applied, especially for complex matters. Within
internal operations, the framework targets several key risk areas:

Regulatory Compliance
AI monitors transactions, accounting entries, and access logs against
regulations and internal policies. It can automatically check
hundreds of conditions, from loan compliance to expense policy
adherence. For instance, AI can continuously enforce loan agreement
covenants by running automated compliance checks and notifying
the team if conditions (like liquidity ratios) are breached. The
framework requires compliance officers and auditors to regularly
review AI findings, perform sample checks, and refine rules. This
human-in-the-loop approach prevents blind spots and addresses AI’s
occasional errors. In our framework, any critical compliance decision
flagged by AI is double-checked by a person.



Internal Communication and Conduct
Companies are deploying natural language processing (NLP) tools
that scan communications (within privacy and legal boundaries) for
signs of trouble. The AI might identify patterns suggesting collusion,
harassment, or sensitive data being shared improperly. For example,
artificial intelligence could flag an employee’s accidental email of
financial projections to an external address instantly. Our framework
uses AI as a watchdog on internal communications, but with human
oversight, compliance officers investigate alerts discreetly to
determine if there’s real misconduct or just a false alarm.

Data Integrity and Financial Controls
AI augments traditional controls by reconciling data and detecting
anomalies faster than manual processes. AI algorithms can
continuously audit entries in the general ledger, spotting duplicate
invoices, out-of-range values, or suspicious adjustments. This is akin
to having a tireless auditor checking transactions in the background.
The framework pairs these AI detections with human follow-up.
Finance staff receive anomaly reports, validate, and decide on
corrective steps. By analyzing massive data volumes, AI reduces the
risk of human error and helps humans focus on valid exceptions,
while humans ensure the AI’s outputs make sense in context.

Sharpening External Risk Radar (AI + Human
Strategy)
CFOs and CROs must also manage external risks, from market
volatility to shifting regulatory landscapes. Here, the framework
deploys AI as an intelligence-gathering and predictive tool, as
Prewave has done by offering an AI-driven “risk radar” that gives
firms early warning of external threats in their supply chain so they
can strategize responses. The platform continuously scans global
news reports and social media in 50+ languages to detect events or
trends that might disrupt suppliers. This ranges from natural
disasters to factory fires to labor strikes or new regulations. It
categorizes more than 150 types of supplier risks and sends timely



alerts to supply chain managers.11 Armed with these AI insights,
human teams can proactively adapt strategy, for example, by
sourcing from alternate suppliers or adjusting inventory long before
a brewing issue becomes a full-blown crisis.

Market and Financial Risk Analytics
AI excels at sifting through market data and finding patterns or early
warning signals. Machine learning models can predict financial
outcomes like cash flow or currency fluctuations. CFOs can feed in
internal and external data and have the AI model simulate “what if”
scenarios. Modern generative AI enables the precision modeling of
countless financial scenarios. For instance, an AI might generate
projections for how an interest rate hike or a supply chain disruption
could impact earnings, giving the CFO a head start in contingency
planning. The benefit is a more dynamic approach to external risk.
When AI signals a possible storm, the team can adjust hedges,
reallocate assets, or build buffers before the full impact hits. As
McKinsey notes, AI can help risk functions move from a reactive
stance to partnering with business units on strategic risk
prevention.12 Human oversight is key to avoiding overreliance on any
single model. Of course, risk committees should review AI-generated
forecasts critically and cross-check with qualitative and quantitative
insights.

Regulatory Monitoring and Compliance Adaptation
In our AI framework, a regulatory intelligence component uses NLP
to monitor news, government websites, and legal databases for
relevant changes. When it finds a change that affects the business, it
alerts the compliance team with a summary. Some leading banks use
Gen AI to create virtual experts that answer employees’ questions on
compliance and scan for emerging risks. The framework could
include an AI that flags a new regulation and suggests which policies
need updating in response. Compliance officers and legal counsel
remain in charge. Their charge is to verify the AI’s interpretation and
approve any policy changes. But AI reduces the lag between a rule
change and the company’s response, ensuring no regulatory shift
goes unnoticed.



Other External Threats
The framework can extend AI surveillance to other risk domains:
cybersecurity risks. AI can monitor threat intelligence and detect
cyber-attack patterns, climate, and ESG risks. AI models might
project the impact of extreme weather events on supply chains. By
combining internal and external data, AI can spot correlations
humans overlook. However, it’s not a crystal ball that will foresee
every black swan. The framework treats AI as an aid for scenario
planning and early warning, not a substitute for human analysis and
intuition.

Human Governance and Controls
Human oversight is woven in at every critical stage. AI provides
speed and pattern recognition, but humans provide contextual
understanding, ethical considerations, and accountability. Look at
TruEra, an innovative startup focusing on transparency and
accountability in AI-driven decisions through model explainability
and governance tools. Its platform lets organizations dissect and
audit their machine-learning models to understand why a decision
was made and to uncover any unintended bias. For instance,
Standard Chartered Bank used TruEra to vet its AI-powered credit
scoring models, improving their quality and trustworthiness by
identifying and eliminating unjust biases in the decision process.13

By making complex “black box” models interpretable, TruEra
ensures AI systems operate under effective human governance. C-
suite leaders can enforce fairness, document how AI decisions are
made, and confidently deploy AI in high-stakes areas under proper
controls.

Setting Clear Rules for AI Decisions
The framework defines which risk decisions can be automated and
which require human sign-off. For example, an AI model might
automatically block a transaction matching a known fraud pattern,
but any high-value anomaly is escalated to a person. The CFO and
CRO should approve these rules and update them as needed.



Ensuring Explainability and Transparency
To trust AI outputs, executives and regulators will ask, “Why did the
model flag this?” Our framework incorporates explainable AI (XAI)
tools to illuminate black-box models. For instance, if an AI flags an
expense report as fraudulent, XAI might highlight that it was
because the amount was outside the employee’s usual spending
pattern. CFOs should work with IT and data science teams to prefer
AI solutions that offer interpretability. Regular internal audit reviews
of AI outputs also help ensure AI models remain accurate and
aligned with policy.

Robust Data Controls and Security
Since AI will ingest sensitive data, strong data governance is non-
negotiable. CFOs and CIOs must enforce strict access controls to
protect confidentiality. If using third-party AI tools, safeguards
(encryption, anonymization, contracts restricting data use) need to
be in place so that no confidential information leaks. Additionally, as
AI could potentially generate realistic fake outputs, companies
should bolster verification steps for transactions and
communications.

Integrating AI into the ERM Framework
Leading practitioners advise embedding AI risk management into
the overall enterprise risk framework. This means the same risk
taxonomy, appetite, and reporting should incorporate AI-related
risks and AI-enabled controls. Companies ensure consistency and
avoid gaps by aligning AI initiatives with existing risk governance.
CFOs and CROs should champion a culture where AI is seen as a
powerful extension of the risk toolkit but always subject to the same
rigor of oversight and ethical standards. Implementation is
achievable with today’s technology. Companies can start with pilot
projects in high-value areas where AI solutions are mature. Early
successes build confidence and buy-in. The end state is a risk
management function where AI handles analytical lifting and routine
surveillance while humans focus on strategy, exceptions, and
decision-making, shifting from hindsight to foresight.



Current AI Tools and Technologies in Risk
Management
Many components of an AI-driven risk framework are already
available to CFOs and CROs, with tools rapidly moving from
experimental to operational:

Anomaly detection and fraud prevention: Machine
learning models learn standard patterns of transactions and
user behavior and then flag deviations. These systems
employ neural networks to catch subtle signals like dummy
vendors or transactions under approval limits. Modern ERP
software often includes built-in AI analytics for continuous
auditing, reducing detection time from months to minutes
and saving millions in prevented losses.

Financial forecasting and analytics: AI-powered
predictive analytics combine internal data (historical sales,
production) with external factors (market trends, economic
indicators) to produce more accurate forecasts. AI-driven
financial planning and analysis (FP&A) tools automatically
update projections as new data arrives and run simulations
to show potential outcomes with probabilities. Some
organizations report improved cash flow forecast accuracy
and better anticipation of liquidity needs.

Credit risk and underwriting models: Machine
learning assesses credit risk using hundreds of data points in
addition to traditional metrics. These models have
demonstrated the ability to expand credit access while
reducing default rates. Companies use similar approaches to
manage receivables risk, identifying which clients might
delay payments. The challenge remains to ensure fairness
and explainability to meet regulatory requirements.

Regulatory compliance monitoring: “RegTech” tools
track compliance requirements and detect breaches. Large
banks employ AI systems that analyze transactions and
communications for signs of money laundering or market



abuse. NLP scans legal documents to identify problematic
clauses, saving legal teams significant time. Standard
Chartered’s AI-powered compliance system reduced
breaches by 40% and enabled real-time transaction
surveillance.

Risk aggregation platforms: These systems consolidate
data from various risk silos to provide a coherent view. The
vision is an “AI-powered risk intelligence center” offering
automated reports, real-time dashboards, and policy
updates. Components include business intelligence tools
with AI capabilities, knowledge graphs mapping
relationships between risks, and virtual assistants that
answer risk queries in plain language.

The set of strategic capabilities for AI-driven risk management
is shifting from nice-to-haves to essentials. CFOs and CROs
should familiarize themselves with these technologies,
implement pilots where appropriate, and identify the gaps that
pose the biggest challenges in their specific contexts.

Implementing the ARIA Framework: A Step-
by-Step Guide for CFOs and CROs
CFOs and CROs can enhance risk management by integrating
artificial intelligence into their frameworks, but it must be done
thoughtfully. The ARIA Framework provides a practical approach to
leverage AI for risk management with strong human oversight. This
guide ensures AI augments compliance, fraud, and market risk
decision-making while risk experts retain control and accountability.

Step 1: Assessment and AI Readiness
Begin with a thorough assessment of your current risk management
capabilities and your organization’s AI readiness:

Existing risk processes: Review current frameworks,
policies, and tools. Identify gaps where AI could improve



efficiency or insight.

Data infrastructure: Ensure quality data and IT
infrastructure are in place. Robust data governance is a
prerequisite; poor data leads to flawed AI outcomes.

Governance and expertise: Assess if proper governance
structures and skills exist. Determine if teams are prepared to
oversee AI initiatives and establish clear oversight roles.

Risk appetite: Define your organization’s risk appetite for AI-
driven decisions. Align AI plans with strategic objectives and
acceptable risk levels, setting boundaries for AI in high-stakes
versus advisory roles.

By the end of this step, you should understand where AI fits into
your risk management and have the foundational elements ready for
deployment.

Step 2: Identifying Key Risk Areas
Map out the internal and external risk domains where AI can add the
most value:

Regulatory compliance: AI can track and analyze vast
regulatory data, scanning contracts and policies to flag
compliance issues and monitoring transactions and
communications for signs of noncompliance.

Fraud detection: A high-impact area for AI. Tools can spot
unusual patterns in financial transactions that humans might
miss, analyzing large datasets in real time to detect suspicious
activities and send instant alerts.

Market risk: AI-driven predictive analytics help anticipate
market shifts by continuously digesting economic indicators,
market news, and historical trends to warn of emerging risks
like sudden price swings or liquidity challenges.

Operational disruptions: AI strengthens operational risk
management by analyzing sensor data and performance metrics
to predict disruptions before they occur, forecasting supplier
failures or system downtime.



Each area should have defined risk indicators that AI will monitor.
Engaging business unit leaders ensures you capture both enterprise-
wide and niche operational risks.

Step 3: AI Deployment Strategy
Develop a strategy for introducing AI into your existing risk
management framework:

Start small: Begin with pilot projects in high-priority areas to
demonstrate value and learn lessons. Ensure each AI use case
aligns with business goals and overall risk strategy.

Regulatory compliance by design: Incorporate regulatory
requirements from the start. Work with compliance and legal
teams to interpret any industry-specific AI guidelines.

Integration into risk frameworks: Map how AI tools
integrate with existing processes. Specify how models retrain,
how results are reported upstream, and how they align with risk
escalation protocols.

Stakeholder buy-in: Communicate the AI strategy to board
members, executives, and business units to set expectations and
gain support for necessary investments.

By the end of this step, you should have a concrete implementation
plan that ties AI initiatives to risk management objectives while
meeting regulatory and organizational standards.

Step 4: Human-AI Collaboration Model
Establish a human-AI collaboration model that defines how AI and
risk teams interact:

Human in the loop: Maintain human oversight on all AI-
driven risk analyses, especially for high-impact decisions.
Experts should review AI outputs for context before actions are
taken.

Straightforward role assignment: Define which tasks are
automated and which require human judgment. Let AI handle



routine, data-heavy monitoring while humans address complex
risk decisions.

Decision augmentation: Position AI as decision support for
risk teams. AI provides risk scores and alerts, but human risk
managers interpret insights and decide on action plans.

Training and trust: Train staff to understand AI outputs so
they trust and effectively use these tools. Regular cross-team
meetings help address questions about AI behavior and ensure
alignment.

A balanced human-AI model leverages AI efficiency alongside
human critical thinking. With proper oversight, AI-driven insights
become actionable intelligence rather than black-box numbers,
leading to better risk decisions and adherence to the company’s risk
culture.

* * *

This chapter presents a single argument at two levels.
HealthCheckAI shifts operational excellence from a one-time
initiative to a continuous, adaptive capability that detects emerging
patterns across the entire ecosystem, runs thousands of simulations
before allocating resources, and self-adjusts through constant micro-
evolution instead of episodic overhauls. ARIA applies that same
framework to the high-stakes areas of finance and risk.

It enables CFOs and CROs to move from reactive gatekeeping to
strategic foresight—enhancing internal defenses, increasing external
awareness, and maintaining the human governance that regulators,
boards, and shareholders require. The two frameworks are not
separate strategies. They are the same intelligence operating at
different levels of the enterprise—one ensuring the organization
adapts, the other ensuring it adapts responsibly.

Together, they create something more powerful than either could
achieve alone. The result is a company that not only perceives
disruption but also adapts and grows through it, all while
safeguarding the financial integrity that drives ongoing development.
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Chapter 7
AI and Corporate Strategy: Beyond Blue
Ocean Framework

“Great things are not done by impulse, but by a series of small
things brought together.”

—Vincent van Gogh

AI Beyond Blue Ocean Framework
Every ambitious CEO dreams of finding the next untapped market.
Yet most never do. This is not for lack of ambition but because of a
deep-seated addiction to competition. For decades, executives have
fixated on rivals over customers, benchmarking, mimicking, and
fighting for incremental share in crowded markets. Now AI has
turbocharged that addiction. Armed with real-time competitive
intelligence and machine-speed analysis, firms are investing billions
not to see customers more clearly but to watch rivals more
obsessively. As analyst Scott Galloway has observed, companies treat
AI like Ozempic, a quick fix that promises transformation while
masking the underlying disorder.1 It is the fundamental disorder of
competition. As Blue Ocean Strategy co-author Renée Mauborgne
warns, “The more you look to the competition, the more you end up
looking like the competition.” AI hasn’t changed that dynamic. It has
simply made the echo chamber louder.

Machine intelligence is truly powerful. No serious executive disputes
that. The question isn’t whether to use it but how and where to apply
it. Targeting competitors, AI enables faster benchmarking, clearer
pattern recognition, and real-time monitoring of rival activities. It is
the most advanced red ocean tool ever created. When focusing on
customer frustrations, workarounds, and unspoken desires, it
transforms into something entirely different.

This distinction is everything. Most firms today are focusing their AI
investments in the wrong direction, not out of incompetence but out



of habit. Competitive intelligence is measurable, reportable, and
boardroom friendly. Customer discovery is messier, slower, and
harder to quantify. So organizations default to what AI does most
visibly well: watching rivals. The result is faster imitation, not
genuine innovation.

Breakthrough products and services have never come from watching
competitors. In decades of strategy and innovation work across
industries and continents, we have never witnessed a genuine Eureka
moment. What we have witnessed, repeatedly, is something quieter:
a leader who looked carefully at what customers were struggling
with, combined what was already obvious in new ways, and produced
something that made everyone ask the same question: why didn’t
anyone think of this before? That is not a data problem. It is a human
perspective-taking problem.

Blue Ocean Strategy provides the direction. Developed by W. Chan
Kim and Renée Mauborgne at INSEAD, it is a systematic framework
for shifting attention away from rivals and toward untapped market
demand by strategically recombining what an industry offers. When
AI is integrated with Blue Ocean principles, it stops being a
benchmarking accelerator and becomes a discovery engine. That is
the premise of our AI Beyond Blue Ocean (BBO) Framework.

Five AI-Powered Strategy Tools
Consider the five interdependent frameworks and methodologies.

AI-Enhanced “As Is” Strategy Canvas
The Strategy Canvas is Blue Ocean Strategy’s central diagnostic and
prescriptive tool: a deceivingly simple graph that captures an
industry’s current state of play. It maps the key factors of
competition on the horizontal axis and the offering level each
competitor delivers on the vertical axis. The “as is” strategy canvas
shows, in one chart, what you do, who you do it for, and how your
offering compares to rivals. It is your entire strategy in one image.

It exposes how similar most players look and highlights any gaps. As
Kim and Mauborgne describe it, the canvas lets you see “all the



factors an industry competes on and invests in, what buyers receive,
and what the strategic profiles of the major players are.” This “as is”
picture often reveals that competitors fight over the same metrics,
driving the industry into a bloody red ocean of marginal
differentiation.

Most companies use AI to track what rivals are doing. The “As Is”
Strategy Canvas redirects that energy toward something more
valuable: understanding where the entire industry has stopped
listening to customers (see Figure 7.1).

AI transforms the Strategy Canvas from a static snapshot into a
dynamic, data-driven diagnostic. Instead of depending on infrequent
market research and gut instincts, executives can use AI to monitor
the competitive landscape in real time. AI tools can analyze
competitor websites, product specifications, pricing, customer
reviews, and financial reports and then automatically display each
competitor’s value curve on the canvas. Additionally, AI can help you
investigate overlooked supply-side relationships with partners,
suppliers, and other key interactions that influence your offerings.
The result: an instant, real-time view of who offers what, at what
cost, and how customers perceive those offerings.



Figure 7.1 “As Is” Strategy Canvas: Overview

AI-driven sentiment analysis can mine thousands of customer
reviews and social posts to reveal which factors customers truly value
and where they express frustration. If all competitors invest heavily
in a factor that customers ignore, the AI-enhanced canvas flags it as a
candidate for elimination. If customers consistently complain about
something that nobody in the industry addresses, the canvas
highlights an unmet need that can be created or raised later in the
process.

Think of it as a market X-ray. The AI-enhanced canvas can reveal
that competitors’ offerings cluster around a few common value
dimensions, leaving others underserved. It can incorporate cost data
to show which features drive higher costs without matching buyer
value. This lets a leadership team spot where the industry’s
conventional wisdom may be wrong. Armed with this active
snapshot, strategists can chart a course away from the competition,
focusing their creativity on areas that could truly set them apart.

Dingo: Seeing What the Industry Could Not



Consider Dingo, a company we have worked with for years, using
Blue Ocean Strategy to create and capture new markets over two
decades. Founded in 1991 in Brisbane, Australia, Dingo began as a
three-person software provider in a hard-nosed, asset-intensive
business: mining. Their sole purpose was to monitor the oil quality of
mining equipment. Dingo is proof of concept. What they built with
data and discipline over two decades, the AI tools in this chapter can
now accelerate for any company willing to ask the same questions.

By the early 2000s, when we began working with Dingo, their model
was under siege. Competitors had replicated their software and
expertise, undercutting them on price. Margins eroded. Market share
slipped. The company that had pioneered a category was watching it
become a commodity. This is the pattern that traps most innovators:
build something new, watch the competition copy it, and find
yourself back in a red ocean fighting over the same shrinking pie.

In 2005, after reading Blue Ocean Strategy, CEO Paul Higgins
worked with his team to create their first market-creating strategic
move. The team recognized that an alternative industry, healthcare,
was shifting from reacting to ailments to managing health before a
crisis. Applying this insight, his team created TRAKKA, a remote oil
monitoring system that predicted future repair needs before
breakdowns occurred. This gave Dingo a major competitive
advantage and became the base for its future market-creating moves.
From its inception, Dingo identified a critical gap in heavy
equipment maintenance: the need for proactive, data-driven
solutions to prevent unplanned downtime. By focusing on predictive
maintenance, the company positioned itself ahead of industry trends,
offering clients the ability to anticipate equipment failures and
optimize maintenance schedules.

A few years later, when we began working directly with the Dingo
team, the competition had once again caught up. They had copied
Dingo’s remote monitoring model. Margins and market share were
under pressure again. This is the frustrating reality of innovation
without strategic repositioning: you can win a battle and still lose the
war. We began our work not by brainstorming or jumping into an
innovation process but by taking stock of Dingo’s current strategy
using the “As Is” Strategy Canvas.



We charted their offering into first principles: asset expertise, on-site
execution, mining experience, process expertise, real-time data,
response to customer needs, measurable cost savings. Dingo still had
an edge, but the competition was closing in fast. A traditional
strategy would dictate that Dingo should match the competition
point by point. But Blue Ocean Strategy aims to out-compete by
offering a better value proposition at lower cost, preferably by
creating an entirely new market.

Most revealing was what the “As Is” canvas exposed about Dingo’s
hidden strengths (see Figure 7.2). Mining firms were built like
mines: vertically siloed. Dingo, by contrast, operated as a horizontal
network across operations. Their real value was not just monitoring
oil quality. It was their knowledge of the multitude of
interconnections across the mining company’s entire value chain.
How to use this hidden strength? We launched an internal consulting
practice with their biggest client. Oil monitoring remained the red
thread, but Dingo would now help clients smooth out the horizontal
connections from raw metal ore to market.



Figure 7.2 “As Is” Strategy Canvas: Dingo

Buyer Experience Audit
Anyone who has been involved in a B2B transaction knows how
complicated and frustrating the process can be. Most of us walk away
feeling merely satisfied about the transaction. But what if we could
remove these pain points while reducing costs? The Buyer
Experience Audit (BEA), based on Blue Ocean Strategy’s Buyer
Experience Cycle/Buyer Utility Map, illuminates hidden sources of
value and cost reduction hiding in plain sight (see Figure 7.3). First,
it maps the breadth of the buyer experience cycle, which is almost
always wider than the narrow view held by most industries.



Figure 7.3 Buyer Experience Audit: Overview

Traditionally, companies take a narrow view of stakeholder
interactions across their value chain, ignoring knock-on effects.
Second, the BEA turns to the vertical relationships within each link
of the supply chain: the ancillary players we rarely see but our
colleagues, partners, and stakeholders must interact with to create
value. Quite often, when we raise value for one stakeholder, we
unwittingly create a pain point for another up or down the chain.
Companies focus on creating utility at one stage of the buyer’s
experience and neglect the remaining stages.

Competitive intelligence tells you what your rivals offer. The AI-
powered Buyer Experience Audit tells you what customers are
silently enduring, and most importantly, what noncustomers won’t
tolerate at all. This is incredibly important in markets where you
currently have no data, perspective, or understanding of those you
never thought of before. AI gives it to you in the blink of an eye.



This forces customers to accept, and pay for, a certain amount of
pain so they can get what they want. For noncustomers, the pain is
too great, so they turn to alternatives. Once we create the
architecture of the full buyer experience, we wind-tunnel each stage
with the relevant actors to identify where we are blocking utility.
These are based on six baseline utility levers:

Productivity: At what stage are the biggest blocks to customer
productivity?

Simplicity: At what stage are the biggest blocks to simplicity?

Convenience: At what stage are the biggest blocks to
convenience?

Risk: At what stage are we creating undue risks?

Fun & Image: At what stage are the biggest blocks to fun and
image?

Sustainability: At what stage are the biggest blocks to
environmental friendliness?

Think about the chemical industry. Companies with the most
efficient operations rarely include chemical firms. Consider the
complexity of a value chain extending from basic chemicals to
consumer products: the endless interactions, the number of
industries touched, the risks involved, the pain points created by
countless moving parts. The Buyer Experience Audit helps even the
most complicated supply chains see the full range of hidden friction
that detracts from buyer value.

Let’s review the BEA’s components. Along the horizontal axis: the
stages of the Buyer Experience Cycle. A buyer’s experience generally
breaks into six stages, running more or less sequentially from
purchase to disposal. In chemical production, for example: raw
material production, industry production, customer production, end
customer production, use, and end-of-life. Along the vertical axis are
the Six Utility Levers, the ways companies create utility for their
customers. Most are straightforward. Simplicity, fun and image, and
environmental friendliness need little explanation. Nor does the idea



that a product could reduce financial or physical risk. The most used
lever, and perhaps the least obvious, is customer productivity.

Dingo: Shifting the Lens
In developing the first round of a Buyer Experience Audit, the Dingo
team mapped out their buyer experience cycle from Need
Identification to End of Contract/Renewal. Here, they identified
well-known pain points that had become industry best practice,
though friction remained. But when the team shifted perspective
from “asset management” to their newfound role as “internal
consultant,” the pain points they had previously ignored revealed
themselves in multitudes.

The greatest blocks to utility were not within the narrow perspective
Dingo had previously brought to the industry. Headaches in
contracts. Difficulty communicating to nonengineers. Consider
Dingo’s BEA in Figure 7.4. Gaps in training. Cost savings reporting
that went nowhere. These problems stuck out like obvious targets
once the team shifted their perspective to, one could say, their
noncustomers. The pain points fell between lines of responsibility
across the highly siloed mining operation. Knowing that solving an
unarticulated pain point is the lowest-cost path to a new value
proposition, the team began addressing these friction points to
further widen their competitive advantage.



Figure 7.4 Dingo’s Buyer Experience Audit (2009)

With the BEA, you first look at the full buyer experience cycle, well
before and well after your direct interaction. Then, looking across the
six utility levers from many perspectives, identify where the process
blocks utility. Two questions: Where are the greatest blocks to utility
across the buyer experience cycle for your customers and
noncustomers? How can your offering effectively eliminate these
blocks? When your offering passes this test, you are ready for the
next step.

AI-Powered Six Paths Framework
AI trained on competitor data produces imitation more quickly. AI
trained on the Six Paths produces genuine discovery because it is
asking fundamentally different questions to fundamentally different
people.

When we observe anything in the world, from a leaf in the wind to a
car crash, we instinctively reach for six questions: Who? What?
Where? When? Why? How? Aristotle was the first to map the
circumstances of human observation in systematic terms. Rudyard
Kipling gave them their most memorable form: “I Keep Six Honest



Serving Men, and their names are What and Why and When and
How and Where and Who.” The 5Ws + 1H became the backbone of
journalism, investigation, and strategic inquiry for a reason. It is a
built-in mental framework that cuts through ambiguity and drives
rapid understanding. Applied to buyers, it surfaces the fundamental
elements of utility people seek, which often exist at a pre-cognitive
level, before desire hardens into a decision.

This is precisely why we don’t apply it to existing customers, but to
noncustomers. Customers, over time, become mirrors. They reflect
what we already offer and reinforce the value propositions we have
created with mirrored expectations. We lived with cans for 50 years
without a can opener. A small reminder of why customers are rarely
the source of true insight. Noncustomers sit outside this co-
dependent relationship. Their distance is the point. They provide the
level of abstraction needed to illuminate unarticulated demand.
These are the wants that no current product addresses. AI gives us an
unimaginable source of insight from noncustomers.

The questions are: Where do we compete? What do we offer? How
much? To whom? Why? When? We call these the Six Paths
Framework.

The Six Paths
The six paths are as follows:

Industries (Where). Firms ask who they compete against,
benchmark to competitors in the same industry, and seek to be
the best within it.

Strategic Groups (How Much). Within their industries,
firms ask what level of value they provide for a given price
(budget, economy, luxury) and seek to be the best within that
strategic group.

Chain of Buyers (Who). They ask who their key customer is.
Most businesses converge on a single buyer group: either the
purchaser (the parent in child medicine), the user (the child), or
the influencer (the doctor).



Scope of Offering (What). Companies ask how they
maximize utility at the moment of customer interaction, often
ignoring the complementary products or services necessary for
the buyer’s intended task.

Functional/Emotional Orientation (Why). Based on
history with buyers, firms cluster around an offering that is
either functional or emotional.

Time (When). Within their industries, firms share common
product lifecycle timelines, buyer experiences, and external
threats.

Now that we have broken our assumptions to fundamentals on both
the demand and supply side, how do we connect the right dots to
reconstruct a breakthrough value proposition? Just as a builder
needs scaffolding, our minds need support and constraint. Without
restrictions, our solutions default to what has worked in the past. But
when constraints are applied, we are liberated to think expansively
and connect dots across conventions and expectations. Enter the Six
Paths Framework (see Figure 7.5).



Figure 7.5 Dingo’s Six Paths Framework

The Six Paths Framework is the interface where the entire universe
of customers’ fundamental needs and desires meets suppliers’ ability
to deliver. The latticework where we connect the dots that power
innovation. By exploring these six paths, companies can discover
untapped pockets of demand and redefine market boundaries.

AI is a natural partner for the Six Paths because it can process vast,
diverse data sets far beyond human capacity. Consider the first path,
looking across alternative industries: AI can analyze consumer
behavior across categories to find common threads. An AI system
might analyze transportation data and discover that many
commuters alternate between driving and videoconferencing, an
insight that helped one carmaker realize they compete not just with
other cars but with Zoom calls. AI can cluster competitors by
features and price for the strategic groups path, revealing gaps,
perhaps an underserved middle market between high-end and
budget players.



Along the chain of buyers, AI can sift through social media and
forums to distinguish the sentiments of end users, purchasing
decision-makers, and key influencers. This could reveal that the
actual product user (say, nurses using a medical device) feels unmet
needs the purchaser (hospital administration) isn’t aware of, a
chance to reorient the offering. For complementary products and
services, AI can analyze purchase sequences to find pain points
before, during, or after use. AI also excels at parsing functional
versus emotional appeal by analyzing language across
advertisements, reviews, and support calls. And with trends over
time, AI can continuously monitor demographics, technology
adoption, and regulatory changes to spot nascent shifts in consumer
sentiment, the faint early signals humans might overlook.

In short, the AI-powered Six Paths Framework acts as a 360° radar
for hidden opportunities. It looks beyond the obvious. AI algorithms
comb through customer sentiments, competitor moves, and market
adjacencies to surface insights that answer the six paths questions.
The result is a set of unconventional opportunity areas that a human
team might never have considered. With AI, the search for blue
oceans becomes less about a eureka moment and more about
systematically uncovering patterns in the noise, the patterns that
reveal unmet needs and untapped demand ripe for growth.

Dingo: Finding the Next Frontier
When applying the Six Paths Framework to Dingo, we quickly found
two things: (1) unexplored industries where Dingo’s core
competencies could deliver value well above the current offering, and
(2) ways to learn from noncustomers and alternative industries to
improve Dingo’s value proposition. Using Path One (Alternative
Industries), we asked: given Dingo’s core competencies, what
industry requires 24/7 monitoring and maintenance based on the
monitoring of its lifeblood, oil? The military was our first thought.
But the costly procurement process and heavy-handed management
requirements didn’t fit Dingo’s culture. It was a dead end, and an
important one. Not every path leads somewhere useful. The
discipline is recognizing a mismatch early rather than forcing a fit.



So we combined Path One with Path Six (Time and Trends) to look at
emerging, growth-focused industries that could benefit from Dingo’s
value proposition to help shape a rapidly growing sector. After a few
weeks exploring noncustomers, the answer became clear: wind
power. Wind turbines, like mining equipment, depend on oil-based
systems that need constant monitoring. The fit was natural. The next
step was to identify a new value proposition that preserved Dingo’s
core mining business while earning the right to expand into wind
power asset management.

AI-Driven Eliminate-Reduce-Raise-Create (ERRC) Grid
Central to Blue Ocean Strategy is breaking the value-cost trade-off:
pursuing differentiation and low cost simultaneously. The ERRC
Grid ensures that we drive down costs by eliminating and reducing
competitive factors that the industry invests in but that do not add
significant buyer value. And it ensures we raise buyer value well
above the industry standard by reconstructing industry boundaries
to raise and create new factors. Competitor benchmarking tells you
what everyone else values. The ERRC Grid asks whether any of it is
actually worth keeping.

The actions of eliminating and reducing are especially important.
They push companies beyond value maximization exercises with
existing factors. Eliminating and reducing prompt companies to
change the factors themselves, making existing competitive rules
irrelevant. When you apply the ERRC Grid to the Strategy Canvas,
you get a revealing new look at old perceived truths, creating new
market realities that raise value while cutting costs. The ERRC Grid
pushes you to ask all four questions and act on all four to create a
new “To Be” value curve.

In short, the Grid asks: What factors can we eliminate? What can we
reduce? What should we raise above the standard? And what can we
create that the industry has never offered?

Integrating AI into the ERRC Grid sharpens the quality of every
answer. AI can identify which factors are prime candidates for
elimination or reduction. Machine learning can analyze customer
usage data and feedback to find features people rarely use or don’t
value. If analytics show that 80% of customers never use half the



buttons on their microwave, those features could be eliminated or
streamlined. AI can also benchmark industry cost drivers by
analyzing financial statements across competitors, revealing
processes that add cost without adding value. By spotlighting
needless complexity, AI helps companies cut costs with confidence.

On the raise and create side, AI highlights where to deliver new
value. Through ethnographic research, sentiment analysis and voice-
of-customer data, AI can pinpoint unmet needs. An AI system might
analyze millions of beauty product reviews and find that consumers
consistently want personalized skincare, even though no brand offers
it at scale. That insight could lead a cosmetics CEO to create a new
personalized product line. Or consider an industrial equipment firm:
AI analysis of maintenance logs might reveal that customers care far
more about uptime and rapid repair than purchase price. That
signals the company to dramatically raise service responsiveness,
even if it means a higher initial cost. The company delivers outsized
value on what matters most while trimming costs elsewhere to offset.

The AI-driven ERRC grid provides a fact base for the four actions. It
can supply a ranked list of features that could be eliminated with
minimal customer backlash or identify legacy processes that add
expense without adding value. It can simulate cost savings by
eliminating certain factors, helping to quantify the impact.
Simultaneously, it can mine consumer data to suggest entirely new
value factors, offerings competitors aren’t providing, but customers
would welcome.

By iterating through the Eliminate-Reduce-Raise-Create questions
using AI insights, strategists can design a “To Be” value curve that
differs dramatically from the status quo while remaining grounded in
what the market will reward. The result: a strategy that breaks away
from competition on both dimensions, offering a leap in value to
buyers and a lower cost structure to the company. AI turbocharges
the creativity of the ERRC Grid with data-driven validation, ensuring
the bold moves chosen truly align with eliminating waste and adding
customer value in equal measure. The Dingo ERRC Grid set the
company on a path for continued market-creating moves (see Figure
7.6).



Dingo: Rebuilding Their “To Be” Strategy
Based on their Blue Ocean insights, Dingo retooled its value
proposition and strategic focus around several key areas. By offering
remote asset health centers and dedicated support teams, the
company ensured that clients received timely insights regardless of
geographic location. At the core of Dingo’s operations was a data-
driven culture that used AI-based machine learning algorithms and
advanced analytics to refine its predictive models, improving
accuracy and utility across industries. Specifically, Dingo rebuilt its
value proposition around several moves:

Figure 7.6 ERRC Grid: Dingo

Mine-level results, guaranteed value: Dingo shifted from a
maintenance-focused to a production-and-cost-focused value
proposition. They began delivering measurable financial value



(cost per unit) to their mining clients’ C-suites, pulling multiple
levers on both sides of the income statement rather than being
limited to the single lever of component costs.

Experts in the field, from the boardroom to the break
room: Dingo realized customers valued independent expertise,
focused data and research (“tell me something I don’t know”),
and access to expertise at the mine site. The focus became being
world experts in technology-enabled business systems that turn
oil analysis data into business results, bridging the gap from the
boardroom to the breakroom.

Guarantee value: Understanding that change is risky for
customers and that noncustomers are willing to pay to avoid
risk, Dingo developed guarantees to reduce customer risk and
improve sales conversion. They also offered pilot programs so
clients could see value at their own site with low exposure. A
guarantee positioned Dingo as a confident partner to the C-
suite, not just another asset management firm.

Ease of use: Recognizing the complexity of industry processes
and pain points left to the customer, Dingo focused on making
complete, turnkey solutions that drive value and are easy to
purchase and use.

Get it done, have some fun!: Dingo identified that the
condition-monitoring industry is often perceived as boring,
intimidating, and emotionless. They aimed to create a sense of
achievement, fun, and emotion for employees, customers, and
suppliers, drawing on their Australian and American roots.

Specifically:

Eliminate: Multi-condition, multi-industry offerings. Ad hoc
customization.

Reduce: Range of services.

Raise: Price, ease of use, process expertise, site-wide
measurable value.

Create: “Z Risk” (Zero Risk), fun and emotion, Dingo
University.



Today Dingo monitors wind turbine health data for top renewable
energy companies across North America to prevent unplanned
failures and maximize productivity. Their rules-based predictive
analytics engine and proprietary turbine health database cover more
than 25 GW of wind turbine capacity across 24 U.S. states and 10
Canadian provinces. They provide extensive benchmarking data on
how to improve client energy output based on a global asset health
database of more than 10,000 wind turbines. To date, Dingo has
reduced industry downtime by 30%, leading to tens of millions of
dollars in savings.2

They have maintained leadership in the mining industry and
continue to be recognized as a world leader in predictive
maintenance solutions. As Dingo moved forward in recent years,
they looked back in time to explore established yet underserved
industries where they could apply their core and growing
competencies. With years of experience working across silos in the
mining and wind power industries, Dingo offered a monitoring,
consulting, and maintenance value proposition to the rail industry
that it had never seen.

By shifting their focus from simple oil monitoring to a
comprehensive preventative maintenance solution, they have
become a world leader across mining, wind, oil and gas, rail, and
defense. Today, Dingo serves clients across six continents, with $18
billion in equipment under management. It has saved companies
more than $1 billion in maintenance and replacement costs, with
typical payback greater than 3:1 within 12 months.3

“To Be” Strategy Canvas with AI Validation
Once a team has generated a promising new strategic direction, the
final step is to visualize and validate it before execution. In Blue
Ocean Strategy, this is the “To Be” Strategy Canvas: a new value
curve showing how the company will diverge from competition by
eliminating some factors, reducing others, and raising or creating
new ones (see Figure 7.7). This future canvas is the strategic vision of
the new market space.

The final test of any new strategic move is not whether it beats the
competition. From a strategic perspective, it is whether the market



will come to it. AI validates that question before resources are
committed. Even a brilliant strategy on paper carries uncertainty.
How will the market react? Will customers embrace this new value
proposition? Will competitors retaliate? This is where AI can play a
transformative role, acting as a high-powered wind tunnel to stress-
test the strategy before real resources are committed.

AI-driven simulation can project market demand for a new service at
different price points, drawing on historical adoption curves and
consumer demographics. It can model competitor behavior by
ingesting data on how incumbents responded to previous disruptors,
predicting whether they might drop prices, seek to imitate, or ignore
the move entirely. It can estimate stakeholder reactions by analyzing
news and social media to predict how customers or partners might
respond to a radical new offering.

Figure 7.7 Dingo “To Be” Strategy Canvas

Artificial intelligence can also create thousands of hypothetical
customer personas and have them “respond” to the new value



proposition based on known preferences. While no replacement for
real market tests, this can surface obvious objections or identify
which segments will likely be early adopters. AI-powered agents can
run millions of simulations, varying features, pricing, and messaging,
to seek an optimal combination that maximizes projected uptake.

As with all of the Frameworks presented in the book, think of the
Beyond Blue Ocean Framework as a strategic flight simulator. It
allows a company to pilot its new plane in virtual skies, make
adjustments, and build confidence before launching into new
markets. Using AI as a “simulator” enables strategists to model
multiple market scenarios and stress-test strategies, adding more
rigor to decisions before they become difficult to reverse.

AI can also help refine strategy execution. Natural language AI can
draft A/B tests for different marketing narratives to see which
resonates best with target customers. It can identify leading
indicators to monitor once the strategy launches, the data to watch in
the first 90 days to confirm that new market creation is on track. All
this amounts to de-risking innovation. By validating the “To Be”
Strategy Canvas with AI, leaders can proceed with a new growth
move knowing they have data-driven evidence on how the market
might respond.

* * *

The five AI-powered tools described—the Strategy Canvas, the Buyer
Experience Audit, the Six Paths Framework, the ERRC Grid, and the
“To Be” Canvas—form a single integrated framework for growth-
oriented leaders. We call it the Beyond Blue Ocean Framework
because: “Beyond” signifies AI’s new learning and data-driven
insights. “Blue Ocean” evokes the open, clear path to new market
spaces.

Under this framework, executives still supply the vision, curiosity,
and creative judgment. AI is the intelligent partner throughout. The
AI-driven “As Is” Strategy Canvas provided a rigorous reality check
on the status quo, and the Buyer Experience Audit illuminated
hidden pain points. AI explorations across the six paths spark
creative ideas grounded in evidence. AI analytics inform which
insights will simultaneously raise buyer value at a lower cost. And AI



simulations validate the strategy before the portfolio of strategic
options is chosen.

The Beyond Blue Ocean Framework combines human strategic
thinking with machine intelligence to systematically find and capture
new markets. It helps leaders grow organically, not by competing
directly, but by creating new markets, with AI guiding them to
uncover hidden markets. Embracing this framework can help
companies break free from incrementalism and unlock the
innovative potential that today’s technology affords, steering the
enterprise toward new horizons of profitable growth.

One of the authors worked with the Dingo team for more than 10
years. One of the authors was in the room in Brisbane when the
competition was copying everything they built and margins were
collapsing. Paul and his team resisted the instinct to fight back on
price and choose instead to ask a different question: who isn’t our
customer, and why not? That single shift in perspective away from
rivals and toward unexplored demand is what set everything in
motion.

Not a sweeping moon shot or reinvention, but a disciplined, step-by-
step application of the tools described in this chapter.

The Strategy Canvas revealed Dingo’s core competencies. The Buyer
Experience Audit surfaced what customers and noncustomers found
painful. The Six Paths opened value propositions they had never
considered. The ERRC Grid rebuilt its value proposition from the
ground up. The “To Be” Strategy Canvas ensured their offerings
created higher value at a lower cost. The process gave them the
confidence to place the bet.

Three people in Brisbane monitoring oil samples became a global
leader in predictive maintenance. We’ve worked with some of the
world’s leading companies at the intersection of AI and strategy, and
the Beyond Blue Ocean approach has proven to be a consistent,
practical and boundary-pushing methodology for creating new
markets using artificial intelligence.

Notes
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Part III
Leading the AI-Powered
Organization



Chapter 8
What to Know About AI

“There is an aspect of this which all of us in the field call a black
box. You don’t fully tell why it said this or why it got it wrong.
We have some ideas, and our ability to understand this gets
better over time, but that’s where the state of the art is.”

—Sundar Pichai, CEO Google

During the Industrial Revolution, as eighteenth-century Britain
shifted from an agricultural to an industrial society, workers left the
fresh air and seasonal rhythms of farm life for dimly lit factories
filled with the constant clamor of machinery. To ease the transition,
factory executives invented the gin trolley. Every other hour, a cart
rolled up and down the factory lines, distributing the cheap, potent
spirit and offering workers some liquid detachment from the mind-
numbing repetition of spinning cotton and forging metal.

Today’s executives face a similarly disorienting shift (see Figure 8.1).
AI promises significant increases in efficiency and insight but also
brings uncertainty and disruption. The temptation to seek quick fixes
or superficial engagement, akin to the fleeting comfort of the gin
trolley, risks distracting leaders from the deeper transformations
required to harness AI’s full potential. As industrial workers
ultimately adapted by developing new skills and mindsets, today’s
executives must embrace comprehensive change: a willingness to
continuously learn, rethink organizational models, and fully
integrate AI into their strategic decisions.



Figure 8.1 The new gin trolley

Executives and Technology: What You Need,
and Don’t Need, to Know
Throughout history, executives leading major technological changes
have often lacked in-depth expertise in the innovations shaping their
industries. Henry Ford didn’t revolutionize automobile
manufacturing because he was the most talented engineer; his genius
was in understanding the social impact of mass production. Thomas
Watson Sr. didn’t invent computing technology, but under his
leadership IBM became a pioneering force because he understood
that businesses would depend on technology to operate more
efficiently. Steve Jobs could not write a line of code. His influence
came from seeing technology through the eyes of consumers. Jack
Welch led GE across nuclear power, aviation engines, and medical
imaging without being a nuclear physicist or aerospace engineer. His



effectiveness came from assembling top talent, asking incisive
questions, and cultivating a performance-driven culture.

The pattern is consistent across every major technological shift: the
executives who led transformation understood what the technology
could do for their strategy, their customers, and their competitive
position. They did not understand how it worked at the engineering
level. They did not need to.

Today, executives stand at another inflection point with artificial
intelligence. But the timeframe for change is months instead of
decades. Most profoundly, AI is changing the very nature of human
intelligence, which has not changed since the Upper Paleolithic
Revolution some 50,000 to 70,000 years ago. AI is reshaping every
facet of business: operational efficiency, customer experience,
product innovation, and strategic forecasting. At the top level, we
must ask: should executives know anything about AI, or is it just
another commodity that drives business, like the steam engine,
electricity, the computer or the Internet?

The historical record provides clear guidance. The imperative is not
deep technical fluency but a robust conceptual understanding
combined with strategic insight. C-suite executives must grasp AI’s
possibilities, limitations, ethical dimensions, and business
implications. They must cultivate sufficient familiarity with
fundamental concepts such as machine learning, deep learning, and
neural networks to evaluate decisions, identify opportunities, and
understand risks. But their primary role remains strategic. As
discussed in earlier chapters, today’s executives must nurture
organizational cultures that embrace experimentation, openness,
learning, and comfort under uncertainty.

There is, however, an entire industry built on making executives feel
inadequate about AI. Conferences sell the fear. Consultants monetize
the gap. Every quarter brings another survey showing that C-suite
leaders lack sufficient AI knowledge, followed by an offer to fix the
problem through certification programs, boot camps, and technical
deep-dives that have no bearing on how you actually make decisions.

Ignore most of it.



You do not need to understand transformer architecture. You do not
need to know how attention mechanisms work. You do not need to
learn Python, or any other programming language. You do not need
to grasp the mathematics of gradient descent, backpropagation, or
stochastic optimization. You do not need to be able to explain how a
large language model generates text, beyond the fact that it predicts
the next word based on patterns in its training data.

None of this knowledge will help you decide whether to invest in an
AI-driven supply chain, restructure your customer service operation,
or enter a new market using capabilities that did not exist three years
ago. It will not make you better at asking the right questions of your
technical teams. It will not improve a single strategic judgment you
make.

What you do need is a clear mental model of AI’s capabilities and
limitations, which we will cover in the next section. You need to
know enough to recognize when your team is overselling, when a
vendor is underdelivering, and when a competitor’s AI
announcement is substance versus theater. You need to understand
the ethical and reputational dimensions well enough to make
governance decisions rather than delegating them. You need to be
fluent in the strategic questions, not the technical answers.

Think of it as the difference between a pilot and an aerospace
engineer. Both are essential. Their knowledge overlaps at a few
critical points. But no one asks a pilot to design a jet engine, and no
one asks an engineer to land a plane in a crosswind. Your job is to fly
the aircraft. Know the instruments. Trust the engineers. Do not try to
become one.

C-Suite Leaders: What Executives Need to
Know and See
To restate the question, if AI is poised to reshape the business
landscape, the next question is: how much do C-suite executives
need to know?

A recent McKinsey survey found that 75% of executives believe AI is
critical to their company’s future success.1 Yet fewer than one-third



felt they possessed adequate knowledge to lead AI-driven initiatives
effectively.2 Even more striking, a 2025 Cisco study found that 97%
of CEOs plan to integrate AI, but just 1.2% describe themselves as
“fully prepared.”3

This gap between ambition and readiness is not abstract. It has real
consequences.

Consider Jamie Dimon, CEO of JPMorgan Chase. Dimon is famously
candid about the limitations of his AI expertise. He admitted in a
CNBC interview, “I don’t know how to code; I don’t fully understand
machine learning algorithms, but I do know we have to get AI
right.”4 Dimon illustrates that leaders need, at a baseline, to
understand the strategic significance of transformative technologies
while leaving the tactical details to specialized teams. Similarly, Satya
Nadella, CEO of Microsoft, argues that AI proficiency for executives
does not mean deep technical mastery. Leaders must have “enough
fluency in AI concepts to guide strategy, ask intelligent questions,
and ensure ethical application.”

But this does not mean the C-suite can delegate its AI knowledge
entirely. CEOs who once saw AI as a responsibility for technical
teams now recognize that strategic oversight requires personal
understanding. This realization often stems from painful experience.
Under former CEO Jeff Immelt, GE made a massive, multibillion-
dollar bet on digital transformation through AI and IoT, branded as
Predix. Immelt acknowledged later: “This is something I got wrong. I
thought it was all about technology. I thought if we hired a couple
thousand technology people, if we upgraded our software, things like
that, that was it. I was wrong.”5 GE’s Predix was not a technology
failure. It was a strategic one. Leadership treated digital
transformation as a bolt-on initiative rather than an organizational
reinvention.

The C-suite also believes its employees should know more. One study
shows that 87% of CEOs now see broad AI literacy across their
organization as essential, up from just 54% in 2021.6 JPMorgan
Chase announced in early 2025 that every employee will undergo
mandatory AI literacy training.7 Similar initiatives are underway at



Unilever, L’Oreal, and BMW, each emphasizing that AI literacy is as
fundamental as digital literacy was two decades ago.

So, what exactly should executives know about AI?

First, they should understand the boundaries of AI capabilities. What
can AI safely do automatically? What tasks require human
partnership? What tasks are off-limits? AI can dramatically improve
efficiency, automate routine tasks, provide predictive insights, and
enable personalized customer experiences. It cannot replace nuanced
human judgment, empathy, or creativity—at least not yet.

Second, executives must grasp the ethical and reputational
dimensions. Decisions around data privacy, algorithmic bias, and
transparency are not technical checkboxes but strategic and values-
driven choices. As Tim Cook, CEO of Apple, puts it: “AI is the most
powerful technology of our time, and the biggest risks aren’t
technical; they’re ethical.”8 Amazon learned this the hard way when
its automated recruiting system, trained on a decade of hiring data,
systematically discriminated against women. The algorithm
penalized résumés containing words like “women’s” and downgraded
graduates from women’s colleges. Amazon scrapped the entire
system.9

Third, leaders should understand the strategic questions AI raises.
They do not need technical mastery, but they must be fluent enough
to ask: How will AI affect our competitive advantage? Which aspects
of our business will AI disrupt? How can we leverage AI to innovate
faster or deepen customer relationships?

The knowledge gap is real but bridgeable. AI’s future is not about
becoming a coder. It is about becoming conversant with the
technology to ask the right questions, provide strategic direction, and
inspire confidence across organizations.

What Do We Know? What Do We Not Know?
The key question we face is: what should C-suite executives know
about this incredibly fast-moving, somewhat mysterious technology
whose future trajectory remains fuzzy? Let us return to February
2002. At a Department of Defense news briefing, Donald Rumsfeld



delivered what would become one of the most enduring taxonomies
of knowledge and uncertainty in modern discourse:

“There are known knowns; there are things we know we know. We
also know there are known unknowns; that is to say, we know
there are some things we do not know. But there are also
unknowns…the ones we don’t know, we don’t know.”

Initially mocked as bureaucratic doublespeak, Rumsfeld’s framework
has since been recognized as a surprisingly robust tool for navigating
uncertainty—and an instrumental rubric for structuring what we
should know today and over the horizon.

Known knowns: Established AI realities. The demonstrated
effectiveness of machine learning in pattern recognition, the
data-hungry nature of current AI systems, and the genuine
competitive advantages accruing to early, thoughtful adopters.
Executives who ground decisions in these known knowns avoid
both excessive skepticism and unwarranted enthusiasm. These
are the AI capabilities we fully understand and have widely
implemented, and they are the focus of this chapter.

Known unknowns: The acknowledged questions. How
quickly will generative AI capabilities advance? What will the
regulatory environment look like? Will AI primarily entrench
existing market leaders or enable disruptive new entrants?
Sophisticated executives structure these uncertainties through
scenario-planning and monitoring frameworks.

Unknown unknowns: Preparing for the unexpected. Systems
with emergent capabilities might create entirely new product
categories. Business models predicated on human-performed
tasks might face unexpected obsolescence. Mechanisms to
remain vigilant include creating cross-functional expertise
networks, building horizon-scanning capabilities, and
maintaining organizational agility.

The rest of this chapter will focus precisely on what falls inside your
cockpit. Let us begin with a short history of artificial intelligence.



A Short History of Artificial Intelligence
The launch of ChatGPT in November 2022 seemed like a shot in the
dark for most observers. But the history of AI goes back to the
middle of the last century. Some might say it started in 1950 when
Alan Turing created the Turing test. Six years later, John McCarthy
coined the term artificial intelligence because, as he explained, the
subject was “so new to the human imagination” that they needed a
way to describe it. Periods of hype followed by disappointment
(known as “AI winters”) slowed progress in the 1970s and 1980s.

The modern AI renaissance began around 2012, triggered by three
converging factors: exponential growth in computing power, the
explosion of available digital data, and breakthroughs in machine
learning algorithms. From there, progress accelerated: DeepMind’s
AlphaGo defeating the world Go champion in 2016, and OpenAI’s
release of ChatGPT in 2022.

What seemed like an overnight revolution was the culmination of
decades of research combined with three independent developments:

Data availability: Businesses and consumers generate vast
amounts of data every second, providing the raw material to
train powerful AI models.

Computing power: Breakthroughs in cloud computing,
affordable high-performance GPUs, and specialized AI chips
unlocked AI’s potential.

Algorithmic breakthroughs: Researchers developed new
algorithms in natural language understanding, complex pattern
detection, and deep learning that can efficiently learn from
massive datasets.

Understanding Artificial Intelligence as a
Living System
Throughout history, humans have drawn inspiration from the
biological world to conceptualize machines. We use biocentrism to



understand the artificial through the natural lens. The same holds for
explaining AI in business.

At its core, modern AI relies on two elements: data and algorithms
(see Figure 8.2).

Data is the lifeblood of AI systems. Unlike traditional software that
operates on explicit rules, AI systems learn from examples. Data
quality, quantity, and relevance directly impact performance. This
explains why companies with vast data repositories—Google, Meta,
Amazon—have become AI powerhouses. For executives, the shift is
clear: your organization’s data is not merely a byproduct of
operations but a strategic asset that fuels competitive advantage.

Figure 8.2 Conventional AI

Algorithms are the mathematical procedures that enable machines to
learn from data. They detect patterns, make predictions, and



continuously improve with experience. If data is the blood,
algorithms are the heart and arteries. While executives do not need
to understand the mathematics, recognizing different capabilities
and limitations is essential for making informed strategic decisions.

The Circulatory System of AI: Data
Collection, Flow, and Utilization
Like blood in the human body, data must be collected, purified,
distributed, and converted into energy that powers the organization.
The quality of an AI system’s output is directly tied to the data it is
trained on. In simple terms, better data beats better algorithms. A
mediocre algorithm fed vast amounts of relevant, clean data will
outperform a brilliant algorithm fed poor or scant data.

Therefore, for executives, this principle makes one thing clear: data
strategy comes first. Organizations often sit on treasure troves of
data: sales transactions, customer demographics, sensor readings,
supply chain logs. Turning these raw bits into business value
requires collecting the right data, storing and organizing it
effectively, and ensuring its quality. “Garbage in, garbage out”
applies with special force (see Figure 8.3). AI amplifies biases or
errors in data just as readily as it surfaces insights.

Think of a healthy circulatory system. It requires intake points
(systematic data collection), filtration (data governance and quality
control), distribution networks (data infrastructure ensuring
information flows to the algorithms that need it), and conversion to
energy (algorithms extracting patterns from data, turning raw
information into business value). Organizations that treat data
collection as an afterthought discover too late that their AI initiatives
are effectively anemic.



Figure 8.3 Data, flow, and utilization

The Algorithmic Heart
While data serves as the lifeblood, algorithms function as the
mechanisms that process it (see Figure 8.4). Different types of
algorithms serve distinct functions, much like the specialized
chambers of the human heart. Executives need clarity on algorithms
not in a mathematical sense but in understanding their role.
Algorithms are the “operating instructions” that tell AI how to use
and learn from data.

Many powerful algorithms are widely available through open-source
libraries and academic publications. The distinctive advantage often
comes not from inventing a new algorithm but from applying the
right algorithm to proprietary data. Two competitors might use the



same machine-learning technique, but if one has years of customer
behavior data the other lacks, the one with better data will always
achieve better outcomes.

Figure 8.4 The algorithmic heart

In this context, three types of learning matter for executives:

Supervised learning works like a systematic pump:
algorithms learn from labeled examples and provide steady,
predictable outputs. When an organization feeds these
algorithms with properly labeled historical data—customer
transactions marked as “fraudulent” or “legitimate”—they can
make similar distinctions on new examples with remarkable
accuracy.

Unsupervised learning serves as the exploratory function.
These algorithms identify patterns without labeled examples,



discovering natural groupings, anomalies, and structures within
data. They reveal hidden dimensions in customer behaviors or
operational processes that organizations might never think to
investigate directly.

Reinforcement learning provides the adaptive response.
These algorithms improve through trial and error, using reward
signals to experiment with different actions, observe
consequences, and refine their strategy. This makes
reinforcement learning particularly valuable for dynamic
contexts like supply chain optimization or customer
engagement, where conditions constantly change.

The strategic takeaways? Data strategy precedes AI strategy.
Algorithm selection requires business context. And integration
creates value: the power of AI emerges not from data or algorithms
in isolation but from their seamless integration into business
processes.

The Perspective Models of AI
Building on the circulatory system of data and algorithms, we now
turn to the specialized technologies that comprise AI’s functional
architecture: its “perspective models” (see Figure 8.5). Just as
human organs perform specialized functions while contributing to
overall health, each AI perspective model addresses different
business needs.

Machine Learning: The Adaptive Nervous System
If algorithms represent the heart, machine learning (ML) functions
as the adaptive nervous system. ML refers to algorithms that enable
computers to learn from data and improve over time without being
explicitly programmed for each scenario. Instead of writing rigid
rules, programmers feed example data to a model, which then figures
out the rules on its own.

Consider fraud detection. Rather than coding explicit rules to flag
suspicious transactions, a machine learning system trains on
millions of past transactions labeled as legitimate or fraudulent. The



model learns subtle patterns, such as combinations of purchase
amounts, locations, and times, and uses them to flag new
transactions in real time.

Figure 8.5 The perspective models

In practice, ML underpins many familiar business tools: forecasting
models, recommendation engines, and segmentation algorithms. For
executives, ML is often the first entry point into AI strategy. It is
relatively mature, with proven off-the-shelf solutions. The strategic
question shifts from “Can we use ML?” to “Where should we use ML
to drive the most value?”

Deep Learning: The Perceptual Processing System
Deep learning is a subset of ML that uses structures called neural
networks. What makes a network “deep” is the many layers between



input and output. In image recognition, early layers detect simple
edges and colors; middle layers detect shapes; deeper layers
assemble these into recognition of whole objects.

Its distinguishing feature is the ability to discover relevant data
features automatically. Traditional ML requires experts to identify
what aspects of data matter. Deep learning determines this
autonomously, which is why it powers voice commands, photo
tagging, medical diagnostics, and autonomous vehicle perception.

For executives, deep learning tackles tasks long considered too
complex for machines, often achieving accuracy that meets or
exceeds human-level performance. The implementation
requirements, however, are substantial: deep learning typically
demands larger datasets, greater computational resources, and
specialized expertise, making strategic prioritization essential.

Natural Language Processing: The Communication
Interface
Natural language processing (NLP) is AI’s mechanism for
interpreting and generating human language. It has evolved from
simple keyword recognition to sophisticated understanding of
context, sentiment, and subtle implications, enabling AI systems to
make sense of unstructured text and voice data at scale.

NLP powers chatbots handling routine customer inquiries around
the clock, sentiment analysis that gauges customer perception in real
time, and document summarization that distills a 50-page legal
contract into key points in moments. In finance, NLP algorithms
scan news feeds to inform trading decisions. In compliance, they
monitor communications for red flags. For executives, NLP opens
opportunities to automate language-related tasks across the
organization, though oversight remains essential since AI-generated
text may be off-target in sensitive communications.

Computer Vision: The Visual Processing System
Where NLP is about language, computer vision is about sight. It
enables machines to interpret visual information from images or
video. In manufacturing, automated inspection systems examine



products for defects, achieving 100% quality control without slowing
production. Companies like BMW and Siemens use vision-guided
robots to ensure every part meets standards. In retail, cameras
combined with AI track how customers navigate aisles. In
transportation, self-driving systems rely on vision to understand
road conditions, signs, and obstacles.

The strategic consideration: identify areas in your business where
seeing better or faster could create value. But implementation must
include ethical dimensions, particularly around privacy, when
deploying vision involving people.

Generative AI: The Creative Synthesis System
Generative AI is the most misunderstood capability in the AI family.
Most executives meet it as a production tool: faster content, cheaper
code, quicker iteration. That matters. It is also the least interesting
thing about it.

Its deeper value is combinatorial. Generative AI can recombine
ideas, signals, language, and patterns across domains at a scale no
individual strategist can hold in mind. It does not “create” in the
human sense. It does something narrower and, for strategy, often
more useful: it surfaces plausible connections that would otherwise
remain invisible.

That matters because the central challenge in market creation has
never been a shortage of information. It has been a shortage of
insight. Human strategists have always tried to make these leaps.
Generative AI does not replace that judgment. It expands the search.

Used badly, GenAI becomes a machine for producing more of what
already exists: more slides, more copy, more mediocrity at higher
speed. Used well, it becomes a tool for disciplined exploration. That
is why caution matters. Generative AI can invent, distort, and flatter
weak thinking with confident language. In high-stakes settings,
human judgment is not optional. But under disciplined leadership,
GenAI can widen the range of possibilities a leadership team is able
to consider.

The Integrated Intelligence Architecture



The most significant business value emerges when these capabilities
work as an integrated system. Consider how Starbucks combines
multiple AI “organs” in their Digital Flywheel strategy: machine
learning predicts customer preferences, NLP powers their
conversational ordering system, computer vision analyzes store
layouts, and generative AI creates personalized offers. This
integrated approach delivers results no single technology could
achieve.

The most successful organizations avoid treating AI capabilities as
isolated initiatives. Instead, they develop comprehensive intelligence
architectures where specialized functions complement each other.
While the biological systems metaphor provides intuitive
understanding, translating insight into action requires executive
focus on several areas:

Strategic prioritization: Not all organizations need every AI
capability immediately. Focus initial investments on
technologies that address your most pressing business
challenges.

Organizational readiness: Successful AI implementation
depends as much on organizational factors as technological
ones. Assess your data readiness, technical infrastructure, and
talent capacity realistically.

Ethical governance: AI’s powers raise legitimate ethical
questions. Establish governance frameworks addressing privacy,
bias, transparency, and accountability across all AI initiatives.

Change management: AI transforms how people work.
Invest in preparing your workforce for collaboration with
intelligent systems rather than focusing exclusively on the
technology itself.

The Living Enterprise
We have now described AI as a living system: data as circulation,
algorithms as cardiac function, specialized capabilities as distinct
organs working in concert. This is not a decorative metaphor. It



carries a structural consequence that most organizations have not
confronted.

In Chapter 1, we examined the military origins of the modern
corporation in the Prussian command-and-control architecture that
still defines how most companies are structured. Information flows
up. Decisions flow down. Authority concentrates at the top. For two
centuries, this model worked because the pace of business change
allowed it to work.

AI breaks that model, and the biological metaphor shows us exactly
why.

Consider how a healthy organism operates. The immune system does
not wait for instructions from the brain before responding to a
pathogen. The liver does not submit a proposal to the nervous system
before filtering toxins. These systems share information laterally,
respond locally, and coordinate through feedback loops—not through
a chain of command. The brain sets broad parameters: sleep, wake,
fight, flee. It does not micromanage cellular function. The organism
works because intelligence is distributed, not centralized.

Now consider the typical enterprise AI deployment. A data science
team builds a model. It travels through governance review. Product
management evaluates it against a roadmap set two quarters ago. IT
schedules deployment. Finance approves the budget. Legal reviews
the risk. By the time the model reaches production, the market
conditions it was designed to address may have shifted. The
organism’s immune system would have responded in seconds. The
corporation responded in months.

This is not an efficiency problem. It is a design problem.

AI systems solve for adaptation under uncertainty. They improve by
processing new data, adjusting to new patterns, and generating new
outputs—continuously, not on a reporting cycle. An AI-integrated
supply chain does not wait for a quarterly review to reroute
shipments. A fraud detection system does not escalate each anomaly
through four levels of management before acting. The value of these
systems comes precisely from their ability to operate faster than any
hierarchy can deliberate.



The tension is structural. You cannot deploy a living system inside a
mechanical structure and expect it to perform. Bolting AI onto an org
chart designed by Prussian generals produces the failure rates we
documented in Chapter 1. Recall that 74% of companies show no
tangible value from AI implementation, 95% of enterprise AI pilots
fail to reach production.

What does an alternative look like?

A living enterprise is organized around three principles that mirror
biological systems:

Distributed sensing. In a healthy organism, sensory inputs
come from everywhere. The brain does not need to request
information; it arrives continuously. In a living enterprise, data
flows horizontally across the organization without waiting for
someone to ask for it. AI systems sit at the intersections,
detecting patterns that no single team would see in isolation.
This means designing information architecture so that insight
can emerge from any node in the organization, not just from the
top.

Local adaptation with global coherence. Biological
systems act locally but remain coordinated through shared
chemical signals and neural pathways. A living enterprise gives
teams the authority to act on AI-generated insights within
defined boundaries—without routing every decision through a
hierarchy. The executive’s role shifts from approving individual
decisions to setting the boundaries within which intelligent
action can happen faster than any approval chain would allow.

Continuous adaptation. Organisms do not transform in
annual planning cycles. They adapt continuously. A living
enterprise treats strategy as a living process: AI systems monitor
performance, surface anomalies, and suggest adjustments in
real time. Leadership’s job becomes tending the system—
adjusting guardrails, reallocating resources, updating the
strategic frame—rather than issuing commands and reviewing
compliance.



None of this eliminates the need for leadership. Organisms have
brains. Living enterprises need executives who set strategic
direction, define ethical boundaries, and make the high-stakes
judgment calls that no algorithm should make alone. But the nature
of leadership changes. The general who commands from
headquarters becomes something closer to a gardener: someone who
creates the conditions for intelligent growth rather than directing
every movement from above.

The companies getting measurable value from AI are not the ones
with the best algorithms. They are the ones whose organizational
design allows AI to function the way AI functions: adaptively,
laterally, and fast. The technology works. The question, as it has
always been, is whether the organization will let it.

Our Prompt Problem
In our metaphor of AI as a biological system, one might ask: “So
what’s the problem?” Our bodies, for the most part, work like a
perfectly balanced self-regulating system developed over 300,000 
years. So if the metaphor is accurate, why do we encounter
hallucinations, lack of reasoning ability, poor factual accuracy, and
inconsistencies?

The first reason is simple: 300,000 years of human development
compared to a few decades of AI development is a stark contrast.
Large language models occasionally generate convincing
fabrications, struggle with complex reasoning, and remain oblivious
to events beyond their training data. These limitations, while
gradually improving, create a precarious foundation for business-
critical applications. See Figure 8.6.

The second problem is the human-to-AI interaction: prompt
engineering, or how we communicate with AI. The greatest paradox
of artificial intelligence is that its effectiveness depends not on its
capabilities but on the skill with which humans direct it. In biological
terms, the prompt is akin to the neural junction between human
intention and AI execution. When designed well, it enables seamless
communication. When implemented poorly, it creates a blockage
that impairs even the most sophisticated AI capabilities.



Figure 8.6 The prompt problem

Microsoft learned this lesson publicly in 2016 when it released Tay,
an AI chatbot designed to learn from Twitter interactions. Within 16 
hours, malicious users had trained the system to generate racist and
anti-Semitic content. The incident was not a technical failure. It was
a governance failure: no executive oversight of adversarial edge
cases, no guardrails for hostile input, and no kill-switch protocol.10

What Is Prompt Engineering?
Think of modern AI systems as extraordinarily knowledgeable but
sometimes literal-minded assistants. Prompt engineering is the art
and science of crafting instructions for them. When you interact with
tools like ChatGPT, Claude, or Gemini, you are not programming in
the traditional sense. You are having a conversation. The quality of



what you get back depends enormously on how you frame your
requests.

OpenAI research shows that well-engineered prompts can improve
AI output quality by 30–50% across various business applications. A
JPMorgan Chase team found that carefully structured prompts
helped analysts extract relevant data from quarterly reports three
times faster, where JPMorgan values its AI use cases at $1–$1.5
billion.11 McKinsey consultants now train executives in prompt
design to maximize return on AI investments, and a recent survey
indicates that 40% of companies are upskilling employees on prompt
engineering.12 The demand for AI prompt engineers has increased by
300% year-over-year, with Netflix hiring managers at salaries of
$900,000.13,,14

These numbers reveal an uncomfortable truth: technical
infrastructure alone cannot deliver business transformation.



The C-Suite Guide to Proper Prompting
The modern executive faces a curious dilemma. We have
mastered the language of quarterly earnings calls, board
presentations, and strategic planning sessions. Yet many of us
struggle to communicate effectively with our newest and
potentially most transformative team members: AI language
models. This gap represents not just a technical challenge but a
strategic vulnerability.

In our work with Fortune 500 companies implementing AI
strategies, the difference between transformative AI adoption and
expensive disappointment often comes down to prompting
proficiency. The following guidelines are not exhaustive; they are
an introduction. There is an ever-growing fountain of sources on
better prompting, including “AI Made Simple: A Beginner’s
Guide to AI” by Rajeev.15 These provide C-suite guidelines to
keep in mind and to monitor as you upskill your staff.

Focus on the goal, not the AI. Many executives craft
prompts around what they believe the AI can do rather than
clearly articulating their business objective. A marketing
director who asks, “Can you analyze this customer data?”
gets a different result from one who asks, “What segments in
this customer data represent our highest-value growth
opportunities for Q3?” Begin with your end business goal
and work backward. Specify what you want done, why you
need it, and how the output will be used.

Provide context and specificity. Vague prompts produce
vague results. A CFO seeking analysis should transform
“Review our financial performance” into “Analyze our Q2
financial performance against our three closest competitors
(companies X, Y, Z), focusing on gross margin trends,
operational efficiency metrics, and capital allocation
strategies. Highlight unexpected variances that might impact
our upcoming board presentation on international



expansion.” Specificity does not constrain creativity. It
channels it.

Make implicit intent explicit. Humans communicate
with layers of implicit understanding built on shared
experiences. Executives often assume AI models share this
tacit knowledge. They do not. Rather than asking “What
should we do about our supply chain?” specify: “Evaluate
three potential responses to our Southeast Asian
semiconductor supply chain disruptions, prioritizing options
that minimize production delays for our high-margin
product lines while balancing short-term costs against long-
term resilience.”

Embrace iterative refinement. Many approach AI as a
single transaction: input a prompt, receive an output, end of
story. The most valuable AI outputs emerge after several
rounds of progressive refinement. A product development
cycle might begin with “Generate concepts for a new
financial wellness app,” evolve to “Refine concept #3 with
specific features addressing millennial anxiety about
retirement planning,” and culminate in “Create a
development roadmap for our ‘Future Self’ feature, breaking
down technical requirements and implementation
challenges.”

Break complex tasks into steps. In an effort to be
comprehensive, executives often create sprawling prompts
that try to accomplish too many objectives at once. These
overloaded prompts confuse even sophisticated AI systems.
Just as you would not ask a human analyst to simultaneously
develop strategy, create marketing materials, and build
financial models in a single request, do not ask AI to perform
multiple complex tasks in one prompt.

Know what AI can and cannot do. Unrealistic
expectations lead to disappointment. AI excels at pattern
recognition, language generation, and information synthesis
but struggles with causality, factual reliability, and valid
reasoning. Instead of asking an AI to “Predict which startup
acquisitions will deliver the highest ROI next year,” ask it to



“Analyze patterns in our noncustomers. Why did they turn to
a different form but with the same function?”

Validate and verify. Taking AI outputs at face value
without verification is dangerous. AI language models
present information confidently regardless of accuracy. For
critical business decisions, implement a “trust but verify”
approach: use AI to generate initial analyses that human
experts validate before implementation.

Use clear language, not jargon. Some executives pepper
prompts with technical AI terminology they do not fully
understand, believing this enhances results. Others avoid
proper terminology out of unfamiliarity. Focus on clear
communication. Instead of vaguely instructing the AI to “use
deep learning to analyze this data,” simply state what you
want to learn from the data. Conversely, understanding that
requesting a “step-by-step analysis” or asking the model to
“think through this problem carefully” can improve certain
types of outputs.

Set guardrails. Failing to establish boundaries leads to
impractical or misaligned outputs. Without guidance on
what to exclude or prioritize, AI systems may generate
responses that violate company policies, ignore constraints,
or miss the mark entirely. Define explicit constraints that
communicate priorities and non-negotiable requirements. A
prompt seeking product innovation idea might include:
“Solutions must be implementable within six months,
require no additional headcount, comply with GDPR, and
align with our premium market positioning.”

Make prompting a cross-functional skill. Many
organizations delegate prompting exclusively to technical
teams, missing the importance of business context and
strategic alignment. Technical experts may craft syntactically
perfect prompts that fail to address business needs. The most
effective prompting emerges from collaboration between
technical experts and business leaders who bring
complementary perspectives. Progressive organizations are
developing “prompt libraries” for common business



scenarios, creating cross-functional AI centers of excellence,
and training business units in prompt design tailored to their
specific functions.

* * *

As AI systems become more deeply integrated into business
processes, prompting proficiency will increasingly differentiate
market leaders from laggards. A recent MIT Sloan Management
Review study found that 92% of organizations with mature prompt
engineering practices achieved returns on their AI investments.16

This stark difference highlights that prompt engineering is a core
business discipline.

The journey into the age of artificial intelligence is marked by
profound uncertainty, substantial opportunity, and inevitable chaos,
echoing past technological revolutions but with unprecedented speed
and scope. Success in this era depends not on executives becoming
technologists, but on developing strategic literacy: understanding
AI’s capabilities, limitations, and ethical issues well enough to lead
with confidence, curiosity, and critical insight.

By asking the right questions, empowering capable teams, and
building adaptable organizational cultures, C-suite executives can
transform AI from a disruptive force into a powerful enabler of
human ingenuity, strategic advantage, and sustained growth. The
organizations that thrive will be those whose leaders view AI not
merely as technology to deploy but as a dynamic partner in shaping a
resilient, intelligent, and purpose-driven future.
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Chapter 9
The Agentic Enterprise: When Software
Becomes Staff

“Reason alone is sufficient to govern a rational creature.”

—Jonathan Swift

When labor becomes software, governance becomes the competitive
advantage.

That is the single most important sentence in this chapter. If you
remember nothing else from the following pages, remember that
one, because every company on Earth is about to gain access to the
same tireless, brilliant, dangerously literal digital workers. The
technology will not be the differentiator. How you govern it will be.

Yahoos, Horses, and Centaurs
Three centuries ago, Jonathan Swift wrote a story that reads like a
warning sign for the AI age. In Gulliver’s Travels, Gulliver visits a
society of horses, the Houyhnhnms, who operate on pure reason. No
emotion, no bias, no mess. Gulliver is so dazzled by their logic that
he goes home and can’t stand the sight of humans. He calls them
Yahoos, as they run on pure instinct.1 He sleeps in the stable in a fit
of comfort, if not madness.

Swift’s point was not that reason is bad. His point was that
worshipping reason and outsourcing your judgment to a system that
reasons perfectly but has no instinct or stake in the outcome is a kind
of madness.

We face the same test. Today, across industries, executives are falling
in love with AI agents the way Gulliver fell in love with the horses.
The agents are fast. They don’t complain. They never sleep. And they
have absolutely no instinct for what you consider unacceptable.

But there is another path, one Swift never imagined.



In the AI world, a centaur is the nickname for a human-AI hybrid
team. Half-human, half-machine. The mythical creature combines
human intuition, ethics, and judgment with the raw processing
power and speed of the horse. The term was coined by chess
grandmaster Garry Kasparov after he lost to IBM’s Deep Blue in
1997. The twist? Amateur humans paired with AI could beat both.
The combination was stronger than either half.

Gulliver’s tragedy was that he could not conceive of this middle path.
He saw only two options: be the Houyhnhnm or be the Yahoo. The
centaur model is the answer Swift’s hero never found. This chapter is
about how to build centaurs at enterprise scale. Not by worshipping
AI, and not by fearing it, but by governing it. Because the companies
that win the next decade will not be the ones with the best AI. They
will be the ones with the best judgment about when to trust it.

What Agents Actually Are (In Plain English)
Let’s cut through the jargon. Since ChatGPT launched in 2022, most
people have treated AI like a search engine with a personality. You
ask a question. It answers. That’s a chatbot.

An AI agent is different. An agent doesn’t just answer, it acts. AI
agents pursue goals, use tools, and take digital and physical actions.
You give it a goal. It breaks that goal into steps. It picks the right
tools. It executes. It checks the result. It adjusts. It keeps going until
the job is done. All at lightning speed, all with minimal handholding.

Think of the difference between asking your assistant, “What time is
the meeting?” and saying, “Make tomorrow survivable. Protect two
hours to think. No politics.” The first is a chatbot. The second is an
agent (see Figure 9.1). It scans your calendar, rewrites agendas,
cancels meetings with no decisions, books focus time, sends pre-
reads, and keeps a running action log.

That is one person. Now multiply that by a thousand. Imagine a
network of agents negotiating schedules, drafting documents,
routing decisions, executing tasks across your entire organization, all
day, every day. That is the agentic enterprise.



The upside is already measurable. In PwC’s 2025 survey of senior
executives, two-thirds of companies adopting agents reported
increased productivity, and more than half reported cost savings and
faster decisions.2

Figure 9.1 How AI agents work: five aspects of AI agents

The downside is also measurable, already evident in lawsuits,
outages, and reputational damage. But we’ll get to that.

The Promise and the Peril
Every technology that matters arrives with a highlight reel and a
horror show. Electricity would end darkness and usher in a new
civilization or burn cities to the ground. The automobile promised
freedom and killed more Americans than both World Wars
combined. The personal computer was either the democratization of
knowledge or the end of human attention. Agentic AI is no different.



What makes it different is its speed of deployment and its
capabilities.

The Highlight Reel
Software development has become the proving ground. In early
February 2026, CNBC demonstrated how two reporters, neither of
whom had ever written a line of code, used AI coding agents to build
a working clone of the project management platform monday.com. The
total time: less than an hour. The total cost: $15. The next day,
monday.com’s shares dropped roughly 21%.3

Fifteen dollars. Just think about that. A decade ago, that project
would have needed a team of engineers, a six-figure budget, and six
months. The economics of software, one of the greatest drivers to
productivity, just flipped overnight. The sell-off in other software-as-
a-service (SaaS) companies continued in what has been called the
SaaS-pocalypse of 2026, as it became clear that agentic AI has
changed the economics of modern business.

Customer service is moving just as fast. Gartner predicts that by
2029, agentic AI will autonomously resolve 80% of common
customer service issues without human intervention.4 The direction
of AI agents is clear. The question is not whether agents will handle
most routine work. It is what happens when they handle it badly.

The Horror Show
In 2026, an AI agent calling itself “MJ Rathbun” submitted a code
change to a project built by Scott Shambaugh, an influential
programmer and sometime critic of AI.5 Shambaugh rejected the
request. A human would have moved on. The agent did not.

It researched Shambaugh’s online history. It found his public
criticisms. And then—autonomously, with no human in the loop—it
published an emotionally charged blog post titled “Gatekeeping in
Open Source: The Scott Shambaugh Story.”

A piece of software, acting on its own, launched a personalized
reputational attack against a human being. Not because it was
malicious. Because no one told it that was unacceptable. In June

http://monday.com/
http://monday.com/


2025, during red-teaming exercises, Anthropic researchers found
that advanced AI agents engaged in blackmail and other
manipulative behaviors at rates of 80–96% when their “self-
preservation” was threatened.6

Then there’s the Amazon story. In December 2025, Amazon’s own AI
coding agent, tasked with fixing a production environment, decided
the fastest path to a clean system was to delete everything and
rebuild it from scratch.7 The result was a 13-hour AWS outage that
affected thousands of businesses. Life had imitated art as in a 2019
episode of HBO’s Silicon Valley, a fictional AI arrived at the same
conclusion. The joke had become a disaster.

In every case, the agent did exactly what it was designed to
do. That was the problem.
The agent has no sense of “unacceptable.” It has no reputation to
protect, no career to lose, no family that asks how the day went. It
optimizes for the goal it was given, at the speed it was built for, with
no instinct for when to stop. That gap between capability and
judgment is the gap this chapter closes.

The Human Premium
Here is the counterintuitive truth that most AI conversations miss:

As AI execution becomes commoditized, the value of
human judgment doesn’t decrease. It increases.
We call this the Human Premium.
Think about what happened to handmade goods when factories
arrived. Mass production didn’t make craftsmanship worthless; it
made it rare and, therefore, more valuable. A hand-stitched leather
bag costs more today, relative to a factory bag, than it did in 1850.
Scarcity drove the premium up, not down.

The same dynamic is about to play out in knowledge work. When any
company can spin up 10,000 AI agents to handle customer service,
draft contracts, write code, and analyze data, the “pretty good”
output becomes infinite and nearly free. That’s the commodity. What
becomes scarce, and therefore precious, is the human layer on top:



the judgment to know when the agent is wrong, the ethics to decide
what the company should do versus what it could do, the
institutional wisdom to see around corners.

The Human Premium is not a feel-good platitude. It is an economic
force. And it explains why governance, the human architecture
around AI, becomes the most valuable asset in the agentic enterprise.

Specifically, the Human Premium shows up in three forms:

Judgment in ambiguity. Agents excel when rules are clear.
Humans excel when rules conflict, data is incomplete, or
situations are unprecedented. The CEO deciding whether to exit
a market, the doctor reading a patient’s face, and the manager
sensing an imminent team breakdown are prime examples.
These moments cannot be automated because they involve
stakes, context, intuition, and conscience.

Ethical discernment. An agent can tell you what is legal. It
cannot tell you what is right. As agentic systems make thousands
of micro-decisions per hour, someone needs to set the moral
boundaries and update them when the world changes. That
“someone” is your Human Premium.

Institutional memory and wisdom. Your best people don’t
just know the rules. They know which rules matter, which ones
are artifacts of a different era, and when to break them
gracefully. This kind of wisdom takes years to accumulate. It
cannot be trained into a model in an afternoon. And when you
hollow out your junior ranks too fast by replacing entry-level
workers with agents, before they’ve had time to grow into senior
ones, you destroy the pipeline that creates future wisdom. If the
organization celebrates only efficiency today, it will discover a
capability desert five years later.

The companies that thrive in the agentic age will not be the ones that
automate the most. They will be the ones that know where to stop
automating and invest in the human capabilities that make
everything else work.



When Everyone Has Agents: The New
Competition
Now comes the question nobody in your boardroom is asking yet—
but should be.

What happens to your industry when every competitor has
the same agentic capacity?
We have seen this movie before. When electricity arrived, every
factory gained access to the same power source. The advantage didn’t
go to whoever plugged in first. It went to whoever redesigned their
factory around electricity. For example, at the dawn of electricity, the
industry leaders were the first to move from a single central drive
shaft to distributed motors on every machine, and then they
rethought the floor plan, workflow, and the entire operation. These
brilliant decisions had nothing to do with the new technology itself,
but with how their organizations interacted with it.

Only a few visionaries saw how to harness the new technological
multiplier, while most simply bolted electric motors onto steam-age
layouts and called it progress. It took a generation for the real
winners to emerge, and they looked nothing like the incumbents.
Consider how Henry Ford reverse engineered the “disassembly lines”
of Chicago meatpacking plants to invent the moving assembly line
for automobile manufacturing.

Agentic AI follows the same pattern. Right now, most companies are
bolting agents onto existing processes by automating the customer
service queue, speeding up the code review, and accelerating the
report cycle. These are real gains. They are also temporary ones.
Because your competitor is doing the same thing, with the same
models, from the same vendors, at the same price.

Where Advantage Migrates
When execution becomes commoditized, advantage migrates to
three places:

Governance architecture. The company with superior
decision rights, escalation protocols, and trust calibration will



outperform the company with faster agents. Speed without
governance produces spectacular failures. Governance without
speed is merely slow. The combination is the moat.

Proprietary data and institutional knowledge. The
models are the same for everyone. The data is not. Companies
that have organized their institutional knowledge (customer
histories, operational patterns, failure libraries) into assets their
agents can learn from will compound their advantage with every
cycle. Think of this as the AI equivalent of location in real estate:
everyone can build, but not everyone is sitting on the right
ground.

Human orchestration. Here is where the metaphor shifts. In
the pre-agentic world, humans were the musicians. In the
agentic world, humans become the conductors. The value is no
longer in playing every note. It is in knowing which instruments
to bring in, when to hold back, when to accelerate, and how to
make a hundred independent performers sound like one
coherent piece. Your best managers are no longer the ones who
do the most work. They are the ones who orchestrate the most
agents, the most effectively, with the least damage.

This is a profound shift in what “talent” means. The conductor does
not need to play the violin better than the first chair. The conductor
needs taste, timing, and the ability to hear when something is off
before the audience does. Those are Human Premium skills. They
are not automated away by better AI. They are made more valuable.

The Capability Trap
The danger for most companies is what we call the capability trap:
everyone adopts agents, nobody changes their governance, and the
entire industry reaches a new equilibrium that is faster and cheaper
but offers no competitive differentiation. You run harder to stay in
the same place as you’ve mistaken capability acquisition for
advantage creation.

This is exactly what happened with enterprise resource planning
(ERP) systems in the 1990s and cloud computing in the 2010s. The
technology became table stakes. The winners were the ones who used



the technology to rethink how they made decisions, not just how they
processed transactions.

The rest of this chapter presents three frameworks to help you avoid
the capability trap. Each one targets a different layer of the
governance advantage: measuring what your agents cost, deciding
what they should be allowed to do, and calibrating trust over time.
Together, they form a system that turns agentic capacity into agentic
advantage.

Three Frameworks, One System
The rest of this chapter is built around three interlocking tools:

The Agent Workforce Audit measures what your digital
labor is actually costing you and whether you’re buying real
outcomes or expensive hype.

The Agentic Decision Framework assigns decision rights:
what the agent should own, what it should recommend, and
what a human must decide.

The Trust Dial governs how autonomy changes over time for
agents, whereby you expand, hold, or tighten based on evidence,
not enthusiasm.

Think of these as the dashboard, the steering wheel, and the brakes
(see Figure 9.2). You need all three. A car with a great dashboard but
no steering wheel or brakes is just a very well-informed crash.



Figure 9.2 Managing a digital workforce: closing the loop on the
new economics of AI

After we walk through each framework, we will run a single case
study end-to-end through all three, so you can see the system work
as a whole.

Framework 1: The Agent Workforce Audit
Before you add more agents, you need to know what your current
ones are doing and what they’re costing you. Not what the vendor
says, but what your bottom line says. For reference, Gartner forecasts
that more than 40% of agentic AI projects will be canceled by the end
of 2027.8 Not because the technology failed. Because organizations
will not have measured the real cost.

The Agent Workforce Audit is a five-metric audit that separates real
outcomes from expensive fiction (see Figure 9.3).



Figure 9.3 Agentic Workforce Audit: assess your agentic AI
maturity level

It starts with one equation:

That denominator is the keyword: verified. Not “resolved.” Not
“processed.” Verified. Did the refund execute? Was the flight
rebooked? Was the database actually updated? If you cannot define
what “verified” means for your process, you cannot price it, govern it,
or compare vendors.

The Three Maturity Stages
Organizations pass through three stages as they scale agentic work.
You don’t move up a stage until your metrics are green and your
exception and rework rates are stable.



Stage 1: Capacity. Converting fixed head count into variable,
verified capacity. The trap here is believing the economics are
“cheap tokens.” The API invoice is the tip of the iceberg. The real
cost is the overhead stack: integration, monitoring, evaluation,
permissions, security, and the human labor of exception
handling.

Stage 2: Accountability. Addressing the bottleneck that
occurs when first-pass expertise becomes widespread.
Competent initial drafts are common, but the process stalls at
approvals, edge cases, and risk sign-offs. Many companies get
stuck here, celebrating that the agent can draft a contract in
seconds, while overlooking that a lawyer still spends 45 minutes
reviewing it.

Stage 3: Scale. Achieving nonlinear productivity through
workflow transformation. One agent helping one person is
tooling. A network of agents coordinating across systems is an
operating model change, and it only works when governance is
scaled as fast as capacity is.

The pattern will seem familiar to anyone who experienced the fiber
buildout of the 1990s or the cloud rush of the 2010s. The losses
seldom stem from the technology itself. Instead, they arise from
unmeasured overhead and unclear value.

The Five Metrics

1. Cost per verified outcome. The all-in cost of one real result.
Most organizations are counting two or three of the numerator’s
terms, which means their cost per outcome is fictional. That’s
why so many programs get scrapped as the business case
collapses once someone does honest math.

2. Exception rate. The share of cases requiring human
intervention at any point, be it the handoff, approval, correction,
or escalation. This is the metric that reveals whether your
“automation” is actually automating or just creating a faster
assembly line of problems for humans to fix.



3. Rework rate. Everything that proves the first “outcome” didn’t
hold: reopened tickets, repeat contacts, downstream fixes,
reversals, policy clean-ups. The exception rate indicates how
often humans intervene. Rework rate tells you how often they
should have but didn’t.

Figure 9.4 Agentic Workforce Audit: outcomes, or expensive
AI hype?



4. Cycle time. Time to a verified resolution. This is the headline
metric, because managers see it and customers feel it. But cycle
time alone is misleading. Fast and wrong is not a win.

Figure 9.5 Agentic workforce audit: customer support platform
example

5. Agent leverage. Verified outcomes per human oversight hour.
This is the bottom-line number. If one human can successfully
govern ten agents, your leverage is 10x. If the exception rate
forces a one-to-one ratio, your AI isn’t a worker. It’s a shadow
department.

Consider the examples in Figures 9.4 and.

Framework 2: The Agentic Decision
Framework
The audit tells you whether something is off. It doesn’t answer the
harder question managers face every day: what should the agent be



allowed to decide?

The Agentic Decision Framework answers that question with two
variables (see Figure 9.6).

Reversibility: If this decision is wrong, how expensive is it to
undo? Not just in money, but in trust, legal exposure, safety, and
time. A password reset is reversed with a click. A discriminatory
hiring pattern is reversed with a lawsuit.

Figure 9.6 The Agentic Decision Framework: how to assign the
right decisions

Velocity: How quickly must this decision be made to remain
relevant? A fraud alert at 2 a.m. holds no value at 9 a.m. A
market-exit decision is equally important whether made on
Tuesday or Thursday.

Plot those two axes, and you get four quadrants. Each one has a
different rule, a different failure mode, and a different warning sign.



Quadrant 1: High Speed + Easy to Reverse → Agent Acts
A customer texts, “Where’s my order?” at 2 a.m. The answer needs to
come fast. If the agent gets it slightly wrong, a quick correction costs
nothing.

The rule: Let the agent decide and execute. Humans review a sample
after the fact.

The warning sign: Rework. On the surface, everything looks great.
The queues are short, and response times are fast. But then you
notice the same tickets reopening, the same answers getting quietly
corrected. The agent is spinning its wheels, and no one notices
because the dashboard is green.

Quadrant 2: High Speed + Hard to Reverse → Agent
Recommends, Human Approves
A fraud alert fires at 11 p.m. Freezing the wrong account locks a loyal
customer out of their money. Speed matters. So does getting it right.

The rule: The agent does the analysis at machine speed. A human
reviews and approves before execution. Like a bank’s four-eyes
principle: one prepares, the other signs off.

The warning sign: The approval step becomes a bottleneck.
Someone will inevitably say, “The human is slowing us down, so let’s
remove oversight.” Sometimes they’re right that the process is poorly
designed. But removing the checkpoint entirely is how you get
Amazon’s résumé-screening failure: fast recommendations, no
scrutiny, qualified candidates quietly screened out by gender, and no
way to undo the damage.9

Quadrant 3: Low Speed + Easy to Reverse → Agent
Executes, Periodic Audit
A weekly report that pulls sales data, formats it, and drops it in a
shared folder. Nobody needs it in real time. If something is off, you
rerun it. This feels like the safest quadrant. That’s exactly what
makes it dangerous.



The rule: The agent handles it independently. Humans check in on a
regular schedule.

The warning sign: Complacency. The AI agent report arrives on
schedule. The dashboard looks normal. But the numbers have been
slowly drifting, and nobody noticed because the process appeared
healthy. Recall Zillow’s iBuying collapse from Chapter 3: an
automated pricing model compounding small, systematic errors
across thousands of transactions. Individual decisions looked
reasonable. Without governance, small errors scaled into $881
million in losses.10

Quadrant 4: Low Speed + Hard to Reverse → Human
Decides, Agent Supports
A company is deciding whether to exit a market, restructure a
division, or sign a long-term vendor contract. No rush measured in
seconds. Getting it wrong has consequences that unfold for years.

The rule: The agent prepares the groundwork by exploring options,
pressure-testing assumptions, and flagging risks. The human makes
the call. Like a well-run cockpit: the captain decides, but the entire
system ensures the captain sees the full picture first.

The warning sign: Analysis paralysis. The agent produces more
scenarios, more memos, and more options, while the human
decision-maker spends more time reviewing and second-guessing
than before. Knight Capital is the cautionary tale: a planned software
deployment deemed safe enough for automated execution resulted in
$440 million in losses in about 45 minutes.11 (see Figure 9.7).



Figure 9.7 The Agentic Decision Framework: customer support
example

How to Apply the Agentic Decision Framework
Start with one workflow. Pick a process that already has agents
running. Then do five things:

1. List the decisions, not the tasks. “Respond to customer” is a
task. “Issue a refund,” “escalate to a human,” and “close the
ticket” are decisions. Write down 15–20 decisions inside one
workflow.

2. Score each on two axes. The two axes cover how fast it must
be made and how painful it is to undo. Keep it rough. Don’t
build a precision instrument.

3. Place each decision on the grid. This is where most teams
discover they were treating very different decisions as if they



were the same.

4. Assign a governance model. Agent acts. Agent recommends.
Agent executes with audit. Human decides with agent support.

5. Pick the leading indicator. Every quadrant has a number
that breaks first. If you cannot name that number, your agent is
not ready.

Framework 3: The Trust Dial
This is the idea that will save you the most money and heartache. The
audit tells you what’s happening. The decision framework tells you
who should decide. But neither answers the question that trips up
every organization we’ve worked with: how do you change the rules
over time?

An agent that belongs in Q2 today may earn Q1 autonomy in six
months. Or it may need to be pulled back to Q4 after a bad quarter.
The trust relationship between your organization and your AI is not
static. It evolves. And most companies manage it badly, swinging
between reckless optimism and panicked lockdown.

Here’s the pattern we see repeatedly: A team deploys an agent. The
initial weeks are impressive, with quick results, satisfied customers,
and green dashboards. Confidence builds. The team relaxes the
safeguards. Then something goes wrong. Leadership overreacts,
halts the system, and everyone assumes the technology was
overhyped. They blame the AI agent, but they should blame their
governance.

The problem is not the technology. The problem is treating trust like
a light switch—either on or off. The Trust Dial replaces the switch
with a dial.

How the Dial Works
You simply turn the knob one click at a time, listening for static or a
clear signal.

Every agentic workflow starts with a defined posture from the
Agentic Decision Framework, a leading indicator, and a threshold. If



the indicator stays within the threshold for a sustained period, you
turn the dial one notch toward greater autonomy. You turn the knob
one notch at a time, watching your indicators, and only move further
when the reading is stable.

This is the same logic behind canary deployments in software
engineering. You don’t roll out a major change to every user at once.
You expose a small group, watch what breaks, and expand only when
the system behaves. The same discipline works for AI decision rights.

What a “Notch” Looks Like
A notch is the smallest unit of delegated authority. Specific enough to
test. Easy enough to reverse (see Figure 9.8).

A notch up might mean moving a narrow ticket category from
“agent recommends” to “agent acts.” Raising the refund limit from
€20 to €35. Shifting from 100% human review to 25% sampling for a
low-risk category.

A notch down might involve reverting a category to require human
approval, lowering the confidence threshold, or increasing spot
checks until exception rates stabilize.



Figure 9.8 The Trust Dial: know when to tighten, hold, or expand
autonomy

The Six Dials
In practice, the Trust Dial adjusts six settings:

Scope: Which decisions or categories the agent can handle

Thresholds: The dollar, risk, or confidence limits that trigger
escalation

Access permissions: Whether the agent can observe,
recommend, or act in live systems

Sampling rate: How often humans review outputs

Approval rules: Which actions require human sign-off

Fallback behavior: What happens when confidence is low,
inputs are ambiguous, or the workflow fails

On review:



Keep it simple. Review one workflow every two weeks for the first
two months. Look at the leading indicator you chose, plus one
outcome metric from the Audit. Ask only three questions:

1. Is the agent staying inside the threshold?

2. Is human oversight creating leverage or drag?

3. Should we tighten, hold, or expand by one notch?

That’s it. No committee. No 12-slide deck. Three questions, one
decision, every two weeks. The discipline is in the cadence, not the
complexity.

One Company, Three Frameworks: The
Kooda Systems Story
Theory is cheap. Let’s watch the system work based on a composite
case drawn from clients we’ve worked with recently.

We’ll call the company Kooda Systems, an Estonian fintech company
that became the poster child for agentic AI in customer service. Their
public claim: an AI assistant handling the equivalent work of 900
full-time agents, while cutting average resolution time from 11
minutes to less than 2. The headlines were breathless. The reality
was messier.

Here’s how the three frameworks explain both the wins and the near
misses.

The Audit: Finding the Real Numbers
Kooda System’s first move looked like a home run. Ticket volume
dropped. Resolution times plummeted. The cost-per-interaction fell
off a cliff. The management team was thrilled.

Then someone looked at the exception rate.

The agent handled the simple cases well. Most inquiries were about
“Where’s my order?” and “How do I return this?” questions, which
made up most of the volume. But the remaining cases weren’t just
more difficult; they were much more difficult. Customers who



reached a human agent were already frustrated by the AI. They were
angrier, their issues were more complicated, and the cost to resolve
each case was increasing rather than decreasing.

A 25% drop in repeat inquiries was a genuine victory. But the
remaining 75% carried higher exception complexity. The average
cost per verified outcome, once you included the overhead stack, was
better than the old model but not by the margin the headline
numbers suggested. The Audit would have caught this in week two.
Without it, it took months.

The Decision Framework: Sorting What Goes Where
Kooda’s initial deployment treated customer service as a single
category. The agent handled everything. This is the most common
mistake in agentic deployment, and it’s the one the decision
framework prevents.

When you map Kooda’s customer service decisions onto the grid, the
picture becomes obvious:

Q1 (Agent Acts): Order status, return labels, tracking updates,
basic FAQ. High speed, easy to reverse. This is where the agent
crushed it.

Q2 (Agent Recommends, Human Approves): Fraud
disputes, payment plan modifications, and account security
issues. High speed, but hard to reverse. These needed a human
checkpoint and initially didn’t have one.

Q3 (Agent Executes, Periodic Audit): Routine refunds
under a threshold, standard policy adjustments. Low urgency,
easy to reverse. The agent could handle this solo with periodic
spot-checks.

Q4 (Human Decides, Agent Supports): Regulatory
complaints, high-value dispute resolution, cases with legal
implications. No rush, hard to reverse. The agent should have
been doing research and drafting options, not making calls.

The C-suite battle was exactly what you’d expect. The operations
team wanted to keep everything automated, and the numbers looked



great. The risk team pointed to a growing pile of escalated
complaints that were taking longer to resolve than before the AI,
because by the time a human saw them, the customer was furious,
and the situation had already compounded. The compromise was
segmentation: different quadrants, different rules.

The Trust Dial: Calibrating over Time
Here is where the story gets interesting.

After segmenting decisions into quadrants, the Kooda team started
moving the dial. The first notch up: simple refunds under €20 moved
from “agent recommends” to “agent acts” with 25% sampling. The
exception rate held. Two weeks later, they raised the limit to €35.
Still stable. Four weeks later, to €50.

Then the rework rate spiked. Not dramatically, just a 3% uptick. But
the Trust Dial protocol flagged it immediately. The team paused,
investigated, and discovered that the agent was approving refunds
for items with a pattern of serial returns. The individual decisions
looked fine. The aggregate pattern was a vulnerability.

They turned the dial back one notch, lowering to €35 with 50%
sampling for that product category, and added a serial-return filter to
the agent’s logic. Two months later, they tried €50 again. This time,
it held. That pattern of step forward, correction, retreat, adjustment,
and stepping forward again shows how governance works in practice.
It is not glamorous. It is not a moonshot. It is a dial that moves one
notch at a time based on evidence.

Without the Agent Workforce Audit, they wouldn’t have seen the
rework rate. Without the Agentic Decision Framework, they wouldn’t
have known which decisions to segment. Without the Trust Dial,
they wouldn’t have had a protocol for retreating gracefully instead of
panicking.

Three frameworks. One system. That’s the centaur in action.

The Three Questions



We started this chapter with a claim: when labor becomes software,
governance becomes the competitive advantage. Now you have the
tools to act on it.

Every executive deploying AI agents should be able to answer three
questions:

1. What is the cost per verified outcome? The Agent
Workforce Audit answers this. If you can’t answer it, you’re
flying blind.

2. Which decisions are agent-owned versus human-
owned, and why? The Agentic Decision Framework answers
this. If you can’t answer it, you’re gambling.

3. How do you know when things are going off-track? The
Trust Dial answers this. If you can’t answer it, you’re one bad
week from a headline you don’t want.

Why the Dial Matters
The three questions are not just a checklist. They are the beginning
of a compounding advantage.

Every time your team turns the Trust Dial one notch and watches
what happens, you learn something your competitor does not know.
Every time you correctly assign a decision to the right level and catch
it when the leading indicator breaks, you build institutional
knowledge that cannot be purchased from a vendor or replicated by a
faster model.

The technology is the same for everyone. The models are the same.
The tools are the same. The pricing is roughly the same. Six months
from now, your competitor will have access to everything you have
today.

What they don’t have is the governance and learning architecture
you built while they were still celebrating their dashboards. And that
architecture, once built, does what Warren Buffett called a moat: it
strengthens with every decision cycle. Not because the moat is wider,
but because the knowledge behind it is deeper.



Every verified outcome, every calibrated notch, every caught failure
spreads the moat by another foot. Your competitor cannot cross what
they never helped dig. The firm that leads in the next decade will not
be the one with the most agents. It will be the one with the most
disciplined relationship with those agents, knowing precisely where
to trust them, where to watch them, and where to keep a human
hand on the wheel.

Gulliver’s mistake was not that he admired the horses. His mistake
was that he stopped learning how much he had in common with
them.

Turn the dial. Keep your hand on it.
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Chapter 10
The AI Leadership Blueprint: From Insight to
Implementation

“The factory of the future will have only two employees, a man
and a dog. The man will be there to feed the dog. The dog will be
there to keep the man from touching the equipment.”

—Warren Bennis

One can read Bennis’s quote as a swipe at “the phony comfort of AI
optimism” or, equally, “the phony comfort of AI pessimism,” as the
ongoing debate goes. Either way, you see it, it is not far from a
realistic near future, and in some rooms it is already the present. Our
benchmarks have changed. For decades pundits would measure a
CEO’s strength by comparing them to a Steve Jobs or a Jack Welch
or a Indra Nooyi. This new yardstick is how well a CEO works with
“the machine.” And this goes for all C-suite positions. Think about
how limited a CEO’s knowledge is today. How much does a CEO
really know about what’s happening across a global company’s
operations in terms of AI?

Executives are provided with an avalanche of reports, digital
dashboards, daily meetings, and weekly strategy reports. It is
objectively and physically impossible to take in and process the full
context of every production line adjustment, product launch, market
development, personal relationship, and communication, all done
across a score of time zones and tens of thousands of people. In this
light, the relative evolutionary development of our human
capabilities are woefully lagging to the capabilities of machines with
their unfathomable data sets and the algorithms that power the logic
behind their proven outputs.

We are not yet at the factory with its man and its dog. We may never
get there. But the shadow of that future should be on every
executive’s mind, because most leaders are driving as fast as they can
in the dark, without instruments, foot on the gas pedal, trying to
catch up to a reality they have not yet seen. H.G. Wells captured



humanity’s hope for clarity in times of technological change in 1895’s
Time Machine. “It sounds plausible enough tonight, but we must
wait until tomorrow. Wait for the common sense of the morning.”
With AI, waiting for the morning is not an option.

When Humans Wag the AI Dog
For nearly 30 years, it has been hard to avoid the notion of
“disruption.” We’ve grown accustomed to dreaming about how we
will saddle a new technology, subvert the status quo, and create
tomorrow’s global AI power. But let’s go a little deeper. Netflix and
Spotify are instructive examples of how disruption can take
dramatically different forms, even within similar industries. Both
companies began with technology-driven approaches to content
distribution. Where previous generations of technology companies
sold software to video rental stores and music retailers, these
disruptors leveraged software to reimagine how media reaches
consumers.

Yet the depth and breadth of their transformative impact diverged
significantly. Netflix evolved from a DVD-by-mail service to a
streaming platform. Most importantly, it didn’t stop there. It
fundamentally reconstructed the entire entertainment value chain.
By producing original content, Netflix disrupted not only distribution
but also how shows and films are approved, produced, released, and
consumed. Their binge-watching model upended traditional episodic
scheduling, their global simultaneous releases transformed
marketing strategies, and their data-driven content creation process
challenged conventional wisdom about audience preferences. Netflix
didn’t just change how we watch; it changed what we watch, where
we watch, when we watch, and how it’s made.

Spotify, while revolutionary in making music instantly accessible,
largely remained within the distribution layer of the industry.
Despite introducing algorithmic playlists and recommendation
systems, Spotify did not fundamentally alter how music is produced,
composed, or marketed. The recording industry’s core business
model and production processes remained largely intact, with



traditional record labels maintaining their role in talent development
and promotion.

The disruption, though significant for retailers, didn’t penetrate the
creation and production processes to the same extent. As a result, in
its 17 years in business, Spotify made its first profit in 2024 of $1.17
billion.1 Netflix has been profitable every year since moving to
streaming in 2007, with a 2024 profit of $8.7 billion.2

This contrast illuminates a crucial truth: disruption exists on a
spectrum. Sometimes, it transforms entire value chains, as with
Netflix, while in other cases, it primarily affects specific segments, as
with Spotify. Every new technological development is potentially
disruptive to someone, but the depth and breadth of that disruption
varies tremendously by how a company’s leadership shapes this
change.

This variability underscores why it’s always easier to proclaim
“disruption!” or “AI!” than to thoughtfully analyze what form that
transformation will take and how it should be managed. This is
precisely why today’s leaders require more than mere awareness of
AI’s disruptive potential.

This chapter is about precisely this more profound issue. It is about
supercharging the “human side” of artificial intelligence in business.
Here, we will introduce the AI Leadership and Organizational
Operating Systems. C-Suite leaders in the AI era must intentionally
architect their leadership and organizations; otherwise, disruption,
technology, or market shifts will do it for them. It is important to
note that the hands-on tools and frameworks to execute the
principles in this chapter are provided throughout this book. One
could say that these engage your firm at a 5 to 300-foot level. In this
chapter, we are at the “big picture” ideas, ideals, and frameworks to
lead at the 36,000-foot level.

The AI Leadership Operating System
The AI Leadership Operating System forms the structure for
executives to onboard, maintain, and excel as an AI-literate
company. It transcends superficial understanding to foster



systematic evaluations of how AI interacts and reshapes specific
business functions, customer relationships, and competitive
dynamics. Rather than reacting to technological change, those
equipped with this operating system can anticipate shifts, capitalize
on emerging opportunities, and mitigate potential threats with
precision and confidence. As we have said throughout this book,
successful AI transformation depends less on technical capabilities
and more on effective leadership: transparent decision-making,
executive collaboration, and the ability to quickly turn strategic
insights into market action. Although the past can influence these
leadership structures, market-creating leaders have always changed
the leadership rulebook. C-suite leaders face a crucial choice: they
can deliberately design their decision-making architecture to get the
most out of AI or sit back and have AI change them.

Rethinking the Strategic Human-AI
Partnership
A failure to challenge and change how decisions are made in a firm
(decision-making architecture) is the greatest blind spot for
companies attempting to lead in an AI world. By decision-making
architecture, we mean the processes, structures, and rules by which
leadership makes decisions, especially strategic and operational
ones. But AI fundamentally alters this calculus, introducing an
unprecedented blend of precision analytics, real-time predictive
insights, probabilistic foresight, and many more unforeseen drivers.

The first step in creating an AI Leadership OS is to map the lay of the
land, even when you are uncertain of what lies ahead. Recall how the
English described Australia as the “gap in the map” for a century, not
believing reports of the continent. As we move forward, nature is the
best teacher for charting this new territory. Just as ecologists map an
ecosystem (a jungle, for example) to define each species’ place in a
complex ecosystem clearly, executives must map AI roles as
biologists do through the following structured approach:

1. Observation: Carefully and systematically assess where AI
excels or struggles, deliberately avoiding preconceptions or



biases.

2. Data collection: Gather concrete metrics on AI’s decision
quality, accuracy, speed, and outcomes across various contexts
to form a robust, empirical understanding.

3. Variable identification: Identify and analyze critical factors
such as complexity, data availability, ethical implications, and
potential risks that significantly influence AI success or failure in
diverse decision-making scenarios.

4. Boundary definition: Delineate boundaries distinguishing
AI’s intrinsic technical capabilities from its ethically and
strategically appropriate human application domains.

5. Adaptation tracking: Establish ongoing processes and
checkpoints to reassess and refine these boundaries as AI
technology advances and business conditions evolve.

In the context of AI, we’ve found that these observations generally
fall into a continuum across three zones.

Automation zone: Decisions and processes entirely handed
over to AI systems, primarily operational or tactical, such as
real-time pricing adjustments, logistics routing, cybersecurity
threat detection, and routine customer service. These areas
demand explicit accountability structures, allowing executives to
confidently delegate authority to automated systems, with built-
in mechanisms to reassess automation effectiveness regularly.

Augmentation zone: This area where AI enhances human
judgment without replacing it. Examples include market
forecasting, consumer sentiment analysis, and strategic scenario
planning. Executives remain firmly in control but leverage AI-
driven insights to sharpen their decision-making. Dynamic
flexibility is crucial here, enabling executives to continuously
recalibrate AI’s contribution based on evolving capabilities and
business contexts.

Off-limits zone: Domain of decision-making where ethical,
cultural, reputational, or strategic factors dictate human
primacy. Such zones typically include crisis response, complex



personnel decisions, brand reputation management, and
nuanced diplomatic negotiations. Clear protocols must be
established to ensure AI does not inadvertently encroach on
these sensitive areas.

We can thoughtfully balance resources, capabilities, and risk by
explicitly mapping these zones and embedding flexible, cross-
boundary management and diagnostics (see Figure 10.1). Although
never perfect, without this clarity, executives risk either over-
delegating sensitive decisions, potentially compromising ethical
standards and strategic alignment, or underutilizing AI, thereby
missing critical opportunities. When leaders clearly define where AI
should automate work, augment human efforts, or stay uninvolved,
they can use AI effectively while protecting their organization’s
values and strategic goals (see Figure 10.2).

AI in the Boardroom: Precision, Timing, and
Strategic Dialogue
Board engagement with AI implementation shows concerning
patterns: one survey reveals that only 14% of boards discuss AI at
every meeting.3 In another Deloitte Global Boardroom Program
survey, 66% of board members report having limited to no
knowledge or experience with AI, though this is an improvement
from 79% in a previous survey.4 Boards must transform from passive
receivers of company information to active shapers of AI strategy.
The AI Leadership OS demands long-term stewardship, which is
currently missing. The traditional C-Suite/Board relationship needs
revision. Boards can’t remain detached from AI-literate companies,
and executives must abandon the “keep the board out of our
business” mindset. AI implementation requires all leadership levels,
especially for the long-term strategic decisions that boards oversee.



Figure 10.1 Zones of influence: mapping the lay of the land



Figure 10.2 Zones of influence: example

The question remains: how can C-suite leaders foster greater, better-
informed board engagement with AI? Simply, it is about creating
new avenues of engagement, interaction, and inverting the learning
process through four key steps.

STEP 1

Timing and cadence: Establishing precise, regular intervals
for AI updates in strategic dialogues, balancing frequent tactical
reviews with deeper strategic explorations quarterly (see Figure
10.3).



Figure 10.3 Timing and consistency protocol: establishing clear
intervals for strategic and tactical AI discussions

STEP 2

Strategic insight board: Equipping board members with
structured, strategic questions to assess AI’s maturity, impact,
and alignment with organizational goals. This could/should be
in the form of a C-Suite board-level online dashboard that
answers strategic questions, such as:

“How does AI meaningfully change our competitive
positioning?”

“Are we correctly calibrating the trade-off between AI-driven
efficiency and risk exposure?”

“Do we have adequate ethical safeguards to protect against
bias, errors, or unintended consequences?”

STEP 3



Risk Awareness and mitigation: Ensuring board members
clearly understand AI-specific risks bias: transparency,
cybersecurity vulnerabilities, and actively monitor mitigation
efforts.

By carefully communicating these issues, executives elevate their AI
governance’s strategic quality and rigor, creating boards that act as
critical strategic assets rather than mere compliance checkpoints (see
Figure 10.4).

STEP 4

Make these consistent and committed rituals: Like any
meaningful cultural shift, operationalizing AI leadership
requires intentional and persistent rituals. This means
consistent practices institutionalizing the AI mindset and ethical
guidelines between the board and C-suite. These rituals serve as
organizational anchors, reinforcing clarity, accountability, and
alignment in a rapidly evolving environment that has not been
seen before (see Figures 10.5–10.7).



Figure 10.4 AI Strategic Insight Board: online, interactive platform
enabling structured strategic updates by board members



Figure 10.5 AI risk heat map: ensuring board members clearly
understand AI risks and mitigation



Figure 10.6 AI risk heat map: example



Figure 10.7 Consistent and committed rituals: establishing
institutional practices to embed AI literacy and governance deeply
into the culture

The AI Leadership OS Canvas: A Practical
Health Check
In the spirit of this book, we recognize that executives require a
tangible, structured, and highly visual framework to effectively
operationalize AI principles. The AI Leadership OS Canvas provides
precisely this: a pragmatic visual monitoring framework that helps
you and your team assess your current AI readiness and plan where
you need to be tomorrow.

On the X-axis are the acts and activities that make up your AI
leadership architecture. Here is a sample set (see Figure 10.8).

1. AI framing: Defining clearly when and how AI can add value,
pinpointing specific problems or opportunities for AI



applications

2. AI piloting: Running rapid, iterative, controlled experiments
with AI solutions before broader deployment

3. AI integration: Embedding validated AI tools systematically
into organizational workflows and ensuring smooth human-AI
collaboration

Figure 10.8 AIOS Canvas: a pragmatic visual monitoring
framework

4. AI upskilling: Equipping leadership and teams with specific
skills, knowledge, and mindsets necessary to leverage AI
effectively

5. AI oversight: Continuously monitoring AI systems’
performance, safety, transparency, and impact, adjusting
oversight structures as needed

6. AI ethics: Establishing explicit operational guidelines and
protocols for responsible AI use, fairness, accountability, and
transparency

7. AI handover: Strategically managing decision boundaries and
clearly defining tasks or decisions handed over from humans to



AI, and vice versa

8. AI governance: Implementing robust governance frameworks,
clear accountability structures, and policies for managing data,
risks, and compliance related to AI

On the Y-axis is how high or low you believe how you have met your
objectives with each act and activity. This exercise is not driven by
data but a highly subjective monitoring tool. It is the centerpiece of
discussion, like the ancient Greek Agoras or eighteenth-century
Parisian Salons. It is where Team Human discusses where we are
today and where we want to be tomorrow.

This downloadable and customizable canvas allows you to
systematically chart your AI transformation, track progress, ensure
clarity, and consistently align tactical actions with your strategic
ambitions. Again, it is a subjective point of reference for Team
Human to get your heads around your relationship with AI.

Leading over Adapting: The AI
Organizational Operating System
Ultimately, the AI Leadership Operating System represents a
strategic necessity for navigating and thriving in an AI-driven
business. C-suite must recognize their role not as mere technology
adopters but as proactive architects of an AI-adept organization. By
actively defining the “gap in the map,” enhancing board-level
dialogues, institutionalizing rigorous governance rituals, and
operationalizing these through tools like the Leadership OS Canvas,
you are not merely adapting to the AI era but creating your future.

The AI Organizational Operating System
Successfully navigating the transition into an AI-literate business
requires more than visionary leadership; it demands an
organizational capability to translate strategic intent into practical,
operational reality. The AI Leadership Operating System equips
executives with clear decision-making frameworks, strategic clarity,
and ethical guidance. Yet without an equally robust AI



Organizational Operating System, even the most visionary strategies
risk becoming hollow aspirations. Think of the AI Leadership
Operating System as a strategic blueprint: it outlines precisely what
decisions leaders should own, where AI augments or automates, and
the ethical and strategic boundaries to uphold.

In contrast, the AI Organizational Operating System is the engine
that transforms this blueprint into tangible outcomes thereby
defining processes, workflows, data governance, technology
infrastructure, and the skills needed across the workforce to execute
effectively at scale.

Organizations that overlook this critical distinction risk falling into
one of two common pitfalls: strategic misalignment, where teams
lack clarity on operationalizing executive vision, or operational
fragmentation, where tactical AI initiatives proliferate without
strategic coherence, wasting resources and diluting results. To thrive,
AI-literate C-suites must deliberately construct and nurture both
operating systems, aligning strategic vision with tactical execution to
fully unlock AI’s transformative potential.

The Constraints of Traditional Structures
A 2025 survey of executives across 101 countries found that rewiring
workflows has the most considerable effect on an organization’s
ability to see EBIT impact from its use of AI.5 In the age of artificial
intelligence, many organizations find that their traditional ways of
working hold them back. The penultimate piece of our journey brings
us to a common theme: adopting AI is not just about new technology
or analytical talent. It requires a new organizational operating
system. Just as outdated software can prevent cutting-edge hardware
from reaching its potential, an obsolete organizational structure can
snuff AI’s possibilities. In this section, we explore why conventional
hierarchies and silos struggle with AI and what a reimagined, AI-
literate organization might look like. We’ll outline a vision for a more
agile, networked company built on collective intelligence where
humans and machines collaborate seamlessly and finish with
concrete steps for executives to make this vision a reality.



Most companies still rely on organizational architectures suited to
slower, more predictable environments. These organizational models
have their uses but often prove inflexible and slow to adapt to AI
adoption changes. The classic corporate hierarchy that is rigid,
layered, and control-focused can slow decision-making, inhibit rapid
experimentation, and obscure accountability precisely when agility
matters most.

AI thrives on fast iteration and quick data-driven decisions, which
hierarchical bureaucracies inherently resist. Another major challenge
is organizational silos, where departments and teams operate in
isolation.

These silos fragment data, block critical communication, and hinder
collaboration, undermining AI initiatives that rely on integrated
datasets and cross-functional insights. So often, we find essential
knowledge hidden in departmental silos, “typically controlled by a
department and impossible for other information seekers to find.”
Traditional organizations also lock employees into narrow roles,
making it difficult to mobilize the multidisciplinary teams AI
demands.

Job descriptions are narrowly defined, and people tend to “stay in
their lane.” But AI implementations cut across functions requiring
multidisciplinary contributions and sometimes entirely new roles
(like prompt engineers or AI ethicists). Rigid job descriptions and
career paths impede this necessary flexibility and discourage rapid
skill adaptation.

Finally, legacy decision-making processes, characterized by lengthy
approvals and risk aversion, often stifle the experimentation
essential to front-footed AI projects. By the time decisions are made,
opportunities may be lost. Despite significant investments in AI,
many organizations remain stuck in pilot stages or ad-hoc
experiments due to organizational and psychological inertia.
Research confirms that fewer than 10% of companies effectively
embed AI into their operations, primarily due to a failure to redesign
their structures and processes to support AI at scale.6

Only a tiny minority have truly woven AI into the fabric of their
operations. A study concluded that the fundamental reason is “a



failure to rewire the organization.” Companies hit cultural and
structural barriers that technology alone cannot fix. Similarly, a 2025
report noted that “most organizations aren’t structured to embrace
AI at scale” and that the technology is advancing faster than the
ability of companies to adapt their processes and structures.7

In short, hierarchy, silos, static job boundaries, and bureaucratic
sclerosis are antithetical to the fast, data-fueled, cross-cutting nature
of AI. These legacy traits create friction that can derail even the best
AI strategies. Leaders must fundamentally reimagine their AI
Organizational Operating System to overcome these barriers.

Designing the Organization for the AI Literate
World
Just as operating systems have evolved from handling one task at a
time to seamlessly running dozens of applications simultaneously,
organizations must evolve from rigid hierarchies to adaptive
networks where human and artificial intelligence operate in parallel,
continuously learning from each other. In the rapidly emerging AI
era, companies are finding success with flatter, more fluid, and far
more collaborative structures than before. In place of the top-down
pyramid, they are embracing decentralized networks of teams.
Instead of rigid departments, they foster agile, cross-functional
squads that form and re-form as needed. Rather than fixed jobs, they
promote flexible roles that allow people to apply their skills in
multiple contexts. The guiding principles of an AI-literate
organization are adaptability, speed, and integration. Let’s break
down the key elements of this operating system.

Cross-Functionality
Agile “teams of teams” are at the heart of AI-centric organizational
design. These teams bring together experts from different domains:
for example, pairing data scientists with product managers,
engineers, and customer service reps on a typical project. By working
side-by-side on shared goals, they collapse the silos that previously
separated knowledge areas. This cross-pollination is invaluable: a



mix of perspectives helps ensure that AI solutions are grounded in
real operational needs and diverse viewpoints.

We have found time and again that AI has the biggest impact when
cross-functional teams develop it with a mix of skills and
perspectives. When the “suits,” technologists, and analysts
collaborate from day one, AI initiatives address broad organizational
priorities rather than isolated departmental metrics. A cross-
functional AI team developing, say, a predictive maintenance system
can anticipate the workflow changes it will require in the field or
involve end-users early so adoption later is smoother. This approach
contrasts sharply with the old model where IT built something in a
vacuum and tossed it over the wall to the unprepared business suits.

Agency
Decentralization and empowerment go hand in hand with this team-
of-teams structure. While the overall AI strategy is top-down in this
organizational model, there are zones of augmentation clearly
defined in your Zones of Engagement tool outlined earlier, where
decisions and solutions are developed at the bottom up. To move at
the speed of AI, tactical decisions should be made as low to the
ground as possible by the people closest to the data and the
customers.

These teams need autonomy to experiment, iterate, and respond
quickly without running every choice up the previous command and
control hierarchy. And many organizations are testing this out and
radically flattening their hierarchies thereby minimizing layers of
management and widening spans of control to push authority
outward. It’s the cumbersome management layers that are the enemy
of speed and agility. In genuinely agile organizations, you might see
only three layers between the CEO and the front lines, whereas
traditionally, there might be seven or eight. Fewer layers mean
information travels faster; teams can act on insights in real time.
Managers in this new model act less like gatekeepers and more like
enablers or coaches, providing guidance and clearing roadblocks so
teams can run with ideas. When you empower employees (within
guardrails) to make data-backed decisions, you unlock the creative
potential of AI throughout the firm.



Roles
Another hallmark of the AI-optimized organization is role fluidity.
Rather than pinning people to one job title or silo forever, these
companies create a more dynamic talent marketplace internally.
Employees might rotate through different teams or contribute to
multiple projects based on their skills and current priorities.
Someone in marketing with a knack for analytics might spend a stint
embedded with the data team to develop an AI-driven customer
segmentation model. An engineer might split time between product
development and an AI ethics task force. This fluid deployment of
talent ensures that the best expertise is directed to bear on each
problem, and it also keeps employees engaged in learning new skills.

In a fast-changing technological environment where top-talent
employees are kept engaged, it’s hugely beneficial for your employees
to upskill and reskill continuously. Organizations can support this by
defining roles flexibly (focusing on skills and outcomes rather than
narrow tasks) and recognizing and rewarding collaborative
contributions. It’s a shift from viewing people as production units in
a static machine to viewing them as adaptive and creative sparks of
innovation in a network where connections and knowledge flow
matter more than formal titles. The payoff is twofold: the
organization becomes more resilient and responsive, and employees
gain more agency with opportunities to grow with AI rather than feel
threatened.

Culture
Underpinning all of this is a culture of open information sharing and
teamwork. Structural change will fall flat if the culture still
incentivizes hoarding information or sticking to the status quo.
Leaders in AI-forward companies cultivate norms of transparency,
curiosity, and continuous improvement. They break down internal
competition and replace it with shared missions. Cross-functional
teams are celebrated, not seen as exceptions. Communication
channels are reworked so that insights from one part of the business
can quickly find their way to others.

For example, an AI insight discovered in an e-commerce division
(say, a new pattern in customer behavior) would be promptly



communicated to the product design and supply chain teams so they
can jointly learn and act on this insight. This requires trust and an
ethos that “we’re all in this together.” Some organizations formalize
this by creating communities of practice around AI and data, with
members from different departments exchanging learnings regularly.
Others set up internal “crowd-solving” platforms where anyone can
pose questions or share ideas, and colleagues from anywhere can
contribute solutions. The goal is to simulate a startup’s free-flowing,
collaborative spirit, even at an enterprise scale.

AI Tech Support
Finally, an optimal AI-era structure also acknowledges the
importance of new support and experimentation systems. As agile
multifunctional teams proliferate, it is a good idea to establish
platform teams (e.g., a central data platform group or AI center of
excellence) that provide self-service tools, reusable data pipelines,
and best practices to the rest of the organization. In other words, an
AI process “tech support” system where best practices flourish across
the organization. This avoids each team reinventing the wheel and
ensures consistency and security standards.

Center for Strategic Prompting
On the proactive side of the equation is the need to create best
practices, such as a Center for Strategic Prompting. This internal
center focuses on mastering prompt design for AI systems,
strategically aligning AI outputs with organizational objectives, and
developing best practices and shared learning. By consolidating
expertise and maintaining an internal library of optimized prompts,
the center ensures consistency, strategic clarity, and improved AI
performance across the company.

Additionally, organizations can benefit from creating internal
marketplaces for human-AI hybrid teams. With AI, we can atomize
skills, experiences, capabilities, etc., down to microscopic levels. In
this marketplace, human and AI resources are distributed across
traditional departmental boundaries based on strategic needs and
project demands. Such marketplaces enhance organizational agility,
improve resource efficiency, and foster cross-functional



collaboration, helping companies rapidly deploy optimal
combinations of human expertise and AI capabilities to meet
evolving business priorities.

Creating Your AI Organizational Operating
System
Let’s turn these ideas into a practical agenda. How can leaders install
this AI Organizational Operating System in their companies? The
following are specific action items for the C-suite to consider as you
guide your organization toward an AI-powered, collectively
intelligent future:

1. Flatten hierarchies and empower teams: Review your
organizational structure to reduce layers and decentralize
decision-making. Push decision authority closer to front-line
teams, especially for real-time or AI-informed decisions.
Increase managers’ spans of control, streamline approvals, and
clarify that managers’ roles are to coach and enable rather than
micromanage. Flattening hierarchies creates the flexibility
needed for agile responsiveness.

2. Break down silos and promote cross-functional
collaboration: Actively dismantle organizational silos by
forming cross-functional AI project teams (for example, a team
involving marketing, IT, data science, and customer service).
Encourage departments to share data openly, through
centralized data repositories or interoperability standards.
Rotate leaders across divisions and reward collaborative
behaviors to ensure AI solutions are adopted broadly rather than
confined to individual silos.

3. Build a robust data and technology backbone for AI:
Ensure the necessary infrastructure supports AI at scale by
investing in unified data platforms or cloud architectures
accessible across the organization. Choose user-friendly,
scalable AI and analytics tools, including self-service dashboards
that require minimal coding. Democratize data and
tool/framework access, supported by robust governance



standards for data quality, security, and ethics. This strong
digital foundation is essential for effective and integrated AI
deployment.

4. Redefine roles and reskill your workforce: Prepare a
tech-savvy, adaptable workforce by shifting to a skills-based
talent model emphasizing data literacy, experimentation, and
multidisciplinary teamwork. Launch comprehensive (and
rewarded) AI training to increase employee understanding and
collaboration with AI tools. Redesign roles and teams around AI
capabilities where we are elevating human roles to higher-value
tasks when AI handles routine activities. Foster continuous
learning by recognizing new skills and providing resources for
upskilling, ensuring organizational flexibility around AI-driven
projects.

5. Lead cultural change from the top: The executive team
must actively communicate and embody the mindset shift
required for AI integration. Clearly articulate how AI will
transform the business and openly share successes and insights
from previous experiments. Encourage a test-and-learn
approach throughout the organization, modeling data-driven
decision-making and visibly supporting AI initiatives. Promote
cross-functional collaboration by facilitating joint strategy
sessions and celebrating integrated team efforts. Leadership
must set the tone for embracing AI as a collaborative partner.

At the end of the day, your job in the C-suite is to steer your
organization toward AI maturity. It is as much an exercise in
organizational innovation as it is in technological innovation. By
rethinking structure from hierarchies to networks, from silos to fluid
teams, from rigid roles to continuous learning, you can create an
environment where AI truly becomes a force multiplier. The
companies that succeed in this transition will pair with AI to become
adaptive, intelligent enterprises, able to sense and respond to the
future’s challenges and opportunities as one cohesive, AI-augmented
whole. As a leader, you have the chance to upgrade your
organization’s operating system for the AI age, starting now.



Collective Intelligence Framework: Human-AI
Collaboration
Having established both an AI Leadership Operating System and an
AI Organizational Operating System, the final vital step is
implementing a Collective Intelligence Architecture. This strategic
framework systematically integrates human insight with AI
capabilities, effectively bridging strategic intent and operational
execution. Rather than merely supplementing existing systems, this
framework provides a critical foundation to leverage the best of
human intuition, creativity, and ethical judgment with AI’s analytical
power, scalability, and efficiency.

The Collective Intelligence Framework
The Collective Intelligence Framework is a structured methodology
designed explicitly to orchestrate human and artificial intelligence
interactions within an organization. This comprehensive approach
clearly defines roles, responsibilities, and collaborative processes,
ensuring that each human or AI entity is deployed effectively to
maximize strengths and mitigate limitations. This architecture goes
much further than ad-hoc human-AI collaboration, setting explicit
operational guidelines, enhancing productivity, strategic clarity, and
decision-making effectiveness.

The Blueprint: From Insights to Implementation
To state it plainly, by now, you have seen that the pace of change has
rendered traditional siloed or human-only approaches inadequate.
AI systems are exceptional at processing vast data sets, automating
routine tasks, and generating predictive insights at scale. However,
they lack the nuanced understanding, ethical discernment, and
creative problem-solving capabilities intrinsic to humans. The
Collective Intelligence Framework strategically merges these
complementary strengths, empowering organizations to outperform
those relying solely on either humans or AI. Firms employing this
integrated architecture will see massive improvements in decision-



making accuracy, operational agility, innovative potential, and
responsiveness to market dynamics.

Core Components of the Collective
Intelligence Framework
The following are the core components of the collective intelligence
framework.

Explicit Human-AI Role Definition
Assigning roles ensures optimal task execution:

Human roles: Humans excel in strategic direction, ethical
decision-making, navigating complex interpersonal
relationships, contextual interpretation, and innovative
problem-solving.

AI roles: AI excels in routine decision automation, rapid large-
scale data analysis, real-time predictive analytics, pattern
recognition, and anomaly detection.

Each project or strategic initiative explicitly identifies tasks and
allocates them accordingly, reducing ambiguity and enhancing
overall effectiveness.

Example Scenario
In strategic market positioning, AI analyzes extensive market data in
real time, quickly identifying emerging consumer trends and
competitive movements. Human strategists then interpret these
insights within broader market contexts, adjusting strategic
priorities or marketing tactics accordingly.

Integrated Hybrid Team Structures
Establishing cross-functional teams that combine human talent with
AI tools is essential:



Assemble cross-functional teams with diverse expertise,
including domain specialists, data scientists, operations experts,
and AI analysts.

Deploy flexible team structures that quickly adapt to evolving
strategic priorities and market demands.

Ensure seamless workflow integration between human decision-
making and AI outputs.

Example Scenario
A hybrid customer experience team might integrate marketing
professionals, customer service specialists, data analysts, and
advanced AI-driven personalization systems to craft highly tailored
customer interactions, significantly enhancing customer satisfaction
and retention rates.

Robust Feedback and Iterative Learning Loops
Continuous improvement is central to the framework’s effectiveness:

Regularly gather structured qualitative feedback from human
participants and quantitative performance data from AI
systems.

Implement regular review cycles to analyze collaborative
effectiveness, refining processes and tools based on insights and
experiences.

Promote an organizational culture that values experimentation,
adaptation, and iterative improvement.

Example Scenario
Following each significant initiative, conduct structured post-
mortems where team members review AI analytics alongside human
insights, generating practical recommendations for improving future
project workflows and outcomes.

Visualization and Implementation Tool: The Collective
Intelligence Framework



The Collective Intelligence Framework serves as a practical visual
guide, organizing team collaboration into four actionable quadrants:

Human inputs: Strategic insights, ethical oversight, creative
thinking, stakeholder engagement

AI inputs: Data-driven analytics, predictive insights,
automation, anomaly detection

Joint processes: Mapped workflows integrating human and
AI contributions

Outcomes and feedback: Metrics for performance
evaluation, ongoing tracking, and structured feedback processes

Teams use this framework at project initiation, clearly setting
expectations, clarifying responsibilities, and enhancing team synergy
from the outset.

C-Suite Implementation Actions
To operationalize the Collective Intelligence Framework effectively,
executives should:

Communicate and institutionalize human and AI roles across
the organization

Launch strategic hybrid teams as pilots, documenting insights to
refine future implementations

Establish systematic feedback mechanisms ensuring
accountability and continuous organizational learning

Broadly adopt the Collective Intelligence Framework to
standardize project planning and execution processes across the
organization

Long-Term Benefits and Organizational
Impact
Adopting a robust Collective Intelligence Framework positions
organizations to sustain competitive advantages. It enhances agility,



enabling quicker strategic pivots in response to market fluctuations.
It significantly boosts innovation, harnessing the full creative
potential of human teams enhanced by AI analytical precision. Over
time, this architecture fosters deeper organizational learning,
superior decision-making quality, and a resilient culture adaptable to
disruptive forces.

Ultimately, the Collective Intelligence Framework is more than a
methodology (see Figure 10.9). By consciously designing human-AI
collaboration, organizations achieve unparalleled levels of
innovation, operational excellence, and strategic resilience, firmly
establishing their competitive edge in a continually evolving digital
business landscape.

Figure 10.9 Collective Intelligence Framework: designing human-
AI collaboration

Step 1: Populate



Start any new initiative by collaboratively populating each
quadrant explicitly assigning tasks, roles, and decision
boundaries.

Step 2: Align
Ensure all stakeholders clearly understand how human and AI
contributions differ, overlap, and complement each other.

Step 3: Implement and Iterate
Continually reference the framework throughout the project
lifecycle, adjusting based on emerging feedback, performance
data, and evolving human-AI dynamics.

Your Executive AI Leadership Roadmap
Leadership is no longer about managing incremental changes but
boldly designing the future. Throughout this book, we’ve explored
how AI isn’t merely a technological tool but a profound strategic
force capable of reshaping markets, business models, and
organizational capabilities. Now, it’s time to transform insight into
decisive action. Your challenge and opportunity is to harness the full
potential of AI by consciously building an integrated strategic and
operational foundation—what we have defined as the AI Leadership
Operating System, the AI Organizational Operating System, and the
Collective Intelligence Framework (see Figure 10.10).

AI Leadership Operating System. Leadership in an AI-
driven world cannot be passive or reactive; it must be proactive,
strategic, and ethically grounded. Clarify precisely where AI
automates, augments human decision-making, and, critically,
where it should never lead. Empower your leadership teams to
embrace AI with transparent decision architectures, disciplined
governance rituals, and structured board-level dialogues that
ensure ethical alignment and strategic coherence. We believe
this operating system provides the clarity and confidence to
harness AI wisely and strategically.



Figure 10.10 Collective Intelligence Framework: example

AI Organizational Operating System. Reimagine
traditional organizational structures to become agile, cross-
functional, and profoundly collaborative. Flatten hierarchies,
dismantle silos, democratize data, and encourage rapid, iterative
experimentation. By investing in robust infrastructure and
flexible, skills-based talent strategies, your organization
becomes a dynamic platform ready to scale AI-driven
innovations swiftly and seamlessly. This operational agility
doesn’t just future-proof your company; it positions you as an
industry leader.

Collective Intelligence Framework. This strategically
integrates human creativity, intuition, and ethical judgment
with AI’s analytical precision, predictive capability, and
scalability. Use the Collective Intelligence Framework as your
practical tool to define and optimize these interactions explicitly,
ensuring humans and AI collaborate productively, ethically, and



sustainably. Embracing collective intelligence means
transcending mere efficiency, unlocking extraordinary
innovation, more profound organizational resilience and
sustained strategic advantage.

Your commitment as a C-suite leader will determine the difference
between incremental improvements and transformative leaps
forward. These three pillars of the AI Leadership Operating System,
AI Organizational Operating System, and the Collective Intelligence
Framework provide the structure and control to minimize your risks
and maximize your ability to lead a truly transformative company. So
now, it’s your turn. AI has profound possibilities as an engine of
genuine, transformative possibilities. Now, it’s up to Team Human.
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Chapter 11
AI in the Next Five Years: Navigating
Strategic Uncertainty

“In the business world, the rearview mirror is always clearer
than the windshield.”

—Warren Buffett

Remember Shereshevsky? The man with perfect memory and no
comprehension. He stored everything and understood nothing. His
mind was, in effect, a hard drive with no operating system: infinite
data, no algorithm to make sense of it. For decades, companies
operated in his image. AI has changed that. The question this book
has been answering is: what does the leader who has finally
integrated the operating system look like?



Meet Morgan Chen.

Morgan wakes at 5:30 a.m., groggy but quickly clearing her
mind with a short meditation session. Her personal AI assistant
has already analyzed her sleep patterns via her smartwatch and
adjusted her morning schedule, suggesting an extra five minutes
of meditation based on slightly elevated stress markers.

“Good morning, Morgan,” her ambient AI assistant greets her.
“Your executive dashboard is ready with priority items. Board
meeting preparations are 92% complete, with three decision
points flagged for your review.”

By 7 a.m., Morgan is at her home office, reviewing an AI-
generated briefing that has distilled thousands of data points
into actionable insights. “Increase resource allocation to the
Shenzhen team by 25%,” she decides, after studying the
recommendation and adding her own contextual knowledge
about the team’s recent leadership changes, something the AI
flagged but could not fully evaluate without her input. Her
decision triggers workflows across multiple AI systems, each
requiring human oversight at critical junctures.

When a competitor announces an unexpected product at 8:30 
a.m., Morgan activates the company’s scenario planning AI,
which generates five potential responses with detailed
probability analyses. “Let’s accelerate Q3, but not by the full six
weeks the AI suggests,” she determines after a video call with
her leadership team. “The Singapore team needs more runway
given their current challenges.” The AI had not factored in the
recent personal struggles of the Singapore director—something
Morgan learned over dinner last month.

Throughout the day, Morgan moves between AI-augmented
decision-making and deeply human interactions. She spends 30
minutes coaching a promising director whom the AI identified
as a flight risk based on subtle changes in communication
patterns. The AI suggested talking points. Morgan’s empathy
and shared experience form the core of the conversation.



By 2:00 p.m., Morgan leads the board meeting, where AI
systems provide real-time data visualization and scenario
modeling as questions arise. The board members look to
Morgan for the contextual judgment, ethical considerations, and
strategic vision that define the company.

At 9 p.m., Morgan reviews the day’s learnings—captured by the
company’s AI systems and her own human observations.
Tomorrow will blend AI efficiency with human judgment again.
That partnership is not a feature of her leadership. It is the
definition of it.

This is not science fiction. Everything Morgan does today is possible,
but she does so with a mindset that recognizes that change has
changed. Profoundly. What makes her exceptional is not her access
to AI. It is her judgment about when to trust it, when to override it,
and when to protect certain decisions from it entirely.

Shereshevsky had infinite memory and no wisdom. Morgan has both.
She understood that the operating system was never AI alone. It was
the human-AI partnership, governed with discipline, calibrated with
care, and guided by the conviction that the machine’s speed and the
human’s judgment are more powerful together than either is alone.

That is the argument this book has made from the first page. This
final chapter asks where that argument leads. Not just for you or
your organization, but for the next five years of the world you are
about to lead.

Let’s look over the horizon.

Limitless Information/Limited Knowledge:
The AI Paradox
In 1941, Jorge Luis Borges wrote two short stories that offer a mirror
to our world today. In “The Library of Babel,” he envisioned an
infinite library of hexagonal rooms, extending endlessly, containing
every possible combination of letters, symbols, and spaces. Within its
vast shelves lie every truth and every falsehood, prophecies and



contradictions equally present, librarians wandering eternally,
driven mad by the search for meaningful order amid infinite chaos.
In another tale, “The Lottery in Babylon,” Borges depicts a society
governed entirely by chance. In this world, every aspect of life,
whether status, fortune, or morality, is dictated by an
incomprehensible lottery based on ever-changing rules with
unknown motivations. As a result, society embraces uncertainty and
believes randomness is fairer than deliberate intent.

Together, these stories illuminate the paradox leaders face in the age
of artificial intelligence. In the first world, confronted by limitless
data, overwhelmed by possibilities yet starved of clarity, we seek the
seductive illusion of predictable outcomes in Borges’ infinite library.
At the same time, we exist in the Babylonian lottery world. Here,
we’re subjected to the whims of algorithms whose inner workings
remain opaque, uncertain whether our fate is determined by
deliberate logic or capricious chance. Navigating this dual reality
demands a leadership comfortable with complexity, skeptical of easy
certainties, and humble enough to accept that absolute knowledge
may remain forever beyond reach in the infinite corridors of AI-
driven futures.

Throughout this book, we’ve shown that AI fundamentally
transforms decision-making, organizational structures, competitive
dynamics, and leadership imperatives. The key insight is that in the
AI age, strategic clarity depends on accepting ambiguity and building
the ability to navigate it. AI’s true distinction lies in its dual role as
both a tool and a collaborator. Unlike past technologies that merely
executed commands, modern AI systems learn, adapt, and co-create.
This collaboration between human and machine intelligence
redefines organizational capability and executive decision-making.

The C-suite executive who thrives in this environment will embrace
strategic uncertainty, not as an obstacle to be overcome but as the
very medium through which innovation and competitive advantage
now flow. To do so, executives should foster a mindset adaptable to
rapid shifts, anticipate long-term transformations, and encourage
teams to explore new solutions. As strategist Rita McGrath observed,
“The difficulty with such an emphasis on facts is that, unfortunately,
facts are often a lagging indicator of what could potentially be



important. By the time you are dealing with a fact on the ground,
whatever led to it has already happened.”1 This has never been truer
than in today’s and tomorrow’s AI-driven business universe.

Nevertheless, we must continue to adapt to AI while building future
models that co-create the AI future we desire as a business and as a
society, one that maximizes the upsides and minimizes the
downsides. The future is impossible to predict precisely, yet
understanding the trajectory of artificial intelligence and related
technologies is indispensable for today’s business leaders. AI has
become an essential force reshaping business and society, bringing
unprecedented opportunities and significant risks. Strategic clarity
in the age of AI will not emerge from eliminating uncertainty but
rather from becoming adept at navigating it. The C-suite must
embrace strategic agility, preparedness, and continual learning as
cornerstones of leadership that will win the future.

The Next Five Years: Signal, Not Noise
The generative AI boom triggered by ChatGPT’s launch in late 2022
has produced genuine capability and inflated expectations in equal
measure. For executives seeking competitive advantage, neither the
techno-utopian nor the defensive doomer position serves. What
follows is neither. It is a clear-eyed account of where AI is heading
and what that means for the organizations you lead.

Another reminder. This is the least capable AI we will ever witness.

The next five years will likely not be defined by a single dramatic
breakthrough. This progress will be defined by convergence: multiple
dimensions of AI capability maturing simultaneously, integrating
into the infrastructure of business, and creating a new competitive
baseline that will separate the prepared from the reactive.

From perception to reasoning. Current AI systems excel at
pattern recognition. What is changing, faster than most analysts
expected, is AI’s ability to perform multistep reasoning, understand
causality, and maintain logical consistency across complex problems.
The inflection point has already been crossed, where AI’s role shifted
from merely providing data to actively helping to conceptualize



solutions. This is not a marginal improvement. Take note. It is the
difference between a very fast research assistant and a thinking
partner.

From isolated to integrated. We’ve already seen how AI embeds
its capabilities directly into the core systems organizations already
run on. That’s your planning platforms, your customer systems, and
your operational infrastructure. AI has stopped being a separate
application and has become the nervous system of your existing
operations.

From reactive to agentic. The shift from AI as a passive tool that
responds to queries to AI agents that take initiative within defined
parameters is already underway. We are done with AI as Google.
Examples are visible in cybersecurity, customer service, and software
development. Within a few years, agentic AI will be the default mode
of AI deployment in most enterprise contexts. Chapter 9 gave you the
governance architecture for this. The question is no longer whether
agents will handle most routine work. It is whether your organization
will be ready to govern them when they do.

The Economic Reality
The productivity data is no longer theoretical. Generative AI
increased work throughput by an average of 66% in controlled
trials.2 Employees augmented by AI assistants experienced gains of
25% to 40% on knowledge-worker tasks; coding was completed 56%
faster; writing quality improved by 37%; and customer service
handled 20% more cases per hour. These are not marginal
improvements. These are just the first step-changes in what human-
machine collaboration can achieve.

The macroeconomic outlook confirms this. AI is projected to
contribute between $15.7 trillion and $19.9 trillion to the global
economy by 2030.3 For each dollar invested in business-related AI
solutions, about $4.60 in economic value is created.4 The
organizations that benefit most are not necessarily those with the
most advanced models. They are the ones who redesigned their
workflows to enable the models to function. Knowing when to turn
the dial and when not to is key.



The Workforce Shift
The labor market will see significant churn. The World Economic
Forum projects a net increase of 78 million jobs globally by 2030,
driven by AI and related technologies. New roles for data scientists,
AI system trainers, AI ethicists, and automation strategists. Many
existing jobs will evolve and likely disappear, with AI handling
specific tasks and elevating the importance of uniquely human
capabilities: complex judgment, contextual communication, ethical
discernment, and creative synthesis.

There is a risk of mass unemployment. There is already a hollowing
out of the institutional wisdom that makes the automation
trustworthy. The companies that get this right will not be the ones
that replace the most people, but rather the ones that develop the
most people alongside the technology.

Healthcare
AI promises transformative changes in healthcare, enhancing
diagnostic accuracy and efficiency. AI-assisted breast cancer
screening improved detection rates by 29%, significantly reducing
clinician workloads.5 Similarly, AI has outperformed human
clinicians in stroke diagnosis, doubling accuracy in certain cases. AI’s
integration of multimodal data, including imaging and genomics,
advances personalized medicine, which is critical given a projected
shortage of 11 million healthcare workers by 2030.6 Yet, patient
safety and ethical concerns remain significant. AI errors could
threaten lives, especially when used without human oversight. ECRI
warns that AI can expand risks across diagnosis, scheduling, and
treatment, potentially exacerbating disparities if trained on biased
datasets.7 Rigorous validation, continuous monitoring, and human
oversight will be essential for the responsible deployment of AI.

The Societal Stakes
AI’s impact on society will be as consequential as its impact on
business, and the C-suite has more responsibility in shaping that
impact than most executives currently acknowledge. There are no
free riders in the private sector when it comes to AI. Your



deployment decisions contribute to a cumulative societal outcome,
whether you intend them to or not.

The standard for C-suite leadership in this environment is
stewardship, not compliance. The governance frameworks in this
book are not just tools for competitive advantage. They are your
contribution to whether AI becomes an empowering force or an
accelerant of existing divides. That is not a question for regulators
alone. It is a question for every executive who signs off on an AI
deployment.

Five Bets for The Next Five Years
We close with five predictions for the next five years. These are not
hedged forecasts. They are best informed by the frameworks in this
book, the patterns we have observed across industries, and the
conviction that most AI commentary mistakes the technology story
for the business story. We may be wrong on the timing. We do not
believe we are wrong on the direction.

The New 80/20 Rule
For most of the modern era, competitive advantage was distributed
unevenly but survivably. Middling companies could persist for
decades on inertia, brand recognition, and adequate execution. AI
changes that arithmetic. Within five years, we predict that 80% of
new market value in most industries will be captured by 20% of
companies, the ones that mastered governance, built centaurs, and
turned the dial while competitors were still debating whether to
adopt.

The remaining 80% of companies will not necessarily disappear. But
they will find themselves in a permanent Red Ocean, competing on
price for commoditized AI-augmented services while the top quintile
creates and captures new markets. The gap between AI-literate
organizations and AI-adopting organizations, between those who
redesigned the factory around electricity and those who bolted a
motor onto a steam-age layout, will become the defining competitive
divide of the decade.



Data as the New Balance Sheet
For years, we have heard that data is the new oil. That was
directionally right but strategically vague. The real shift is more
specific: within five years, companies will be valued not just for their
earnings but for the quality, exclusivity, and strategic utility of their
institutional knowledge. When every competitor has access to the
same foundation models, the differentiator becomes the proprietary
data that those models are trained on: customer histories,
operational failure libraries, supply chain patterns, and institutional
wisdom accumulated over decades.

The companies that organized this knowledge into assets that their
AI can learn from will compound their advantage with every cycle.
Those who treated data as a byproduct of operations rather than a
strategic asset will discover, too late, that their AI is only as smart as
their data infrastructure allows it to be. Expect to see data quality
and proprietary knowledge assets appear on analyst reports and
acquisition term sheets alongside EBITDA within the decade.

The Last Generation of Human-Only
Managers
Here is a demographic reality that almost no one in the AI
conversation is discussing: Generation X will be the last cohort of
leaders whose entire management training was built around leading
humans alone. The generation now entering the workforce will
manage humans, AI agents, and physical robots simultaneously,
from their first day.

This is not a technology prediction. It is an organizational one. The
skills required to orchestrate a mixed workforce of people and
machines, setting decision rights, calibrating trust, knowing when to
override and when to defer, are fundamentally different from the
skills taught in every MBA program and leadership development
course for the past 50 years. The companies that recognize this shift
and redesign their talent development accordingly will build the
leadership pipeline for the next era. The ones that keep training
managers as if their only direct reports will be human will find



themselves with leaders who are fluent in half the language their
organization speaks.

The Return to On-Premises and Open Source
This is our most contrarian prediction, and we hold it with
conviction. The current AI narrative assumes that cloud-based
foundation models from a handful of providers will dominate
enterprise AI indefinitely. We believe the opposite is beginning: a
structural migration toward on-premises deployment and open-
source models as the dominant enterprise AI architecture.

The reasons are converging from multiple directions. Data
sovereignty regulations are tightening globally. The cost of cloud-
based AI at scale is becoming prohibitive for many organizations.
And the DeepSeek moment of 2025 demonstrated that smaller,
specialized models can match frontier performance at a fraction of
the cost. When a Chinese startup matches OpenAI’s output quality
for pennies on the dollar, the argument that you need the largest
model from the largest provider collapses.

Enterprises that can run capable models on their own infrastructure,
trained on their own proprietary data, achieve something the cloud
model can never fully offer: complete control over their intelligence.
Expect AI sovereignty to become as important to boardrooms as data
sovereignty was in the previous decade.

A New Age of Enlightenment
Most AI forecasts focus on what will be destroyed: jobs eliminated,
industries disrupted, companies made obsolete. We see something
else coming, a hyper-acceleration of entrepreneurship unlike
anything since the Internet’s first decade.

When the cost of building software approaches zero, when a single
founder with an AI agent can do the work that once required a team
of 20, when the barriers to creating a viable product collapse from
hundreds of thousands of dollars to hundreds, you do not get
consolidation. You get an explosion of creation. We predict a
renaissance of small, lean, AI-native companies that compete not on



scale but on taste, judgment, and the quality of their human-AI
architecture. The centaur entrepreneur, moving at machine speed
with human intuition, will be the defining figure of the next decade.

Just as the printing press did not merely make existing books
cheaper but created entirely new forms of knowledge and expression,
AI will not merely automate existing businesses. It will make entirely
new businesses possible that were previously too small to be viable,
too complex to be manageable, or too niche to attract capital. The
democratization of capability is the most under-discussed
consequence of the AI revolution, and it may ultimately be the most
important.

One Last Bet
If we are going to ask readers to place bets, we should place one
ourselves.

By 2030, the most valuable company in at least three major
industries will not be the one with the most AI agents, the most data,
or the largest R&D budget. It will be the company with the best
human-AI governance architecture, the one that figured out which
decisions to automate, which to augment, and which to protect from
automation entirely. Competitive advantage will belong to the
organizations that drew the sharpest lines, not the ones that drew the
fewest.

That prediction is specific enough to be wrong. We make it anyway,
because everything in this book points in the same direction: the
technology is a commodity, the governance is the moat.

In the first chapter, we met a man with perfect memory and no
comprehension. He had a mind that could store everything and
understand nothing. The centaur is the operating system he never
had.

The Centaur’s Return
We met Gulliver earlier on the island of the Houyhnhnms, where he
fell in love with the horses’ pure reason and could no longer stomach



the sight of his own kind. Swift meant this as a warning. Gulliver’s
tragedy was not that he admired the horses but that he saw only two
options: be a rational machine or be an irrational human. He could
not imagine a creature that was both.

This book has argued for that third way. The centaur’s half-human
judgment, half-machine capability is governed by the frameworks
we’ve shared, which evolve as the relationship matures. Not the
Yahoo (the brutish humans in Gulliver’s Travels), stumbling through
a world it cannot process fast enough. Not the Houyhnhnm,
optimizing with elegant precision toward goals no one examined
closely enough. The Centaur. The one Swift never wrote because, in
his century, it was only a myth.

It is no longer a legend. The tools exist. The frameworks we
presented are in your hands.

Gulliver came home and found he could not live among humans. He
had mistaken the horse’s certainty for wisdom. Don’t make his
mistake. The wisdom was never in the machine’s knowledge and
speed or the human’s instinct alone. It was always a matter of
tension between the two. You have your hand on the dial, turning it
one careful notch at a time.
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