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A Note to the Reader

This book tells the story of trust—how humans built it, how
machines are changing it, and what we must do to keep it.
Along the way, I draw on three kinds of material, and I want
to be honest about which is which.

Documented cases are real events involving real orga-
nizations, real people, and real consequences. When I de-
scribe Amazon’s hiring algorithm, the UK Post Office scan-
dal, or the Dutch childcare benefits crisis, I am drawing from
published reporting, court records, government inquiries, and
peer-reviewed research. Sources are cited throughout and col-
lected at the end of the book. Every factual claim is traceable.

Composite illustrations appear in some chapter open-
ings and throughout the text. When I describe “a nurse check-
ing a triage screen at 3 a.m.” or “a teacher opening her laptop
to find her evaluation score has changed,” I am not describ-
ing a specific individual. I am drawing on widely documented
patterns—the kinds of experiences reported by thousands of
workers in published studies, news accounts, and professional
literature. These scenes are illustrative, and I have tried to
write them so that their composite nature is clear.

Thought experiments are explicitly hypothetical. They
are introduced with signal language—imagine, consider, sup-
pose—and are used to explore ideas, not to assert facts.

This is not a textbook, and I have tried to write it so that
it reads like a conversation rather than a lecture. But the
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claims I make are grounded in real evidence, and the people
whose stories I tell deserve the respect of accuracy. Where I
have made mistakes, they are mine, and I welcome correction.

—A.V., February 2026
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No one noticed the moment it
happened.

There was no announcement.
No law changed.

No machine declared control.

Life just kept getting easier.

Questions were answered faster.
Mistakes happened less often.
Decisions that once took days

began to settle in seconds.

At first, people still paused to think.
Then they started checking the

system.
After a while, the answer was

already waiting
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before the question was finished.

Nothing felt wrong.
In many ways, things felt better than

before.

But something small was quietly
disappearing.

The feeling that a decision truly
belonged

to a person.

The sense that someone, somewhere,
could still say:

This was my choice.
I will answer for it.

So when something went wrong—
and something always does—
the question became harder to

answer:

Who decided?
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Prologue: The Quiet Shift

Picture a hospital at three in the morning.
The fluorescent lights hum. A nurse—any nurse—at the

end of a long shift. She has been on her feet for nine hours.
She has fourteen patients to track. And on the screen in front
of her, a triage system has already sorted the next wave of
emergency cases by severity.

She glances at the list. Checks the top three. Moves on.
She did not build this system. She was not consulted on

how it weighs a racing heartbeat against a dropped blood
pressure. She does not know—cannot know, really—why pa-
tient 7 is ranked below patient 4, or what the machine saw
in the vitals that she might have caught differently. But the
list is there. It is clean. It is confident. And she is tired.

She trusts it. Not because she has examined its logic. Be-
cause the alternative—re-deriving every judgment from scratch,
on every patient, at three in the morning—is not a real option.
The system is not forcing her hand. It is simply faster, more
organized, and always present. Over time, its suggestions
start to feel less like suggestions and more like how things
are.

∗ ∗ ∗

A different screen. A different person.
A teacher in Houston opens her laptop on a Tuesday

morning and discovers that her performance score has dropped.
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Not by a little—by enough to put her job at risk. She teaches
fourth-grade reading. Her students have been making progress.
She has been staying late, tutoring kids who need extra help.
But the number on the screen comes from a model she has
never seen, trained on data she cannot access, using methods
no one in her school can explain.

She wants to challenge it. But challenging means paper-
work, meetings, the implication that she is not a team player.
The number has already entered the system. It is already part
of her record.

The number does not feel like a proposal. It feels like a
verdict.

So she tries. She goes to her principal. The principal is
sympathetic but cannot access the model’s methodology—it
is proprietary. She files a formal appeal. The district re-
sponds with a form letter and a deadline. She calls the state
education office, sits on hold for forty minutes, and is told
to submit her request in writing. She submits it. Six weeks
later, the response arrives: the evaluation process was “con-
ducted in accordance with established procedures.” The score
stands. The record remains.

She did everything right. She used the channels. She
filled out the forms. She asked the questions. And the system
absorbed every one of her challenges the way a stone absorbs
rain.

This is not the absence of recourse. It is the theater of
recourse—a process that exists on paper but changes nothing
in practice.

But automated judgment is not confined to hospitals or

12



Aaron Vick

schools. It is already woven into the texture of ordinary life.
Think about how your day already runs.
You opened your phone this morning. An algorithm had

already sorted your email, deciding which messages deserved
your attention and which could be buried. You drove to work,
or you didn’t—and either way, an insurance model you have
never seen has already priced the risk of your existence. If
you applied for a job in the last five years, a screening system
likely read your resume before any human did. If you have a
credit card, a fraud detection model is watching your transac-
tions right now, making real-time judgments about whether
your behavior is “normal.”

You did not consent to any of this. You were not con-
sulted. In most cases, you were not even informed.

And here is the question this book will not let you avoid:
When was the last time you challenged one of those decisions?

Not because they were wrong. They may have been per-
fectly correct. But because you could have. Because you had
the information, the access, and the standing to say: Wait.
Show me why. Let me see the reasoning. I disagree.

If you cannot remember, that is not a personal failing. It
is the subject of this book.

∗ ∗ ∗

These are not hypothetical scenarios. They are happening
now, in hospitals and schools and hiring offices and unemploy-
ment agencies and courtrooms and warehouses. The details
vary. The pattern does not: judgment is migrating from the
people who bear consequences to the systems that do not.
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The question at the center of this book is not can machines
think? That question has been answered. They can predict,
synthesize, generate, decide. The question is not even are
these systems fair?—important books have already proven
they often are not.

The question is one of authority:

Who governs when the governing is done by ma-
chines?

Not intelligence. Not speed or memory or computational
power. Something older: the capacity to be responsible. To
look a person in the eye and say: I made this choice, and I
will stand behind it.

Machines cannot do that. Not because they are poorly
designed, but because responsibility is not a function. It is
a relationship—between a decision-maker and the people af-
fected, enforced by institutions, remembered by law.

This book makes one argument. I will state it plainly, and
spend the rest of the book showing you why it is true, where
it came from, and what it demands.

The argument is this:

No system should exercise consequential power
over a person’s life without an identifiable human
or institution that bears responsibility for the out-
come and can be compelled to answer for it.

I call this principle accountable authority. It is not
new. It is as old as courts, as old as contracts, as old as the
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handshake that said my word is my bond. Every civilization
that has ever functioned has insisted on some version of it: if
you wield power, you must answer for how you use it.

What is new is the urgency. Because right now, across
every domain that shapes human life—healthcare, employ-
ment, education, criminal justice, public benefits, housing,
credit—automated systems are exercising exactly this kind
of consequential power. And in case after case, when some-
thing goes wrong, there is no one to answer. The developer
points to the data. The data scientist points to the model.
The manager points to the policy. The institution points to
the system. The system points to nothing. It is not a person.
It has no address. It does not take questions.

The result is a phenomenon I call silent authority: power
that is exercised without resistance, not because people agree
with it, but because the structures for disagreement have col-
lapsed. Not hostile. Not malicious. Just unanswerable.

Unanswerable power is illegitimate power—

whether wielded by a person, an institution,

or an algorithm.

That is the oldest principle of legitimate governance, applied
to the newest form of power. This book traces that collapse—
from its origins in the oldest human trust systems, through
the automation of judgment, to the institutional crises that
result when organizations cannot disagree with their own
machines—and proposes the architecture for rebuilding.
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We know the harms. They have been documented, ex-
posed, and named. What we do not yet have is a gov-
ernance architecture—institutional mechanisms, enforceable
principles, and a doctrine of authority that can hold in a world
where consequential decisions are made by systems that can-
not be questioned.

That is what this book builds. It is a book about the
structure of accountable authority in automated institutions :
who must answer, through what mechanisms, enforced by
what law, and remembered by what record. It is written for
anyone who will build, regulate, lead, or be governed by these
systems—which is to say, for everyone. But it is written es-
pecially for the people who will design the institutions of the
next fifty years: in governance, healthcare, education, crimi-
nal justice, public administration, and organizational leader-
ship. The harms have been named. What remains is to build
what comes after.

The story begins long before the first algorithm. It begins
with the oldest technology humans ever invented. Trust. And
the moment it left the body.
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Before Machines Could
Decide
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Trust moved from feeling to record to system
long before AI existed.
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Chapter 1

Memory, Myth, and the First
Trust Systems

Before we could write, we could promise.

There was a time when trust had a face.

Not a logo. Not a credential. Not a five-star rating on a
screen. A face. A voice. A pair of hands you had watched
work.

The midwife who delivered every child in the village did
not carry a license. She carried knowledge that had been
passed to her by touch and repetition, from her mother or her
mentor, through hundreds of births. The community trusted
her not because she had been certified, but because they had
seen her. They had watched her hands. They had heard the
stories of the births she attended—who lived, who struggled,
who she sat with through the long nights.

Her reputation was not written anywhere. It lived in the
memory of the people around her.
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This is the oldest form of trust on earth: I have seen you
work, and I believe you will do it well again. It is personal. It
is local. It is fragile. When the midwife died, her trust died
with her.

The Radius of a Voice

Robin Dunbar proposed a number that has since entered pop-
ular vocabulary: roughly 150—the number of stable relation-
ships a human brain can maintain.1 Within that radius, trust
runs on the simplest mechanism available: I know you. Be-
yond it, you need something else—a record, a reputation, an
institution. That boundary is where the rest of this book
begins.

Memory as Infrastructure

The griots of West Africa are professional rememberers. For
centuries, griots have served as the keepers of genealogy, his-
tory, law, and social knowledge for entire communities. They
memorize lineages that stretch back dozens of generations.
They know who owes what to whom, which families are al-
lied, which disputes were settled and how. In a society with-
out written records, the griot is the record.

Nothing quaint about it. This is a technology—carrying
the same functional load that databases carry today. The
difference is that it lives in a human body and dies when the
body dies.

1Dunbar, R. I. M. “Neocortex Size as a Constraint on Group Size in
Primates.” Journal of Human Evolution, vol. 22, no. 6, 1992, pp. 469–
493.
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Aboriginal Australians developed a similar technology through
songlines—oral navigational maps encoded in song and nar-
rative that describe routes across the landscape. These are
not merely directions. They are knowledge systems: encod-
ing water sources, seasonal food availability, sacred sites, and
social boundaries across tens of thousands of years of contin-
uous use.2

What these systems share is simple: memory is the first
infrastructure of trust. Before you can cooperate at scale,
you need to remember who did what and who can be re-
lied upon. The first civilizations invested that memory in
people—specialists whose job was to remember. This isn’t
quaint history. It is a direct ancestor of the institutional mem-
ory this book will argue we are now in danger of losing. When
we examine, in later chapters, the collapse of audit trails, the
erasure of decision records, and the institutional amnesia that
allows automated systems to escape accountability—we are
watching the modern version of the same problem the griots
solved: who remembers, and what happens when the memory
fails?

The Weight of a Promise

And then there were promises.
The oath, the covenant, the vow. These are not merely

words. They are technologies of commitment—social inven-
tions that bind a person’s future behavior to their present

2For a broader discussion of oral cultures as knowledge systems,
see Ong, W. J. Orality and Literacy: The Technologizing of the Word.
Methuen, 1982.
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word. Yuval Noah Harari argues that shared fictions—stories,
myths, social agreements—are what allowed humans to coop-
erate far beyond Dunbar’s number.3 A promise is such a fic-
tion, made real by witnesses. The village blacksmith swears
to deliver twenty plowshares by spring. Everyone heard him.
If he fails, his reputation shifts. The web of reliance adjusts.

But notice the fragility. The promise has power only
within earshot. It binds only those who witnessed it. It is en-
forced only by the community’s willingness to remember and
to act on that memory. Forget the promise, lose the witness,
or move to a place where no one knows your name, and the
entire system dissolves.

This is the paradox of personal trust: it is deep, resilient,
and real—but it does not scale. The moment you need to co-
operate with someone beyond the radius of your voice, beyond
the reach of your community’s memory, you need something
new.

You need a record.

∗ ∗ ∗

Every chapter in this book is, in some sense, about the
same problem: how do you extend trust beyond the range of
personal knowledge? Each civilization, each institution, each
technology is a different answer. AI is the latest—and most
disruptive—answer yet.

But first: the handshake and the ledger.

3Harari, Y. N. Sapiens: A Brief History of Humankind. Harper,
2015.
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Chapter 2

The Handshake and the Ledger

A contract is a memory that doesn’t need a
witness.

There is a gesture so old that no one knows where it started.
Two people meet. They extend their right hands—historically,

the weapon hand—and clasp. They look each other in the
eye. The handshake.

It carries an enormous payload: I am unarmed. I am
present. I am making a commitment, and my body is here to
back it up. For most of human history, this was how deals
were done. Two people staking their reputations on a grip
and a glance.

The apprentice who showed up at a master craftsman’s
workshop did not sign a contract. He entered a relation-
ship. For seven years—sometimes more—he would learn by
watching, by imitating, by being corrected. The master’s
reputation was his guarantee: if this man trains you, you
can be trusted with the work. The guild system that spread
across medieval Europe was, at its core, an infrastructure of
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vouching.1 The master vouched for the apprentice. The guild
vouched for the master. The customer trusted the product
because the guild mark on it carried the weight of that entire
chain.

It worked. For centuries, it worked. But it had limits.

What the Shopkeeper’s Name Was Worth

Think about the shop on the corner of a town in, say, 1750.
Above the door: a name. Harrison & Sons, Ironmongers. Or
M. Laurent, Boulanger. That name was not a brand in the
modern sense. It was a promise made visible. It said: we
have been here. We will be here tomorrow. Our name is our
livelihood, and we will not risk it by cheating you.

The shopkeeper’s name was her credit rating—years of
reliable transactions, witnessed and remembered. If she sold
bad flour, word spread. Her reputation was legible to anyone
who walked down the street.

This system had a beautiful feature that we have since
lost: the person who made the judgment was the same person
who bore the consequences. The shopkeeper who decided to
trust a customer with credit was the same person who would
suffer if that trust was betrayed. There was no distance be-
tween the decision and its cost. No intermediary. No model.
Just a person, making a bet with their own livelihood.

Remember that. We will need it later.

1Epstein, S. A. Wage Labor and Guilds in Medieval Europe. U of
North Carolina P, 1991.
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The Revolution You Can Hold in Your Hand

And then someone wrote it down.

We do not know exactly when or where the first written
record of a debt was created. The earliest candidates are
Sumerian clay tablets from around 3500 BCE—small, dense
objects covered in cuneiform marks, recording quantities of
grain owed, received, or promised.2 These are not literature.
They are not laws. They are accounting.

The invention of writing, David Graeber argues, was not
driven primarily by the desire to record myths or histories.
It was driven by the need to record debts. The first written
words were not poetry. They were receipts.

Pause there. The technology that would eventually give
us Homer, Shakespeare, and the Universal Declaration of Hu-
man Rights was invented, in all likelihood, to track who owed
what to whom.

And it changed everything.

Before writing, a debt existed only in memory. If the
creditor died, the debt might vanish. Trust was bounded by
the reach of a voice.

Writing broke that boundary. A record persists beyond
the life of the people who created it. It travels. It can be veri-
fied. Suddenly, trust did not require that you know someone.
It required that you could check the record.

2Graeber, D. Debt: The First 5,000 Years. Melville House, 2011,
pp. 38–45.
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The Family Doctor and the Chart

Consider what this looked like in a domain closer to home.
Your family doctor knew you—not from a chart, but from

showing up. She had delivered your children. She knew your
family’s history of heart trouble because she had been there
when your father was carried in from the field.

That knowledge was deep and irreplaceable. It was also
trapped in one person’s head.

When the medical record emerged—first as handwritten
notes, later as structured charts, eventually as electronic health
records—it solved a real problem. Knowledge could be shared.
A specialist in another city could review your history. Pat-
terns could be spotted across populations. But something
was also lost. The chart captured what could be measured
and categorized. It did not capture the doctor’s intuition, the
patient’s fear, the family’s context. The record was accurate
but thin.

This is the trade-off at the heart of every trust technology
we have ever invented: reach versus depth. The handshake is
deep but does not reach beyond the room. The record reaches
everywhere but loses the texture of the handshake.

Courts: The First Contestation Infrastruc-

ture

Written records created a new problem: disputes about what
the record said.

If trust is personal and oral, disputes are resolved by the
community—elders, leaders, the collective memory of who
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said what. But when trust is written, disputes require in-
terpretation: What does the contract mean? Did the terms
apply? Who broke the agreement?

Courts are the answer. They are the first contestation
infrastructure—institutions designed to let people challenge
official accounts and seek revision. The moment trust was for-
malized in records, humans recognized that records could be
wrong, and they built systems to handle disagreement.

What Was Gained, What Was Lost

The ledger revolution gave humanity something extraordi-
nary: the ability to cooperate with strangers. You did not
need to know the merchant in the next city. You needed a
letter of credit that preceded you, issued by someone the mer-
chant trusted.3 The record vouched for you so the person did
not have to.

But every step away from personal trust is a step toward
abstraction. The handshake is concrete—you feel the grip.
The ledger is abstract—you trust the system. Each layer
adds reach and removes relationship. Each creates a new
question: Who do you appeal to when the system is wrong?

In the world of the handshake, you appeal to the person.
In the world of the ledger, the court. In the world of the
algorithm—well. That is what this book is about.

3North, D. C. Institutions, Institutional Change and Economic Per-
formance. Cambridge UP, 1990.
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Oral Trust
Voice, memory, presence

Written Trust
Records, contracts, courts

Institutional Trust
Credentials, bureaucracy

Deep but local
Dies with the person

Portable, persistent
Loses texture

Scales to strangers
Removes relationship

Each step: more reach, less relationship

Figure 2.1: The evolution of trust: from voice to record to in-
stitution. Each transition extends reach but removes a layer of
personal relationship.
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Chapter 3

When Your Boss Became a
Stranger

The factory did not just change what people
made. It changed what people were to each
other.

In 1900, if you worked for a living, you probably knew your
employer’s face.

The farmer knew the landowner. The apprentice knew
the master. The shopkeeper knew the supplier who came
by every Thursday. Work was relational. It was not always
fair—plenty of masters were cruel, plenty of landowners were
exploitative—but it was personal. If something went wrong,
you knew who to talk to. If you were cheated, you knew who
cheated you.

That world did not end with a single event. It ended grad-
ually, over generations, as work migrated from workshops to
factories, from local markets to global supply chains, from
personal relationships to bureaucratic systems. Richard Sen-
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nett, the sociologist, described this transition as “the corro-
sion of character”—not because the new systems were evil,
but because they replaced the stable, long-term relationships
that gave work its meaning with flexible, short-term arrange-
ments that asked for efficiency and offered little in return.1

Employee Number 4,719

The factory changed the nature of work in ways that are easy
to describe and hard to feel unless you have lived through
them.

In a workshop, the craftsman controlled the pace, the
method, and the quality of the work. The master might set
the task, but the hands that executed it belonged to some-
one whose name was known, whose skill was visible, whose
reputation was at stake.

In a factory, the worker was a function. The assembly line
did not care who you were. It cared that you were present
at your station, performing your operation, at the required
speed. Your name was less important than your number.
Your skill was less important than your compliance.

Max Weber, writing in the early twentieth century, saw
this coming. His analysis of bureaucratic authority described
a new kind of power: power exercised not through personal
charisma or traditional status, but through rational-legal struc-
tures—rules, procedures, hierarchies, and records.2 In a bu-

1Sennett, R. The Corrosion of Character: The Personal Conse-
quences of Work in the New Capitalism. Norton, 1998.

2Weber, M. Economy and Society. 1922. Ed. G. Roth and C. Wit-
tich, UC Press, 1978.
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reaucracy, trust is not in people. Trust is in the system. You
follow the process because the process is the authority.

For the worker, this meant a specific and profound change:
the person who judged your work was no longer the person
who knew your work. Your supervisor might never have done
your job. Your evaluation might come from someone who had
never met you. Your future might depend on numbers that
represented your output but not your effort, your reliability,
or your character.

The Credential Replaced the Mentor

There is a parallel shift in how people earned trust in the
labor market.

In the guild system, trust was transferred through per-
sonal relationship. The master vouched for the journeyman.
“I trained this person. I can tell you they are competent.”
The vouching was specific, contextual, and based on direct
observation.

The modern credential—the diploma, the license—does
the same job at scale. The institution vouches, not the per-
son. A hospital in Kansas can hire a nurse from California
because both trust the state board. But the credential cap-
tures only what can be standardized. It does not capture
wisdom, judgment, or the hundred small things that distin-
guish competent work from excellent work.

Joel Mokyr calls this the transition from “tacit knowledge”
to “codified knowledge”—from what lives in skilled hands to
what can be written down and examined.3 The gain is porta-

3Mokyr, J. The Gifts of Athena: Historical Origins of the Knowledge
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bility and scale. The loss is everything that resists codifica-
tion.

The Gig Economy: Trust Fully Abstracted

Fast-forward to the twenty-first century. The logical endpoint
of this trajectory is the gig economy: work relationships in
which the worker has never met anyone at the company that
determines their livelihood.

A rideshare driver opens an app. The app assigns rides,
sets prices, tracks performance, and determines whether the
driver remains on the platform. The driver’s “boss” is a set of
algorithms. Their reputation is a star rating. Their employ-
ment security depends on metrics they did not design and
cannot appeal.

Alex Rosenblat, studying the experiences of Uber drivers,
documented a pattern that will become central to this book:
workers subject to algorithmic management who could not
understand, predict, or effectively challenge the systems that
governed their work.4 The app was simultaneously intimate
(always present, always tracking, always responsive) and re-
mote (no human boss, no appeal process, no explanation).

Guy Standing named this emerging class of workers “the
precariat”—people in precarious employment, lacking the sta-
ble relationships and institutional protections that previous
generations of workers took for granted.5

Economy. Princeton UP, 2002.
4Rosenblat, A. Uberwork and the Algorithmic Workplace. UC Press,

2018.
5Standing, G. The Precariat: The New Dangerous Class. Blooms-

bury, 2011.
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The Pattern

Zoom out and the pattern is hard to miss:

Table 3.1: The arc of trust in work: from personal to algorithmic.

Who

judges you

How

you appeal

What’s

at stake

Workshop The master who
trained you

Direct conversation Your reputation in a
community

Factory A supervisor you
may not know

Formal grievance
process

Your position in a
hierarchy

Corporation An HR system using
metrics

Policy-defined chan-
nels

Your career trajec-
tory

Gig plat-
form

An algorithm you
cannot see

None, or a form Your ability to work
at all

Each row is a step further from the handshake. Each
makes it harder to answer: Who do I talk to when the system
is wrong?

This is the world AI entered. Not a world of stable trust
relationships. A world already replacing personal trust with
institutional trust, now replacing institutional trust with al-
gorithmic trust. The ground was shifting. AI made it shift
faster.

∗ ∗ ∗

From the midwife’s hands to the gig worker’s app, one
contract has held: if you exercise power over my life, I can
identify you, question you, and compel you to answer. That
contract has many names—rule of law, due process, profes-
sional accountability. In this book, I call it accountable
authority.
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What Part I has traced is the long, slow erosion of that
contract. Not by villains. By scale. By the natural drift of
organizations toward systems that are faster, cheaper, and
less answerable than the humans they replaced.

Now something far more powerful has arrived. Machines
that can think—or do a very convincing impression of it. And
what they threaten is not jobs or status. Those conversations
matter, but they miss the deeper danger. What thinking ma-
chines threaten is the contract itself: the ancient assumption
that power comes with a face, a name, and the obligation to
answer.

What happens when that contract breaks—and what it
takes to rebuild it—is where we turn next.
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When Intelligence Became
Abundant
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When intelligence scales, authority destabilizes.
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Chapter 4

The End of Scarcity in Think-
ing

For most of history, if you wanted an expert
opinion, you needed an expert. That constraint
just broke.

Intelligence used to be expensive.

Not in the abstract sense—but in the blunt, practical
sense that getting a good answer to a hard question required
access to a person who had spent years acquiring expertise.
A diagnosis required a doctor. A contract required a lawyer.
Each represented an enormous investment: years of educa-
tion, practice, and judgment. They were scarce. And be-
cause they were scarce, access to intelligence was rationed—
by wealth, geography, and institutional gatekeeping.

Most people, for most of history, made consequential de-
cisions without expert guidance.

Then the constraint broke—fast.
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When the Machine Passed the Exam

In 2017, a team of researchers at Stanford published a pa-
per describing CheXNet, a deep learning model that could
detect pneumonia from chest X-rays at a level matching or
exceeding the performance of practicing radiologists.1 The
paper was careful in its claims. The model was trained on
a specific dataset. The comparison was limited. The clinical
implications were uncertain.

But the headline traveled faster than the caveats: AI
matches radiologists.

Think about what that headline meant to a radiologist
in her fifties, with decades of training and experience, who
had spent years developing the visual intuition to spot sub-
tle patterns in medical imaging. The machine did not have
intuition. It had statistics—billions of parameters, adjusted
through exposure to hundreds of thousands of labeled im-
ages. But the output looked the same: this image suggests
pneumonia.

What followed was not a debate about whether the ma-
chine was right. Often it was. What shook the profession
was what it meant for the value of human expertise when a
machine could produce the same output for a fraction of the
cost and in a fraction of the time.

1Rajpurkar, P., et al. “CheXNet: Radiologist-Level Pneumonia De-
tection on Chest X-Rays with Deep Learning.” arXiv:1711.05225, 2017.
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The Unbundling

Agrawal, Gans, and Goldfarb offered a useful framework: AI
is fundamentally a technology that makes prediction cheap.2

When prediction becomes cheap, it gets used everywhere—
just as cheap electricity got used for things no one imagined.

But prediction is only one component of expertise. A
skilled professional does not just predict. She judges—weighing
competing values, making decisions under uncertainty. Pre-
diction tells you what is likely. Judgment tells you what to
do about it.

The AI revolution unbundled these two things. It made
prediction astonishingly cheap. It did not make judgment
cheap. If anything, it made judgment more important.

David Autor identified this as the “paradox of automa-
tion”: automation raises the value of the human tasks it can-
not do, even as it eliminates the tasks it can.3 Radiologists
are not obsolete. But their work is shifting—from pattern
recognition toward judgment and the management of uncer-
tainty.

The Journalist and the Machine

In 2014, the Associated Press announced a partnership with
Automated Insights to generate quarterly earnings reports us-
ing the company’s Wordsmith platform.4 The system could

2Agrawal, A., J. Gans, and A. Goldfarb. Prediction Machines. Har-
vard Business Review Press, 2018.

3Autor, D. H. “Why Are There Still So Many Jobs?” Journal of
Economic Perspectives, vol. 29, no. 3, 2015, pp. 3–30.

4Colford, P. “A leap forward in quarterly earnings stories.” AP Blog,
June 30, 2014. See also Clerwall, C. “Enter the Robot Journalist.” Jour-
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take structured financial data and produce a publishable news
story in seconds—a task that had previously required a hu-
man journalist to read the data, identify the key numbers,
and write a narrative around them.

The AP was transparent about the shift. They explained
that automation freed their journalists to do more substantive
reporting—analysis, investigation, storytelling—by handling
the routine, formulaic work. And for the narrow category of
templated earnings summaries, that was true: reader studies
found the automated reports largely indistinguishable from
basic wire copy in perceived quality.

But the experience was unsettling for journalists who had
spent years learning to turn data into narrative. It raised a
question that echoes across every profession AI touches: If
the output looks the same, does it matter who—or what—
produced it?

The answer, this book will argue, is yes. It matters enor-
mously. But not for the reason most people think.

The Authority Question

The deeper issue is not quality. It is authority.
And the institutional mechanism that turns a prediction

tool into a governing authority is remarkably consistent. Cheap
prediction becomes the default option—the output is there, it
is fast, and ignoring it requires justification. The default be-
comes embedded in workflow—the system generates the rec-
ommendation, and the human clicks “approve.” The workflow

nalism Practice, vol. 8, no. 5, 2014, pp. 519–531, for early research on
reader perceptions of automated news.
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generates a record—the recommendation enters the file, the
database, the permanent history. And the record becomes in-
stitutional reality—other systems, other departments, other
institutions treat it as fact. By the time anyone questions the
original output, it has hardened into something that looks like
a decision, even though no identifiable person ever made one.

This is the pathway from tool to governor. It does not
require anyone to intend it. It requires only that no one
interrupts it.

When a doctor diagnoses you, the diagnosis carries au-
thority because the doctor has trained, practiced, and ac-
cepted responsibility. If wrong, there is someone to hold ac-
countable. When an algorithm diagnoses you, the output
may be equally accurate. But the algorithm cannot explain
its reasoning. It cannot be held accountable. It cannot look
you in the eye.

Brynjolfsson and McAfee described machines entering the
domain of cognitive work, disrupting professions long consid-
ered automation-proof.5 The economic implications are sig-
nificant. But the trust implications are more significant still.
When intelligence becomes abundant, the stakes shift: not
can we get a good answer? but who is responsible for the
answer we got?

Tools and Governors

Keep one distinction in view for the rest of this book.

5Brynjolfsson, E., and A. McAfee. The Second Machine Age. Norton,
2014.
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Some automated systems are tools: their outputs are ad-
visory, low-stakes, and reversible by default. The email filter
that sorts your inbox. The spellchecker that underlines a
word. The music app that suggests a playlist. You can ig-
nore the output. Nothing happens to you if you do. The
system serves you; you remain in charge.

Other automated systems are governors: their outputs
enter records, allocate resources, trigger penalties, or con-
strain liberty. The hiring algorithm that screens your re-
sume before a human sees it. The fraud detection model that
freezes your account. The risk score that follows you from one
institution to the next. You cannot easily ignore the output,
because the output has already changed your situation. The
system does not advise you. It acts on you.

The line between tool and governor is not always bright.
A recommendation becomes governance when it is treated as
a default that requires effort to override, when it enters a
record that persists, or when it shapes choices in a domain
the person cannot exit. But the distinction matters, because
the obligations of accountable authority—boundedness, con-
testability, identifiable responsibility—apply to governors in
a way they do not apply to tools. When we say “automated
systems must be answerable,” we mean these systems: the
ones exercising consequential power. Not every algorithm.
The ones that govern.
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Scarce In-
telligence
Experts are

few, expensive,

and locally available

Abundant
Intelligence
Prediction is
cheap, fast,

and everywhere

Authority Crisis
Who is responsible

when the ma-

chine decides?

AI revolution

Accountability gap

Figure 4.1: The path from scarce intelligence to authority crisis.
Making prediction cheap does not make accountability cheap.
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Simulation Without Under-
standing

The most dangerous machine is one that gives
the right answer for the wrong reason.

There is a program called ELIZA.
It was written in 1966 by Joseph Weizenbaum at MIT.

ELIZA was simple—shockingly simple. It used pattern match-
ing to respond to typed sentences, rephrasing the user’s own
statements as questions. If you typed “I am unhappy,” ELIZA
might respond: “Why are you unhappy?” If you typed “My
mother makes me angry,” it might say: “Tell me more about
your mother.”

ELIZA was not intelligent. It was a parlor trick—a demon-
stration of how little it takes to create the appearance of un-
derstanding. Weizenbaum intended it as a critique. Instead,
something unexpected happened.

People fell for it.
Students who interacted with ELIZA began confiding in
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it. They shared personal problems. They expressed emo-
tions. They asked for its “advice.” Some of them, knowing
perfectly well that ELIZA was a program, still found them-
selves treating it as a confidant.1

Weizenbaum was disturbed. Not because ELIZA worked—
but because the bar for simulating understanding turned out
to be so much lower than anyone had imagined. Humans, it
seemed, were not just capable of being fooled by a machine
that mimicked comprehension. They were eager to be fooled.

The Parrot and the Philosopher

Fast-forward half a century. The descendants of ELIZA are
incomparably more sophisticated—large language models trained
on billions of words, capable of writing essays, answering
questions, generating code, translating languages, and carry-
ing on conversations that are, to most people, indistinguish-
able from human communication.

But the core question Weizenbaum raised remains unan-
swered: Does the machine understand?

Emily Bender and her colleagues, in a 2021 paper that
became one of the most discussed in the field, argued that it
does not. They described large language models as “stochastic
parrots”—systems that produce fluent, convincing language
by predicting statistically likely sequences of words, without
any underlying model of the world, any genuine comprehen-
sion, or any awareness of what the words mean.2

1Weizenbaum, J. Computer Power and Human Reason. Freeman,
1976.

2Bender, E. M., et al. “On the Dangers of Stochastic Parrots: Can
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That’s not an insult. It is a description of what the tech-
nology does. A language model generates text that is statis-
tically consistent with its training data. When it produces
a correct diagnosis, a cogent legal argument, or a moving
piece of prose, it is not “understanding” in any sense that a
philosopher would recognize. It is performing an extraordi-
narily sophisticated form of pattern completion.

John Searle made this argument decades earlier with his
Chinese Room thought experiment: a person who follows
rules to manipulate Chinese symbols, producing perfectly co-
herent outputs, does not thereby understand Chinese.3 The
manipulation is not comprehension. The performance is not
understanding.

The Lawyer Who Cited Cases That Did Not

Exist

In June 2023, a New York attorney named Steven Schwartz
was sanctioned by a federal judge for submitting a legal brief
containing six case citations that were entirely fabricated—
invented by ChatGPT.

Schwartz had asked the AI to research relevant precedents
for a personal injury case, Mata v. Avianca. The system
returned fluent, authoritative-sounding citations, complete
with case numbers, court names, and judicial reasoning. The
citations looked real. They read like real case law. They were
not. None of the cases existed. The courts named in the ci-

Language Models Be Too Big?” FAccT ’21, 2021, pp. 610–623.
3Searle, J. R. “Minds, Brains, and Programs.” Behavioral and Brain

Sciences, vol. 3, no. 3, 1980, pp. 417–424.
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tations had never issued the rulings described. The judges
attributed to those opinions had never written them.4

When asked by the court to verify his sources, Schwartz
went back to ChatGPT and asked if the cases were real. The
system assured him they were.

This is what simulation without understanding looks like
at ground level. The model did not “lie.” It has no concept of
truth. It generated sequences of words that were statistically
consistent with legal writing, in the same way it might gen-
erate a plausible-sounding recipe or a convincing paragraph
about a historical event that never happened. It was fluent.
It was confident. It was completely, structurally indifferent
to whether anything it said was true.

Fluency is not knowledge. Confidence is not com-
petence. And the capacity to produce a convincing sen-
tence about justice is not—will never be—conscience.

Why We Fall for It

If the machines do not understand, why do we treat them as
if they do?

The answer predates AI by decades. Reeves and Nass
demonstrated that humans respond socially to computers ex-
hibiting even minimal social cues—politeness, responsiveness,
turn-taking.5 Nass and Moon formalized this as the Com-

4Mata v. Avianca, Inc., No. 22-cv-1461 (S.D.N.Y. 2023). Judge P.
Kevin Castel, Order imposing sanctions, June 22, 2023.

5Reeves, B., and C. Nass. The Media Equation. Cambridge UP,
1996.
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puters as Social Actors paradigm: we apply social rules to
machines automatically, even when we know better.6

We do this because our social cognition evolved in a world
where the only things that talked were people. That wiring
does not turn off because we know we are talking to a ma-
chine. In a world of large language models—systems that are
conversational, personalized, and emotionally fluent—this be-
comes a structural vulnerability. The machine sounds like it
cares. We respond with trust.

Performance Is Not Legitimacy

One distinction matters for everything that follows:
A machine that performs well is not the same as a ma-

chine that has earned authority.
Performance is a measure of output quality: did the sys-

tem give the right answer? Legitimacy is a measure of earned
authority: does the system have the right to make this deci-
sion, and can it be held responsible if the decision is wrong?

A calculator performs well at arithmetic. We do not grant
it authority over our finances. A GPS performs well at nav-
igation. We do not hold it responsible when it leads us off a
cliff. In these cases, the distinction between performance and
authority is obvious because the tools are clearly tools.

But when the tool talks back—when it sounds like a col-
league, adapts to your preferences, remembers your conver-
sations, and produces outputs indistinguishable from expert
judgment—the line between performance and authority blurs.

6Nass, C., and Y. Moon. “Machines and Mindlessness.” Journal of
Social Issues, vol. 56, no. 1, 2000, pp. 81–103.
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That is where the danger lives. Not conscious machines.
Unconscious machines that we treat as authorities. A lawyer
trusts a system that invents case law. A nurse trusts a triage
list she cannot question. A teacher is judged by a score no
one can explain. In each case, the machine performed. In
none of them did it know.

The narrower claim is this: it is not that LLMs are use-
less, or that systems lacking understanding are illegitimate
in all contexts. The claim is more specific and more de-
fensible. These systems are structurally indifferent to truth.
They optimize for plausibility, not accuracy. And in any do-
main where the stakes are consequential—where the output
enters a record, triggers a penalty, or constrains a person’s
liberty—structural indifference to truth disqualifies a system
from serving as the final authority. Not from assisting. From
deciding. The human in the loop is not a courtesy. It is the
point at which someone who cares whether the answer is true
takes responsibility for the consequences.
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The Automation of Judgment

No one decided to hand over the decisions. It
happened one delegation at a time.

In 2018, Reuters reported that Amazon had built and then
scrapped an internal AI tool designed to automate resume
screening for technical positions.

The system had been trained on ten years of hiring data—
a decade of resumes submitted to Amazon, along with the
outcomes of those applications. The intent was straightfor-
ward: build a model that could identify the best candidates,
saving recruiters thousands of hours of manual review.

The model learned exactly what the data taught it. And
the data, reflecting a decade of hiring in the male-dominated
tech industry, taught it that maleness was a predictor of
success. The system began penalizing resumes that con-
tained the word “women’s”—as in “women’s chess club” or
“women’s college.” Graduates of all-women’s colleges were
downgraded.1

1Dastin, J. “Amazon Scraps Secret AI Recruiting Tool That Showed

50



Aaron Vick

Amazon killed the project. The lesson was not about one
company’s mistake. The same pattern was already playing
out across industries, in domains where the stakes were life-
altering.

Healthcare: The Algorithm That Underesti-

mated Black Patients

In 2019, a team led by Ziad Obermeyer at UC Berkeley pub-
lished a study in Science that exposed a deeply embedded
racial bias in a widely used healthcare algorithm.

The algorithm, developed by Optum and reported to af-
fect care-management decisions for as many as 200 million
people across the U.S. health system,2 was designed to iden-
tify patients who would benefit from extra care. It used
healthcare costs as a proxy for healthcare needs. Sicker pa-
tients, the logic went, spend more.

But due to well-documented disparities in access, Black
patients systematically spent less on healthcare than white
patients with the same severity of illness. The algorithm
learned that Black patients were “healthier” than they ac-
tually were. At any given risk score, Black patients were con-
siderably sicker than white patients assigned the same score.3

The algorithm was not designed to be racist. It was designed
to be efficient. Efficiency built on biased data produced dis-

Bias Against Women.” Reuters, October 10, 2018.
2The 200 million figure was widely reported following the Science

publication; see Obermeyer et al. (2019). The exact number depends
on insurer deployment context and varies across health systems.

3Obermeyer, Z., et al. “Dissecting Racial Bias in an Algorithm.”
Science, vol. 366, no. 6464, 2019, pp. 447–453.
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criminatory outcomes.

Teaching: The Score That No One Could Ex-

plain

Between 2011 and 2017, the Houston Independent School
District used a system called EVAAS—the Education Value-
Added Assessment System—to evaluate teacher performance.
The system used student test scores to calculate a “value-
added” measure: how much did each teacher contribute to
student learning, after controlling for other factors?

In theory, this was an improvement over subjective evalua-
tions. In practice, teachers found themselves living and dying
by numbers they could not understand. A teacher might re-
ceive a high score one year and a low score the next, with
no change in their teaching practice. The model’s calcula-
tions were proprietary. The factors it weighted were opaque.
When teachers asked how their scores were calculated, they
were told the methodology was confidential.

Teachers were fired based on these scores. The Houston
Federation of Teachers filed a lawsuit in 2014, arguing that
the system violated due process. In 2017, a federal magistrate
judge recommended—and the district court adopted—a find-
ing that the use of a secret algorithm to make high-stakes
employment decisions, without meaningful opportunity for
teachers to understand or challenge their scores, raised se-
rious due process concerns.4 The ruling did not invalidate

4Houston Federation of Teachers v. Houston Independent School
District, U.S. District Court, Southern District of Texas, 2017. The
case was resolved through a consent decree; the court did not reach a
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value-added modeling as a concept. It found that this imple-
mentation—opaque, uncontestable, consequential—failed the
basic test of procedural fairness. The system lacked what we
might call legibility : the condition of being readable by the
people it affects.

Benefits: Twenty-Six Thousand Families

In the Netherlands, the tax authority implemented an algo-
rithmic system to detect fraud in childcare benefit applica-
tions. The system flagged applicants for investigation based
on a set of risk indicators.

Approximately 26,000 families were wrongly accused of
fraud—many with dual nationalities, disproportionately tar-
geted by the algorithm’s risk profile. Families were ordered
to repay tens of thousands of euros. Some lost their homes.
Some lost their children to foster care.

The entire Dutch cabinet resigned. In January 2021, Prime
Minister Mark Rutte’s government fell—not over a war, not
over a financial crisis, but over an algorithm. A parliamen-
tary inquiry documented the systematic failure of the tax au-
thority to respond to evidence that its system was producing
devastating false accusations.5

full constitutional ruling on the merits of EVAAS itself, but the due
process argument was central to the outcome.

5Parlementaire ondervragingscommissie Kinderopvangtoeslag,
“Ongekend Onrecht” [Unprecedented Injustice], Tweede Kamer der
Staten-Generaal, December 2020. See also Bové, T. and de Witt
Wijnen, P. “How an Algorithm Brought Down a Government.” NRC
Handelsblad, January 18, 2021.
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The Arc of Delegation

Assist
Suggestions

for humans

Recommend
Ranked options

with defaults

Decide
System acts,

human reviews

Govern
System sets

the rules

Each step is rational. Each step is small.
The accumulation is transformative.

Figure 6.1: The arc of delegation: how automated judgment
migrates from assistance to governance, one reasonable step at a
time.

Amazon. Optum. Houston. The Netherlands. Different
countries, different domains, different technologies. The same
pattern: a legitimate problem, a reasonable-sounding solu-
tion, gradual delegation, serious harm, and at the end, the
same bewildered question: Who decided this?

No one decided. The delegation happened incrementally,
one reasonable step at a time. The accumulation was a trans-
fer of judgment from humans who could be questioned to
systems that could not.

In Part III, we will see what that transfer costs. Not in
theory. In people’s jobs, their savings, their children, and
sometimes their lives.
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The danger is not hostile AI—
it is unaccountable legitimacy.
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Chapter 7

The Decision No One Made

The worst failures are not the ones where
someone made a bad call. They are the ones
where no one made a call at all.

On the evening of March 18, 2018, at approximately 9:58
p.m., a woman named Elaine Herzberg was walking her bi-
cycle across a four-lane road in Tempe, Arizona. She was
forty-nine years old. She was homeless. She was carrying
plastic bags on her handlebars. She was crossing outside of a
marked crosswalk, in a section of road that was not well lit.

A modified Volvo XC90, operated by Uber’s Advanced
Technologies Group as a self-driving test vehicle, was travel-
ing northbound at approximately 39 miles per hour.

What happened next took six seconds. The NTSB re-
construction is precise enough to be read almost frame by
frame.1

1National Transportation Safety Board. “Collision Between Vehicle
Controlled by Developmental Automated Driving System and Pedes-
trian, Tempe, Arizona, March 18, 2018.” Report HAR-19/03, November
2019.
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At 5.6 seconds before impact, the system’s sensors de-
tected Herzberg. It classified her as a vehicle. At 5.2 seconds,
it reclassified her as other. At 4.2 seconds, vehicle again. At
3.8 seconds, other. At 2.7 seconds, bicycle. At 1.5 seconds,
other again. Each reclassification reset the system’s predic-
tion of her path. It could see her. It could not decide what
she was. And because it could not decide what she was, it
could not decide where she was going.

At 1.3 seconds before impact, the system finally deter-
mined that emergency braking was needed. But Uber had
disabled the Volvo’s stock automatic emergency braking sys-
tem to reduce what engineers called “erratic vehicle behav-
ior.” The system was not designed to alert the human safety
driver. It had no horn, no alarm, no escalation path.

Rafaela Vasquez, the safety driver, was watching a video
on her phone. She looked up 0.5 seconds before the car struck
Elaine Herzberg at 39 miles per hour.

Herzberg died at the scene.

Who Decided?

Six seconds. Enough time to stop the car. Enough time to
sound a horn. Enough time, maybe, for a human driver to
swerve. But the system spent those six seconds deliberating
about a classification problem while a woman walked into its
path.

In the aftermath, the question that haunted the investigation—
and that haunts this entire book—was not “what went wrong?”
The NTSB report laid out the chain of failures with surgical
clarity. What haunted was the question of responsibility.
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Did the software team decide to kill Elaine Herzberg?
No—they built a system they believed was being tested un-
der controlled conditions. Did the safety driver decide? She
was negligent, certainly, but she was also the human crum-
ple zone in a system designed to need her as little as pos-
sible. Did Uber’s management decide? They made choices
about testing protocols, safety thresholds, and competitive
pressure—but no individual manager said, “It is acceptable
for a pedestrian to die.”

Here is what the NTSB found: Uber’s Advanced Tech-
nologies Group did not have a dedicated safety division. It
had reduced the number of safety drivers per vehicle from
two to one. It had disabled the manufacturer’s automatic
emergency braking. It had no formal risk assessment process
for public road testing. And its system had no mechanism to
escalate to the human when its own confidence was low.

Every one of those decisions was made by someone. But
no one made the decision that killed Elaine Herzberg. It
emerged from a system of interacting components—software,
hardware, corporate policy, individual distraction, road de-
sign, competitive urgency—none of which, individually, would
have produced the outcome.

Madeleine Clare Elish coined the term “moral crumple
zone” to describe what happens in these situations: the hu-
man closest to the failure—in this case, the safety driver—
absorbs the blame, just as a car’s crumple zone absorbs the
force of impact. The human is structurally positioned to ab-
sorb responsibility that properly belongs to the entire sys-
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tem.2

Three Hundred and Forty-Six

The Boeing 737 MAX tells a similar story at a larger scale.
The Maneuvering Characteristics Augmentation System—

MCAS—was designed to automatically push the nose of the
aircraft down under certain conditions, to compensate for
aerodynamic changes introduced by the plane’s larger en-
gines. MCAS relied on a single angle-of-attack sensor. If
that sensor malfunctioned, MCAS would push the nose down
based on false data, and it would keep pushing.

On October 29, 2018, Lion Air Flight 610 crashed into the
Java Sea thirteen minutes after takeoff from Jakarta, killing
all 189 people aboard. On March 10, 2019, Ethiopian Air-
lines Flight 302 crashed six minutes after takeoff from Addis
Ababa, killing all 157 people aboard. In both cases, MCAS
activated erroneously and the pilots were unable to override
it in time.

A congressional investigation found that Boeing had min-
imized the role of MCAS in pilot training materials, that
the FAA had delegated significant aspects of the safety cer-
tification process to Boeing itself, and that internal Boeing
communications revealed awareness of MCAS-related risks.3

Again: who decided? The engineers who designed MCAS?

2Elish, M. C. “Moral Crumple Zones: Cautionary Tales in Human-
Robot Interaction.” Engaging Science, Technology, and Society, vol. 5,
2019, pp. 40–60.

3House Committee on Transportation and Infrastructure. “Final
Committee Report: The Design, Development, and Certification of the
Boeing 737 MAX.” September 2020.
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The managers who decided it needed only one sensor input?
The FAA officials who delegated oversight? The airline ex-
ecutives who chose the 737 MAX? The pilots who were not
adequately trained?

Helen Nissenbaum identified this as a fundamental chal-
lenge: systems composed of many agents, none of whom in-
dividually possess the knowledge, authority, or intent to pro-
duce the outcome the system as a whole produces.4

The Organizational Incentive to Not Know

In each case, the organization had incentives not to look too
closely.

Uber wanted to move fast in the self-driving race. Boeing
wanted to avoid costly retraining requirements. The Dutch
tax authority wanted to demonstrate it was tough on fraud.
Michigan wanted to reduce unemployment benefit costs.

In each case, the automated system provided something
irresistible: plausible deniability at scale. The organization
could point to the system and say, “We followed the process.
The system made the determination. We trusted the data.”

That is not a bug. It is an emergent feature of auto-
mated decision-making: the system absorbs the agency, the
organization absorbs the efficiency, and no one absorbs the
responsibility.

And that is how you get decisions that no one made.

4Nissenbaum, H. “Accountability in a Computerized Society.” Sci-
ence and Engineering Ethics, vol. 2, no. 1, 1996, pp. 25–42.
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Institutions That Cannot
Disagree with Their
Own Machines

The most dangerous system is one the
organization cannot afford to question.

Seema Misra bought her sub-post office in West Byfleet, Sur-
rey, in 2005. She was thirty-four. She and her husband Davin-
der had saved for years. The sub-post office was a family
business, a place in the community, a future.

Within months, Horizon—the accounting software that
the Post Office required every sub-postmaster in the United
Kingdom to use—began showing shortfalls. Money that should
have been in the till, according to Horizon, was not. Misra
counted the cash. It was there. She counted again. It
matched. But Horizon said otherwise.

She called the helpline. She was told the system was re-
liable. She was told to check her counting. She was told, in
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effect, that the computer could not be wrong, and therefore
she must be.

The shortfalls grew. By the time the Post Office audited
her branch, Horizon showed a discrepancy of £74,609. The
Post Office did not investigate the software. It investigated
Seema Misra. In November 2010, she was convicted of theft
and sentenced to fifteen months in prison.

She was eight weeks pregnant at the time of her sentenc-
ing.1

Her conviction was quashed by the Court of Appeal in
April 2021. Eleven years later. After evidence emerged that
the Post Office had failed to disclose known problems with
Horizon during her trial.

Seven Hundred

Seema Misra was not alone. She was one of over 700 sub-
postmasters prosecuted by the Post Office between 1999 and
2015, based on evidence generated by Horizon software built
by the Japanese technology company Fujitsu.

Janet Skinner, a sub-postmistress in Hull, was convicted
of false accounting and sentenced to nine months in prison.
She lost her home. She lost custody of her children. When
her conviction was finally overturned in 2021, her children
were adults. The years were gone.

Noel Thomas, a sub-postmaster in Anglesey, was con-
victed at age fifty-eight. He served nine months. His wife

1Hamilton, N. The Great Post Office Scandal. Bath Publishing, 2021.
Court of Appeal, R v Misra [2021] EWCA Crim 514. See also the
ongoing UK Post Office Horizon IT Inquiry, established 2020.
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told the public inquiry that the conviction destroyed him.
He spent years trying to clear his name before the Court of
Appeal quashed his conviction.

Martin Griffiths, a sub-postmaster in Cheshire, took his
own life in 2013. He had been investigated by the Post Office
after Horizon showed discrepancies. He was fifty-nine. At
least three other sub-postmasters are known to have died by
suicide during the scandal.

Alan Bates, a sub-postmaster in North Wales, was one of
the first to refuse the Post Office’s claims. He was not pros-
ecuted. He was terminated—fired for raising concerns about
Horizon’s accuracy. He then spent nearly twenty years orga-
nizing other affected sub-postmasters, fighting the institution
in court, and demanding an investigation. Twenty years. One
man against the British Post Office.

The Post Office’s reliance on Horizon evidence produced
one of the largest miscarriages of justice in modern British
history—hundreds of wrongful convictions, many of which
have since been overturned by the courts.

Horizon had bugs. The software produced phantom shortfalls—
discrepancies that existed in the digital record but not in re-
ality. And the Post Office knew.

What the Post Office Knew

This is where the story turns from tragedy into institutional
misconduct.

Internal documents revealed during the UK Post Office
Horizon IT Inquiry, established in 2020, show that Fujitsu en-
gineers were aware of software defects that could alter branch
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account balances without the sub-postmaster’s knowledge or
consent. Fujitsu had the technical capability to remotely ac-
cess and modify branch data through a system known inter-
nally as “balancing transactions.” The Post Office’s own IT
security team had flagged concerns about Horizon’s reliability
in internal communications.

Despite this knowledge, the Post Office continued to pros-
ecute. Its legal team maintained in court, case after case, that
Horizon was “robust” and “reliable.” When sub-postmasters
protested their innocence—when they said, “The money is
here, the computer is wrong”—the Post Office’s position was
unvarying: the computer cannot be wrong. Therefore you
stole the money.

The institution chose the machine over the human. Not
once. Not in a moment of crisis. Seven hundred times, over
fifteen years. It did so because the infrastructure for contesta-
tion—the ability to challenge the system and be heard—did
not exist.

The Lock-In

Why?
Not because the people at the Post Office were monsters.

Because the institution had built itself around Horizon. The
entire accounting infrastructure—thousands of branches, mil-
lions of transactions, the Post Office’s core claim to financial
competence—depended on it. Questioning Horizon did not
mean questioning one software system. It meant questioning
the foundation of the organization.

And questioning it at scale—admitting that the system
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had been producing false evidence for a decade, that hun-
dreds of prosecutions were miscarriages of justice, that the
institution had been systematically destroying innocent peo-
ple’s lives—was unthinkable. Not in the dramatic sense. In
the structural sense. The financial liability alone would be
devastating. The reputational damage would be existential.
The legal exposure would be catastrophic.

So the institution did what institutions do when the cost
of truth exceeds the cost of denial. It denied. Year after year.
Prosecution after prosecution. Life after life.

Institutional lock-in does not arrive as a single villainous
decision. It arrives as a thousand small ones—to trust the
system, to dismiss the complaints, to assume the human must
be the problem, to let the legal department handle it, to
not look too closely—that accumulate into a catastrophe of
historic proportions.

Forty Thousand False Accusations

In Michigan, a parallel disaster unfolded on a different scale.
In 2013, the Michigan Unemployment Insurance Agency

deployed MiDAS—the Michigan Integrated Data Automated
System—to detect fraudulent unemployment claims. MiDAS
cross-referenced data from multiple sources, flagged inconsis-
tencies, and automatically issued fraud determinations.

Between 2013 and 2015, the system issued approximately
40,000 fraud determinations. A later state audit found that
roughly 93 percent of those determinations were wrong—a
figure confirmed by the Michigan Unemployment Insurance
Agency itself and reported extensively in the Detroit Free
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Press.2

Workers—many of them already in financial distress—
had their wages garnished, their tax refunds seized, and their
credit ratings destroyed. Some faced penalties of four times
the amount they were accused of fraudulently claiming. The
system operated with minimal human oversight, no meaning-
ful contestation process, and no reversibility—no mechanism
to undo the damage even after the error was acknowledged.

By the time the error rate was recognized, tens of thou-
sands of people had been harmed.

Silent Authority

There is a name for what happened in both cases. I call it
silent authority: the moment when an automated system’s
output becomes institutional reality—settled fact, embedded
in workflows, resistant to challenge.

Horizon did not recommend prosecution. It was the pros-
ecution. MiDAS did not flag claims. It issued penalties. In
both cases, disagreeing with the system meant disagreeing
with the institution. And if you were a sub-postmaster or an
unemployed worker, that was not a real option.

2Michigan Unemployment Insurance Agency audits, 2015; Stafford,
K. “Michigan jobless agency: 93 percent of fraud cases were wrong.”
Detroit Free Press, December 18, 2016. See also Michigan Office of the
Auditor General, Performance Audit Report on MiDAS, 2017.
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Figure 8.1: The pathway to silent authority: automated output
becomes institutional reality through integration and legitimiza-
tion, making challenge progressively harder at each stage.

The Post Office scandal and the Michigan MiDAS dis-
aster are not stories about bad technology. They are sto-
ries about what happens when institutions cannot disagree
with their own machines. When the cost of questioning the
system—financial, political, reputational—exceeds the insti-
tution’s willingness to bear it, the system becomes unchal-
lengeable. And unchallengeable systems, as history teaches
us, eventually produce unchallengeable harm.

The Thing That Should Frighten You

The part that should keep you awake is not that these systems
failed. Systems fail. Humans fail. Institutions fail. Failure is
not the scandal.

The scandal is the duration.
The Post Office prosecuted innocent people for fifteen

years. MiDAS destroyed lives for two years before anyone
in authority noticed the 93 percent error rate. The Dutch
childcare system ran for nearly a decade before the govern-
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ment fell.

In each case, the people affected knew something was
wrong. The sub-postmasters told the Post Office that Hori-
zon was producing impossible numbers. The workers accused
by MiDAS protested their innocence. The Dutch families
appealed. They wrote letters. They begged.

The institutions did not listen. Not because they were
staffed by cruel people. Because the system said otherwise.
And the system had become the institution’s source of truth.
To believe the humans—the people standing in front of you,
telling you that the numbers are wrong—required disbeliev-
ing the system. And the institution could not afford to dis-
believe the system.

This is the point where unanswerable power becomes some-
thing worse than a design flaw. It becomes a mechanism for
sustained injustice. When the system is wrong and the in-
stitution cannot question the system, the humans who are
harmed by the error have no recourse. They are trapped
between a machine that is confident and an institution that
cannot afford doubt.

That trap lasted fifteen years in the UK. It lasted nearly
a decade in the Netherlands.

The cases examined here are drawn from the US, the
UK, and the Netherlands—countries with strong legal sys-
tems, free presses, and traditions of public accountability.
The pattern is not unique to them. Similar dynamics have
been documented in Australia’s “Robodebt” welfare recov-
ery scheme, in India’s Aadhaar-linked benefit denials, and in
South Africa’s social grant administration. The institutional

69



Trust After Thinking Machines

conditions that produce silent authority—automation of con-
sequential decisions, opacity of reasoning, absence of contes-
tation infrastructure—are not bounded by jurisdiction. They
follow the technology.

How long is this pattern persisting, right now, in systems
we have not yet examined?
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Evidence at Infinite Scale

The problem is no longer too little information.
It is too much false certainty.

Suppose you are a parent.
Your child’s school has posted reviews online. You read

them. Some are glowing; some are critical. You weigh them,
the way people do—looking for patterns, discounting the ex-
tremes, trusting the ones that feel specific and honest.

Now suppose half of those reviews were generated by a
machine. Not by a parent. Not by anyone with a child at
that school. By a language model, producing plausible text
on demand.

You would not know. That is the point.
This chapter is about why that matters for everything this

book has argued so far. Accountable authority depends on
contestation. Contestation depends on evidence—the ability
to examine what happened, challenge the basis for a deci-
sion, and present a counter-case. If evidence itself becomes
unreliable—if synthetic content can flood the channels through
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which people verify, challenge, and hold institutions accountable—
then the infrastructure of answerability is attacked at its
foundation. Evidence is what makes contestation possible.
Destroy the reliability of evidence, and you destroy the pos-
sibility of accountability.

The Cost Asymmetry

The fundamental problem of the synthetic information age
is not that fake content exists. Fake content has always
existed—propaganda, forgery, disinformation are as old as
writing. The problem is the cost asymmetry : generating
convincing false content is now vastly cheaper than verify-
ing whether content is true.

A language model can produce a thousand plausible prod-
uct reviews in minutes. Verifying one takes hours. That
asymmetry is the problem. Robert Chesney and Danielle Cit-
ron identified it as the central challenge of synthetic media:
generating convincing false evidence is now vastly cheaper
than verifying whether evidence is true.1

What Happens to Evidence

This asymmetry has consequences that go far beyond fake
reviews.

What does “evidence” mean in a world of abundant syn-
thetic intelligence? Evidence is information that supports a

1Chesney, R., and D. Citron. “Deep Fakes: A Looming Challenge for
Privacy, Democracy, and National Security.” California Law Review,
vol. 107, 2019, pp. 1753–1820.
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judgment. In a courtroom, evidence is testimony, documents,
forensic analysis. In a newsroom, evidence is sources, data,
corroboration. In a workplace, evidence is performance met-
rics, customer feedback, observed behavior.

Each of these forms of evidence depends on a chain of
trust. We believe the witness because they were present. We
believe the document because it has provenance. We believe
the data because it was collected by a process we can trace.

Synthetic intelligence breaks those chains. A generated
video is not a record of something that happened. A gen-
erated text is not a testimony of something someone experi-
enced. A generated dataset is not a measurement of some-
thing that was observed. When the tools to create convincing
evidence are freely available, the concept of evidence itself be-
comes fragile.

Claire Wardle and Hossein Derakhshan, in a report com-
missioned by the Council of Europe, proposed the term “in-
formation disorder” to describe this landscape—a world in
which misinformation (false content shared without harmful
intent), disinformation (false content shared with harmful in-
tent), and malinformation (true content shared with harmful
intent) coexist and interact at scale.2

The Worker’s Dilemma

Apply that to the world of work.
A manager reviewing job applications may encounter AI-

2Wardle, C., and H. Derakhshan. “Information Disorder: Toward an
Interdisciplinary Framework for Research and Policy Making.” Council
of Europe, 2017.
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generated cover letters. A hiring committee may review AI-
generated work samples. A performance review system may
incorporate AI-generated summaries of employee activity. In
each case, the same problem surfaces: what is real?

And here is the deeper problem: when the answer is un-
certain, the temptation is to trust the system that appears
most confident. An AI-generated summary, cleanly format-
ted and internally consistent, may be more convincing than
a human’s imperfect recollection—even when the human was
actually there and the AI is simply generating plausible text.

This is the epistemic trap. In a world flooded with syn-
thetic evidence, confidence becomes a proxy for truth. And
machines are very, very good at sounding confident.

Parts I through III have mapped a trajectory: from per-
sonal trust to institutional trust to algorithmic trust—and
now to a crisis in which the very concept of trustworthy ev-
idence is under strain. What is missing, in case after case,
is institutional memory—a durable record of how decisions
were made, who was affected, and what went wrong, that
survives the institution’s own self-interest.

The Counterargument That Must Be Faced

Before we turn to solutions, an honest book must face the
strongest version of the opposing case.

The counterargument is this: Humans are biased too. The
doctor who ignores a patient’s symptoms because of their race
is biased. The hiring manager who favors resumes from her
alma mater is biased. The judge who sentences differently
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depending on whether he has eaten lunch is biased.3 Algo-
rithmic systems, the argument goes, may be imperfect—but
they are at least consistent. They do not have bad days.
They do not carry grudges. They apply the same criteria to
every case. Replacing them with human judgment is not an
obvious improvement.

This is a serious argument. It deserves a serious answer.
The answer is not that human judgment is superior. Some-

times it is. Often it is not. The answer is that the question
itself is wrong. The choice is not “biased algorithm” versus
“biased human.” The choice is between a system where er-
rors are discoverable, contestable, and correctable—and one
where they are not. A biased doctor can be challenged by a
patient, reported to a medical board, and required to change
her practice. A biased algorithm that denies care to an en-
tire population does so silently, at scale, and with no built-in
mechanism for the people it harms to even know it happened,
let alone push back.

The problem is not that machines make mistakes. Hu-
mans make mistakes too. The problem is that automated
mistakes compound at scale, resist detection, and lack a re-
sponsible agent who can be compelled to answer for them.
That is what makes the absence of accountable authority
dangerous—not the presence of imperfection.

The ground is shifting. What matters now is whether we
can build something solid enough to stand on.

That is the work of Part IV.

3See Danziger, S., Levav, J., and L. Avnaim-Pesso. “Extraneous
Factors in Judicial Decisions.” Proceedings of the National Academy of
Sciences, vol. 108, no. 17, 2011, pp. 6889–6892.
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Future trust is architectural, not emotional.
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Chapter 10

Proof Instead of Promise

“Trust me” is not a system. “Verify this” is.

For most of history, trust was a promise. I promise to pay.
I promise to deliver. I promise to tell the truth. The entire
architecture of personal and institutional trust that we traced
in Part I was built on promises—backed by reputation, by
relationship, by the knowledge that a broken promise carried
consequences.

But promises do not scale to systems that operate at ma-
chine speed, across institutional boundaries, beyond human
observation. When the system making decisions on your be-
half is an algorithm running in a data center, “trust me” is
not a meaningful assurance. You need something else.

You need proof.
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What It Looks Like When Someone Gets It

Right

There is a small country on the Baltic Sea that decided, in the
1990s, to build its entire government on a digital foundation.
Estonia—population 1.3 million, newly independent from the
Soviet Union, with almost no legacy infrastructure—chose
to construct what would become the most advanced digital
governance system in the world.

The system, called X-Road, connects government databases,
healthcare systems, tax records, business registries, and pub-
lic services through a secure, decentralized data exchange
layer. Estonian citizens can vote online, sign contracts digi-
tally, access virtually all government services through a sin-
gle digital identity, and—crucially—file taxes in about three
minutes.

But here is the detail that matters for this book: every
time a government official accesses your data, you can see it.
Not retroactively, after filing a request. In real time, through
a personal dashboard. If a police officer looks up your records,
you know. If a tax inspector reviews your filings, you know. If
a healthcare administrator accesses your medical history, you
know. And if the access was unauthorized, you can challenge
it.

This isn’t PR transparency. It is proof infrastructure.
The Estonian system was designed, from the beginning, on
the principle that citizens should be able to verify what the
government does with their data. The system does not ask
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citizens to trust it. It gives them the tools to check.1

Estonia is small. It had advantages that most countries
do not: extraordinary political will in the wake of indepen-
dence, a clean-slate moment with almost no legacy systems
to migrate, a highly educated population, a culture of digi-
tal literacy, and the freedom to design from scratch rather
than retrofit. Its model cannot be copied wholesale, and
skeptics are right to note that governance innovations in a
country of 1.3 million face different constraints than in a na-
tion of 330 million. But it proves something that the dis-
asters of Part III made urgent: it is possible to build digi-
tal systems where accountability is architectural, not aspira-
tional. The principles—citizen visibility, logged access, real-
time challenge—are not uniquely Estonian. They are design
choices. And they can be adopted at any scale by institutions
willing to make them.

The Toolkit

Estonia is not alone. A growing body of work in AI gover-
nance provides specific tools for building proof into systems:

Margaret Mitchell and colleagues proposed “model cards”—
standardized documentation describing a model’s purpose,
performance, limitations, and training data.2 Timnit Gebru
and colleagues proposed “datasheets for datasets” document-

1E-Estonia: the digital society. See e-estonia.com for official docu-
mentation of X-Road architecture, and Heller, N. “Estonia, the Digital
Republic.” The New Yorker, December 18, 2017, for accessible report-
ing.

2Mitchell, M., et al. “Model Cards for Model Reporting.” FAT* ’19,
2019.
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ing provenance and composition.3 Inioluwa Deborah Raji
and colleagues developed frameworks for internal algorith-
mic auditing.4 Cynthia Rudin argued that high-stakes deci-
sions should use inherently interpretable models rather than
opaque ones with post-hoc explanations bolted on.5

These are not aspirations. They are engineering speci-
fications. Model cards are the nutrition labels of machine
learning. Datasheets are the ingredient lists. Audit frame-
works are the inspection regimes. Interpretable models are
the glass walls.

The common thread is a design principle: proof should
be built in, not bolted on. If you design a system and then
ask, after deployment, “How do we make this trustworthy?”—
you are already too late. Estonia did not bolt transparency
onto an existing system. It built the system around trans-
parency from the beginning.

3Gebru, T., et al. “Datasheets for Datasets.” Communications of the
ACM, vol. 64, no. 12, 2021.

4Raji, I. D., et al. “Closing the AI Accountability Gap.” FAT* ’20,
2020.

5Rudin, C. “Stop Explaining Black Box Machine Learning Models.”
Nature Machine Intelligence, vol. 1, no. 5, 2019.
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Each layer builds on the last. Without documentation, audit is impossible.
Without audit, explanation is unverifiable.
Without explanation, verification is empty.

Figure 10.1: The proof-to-trust pipeline: how institutional ac-
countability is built layer by layer.

The Cost Objection

There is a counterargument that anyone who has sat in a
budget meeting will recognize: all of this costs money.

Model cards take time to write. Independent audits re-
quire funding. Interpretable models are harder to build than
opaque ones. Human oversight means hiring, training, and
protecting people whose job is to slow things down. Every
layer in the proof-to-trust pipeline has a price tag, and every
organization deploying automated systems will be tempted
to treat accountability as overhead—a cost to be minimized,
not a foundation to be maintained.

This is an honest objection. It deserves an honest answer.
The answer comes from the cases in Part III. Michigan’s

MiDAS system saved money on fraud detection—and then
cost the state hundreds of millions in wrongful garnishments,
lawsuits, administrative remediation, and the destruction of
public trust in the unemployment system. The Dutch child-
care benefits system saved money on manual review—and
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brought down an entire government. The Post Office saved
money by trusting Horizon rather than investigating complaints—
and is now facing liabilities that will take decades to resolve.
In every case, the “cost” of accountability was a fraction of
the cost of its absence.

Answerability is not overhead. It is risk management. No
institution can afford to build these systems without accountability—
because the cost of its absence, as Part III demonstrated,
dwarfs the cost of its presence. The institutions that skipped
the investment did not save money. They deferred conse-
quences.
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Reversible Futures

Power that can be stopped remains legitimate.
Power that cannot be stopped is
tyranny—however efficient.

Consider a thought experiment.
Suppose the Michigan MiDAS system—the one that falsely

accused 40,000 people of unemployment fraud—had included
a simple feature: a pause button. Not a kill switch, not a
total shutdown, but a mechanism that allowed a human re-
viewer to say, “These accusations are piling up faster than we
can verify them. Let’s pause the automated determinations
until we can check whether the system is working correctly.”

Would that have prevented the harm? We cannot know.
But we can observe that the harm was compounded by irre-
versibility. By the time the error rate was recognized, tens of
thousands of people had already had their wages garnished,
their credit damaged, and their lives disrupted. The system’s
determinations, once issued, became facts in the institutional
record—facts that were extraordinarily difficult to undo even
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after they were acknowledged to be wrong.

Irreversibility as the Core Danger

The deepest risk in automated decision-making is not inaccu-
racy. Inaccuracy can be corrected—if the correction comes in
time. The deepest risk is irreversibility : decisions that, once
made, cannot be meaningfully undone.

A wrongful conviction cannot be fully reversed by an ac-
quittal. A family separated by a false fraud accusation can-
not be fully restored by an apology. A career destroyed by
an opaque algorithm cannot be fully rebuilt by a correction
letter.

Nassim Nicholas Taleb argued that the critical property
of resilient systems is not their ability to avoid errors but
their ability to survive errors.1 Stuart Russell argued that
AI systems should be designed to operate under uncertainty
about their own objectives—maintaining the ability for hu-
mans to correct, redirect, and override.2 In machine learning
research, this principle has been formalized as algorithmic re-
course: the requirement that people affected by automated
decisions must have actionable paths to change the outcome.3

Recourse is not the same as explanation. Explanation tells
you why the system decided what it decided. Recourse tells
you what you can do about it.

1Taleb, N. N. Antifragile. Random House, 2012.
2Russell, S. Human Compatible. Viking, 2019.
3Ustun, B., Spangher, A., and Liu, Y. “Actionable Recourse in Linear

Classification.” Proceedings of the Conference on Fairness, Accountabil-
ity, and Transparency (FAT*), 2019.
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Both are right. But we do not need to imagine what
reversible systems look like. We already have one.

The System That Already Works

Your credit card company has been doing this for decades.

When a fraud detection algorithm flags a suspicious trans-
action on your card, the system does not permanently seize
your account. It issues a provisional hold—a temporary, re-
versible action. You receive a notification. You can confirm
or deny the transaction. If the flag was wrong, the hold is
released. If it was right, the investigation continues.

This is reversibility infrastructure. It is not glamorous.
It does not make headlines. But consider what it gets right:
the automated system acts fast (flagging in milliseconds), the
action is bounded (one transaction, not your entire financial
life), the determination is provisional (hold, not conviction),
and the affected person has an immediate, low-cost mecha-
nism to contest it.

Now compare that to MiDAS. The Michigan system flagged
unemployment claims as fraudulent and immediately imposed
penalties: quadruple repayment demands, wage garnishment,
tax refund seizure. No provisional hold. No notification be-
fore action. No low-cost contestation. The system’s output
was treated as final from the moment it was issued.

The difference is not technological sophistication. The
credit card system is, if anything, simpler. The difference is
design philosophy :
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Table 11.1: Two systems, two philosophies: design for fallibility
versus design for infallibility.

Credit card fraud sys-
tem

Michigan MiDAS

Speed of action Milliseconds (flagging) Immediate (penalties is-
sued)

Scope of action One transaction Entire benefit claim

Assumption System will sometimes be
wrong

System will not be wrong

Initial response Provisional hold Final determination

Notification Immediate alert to card-
holder

Letter after penalties ap-
plied

Contestation One-click confirmation Bureaucratic appeals pro-
cess

Reversal cost Near zero Legal fees, years of effort

Error rate im-
pact

Inconvenience Financial ruin

One system was built on the assumption that it would
sometimes be wrong. The other was built on the assumption
that it would not be.

Design Principles

What would it mean to apply this philosophy broadly?

Four principles for reversible automated systems:
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1. Graduated commitment. Fraud flags begin as in-
quiries, not accusations. Triage rankings begin as
suggestions, not assignments. Benefit determinations
begin as provisional, not final. Authority escalates
with human review at each step.

2. Containment. The blast radius of automated de-
cisions is limited by design. A single model failure
does not propagate across an entire population.

3. Mandatory review triggers. If error rates spike,
if contested decisions surge, if affected demograph-
ics shift unexpectedly—the system pauses automati-
cally.

4. Right to rollback. Affected individuals have a
clear, accessible mechanism to request reversal—not
just appeal, but genuine reconsideration.

These are not utopian proposals. They are engineering
requirements already proven at scale by the financial industry.

The Override Button That Saved a Life

Put those principles at human scale and you see them at work
already.

In a hospital using a clinical decision support system for
sepsis detection, a nurse receives an automated alert at 2:14
a.m.: a patient’s vital signs have crossed a threshold that
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the system associates with early sepsis. The protocol recom-
mends immediate blood cultures and broad-spectrum antibi-
otics.

The nurse walks to the bedside. She looks at the pa-
tient. He is sleeping, his color is good, and she recognizes the
vital-sign pattern—he was anxious earlier, his blood pressure
spiked from a nightmare, and the system read the spike as a
warning. She documents her clinical reasoning in the system:
Alert reviewed. Patient assessed bedside. Vitals consistent
with acute anxiety episode, not sepsis. Monitoring continued.

The next morning, the patient is fine. The system logs
the override. The override data feeds back into the algorithm,
helping it learn the difference between anxiety and infection.
The nurse’s judgment is recorded, not overwritten.

This is what reversibility looks like when it is built in
rather than bolted on. The system acts fast. The human
retains authority. The override is documented, protected,
and used to make the system better. No one had to file a
grievance. No one had to hire a lawyer. The infrastructure
assumed that the machine would sometimes be wrong, and it
designed for that assumption.

Reversible systems are plainly possible. We have built
them before, in domains where the stakes are just as high.
What remains unexplained is why we have not demanded
them everywhere they matter.
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The Architecture of Disagree-
ment

If everyone in the room agrees, someone is not
thinking.

In 1587, Pope Sixtus V formalized a role that had existed
informally for centuries: the advocatus diaboli—the devil’s
advocate. Whenever the Catholic Church considered canon-
izing a saint, the devil’s advocate was appointed to argue
against canonization. Their job was to find every flaw, every
inconsistency, every reason to say no.

This was not obstruction. It was trust infrastructure. The
Church understood that a process without structured opposi-
tion would produce false certainties—decisions that felt unan-
imous but were actually just unexamined. The devil’s advo-
cate existed to make disagreement legitimate.
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Groupthink and the Cost of Consensus

Irving Janis, studying the catastrophic foreign policy deci-
sions of the Kennedy and Johnson administrations—the Bay
of Pigs, the escalation in Vietnam—identified a pattern he
called “groupthink”: the tendency of cohesive groups to sup-
press dissent, ignore contradictory evidence, and converge
on decisions that no individual member, reasoning indepen-
dently, would have endorsed.1

Groupthink is not about stupidity. It is about social dy-
namics. When the cost of disagreement is high—when dissent
threatens group cohesion, career prospects, or institutional
harmony—rational people suppress their doubts. The group
converges not because the evidence supports convergence but
because disagreement is too expensive.

Charlan Nemeth, a psychologist at UC Berkeley, spent
decades studying the value of dissent. Her research demon-
strated that exposure to minority viewpoints—even when
those viewpoints are wrong—improves group decision-making
by forcing members to consider alternatives, process informa-
tion more carefully, and avoid premature closure.2

How Aviation Solved This

In 1976, NASA established the Aviation Safety Reporting
System—ASRS. The concept was radical: any pilot, air traffic
controller, or crew member could file a confidential report

1Janis, I. L. Victims of Groupthink. Houghton Mifflin, 1972.
2Nemeth, C. In Defense of Troublemakers: The Power of Dissent in

Life and Business. Basic Books, 2018.
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about a safety incident, a near-miss, or a systemic concern,
and receive guaranteed immunity from punishment for the
reported event, provided the report was filed within ten days.

The design was deliberate. The FAA recognized that the
single greatest barrier to safety information was fear of conse-
quences. Pilots who reported their own errors—or challenged
the errors of their institutions—faced career risk. So the sys-
tem removed the risk. Reports went to NASA, not the FAA.
Identities were stripped. The information was used for sys-
temic learning, not individual punishment.

The result: ASRS has collected over 1.8 million reports
since its inception. The FAA and the NTSB have repeatedly
identified it as a key contributor to the dramatic improvement
in aviation safety over the past half century. The system
works because it makes dissent structurally safe—not just
permitted, but protected.

Now ask: does anything like ASRS exist for the workers
subject to automated decisions? Can the nurse who suspects
the triage system is wrong file a confidential report without
career risk? Can the teacher who believes the evaluation algo-
rithm is flawed challenge it without being labeled a problem?
Can the social worker who thinks the benefits system is pro-
ducing false positives raise concerns without retaliation?

In almost every domain we examined in Part III, the an-
swer is no.

Red Teams for AI

In military and intelligence contexts, red teams serve the
same function as the devil’s advocate and ASRS: they make
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opposition structural. It is someone’s job to disagree, which
means disagreement does not carry the social cost it normally
would.

Applied to AI, this principle becomes a defense-in-depth
architecture—four layers, each catching what the others miss:
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1. Adversarial Testing
Probing for failure modes, biases,

and edge cases before deployment.

Engineers try to break their own

systems.

2. Plural Models
Running multiple models and

flagging cases where they dis-

agree. Treating disagreement as

signal, not noise.

3. Protected Contesta-
tion
ASRS-style channels for workers,

patients, and applicants to chal-

lenge outputs without career risk.

4. Independent Review
External auditors not beholden

to the deploying organization.

Accountability with teeth.

Before deployment

During operation

From affected people

After the fact

Findings
feed

back into
system
design

Defense
in depth

Figure 12.1: The architecture of structured dissent: four layers
of opposition, each operating at a different stage, forming a con-
tinuous feedback loop.

The architecture is not a checklist. It is a system. Adver-
sarial testing catches what engineers can anticipate. Plural
models catch what single models miss. Protected contesta-
tion catches what only affected people can see. Independent
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review catches what institutions cannot admit to themselves.
And the loop closes: review findings feed back into testing,
making the next generation of systems better.

Each layer requires institutional commitment—not just
a mechanism, but the staff, authority, and budget to make
it real. And it requires enforcement : consequences for or-
ganizations that deploy consequential systems without these
safeguards. In practice, enforcement means procurement re-
quirements that condition government contracts on demon-
strated accountability infrastructure. It means regulatory
audits with investigative authority, not self-certification. It
means financial penalties for non-compliance that are large
enough to change behavior, not small enough to absorb as a
cost of doing business. And it means liability allocation in
vendor contracts that prevents the deploying institution from
pointing at the vendor and the vendor from pointing at the
deploying institution—so that when something goes wrong,
the chain of responsibility has a name at every link.

None of this is exotic. Pharmaceutical regulation, avia-
tion safety, and financial auditing already operate on these
principles. What is missing is the institutional will to apply
them to automated decision systems with the same rigor.

Almada has argued that meaningful contestation requires
genuine institutional capacity to respond : process to investi-
gate, authority to act, and protection for those who speak
up.3 Contestation without institutional capacity is theater.
A suggestion box with no one reading the suggestions.

3Almada, M. “Human Intervention in Automated Decision-Making:
Toward the Construction of Contestable Systems.” Proceedings of the
17th International Conference on Artificial Intelligence and Law, 2019.
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The principle: healthy systems must allow struc-
tured dissent. A system that cannot be disagreed with
is not trustworthy. It is merely powerful.

The Post Office scandal lasted fifteen years because sub-
postmasters had no protected channel to challenge Horizon.
The Dutch childcare crisis lasted a decade because affected
families had no independent reviewer. Boeing’s MCAS killed
346 people because the pilots had no meaningful mechanism
to override a system they did not understand.

Aviation solved this problem fifty years ago. We have yet
to apply the same principle to every automated system that
exercises power over human lives.
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Interlude: On Consequen-
tial Power and the Archi-
tecture of Answerability

This chapter makes no argument by anecdote. It tells no
stories. It offers no case studies. What follows is the formal
architecture of the idea this book is built on. It is written
to be read slowly, and to be assigned, cited, and contested
independently of the narrative that surrounds it.

I. Consequential Power, Defined

Not all decisions matter equally. The algorithm that recom-
mends a song is not the same as the algorithm that denies
parole. The system that suggests a restaurant is not the same
as the system that flags a family for fraud investigation. We
use the word “decision” for both, but they are different in
kind, not merely in degree.

Consequential power is the capacity to materially alter
a person’s access to liberty, livelihood, health, mobility, rep-
utation, or civic standing through a decision or classification
that the person cannot easily escape.

The threshold is not “any effect.” It is inescapable effect.
The song recommendation is easy to ignore. The parole de-
cision is not. The restaurant suggestion imposes no cost on
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the person who declines it. The fraud flag triggers an inves-
tigation, freezes benefits, and enters a record that follows the
person across institutions.

Three properties distinguish consequential power from or-
dinary influence:

1. Asymmetry. The decision-maker and the decision-subject
occupy fundamentally different positions. One acts; the
other is acted upon. The subject did not choose the sys-
tem, did not consent to its criteria, and in most cases
did not know it was operating.

2. Durability. The effects persist. A denied mortgage
changes the trajectory of a family’s wealth. A criminal
risk score follows a defendant through the system. A
teacher’s evaluation enters a permanent record. These
are not momentary. They compound.

3. Dependency. The subject depends on the domain the
decision governs. You can avoid a music app. You can-
not avoid the healthcare system, the labor market, the
criminal justice system, or the benefits office. Where
there is no exit, power is consequential by definition.

When all three properties are present—asymmetry, dura-
bility, dependency—the decision crosses from influence into
governance. It becomes an exercise of power over a person’s
life.

An operational test for policymakers: If the system’s out-
put can change a person’s eligibility, pricing, ranking, access,
or level of scrutiny—and that output is recorded in a way that
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follows the person across time or institutions—it is exercis-
ing consequential power. That is the bright line. On one
side, tools. On the other, governors. And any exercise of
consequential power triggers the oldest question in political
philosophy: on what authority?

II. Accountable Authority, Formally Stated

Authority is not the same as power. Power is the capacity to
act. Authority is the legitimate capacity to act—power that
has been bounded, justified, and subjected to conditions that
make it answerable.

Every functional civilization has converged on the same
structural insight: power becomes authority only when three
conditions are simultaneously met.

1. Boundedness. The scope of the power is defined and
limited. It does not extend beyond its mandate. The
tax office may audit your finances; it may not read your
medical records. The school may evaluate your child’s
performance; it may not surveil your household. Bound-
aries are not restrictions on authority; they are the source
of its legitimacy.

2. Contestability. The exercise of power can be chal-
lenged by the person it affects. This requires more than a
theoretical right. It requires institutional infrastructure:
a process that is accessible, a reviewer with genuine in-
dependence, and a remedy that has teeth. A complaints
box that no one empties is not contestability. An ap-
peals process that rubber-stamps the original decision is
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not contestability. The challenge must be real—meaning
it can actually change the outcome.

3. Identifiable responsibility. Someone—a person, a named
office, an institution with a legal identity—bears respon-
sibility for the outcome and can be compelled to answer
for it. Not “the system.” Not “the algorithm.” Not “the
process.” A responsible agent who can be questioned,
who can explain, and who faces consequences if the ex-
planation is not adequate.

Accountable authority is authority that satisfies all
three conditions simultaneously. It is bounded in scope, con-
testable in exercise, and borne by an identifiable agent.

Silent authority is the failure state: power that is un-
bounded (extending across domains its designers never in-
tended), uncontestable (offering no real mechanism for chal-
lenge), and unattributed (belonging to no identifiable agent
who can be compelled to answer). Not illegitimate because
it intends harm. Illegitimate because it has escaped the con-
ditions that make power answerable.

In practice, systems drift along a gradient—some par-
tially answerable, some mostly opaque, many somewhere in
between. Institutions will treat this as a spectrum, and in
implementation, they must. But legitimacy is a threshold:
once the effects of a system become inescapable for the peo-
ple it governs, the conditions of accountable authority must
apply in full. The reason is structural: unanswerable power,
left unchecked, does not remain modest. It expands. It be-
comes the default. It becomes the way things are. Partial
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answerability is not a stable resting place. It is a waystation
on the road to none.

III. Why Automation Uniquely Threatens An-

swerability

Humans have exercised unanswerable power before. Tyrants.
Bureaucracies. Colonial administrations. Secret police. The
principle that power must be answerable exists precisely be-
cause humans are prone to making it otherwise.

What automation introduces is not a new motive for unan-
swerable power. It is a new mechanism—one that produces
the structural conditions of unanswerability without any in-
dividual intending it. Five properties of automated decision
systems combine to make this so:

1. Speed. Automated decisions happen faster than hu-
man oversight can operate. A system that renders ten
thousand consequential decisions per second cannot be
meaningfully reviewed in real time. The asymmetry be-
tween the pace of decision and the pace of accountability
is not a bug. It is a structural property of computational
systems. And it means that by the time anyone asks “was
that right?”, the decision has already propagated.

2. Scale. One algorithm governs millions of people simulta-
neously. A single model denies benefits, flags risks, scores
applicants, or sets prices across an entire population. No
human decision-maker has ever operated at this scale.
The consequence is that errors are not individual—they
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are systemic. When the Optum health algorithm under-
referred Black patients, it did so across the entire pop-
ulation it governed. The harm was not a mistake. It
was a pattern, operating at a scale no individual could
perceive from inside the system.

3. Opacity. The reasoning process is inaccessible to the
people affected by it. This is partly technical—deep
learning models do not produce explanations in forms
humans can parse. But it is also institutional. Organi-
zations treat model architectures as trade secrets. Ven-
dors claim proprietary protections. The result is that the
person affected by the decision cannot examine the basis
for it. And a decision whose basis cannot be examined
cannot be meaningfully contested.

4. Diffusion of responsibility. The designer built the
model. The data scientist selected the training data.
The product manager defined the optimization target.
The compliance team approved the deployment. The
procurement officer signed the contract. The executive
authorized the budget. When the system fails, who is re-
sponsible? Each actor can point to another. The chain
of responsibility is so long, so distributed, that it effec-
tively disappears. This is what Elish called the “moral
crumple zone”: the nearest human absorbs the blame
that the institution’s architecture has made structurally
unattributable.

5. Entrenchment. Automated decisions become embed-
ded in records and downstream systems. A risk score
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propagates. A denial triggers a cascade. A classifi-
cation enters a database that other institutions query.
Over time, the automated decision becomes a fact—
not because it was correct, but because it was recorded,
and systems treat records as ground truth. Reversibility
becomes not merely difficult but practically impossible
once the decision has been absorbed by the institutional
ecosystem.

No single property is unprecedented. Bureaucracies have
always been opaque. Institutions have always diffused re-
sponsibility. Large systems have always been difficult to re-
verse. What is unprecedented is the combination—all five
properties operating simultaneously, at computational speed,
across entire populations, with no single human bearing clear
responsibility for the outcome.

This combination produces a new kind of power. Not
tyranny—there is no tyrant. Not negligence—every individ-
ual actor may have acted reasonably within their role. Some-
thing structurally different: governance without a gover-
nor. Consequential power exercised systematically, at scale,
with no identifiable agent who can be compelled to answer
for it.

That is silent authority. And the argument of this book
is that it is the central institutional challenge of our era—not
because the technology is dangerous, but because the absence
of answerability is dangerous, and automation produces that
absence as a structural byproduct of its own efficiency.

The doctrine outlined in this book is not a policy proposal for
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a particular government or a compliance checklist for a par-
ticular industry. It is a principle of institutional design: that
any system exercising consequential power must be bounded
in scope, contestable in exercise, and borne by an identifiable
agent. The chapters that precede this interlude have shown
what happens when that principle is violated. The chapters
that follow ask what it demands—of our ethics, our institu-
tions, and our civilization.
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If anything sacred survives the AI age,
it is the authority of human conscience.
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Chapter 13

Dignity in an Age of Perfect
Tools

Not everything that counts can be counted.

— attributed to William Bruce Cameron

There is a kind of work that resists optimization.

The teacher who stays thirty minutes after the bell be-
cause a student needs to talk—not about the lesson, but
about what is happening at home. The nurse who sits with
a patient in the last hours, not because any protocol requires
it, but because the patient is afraid and should not be alone.
The social worker who bends the rules for a family that does
not fit the criteria but clearly needs the help.

These acts are, by any efficiency metric, waste. They
consume time that could be allocated elsewhere. They cannot
be standardized. They do not scale. They will never appear
in a productivity report.

They are also the point.
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The Optimization Trap

When systems optimize, they optimize for what can be mea-
sured. A metric must be defined before it can be maximized.
And the act of defining a metric is the act of deciding what
matters—and, by omission, what does not.

Amartya Sen and Martha Nussbaum built an entire philo-
sophical framework around this danger.12 Measurable proxies
crowd out the things they were meant to represent.

Test scores replace learning. Efficiency ratings replace
care. Throughput replaces judgment. The proxy becomes the
goal, and the goal becomes whatever the system can count.

But the capabilities that matter most in a just society—
dignity, practical reason, emotional depth, the ability to par-
ticipate in decisions that shape your life—cannot be quanti-
fied. They can only be recognized by someone paying atten-
tion.

The Irreducibility of Moral Choice

Hannah Arendt, writing in the aftermath of the Holocaust,
argued that the capacity for independent moral judgment
is the most essential—and most fragile—human capability.3

The danger she identified was not evil in the dramatic sense
but thoughtlessness—the abdication of judgment, the willing-
ness to follow procedure without asking whether the proce-
dure is right.

1Sen, A. Development as Freedom. Knopf, 1999.
2Nussbaum, M. C. Creating Capabilities: The Human Development

Approach. Harvard UP, 2011.
3Arendt, H. The Human Condition. U of Chicago P, 1958.
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Automated systems, however well-designed, cannot make
moral choices. They can optimize. They can follow rules.
They can even be programmed to balance competing objec-
tives.

But the moment of genuine moral choice—the moment
when a person weighs incommensurable values, accepts un-
certainty, and acts knowing they might be wrong—is irre-
ducibly human.

The teacher who decides to spend time with a struggling
student is making a moral choice. She is choosing between
what the schedule says and what the student needs.

That choice cannot be automated because it depends on
something no algorithm possesses: the willingness to be re-
sponsible for the consequences.

Michael Sandel put it simply: there are things that markets—
and, by extension, optimization systems—should not decide.4

Not because they would decide badly. Because the act of
subjecting certain decisions to market logic—or algorithmic
logic—degrades the goods those decisions are meant to pro-
tect.

Some things must be decided by a person who cares about
the outcome. That is not inefficiency. That is dignity.

4Sandel, M. J. What Money Can’t Buy: The Moral Limits of Mar-
kets. FSG, 2012.
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The Right to Final Author-
ity

You cannot be bound by a judgment you cannot
contest.

Return to Houston.
The teachers in Houston ISD who were evaluated—and

some of whom were fired—by the EVAAS value-added model
faced a specific and disabling problem. It was not that the
model was necessarily wrong (though its year-to-year volatil-
ity suggested it often was).

It was that they could not challenge it. The methodology
was proprietary. The calculations were opaque. The school
district treated the scores as authoritative. And the teachers,
whose careers depended on those scores, had no meaningful
avenue to contest them.

When the Houston Federation of Teachers brought the
case to federal court, the judge’s finding was not primarily
about the accuracy of the model. It was about due process :
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the constitutional principle that you cannot deprive someone
of their livelihood on the basis of a judgment they cannot
understand, examine, or challenge.

This principle is older than algorithms. It is older than
computers. It is one of the foundations of legitimate gover-
nance: the person who bears the consequences must
have the ability to contest the decision.

The Principle of Affected Interests

The principle behind the Houston ruling is older than any
algorithm: those affected by a decision should have a voice in
challenging it.

The EU AI Act, adopted in 2024, encodes exactly this
into law for automated systems—transparency obligations,
human oversight requirements, and the right to receive expla-
nations of consequential decisions.1 Article 22 of the GDPR
already established the right not to be subject to decisions
based solely on automated processing.

These are not technicalities. They are institutional ac-
knowledgments of a foundational principle: legitimacy re-
quires the ability to say no.

Delegation versus Abdication

There is a difference between delegating a decision to a ma-
chine and abdicating responsibility for it. In plain terms:

1Regulation (EU) 2024/1689 of the European Parliament and of the
Council. “Artificial Intelligence Act.” 2024.
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delegation means you stay in charge; abdication means no
one is.

Delegation preserves authority. You use the machine as a
tool, but the buck still stops with you. The doctor who uses a
diagnostic AI is delegating analysis—letting the system sug-
gest what the scans might show—while retaining the author-
ity to override, interpret, and take responsibility for the final
judgment. She can disagree. She can order more tests. She
can tell the patient, “I’m not relying on that output; here’s
what I think.” The delegation is bounded, supervised, and
reversible.

Abdication surrenders authority. The machine’s answer
is treated as the last word, and no one is clearly on the
hook for it. The institution that treats an algorithm’s out-
put as final—that does not provide mechanisms for review,
challenge, or override—has abdicated its responsibility to the
people affected by those decisions. When something goes
wrong, there is no one who can say, “I had the authority; I
take responsibility.” That is the difference.

Research on human-automation interaction confirms the
danger: Raja Parasuraman and Christopher Wickens found
that as automation reliability increases, human oversight per-
formance degrades—a phenomenon called “automation com-
placency.” The more reliable the system, the less likely a
human supervisor is to catch its failures.2

This means the institutional choice to “keep a human in
the loop” is meaningless unless the institution also maintains

2Parasuraman, R. and Wickens, C. D. “Humans: Still Vital After All
These Years of Automation.” Human Factors, 50(3), 2008, pp. 511–520.
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the human’s capacity and authority to intervene—through
training, protected time, and genuine override power.

The line between delegation and abdication is not always
obvious. But the test is straightforward:

The delegation test: Can the affected person effectively
challenge the outcome?

If yes, the system is a tool—bounded, supervised, re-
versible.
If no, the system is an authority—and authorities with-
out accountability are not legitimate, no matter how ac-
curate they are.
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Chapter 15

Care, Responsibility, and the
Limits of Automation

A machine can serve you. It cannot owe you
anything.

Imagine you are old, and you are afraid, and it is very late at
night.

You are in a hospital bed. The monitors beep. The hall-
way is quiet. You do not fully understand your diagnosis. You
are not sure whether the treatment is working. And what you
need, in this moment, is not information. It is not a more ac-
curate prediction of your prognosis. It is not a well-formatted
summary of your lab results.

What you need is for someone to sit down, look at you,
and say: “I am here. I am not going anywhere. And I will do
everything I can.”

That sentence cannot be generated. It can only be meant.
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Care as Relationship

Nel Noddings, in her foundational work on the ethics of care,
argued that caring is not an abstract principle. It is a rela-
tionship—a concrete interaction between a person who cares
and a person who is cared for, characterized by attention, re-
sponsiveness, and a genuine commitment to the other’s well-
being.1

Joan Tronto extended this analysis to politics and insti-
tutions, arguing that care is not a private virtue but a public
practice—a fundamental activity that includes “everything we
do to maintain, continue, and repair our world so that we can
live in it as well as possible.”2

Care, in this framework, is not a service that can be de-
livered. It is a relationship that must be sustained. And
relationships require something that no machine can provide:
mutual vulnerability.

What Machines Cannot Owe

A machine can diagnose. It can recommend. It can monitor,
alert, remind, and report. These are genuine contributions to
care. A nurse with a good triage system can attend to more
patients more effectively. A teacher with adaptive software
can identify struggling students more quickly. A social worker
with better data can allocate scarce resources more fairly.

But the machine cannot owe anything to the person it
1Noddings, N. Caring: A Feminine Approach to Ethics and Moral

Education. UC Press, 1984.
2Tronto, J. C. Moral Boundaries: A Political Argument for an Ethic

of Care. Routledge, 1993, p. 103.
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serves. It cannot be obligated. It cannot feel the weight of a
promise. It cannot lie awake wondering whether it made the
right call.

Shannon Vallor, in Technology and the Virtues, argued
that this asymmetry matters not because machines are defi-
cient but because obligation is constitutive of moral life.3 The
teacher who stays late is not performing a function. She is
honoring an obligation—one that arises from the relationship
between teacher and student, and that cannot be captured in
a job description or an algorithm.

The Line Between Support and Replacement

Machines should be involved in care. That is not in dispute.
What matters is where the line falls. The nurse who uses
an AI monitoring system to catch early warning signs is be-
ing supported. The institution that replaces bedside nursing
with remote monitoring has crossed a line—not a technolog-
ical line, but a moral one. The line is about presence: the
irreducible value of a person who is there, who has chosen to
be there, and who bears the weight of that choice.

The Hardest Question This Book Must Ask

I owe you an honest reckoning with the limits of my own
argument.

This book has defended human responsibility as irreducible.
But here is the uncomfortable question: What if individual re-

3Vallor, S. Technology and the Virtues: A Philosophical Guide to a
Future Worth Wanting. Oxford UP, 2016.
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sponsibility is itself a historical artifact—adequate for village-
scale trust but inadequate for the systems we have built?

When the Post Office prosecuted 700 sub-postmasters,
no single human was individually responsible in a way our
moral or legal categories could cleanly capture. Responsi-
bility was distributed across software engineers, managers,
lawyers, board members, and regulators. Each made small,
defensible choices. The harm was produced by the system,
not by any person within it.

The answer is not to abandon individual responsibility
but to layer it:

Personal responsibility
The nurse at the bedside.

Direct, immediate, human.

Institutional responsibility
The organization that designed the triage system.

Structural, ongoing, systemic.

Societal responsibility
The democracy that chose to deploy the system.

Collective, political, ultimately ours.

Figure 15.1: Layered responsibility: each layer is necessary, none
is sufficient, and none absolves the rest.

Individual responsibility does not disappear inside sys-
tems; it becomes the point at which systems meet the moral
world.

None of these layers replaces the others. None absolves
the rest.

What machines do—and this is the genuine philosophi-
cal risk—is make the personal layer feel unnecessary. If the
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algorithm is right 99 percent of the time, why invest in the
human capacity to catch the 1 percent? The answer is that
someone must bear the weight of being wrong. That some-
one must be capable of regret, correction, and moral growth.
Not because it is efficient. Because it is the only way power
remains answerable to the people it affects.

None of this defends the status quo. It is a demand for
layered responsibility—an architecture that does not let insti-
tutions hide behind algorithms, or let algorithms hide behind
institutions, or let either hide behind the fiction that no one
decided.

118



The Ledger Expands
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The ledger becomes civilization’s memory
of responsibility.
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Chapter 16

From Transactions to Inten-
tions

An audit trail tells you what happened. A
meaning trail tells you why it mattered.

The Sumerian clay tablet records a debt. The court transcript
records a verdict. The database records a denial.

None of them records why.
Every trust system in this book has tracked what hap-

pened. But the crises of Part III share a common feature: the
people harmed could not find out why. The Houston teachers
could not see the algorithm’s reasoning. The Dutch families
could not see the risk indicators. The sub-postmasters could
not see Horizon’s calculations. Verdicts without reasons.

Floridi called this the deeper information revolution: not
more data, but a different kind of information shaping our
lives.1 Pasquale named it the “black box” problem.2

1Floridi, L. The Fourth Revolution. Oxford UP, 2014.
2Pasquale, F. The Black Box Society. Harvard UP, 2015.
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The next frontier is tracking reasons—not just what was
decided, but the rationale, the alternatives considered, the
factors that were decisive, and the assumptions that could be
wrong. The challenge is making intention records as standard
as transaction records.

From Facts to Context to Intent

Record-keeping has evolved in stages. The first stage was
facts : the Sumerian tablet recorded that X owed Y so many
bushels; the ledger recorded that a payment was made. Facts
are indispensable. They are also insufficient. When the
Dutch childcare benefits system flagged a family as high risk,
the fact that a flag was raised did not tell the family—or, as
it turned out, the ministry—what combination of data, rules,
and thresholds had produced it. The context was missing.

The second stage was therefore context : not only what
happened, but when, where, and under what version of the
rules. Audit trails in well-run institutions now capture times-
tamps, user IDs, and sometimes the version of the policy or
model in force. That is a major advance. It still does not
answer the question that the Houston teacher asked, the sub-
postmaster asked, and the applicant for housing or benefits
asks: Why did this system reach this conclusion in my case?
Context tells you the conditions. It does not tell you the
reasoning.

The third stage—the one we have not yet institutionalized—
is intent. Not in the sense of the machine “wanting” some-
thing; machines do not have intentions. In the sense of the
institution’s stated rationale: what the system was designed
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to do, what factors it was instructed to treat as decisive,
what the human or committee that deployed it expected it
to optimize for, and what reasoning path led from inputs to
this output in this case. That is what I mean by a mean-
ing trail. It is the difference between “denied” and “denied
because, given the policy in force and the data available, cri-
teria A and B were not met, and the following override or
appeal paths exist.”

Intention-Aware Systems

Today, most consequential systems log actions : the decision,
the timestamp, perhaps the user who clicked approve. They
rarely log rationale in a form that is accessible to the per-
son affected. Model cards and datasheets for datasets have
been proposed by researchers to document how a model was
built and what it is intended to do—a step toward intention-
awareness at the design stage.3 What is still largely missing
is the per-decision layer: for this applicant, this patient, this
teacher, what were the decisive factors? What alternatives
were considered? What would have changed the outcome?

An intention-aware system would treat that information
as part of the record. Not as a substitute for human judgment—
the human in the loop may still be the one who must explain—
but as a requirement of deployment. The technical and insti-
tutional challenges are real. Rationales can be gamed. Ex-
planations can be boilerplate. But the direction of travel is

3Mitchell, M., et al. “Model Cards for Model Reporting.” FAT*
2019. Gebru, T., et al. “Datasheets for Datasets.” Communications of
the ACM, 64(12), 2021, pp. 86–92.
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clear: from “the system decided” to “the system decided, and
here is the documented reasoning and the path to contest it.”
That is what the right to know “why” demands in practice.

Whose Intention?

A philosophical difficulty lurks here. Algorithms do not have
intentions. They have weights, thresholds, and decision rules.
When we ask for the “reason” behind an automated decision,
we are really asking for one or more of the following: the insti-
tution’s stated policy and goals; the designers’ documented
choices about what to optimize for and what to treat as de-
cisive; the human overseer’s reasoning when they ratified or
overrode the output; or a post hoc reconstruction of which in-
puts drove this particular output. None of these is the “mind”
of the machine. All of them are human or institutional. So
“intention” in this context is always attributed—to the body
that deployed the system, the process that designed it, or the
person who was accountable for the final call. That is exactly
right. Accountable authority does not require the machine to
have a mind. It requires that some human or institution
can answer for the outcome and that the record of how and
why the outcome was reached is available to those affected.
Intention-aware record-keeping is the infrastructure for that
answerability.

The Right to Ask Why

For the teacher in Houston, the family in the Netherlands, the
sub-postmaster in England—the right to know “why” is not
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abstract. It is the difference between a system you can engage
with and a system you can only endure. When you know why,
you can evaluate. You can challenge. You can participate.
You can say, “That factor does not apply to me,” or “The
data was wrong,” or “I want a human to review this.” When
the record of reasons is durable and accessible, contestation
becomes possible. When it is absent or buried, the decision
is simply delivered. The person affected is not a participant
in the process. They are a subject of it.

Civilization has spent millennia building ledgers that record
what happened. The next step is to build ledgers that record
why it mattered—and to make that step as ordinary as the
first. Not as a luxury for the well-resourced, but as a con-
dition of legitimate authority. When you do not know why,
you are not a participant. You are a subject.
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Chapter 17

Collective Memory for a Ma-
chine World

A democracy that cannot remember how its
citizens were judged has already begun to fail.

In 2035—or 2028, or next year—a journalist files a freedom-
of-information request about an algorithm that denied public
housing to 4,000 families. The agency responds: the model
was updated eighteen months ago. The previous version’s
decision logic was not archived. The training data was purged
during a system migration. The vendor who built it has been
acquired by another company. There is, in effect, no record.

Four thousand families were denied housing. No one can
now explain why.

None of this is hypothetical. It is the trajectory we are
on.

Democracy depends on shared knowledge—a common pool
of verifiable information that allows citizens to evaluate their
institutions and hold leaders accountable. Opaque automated
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systems destroy that pool.

“Transparent to whom?” Kemper and Kolkman asked—a
question that should haunt every discussion of AI account-
ability.1 Transparency accessible only to PhD-level engineers
is not democratic transparency. Transparency buried in docu-
mentation no one reads is not functional transparency. What
democracy requires is public audit infrastructure.2

1Kemper, J., and D. Kolkman. “Transparent to Whom?” Informa-
tion, Communication & Society, vol. 22, no. 14, 2019, pp. 2081–2096.

2Busuioc, M. “Accountable Artificial Intelligence.” Public Adminis-
tration Review, vol. 81, no. 5, 2021, pp. 825–836.
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Table 17.1: The elements of public audit infrastructure for au-
tomated decision-making.

Element What it requires What it prevents

System reg-
istries

Public listing of
high-stakes AI sys-
tems, their purpose,
and deploying insti-
tution

Invisible deploy-
ment of consequen-
tial systems

Independent
auditors

Investigative au-
thority, funded
independently of
audited systems

Self-certification
and institutional
capture

Decision
summaries

Plain-language
explanations ac-
cessible to affected
people

Black-box gover-
nance

Deployment
disclosure

Mandatory notice
when automation is
used in consequen-
tial decisions

People judged by
systems they do not
know exist

Durable
records

Decision logs that
persist across up-
dates and cannot be
unilaterally deleted

Institutional amne-
sia

That goes beyond technical openness. It is institutional
accountability—structures with teeth, not just windows.

The Danger of Forgetting

One more dimension matters: persistence.
Records can be deleted. Audit trails expire. Logs are
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purged. Databases are migrated, and old data vanishes in
the transition. The Post Office scandal was partially exposed
because some Fujitsu records survived long enough to be ex-
amined in the public inquiry. Others did not. We will never
know what was lost.

A civilization that relies on automated decision-making
but does not maintain durable records of how those decisions
were made is a civilization with amnesia. And amnesia, in
a democracy, is the mechanism by which institutional power
escapes accountability.

The ledger must persist.
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Chapter 18

Trust Beyond the Human Scale

The question is not whether machines will
govern. It is whether humans will govern the
machines that govern.

Now consider a world in which AI systems interact with each
other. One institution’s algorithm negotiates with another’s.
Automated systems coordinate across borders, jurisdictions,
and legal regimes, at speeds no human committee can match.

This is already happening. Automated trading systems
negotiate prices in milliseconds. AI coordinates logistics across
global supply chains. Content moderation systems apply
rules across platforms with billions of users.

The Governance Gap

Rahwan and colleagues proposed the study of “machine behaviour”—
the empirical investigation of how AI systems act in the world,
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analogous to how we study animal or human behavior.1 When
machines act autonomously, they become agents whose be-
havior must be governed. But our governance institutions
were designed for human agents. The governance gap is the
distance between the speed of machine behavior and the ca-
pacity of human institutions to oversee it.

Federated Trust

Elinor Ostrom demonstrated that communities can govern
commons effectively without centralized authority—through
nested, polycentric institutions that distribute responsibility
within shared principles.2

This model may be the most promising template for gov-
erning AI at scale. Consider how it would work in practice:
when a hospital deploys a sepsis detection algorithm, the lo-
cal medical board governs its clinical use. A national health
regulator audits its training data. An international standards
body certifies its safety framework. Each layer governs within
its domain, connected to the others by shared principles of
accountability and reversibility. No single authority controls
everything. But every level is answerable to the people it
affects.

The ledger, in this vision, is not a single book. It is a
network of ledgers—civilization’s shared memory of how de-
cisions were made and on what basis.

1Rahwan, I., et al. “Machine Behaviour.” Nature, vol. 568, 2019,
pp. 477–486.

2Ostrom, E. Governing the Commons. Cambridge UP, 1990.
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The Doctrine of Accountable Authority

This book has mapped a crisis. It is time to name what comes
next.

I propose that the governance of automated systems be
organized around a single principle, which I call the doc-
trine of accountable authority: no system may exercise
consequential power over a person’s life without an identifiable
human or institution that bears responsibility for the outcome
and can be compelled to answer for it.

Call it a slogan if you like, but it is an architectural
requirement. It implies five concrete institutional commit-
ments:
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Table 18.1: The five pillars of accountable authority.

Pillar Principle Institutional form

I. Legibility Every consequential
automated decision
must be explainable to
the person it affects

Mandatory decision
anatomy: inputs, alter-
natives, decisive factors, and
how to challenge

II. Reversibil-
ity

No automated decision
may be made irre-
versible faster than a
human can review it

Graduated commitment;
mandatory pause triggers;
right to rollback

III. Contesta-
tion

Every person subject
to an automated deci-
sion must have a low-
cost, accessible means
to challenge it

Contestation infrastructure
funded as a first-class insti-
tutional function, not an af-
terthought

IV. Responsi-
bility

A named human or
institution must bear
documented account-
ability for every high-
stakes automated sys-
tem

Accountability registries; “re-
sponsible party” designation
with legal teeth; no hiding
behind “the algorithm”

V. Memory The record of how
decisions were made
must persist, be acces-
sible, and survive insti-
tutional self-interest

Durable audit infrastructure;
independent custodians; no
unilateral deletion of conse-
quential records

These are not aspirational. They are enforceable. Each
pillar corresponds to a specific failure documented in this
book. Legibility would have required the Houston school
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district to explain teacher scores. Reversibility would have
limited MiDAS to provisional determinations. Contestation
would have given sub-postmasters a process that did not re-
quire them to fight a national institution alone. Responsi-
bility would have prevented the Post Office from pointing at
Horizon instead of answering for its prosecutions. And mem-
ory would have ensured that the Dutch tax authority’s errors
were not buried in expired audit logs.

This doctrine does not solve every problem. It does not
address AI consciousness, existential risk, or the deep align-
ment problem. It addresses something more immediate and
more actionable: the institutional conditions under which au-
tomated power remains legitimate.

Power is legitimate when it can be questioned. That is
the oldest insight in democratic theory. The doctrine of ac-
countable authority is simply the application of that insight
to the age of thinking machines.

The Return to the Human

But even at planetary scale, even in a world of federated AI
governance and the doctrine of accountable authority, there
is a question that no framework can answer:

Who is this for?
Every system, every algorithm, every institution is ulti-

mately a tool in service of human life. The moment we lose
sight of that—the moment the systems become ends in them-
selves, optimizing for their own metrics, growing for their own
sake—we have lost the thread.

The ledger serves us. Not the other way around. And
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“us” means not the most powerful, not the most connected,
not the most technically literate, but everyone whose life is
shaped by these systems. The nurse at 3 a.m. The teacher
checking her score. The family opening a letter from the tax
authority. The sub-postmaster wondering why the numbers
do not add up.

Those people are the reason this book exists. Those peo-
ple are the reason any of this matters.
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Epilogue: The Last Human
Advantage

It is three in the morning again.

The same hospital. The same fluorescent lights. The same
triage screen with its confident rankings.

But now you know things. You know about Seema Misra,
eight weeks pregnant, sentenced to prison because a computer
said she was a thief. You know about the forty thousand
people in Michigan whose lives were wrecked by a system
with a 93 percent error rate. You know about the teachers
in Houston who were fired by numbers no one could explain.
You know about the 26,000 families in the Netherlands and
the government that fell. You know about Elaine Herzberg,
crossing the road with her bicycle, classified and reclassified
six times in six seconds by a system that could see her but
could not decide what she was.

You know that these systems are not evil. They are
tools—powerful, useful, sometimes remarkably effective tools.
But tools that carry a specific and persistent danger: the dan-
ger that we mistake their outputs for truth, their confidence
for authority, their efficiency for wisdom. The danger that we
let them run, year after year, without anyone asking whether
they are right. Because asking is expensive. Because asking
is slow. Because asking means someone has to take responsi-
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bility for the answer.
The nurse checks the screen. She sees the rankings. And

this time, she pauses.
Not because she distrusts the system. Not because she

plans to override it. But because she remembers that the list
is a proposal, not a verdict. Because she knows that some-
where in the algorithm’s logic, there are assumptions she did
not make, weights she did not choose, trade-offs she was never
consulted on. And because she knows that when something
goes wrong—and something will, eventually, go wrong—she
is the one who will look the patient in the eye. She is the one
who will carry the weight.

The machine will not carry it. The machine cannot.

∗ ∗ ∗

This book has traced a long arc. From the midwife’s hands
to the algorithm’s score. At each step, humanity gained reach
and lost relationship.

That is not a story of decline. It is a story of trade-offs.
And we will keep making them. The world is too complex for
personal trust alone.

What matters is what we refuse to trade away.

Here is what I believe.
I believe that the last human advantage is not intelligence.

Machines are already more intelligent than us in many do-
mains, and they will become more so. It is not memory. It is
not speed. It is not consistency or scale.

The last human advantage is responsibility.
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The capacity to bear consequences. To make a promise
and know that breaking it will cost you something. To de-
cide under uncertainty, knowing you might be wrong, and
accepting the weight of that risk. To sit with someone who is
suffering and say: I am here. And I am not going anywhere.

No machine will ever do that. Not because of a technical
limitation that will someday be overcome. But because re-
sponsibility is not a function. It is a relationship between a
person and the world they have chosen to inhabit. It requires
skin in the game. It requires the possibility of loss.

It requires being human.

So look ahead.
The future will be full of thinking machines. They will

diagnose diseases, draft laws, manage supply chains, teach
children, and make decisions that shape the lives of billions.
Many of those decisions will be better than the ones humans
make alone. That is not the concern.

The concern is this: in a world of thinking machines, will
we preserve the structures that allow humans to notice when
the machines are wrong? To challenge their outputs? To
override their recommendations? To say: No. That is not
good enough. Do it again. Do it differently. Do it with the
people in mind, not just the numbers.

Will we preserve, in other words, the infrastructure of
human authority?

Not authority as domination. Authority as responsibility.
The authority that comes from bearing consequences. The
authority that comes from caring what happens next.

If we build that infrastructure—if we design for proof in-
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stead of promise, for reversibility instead of finality, for dis-
agreement instead of consensus, for care instead of efficiency—
then the thinking machines will be what they should be: the
most powerful tools humanity has ever created.

If we do not, they will become something else. Something
quieter and more dangerous. Not hostile. Not malicious. Just
indifferent. Indifferent in the way that systems are always
indifferent: optimizing for what can be measured, ignoring
what cannot, and leaving the humans who depend on them
to absorb the consequences.

∗ ∗ ∗

I want to be honest with you about something.
This book has been, in some ways, an act of faith. Faith

that the argument matters. Faith that the words reach the
right people. Faith that naming a problem helps solve it. I
am not sure any of those things are guaranteed.

The forces pushing toward silent authority are not evil.
They are efficient. And efficiency, in a competitive world,
is almost impossible to resist. The hospital that deploys an
automated triage system sees its throughput increase. The
company that uses algorithmic hiring saves money. The gov-
ernment that automates benefits processing serves more peo-
ple faster. These are real gains. They are gains that admin-
istrators, boards, and voters will demand.

Against those gains, this book offers something that has
no metric: the insistence that every person deserves to know
why a decision was made about them, and the power to chal-
lenge it if the reasons are not good enough.
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That insistence will always be slower. It will always be
more expensive. It will always lose the efficiency argument.

It will only survive if enough people—enough nurses, enough
teachers, enough engineers, enough citizens, enough you—
decide that efficiency is not the highest value. That legiti-
macy matters more than speed. That the right to be heard is
not a cost to be minimized but a foundation to be defended.

I cannot prove that will happen. I can only argue that it
should.

The choice is not between humans and machines.

It is between a future where machines serve human judg-
ment and a future where human judgment is slowly, quietly,
efficiently replaced by something that looks like judgment
but carries none of its weight. Confident outputs that no one
questions. Decisions that no one made and no one can undo.

Or: a future where the ledger is open. Where the doc-
trine holds. Where the systems are powerful but answerable.
Where the nurse at 3 a.m. trusts the screen and trusts her-
self. Where the teacher can see her score and challenge it.
Where the family accused of fraud has a process, not just a
letter.

Where power, however automated, remains human in the
only sense that matters:

Someone is responsible. Someone can be asked. Someone
will answer.

The nurse at 3 a.m. knows the difference.

So do you.
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∗ ∗ ∗

Now imagine the world that becomes possible if the doc-
trine holds.

Every automated system that exercises consequential power
over a person’s life is registered in a public ledger—its pur-
pose stated, its deploying institution named, its decision logic
documented in terms the affected population can access. Not
because the technology demands it, but because the law re-
quires it, and the institutions enforce it.

The people affected by algorithmic decisions have the right
to ask why. Not a theoretical right buried in terms of service,
but an operational right: a process, a reviewer, a remedy.
The teacher whose evaluation score drops can see which fac-
tors were decisive, can challenge the ones that are wrong,
and will be heard by someone with the authority to act. The
family flagged for investigation can examine the criteria that
triggered the flag. The patient whose treatment recommen-
dation was generated by a model can ask her doctor, “Do you
agree?” and the doctor has the training, the time, and the
institutional authority to answer honestly.

Organizations that deploy these systems must demonstrate—
not merely assert—that human oversight is genuine. That the
override button works. That the person assigned to watch the
system has the capacity, the training, and the protected au-
thority to say no. That reversal is possible. That someone
identifiable will answer for the outcome.

None of this requires technology we do not possess. It
requires institutional will. It requires the decision—made by
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legislators, regulators, executives, engineers, and citizens—
that the oldest principle of legitimate governance applies to
the newest form of power. That answerability is not a cost to
be optimized away but the foundation on which every other
efficiency depends.

This is what accountable authority looks like at civiliza-
tional scale. Not the rejection of machine intelligence. Its
constitutional settlement. A framework in which automated
systems operate within the authority of democratic institu-
tions, not beyond it. In which the efficiency of algorithms
serves human judgment rather than replacing it. In which
the ledger is open, the doctrine holds, and the answer to
“Who decided?” is never, ever silence.

The era of thinking machines has arrived. The question of
who governs them—and on what authority, and answerable
to whom—will define the next century of institutional life.

This book has proposed an answer.
The rest belongs to you.
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