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1. THE EVOLUTION OF
AUTHORITY

Authority used to be held by people. Not just any people: elders whose survival
meant they had seen things you had not, priests whose access to sacred texts
placed them above ordinary knowledge, scholars who had spent decades inside a
single subject, institutions whose longevity gave them a kind of weight. You
trusted a doctor because of years of training, a judge because of legal standing, a
newspaper because of the editorial process. That trust was imperfect and often
abused, but at least you knew who was making the call.

Now, in most of your daily life, the calls are made by software. Not software
designed by anyone you elected or could name. Software trained on your past
behavior, your clicks, your pauses, your purchases, and the behavior of millions
of people who look statistically similar to you. The system decides what news
you see first, which products appear at the top of your search, which videos
autoplay after the one you chose, and which job listings reach your screen. This is
a fundamental redistribution of authority, and it happened fast enough that most
people did not notice it happening.

This chapter traces that shift: where authority came from before the digital age,
how it moved, what systems now hold it, and what that means for how you
understand the world.



What Authority Actually Means

Before the argument can go anywhere useful, the word needs a working
definition. Robert Dahl, the political scientist, defined power as the ability to get
someone to do something they would not otherwise do. Authority is a specific
form of that: the recognized right to make decisions that others accept as
legitimate. The key word is recognized. A dictator has power but not necessarily
authority. A judge has authority because the system grants it, and people accept
the grant. A grandparent giving advice has authority because experience earns a
kind of informal legitimacy.

Authority, in this sense, is always relational. It depends on what the person
receiving the decision believes about the person or institution making it. That
belief is shaped by culture, history, and evidence. When the evidence stops fitting
the belief, authority erodes. When a new source of decisions starts producing
outcomes that people accept, authority transfers.

Such a transfer happened recently.



Authority Before The Screen

For most of human history, authority over information was held by whoever
controlled its scarcity. In oral cultures, that was the elder: the person who
remembered. The elder who recalled which plant cured fever, which valley
flooded in heavy rains, which alliances held, and which collapsed, held genuine
power. Their authority derived from irreplaceable knowledge that could not be
written down or looked up.

Religious institutions inherited and extended this model. The Catholic Church in
medieval Europe didn't just provide spiritual guidance; it controlled literacy,
maintained archives, translated texts, and decided which knowledge was valid.
To challenge Church authority was to challenge the framework that organized all
knowledge. Galileo's trial was about more than astronomy. It was about who gets
to say what is true.

The printing press changed the equation in the fifteenth century. Gutenberg's press
made it possible to copy text cheaply and at scale. That single development broke
the Church's information monopoly within a century. Luther's theses spread
because printing made distribution cheap. The Reformation was partly a media
event: new technology, new authority structure.

Broadcast media in the twentieth century created a different kind of authority.
Radio and television required expensive infrastructure and government licensing,
which concentrated information production in a small number of hands. Three
American television networks shaped what tens of millions of people understood
about the world each evening. Walter Cronkite, the CBS news anchor, was
repeatedly named in polls as the most trusted person in America during the 1960s
and 1970s. His authority was reputational and structural: he appeared in living
rooms every night, and the infrastructure required to do that credentialed him.

The model that came after the broadcast 1s the one you now live inside.



The Shift Online

The World Wide Web became publicly available in 1993. Its architect, Tim
Berners-Lee, built it around the hyperlink: a mechanism that allowed any
document to point to any other document, regardless of who owned either one.
This was a deliberate political choice. Berners-Lee wanted to create a system
with no central node, no single point of control. The hyperlink was a form of
decentralized authority: you could follow knowledge wherever it led, and no one
institution controlled the map.

For roughly a decade, that architecture held. Early web use was genuinely
decentralized. Personal homepages, forums, mailing lists, and later blogs created
a fragmented but pluralistic information environment. Authority online in this
period was earned by reputation within specific communities. If you ran a
credible technology forum or a well-sourced political blog, people returned
because you were reliable, not because an algorithm sent them.

Then, in the mid-2000s, platforms arrived. Facebook launched to the general
public in 2006. Twitter launched the same year. YouTube had been acquired by
Google in 2006 as well. These new websites were architecturally different from
what came before. Instead of a decentralized web of linked documents, they were
centralized spaces where the platform itself controlled what users saw. The feed
replaced the hyperlink as the primary navigation mechanism. And the feed was
not neutral: it was sorted.

This is the precise moment when authority moved from creators to curators, and
the curators were not human.

Tim Wu, writing in 2016, described social media platforms as technological
prostheses: extensions of human cognition so integrated into daily life that
removing them felt like amputation. That description captures why algorithmic
authority 1s difficult to escape. You are not choosing to consult an algorithm the
way you might choose to read a newspaper. The algorithm is the environment. It
1s the water you swim in.



What An Algorithm Is And What It Does

In this context, an algorithm, stripped of technical language, is a set of rules a
system follows to decide what to show you, based on data about your past
behavior and the behavior of users who resemble you. That is the whole thing.
The sophistication varies enormously, but the logic is consistent: observe
behavior, find patterns, predict what action will produce the desired outcome,
serve that content.

Modern algorithms are more complex than simple rule sets. Machine learning
systems identify patterns in large datasets without being explicitly programmed
with rules. Deep learning systems use layered neural networks that can detect
features in images, audio, and text without human-defined categories. Natural
language processing systems analyze and generate human language. These are not
interchangeable terms, but they share a common feature relevant to authority: none
of them operate through logic you can read or audit. They produce outputs from
processes that their own designers cannot fully explain after the fact.

That opacity matters. When a judge delivers a verdict, you can read the
reasoning. When a doctor recommends treatment, you can ask why. When an
algorithm ranks your search results or selects your news feed, there is no
explanation to request. The decision is made, and the mechanism is proprietary,
legally protected, and in many cases technically inexplicable even to the
engineers who built it.

You are expected to accept the output without understanding the process. That is
exactly what Dahl's definition of authority describes: decisions that others accept
as legitimate. The difference is that traditional authority sources, at least in
principle, could be held accountable. They had faces, offices, and reputations.
The algorithm has none of those.



Scale And Daily Exposure

The scale of this exposure makes it qualitatively different from earlier
information environments. Netflix has stated that more than 80 percent of content
watched on its platform is discovered through its recommendation enginet!! rather
than through user search. Amazon's recommendation algorithm is credited with
driving approximately 35 percent of the company's total revenue!?!. Google
processes over 8.5 billion searches per day, and the ranking decisions made in
those results shape what knowledge billions of people encounter as authoritative.

You are not exposed to algorithms occasionally. On any given day, if you check a
social media feed, watch a streaming service, search for information, shop
online, or read a news aggregator, you have received algorithmically curated
information multiple times before lunch. The systems doing this curation are not
neutral. The question is: optimized for what?

The answer, in most cases, is engagement. Platforms generate revenue through
advertising. Advertising revenue depends on time-on-platform. Algorithms are
therefore tuned to maximize the amount of time you spend interacting with content.
It's a business model. But the side effects of that optimization are not neutral.



Bias Built In

Algorithms are biased because they are trained on historical data, and historical
data reflects historical inequalities. This distinction matters: the problem is
structural, not individual. Fixing it requires more than good intentions.

Joy Buolamwini, a researcher at the MIT Media Lab, demonstrated this
concretely. Working on facial recognition systems built by major technology
companies, she found that the systems performed significantly worse on darker-
skinned faces, particularly darker-skinned women3!. In her tests, published in
2018, error rates for lighter-skinned men ran as low as 1 percent. For darker-
skinned women, error rates reached 35 percent. The systems were not
programmed to discriminate. They were trained on datasets that contained many
more lighter-skinned male faces, so they became optimized for that demographic
and failed on others.

Her documentary, Coded Bias, extended this finding beyond the lab. She
documented how facial recognition tools were being used in real-world
applications: law enforcement, housing assessments, and school monitoring. In
each context, the same bias translated directly into consequential decisions. A
system that misidentifies darker-skinned faces at 35 times the error rate of lighter-
skinned faces is not a neutral tool when police departments use it to identify
suspects.

Boulamwini's work is precise, and it exposes a general principle: the appearance
of objectivity can be more dangerous than acknowledged subjectivity. A human
police officer who acts on racial bias can be challenged, trained, and prosecuted.
An algorithm that produces racially biased outputs carries an implicit claim of
mathematical neutrality that makes it much harder to contest.

Diversity in algorithm development teams compounds this problem. When the
people designing and testing these systems come from narrow demographic
ranges, they are less likely to test for failure modes outside their own experience.
This 1s a matter of perspective. If you have never experienced being misidentified
or excluded by a system, you are less likely to check for that failure mode when
building one.

YouTube's advertising algorithm offers a related example. Because ad placement
1s automated and based on contextual signals from the content being viewed,



advertisers who explicitly did not want their brands associated with extremist
content found their ads appearing alongside it anyway. The algorithm was
optimizing for relevance and engagement without human review of each
placement decision. The business consequence was a significant advertiser
boycott in 2017. The social consequence was that extremist content had been, for
years, partially subsidized by mainstream brands that had no idea this was
happening.



Filter Bubbles And What They Cost

In 2011, the internet activist Eli Pariser introduced the term filter bubble to
describe what happens when personalization algorithms remove disagreement
from your information diet. The logic is simple: if you consistently engage with
content from one political perspective and skip content from another, the
algorithm learns to stop showing you the latter. Over time, your feed becomes a
reflection of what you already believe, minus the friction of contradiction.

Pariser's main concern was about the social function of shared information.
Democratic deliberation requires, at a minimum, that people have overlapping
pictures of reality. When algorithms partition those pictures along engagement
lines, the overlap shrinks. You and someone with different political views are not
just reaching different conclusions from the same facts; you are receiving
different facts.

The research on filter bubbles is genuinely contested. Some studies suggest the
effect 1s smaller than Pariser claimed, because most people still encounter
diverse sources. Other studies find that algorithmic curation measurably reduces
exposure to cross-cutting political content. The debate is ongoing, but a narrower
version of the claim holds regardless of its scale: recommendation algorithms are
not designed to provide exposure to diverse perspectives. They are designed to
maximize engagement. Whatever breadth of perspective they provide is
incidental, not structural.

For you, as a reader navigating daily information, the practical implication is that
the fact that something appeared in your feed is not evidence that it is
representative. It appeared because the system predicted you would engage with
it. That prediction is based on your past behavior, which is itself a product of the
choices the algorithm made for you previously. The circularity is the problem.
Your preferences and the algorithm's predictions of your preferences are not
independent of each other.



Transparency And The Black Box

The opacity of algorithmic systems is not accidental. It has two sources:
commercial interest and technical complexity.

On the commercial side, recommendation algorithms are core intellectual
property. Facebook's News Feed ranking system, Google's PageRank and its
successors, Amazon's product recommendation engine: these are proprietary
assets that companies protect through trade secret law and patent protections.
Publishing the full logic of these systems would allow competitors to replicate
them and would allow bad actors to game them. The confidentiality has a
business rationale, but the effect is that the systems making daily authority
decisions about your information environment cannot be inspected.

On the technical side, modern deep learning systems are not transparent even to
their creators. When a neural network produces an output, the output is the
product of millions of weighted connections adjusted during training. There is no
single rule you can point to that explains why the system ranked this article first
and that one fifth. This is called the explainability problem, and it is an active
area of research. The EU has pushed for explainable Al as a regulatory standard,
but the technical capacity to explain most production systems at scale does not yet
exist.

The combination of commercial opacity and technical inscrutability creates what
is routinely called the black box problem. You receive a decision. You cannot see
how it was made. You cannot easily contest it. And because the decision arrives
embedded in a user interface designed for frictionless use, you may not register
that a decision was made at all. You scrolled, the content appeared, and you
engaged. The selection process was invisible.

This 1s authority without accountability. It 1s decisions made at scale, affecting
billions of people, by systems whose logic is unavailable for public inspection.



Regulation And Its Limits

Governments have begun to respond, though the responses are uneven and
generally behind the pace of deployment.

The European Union's Al Act, finalized in 2024, is the most comprehensive
attempt to regulate algorithmic systems by risk category. High-risk applications,
including Al used in employment decisions, credit scoring, education assessment,
law enforcement, and critical infrastructure, face mandatory transparency
requirements, human oversight obligations, and pre-market conformity
assessments. The Act prohibits certain practices outright, including social scoring
by governments and most uses of real-time facial recognition in public spaces. It
is a serious piece of legislation, and it sets a global benchmark by virtue of the
EU's market size.

In the United States, the Algorithmic Accountability Act has been proposed in
Congress in various forms since 2019. As of this writing, it has not passed. The
proposal would require companies above a certain size to audit automated
decision systems for accuracy, fairness, bias, and privacy implications. The
Federal Trade Commission has taken enforcement actions against companies
using algorithmic systems in deceptive ways, but the US lacks a comprehensive
federal framework equivalent to the EU Act.

The UK's Information Commissioner's Office has issued guidance on automated
decision-making under data protection law, and sector-specific regulators in
finance and healthcare have developed their own standards. Australia, Canada,
and Brazil have active legislative processes. The global picture is one of
accelerating regulatory attention but significant variation in speed and ambition.

Regulation faces a fundamental challenge beyond political will: the systems being
regulated change faster than legislative processes can track. A law drafted to
address the algorithmic systems of 2022 may be poorly fitted to the systems of
2027. Regulatory frameworks that focus on specific techniques rather than
outcomes tend to become obsolete. The EU Act's risk-based approach, which
focuses on application domains rather than specific algorithms, is partly designed
to address this problem, but it remains untested at scale.

There is also a jurisdictional problem. The companies deploying the most
influential algorithmic systems are headquartered in the United States, though they



operate globally. A European user of an American platform is subject to EU
rules, but enforcement depends on cooperation that is not always forthcoming.
The global reach of these systems does not match any single government's
regulatory authority.



What Algorithmic Literacy Actually Means

Much of the public debate about algorithms ends with a call for algorithmic
literacy, which is a useful concept that is rarely given specific content. Literacy
does not mean learning to code or understanding neural network architecture. It
means developing a practical, accurate model of how these systems work and
what they are optimizing for.

At the most basic level, algorithmic literacy means understanding that your feed is
a selection from the world, made by a system with specific optimization targets
that do not include your long-term health. That knowledge changes how you read
what you see. An article that appears at the top of your search results is there
because Google's ranking system assessed it as the best match for its model of
your intent, filtered through its model of page quality, influenced by the link
structures of the broader web.

At a practical level, algorithmic literacy means deliberately introducing friction
into your information consumption. This does not require dramatic gestures. It
means occasionally searching for the same topic using different platforms and
comparing results. It means following sources that routinely challenge your
existing views, not to be contrarian but to maintain calibration. It means treating
the personalized nature of your information environment as a standing condition
to be managed, not a neutral background.

Tools exist to support this. Browser extensions that reveal the factors driving
search rankings, media literacy curricula that train students to identify the
difference between editorial and algorithmic curation, and journalistic
organizations that publish their editorial standards explicitly. None of these
solves the structural problem. But they shift you from passive recipient to active
reader, which changes your relationship to the authority these systems claim.

The larger point is institutional as much as individual. Algorithmic literacy at a
societal level requires that schools teach the basics of how recommendation
systems work alongside the basics of how media organizations work. It requires
that regulators have the technical staff to understand the systems they are
overseeing. It requires that journalists develop enough fluency in algorithmic
systems to cover them accurately rather than either uncritically or hysterically.



The Accountability Gap

The deepest problem is the accountability gap between the authority these
systems exercise and the mechanisms that exist to contest or correct them.

When a newspaper publishes a false story, there are mechanisms: corrections,
retractions, press council complaints, defamation law, and reputational
consequences. When an algorithm systematically suppresses certain voices,
demotes certain content, or amplifies certain political tendencies, the mechanisms
are far weaker. You can appeal a specific content moderation decision on most
platforms. You cannot appeal a ranking decision. You cannot request an
explanation for why your content reached fewer people this month than last. The
decision is made, it has effects, and there is no address to write to.

This gap is what makes the shift from human to algorithmic authority meaningful
rather than merely technical. The traditional sources of authority that algorithms
have displaced were imperfect, biased, exclusionary, and frequently corrupt. But
they existed within accountability structures that, over time and through struggle,
could be reformed. The press could be pressured into better practices. Courts
could be challenged and overturned. Institutions could be legislated into different
behaviours. The accountability structures for algorithmic authority are nascent,
underfunded, and outpaced.

This does not mean algorithmic authority is inherently illegitimate or that the
previous order was preferable. Algorithmic systems also surface knowledge that
would never have reached you through traditional gatekeepers, connect
communities that geography would have kept apart, and process information at
scales that genuinely exceed human capacity. The claim is narrower: authority
without accountability i1s dangerous regardless of its form, and the current pace of
algorithmic deployment has outrun the accountability frameworks that would
make it safe.

The question worth sitting with 1s not whether algorithms should influence your
information environment. They already do, at a scale and depth that is not
reversible in any practical sense. The question is what accountability structures
are appropriate for systems that now perform functions once performed by
editors, librarians, teachers, and institutions.
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