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Introduction

A Book That Is
Its Own Subject

This book
was created at a moment of transition. Not at a turning point
announced with fanfare, but at a time when change has already taken
place and language is still struggling to catch up. It was written
in a world in which artificial intelligence has ceased to be a
promise of the future and has become a force organizing the
present-economy, work, communication, power, and trust.

It was also
created in a way that itself illustrates the processes it
describes.

I do not call
myself the author of this book in the traditional sense. I am a
prompter. I moderated threads, asked questions, set direction,
slowed down and accelerated the narrative. The editor, stylist, and
executor of this book became artificial intelligence-a system that
gave it pace, structure, and language. Today it is difficult to
answer unequivocally who is more the author: the human who
initiated meaning, or the machine that shaped it.

And that is
precisely what this book is about.

Because this
problem-the ambiguity of authorship, responsibility, and
agency-does not concern literature alone. It concerns work,
decisions, communication, and power. AI increasingly not only
supports humans but replaces them, taking over functions that until
recently we considered inseparably human.

The End
of the Reassuring Narrative

At the
beginning of the 2020s, artificial intelligence was described in
cautious terms. It was called a “supporting tool,” an “assistant,”
a “productivity-enhancing technology.” AI was meant to help write
shorter texts, suggest answers in call centers, automate simple
data analysis. The dominant belief was that while it might change
the way we work, it would not threaten work itself-at least not on
a mass scale.

This narrative
collapses abruptly after 2025.

By the
mid-2020s, and increasingly by 2026, AI in leading organizations
ceases to function merely as a tool and begins to operate as a
full-fledged executor of work. This is no longer about automating
individual tasks, but about taking over entire streams of work-from
information analysis, through content creation, to operational
decision-making. AI does not merely accelerate processes-it closes
them into a whole, eliminating the need for many intermediary
roles.

This is a
qualitatively new moment. Earlier waves of automation-industrial
mechanization or office computerization-affected mainly physical
labor or routine operations. Generative AI enters the domain of
cognitive, creative, and communicative work-an area long considered
relatively resistant to technology.

Data That
No Longer Allows Pretending

The scale of
this change is no longer a matter of opinion. It is confirmed by
data.


OECD’s Employment Outlook 2024 indicates that, depending
on task-level exposure models, up to around 27% of jobs in
developed economies may be significantly affected by generative
AI-driven automation. This does not mean the immediate
disappearance of these professions, but a real risk of deep
transformation of their content-often leading to job reductions or
wage pressure.

McKinsey
Global Institute estimates that, under accelerated adoption
scenarios, up to 30% of the hours currently worked by humans could
be automated by AI systems by 2030. Crucially, the pace of this
change will not be linear. The greatest acceleration is expected
after 2025, when multimodal models-combining text, image, sound,
and video-become standard in business environments.

The World
Economic Forum’s Future of Jobs Report 2023 shows that
around 75% of surveyed companies plan to deploy generative AI in at
least one function or pilot use case by 2027. These are sectors
employing millions of highly educated workers-often those who until
recently considered their skills secure.

Recent studies
conducted by teams affiliated with MIT and Stanford HAI (2023–2024)
suggest a troubling pattern: in several knowledge-intensive
settings, productivity gains from generative AI do not translate
into proportional employment growth. Across multiple experimental
and field studies, productivity increases ranging from roughly 30%
to over 50% have been observed, while demand for junior-level roles
declined by approximately 20–30% in affected teams. AI not only
accelerates work-it breaks career paths, eliminating the stages at
which successive generations gained experience.

In practice,
more and more organizations now operate under a new model: a small
team of senior professionals, supported by AI systems, performs
work that a decade ago required many times more employees. This is
not futurism. It is the everyday reality of knowledge sectors.

Why “New
Jobs” Do Not Save the Situation

In response to
these processes, a reassuring argument often returns: technology
has always created new jobs. Historically, this is true. The
industrial and digital revolutions generated professions that
previously did not exist.

The problem is
that AI does not operate according to the same logic.

For the first
time, technology:


	replaces entire processes rather than individual
tasks,

	creates value without proportional employment
growth,

	automates cognitive work, not only physical or
routine labor.



A generative
system does not “help write.” It plans, edits, optimizes, and
distributes communication. It eliminates entire chains of
positions. Companies do not scale teams-they scale models. An
additional project does not require new people, but greater
computing power.

Model-based
analyses cited by the Economist Intelligence Unit (2024) suggest
that investment in AI tends to generate significantly fewer new
jobs than comparable IT investments in the early 2000s - by some
estimates on the order of several tens of percent. AI is a
capital-intensive, not labor-intensive, technology.

As a result, a
structural gap emerges: the pace at which jobs disappear is faster
than the pace at which new roles are created, and those that do
emerge are highly specialized and inaccessible to the majority.

What This
Book Is About

This book is
not a manifesto against AI. Nor is it a celebration of technology.
It is an attempt to understand the world at a moment when its
existing foundations are cracking: work as a source of meaning,
information as a public good, media as a shared space of truth, and
the state as the main organizer of order.

It is also a
book about a paradox: the more technology we have, the greater the
value of what is human-trust, presence, reputation. But also about
the price societies will pay before markets and institutions come
to understand this.

Finally, it is
a book that itself proves that questions of authorship,
responsibility, and agency are no longer abstract. They are
happening here and now.

That is why
this is not a book about the future.

It is a book about the present-one that is already slipping away
from old definitions.

Megatrend 1: From
Tool to Collaborator





1.1.1. Multimodal and Agentic
Models


Just a few years ago, discussions about artificial intelligence in
the workplace almost always began with the same caveat: “AI is just
a tool.” It was meant to support humans, speed up selected tasks,
automate routine work-but not take over responsibility or agency.
This calming, technocratic language was useful to domesticate the
technology and limit social anxiety. By 2026, however, it is
becoming increasingly inadequate to describe reality.

The change
unfolding before our eyes is not merely about greater computing
power or higher-quality generated content. It is an architectural
shift: a transition from narrow, reactive systems to multimodal and
agentic models capable of independently executing complex sequences
of work. As a result, AI ceases to be a tool used “during work” and
begins to function as a collaborator embedded within organizational
processes.

From Text
Models to Multimodal Systems

The first wave
of generative AI that entered widespread use in the early 2020s
relied primarily on text processing. These systems were impressive
but limited: excellent with language, weaker with visual context,
and even weaker with the dynamics of the physical world. Their
applications focused on writing, summarizing, translating, and
basic analysis.

By the middle
of the decade, this model no longer dominates. Multimodal systems
become the standard-capable of simultaneously processing text,
images, sound, video, and structured data. From a labor-market
perspective, this marks a fundamental breakthrough: many barriers
between previously distinct areas of expertise disappear.

A multimodal
system does not merely “write a marketing campaign.” It can analyze
sales data, interpret competitors’ visual materials, generate a
creative concept, tailor it to a target audience, and then monitor
audience reactions in real time. What once required collaboration
among multiple specialists and coordination across departments is
now enclosed within a single, coherent process.

This
integration has far-reaching organizational consequences. Work is
no longer divided into narrow specializations based on data formats
(text, image, numbers). Instead, it is organized around goals and
problems that AI can address holistically. Humans do not disappear
from this system, but their role shifts-from executors to
designers, supervisors, and correctors.

Agentic
Models: From Answers to Action

An even greater
change is brought by agentic systems. While a classic language
model reacts to user prompts, an AI agent operates continuously and
purposefully. It receives a task or a set of goals and then
independently plans subsequent steps, executes them, monitors
outcomes, and introduces corrections.

In practice,
this means AI no longer waits for instructions. Instead, it
operates within a decision loop: goal → action → evaluation →
optimization. Such a system can run an advertising campaign, manage
publishing schedules, optimize budgets, test message variants, and
report results-without constant human intervention.

This is where a
qualitative shift emerges, distinguishing AI in 2026 from earlier
automation technologies. We are no longer dealing with a machine
that executes commands, but with a system that organizes work over
time. In many companies, agentic AI is assigned clearly defined
KPIs, granted access to tools and data, and given a level of
decision-making authority comparable to that of a junior
operational manager.

From the
employee perspective, the critical issue is that such AI takes over
not only technical tasks, but also those that once served as a
“school of the profession.” Data analysis, preparing variants,
drafting first versions of projects-everything that allowed junior
workers to learn through practice-is increasingly performed
automatically.

A
Collaborator Without a Biography

In
organizations that have deployed agentic models at scale, a new,
informal language begins to emerge. Teams talk about AI as someone
who “handles,” “coordinates,” or “oversees” a process. The system
has its dashboards, performance reports, task schedules. Sometimes
it is given internal project names, and its “productivity” is
compared across departments.

This way of
speaking is often criticized as anthropomorphism, but it serves an
important cognitive function. It helps describe the fact that AI is
no longer a passive tool but is taking on a role functionally
similar to that of an employee-with one key difference: it has no
biography, ambitions, or temporal limits. It works in parallel,
does not tire, and does not need breaks.

It is precisely
this asymmetry that makes the human–AI relationship structurally
unequal. In theory, humans retain control: they approve goals, set
boundaries, and bear responsibility. In practice, however, the
scale and speed of AI agents’ actions make oversight fragmentary.
Humans respond to exceptions and crises, not to the everyday flow
of work.


Techno-Optimism and Its Limits

Proponents of a
techno-optimistic interpretation argue that agentic models “free
people from operational routine” and allow them to focus on
strategic tasks. In this view, AI is a partner that boosts
productivity and improves decision quality.

This argument
is not entirely false-but it is incomplete. It assumes that every
worker has access to a strategic level where their contribution
becomes irreplaceable. In organizational reality, however, the
number of purely strategic roles is limited. If AI takes over
execution and analysis while simultaneously reducing demand for
junior roles, the labor-market structure flattens.

A phenomenon
increasingly described by labor-market researchers emerges: a
narrow decision-making elite supported by AI systems, alongside a
broad group of workers in precarious positions, performing tasks
that are difficult to automate but hard to scale. Agentic models do
not eliminate hierarchies; they redefine them.

A New
Definition of Cognitive Work

By 2026, it
becomes increasingly difficult to maintain the traditional
distinction between “creative work” and “automated work.”
Multimodal and agentic models demonstrate that a large portion of
intellectual activity-analysis, synthesis, variation,
optimization-can be performed faster and cheaper by algorithmic
systems.

This does not
mean the end of human cognitive work. It does, however, mean a
shift toward responsibility, interpretation, and relationships.
Humans are less often the ones who “do” and more often the ones who
decide whether an outcome makes sense, is ethical, and fits social
and cultural contexts.

In this sense,
AI in 2026 becomes not only a collaborator, but also a mirror
reflecting the value of human labor. The more tasks multimodal and
agentic models take over, the clearer it becomes that the future of
employment depends not only on technical skills, but on the ability
to create meaning, build trust, and assume responsibility in a
world where action is increasingly delegated to machines.





1.1.2. Autonomous
Decision-Making Systems


If multimodal models have changed the scope of work performed by
AI, autonomous decision-making systems are changing its status. In
2026, the key question is no longer whether artificial intelligence
can analyze information or generate solutions, but whether-and to
what extent-it can independently decide on actions in the real
world. This is where the deepest shift in the relationship between
humans and technology is taking place.

Autonomous
decision-making systems are not futuristic experiments or the
domain of research laboratories. They already operate in logistics,
finance, digital marketing, IT infrastructure management, and
dynamic pricing. By 2026, they have become part of everyday
organizational architecture-often invisible to end users, yet
crucial to corporate efficiency.

From
Recommendation to Decision

For years, the
dominant model could be described as “advisory AI.” The system
analyzed data and presented recommendations, while the final
decision remained with a human. This arrangement was convenient
both technologically and ethically-it preserved the illusion of
full control and made it easy to identify who was responsible for
potential mistakes.

In practice,
however, this model is increasingly proving inadequate.

The scale of
data, the pace of market change, and the complexity of processes
mean that manual operational decision-making becomes a bottleneck.
In response, organizations begin delegating real decision authority
to algorithms-initially in areas considered “low risk,” and then
more broadly.

An autonomous
decision-making system does not merely indicate the best option. It
selects and implements it, operating within defined rules, goals,
and constraints. Humans design the framework but do not participate
in every decision. In marketing, this means automatic allocation of
advertising budgets; in finance, dynamic portfolio management; in
HR, candidate preselection and workforce scheduling
optimization.

The boundary
between “support” and “replacement” no longer runs at the level of
tasks, but at the level of responsibility for outcomes.


Human-in-the-Loop: Concept and Reality

Public debate
often invokes the concept of the human-in-the-loop-a person
remaining “inside the decision loop,” supervising AI systems,
approving key decisions, and intervening in crisis situations. This
idea underpins many regulations and ethical guidelines.

The problem is
that in organizational reality, human-in-the-loop increasingly
functions as a procedural fiction.

Autonomous
systems make hundreds or thousands of decisions daily. Humans
simply cannot track them in real time. Oversight therefore shifts
from the operational level to a statistical one: reviewing metrics,
reports, and alerts. Intervention occurs only when something goes
wrong.

As a result,
human responsibility becomes reactive rather than agentic. The
system determines the normal course of action, while humans appear
as auditors, exception handlers, or a “last instance.” This model
differs radically from the traditional understanding of
decision-making work, where humans were the active subjects of
choice.


Efficiency Pressure and Removing Humans from the
Loop

The key factor
accelerating decision autonomy is efficiency pressure. Autonomous
systems operate faster, cheaper, and more consistently than human
teams. In highly competitive environments, even a small algorithmic
advantage translates into tangible gains.

In this
context, human presence in the decision loop is increasingly seen
not as a safety guarantee, but as a source of delays and cognitive
bias. Organizations begin asking not “Can AI decide?” but “Can we
afford for AI not to decide?”

This mindset
leads to the gradual expansion of system autonomy-often without
formal debate or clearly defined boundaries. Decisions are
delegated to algorithms “temporarily,” “as pilots,” or “for
optimization,” until they become the new norm.


Responsibility Without Agency

One of the most
problematic aspects of autonomous decision-making systems is the
separation of responsibility from agency. Formally,
humans-managers, executives, regulators-are responsible for
decisions made by AI. In practice, however, they do not make those
decisions in real time.

This disconnect
generates new ethical and legal tensions. Who is responsible for a
decision that no one directly made? How should errors be accounted
for when systems operate according to designed rules but in ways
unforeseen by their creators? How can responsibility be enforced in
organizations where key processes function as algorithmic “black
boxes”?

In 2026, these
questions have no clear answers. What is clear is that autonomous
decision-making systems are transforming not only labor markets,
but also the architecture of power within organizations.
Decision-making shifts from humans to systems, while humans
increasingly act as intermediaries between algorithms and the
social world.

A Polemic
with Techno-Optimism: The Myth of Neutral Automation


Techno-optimistic narratives portray autonomous decision-making
systems as neutral tools-fast, objective, and free from human bias.
In this view, AI does not replace decisions but “improves” them,
eliminating errors caused by emotion, fatigue, or political
interests.

This narrative
ignores the fact that every decision-making system embodies
specific values, priorities, and assumptions. The goals optimized
by AI are designed by humans and organizations. If cost efficiency
is the overriding criterion, the system will make decisions that
maximize savings-regardless of their social consequences.

Autonomous
decision-making systems are therefore not neutral. They are a
condensed form of organizational power, encoded in code, data, and
optimization models. Their spread does not eliminate conflicts of
interest-it masks them, shifting them from visible decisions to the
level of system architecture.

Decision
Work as a New Axis of Inequality

In a world of
autonomous decision-making systems, decision work becomes a scarce
good. Fewer people make real decisions, while more participate in
their execution or supervision. This shift has direct consequences
for labor-market structures.

Strategic
decisions remain in the hands of a narrow group of leaders and
system designers. Operational decisions are taken over by
algorithms. Between them lies a growing group of workers whose role
is to interpret, justify, and legitimize decisions made by AI-often
to customers, partners, or public institutions.

In this sense,
autonomous decision-making systems do not merely automate work;
they transform its social meaning. Work increasingly consists not
of choosing, but of explaining choices made elsewhere-by systems
whose logic remains partly opaque.

The
Transition Point

If multimodal
models expanded the range of tasks that can be automated, and
autonomous decision-making systems have taken over a significant
portion of operational agency, the next question concerns the scale
and pace of these changes. This leads directly to the next part of
the chapter: the dynamics of automation and its consequences for
the labor market as a whole.





1.1.3. Scaling Compute Power
and Falling Inference Costs: Economics as the “Hidden Engine” of
Change


Debates about artificial intelligence often focus on model quality:
linguistic ability, creativity, analytical precision, or
increasingly “human-like” interaction. This is natural-these are
the most visible and spectacular aspects of AI development. From
the perspective of labor markets and the economy, however, they are
not the primary drivers of transformation. The real revolution is
happening deeper, in an economic layer that rarely makes the
headlines of reports and articles.

What matters
most is not that AI is getting better, but that it is becoming
cheaper to use.

In 2026, the
key factor accelerating the automation of work is not an
algorithmic breakthrough comparable to the emergence of the first
large language models, but the sharp decline in inference costs-the
costs of everyday use of already trained models. This shift is what
turns AI from an experimental or premium tool into a form of
ubiquitous production infrastructure.

Training
vs. Usage: The Difference That Changes Everything

Discussions
about AI often conflate two distinct costs: the cost of training
models and the cost of using them. Training large models remains
expensive, capital-intensive, and concentrated in the hands of a
few actors with access to advanced infrastructure. For most
companies, however, this is not decisive-organizations do not train
models from scratch, but use ready-made systems via APIs or cloud
platforms.

For labor
markets, the decisive factor is the cost of inference: the cost of
a single query, analysis, content generation, or decision made by a
model. Between 2023 and 2026, these costs fall nonlinearly due to a
combination of factors: architectural optimization, specialized
hardware, competition among providers, and economies of scale.

The result is
simple, though far-reaching in consequence: tasks that were
recently too expensive to automate become economically viable. AI
stops being deployed only where it generates high unit value and
begins to be used at scale-for hundreds of thousands of small
decisions and interactions every day.


Intelligence as a Scalable Resource

In the
traditional economy, cognitive labor was a resource that scaled
poorly. Every additional project, client, or process required
hiring more people. Even at high productivity levels, natural
limits existed, imposed by time, attention, and human cognitive
capacity.

By 2026, this
boundary begins to blur.

As inference
costs fall, intelligence becomes a resource that can be scaled much
like electricity or network bandwidth. If a company needs to handle
twice as many customer queries, analyze ten times more data, or
generate hundreds of communication variants, it does not need to
expand its workforce. It simply increases the volume of model
queries.

This is the
point at which the fundamental relationship between economic growth
and employment changes. Growth no longer implies job creation; it
implies more intensive use of algorithmic intelligence. From a
macroeconomic perspective, this means declining labor intensity of
growth; from an individual perspective, rising competitive pressure
from systems not subject to human constraints.


Automating “Low-Value” Work That Once Anchored
Employment

One paradox of
the AI transformation is that it most strongly affects tasks of
seemingly low value that nonetheless formed the backbone of
employment in white-collar sectors. Preparing presentations,
preliminary analyses, reports, summaries, media monitoring,
customer segmentation-each task alone was not especially costly,
but together they supported millions of jobs.

As long as the
cost of automating these tasks remained high, replacing them was
not worthwhile. Falling inference costs change this calculation. By
2026, automating small, repetitive elements of cognitive work
becomes cheaper than maintaining human teams, even at relatively
low wages.

This leads to
what can be described as the economic deconstruction of jobs.
Rather than eliminating entire roles, organizations begin to “peel
off” individual tasks and hand them over to AI. The end result,
however, is similar: demand for full-time employees declines, and
the structure of work becomes increasingly fragmented.

AI Versus
Time: An Unmatchable Advantage

AI economics is
not only about financial cost. Time is an equally important factor.
Autonomous systems operate continuously-without breaks, vacations,
or daily limits. Falling inference costs make exploiting this
temporal advantage cheap and widespread.

In practice,
this means AI can iterate solutions faster, test more variants, and
respond to changes in real time. In environments such as digital
marketing, e-commerce, or information management, this temporal
advantage translates directly into competitive advantage.

Even the most
capable human cannot compete with a system that analyzes data and
makes decisions 24 hours a day. As a result, competitive advantage
shifts away from the quality of human labor and toward access to
cheaper and faster algorithmic intelligence.

A Polemic
with Techno-Optimism: “The Market Will Self-Correct”



