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1 Defining Ethics

A Formal Definition — Cambridge Dictionary

Ethics

the study of what is morally right and wrong, or a
set of beliefs about what is morally right and wrong.

Britannica: ethics, also called moral philosophy, the discipline concerned
with what is morally good and bad and morally right and wrong. The term is
also applied to any system or theory of moral values or principles.

How should we live? Shall we aim at happiness or at knowledge, virtue, or
the creation of beautiful objects? If we choose happiness, will it be our own or
the happiness of all? And what of the more particular questions that face us:
is it right to be dishonest in a good cause? Can we justify living in opulence
while elsewhere in the world people are starving? Is going to war justified in
cases where it is likely that innocent people will be killed? Is it wrong to clone a
human being or to destroy human embryos in medical research? What are our
obligations, if any, to the generations of humans who will come after us and to
the nonhuman animals with whom we share the planet?

Ethics deals with such questions at all levels. Its subject consists of the
fundamental issues of practical decision making, and its major concerns include
the nature of ultimate value and the standards by which human actions can be
judged right or wrong.

The terms ethics and morality are closely related. It is now common to refer
to ethical judgments or to ethical principles where it once would have been more
accurate to speak of moral judgments or moral principles. These applications
are an extension of the meaning of ethics. In earlier usage, the term referred not
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Figure 1: You can only correct the course of the car a little, so you can reduce
the deaths from two to one. Do you choose track A or B? — source: MIT
Technology Review — Hao, 2018

to morality itself but to the field of study, or branch of inquiry, that has morality
as its subject matter. In this sense, ethics is equivalent to moral philosophy.

Although ethics has always been viewed as a branch of philosophy, its all-
embracing practical nature links it with many other areas of study, including
anthropology, biology, economics, history, politics, sociology, and theology. Yet,
ethics remains distinct from such disciplines because it is not a matter of fac-
tual knowledge in the way that the sciences and other branches of inquiry are.
Rather, it has to do with determining the nature of normative theories and
applying these sets of principles to practical moral problems.

Ethical dilemmas are more important than ever. With the next figures we
explore a few variations of the trolley problem. The Trolley Problem is no longer
just a thought experiment for philosophy students; it is a technical requirement
for autonomous systems. Engineers must decide how a car should value a child’s
life versus an elderly person’s life in a situation where a collision is unavoidable.

AT Dilemma: Kill/Save the Baby or Old Person?

It appears that the choices people make is somehow determined by culture.
In Western culture a majority of people will choose to save the baby, in West
Asian cutltures typically the older person is saved.

The AI Version of the Trolley
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Figure 2: source: Science — Bonnefon, Shariff, and Rahwan, 2016
Should we veer and kill the person who is on the pavement? What if there is
only one person on the street and there is a wall? How many people to change
choices?

Is it ethical to remove the house of a squirrel to build your house?

Figure 3: Is removing a tree that houses a squirrel ethically correct when
building your home? What if an advanced society wants to make Earth their
home?

Most people will find that removing the tree that houses the squirrel is
morally acceptable. If the squirrel would be another human, typically (in mod-
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ern times) we would not accept this. However, we and the squirrel share a
common ancestor that lived ca. 180 million years ago.

We are only separated by 180 million years, and we do not see the squirrel
as a valid discussion partner for the location of our house. Now, imagine an
alien society that has a 180 million years earlier start of their civilisation than
us. They will probably not recognise us as intelligent partners, and just like the
squirrel we will be defenceless against their technology if they want to take our
planet.

Suddenly the same problem feels very different.

What is ethically acceptable depends on your viewpoint

© ¢

Figure 4: Ethics is complex and it depends on your point of reference and you
frame.

2 Defining Artificial Intelligence

A Definition of AI

Artificial Intelligence

-

A cross-disciplinary approach to understanding, modelling,
and replicating intelligence and cognitive processes by invok-
ing various computational, mathematical, logical, mechanical,
and even biological principles and devices. —Brundage, 2015

or ...
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AT in Britannica.com

the ability of a digital computer or computer-controlled robot
to perform tasks commonly associated with intelligent beings

or ...

Defining AI Leaves Simple Questions Open

e What is exactly Intelligence?
the ability to acquire and apply knowledge and skills (Oxford Dictionary)
e How to Measure Intelligence?

1Q? EQ? What about logical, interpersonal, spacial, musical and many
other forms?)

e What is Self-consciousness? Sentience? Life?

?

e When should an Al get animal or human rights?

?

Intelligence is defined by the Oxford English Dictionary as the ability to
acquire and apply knowledge and skills. However, quantifying this capability
remains a complex endeavor. Traditional psychometric assessments, such as the
Intelligence Quotient (IQ), focus primarily on logical-mathematical and spatial
reasoning. In contrast, modern frameworks account for broader dimensions of
cognition, including Emotional Intelligence (EQ) alongside interpersonal, mu-
sical, bodily-kinesthetic, and intrapersonal capacities. Measuring intelligence
therefore requires recognizing that mental capability is multifaceted rather than
a unified, linear metric.

Beyond cognitive processing lie the deeper ontological concepts of sentience,
self-consciousness, and life itself. Sentience refers to the capacity to experience
subjective feelings and sensations, whereas self-consciousness represents an ex-
plicit awareness of one’s own existence and internal mental states. Defining the
precise moment when physical or synthetic organization transforms into a liv-
ing, conscious entity is one of the most formidable questions in contemporary
philosophy. As non-biological systems demonstrate increasingly sophisticated
adaptive behaviors, the boundary between automated execution and genuine
self-awareness becomes progressively obscured.

This philosophical ambiguity directly influences the discourse surrounding
moral status and legal rights. Society must inevitably address whether moral
consideration ought to depend upon an entity’s physical origin or its subjective
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internal experience. Consider the varied modes of artificial creation depicted in
modern fiction: an entity constructed through mechanical and digital engineer-
ing, such as the holographic companion Joi in *Blade Runner 2049*; a synthetic
being crafted through advanced biological engineering, such as Rachael in the
*Blade Runner* universe; or an inanimate object brought to life through magic,
as seen in the film *Ted*. Regardless of whether an entity comes into being
via biological synthesis, computer engineering, or supernatural phenomena, hu-
manity will need to confront a critical question: if a created being demonstrates
verifiable sentience and self-consciousness, on what ethical ground can basic hu-
man or animal rights be withheld? Ultimately, moral standing may need to be
determined not by how an entity was constructed, but by its capacity to feel,
reflect, and experience existence.

3 Example: Insurance Onboarding

Car Insurance Claims Data

Protected features are variables that, for ethical or legal reasons, should
not influence a decision-making model. In insurance, using factors like gender
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or marital status can lead to discriminatory pricing, even if those factors are
statistically predictive of risk.

The cost of being politically correct?

naive model, no protected features -

protected features not used in m2

data re-weighted for AGE.<.30

additive counter-factual model

075 077 0.7 081

AUC

Figure 5: The discriminating power of different models. The higher the AUC,
the stronger the model, the lower the losses on the portfolio, the higher profit
(or lower prices) can be.

Area Under the Curve (AUC) is a foundational statistical metric used
to evaluate the performance of binary classification models, particularly the Re-
ceiver Operating Characteristic (ROC) curve in risk analysis. Within the con-
text of insurance underwriting, AUC measures a model’s discriminative power—
its structural capability to correctly rank-order policyholders so that individuals
who will eventually file an accident claim receive higher risk scores than those
who will remain claim-free.

e Discriminative Power: AUC quantifies the probability that a randomly
selected high-risk customer is assigned a higher risk score than a randomly
chosen low-risk driver. An AUC score of 0.5 denotes performance no
better than random guessing, whereas a score of 1.0 indicates a theoretical,
flawless predictor.

e Portfolio Efficiency: Stronger models with higher AUC scores allow
insurers to fine-tune pricing tiers, minimize cross-subsidization, reduce
portfolio-wide losses, and offer more competitive pricing to safe drivers.

e The Ranking Limitation: AUC evaluates relative ordering rather than
absolute risk probability or financial magnitude. It confirms whether high-
risk drivers are positioned above low-risk drivers, but it remains entirely
blind to the actual monetary value of potential claims.

(c) Philippe De Brouwer — 10 —



Ethical Dilemmas when using Models and Data

Because AUC is strictly a rank-order metric, it cannot be directly converted
into a precise monetary figure or a specific financial impact. When compli-
ance frameworks or ethical mandates require data scientists to strip out pro-
tected features—such as gender, marital status, or socioeconomic indicators—
the model’s AUC inevitably drops, representing a loss in statistical precision.

However, translating this drop in AUC into an exact dollar amount or pre-
mium hike for an individual policyholder is fundamentally impossible through
the metric alone. A reduction in AUC from 0.85 to 0.80 indicates degraded
portfolio discrimination, but it does not dictate how pricing tables must shift.

Quantifying the financial cost of eliminating bias requires mapping the al-
tered risk distributions against commercial underwriting rules, loss cost pro-
jections, and regulatory pricing constraints. While a weaker model inherently
introduces portfolio inefficiencies, the exact financial burden experienced by
specific consumer groups remains concealed behind complex actuarial formulas
rather than visible within the AUC score itself.

How to avoid bias? Two alternatives

( ) young men
use all data strong model | have less
L ) chances
( N\
use only more expen-
acceptable I del sive insurance
weaker model |
data or and more
. de-bias | accidents

4 Further Ethical Conundrums

Al Governance & Ethical Horizons
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Informed q
Fairness

Consent
Safeguarding Accountability
Data & Algorithms:
P Autonomy FATE Transparency
AI and Ethics
Anti- Explainability
Monopoly

Y

Societal
Horizons &
Agency

Alignment &
Lethal
Agency

‘Who
decides?

Moral Status

Data Governance: Autonomy, Security, and Market Power

e Informed Consent & Behavioral Autonomy: Preserving genuine in-
dividual free will by combatting deceptive dark patterns, pervasive surveil-
lance, and algorithmically driven behavioral manipulation.

e Data Safeguarding & Regulatory Compliance: Establishing robust
cyber-security protocols to prevent systemic breaches while ensuring strict
adherence to global privacy standards (e.g., GDPR, CCPA).

e Intellectual Property & Anti-Competition: Clarifying ownership
rights over training corpuses, user prompts, and synthetic outputs to mit-
igate platform lock-in and data monopolies.

Algorithmic Governance: The FATE Framework

e Systemic Fairness & Data Curation: Mitigating historical bias in
automated scoring while addressing the ethical dilemma of active data
intervention versus objective representation.
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Figure 6: Visual biases as clear: is the pole hollow or is there a pyramid on
top of it?

e Legal & Moral Accountability: Defining clear chains of responsibil-
ity and legal liability when autonomous systems commit errors or cause
tangible harm.

e Transparency & Explainability: Requiring open disclosure of algo-
rithmic deployment alongside auditable, human-interpretable models for
high-stakes decision-making.

Societal Horizons: Alignment, Moral Status, and Agency

e The Alignment Problem & Lethal Agency: Ensuring superintelli-
gent goals remain compatible with human survival, while setting absolute
ethical boundaries on lethal autonomous weapons systems.

e Post-Human Moral Status: Determining the legal rights, digital bodily
autonomy, and shutdown protections for artificial sentience, cybernetically
enhanced humans, and uploaded consciousness.

e Normative Authority ("Who Decides?"): Identifying which global
bodies hold the legitimate mandate to construct, regulate, and enforce
universal standards of machine ethics.

5 Conclusions

Visual Bias 1
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Figure 7: Visual biases cannot be avoided. We know that A and B have the
same shade of grey, but we cannot see it correctly.

Visual Bias 2

Fairness is a matter of perspective

We do have an innate sense for what is fair and what not, however that sense
is heavily biased towards ourselves. For example, we don’t see it as a moral issue
to build a house and destroy the home of a squirrel in the process. The squirrel,
however, is only separated from us by 180 million years of separate evolution.
From a society that is a million years ahead of it might seem obvious to simply
make earth their home and get rid of us.

If that seems unfair, turn it around. Would it be fair to colonise a planet
inhabited by squirrel-like mammals and make it our home?

Figure 8: Fairness is a matter of perspective

Conclusions
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Innate ethical intuitions are insufficient for AI.

Judgment

L You have an individual and non-transferable responsi-
Responsibility bility
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