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Abstract: In today’s high-stakes arenas—from healthcare to defense—algorithms are ad-
vancing at an unprecedented pace, yet they still lack a crucial element of human decision-
making: an instinctive caution that helps prevent harm. Inspired by both the protective
reflexes seen in military robotics and the human amygdala’s role in threat detection, we
introduce a novel idea: an integrated module that acts as an internal “caution system”.
This module does not experience emotion in the human sense; rather, it serves as an em-
bedded safeguard that continuously assesses uncertainty and triggers protective measures
whenever potential dangers arise. Our proposed framework combines several established
techniques. It uses Bayesian methods to continuously estimate the likelihood of adverse
outcomes, applies reinforcement learning strategies with penalties for choices that might
lead to harmful results, and incorporates layers of human oversight to review decisions
when needed. The result is a system that mirrors the prudence and measured judgment
of experienced clinicians—hesitating and recalibrating its actions when the data are am-
biguous, much like a doctor would rely on both intuition and expertise to prevent errors.
We call on computer scientists, healthcare professionals, and policymakers to collaborate
in refining and testing this approach. Through joint research, pilot projects, and robust
regulatory guidelines, we aim to ensure that advanced computational systems can combine
speed and precision with an inherent predisposition toward protecting human life. Ulti-
mately, by embedding this cautionary module, the framework is expected to significantly
reduce AI-induced risks and enhance patient safety and trust in medical AI systems. It
seems inevitable for future superintelligent AI systems in medicine to possess emotion-
like processes.

Keywords: harm avoidance; high-stakes AI systems; amygdala-inspired architecture;
clinical decision support; ChatGPT; AI agents; agentic AI; trustworthy artificial intelligence;
ethical AI; AGI; GSI; superintelligence; autonomous weapon systems; LAWS; autonomous
decision-making; human oversight; diagnostic error mitigation; cautious automation

1. Introduction
1.1. Context and Motivation

Artificial intelligence already outperforms humans in speed and precision, yet it lacks
the instinctive caution that keeps clinicians from taking life-altering risks. Inspired by
the protective reflexes of military robotics and the threat-monitoring role of the human
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amygdala, we propose a computational “fear module” for medical AI: a continuously
running safety layer that inflates the weight of catastrophic outcomes, pauses or recalibrates
decisions when uncertainty is high, and escalates edge cases for human review.

For example, in a 2022 case, an AI diagnostic tool failed to flag an atypical presenta-
tion of stroke, contributing to a delayed treatment. A “fear” mechanism attuned to such
uncertainty might have raised an alert for human review, potentially preventing the over-
sight. Similarly, an oncology decision-support AI was reported to recommend an unsafe
chemotherapy dosage—a cautious AI with a fear module could have caught the excessive
risk and prompted a dosage check [1–3].

Simply put, today’s AI can sift through data faster than any clinician, but it still
misses something every good doctor has—a gut sense of when to slow down. Borrowing
from the way our own amygdala keeps us out of danger—and from the “better safe than
sorry” routines already built into military robots—we suggest giving medical AI its own
built-in sense of caution. Think of it as a digital reflex: a background process that blinks
red when the odds of serious harm climb, takes a breath before acting on shaky data,
and calls in a human whenever the situation feels too risky. Using familiar tools like
Bayesian risk estimates, “penalty” points for near-misses, and a hard rule that a person gets
the final say, this “fear module” could let AI keep its trademark speed while adding the
bedside prudence patients and clinicians trust—an essential upgrade as we head toward
ever-more-powerful, autonomous systems.

Currently the extreme pace of technological advances in the field of human–robot–
AI opens topics previously known only from science-fiction literature. Human–robot
interaction will be defined by developments in AI. Skills learned by robots will not be
taught by humans, and a biomimetic approach will be employed widely even in domains
of emotion-aware interactions [4–11].

1.2. Aim and Scope

This paper’s aim is to outline a conceptual framework for integrating a “fear instinct”
into AI, particularly in the medical field, and to delineate the scope of this approach.
Here, “fear” is used as a metaphor for a precautionary principle, not as a literal emotional
state. Instead of engaging in philosophical debates about qualia, our focus is on practical
risk aversion.

Drawing on interdisciplinary insights from computer science, ethics, medicine, and
even military AI, we propose embedding fear-like mechanisms into AI’s core decision-
making architecture. Using techniques such as Bayesian risk thresholds and penalty-driven
learning, this approach aims to mitigate errors, biases, and unintended consequences while
balancing caution with the need for effective outcomes. By promoting transparency and
trust in healthcare applications, our framework encourages collaboration among scientists,
clinicians, and policymakers to develop guidelines for safety-driven AI. Ultimately, the
goal is to bridge human intuition and clinical expertise with the precision of AI, ensuring
that future systems remain both powerful and aligned with our core values [12].

This work is guided by the following research questions:

(1) Can embedding a “fear instinct” in a medical AI system significantly enhance patient
safety, and how would such a mechanism be implemented and evaluated in practice?
(We hypothesize that it can by reducing harmful errors.)

(2) What would an AI “fear” mechanism look like operationally, and how can it be
integrated into existing AI architectures? (We propose a framework and draw parallels
to human fear responses.)

(3) What are the ethical, technical, and practical implications of such a system in health-
care? (We examine potential benefits, risks, and requirements for deployment.)
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1.3. Ethical and Practical Imperatives for Risk-Sensitive Medical AI

Risk awareness in medical systems is crucial, similarly to military systems [13–15].
AI systems in healthcare need to be aware of potential risks and uncertainties to ensure
patient safety and ethical use [16,17]. Implementing some form of risk sensitivity or risk
aversion could help address concerns about AI errors, biases, and unintended consequences.
Medical AI agents will need to balance the benefits and risks regardless of their extreme
scientific knowledge. A risk-averse approach could help mitigate potential harms but
should not completely inhibit beneficial AI applications [17,18].

Trust and transparency will remain crucial in the future of medical care. Patients
and healthcare providers need to be able to trust AI systems [19–22]. Implementing risk
aversion or explainable emotional states could potentially increase transparency and trust,
but the “black box” nature of many AI systems remains a challenge [23,24].

Human oversight of medical AI agents is a probable scenario for the next decade,
which might be different from military AI systems. In general, most studies emphasize the
importance of human oversight and final decision-making authority for medical AI [25].
Fully autonomous emotional AI may not be appropriate in high-stakes medical contexts.
Implementing emotional states or fear in AI raises complex ethical questions about machine
consciousness and the nature of AI decision-making [26]. A more pragmatic, risk-sensitive
approach focused on safety may be more suitable. Current regulatory frameworks are not
adequate for emotionally aware or highly autonomous medical AI [16,27]. Dissemination
of AI to medical fields along the pipeline of radiography [28] resulted in the necessity for
ethical frameworks [29]. Risk-averse implementations may be easier to regulate and vali-
date. High-stake AI agents not exclusively deciding matters of life and death are relevant
for consideration of subjective emotion-like frameworks. For example, treatment planning
employing subjective views includes facial evaluation for aesthetics [30,31], sensitive rare
genetic disease detection [32,33], or nuances for patient compliance coaching [34].

Similarly, AI-driven bioengineering applications, such as personalized scaffold design,
highlight the need for risk-sensitive AI to ensure patient safety. A recently introduced
workflow integrates AI auto-segmentation of CBCT scans with 4D temperature-responsive
resins to create adaptive scaffolds tailored to individual anatomies, enhancing tissue regen-
eration [35]. This precision underscores the potential of AI in personalized medicine but
also necessitates embedded safety mechanisms to mitigate risks, such as errors in anatomi-
cal modeling or material adaptation, aligning with the need for a risk-averse framework in
medical AI.

This article sparks a bold discussion: What if AI could “fear”—not in the human sense,
but as an embedded safeguard that guides decisions to avoid harm? Drawing on insights
from medicine, robotics, and ethics, we explore how an AI “fear instinct,” similar to the
human amygdala, could revolutionize safety in high-stakes environments like healthcare.
We also consider how lessons from military AI can help develop systems that always put
patient safety first.

1.4. Paper Structure

The remainder of this paper is organized as follows. Section 2 provides the conceptual
foundations, including background on fear in biological and artificial contexts. Section 3
articulates the rationale for embedding a fear mechanism in medical AI, while Section 4
presents our proposed framework in detail, drawing analogies to human neural processes
and outlining the AI architecture. Section 5 discusses implementation approaches and tech-
nical considerations, and Section 6 addresses counterarguments and ethical implications of
the framework. We then explore broader implications and future directions in Section 7,
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and finally, Section 8 concludes this paper with a vision for collaborative development of
safe AI.

2. Conceptual Foundations
2.1. Fear in Biological and Artificial Systems

Fear in biological organisms is defined as an adaptive emotional and physiological
response to perceived threats or dangers. Fear is a fundamental emotion that evolved to
promote survival and reproductive fitness by protecting organisms from predation and
other ecological threats [36]. The amygdala plays a central role in processing fear across
animal species. It is part of a complex neural network involving the hypothalamus and
brainstem circuits [37,38]. Fear triggers rapid physiological changes, including increased
arousal and autonomic and neuroendocrine activation [39]. Fear serves for risk aversion
as an internal signal of danger, categorizing the world into familiar (safe) and strange
(potentially dangerous) environments [40]. The fear response prepares organisms for
defense or avoidance of threats, promoting survival—self-preservation [41]. Fear, as a harm
avoidance mechanism, can be innate or learned, allowing animals to detect and rapidly
respond to threatening stimuli [42].

Recent studies in computational neuroscience have advanced our understanding of
fear through sophisticated modeling techniques. For instance, Bălan et al. [43] utilized
machine learning on EEG and peripheral data to classify fear levels, achieving high ac-
curacy and providing valuable insights into the neural mechanisms underlying fear [43].
Additionally, Yamamori (2023) reviewed computational perspectives on human fear and
anxiety, emphasizing the role of reinforcement learning in threat prediction and avoid-
ance [44]. Abend et al. (2022) further contributed by linking threat learning to anxiety
and neuroanatomy using computational models, offering potential pathways for clinical
applications [45].

In essence, fear is a crucial biological mechanism for risk aversion, self-preservation,
and harm avoidance across species, deeply rooted in neural circuits that have been con-
served throughout evolution.

2.2. Fear in Artificial Systems

Various concepts on “fear” or “caution” in autonomous systems are known from litera-
ture. Probably the most famous of Asimov’s science-fiction novels, the Laws of Robotics [46],
published 75 years ago, affected many. However, these fictional laws, while poetic and
thought-provoking, fall short in addressing the real-world AI complexities. Instead, widely
recognized frameworks like OECD AI Principles [47] provide a more grounded and globally
respected foundation for guiding AI’s development and applications.

Unlike humans, the AI does not see a patient’s suffering or feel adrenaline; its “fear”
is activated by detecting alarmingly high-risk metrics in incoming data. Fear, applied
to AI as a metaphor, is a critical safety feature—much more than simple Bayesian risk
assessment. It offers a holistic, evolution-inspired approach to caution. While it demands
an interdisciplinary effort from psychology, neuroscience, engineering, and ethics, its
benefit is clear: an AI that acts with built-in “common sense” about danger. This framework
does not view fear as an emotion but as a real-time harm-avoidance process that carries out
the following:

• Detects potential risks using advanced computational models [48].
• Prioritizes caution when uncertainty is high, integrating diverse inputs like human

senses [43].
• Triggers adaptive responses—seeking further input, escalating to human oversight, or

choosing a safer path [49].
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In the field of affective robotics, modeling fear is crucial for developing robots that can
interact effectively with humans. Graterol et al. (2021) introduced an emotion detection
framework for social robots using NLP transformers, which successfully identifies emotions,
including fear, from textual data [50]. Moreover, Rizzi et al. (2017) proposed the Situation-
Aware Fear Learning (SAFEL) model, which integrates situation-aware systems with
neuroscientific fear-learning mechanisms, enabling robots to anticipate and respond to fear-
inducing situations [51]. These advancements illustrate the potential of artificial systems to
emulate and react to fear, drawing from biological inspirations.

In short, embedding fear-like mechanisms in AI can make it safer, more effective, and
better aligned with human needs, offering a design principle for the next generation of
responsible machines.

2.3. Translating Genuine Fear into Medical AI

First, it is important to differentiate “simulated fear”—surface-level algorithms—from
a “genuine fear mechanism” that permeates an AI’s decision-making architecture. AI’s fear
mechanism will be purely data-driven. To illustrate this distinction, we compare how a
deeply embedded “fear response” in an AI agent diverges from the relatively superficial
constraints seen in current large language models (LLMs). Table 1 summarizes the key
differences between a superficial “simulated fear” (such as simple safety filters in AI)
and a genuine, system-wide “fear” mechanism embedded in an AI’s decision core. This
comparison highlights how our proposed deep integration of fear differs fundamentally
from surface-level safety algorithms.

Table 1. Comparison of superficial “simulated fear” versus genuine, system-wide “fear” embedded
deep in the decision core of an AI agent. The table highlights differences in functional integration,
scope of influence, adaptability, triggers, and outcomes, showing how a deeply embedded fear
mechanism informs the entire decision process, while surface-level algorithms primarily refine how
outputs are presented.

Aspect Fear Surface-Level Algorithms

Core objective

Aims to prevent harm by
prioritizing patient safety deeply

tied to high-stakes
decision-making.

Focuses on avoiding offensive
or harmful language, primarily

addressing social norms and
sensitivities in communication.

Implementation
depth

Operates as a foundational,
system-wide mechanism

influencing every decision and
action, akin to a survival instinct.

Functions as a surface-level
filter or constraint applied

during response generation.

Risk assessment

Involves continuous risk
estimation and harm aversion in

dynamic, high-stakes
environments (e.g., healthcare or

warfare).

Primarily avoids reputational
or social harm during text

generation.

Adaptation to
context

Tailored to specific domains (e.g.,
medical AI, where harm has

direct physical consequences, as
well as in lethal autonomous

weapon systems (LAWS)).

Generalized across topics to fit
broad societal expectations.

Accountability
Designed to trigger specific

fail-safes (e.g., escalating to a
human when risk is high).

Seeks to refine language but
does not affect operational

decision-making.
Source: authors’ own elaboration.
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Fear-like mechanisms in AI are proactive, domain-specific mechanisms embedded in
decision-making to prevent tangible harm. In contrast, superficial layers—such as simulated
emotional filters—operate reactively to shape output without influencing core processes.
Figure 1 illustrates how these layers work together in an AI-driven medical system: deep
fear triggers drive risk assessment, reinforcement learning, uncertainty modeling, memory,
and human overrides to ensure safety, while superficial filters manage communication.
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Figure 1. Proposed scheme of medical AI agent architecture, showing how surface-level (blue) and
deeply embedded “fear” layers (purple) integrate with risk assessment, reinforcement learning, uncer-
tainty modeling, memory (red), and human oversight (yellow) to ensure safety and effective system.
A dedicated “amygdala-like” subsystem (purple) continuously monitors risk signals (e.g., Bayesian
models, RL penalties, and uncertainty estimates) and triggers protective actions (pauses, escalations)
when thresholds are exceeded—instilling a fundamental aversion to harm beyond superficial checks.
Source: authors’ own elaboration.

Efforts to translate biological fear mechanisms into artificial systems have led to
innovative models applicable to medical AI. For example, the SAFEL model by Rizzi et al.
(2017) demonstrates how neuroscientific insights can be applied to create AI systems that
predict and avoid threatening situations, a concept that can be adapted to enhance the
safety of medical AI by incorporating similar fear-like mechanisms [51].

2.4. “Fearless” Doctor

In human terms, the virtue we seek is not fear itself, but prudence or courage—a
midpoint between recklessness and cowardice. Similarly, an AI should not be reckless
(completely without fear) nor paralyzed by fear. Our proposed fear module aims to instill a
sense of caution roughly analogous to the prudence a good physician exercises.

Consider an AI surgeon assistant facing a procedure with a moderate chance of severe
complication but a slightly higher expected benefit. A purely utilitarian calculus might
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proceed since expected benefit outweighs risk. A human surgeon with good judgment
(courageous but not reckless) might feel a nagging concern—an intuition that, say, the
numbers do not capture some contextual factors—and possibly opt for a safer approach
or at least prepare extra precautions. The fear module is intended to replicate that safety-
oriented intuition by flagging the situation with a “caution” signal even if the raw calculus
is marginally positive.

In medical care, patients prioritize compassion, expertise, and judgment over a “fear-
less” attitude, which may suggest poor risk assessment. Medical AI, lacking subjective
experience, can be called “fearless” since it does not feel or respond to fear. We can infer
some reasons why AI systems, including those used in medicine, do not experience fear:

Lack of sentience: Current AI systems, including medical AI agents, are not considered
sentient and do not have consciousness or emotional experiences [52].
Absence of biological mechanisms: AI systems lack the biological structures and processes that
generate fear responses in humans and animals [49].
Algorithmic decision-making: Medical AI agents operate based on programmed algorithms
and data analysis, not emotional responses [53].
No self-preservation instinct: Unlike living beings, AI systems do not have an innate drive for
self-preservation that would trigger fear responses [54].
Lack of personal consequences: AI systems do not experience personal consequences from
their actions, which often drives fear in humans [55].

While AI systems can be designed to recognize and respond to human emotions,
including fear, they do not experience these emotions themselves [56]. It is important
to note that as AI technology advances, questions about AI sentience and emotional
experiences may become more complex and debated [52].

2.5. “Good” Doctor

Extensive research has examined which qualities define a “good doctor,” drawing
on perspectives from patients, medical students, and clinicians. While patients often em-
phasize interpersonal skills such as empathy and communication, physicians may focus
more on professional competencies skills [57]. In a 2023 study by Schnelle et al., 86% of
respondents reported meeting at least two “exceptionally good” doctors, described primar-
ily in terms of personality, diagnostic ability, and intervention skills. Notably, “listening
attentively to patients” emerged as a highly influential characteristic [58]. Common de-
scriptors of a good doctor identified in the literature include empathy, clear communication,
respect, and trustworthiness [59]. Published studies have identified several key attributes
that frequently define a good doctor. The most frequent adjectives for a “good doctor” were
as follows:

Compassionate and empathetic [60,61]
Knowledgeable and competent [60,62]
Good communicator [63]
Patient-centered [57,58,64]
Honest and trustworthy [62]
Respectful [57]
These findings suggest that while there is no single definitive set of adjectives, certain

qualities consistently emerge as important in defining a good doctor across various studies
and perspectives.

2.6. Technical Components of Fear in AI Medical Agents

We must distinguish between simulated fear (surface-level algorithms) and the idea
of a genuine fear mechanism that influences system-wide decision-making. To implement
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metaphorical “fear” as a part of the core decision engine of AI medical agents (Figure 1),
subsystems of the “Fear Mechanism” shall be understood.

2.6.1. Integrated Decision-Making and Conflict Resolution

To illustrate how our embedded safety principles operate in concert, we introduce a
real clinical scenario: a neurosurgical AI assistant evaluating the clipping of an intracranial
aneurysm. In this case, the AI must balance several elements:

• Risk assessment (“intuition”): The AI continuously calculates the probability of ad-
verse outcomes using Bayesian models.

• Penalty-driven learning (“experience”): It adjusts its internal parameters based on
past near-miss events, assigning higher penalties to actions that have historically led
to complications.

• Uncertainty modeling (“humility”): Through measures like dropout-based uncertainty
or Gaussian processes, the system gauges its confidence in a decision.

• Hierarchical overrides (“chief doctor supervision”): When risk thresholds or uncer-
tainty exceed pre-set limits, the AI flags the decision for human review rather than
acting autonomously.

For example, if the AI predicts a 7% risk of catastrophic bleeding during aneurysm clip-
ping (exceeding the acceptable risk threshold) and simultaneously registers high uncertainty
in its predictive model, the fear module—our integrated harm-avoidance mechanism—
activates. Rather than vetoing the procedure outright, the system adjusts its recommenda-
tion by triggering a cautionary signal:

U = w1 × R − w2 × B − w3 × UQ,

where:
R is the computed risk,
B is the expected benefit,
UQ is the uncertainty measure, and
w1, w2, and w3 are weight parameters that can be calibrated based on clinical priorities.
When the composite utility U falls below a defined threshold, the AI does not proceed

with the autonomous recommendation but instead escalates the decision to a human
clinician. This approach ensures that even if the individual components (risk, uncertainty,
and experience) conflict—such as when a high benefit might normally justify risk—the
system’s built-in caution (fear) tempers the decision by demanding human oversight.

This integrated framework not only grounds each component in its own computational
methodology but also provides a mechanism for resolving conflicts among them. We draw
on ideas from recent work in ethical decision-making in AI, where published proof of
concept supports this multi-criteria approach [65]. By combining weighted assessments
with threshold-based triggers, our model ensures that no single factor—whether it be raw
risk, uncertainty, or benefit—dominates the decision-making process. Instead, a balanced,
context-sensitive “fear” response emerges, one that aligns with the overarching goal of
patient safety.

AI medical agents are changing the roles of medical practitioners, diagnostic and
therapeutic workflows, and even the education of humans and robots, as well as the conduct
of research and its publication. The need for human oversight extends beyond clinical
applications to the realm of medical research, where AI-driven tools are reshaping evidence
synthesis. The role of AI agents in revolutionizing even literature reviews, highlighting
their ability to rapidly synthesize vast datasets but noting challenges like inaccuracies and
access limitations [66]. Such models are essential for medical AI systems, where errors
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in evidence synthesis could lead to misguided clinical decisions, reinforcing the need for
risk-averse frameworks that prioritize safety and trust.

2.6.2. Subsystems of the “Fear Mechanism” in Autonomous AI Medical Agents

Typically, several components could be combined. These often have an analogy in real
medicine. Our proposed fear mechanism is built from several interlocking components
that mirror how experienced clinicians make decisions:

• Risk assessment (“intuition”):

The system uses probabilistic models (such as Bayesian networks) to calculate the
likelihood of harm. When risk exceeds a preset threshold, a fear response is triggered.

• Penalty-driven learning (“experience”):

Reinforcement learning is employed with high penalties for actions that previously led
to adverse outcomes. This process teaches the AI to avoid decisions that could cause harm.

• Uncertainty modeling (“humility”):

Methods like Gaussian processes or dropout-based uncertainty estimation help the
AI gauge its confidence in a decision. When uncertainty is high in a critical situation, the
system exhibits fear-like behavior. Recent EEG studies, such as Kakkos et al. [67], demon-
strate how functional cortical connectivity reorganizes under varying mental workloads,
supporting the inclusion of neural-inspired uncertainty modeling in our framework.

• Hierarchical overrides (medical supervision):

When risk or uncertainty exceeds acceptable limits, the system halts autonomous
action and escalates the decision to a human clinician, much like a chief doctor
would intervene.

• Memory of past mistakes (“experience”):

The AI maintains a memory of past errors. For example, if it previously misdiagnosed
a condition due to incomplete data, it would exercise extra caution when faced with
similar scenarios. Abooelzahab et al. [68] combined CNN and LSTM to classify EEG
signals for brain disorders, reinforcing how memory of past errors can inform cautious
decision-making.

Clinical scenario example:
Imagine a neurosurgical AI assistant evaluating whether to recommend clipping an

intracranial aneurysm. The AI uses its risk assessment module to compute the probability
of catastrophic bleeding and its uncertainty modeling to assess confidence in its prediction.
Suppose the system determines a 7% risk—above the safe threshold—and finds significant
uncertainty due to atypical patient anatomy. Drawing on past experiences stored in
its memory and reinforced by penalty-driven learning, the AI’s fear module activates.
Instead of automatically recommending surgery, it flags the case for human review. The
neurosurgeon can then consider the AI’s warning alongside their own judgment to decide
on the best course of action.

For instance, if the ‘do no harm’/fear principle strongly advises against surgery (sur-
passing a risk threshold), but the beneficence principle and patient’s informed consent
together outweigh that (indicating high potential benefit and willingness), the AI might
still recommend proceeding, albeit with cautionary notes. On the other hand, if the fear
signal is overwhelming and expected benefit marginal, the AI would recommend against
the surgery.

The visualization diagram, shown in Figure 2, maps the flow of data through the
subsystems and how components interact and how the AI’s fear mechanism integrates
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multiple safety principles, resolves conflicts, and ultimately triggers human oversight when
necessary. The data input stage at the top (e.g., clinical measurements, imaging, and lab
results) feeds into the subsystems as parallel modules (risk assessment represents Bayesian
or probabilistic risk calculation, penalty-driven learning shows reinforcement learning
updates based on historical outcomes, uncertainty modeling depicts uncertainty estimation
using methods like Gaussian processes or dropout, and memory of past mistakes indicates
stored knowledge of prior errors, used to adjust current decision thresholds). The central
“arbitration module” displays a simplified mathematical expression, U = w1 × R − w2
× B − w3 × UQ, where R stands for the computed risk, B for expected benefit, UQ for
uncertainty, and w1, w2, and w3 are adjustable weights. Escalation activates when U falls
below a preset safety threshold. It illustrates how the AI medical agent’s “fear mechanism”
integrates with risk assessment, penalty-driven learning, uncertainty modeling, hierar-
chical overrides, and memory of past mistakes, ultimately guiding the decision-making
process and allowing for human intervention when thresholds are exceeded. Consider the
neurosurgical scenario according to the diagram:

1. Input: Patient anatomy and aneurysm data are fed into the system. This in-
cludes imaging, lab results, and other clinical measurements that characterize the
patient’s condition.

2. Risk calculation: The risk assessment module uses Bayesian models to compute the
probability of adverse events. In our scenario, it determines there is a 7% risk of
catastrophic bleeding during aneurysm clipping—a value that exceeds our predefined
safety threshold.

3. Uncertainty flag: Concurrently, the uncertainty modeling module evaluates the data
using techniques like Gaussian processes. Due to atypical patient anatomy, it registers
a high level of uncertainty in its prediction. This signals that the system’s confidence
in the risk calculation is lower than desired.

4. Override trigger: Given the elevated risk and uncertainty, the arbitration module
combines these inputs using a weighted utility function. When the calculated utility
falls below the safe threshold, the system triggers its hierarchical override. Instead
of proceeding autonomously, it flags the case and escalates the decision to a human
clinician for review.

Figure 2. Overview of the AI “fear” mechanism architecture of the proposed module in a medical AI
system. Source: authors’ own elaboration.
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Clinical Scenario Example (for Figure 2): Imagine a neurosurgical AI assistant evaluat-
ing whether to recommend clipping an intracranial aneurysm. The AI’s risk assessment
module computes a 7% probability of catastrophic bleeding (above the safe threshold),
and the uncertainty module notes low confidence due to unusual patient anatomy. The
fear module integrates these signals and “decides” to pause; it does not automatically
proceed with a surgery recommendation. Instead, it flags this case for human review,
alerting the surgeon to the elevated risk and uncertainty. The surgeon, seeing the AI’s
warning, can weigh the risks and decide if surgery is truly warranted. This example (illus-
trated by Figure 2) shows how each component of the fear mechanism comes into play to
ensure caution.

2.6.3. Bayesian Networks and Risk Thresholds

Bayesian networks are simple diagrams that show how variables—like symptoms and
diseases—connect and influence each other. Each dot (or node) represents a variable, and
arrows between them show their probabilistic relationships. By updating these probabilities
with new evidence (like test results), these networks help make smart decisions in uncertain
situations, such as medical diagnoses or risk evaluations.

Bayesian risk thresholds use this probability approach to decide when a risk is big
enough to act—like calling in a human or stopping an automated process. Here is how
it works:

• Bayesian probability: This is about updating your guess about something (e.g., “this
treatment could harm”) as new info (e.g., symptoms) comes in, using Bayes’ theorem.

• Setting a threshold: You pick a danger cutoff—say, a 5% chance of harm. If the network
calculates a risk above that, it triggers a safety step, like pausing AI for human review.

• Ongoing updates: The system keeps recalculating as new data (e.g., lab results) arrive.
If the risk crosses the threshold, it acts instantly. Task-independent EEG signatures, as
identified by Kakkos et al. [69], suggest that alpha and theta power shifts could refine
our Bayesian risk thresholds, enhancing real-time caution triggers.

• Medical example: Imagine an AI spotting a serious illness. If it sees a 5%+ chance of a
harmful misdiagnosis, it might ask for more tests or a doctor’s opinion.

• Finding balance: A low threshold might cause too many alerts, slowing things down.
A high one might miss real dangers. Getting this right is key.

In short, Bayesian risk thresholds let AI weigh new info and act cautiously when risks
hit a critical point, blending data-driven decisions with.

3. What Is the Rationale for Embedding Fear in Medical AI?
There is currently no direct evidence that an AI with an embedded sense of “fear”

outperforms one without it. However, analogous approaches in AI safety provide en-
couragement: for example, risk-aware clinical decision systems that incorporate human
oversight have shown improved safety outcomes. The literature emphasizes responsible
development and ethics in AI, which parallels our proposal to integrate a cautionary mech-
anism. This gap in research—no direct exploration of an AI “fear” module—highlights a
promising area for investigation [70–74].

There is currently no direct evidence to suggest that an AI system designed with an
embedded sense of “fear” for patient life and safety would outperform one without such a
feature. While patient safety is undeniably critical, the existing literature does not really
explore the concept of embedding fear into AI systems. Instead, it focuses on promoting
responsible development, emphasizing ethical considerations, and fostering human-AI
collaboration to ensure both safety and optimal care [75–77]. This gap in research highlights
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a potential area for exploration: whether incorporating mechanisms that resemble fear or
heightened caution could enhance AI decision-making in high-stakes medical scenarios.

3.1. Patient Safety and Error Reduction

Fear is linked with risk management, and AI with experiences of “fear of causing
harm” might be less likely to propose risky treatments or miss critical warning signs.
Studies show that risk perception plays a significant role in AI adoption [18]. Embedding
a computational form of “fear” in medical AI ensures the system remains vigilant about
potentially harmful decisions, mirroring the Hippocratic Oath [78] principle to “do no
harm”. While ethical frameworks provide guidelines on what is permissible or prohibited,
an internal “fear” mechanism adds a proactive safeguard—raising alerts or deferring to
human oversight when risk thresholds are exceeded. This parallels how clinicians exercise
caution and escalate uncertain or high-risk cases to more experienced colleagues, thereby
complementing formal ethical mandates with a built-in aversion to risky or harmful actions.
Youldash et al. [79] showed deep learning’s efficacy in early diabetic retinopathy detection,
supporting our module’s role in pre-emptively identifying risks to patient safety.

3.2. Enhancing Decision-Making

There are various decision-making scenarios in general medicine (diagnosis, pre-
scription, triage, etc.) where a fear mechanism could alert the AI to high-risk outcomes,
prompting more caution or additional consultation. AI can analyze vast amounts of data
quickly, providing clinicians with valuable insights to support their decision-making pro-
cess [80,81]. This augmentation allows for more informed and timely clinical decisions.
Although clinical decision support systems are being introduced more frequently in various
healthcare domains, significant differences among clinicians persist, necessitating more
nuanced approaches [82]. For instance, Kakkos et al. [83] used AttentionUNet for parotid
gland segmentation in radiotherapy, illustrating how deep learning can enhance precision
and safety in clinical decisions.

The fear module can be implemented within a reinforcement learning (RL) paradigm.
Practically, an AI’s “fear” response could be realized by shaping its reward function: actions
predicted to carry a high risk of harm incur a heavy penalty, analogous to an emotional
aversion. In this way, the module does not introduce an entirely new mechanism but rather
augments the reward structure to prioritize safety. The difference is one of emphasis and
transparency—by calling it a fear module, we explicitly designate a part of the algorithm to
focus on worst-case outcomes, ensuring they are given sufficient weight during learning
and decision-making.

Recent studies demonstrate that even in the absence of emotions, AI can be imbued
with ethical reasoning grounded in established principles. For example, Meier et al. devel-
oped a proof-of-concept clinical ethics algorithm that encodes core medical ethics principles
(beneficence, non-maleficence, patient autonomy) to guide decision-making [65]. While this
principle-based approach showed promise, the authors noted its limitations in capturing
the nuances of human moral judgment and questioned whether sensitive ethical decisions
should be entrusted to machines [65]. Building on such work, we advocate embedding a
fear-like safeguard into medical AI’s architecture as an additional layer of protection. This
“fear” module would function as an intrinsic “do no harm” governor, biasing the AI against
high-risk or harmful actions in real time. By integrating a fear-inspired mechanism, an
AI can hesitate or withdraw from potentially dangerous decisions, complementing frame-
works like Meier’s by operationalizing a constant aversion to causing harm. In practice,
this means an autonomous clinical system would internally check extreme or uncertain
recommendations against a survival instinct–like threshold, much as a physician’s intuition
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might urge caution. Embedding fear in this manner aligns with the Hippocratic ethos and
existing ethical AI paradigms, ensuring that patient safety remains the paramount priority
in AI-driven decision-making [65].

3.3. Human-AI Collaboration

Fear-driven caution in AI might improve trust among clinicians and patients by
demonstrating “awareness” of potential harm. For example, Camlet et al. [84] found
ChatGPT-4 effective in periodontology exams, suggesting that cautious AI responses
can enhance clinician trust and collaboration. The literature suggests that AI should
complement human skills in healthcare, not replace them [85]. The focus is on leveraging
AI’s strengths while maintaining human judgment and empathy. As there are various
potential downsides of an overactive fear module, AI’s fear module must be calibrated. If
the fear module is too sensitive, it could indeed recommend avoiding procedures that are
in the patient’s best interest—an outcome to avoid. We therefore propose setting an upper
bound on the module’s influence: it should flag high-risk actions for review rather than
outright veto them, ensuring that necessary treatments are not automatically rejected. For
example, a neurosurgical AI assistant might “feel” fear about clipping an aneurysm due
to the risk of rupture; AI would issue a strong warning rather than unilaterally cancel the
procedure. A human surgeon can then weigh this warning against their own judgment.

4. Proposed Mechanism: Designing “Fear” in AI at a Deep Level
4.1. Biological Analogy and “Amygdala-Like” Subsystem

To ensure safety-critical decision-making in medical AI, systems must include mecha-
nisms that fundamentally avoid high-risk actions. By drawing inspiration from biology,
we can conceptualize an “amygdala-like” subsystem to fulfill this role. In humans, the
amygdala is central to processing fear, rapidly evaluating threats, and triggering protective
responses. Kandpal et al. [86] used deep learning to segment ischemic stroke lesions on CT
perfusion maps, illustrating how AI can mirror biological threat detection for safety-critical
tasks. Similarly, an AI system’s “amygdala-like” component would function as a risk
evaluator, continuously monitoring for potential harm and influencing decision pathways
to prioritize safety. Despite similarities in cognitive skills, AI systems process information
fundamentally differently from biological cognition [87].

Our framework acknowledges that the traditional “do no harm” principle must be
balanced with beneficence and patient autonomy. In clinical practice, many interventions—
such as surgical incisions, endodontic procedures, or chemotherapy side effects—unavoidably
cause harm in pursuit of a greater benefit. Drawing inspiration from the human amyg-
dala, which rapidly assesses threats and triggers protective responses, we propose an
“amygdala-like” subsystem for medical AI. This subsystem continuously monitors risk by
integrating quantitative indicators (e.g., Bayesian models, reinforcement learning penalties,
and uncertainty estimates) to identify high-risk actions or ambiguous data. Importantly, a
“fearful” AI is not intended to automatically cancel high-risk procedures. Instead, it raises
a flag by highlighting significant risks and prompting careful human reevaluation. For
instance, if the system “feels” uneasy about a procedure, it will issue a strong warning
rather than outright forbidding the intervention. Should the procedure promise life-saving
benefits—and if the patient consents, the clinical team can override the AI’s caution.

By embedding this calibrated fear mechanism, our AI supports sound clinical judg-
ment without undermining the necessary balance between risk and reward. The final
decision always incorporates patient values and informed consent, ensuring that the AI’s
caution complements rather than replaces human decision-making. This nuanced trade-
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off—minimizing harm while promoting overall well-being—aligns our approach with
established clinical ethics [88].

Humans and AI currently possess complementary capabilities that can together sur-
pass the collective intelligence of either alone; while AI may not have direct biological
analogues, it can work synergistically with human cognition [89]. LLMs already perform at
or above human levels in identifying indirect requests or false beliefs, albeit they struggle
with more nuanced social cognition like detecting faux pas [90]. Biological analogies of an
“amygdala-like” subsystem remain underexplored, albeit ongoing research aims to deepen
our understanding of these parallels and potentially bridge the gap between artificial and
biological intelligence [91].

4.2. Core Components of the Proposed AI Architecture

Researchers have already developed an AI framework for autonomous driving in-
spired by the amygdala’s role in eliciting defensive responses against threats [92]. The
proposed AI architecture mirrors elements of human decision-making, structured into
interconnected components:

• Knowledge component: Gathers and evaluates information to determine task feasibil-
ity and identify relevant data.

• Planning/prediction component: Simulates strategies to achieve objectives and evalu-
ates potential outcomes, both favorable and adverse. It also sends risk signals to the
amygdala-like subsystem based on predicted consequences.

• Amygdala-like subsystem: Acts as a central risk evaluator and also continuously
monitors threats and influences the system by adjusting plans or triggering protective
actions when necessary.

• Execution component: Implements the selected, risk-adjusted plan or decision.
• Monitoring/feedback component: Observes outcomes, flags deviations, and provides

feedback to both the amygdala-like subsystem and the learning/adjustment component.
• Learning/adjustment component: Updates internal models and strategies based on

feedback to improve future decision-making. Similarly, Lee et al. [93] employed
generative models with padding to handle incomplete multi-omics data, suggesting a
strategy for our architecture to adapt to sparse clinical inputs.

Our design allows the “fear” response to be contextually calibrated. In practice, this
means the AI can adjust its risk threshold depending on the scenario. For life-threatening
emergencies where immediate action is paramount, the fear module’s trigger threshold
might be set higher to avoid unnecessary delays—essentially, the AI “dampens” its fear
to remain effective under pressure. Conversely, in routine or high-uncertainty cases (such
as diagnosing a rare disease or handling very vulnerable patients), the threshold could be
lowered, making the AI more readily cautious. This contextual adaptation ensures that
the AI’s level of fear (caution) is appropriate to the severity and specificity of each case,
preventing one-size-fits-all behavior.

Real-World Workflow Example of Integration into Clinical Workflow

To illustrate, consider an imaging diagnostic AI used in radiology. Our fear module
would attach to this AI and continuously evaluate the AI’s confidence and the potential
risk of misdiagnosis. If the AI is uncertain about a critical finding (e.g., a possible tumor
on a CT scan) and the risk of missing a diagnosis is high, the fear mechanism triggers a
caution: the AI output is not given as a definitive result but is flagged for review by a
radiologist before a final report. Likewise, in a clinical decision support system for ICU
medicine, the fear module would monitor treatment suggestions. If an AI recommends an
aggressive therapy that exceeds preset risk thresholds (for example, a medication dose that
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could cause dangerous side effects in a frail patient), the system would halt and prompt
the attending physician to double-check the recommendation. In both cases, the penalties
and risk thresholds we propose are embedded at critical decision points in the pipeline to
provide real-time safety checks.

4.3. Integration and Functionality in Analogy to Human Emotions

Our system operates in a continuous feedback loop, where outputs from monitoring
and learning are reintegrated into the knowledge base, allowing it to evolve and improve
over time. By embedding an amygdala-like subsystem throughout this loop, the system
consistently mitigates risk and adapts based on past experiences—much like human emo-
tions guide our decision-making. In humans, emotions such as fear and elation influence
our responses to risk and opportunity; analogously, our AI uses computational equivalents
of these responses to drive safer, more adaptive decisions [91]. Human decision-making is
influenced by emotions, such as fear when predicting negative outcomes or elation when
foreseeing positive results. Analogously, the AI system includes computational equivalents
of these responses:

• Fear analog: Strong penalty functions for harmful outcomes are embedded deeply
within the decision process to discourage risky actions.

• Elation analog: Reward signals reinforce beneficial outcomes, encouraging optimal
decision paths.

These analogues are not mere afterthoughts but are fundamental to the system’s
decision-making framework. They shape both learning processes and output generation,
ensuring the AI’s objectives align with safety and efficacy.

Figure 3 illustrates the proposed decision-making process with the amygdala-like
subsystem at its core. The diagram outlines how risk signals generated during planning and
feedback stages flow into the subsystem, triggering adjustments and ensuring safe outcomes.

1. Knowledge component: Collects data and evaluates task feasibility.
2. Planning/prediction component: Simulates strategies and sends risk signals.
3. Amygdala-like subsystem: Continuously monitors for threats and adjusts plans.
4. Execution component: Implements risk-adjusted decisions.
5. Monitoring/feedback component: Observes results and informs other components.
6. Learning/adjustment component: Refines models to improve future decisions.

Consider a triage AI in emergency care with an embedded fear module (as outlined in
Figure 3). If the AI is processing a patient’s symptoms and vital signs and contemplates
a risky intervention (say, administering thrombolytics in a borderline case of stroke), the
fear subsystem calculates the risk of adverse outcome vs. benefit. In a situation where
data is ambiguous, the AI might generate an alert and require a physician’s input rather
than immediately proceeding. Figure 3’s flowchart is annotated with this example in mind,
demonstrating how the decision flows from initial input to final human confirmation when
the “fear” threshold is triggered.

The proposed “amygdala-like” subsystem is integral to creating medical AI systems
capable of safety-critical decision-making. Especially for the era of generalized superintelli-
gence that will be represented by decision processes beyond human comprehension, even if
they would be explainable. By embedding continuous risk monitoring and aversion mech-
anisms into every stage of the process, the architecture ensures proactive harm avoidance
and supports reliable, ethical, and effective outcomes in high-stakes environments.
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4.4. Black Boxes in Human Heads vs. Superintelligent AI Agents Beyond Human Comprehension

It is worth noting that humans, even the most brilliant medical professionals, often
function as “black boxes”. Their decisions are shaped by intuition, personal experience, and
unconscious biases, making their reasoning difficult, if not impossible, to fully explain. As
general AI continues to advance towards superintelligence, its decision-making processes
will soon outpace our ability to understand them entirely. These systems will evolve
abstraction layers and cognitive capabilities far surpassing human comprehension, making
their operations opaque even to those who created them.

While we might still have some control over the initial training processes, this too will
likely shift into AI’s domain. Superintelligent systems will not just optimize themselves;
they will design and build new generations of AI, creating a self-perpetuating cycle of
improvement [94]. This marks a fundamental transition—from human-led design to a
future dominated by AI-driven evolution.

Even though their inner workings might become a mystery to us, implementing
safeguards like an amygdala-like subsystem remains critical. These mechanisms embed
ethical principles and risk aversion at the very core of AI’s functioning, ensuring that it stays
aligned with human values. By establishing these guardrails, humanity can keep some
measure of control, guiding superintelligent AI towards outcomes that benefit society—
even as we struggle to grasp the intricacies of how these systems achieve them.
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The article by Stiefel et al. [95] argues that current semiconductor computing tech-
nology poses significant barriers to AGI or ASI development, primarily due to energy
constraints. However, the recently introduced Lyapunov optimization theory proposes
a novel quantum machine learning framework for stabilizing computation offloading in
next-generation MEC systems, which significantly outperforms conventional offloading ap-
proaches, improving network throughput by up to 30% and reducing power consumption
by over 20% [96].

4.5. Embodied Emotions vs. Simulated Emotions

An “embodied” fear mechanism is deeply integrated into an AI’s decision-making,
influencing learning, uncertainty handling, and action selection much like a human nervous
system. In contrast, “simulated” fear uses superficial, rule-based triggers (e.g., numerical
thresholds) to pause or escalate decisions. Mutawa [97] demonstrated that attention-
based CNN-BLSTM models excel in classifying COVID-19 genomic sequences, offering a
blueprint for integrating such techniques into our risk-sensitive framework. As Yann LeCun
notes, future AI assistants may need such emotion-like capabilities for effective reasoning
and planning. For instance, battle robots often employ survival heuristics that override
actions when a threat is detected, illustrating how an embodied response is integral rather
than merely a final score [15,98].

4.6. AI Autonomously Deciding Matters of Life and Death

In the coming decades, AI may increasingly decide life-and-death matters across
healthcare, warfare, and even state-sanctioned contexts—a shift that poses significant
ethical risks [13,15,98].

Today, AI functions as a decision-support tool with human oversight remaining critical
in high-stakes environments [99,100]. Autonomous AI raises issues of accountability,
bias, and responsibility. For example, while medical drones can expedite emergency
care [101,102], military AI is already reshaping roles by automating strategic and tactical
decisions [103]. Future autonomous systems are expected to differ markedly: military
agents emphasize efficiency, detachment, and aggression, whereas medical AI must be
compassionate, cautious, ethical, analytical, supportive, and adaptive [75,76,104–108].
Figure 4 and Table 2 illustrate these contrasting attributes.
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Table 2. Distinctions in decision-making AI agents between AI weapon systems and AI medical systems.

Military AI Medical AI

Lack of
human-like

decision-making in
AI agents

The current autonomous systems, including
LAWS, cannot replicate human emotional

and moral considerations such as fear,
empathy, or remorse.

In a medical context, this facet underscores the
necessity for AI systems to incorporate

mechanisms analogous to human emotions
(like fear) to prioritize patient safety and ethical

treatment decisions.

“Fear of killing” as
a performance

factor

Human soldiers often fail in combat due to a
moral aversion to killing, driven by fear or

ethical reservations. In contrast,
AI-autonomous systems lack this “fear” and
are thus more effective but also more ethically

detached.

In medicine, embedding a “fear of harming the
patient” could serve as a counterweight to
prevent AI from making detached, overly

utilitarian, fearless decisions that risk patient
health or dignity.

Mimicking vs.
embodying
emotions

LAWS can currently only mimic moral
actions and cannot genuinely feel emotions

like remorse or fear, which are tied to
accountability and human dignity.

Mere superficial simulations of caution (e.g.,
rule-based safeguards) may not suffice. Instead,
an embodied “fear” mechanism—integrated at

a deep architectural level of decision
core—could enhance AI’s decision-making,

ensuring actions align with the ethical principle
of “do no harm”.

Autonomy and
accountability

A crucial issue remains that autonomous AI
robots cannot be held accountable for their

actions, as they lack the capacity to
comprehend punishment or reward.

The introduction of “fear” as a computational
mechanism might enable better self-regulation

and reduce the risk of decisions that harm
patients without solving this accountability

issue.

Ethical
implications of

decision-making
autonomy

Autonomous systems making life-and-death
decisions in warfare highlight the risks of
dehumanization and moral detachment.

Relinquishing the decision to kill to machines
fundamentally undermines human dignity.

Fear-driven caution in AI could act as a
safeguard against dehumanized care and
overly mechanistic decisions, promoting a

more ethically aligned approach to treatment.

Source: authors’ own elaboration.

Looking ahead, as generalized superintelligence emerges, human decision-making
may shift toward a symbolic role. In such a future, embedding deep, fear-like (i.e., caution-
driven) frameworks in AI could help safeguard human life by ensuring decisions remain
ethically grounded.

Military robotics research shows that instilling a “fear” of killing can prevent indiscrim-
inate actions [14]. In military systems, this mechanism helps balance lethal efficiency with
ethical constraints, while in medicine, the priority is preventing harm to patients. A fear
module in medical AI would act to inhibit risky actions—even in ambiguous situations—by
adding a cautionary bias, not by replicating combat behavior.

Debate continues over whether emotion-like layers in AI can create true moral behav-
ior or merely simulate ethical responses. However, such mechanisms may help narrow
accountability gaps. For instance, comprehensive data logging in autonomous systems
has reduced wrongful killings in law enforcement [98,109]. Nonetheless, accountability in
medical AI remains challenging, and even with a fear module, human oversight is essential
to address residual risks [110,111].

4.7. Practical Considerations

We recognize that embedding a fear module is not without challenges. One concern is
latency: introducing a deliberative “pause” for caution could delay decisions in time-critical
scenarios. Our framework would need to ensure that this delay is minimal, perhaps by
allowing the module to act in parallel or by setting higher risk thresholds for intervention
when response time is critical (see discussion on calibration below).
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Another consideration is computational load. Continuously estimating probabilities
and monitoring multiple safety metrics (risk, uncertainty, past errors) requires compu-
tational resources. In settings like an AI-assisted surgery robot, resource constraints or
processing delays must be accounted for. We suggest that efficient algorithms (e.g., stream-
lined Bayesian updating or hardware acceleration for neural nets) be used to keep the
system responsive. We have added these points to acknowledge that practical deployment
of a “fearful” AI demands careful engineering to avoid hindering the very safety it seeks
to provide.

Our framework balances AI autonomy with human oversight by making oversight
conditional and as non-intrusive as possible. In real-time critical scenarios, we envision
a mechanism where the AI, upon triggering the fear response, can still execute any safe
fallback actions (like maintaining current treatment and monitoring patient status) while
simultaneously notifying the human team. The idea is that the AI does not “freeze”; it
continues low-risk support actions until a human intervenes. Moreover, the thresholds
are set such that truly immediate life-and-death reflexes are not delayed—the AI will only
defer to humans in scenarios where a brief pause is acceptable or where a human’s insight
is absolutely required. For instance, an AI in an emergency room might administer basic
life support measures automatically but will alert a physician before making a high-risk
decision like administering a thrombolytic if it calculates borderline risk. This ensures that
when time is critical, the AI does not become a bottleneck; the built-in caution complements
rather than hinders urgent care.

Quantifying and Calibrating Caution

We define a quantitative threshold for the fear module—for instance, the system might
be set to intervene if the estimated risk of serious harm exceeds X% while confidence is
below Y%. These X and Y can be adjusted. In practice, calibration would involve testing
the AI on historical cases or simulations: we would raise or lower the threshold X until we
achieve a desired balance (e.g., the module only triggers in truly high-risk cases and avoids
triggering in false alarm situations). One strategy is to treat this like a sensitivity-specificity
trade-off problem, similar to tuning a medical diagnostic test. In critical, time-sensitive
scenarios (e.g., emergency battlefield triage by an AI medic), X could be higher to ensure
the AI does not over-intervene and slow decision-making unless absolutely necessary. In
contrast, for non-urgent scenarios, X could be lower to prioritize safety. By calibrating
these parameters per context, we maintain efficiency in emergencies without sacrificing the
protective benefits of caution.

5. Potential Implementation Approaches
An amygdala-like fear mechanism could be integrated into existing ML frameworks by

combining Bayesian risk modules—which continuously estimate harm probabilities—with
reinforcement learning that penalizes risky actions. When the Bayesian module detects
high risk or the RL component flags unsafe behavior, the system would trigger a defensive
response (e.g., pausing decisions or escalating to human oversight). Although purely
theoretical at this stage, this approach offers a path to embed proactive safety checks into
AI systems.

This concept aligns with key principles of safe AI design. For instance, Durán
and Jongsma explore risk thresholds and uncertainty modeling using “reliability indi-
cators” [112], while Barea Mendoza et al. highlight the importance of human oversight
in AI [113]. Similarly, penalty-driven reinforcement—akin to modifications in reward
functions for sepsis treatment as described by Festor et al.—can discourage harmful actions.
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Using, for instance, proximal policy optimization (PPO) or other reinforcement learning
algorithms that naturally handle safety constraints by penalization.

Challenges include balancing risk aversion with efficacy, as excessive caution may
hinder valuable insights [114], and addressing the opacity of AI systems, which complicates
transparency [24].

Additionally, defining “unsafe” scenarios will require continuous refinement informed
by clinical expertise.

Training a fear-aware AI will necessitate a carefully designed learning environment,
as illustrated by the six mechanisms outlined in Figure 5. Training mechanisms employed
to instill “fear” or cautious behavior in AI systems are made from six key methods: (a) rein-
forcement learning with fear penalties, (b) adversarial training, (c) multi-agent systems,
(d) emotion-inspired metrics, (e) real-world data with risk labels, and (f) risk-averse pol-
icy learning.
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1. Reinforcement learning with fear penalties: Define a reward function that heavily
penalizes harmful actions or outcomes. Also reward cautious or consultative behavior
in high-risk scenarios (e.g., asking for additional input, escalating to a human).

2. Adversarial training: Expose the AI to adversarial conditions where harm is likely
(e.g., deliberately ambiguous patient data) and train it to recognize and respond
with caution.

3. Multi-agent systems: Train the AI alongside a “human-like overseer” agent. When
the AI makes risky decisions, the overseer “punishes” those actions, simulating an
external accountability mechanism.

4. Emotion-inspired metrics: Borrow metrics from affective computing to create proxies
for fear, such as a “fear index” tied to the probability of harm or system uncertainty.
Train the AI to minimize this index while maximizing overall performance.

5. Real-world data with risk labels: Use datasets labelled with degrees of risk or harm
(e.g., patient outcomes, near misses in healthcare settings). Train the AI to associate
these labels with cautionary behavior.
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6. Risk-averse policy learning: Use risk-sensitive policies in reinforcement learning that
explicitly avoid actions with even a small chance of severe harm, favoring safer, albeit
less efficient, decisions.

Balancing caution and efficiency: An important consideration is how “fearful” the AI
should be. A more conservative AI (low risk tolerance) will err on the side of caution—
potentially preventing even borderline-risk actions—which maximizes safety but may
reduce the system’s efficiency or willingness to act. This could manifest as frequent alerts
or unnecessary deferrals to humans (a form of overcautiousness). In contrast, a proactive
AI with a higher risk threshold will intervene less often, thus acting more autonomously
and efficiently, but runs a higher risk of overlooking infrequent dangers. Our framework
acknowledges this trade-off. In practice, the optimal setting will depend on the application:
for instance, in routine diagnostic tasks, one might allow a more proactive AI to avoid
bogging down clinicians, whereas in high-stakes surgical planning, a conservative setting
might be chosen to prioritize patient safety. We have incorporated this analysis to make
clear that the “fear” mechanism’s sensitivity must be carefully calibrated to each use case.

According to the recent research of Willem et al. [88], it seems ethics must be embed-
ded in AI development from the start, and for this implementation, an interdisciplinary
collaboration is essential [88]. An interesting observation from this paper is that ethical
“frictions” can drive innovation in AI development.

6. Counterarguments and Ethical Considerations
6.1. Responsibility Dilemmas

Current AI medical systems do not “feel” fear as humans do; they use advanced risk
assessment, uncertainty modeling, and penalty-driven learning—all purely algorithmic
processes without subjective experience. When experts refer to “AI fear,” they mean
computational strategies (e.g., Bayesian thresholds, reward penalties, or anomaly detectors)
that trigger conservative actions or defer decisions to human experts in high-risk scenarios.
These engineered responses mimic the cautious behavior of medical professionals rather
than reflecting genuine emotion.

Moreover, literature on fully autonomous AI making life-and-death decisions is scarce.
Existing studies focus mainly on concerns like accountability, responsibility, and bias in AI
healthcare, rather than on whether AI could ever truly experience fear.

A 2024 study by Arbelaez Ossa et al. [77] emphasized that AI must genuinely ben-
efit healthcare stakeholders and align with context-specific healthcare practices. They
highlighted the need for a systemic, proactive perspective on ethical AI development that
considers objectives, actors, and context. Another 2024 publication by Kim et al. [115]
outlined a six-stage ethical governance system for healthcare AI research in South Korea.
This approach aims to address ethical requirements throughout the AI development and
implementation process.

A 2023 study by Petersson et al. [99] explored healthcare professionals’ perceptions of
ethical aspects in implementing an AI application to predict mortality risk in emergency
departments. They identified conflicts related to each ethical principle, including autonomy,
beneficence, non-maleficence, justice, explicability, and professional governance.

A “fearful” AI that prioritizes patient safety by avoiding harm can improve decision-
making by flagging high-risk cases, but it may also become overly cautious, potentially
delaying critical care or rejecting treatments that carry acceptable risks. This raises an
important question: should an AI override a physician’s decision if its risk calculations are
too conservative? Striking the right balance between caution and efficacy is crucial.

Moreover, ethical challenges in high-stakes fields often stem from responsibility
gaps. Müller [98] argues that systems that consistently evade accountability should be
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avoided [98,109]. In healthcare, robust ethical frameworks are needed to clearly de-
fine the roles of AI creators and users, ensuring accountability even in rare, ambiguous
situations [116], ensuring accountability in most cases while addressing rare instances
where responsibility cannot be clearly assigned. By minimizing responsibility gaps and
fostering transparency, we can harness the benefits of AI in medicine while upholding
ethical standards.

Embedding a pseudo-instinct like fear in AI introduces ethical questions about control
and responsibility. If the AI effectively “overrides” a human’s initial action (even by forcing
a second thought), we must consider consent and authority. We assert that the AI should
not have unilateral power to deny treatment—ethically, it serves as a safeguard, but a
human (doctor and/or patient) should have the right to override the AI’s hesitation if they
accept the risks. This maintains human agency. Another implication is liability: if the AI’s
caution leads to a negative outcome (e.g., delaying a treatment that could have helped),
it is unclear who is at fault. To navigate this, we suggest that such AI systems be used
in a transparent way where their recommendations are logged and can be evaluated in
hindsight and where clinical governance bodies set guidelines for when to heed the AI’s
warnings. The ethical design principle here is that the AI’s pseudo-instinct should enhance
safety without eroding human decision-making or moral responsibility.

Consider a case where the AI’s fear module prevents a surgical robot from making a
certain incision, and as a result, the patient’s condition worsens. Even if the AI was trying to
avoid risk, in hindsight this decision was detrimental. Who is accountable—the developers
of the AI, the medical team supervising, or the AI itself? This example underscores the
complexity of attributing responsibility when an autonomous safety mechanism is in play.
We suggest that clear protocols be established so that ultimate decision authority (and
liability) remains with human practitioners or institutions, not the AI.

6.2. Risk of Adversarial Manipulation

A fear-based AI could be gamed or exploited if adversaries figure out how to consis-
tently trigger its fear mechanism, causing it to avoid certain actions or escalate decisions
unnecessarily. Such vulnerabilities may lead to system paralysis or excessive caution in
critical situations, with dire real-world implications. This raises further concerns about
liability and responsibility: if the AI’s “fear response” delays a necessary intervention or
produces harmful outcomes, it is unclear whether the developers, healthcare providers, or
the AI system itself should be held accountable.

Training algorithms on datasets often implicitly contains risk assessments or even
emotional reactions such as fear, especially if these are human-derived datasets. When AI
trains on such clinicians’ historical decisions, it naturally inherits a degree of risk aversion
present in the data—effectively an implicit “fear” learned from human experience. For
instance, if orthodontists in the training set often avoided a certain high-risk orthognathic
approach in planning the operation, the AI might also be hesitant to recommend it. How-
ever, relying solely on implicit learning has drawbacks: the AI’s caution level would be an
opaque by-product of the data and could vary with data quality. By contrast, an explicit fear
module allows us to control and tune the level of risk aversion and ensure it generalizes
even to scenarios not well-represented in the training data.

A sophisticated adversary could target the fear mechanism itself. For example, an
attacker might launch a poisoning attack, subtly altering input data (e.g., a patient’s sensor
readings) to consistently push the AI into a “fearful” state, causing it to unnecessarily halt
treatments (a denial-of-service effect on care). Conversely, an attacker could try to mask
true danger signals so the AI remains complacent when it should be fearful. Such security
threats to medical AI systems are documented in the literature, and our framework would
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need defenses to be viable. Possible countermeasures include validating critical inputs via
multiple independent channels (to make it hard to spoof all of them), employing anomaly
detection algorithms to flag unusual input patterns, and using robust learning techniques
that can resist poisoning as AI transforms everything in medical practice, from science to
education [117]. Ensuring data integrity and cybersecurity for the fear module is thus an
essential part of our proposal’s implementation. We have added references to recent work
on AI security and emphasized that without such measures, a “fearful” AI could itself be
manipulated into either paralysis or recklessness by malicious actors.

As a concrete scenario, an attacker might perform a data poisoning attack on the AI’s
inputs—for instance, subtly altering a patient’s data to simulate a very high-risk reading.
A naive fear module might repeatedly halt the AI’s actions due to these false alarms,
effectively paralyzing the system. This highlights the need for security measures to ensure
the fear mechanism cannot be easily misled by malicious inputs.

6.3. Risk of Overcautiousness

While “fear” is a vital safeguard against harmful decisions, relying solely on it may not
yield truly ethical, patient-centered outcomes. Complementary emotional responses—like
“hope” to inspire optimism or “empathy” to keep patient well-being at the forefront—
can balance excessive risk aversion and enrich decision-making. By combining multiple
emotional and logical mechanisms, an AI can not only avoid harm but also actively promote
positive outcomes and respect patient autonomy, as shown in Figure 6. Mitigation strategies
for an overly cautious AI include fine-tuning risk thresholds and combining fear with
confidence estimates [87,89,107]. Training the AI to adapt its fear response based on context
and the severity of potential harm, along with pairing the mechanism with interpretable
models (e.g., decision-tree logic), enhances explainability and builds clinician trust.
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For example, imagine an AI emergency triage system that “panics” (activates fear) at
ambiguous vital signs and insists on waiting for a doctor’s confirmation before initiating
a life-saving intervention. If the human is not immediately available, this delay caused
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by an overcautious AI could worsen patient outcomes. Thus, while caution is generally
beneficial, excessive caution in time-critical situations can be dangerous.

7. Broader Implications and Future Directions
7.1. The Current Horizon

Generative AI has evolved from handling simple, repetitive tasks to addressing com-
plex reasoning challenges in healthcare. Recent models—such as OpenAI’s o1-preview
that uses chain-of-thought reasoning—demonstrate impressive performance in clinical
diagnostics and patient management [118,119]. Gupta et al. [119] further showed LLMs
like GPT-4 excel in symptom-based diagnostics, underscoring AI’s growing role in clinical
reasoning and safety. This evolution is reshaping healthcare education by bridging human
expertise with AI’s rapidly expanding capabilities [120,121]. The emerging concept of
an “AI co-scientist” further illustrates how AI can collaborate with human researchers
to accelerate breakthroughs in patient care and safety [122–124]. Despite these advances,
current systems still fall short of achieving true artificial general intelligence (AGI) that
seamlessly transfers knowledge across diverse domains.

7.2. Agentic AI and Ethical Considerations

As AI systems gain autonomy, they offer potential improvements in efficiency and
accuracy but also pose significant ethical challenges. Autonomous decision-making raises
concerns about accountability, fairness, and the erosion of human oversight in critical
healthcare decisions [125]. It is essential to implement robust oversight and ethical frame-
works that ensure these systems complement rather than replace the fundamental principle
of “first, do no harm”.

7.3. Regulatory and Policy Considerations

The future deployment of AI, especially those incorporating risk aversion mechanisms
like fear modules, requires interdisciplinary collaboration. Regulatory frameworks should
establish clear guidelines—including criteria for “fear thresholds,” testing protocols, and
escalation procedures to human oversight—to ensure safety and transparency. Coordinated
efforts among AI ethicists, healthcare professionals, and policymakers are critical for setting
standards that include regular audits and bias assessments [126].

7.4. High-Stakes Medical AI and General Superintelligence

General superintelligence (GSI) promises to revolutionize medicine with superior
speed, accuracy, and scalability, yet it also introduces risks such as diminished human
oversight and ethical misalignment. Embedding emotion-like frameworks—such as fear
and empathy—into AI architectures (akin to an amygdala-like subsystem) could help these
systems navigate complex moral dilemmas. Such safeguards would enable GSI to balance
logical decision-making with ethical considerations, ensuring patient care remains aligned
with human values even as AI operates beyond full human comprehension [127].

7.4.1. Interpretability and Trust

For the fear module to be practically useful, clinicians must trust and understand it.
We emphasize that interpretability is crucial: the system should provide understandable
reasons for its cautionary interventions (for example, displaying which risk factor or input
triggered the alert). By making the AI’s “thought process” transparent, we ensure that
human operators can follow the logic and validate or override it confidently. This inter-
pretability will, in turn, foster trust—clinicians are more likely to adopt the system if they
feel it behaves in a predictable and explainable way. Future development should include a
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user-friendly interface where the AI’s internal risk assessments are summarized in human-
readable form whenever the fear module activates. We have added this consideration to
highlight that technical reliability alone is not enough; user trust ultimately determines the
framework’s acceptance in clinical practice.

7.4.2. Limitations

This study has several limitations. First, our framework is conceptual and has not yet
been validated with empirical data or clinical trials; the effectiveness of an AI “fear” module
remains to be proven in practice. Second, our discussions assume that risk probabilities can
be accurately determined—in reality, AI prediction uncertainty might be greater than we
expect, which could affect the module’s reliability. Third, there may be contexts (outside
those we examined) where an embedded fear mechanism is less applicable or could interact
with other AI behaviors in unpredictable ways. Finally, we have not addressed the full
spectrum of implementation costs, such as the need for extensive training data or regulatory
hurdles. These limitations will be important to address in future research as we move from
concept to real-world application of this framework.

7.5. Applications Beyond Medicine

The concept of embedding fear-based mechanisms is not limited to healthcare. In
autonomous vehicles, a “fear of collision” can promote more cautious driving; in policing,
a “fear of injustice” can lead to stronger safeguards; and in disaster response, a “fear of
endangerment” may trigger timely, life-saving decisions. Table 3 summarizes how fear-
based AI can contribute to safer and more ethical outcomes across various high-stakes
domains, from industrial automation to cybersecurity [110,111,128].

Table 3. Potential Benefits of Fear-Based AI Mechanisms Across Various High-Stakes Environments.

Environment Fear-Based Benefit

Autonomous vehicles Fear of accidents could help prioritize safety over efficiency,
especially in complex or ambiguous traffic scenarios.

Financial systems and
trading algorithms

Fear of catastrophic losses or economic instability could
guide risk-sensitive behavior in automated trading

systems.
Disaster response and
search-and-rescue AI

Fear of endangering human survivors could improve
decision-making during rescue operations.

Environmental
monitoring and

preservation

AI could use fear-based constraints to avoid actions that
could inadvertently cause environmental damage while

managing ecosystems or climate interventions.

Industrial automation
and robotics

Fear of causing workplace accidents or equipment damage
could lead to safer interactions between robots and

humans in factories.

Childcare and elderly
care systems

Fear of neglect or causing harm could ensure higher
vigilance and better care from AI systems assisting

vulnerable populations.

Cybersecurity systems
Fear of failing to detect a breach or causing unintended

harm through aggressive defense mechanisms could lead
to more balanced and cautious strategies.

Source: authors’ own elaboration.

7.5.1. Applications in Justice Systems

Extending our concept to the judicial domain, one could imagine AI systems with a
“fear of injustice”. For instance, an AI algorithm assisting in parole decisions or sentencing
could be equipped with a module that triggers caution when a potential decision might
lead to an unfair or irreversible outcome (e.g., wrongful conviction or disproportionate
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sentence). Such a system would flag these high-stakes decisions for extra review or err
on the side of leniency when uncertainty is high—analogous to how our medical AI fears
causing harm. This “fear of injustice” could act as a safeguard against algorithmic bias or
overconfidence, ensuring the AI upholds principles of fairness and due process. Including
this perspective suggests that risk-aware AI frameworks may benefit many sectors, from
healthcare to law, wherever ethical stakes are high.

7.5.2. Regulatory Oversight and Certification

Before a “cautious AI” can be trusted in high-risk fields like healthcare or defense,
it will need to undergo rigorous evaluation and certification. We anticipate that regula-
tory agencies (such as the FDA for medical AI) will need to establish new guidelines to
specifically assess these systems’ safety modules. This could involve scenario-based testing
where the AI’s fear responses are evaluated against a wide range of conditions to ensure it
acts appropriately. Additionally, interdisciplinary review panels should be instituted, com-
bining technical experts, clinicians, ethicists, and policymakers. These panels can oversee
pilot deployments, review the AI’s decision logs, and make recommendations for tuning
or improving the system. They will also be crucial in maintaining public trust—an inde-
pendent body certifying that the AI operates within agreed safety norms. In sum, strong
regulatory and interdisciplinary oversight is not only recommended but likely mandatory
for implementing such a paradigm in real-world, high-stakes settings.

7.6. Open Research Questions

Building on our proposal, we identify several avenues for future interdiscipli-
nary research:

• What methodologies can rigorously calibrate the “fear threshold” in AI systems across
varying domains (medicine, law, etc.) to balance safety and effectiveness?

• How can we empirically evaluate the performance of a fear-based AI module in live or
simulated high-stakes environments (e.g., through clinical trials or sandbox testing)?

• What frameworks should regulators develop to certify and monitor AI systems with
embedded risk aversion instincts?

• How will the integration of such pseudo-instincts in AI impact human trust and
teamwork with AI (e.g., will users become too reliant on or conversely suspicious of
an AI that “feels” fear)?

Addressing these questions will require collaboration across computer science,
medicine, ethics, and policy to fully realize and assess the potential of “fearful” AI.

8. Conclusions and Vision
The idea of an AI system that can “fear” might seem like something out of science

fiction, yet it offers a groundbreaking way to rethink safety and ethics in medicine. By
designing AI systems with built-in risk aversion and real-time harm avoidance—much
like the rapid threat detection of the human amygdala—we have the potential to rebuild
trust in automated systems [21,22]. It is important to stress that introducing a fear-based
module is not meant to imply that AI without it must necessarily be utilitarian. Instead, this
mechanism can work alongside deontological or other ethical models, enhancing overall
decision-making. However, moving from a theoretical “fear mechanism” to practical
application will require a true team effort: computer scientists need to develop the technical
foundations, roboticists must fine-tune the feedback loops and hardware, ethicists should
address the moral and societal issues, and healthcare professionals must test these systems
in real-world clinical settings. Only by working together can we establish clear guidelines
and standards for creating AI that is both powerful and principled—capable of fast, precise
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problem-solving while staying deeply committed to patient well-being. This collaborative
approach will pave the way for a future where AI not only excels at solving problems but
also respects and protects human life.

Our proposed framework offers a distinctive contribution to AI safety beyond tradi-
tional approaches. Classical AI alignment focuses on ensuring AI objectives remain in line
with human values, whereas our “fear module” concept introduces a real-time, internalized
safety check within the AI’s decision process. In effect, we embed an instinct-like aver-
sion to harm into the AI’s core, which is fundamentally different from merely postulating
safety goals—it provides an active, moment-to-moment bias toward caution that traditional
alignment methods lack.

We argue that AI medical agents may not reach their full potential unless they incor-
porate this kind of “fear” as an extra safeguard. While fully autonomous agents might
perform well in some tasks, handing over life-and-death decisions without a built-in cau-
tionary mechanism risks overlooking the essential human quality of prudence. By adding
a cautious, fear-inspired bias to the decision-making process, we acknowledge a complex
trade-off that raises important ethical and practical questions. Although direct research on
embedding “fear” in AI—especially in medical or military contexts—is still limited, ongo-
ing discussions about ethical AI, emotional computing, and autonomous decision-making
lay a solid groundwork for this concept. These discussions help us develop a framework
that integrates fear-like mechanisms into medical AI, ultimately improving both patient
safety and ethical decision-making.

8.1. Seven Key Insights

1. Embedding “fear” as a core safeguard: Integrating an amygdala-like subsystem that
instinctively identifies and avoids harmful actions adds an extra layer of protection,
echoing the natural, reflexive threat responses seen in humans.

2. Risk-averse AI enhances trust: When AI demonstrates caution—or “fear”—it can earn
greater trust from healthcare professionals and patients, leading to more construc-
tive collaboration.

3. Translating military lessons to medicine: Insights from lethal autonomous weapon
systems (LAWS) illustrate the dangers of “fearless” AI in life-and-death situations,
highlighting the need for safety-focused designs in clinical settings where patient care
is paramount.

4. From surface-level filters to core emotional layers: Rather than relying solely on
superficial safeguards (like politically correct outputs), embedding deeply rooted,
domain-specific “fear” mechanisms ensures that risk sensitivity is an integral part of
every decision-making step.

5. Balanced architecture to overcome overcaution: While a fear-based approach can
reduce harm, it must be carefully balanced. Excessive caution might block beneficial
treatments, so establishing clear thresholds and human override options is critical.

6. Blueprint for future high-stakes AI: Our framework—which combines risk modeling,
penalty-driven learning, and memory of past errors—serves as a roadmap for devel-
oping emotionally aware AI systems not only in medicine but also in other critical
fields like autonomous vehicles, law enforcement, and disaster response.

7. Ethical imperative in autonomy: As AI becomes more autonomous, embedding
“fear” at its core could act as both a moral and practical safeguard. Importantly, this
mechanism can complement other ethical approaches, ensuring that human values
and safety remain central in complex, high-stakes environments.
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8.2. Call to Action

The concept of “fear-driven” AI in medicine is bold, yet its potential to enhance patient
safety and ethical care is too significant to overlook. We call on computer scientists, clini-
cians, ethicists, and policymakers to join forces—developing new computational models,
running clinical pilots, and establishing ethical guidelines—to ensure that this built-in
caution mechanism truly protects patients. We conclude by inviting interdisciplinary col-
laboration on this vision. The development of a “fearful” medical AI will not be achieved
by technologists alone—it requires the collective effort of computer scientists, healthcare
professionals, neuroscientists, ethicists, and policymakers. We encourage joint research
initiatives, cross-disciplinary training, and the establishment of working groups or panels
that can pilot this framework in clinical settings and shape guidelines for its ethical deploy-
ment. Only through such collaborative efforts can we ensure that advanced AI systems
remain safe, trustworthy, and aligned with human values. By working together across
disciplines, we can create the next generation of healthcare AI that not only delivers power
and precision but also remains firmly aligned with patient well-being and human dignity.
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