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Abstract

Automation bias in Clinical Decision Support Systems (CDSS) poses a growing threat to clinical
responsibility, especially amid the rise of Artificial Intelligence (AI). While Al can reduce
certain errors and improve efficiency, uncritical reliance risks deskilling physicians. Drawing on
recent evidence and the Hospital Authority’s 2024 report, this essay argues that technological
advancements designed to improve efficiency, such as the integration of Al into CDSS, may
simultaneously compromise physicians’ professional agency through automation bias. This essay
proposes mitigation strategies, including technological redesign, algorithmic literacy, and legal

reform, to ensure that physicians remain the final moral authority in patient care.
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Introduction

A sixty-year-old male presented with vague abdominal discomfort and slight tachycardia.
The physician, exhausted near the end of his shift, entered the data into the hospital’s Clinical
Decision Support System (CDSS). The algorithm returned a reassuring “Low Risk™ score.

This physician hesitated. He noticed a subtle pallor in the patient’s face and a slight delay
in his responses, signals that sensors had not captured. Yet, he suppressed his intuition, deferring
to the machine’s statistical aggregate of medical history. Who was he to argue? The patient was
discharged with gastritis. Six hours later, the patient returned in septic shock requiring immediate
intensive care.

This vignette illustrates a modern medical paradox. Contemporary CDSS have evolved
from simple checklists into sophisticated machine learning platforms that act as arbiters of
clinical judgement.! While reports such as the Hospital Authority’s Safe Care for All (2024)
explicitly recommend improving CDSS to “reduce avoidable adverse events” and “enhance
operational efficiency” through developing Artificial Intelligence (Al) capabilities, uncritical
implementation risks the atrophy of human expertise.” This phenomenon, known as automation
bias, represents the human tendency to over-rely on automated cues.’ This essay explores how
automation bias creates a dangerous cycle of deference that amplifies risk, hollows out

professional competence, and fractures the bond of trust between patient and physician.

I. The Atrophy of Expertise

Automation bias is rooted in the psychology of the user. It does not stem from malice or
laziness; rather, it functions as a coping mechanism that arises when people are confronted with
overwhelming amounts of data. For a physician working in an intensive environment, a CDSS

providing a diagnosis presents a seductive path of least resistance.*



As reliance occurs, the physician’s role fundamentally shifts from creating diagnoses to
merely approving them. While recent studies confirm that a well-calibrated algorithm catches
more than it misses, reducing certain classes of errors,’ the danger posed by automation bias is
qualitative rather than quantitative. By blindly adhering to the generated diagnoses, we dismantle
the cognitive infrastructure necessary to catch mistakes, such as the capacity to weigh
contradictory evidence.® Unlike human errors, which typically follow a logical but flawed
trajectory, Al failures are often triggered by statistical correlations invisible to the human eye.’
When we stop generating our own differential diagnoses, these anomalies become invisible to us.

This reliance triggers “automation-induced complacency.”” Goddard et al. found that
physicians consistently rated abnormal findings as less significant when the CDSS failed to flag
them.” While the CDSS prevents errors of commission (following wrong advice), it
simultaneously induces errors of omission (failing to act when the system does not prompt).” The
screen becomes the perimeter of the physician’s world.

A 2023 study published in Radiology vividly quantifies this risk. Researchers examined
how radiologists interacted with Al during mammography readings. They found that when Al
provided incorrect advice, the diagnostic accuracy of very experienced radiologists plummeted
from 82.3% to 45.5% as they deferred to the AI’s incorrect judgement.® For inexperienced
radiologists, the drop was even more severe, falling from 79.7% to a mere 19.8%.% This
demonstrates how easily over-reliance on automated tools can make physicians abandon their
own expertise.

Ultimately, competence demands the constant navigation of uncertainty. It develops by
resolving conflicting evidence and synthesizing the narrative of the patient. Perpetual deference

to algorithms atrophies this capacity, leading to deskilling.” By prioritizing the efficiency of



automated systems, we paradoxically increase the risk of catastrophic failure. As Balytskyi et al.
warn, clinical environments are inherently unpredictable; Al systems trained on known
pathogens may fail when encountering novel threats, leaving over-reliant physicians unprepared

to intervene.'°

I1. The Moral Opacity of Care

Beyond clinical risks, automation bias introduces a crisis of agency. As deep learning
neural networks evolve, they become “black boxes.” Their logic consists of millions of weighted
connections that lead to a diagnosis, a process that is often opaque even to their developers."!

Consequently, the concept of informed consent is stripped of its substance. Informed
consent relies on the physician’s ability to articulate the rationale behind a treatment.'? If the
physician cannot explain why a course of action is recommended, how can a patient provide
consent? A patient accepting a treatment solely due to a generated “92% probability of success”
is not fully consenting to a medical judgement; rather, it constitutes an act of blind faith. This
creates a form of “epistemic injustice” where the patient is reduced to data points rather than
treated as a knower of their own experience.'?

Furthermore, this opacity may also conceal values and assumptions embedded in the
algorithm. These systems risk encoding systemic injustice into the architecture of care.
Algorithms trained on historical data potentially mirror social biases related to race, gender, and
class."

A landmark study by Obermeyer et al. exposed this danger. A widely used healthcare
algorithm assigned lower risk scores to Black patients compared to White patients who were
equally sick. Since Black patients historically had less access to healthcare (and thus incurred

fewer costs), the Al mistakenly concluded they were healthier as the algorithm used healthcare



costs as a proxy for health needs."> A physician suffering from automation bias would perpetuate

this neglect without realising it.

II1. Trust and Identity in Patient Care

The most subtle casualty of automation bias is the relationship between the physician and
the patient. Trust in medicine demands more than precision; it demands connection. It is built on
the belief that the physician is competent and is acting as a fiduciary in the patient’s best
interest.'®

If a patient senses that the physician is merely deferring to a screen, the perception of
competence shatters. The patient begins to wonder if the physician is looking at them or the
data."” When expertise appears to be outsourced, the patient questions the necessity of the human
intermediary entirely.

Simultaneously, this dynamic erodes the physician’s professional identity. Medicine is a
vocation of problem-solving and human connection, yet automation bias reduces physicians to
supervisors of algorithms. A study in the Annals of Internal Medicine found that physicians
spend approximately 16 minutes per patient encounter on Electronic Health Records (EHRs).!®
While this figure predates the integration of advanced CDSS, it signals a trajectory where the
patient becomes a peripheral figure in their own consultation."

Ultimately, this creates a form of “moral injury,” a concept from military psychology
describing the distress of violating one’s ethical code.?® This concept is increasingly relevant in
medicine, occurring when physicians feel forced to override their judgement or become
bystanders in their own profession.?! Although the Hospital Authority’s 2024 report aims to
“reduce the excessive workload of healthcare staff” through integrating Al systems,” this strategy

risks merely transforming the workload into the high-stakes cognitive vigilance required to
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monitor AL.~ A system that relies on burnt-out, morally injured physicians is a system poised for

collapse.

IV. Navigating the Future

We cannot stop the development of automation in medicine; the complexity of modern
care requires technology to reduce labour-intensive work and improve operational efficiency.’
Yet, to prevent the erosion of medical responsibility, we must fundamentally transform
physicians’ relationship with automation through the aspects of technological design, education,
and law.

First, we need a technological redesign that mandates human-centered design principles,
introducing “cognitive friction”.” CDSS should require the physician to input their provisional
hypothesis first, then act as a frame of reference to challenge logic rather than replace it.** %
Sutton et al. emphasize that evidence-based mitigation strategies must include systems that force
users to actively engage to prevent complacency. Additionally, we must mandate Explainable Al
(XAI), algorithms that offer “rationale summaries” that allow the physician to critique the
machine’s logic.?* %% %6

Simultaneously, we must promote the algorithmic literacy of physicians. Initiatives such
as the Artificial Intelligence Literacy course in The University of Hong Kong exemplify this,
offering medical students a chance to investigate the mechanisms and development of Al for
healthcare. Future physicians must understand how these models work and where they fail, and
they must possess the confidence to ignore them.?”-*® The Hospital Authority’s recommendation

to “actively [involve] frontline staff in the design and development process™ is also a vital step in

this direction.’



Finally, we must address legal frameworks. Current liability standards incentivise
defensive reliance on AL’ As long as physicians fear liability for disagreeing with machines,
automation bias will persist. Liability standards should adopt a “reasonable reliance” test, where
a physician who overrides an Al recommendation should be protected if they can articulate a
reasonable clinical rationale.*® Conversely, blind adherence to an algorithm should not immunise

a physician from responsibility for foreseeable harm.

Conclusion

The ultimate challenge is philosophical. If medicine merely processes biological data, we
should step aside for the machines. They will eventually be faster and more accurate than we are.
However, medicine has never been just a science. It is the art of applying knowledge with
empathy to human suffering. By resisting automation bias, we protect the humanity of both the
patient and the profession.

While an Al can calculate a survival rate, only a human can understand what it means to
survive. To prevent harm and preserve the integrity of the medical profession, we must ensure

that Al remains a tool. The physician must remain the final moral authority in care.
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