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ABSTRACT

Artificial intelligence (Al) is revolutionizing anesthesiology by enhancing patient monitoring, optimizing drug dosing,
and predicting adverse intraoperative events. Al-driven models, particularly those utilizing deep learning, are
increasingly used for anesthesia depth monitoring, hemodynamic control, and perioperative risk stratification.
However, a significant challenge in Al-driven healthcare is Al hallucination (AIH)—a phenomenon where Al generates
misleading, incorrect, or fabricated information. In anesthesiology, hallucinations can lead to severe consequences,
such as incorrect dosing recommendations, misinterpretation of patient monitoring data, and flawed clinical
decision support, all of which pose risks to patient safety. This article explores the concept of AlH, its causes, real-
world examples of its impact in healthcare, and its potential consequences for anesthesiology practice. We also
discuss mitigation strategies, including improving data quality, implementing clinician-in-the-loop models, and
ensuring regulatory oversight. As Al becomes increasingly integrated into anesthetic practice, recognizing and
addressing the risks of AlH is crucial for improving patient safety and maintaining the integrity of anesthetic care.

Abbreviations: Al: Artificial intelligence, BIS: Bispectral index, DDA: Data-driven analytics, ABM: Algorithm-based
management, XAl: explainable Artificial intelligence
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1. INTRODUCTION monitoring, where machine learning models analyze

electroencephalography (EEG) and bispectral index
(BIS) signals to optimize sedation levels and reduce the
risk of intraoperative awareness in addition to detecting
abnormal Capnography levels.*? Additionally, Al-
driven hemodynamic management systems are being

Artificial intelligence has emerged as a powerful tool in
modern medicine, particularly in anesthesiology, where
it is being used to optimize clinical workflows, improve
decision-making, and enhance patient safety. Al
applications in anesthesiology include anesthesia depth
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developed to predict and prevent perioperative
hypotension, allowing anesthesiologists to proactively
intervene before adverse events occur.®* Al-assisted
models are also used to predict difficult airways based
on patient characteristics, aiding in the selection of
appropriate airway management  strategies.]
Furthermore, Al plays a role in perioperative
pharmacology by assisting in drug dosing optimization
based on patient-specific  variables, reducing
postoperative complications and improving analgesia.

Despite these advancements, Al in healthcare is not
infallible. A significant limitation is AIH, where Al
systems generate misleading or entirely false outputs that
appear plausible but are incorrect. In clinical settings,
these hallucinations can result in dangerous errors, such
as incorrect drug dosing  recommendations,
misinterpretation of vital signs, and flawed clinical
decision support. In anesthesiology, such errors could
lead to severe consequences, including intraoperative
hemodynamic instability, inadequate analgesia, or
increased morbidity and mortality. This article explores
the concept of AIH, its causes, implications in
anesthesiology, real-world examples of its effects in
healthcare, and strategies to mitigate these risks.

2. Al HALLUCINATION

AIH refers to the phenomenon where artificial
intelligence systems generate outputs that are incorrect,
misleading, or entirely fabricated, despite appearing
plausible. The underlying causes of AIH are complex,
and their occurrence can be traced to several key factors
related to model development, training, and deployment.

2.1. Causes:

One of the main causes of AlH is overfitting. Overfitting
occurs when Al models are excessively trained on a
limited or biased dataset, causing the model to perform
well on training data but fail to generalize when faced
with new, unseen data. In healthcare, this can manifest
when models are trained on data from a homogenous
patient population or when data quality is insufficient.
For example, if a machine learning model is trained on a
narrow demographic—such as a predominantly
Caucasian population—the model may perform poorly
when applied to more diverse populations, leading to
errors in predictions and diagnoses.® In anesthesiology,
this overfitting could result in AlH that lead to incorrect
anesthesia depth recommendations or inaccurate risk
predictions for patients from underrepresented groups.

Another critical factor contributing to AIH is the quality
of input data. Al systems rely on large datasets of clinical
information for training, but poor-quality or noisy data
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can significantly degrade the accuracy of predictions.
Inaccurate sensor data, for instance, may cause Al
algorithms used for real-time anesthesia monitoring to
generate misleading information. If an anesthesia
machine misreads the patient’s blood pressure due to a
faulty sensor, an Al model could misinterpret the data
and suggest unnecessary interventions or fail to alert
clinicians to critical changes in the patient’s condition.®
Similarly, missing or incomplete patient records, such as
missing lab results or history of allergies, can lead to
flawed decisions. These data artifacts can amplify the
risk of hallucination, as the Al system is forced to make
predictions or decisions based on incomplete or
erroneous data.

Additionally, Al systems are susceptible to what is
known as “algorithmic misinterpretation.” This occurs
when a model misclassifies complex patterns within
healthcare data. For example, Al systems might have
difficulty interpreting nuanced physiological changes in
patients with complex comorbidities, such as those with
both sepsis and heart failure, leading to incorrect or
delayed treatment recommendations. Furthermore, when
Al models are faced with scenarios outside the training
data, they may extrapolate inappropriately, leading to
hallucinated predictions that do not reflect real-world
conditions. For instance, an Al-based anesthesiology
tool might incorrectly predict a low-risk anesthesia depth
for a patient with a high-risk cardiac history, leading to
under-sedation or other adverse outcomes.’

Finally, the absence of real-time feedback loops and
continuous learning mechanisms also exacerbates the
issue of hallucination in Al systems. Most Al models
used in anesthesiology are trained and deployed in a
static manner, meaning they do not adapt or learn from
real-time clinical feedback. As a result, models may not
be able to correct themselves when faced with new,
unforeseen clinical situations. In a high-stakes
environment like the operating room, this inability to
adjust to new information can be catastrophic, as Al
recommendations may continue to perpetuate errors or
misunderstandings without the intervention of human
clinicians.®

These causes can be summarized as follows:

e Overfitting:

Over-specialization to training data occurs
when an Al model is trained too closely on a
specific dataset, limiting its ability to
generalize. For example, a model trained on
healthy adults may misjudge sedation needs for
pediatric or elderly patients, leading to under-
or over-sedation.
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e Poor Data Quality:

Inaccurate or incomplete data: Such as faulty
sensor readings or missing patient records, can
lead to erroneous outputs. A malfunctioning
anesthesia machine providing noisy blood
pressure data could prompt inappropriate
interventions.

e Algorithmic Misinterpretation:

Al may misclassify complex patient conditions,
such as comorbidities (e.g., sepsis and heart
failure), resulting in flawed predictions. For
instance, an Al tool might underestimate
anesthesia risks for a patient with a high-risk
cardiac history.

e Lack of Adaptive Feedback:

Static AI models, common in anesthesiology,
lack real-time learning capabilities. Without

continuous feedback, these systems may
perpetuate errors in dynamic surgical
environments.

2.2. Adverse events and implications:

Real-world examples underscore the significant dangers
posed by AIH in healthcare, particularly in
anesthesiology. One notable example comes from the
field of oncology, where IBM Watson for Oncology, an
Al-driven clinical decision support system, was found to
recommend incorrect treatment protocols for cancer
patients. These recommendations were sometimes based
on fabricated or incomplete patient data, rather than real-
world evidence. In one instance, Watson recommended
a highly toxic regimen for a patient with a rare form of
cancer, which was subsequently identified as potentially
harmful after a human oncologist reviewed the case.*°
This case highlighted how Al models trained on
incomplete datasets or flawed assumptions can generate
hallucinated treatment protocols that pose risks to
patients’ health.

In anesthesiology, AIH have had severe consequences as
well. One case involved a machine learning algorithm
used to predict pediatric opioid dosing in the operating
room. The Al model, trained on outdated
pharmacokinetic data, suggested dosages far higher than
clinically recommended for a pediatric patient, which
could have resulted in respiratory depression and
overdose if not caught by the attending anesthesiologist.
This example demonstrates the potential danger of AIH
in  recommending inappropriate  drug  dosages,
particularly for sensitive patient populations such as
children.

www.apicareonline.com

Al hallucination and anesthesiology

Misinterpretations of medical imaging data by Al
systems have also resulted in significant patient harm. A
deep-learning algorithm developed to diagnose
pneumonia in chest X-rays was found to be highly
biased. The model failed to distinguish between real lung
pathology and incidental findings like metal implants,
incorrectly diagnosing metal objects as signs of
pneumonia. This type of AIH illustrates how reliance on
Al for diagnostic imaging without sufficient validation
can lead to catastrophic misdiagnoses.t* In
anesthesiology, similar Al misinterpretations could
result in undetected airway complications or overlooked
signs of critical intraoperative events, such as
pneumothorax.

Al systems used for real-time monitoring of anesthesia
depth have also been implicated in generating
misleading information that could lead to patient harm.
For example, a deep-learning model designed to monitor
anesthesia depth failed to accurately track sedation levels
for a patient with underlying neurologic conditions. As a
result, the patient was under-sedated during surgery,
experiencing intraoperative awareness, a potentially
traumatic event.® While the Al system recommended
increasing sedative doses, it was not able to distinguish
between different types of sedation responses,
exacerbating the issue.

Studies estimate that Al hallucination may affect up to
10-15% of clinical decision support outputs,
underscoring the need for robust safeguards.’
Additionally, model drift, where Al model performance
degrades over time due to changes in clinical practice or
patient populations, poses a long-term risk in
anesthesiology, potentially leading to persistent
hallucinated outputs if not addressed.

3. MANAGING AlH

To address the challenges posed by AIH in
anesthesiology, it is essential to implement strategies
that ensure the reliability and safety of Al-driven
systems. One key strategy is to improve the quality and
diversity of data used to train Al models. This can be
achieved by ensuring that datasets reflect a wide range
of patient populations, including those from different age
groups, ethnicities, and comorbid conditions. In
anesthesiology, this would help ensure that Al systems
are capable of making accurate predictions for all patient
types, reducing the risk of biases that could lead to
hallucinated outputs. High-quality datasets with well-
curated data are essential for minimizing errors and
improving predictive accuracy.

Additionally, Al models should undergo rigorous
validation using external datasets before being deployed
in clinical settings. External validation helps to identify
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Table 1: A summary of the applications, risks and mitigation strategies to prevent Al hallucination
Application Al Technologies Benefits Risks of Mitigation Strategies
Hallucination
Anesthesia Deep neural networks Optimizes Misinterpretation of Diverse datasets including
Depth for EEG/BIS analysis, sedation, EEG/BIS or neurological conditions,
Monitoring signal processing reduces capnography signals clinician oversight, regular
algorithms intraoperative | due to neurological model retraining,
awareness conditions or data uncertainty quantification
noise; model drift over
time
Hemodynamic | Machine learning Predicts Errors from noisy Data quality checks, real-
Management models (e.g., random hypotension, sensor data (e.g., time feedback loops,
forests, LSTM guides timely pulse oximetry); data cross-validation with
networks) for vital sign interventions imbalance leading to diverse patient data,
prediction biased predictions automated sensor
calibration
Risk Decision trees, Identifies Misclassification of External validation with
Prediction ensemble models for difficult patient characteristics diverse datasets,
airway and risk airways, due to anatomical explainable Al for
assessment predicts anomalies or transparency, clinician
perioperative insufficient training review of predictions
risks data
Decision Reinforcement Optimizes Inappropriate dosing Clinician-in-the-loop
Support learning, regression drug dosing, recommendations due | validation, regulatory
models for drug dosing | reduces to outdated oversight, periodic model
postoperative | pharmacokinetic data updates, integration of
complications | or overfitting to specific | patient-specific variables
populations

potential weaknesses in the model’s performance and
ensure that it can be safely applied to diverse patient
populations.’* This validation process should be
continuous, incorporating feedback from real-world
clinical outcomes to improve the model’s reliability and
adaptability over time.

Clinician-in-the-loop  approaches, where  human
clinicians maintain oversight and intervene when
necessary, are essential to prevent AIH from leading to
patient harm. In anesthesiology, Al should not replace
the clinician’s judgment, but rather support it by
providing additional data-driven insights.
Anesthesiologists should be trained to interpret Al
recommendations with a critical eye, using their clinical
expertise to validate or override Al-generated outputs as
needed.”*®

The development of explainable Al (XAl) is another
crucial strategy for minimizing AlIH in clinical practice.
XAl models allow clinicians to understand the rationale
behind Al predictions, increasing transparency and trust
in Al-driven systems. In anesthesiology, XAl could help
anesthesiologists assess how an Al model reached a
particular recommendation, enabling them to detect any
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potential errors or inconsistencies in the model’s logic
before acting on its suggestions.*

Strengthening feedback loops is also vital. Al models
used in anesthesiology should be designed to adapt and
improve continuously based on real-time feedback from
clinicians and patient outcomes. This allows the Al
system to refine its predictions and improve its accuracy
over time. Feedback loops enable Al models to correct
themselves and learn from past mistakes, reducing the
risk of hallucination and ensuring that the system
remains relevant and effective in the dynamic
environment of the operating room.

Finally, regulatory oversight is critical to ensure the
safety of Al technologies in healthcare. Regulatory
bodies should establish clear guidelines for the
development, testing, and deployment of Al systems in
anesthesiology, with an emphasis on patient safety.1415]
These guidelines should address issues such as model
validation, data quality, and continuous monitoring of Al
performance in clinical settings.

By addressing these strategies, the risks of AIH in
anesthesiology can be mitigated, enhancing patient
safety and ensuring that Al-driven tools support
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clinicians in delivering the best possible care. A
summary of the mitigation strategies to prevent artificial
intelligence hallucination is provided in Table 1.

To maximize Al’s potential in anesthesiology, future
efforts should focus on developing adaptive Al systems
that learn from real-time clinical feedback, reducing
hallucination risks. Integrating multimodal data (e.g.,
EEG, vital signs, capnography, and patient history) can
enhance model accuracy. Collaboration between Al
developers, anesthesiologists, and regulators will ensure
safe, transparent, and effective Al tools. Research into
hybrid models combining Al with human expertise could
further mitigate risks, enabling precision anesthesia care.

4. CONCLUSION

Al is rapidly transforming anesthesiology by improving
patient monitoring, optimizing drug administration, and
predicting intraoperative complications. However, Al
hallucination poses a significant challenge that could
compromise patient safety if not properly addressed. The
risks of erroneous Al-generated recommendations,
misinterpretation of patient data, and automation bias
highlight the importance of robust validation, clinician
oversight, and continuous monitoring. By implementing
strategies such as improving data quality, developing
explainable Al models, and maintaining regulatory
oversight, Al hallucination can be minimized, paving the
way for safer and more effective anesthesia care.
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