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KEY POINTS

e Anesthesia includes general, regional, and local types, each tailored to specific proced-
ures and patient needs. Anesthesiologists play a critical role in monitoring vital signs to
ensure patient safety during surgeries and other medical interventions.

e Anesthetic practices evolved from ancient plant-based remedies to modern, safer agents
like ether, nitrous oxide, and propofol. The twentieth and twenty-first centuries brought
significant improvements in safety, drug variety, and monitoring technologies.

¢ Innovations like bispectral index (BIS) monitors, robotic-assisted surgery, and artificial
intelligence-driven systems have enhanced precision, safety, and recovery in anesthesia
practice. Balanced anesthesia and regional techniques have reduced opioid dependence
and improved outcomes.

e Anesthesia is crucial in emergencies for rapid surgical readiness and effective pain relief.
Techniques like nerve blocks and patient-controlled analgesia pumps are also used for
chronic and postoperative pain management.

e Personalized dosing remains complex due to individual patient variability. Risks like cogni-
tive dysfunction, postoperative complications, environmental concerns, and complex
multimodal drug regimens present ongoing challenges in anesthetic administration.

INTRODUCTION
Anesthesia and Its Critical Role in Health Care

Anesthesia is a medical specialty focused on administering medications to prevent
pain during surgical and other medical procedures. It is a vital component of modern
health care, enabling patients to undergo interventions that would otherwise be intol-
erable. There are various types of anesthesia, each designed for specific procedures
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Abbreviations

ADE adverse drug event

Al artificial intelligence

ANN artificial neural network

BIS bispectral index

CAD  computer-aided detection

CDSS  clinical decision support systems
CLADS closed-loop anesthesia delivery systems
CNN convolutional neural network

cT computerized tomography

DL deep learning

ECG electrocardiogram

EEG electroencephalogram

EHR electronic health record

HSS hybrid sedation systems

LSTM  long short-term memory network
MIMO multiple-input multiple-output

ML machine learning

NLP natural language processing

NMBA neuromuscular blocking agent
PK-PD pharmacokinetic-pharmacodynamic
SISO  single-input single-output

TAVI  transcatheter aortic valve implantation

and patient needs.! General anesthesia induces a state of controlled unconscious-
ness through a combination of intravenous medications and inhaled gases, ensuring
that the patient is completely unconscious, immobile, and free from pain during the
operation. Anesthesiologists meticulously monitor vital signs—such as heart rate,
blood pressure, respiration, and oxygen levels—to maintain patient safety and stability
throughout the procedure.? Regional anesthesia targets pain relief in specific areas of
the body without affecting overall consciousness. Common forms include spinal anes-
thesia, frequently used in childbirth and lower abdominal surgeries, and epidural anes-
thesia, often administered during labor. Nerve blocks can also be employed to numb
specific regions, such as the arms or legs, allowing patients to remain awake with min-
imal discomfort.® Local anesthesia is used for minor procedures, providing targeted
numbing through injections or topical applications, ensuring that the patient remains
fully conscious while not feeling pain in the affected area.*

In emergency situations, the rapid administration of anesthesia is crucial. In trauma
cases requiring immediate surgery, anesthesiologists can swiftly induce anesthesia
to stabilize the patient and facilitate surgical intervention.® Both regional and local
anesthesia can be employed for acute pain relief in emergencies. Additionally, anes-
thetic techniques are significant in managing acute and chronic pain, utilizing
methods such as epidural injections, nerve blocks, and patient-controlled analgesia
pumps to offer effective pain relief in postoperative care and for patients suffering
from chronic pain conditions.®

Evolution of Anesthetic Practices

The history of anesthetic practices dates back to ancient civilizations, where natural
substances like opium, mandrake root, and alcohol were used to ease pain during
medical procedures. During the Middle Ages, European physicians continued exper-
imenting with plant-based pain relievers.” The modern era of anesthesia began in
the nineteenth century with the introduction of more reliable anesthetic agents. A
landmark moment occurred in 1846 when ether was used as an anesthetic, marking
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the onset of widespread anesthesia use in surgery.? Following ether, chloroform
gained popularity, although its effectiveness was tempered by significant risks,
prompting the search for safer alternatives.” The twentieth century saw the introduc-
tion of nitrous oxide, known for its analgesic and calming properties, alongside the
discovery of local anesthetics like novocaine, which enabled targeted numbing
without loss of consciousness.® The development of muscle relaxants in the mid-
twentieth century further enhanced anesthesia safety and facilitated longer, more
complex surgical procedures.®

The introduction of inhalational anesthetics, such as halothane, and intravenous
agents like thiopental and propofol, improved the control of anesthesia depth and
duration, enhancing patient safety and surgical outcomes. Technological advance-
ments in monitoring—such as electrocardiograms (ECGs), pulse oximetry, and cap-
nography—have also enabled anesthesiologists to maintain patient stability during
surgery. As we entered the late twentieth and early twenty-first centuries, anesthesia
evolved rapidly. The adoption of balanced anesthesia techniques, which use combi-
nations of drugs to achieve desired effects while minimizing side effects, became
standard practice. This approach allows anesthesiologists to tailor anesthesia to
each patient, optimizing pain relief, sedation, and muscle relaxation while reducing
adverse reactions. Regional anesthesia techniques, including spinal, epidural, and pe-
ripheral nerve blocks, have provided alternatives to general anesthesia for many pro-
cedures, reducing postoperative pain, accelerating recovery times, and decreasing
reliance on opioids.'°

New anesthetic agents, including sevoflurane and desflurane, have improved safety
and efficacy, providing rapid induction and recovery times, alongside intravenous
drugs like remifentanil and dexmedetomidine.’ ' Technological innovations have further
propelled advancements in anesthesiology. Monitoring systems, such as bispectral
index (BIS) monitors, allow for real-time assessment of anesthesia depth, enabling an-
esthesiologists to adjust dosages accordingly, thus improving patient safety by mini-
mizing the risk of intraoperative awareness. Computer-assisted anesthesia systems
and robotic surgery enhance precision and control, reducing human error and
improving surgical outcomes.! Today, anesthetic practices continue to evolve, driven
by ongoing research and technological innovations, with a focus on personalized anes-
thesia, reduced side effects, and improved recovery times. The integration of artificial
intelligence (Al) systems and the development of new anesthetic agents further propel
this field, ensuring safer and more efficient care for patients undergoing surgical
procedures.

Current Challenges in Anesthetic Drug Administration

Anesthetic drug administration faces numerous challenges, ranging from patient-
specific concerns to broader systemic and technological factors. One significant issue
is the variability in individual responses to anesthesia, influenced by factors such as
age, weight, genetics, underlying health conditions, and current medications. This
variability complicates the prediction of optimal doses and types of anesthesia for
each patient, increasing the risk of underdosing, which can lead to inadequate pain
management, or overdosing, which can cause toxicity or prolonged recovery.'?
Managing anesthesia for high-risk patients —such as those with cardiovascular dis-
ease, obesity, or respiratory issues—requires tailored anesthetic plans, specialized
medications, and close monitoring to minimize complications.'® Despite advances
in anesthetic techniques, postoperative complications such as nausea, vomiting,
pain, and delirium remain prevalent. These issues can lead to extended hospital stays,
increased health care costs, and reduced patient satisfaction. Concerns about the
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long-term cognitive effects of anesthesia, particularly in elderly patients, also warrant
attention, as postoperative cognitive dysfunction and delirium present significant chal-
lenges requiring careful management and ongoing research.’

The growing use of multimodal analgesia—employing various drugs and techniques
to manage pain—adds another layer of complexity to anesthetic drug administration.
While this approach can enhance pain control and reduce opioid consumption, it also
presents challenges in managing drug interactions, dosages, and timing. Additionally,
environmental and regulatory challenges are emerging, particularly concerning the
contribution of anesthetic gases like nitrous oxide to greenhouse gas emissions.'®

ARTIFICIAL INTELLIGENCE TECHNOLOGIES IN ANESTHESIA
Artificial Intelligence in Health Care

Alis an evolving field that encompasses the development of computer systems capable
of performing tasks traditionally requiring human intelligence, such as learning,
reasoning, problem-solving, perception, language understanding, and decision-
making. In recent years, Al has transformed various industries, including health care,
by enhancing efficiency, accuracy, and personalized care.'® In health care, Al is playing
anincreasingly vital role across multiple domains, from imaging, diagnostics, and treat-
ment planning to patient management and drug discovery.'” Al algorithms, particularly
those utilizing deep learning (DL), can analyze medical images such as X rays, comput-
erized tomography (CT) scans, and MRI with remarkable precision, assisting radiolo-
gists in detecting anomalies like tumors, fractures, and infections —often with greater
accuracy and speed than traditional methods.®

Al is also revolutionizing diagnostic processes by integrating extensive datasets
from electronic health records (EHRs), laboratory results, and genetic information.™
Machine learning (ML) models can identify patterns and correlations that may not be
apparent to human clinicians, aiding in the early detection of diseases such as can-
cer, diabetes, and cardiovascular conditions. Additionally, Al systems can predict
disease progression or complications, enabling proactive and preventive care strate-
gies. Al-powered tools support personalized medicine by tailoring treatments to
individual patients based on their genetic makeup, lifestyle, and health history. Al al-
gorithms can analyze data from clinical trials, medical literature, and patient records
to recommend the most effective treatment plans, optimizing outcomes while
minimizing side effects.?® Patient management and administrative tasks are also
benefiting from advancements in Al. Natural language processing (NLP) enables Al
systems to understand and process human language, automating routine tasks like
scheduling, billing, and documentation. Virtual health assistants and chatbots pow-
ered by Al provide patients with 24/7 support, answering medical queries, reminding
them of medication schedules, and offering health advice —ultimately enhancing pa-
tient engagement and adherence to treatment plans.’® The impact of Al on drug dis-
covery and development is another growing area of importance. Al algorithms can
analyze vast datasets to identify potential drug candidates, predict their efficacy,
and optimize clinical trial designs, significantly accelerating the drug discovery pro-
cess and reducing the time and costs associated with bringing new drugs to market.
The predictive capabilities of Al can also help identify potential side effects or adverse
reactions, enhancing drug safety.

The journey of Al in health care has evolved significantly since its theoretic inception
in the mid-twentieth century. Early applications included the use of computers in med-
ical imaging, with the development of CT and MRI. The creation of MYCIN, a computer
program designed to assist in diagnosing and treating bacterial infections, marked
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one of the first practical applications of Al in health care.?’ Although limited by the
computational power and data availability of the time, this early system showcased
Al’'s potential to enhance medical decision-making, particularly in areas requiring
extensive data synthesis. The 1990s and early 2000s witnessed significant growth
for Al in health care, driven by advancements in EHRs, data collection, and ML algo-
rithms. As health care systems began digitizing patient records, Al tools increasingly
analyzed vast amounts of data, leading to the development of advanced diagnostic
tools and decision support systems. This era saw the completion of the Human
Genome Project, which mapped human DNA and advanced our understanding of
the genetic basis of diseases. Computer-aided detection (CAD) systems also emerged
during this time, assisting radiologists in interpreting medical images and identifying
abnormalities with enhanced accuracy.?' In recent years, the integration of Al in health
care has accelerated, propelled by advancements in DL and big data technologies.
DL, a subset of ML, utilizes artificial neural networks (ANNs) with multiple layers to
analyze large and complex datasets. This has led to breakthroughs in areas such as
medical imaging, genomics, and personalized medicine.??> These tools are critical
for drug discovery, enabling predictions of drug properties and activities, designing
new chemical structures, and assessing drug-target interactions.?®

Artificial Intelligence in Anesthesiology

Al technologies are revolutionizing anesthetic drug administration, enhancing patient
care through greater precision, personalization, and safety. ML employs algorithms
that learn from extensive datasets to identify patterns and inform decisions. By
analyzing historical surgical data, patient demographics, genetic profiles, and real-
time physiologic signals, ML models can predict patient responses to different anes-
thetic agents and recommend individualized dosing regimens that optimize efficacy
while minimizing side effects. ML techniques can be classified into supervised, unsu-
pervised, and reinforcement learning.?* Supervised learning trains algorithms on
labeled datasets to forecast outcomes, leveraging patient data like age, comorbid-
ities, and medication histories; unsupervised learning, on the other hand, allows algo-
rithms to detect patterns in data without predefined outcomes, such as uncovering
new patient responses to anesthetics or identifying distinct drug-response popula-
tions; reinforcement learning is instrumental in developing control systems for anes-
thesia delivery, adjusting medication dosages and anesthesia depth based on
indicators like BIS and blood pressure.?®

DL, a sophisticated subset of ML, utilizes multilayered neural networks to analyze
complex datasets. In anesthesiology, DL algorithms —particularly ANNs—are essen-
tial for interpreting real-time data from patient monitors, including electroencephalo-
grams (EEGs) and ECGs. By recognizing specific EEG patterns linked to varying
levels of consciousness, anesthesiologists can finely tune drug dosages.?® DL sys-
tems continuously monitor a patient’s consciousness and hemodynamic status,
enabling dynamic adjustments to anesthesia depth. Additionally, convolutional neural
networks (CNNs) excel in image-based tasks, aiding in anatomic identification during
regional anesthesia. Models such as recurrent neural networks and long short-term
memory networks (LSTMs) have facilitated closed-loop anesthesia systems, where
Al dynamically adjusts anesthetic delivery to maintain optimal levels with minimal
manual input.?®

NLP is another pivotal Al technology in anesthetic drug administration, particularly
for analyzing patient records, surgical hotes, and medical literature.?” NLP algorithms
can sift through vast amounts of unstructured text data to extract critical information
about a patient’s medical history, including prior adverse reactions to anesthesia,
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chronic conditions, and current medications affecting anesthetic choices. Further-
more, NLP can analyze large datasets of surgical outcomes and techniques to identify
best practices and enhance future patient care.?® The integration of Al-powered ro-
botics and automation is also being explored in anesthesiology. Al-driven robotic sys-
tems can perform precise drug delivery and patient monitoring tasks, significantly
reducing human error.?® These systems are particularly valuable in complex surgeries
where consistent drug administration is vital, thereby enhancing the precision and
safety of anesthetic drug delivery.?®

Precision in anesthetic drug dosing is essential for ensuring patient safety and the
efficacy of surgical procedures.?® Al technologies have made significant strides in
refining dosing calculations. Traditionally, anesthesiologists relied on standard for-
mulas and personal experience to determine appropriate doses, considering various
patient-specific factors like age, weight, comorbidities, and past reactions to anes-
thesia. However, these methods are often susceptible to variability and human error.%°
By systematically analyzing extensive datasets that encompass patient demo-
graphics, genetic information, medical histories, and real-time physiologic responses,
Al enhances dosing precision.?® This individualized approach to dosing is particularly
beneficial in complex cases where multiple variables must be simultaneously
balanced. Moreover, Al-driven dosing calculations can be updated in real time during
surgery, adjusting to dynamic physiologic changes and ensuring stability throughout
the procedure.®’

Traditional monitoring systems track vital signs like heart rate, blood pressure, ox-
ygen saturation, and respiratory rate, but their interpretation largely depends on the
anesthesiologist’s experience. Al has dramatically improved real-time patient moni-
toring by automating the analysis of complex physiologic data streams.?® By inte-
grating information from multiple monitoring devices, Al provides a comprehensive
view of the patient’s status and anesthetic levels, detecting trends that indicate dete-
riorating conditions long before they become critical. This capability enables earlier in-
terventions and medication adjustments, reducing the risk of severe complications
and enhancing overall patient outcomes. Additionally, Al monitoring systems continu-
ously learn from each case, refining their algorithms for increased accuracy and reli-
ability over time, which is crucial as new anesthetic drugs and techniques emerge.?®

One of the most significant advantages of Al in anesthesiology is its potential to
reduce human errors. Mistakes in dosing and administration can arise from fatigue,
stress, and the inherent complexities of medical decision-making, leading to severe
consequences.®! Studies have shown that medication errors during anesthesia occur
with a frequency of approximately 0.33% to 0.73%, with 24% of these errors resulting
in fatal outcomes.®° These preventable adverse drug events (ADEs) not only compro-
mise patient safety but also impose considerable financial burdens on health care
systems. Al can provide consistent recommendations for anesthetic dosing and
management, accurately predicting levels of consciousness and potential complica-
tions based on intricate parameters that may be undetectable to the human eye
until they become evident. By standardizing the decision-making processes across
different anesthesiologists, Al systems can reduce variability in anesthetic practice,
ensuring that all patients receive care of the highest quality.®> This standardization
not only enhances patient safety but also has the potential to alleviate the financial
strain on health care systems by decreasing the incidence of ADEs.

Al’s predictive analytics in anesthetic drug administration can significantly enhance
patient outcomes by anticipating and addressing risks before they materialize. Tradi-
tional pharmacokinetic-pharmacodynamic (PK-PD) models often fail to account for
individualized responses, resulting in discrepancies between predicted and actual
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outcomes during anesthesia induction and recovery.®' Studies utilizing DL and LSTM
networks have demonstrated improved accuracy in predicting the depth of anes-
thesia for drugs like propofol and remifentanil, surpassing traditional PK-PD
methods.3® By leveraging patient-specific data and real-time drug infusion histories,
Al models can maintain desired anesthesia levels, reducing the risk of overdosing or
underdosing and leading to more stable patient outcomes.*®

Research also showed that neural networks can predict the hypnotic effects of in-
duction boluses, yielding sensitivities, and specificities that outperform average pre-
dictions made by practicing anesthesiologists.®* Additionally, Al has been applied
to predict the likelihood of intraoperative awareness, achieving a high specificity
that could help mitigate this risk. Beyond immediate surgical outcomes, predictive an-
alytics can also enhance long-term patient care. By identifying patients at higher risk
for chronic pain or other complications postsurgery, health care providers can tailor
follow-up care plans to prevent these issues and improve overall quality of life.>® As
Al systems accumulate more data, their predictive capabilities will only improve, offer-
ing increasingly precise recommendations for dosing, monitoring, and postoperative
care.®®

Artificial Intelligence Applications in Anesthetic Drug Administration

Table 1 demonstrates various Al applications in anesthesiology drug administration,
categorized by system type. Each application is designed to enhance patient safety,
improve efficiency, and support anesthesiologists in clinical decision-making.

Clinical decision support systems presents a prominent application of anesthetic
drug administration. These systems analyze large volumes of physiologic and labora-
tory data to provide real-time guidance, helping to prevent adverse events and ensure
compliance with anesthesia protocols.*> One notable example is AlertWatch-OR, a
commercial Al system designed specifically for anesthesiology.®” It employs real-
time physiologic monitoring to identify potential respiratory and hemodynamic compli-
cations during surgery, utilizing both supervised and unsupervised ML models to
enhance its decision-making capabilities continuously. With a user-friendly interface
featuring color-coded alerts and organ system diagrams, AlertWatch-OR simplifies
the interpretation of recommendations for anesthesiologists.>’

The closed-loop anesthesia delivery system (CLADS) is an Al-supported system
specifically designed for propofol infusion. CLADS uses the BIS as a control variable,
adjusting drug infusion rates every 5 seconds based on real-time feedback to maintain
anesthesia within a desired range. Clinical trials have demonstrated the efficiency of
CLADS across diverse surgical settings, including noncardiac and cardiac surgeries,
as well as postoperative sedation and high-altitude procedures.*® Another closed-
loop system, iControl-RP, manages the infusion of propofol and remifentanil during
surgery. It incorporates neuromonitoring via NeuroSENSE, which analyzes brain activ-
ity alongside hemodynamic data, and has shown acceptable performance in maintain-
ing anesthesia depth during clinical trials.>® RUGLOOP-II also adjusts drug delivery
based on BIS feedback, achieving faster induction times and reducing the likelihood
of overshooting BIS targets compared with traditional human-controlled methods.*°
The CONCERT-CL system exemplifies another advanced closed-loop solution, man-
aging propofol and remifentanil infusion during general anesthesia. By utilizing BIS as
the primary control variable, CONCERT-CL automates drug delivery, maintaining the
patient’s BIS within a pre-set range. Clinical trials indicate that this system significantly
reduces the anesthetist’s workload while still requiring their supervision to ensure pa-
tient safety.*°
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Table 1

Artificial intelligence applications in anesthesiology drug administration

System Type

Application

Key Features in Anesthesiology Drug Administration

Clinical decision support systems
(CDSS)

AlertWatch-OR3’

Real-time monitoring for complication detection using supervised and
unsupervised ML models.

User-friendly interface with alerts and diagrams to aid anesthesiologists in
data interpretation.

Closed-loop anesthesia delivery
systems (CLADS)

iControl-RP>®

RUGLOOP-I1*?

CONCERT-CL#°

Manages propofol and remifentanil infusions using neuromonitoring and
hemodynamic data to mitigate risks of undersedation or oversedation.

Utilizes BIS feedback to adjust anesthesia depth, facilitating faster
induction times.

Optimizes propofol and remifentanil infusions using BIS, reducing
anesthesiologist workload.

Single-input single-output (SISO)
systems

Hypnosis control?’

Muscle relaxation control?”

Regulates hypnosis levels by adjusting infusion rates based on BIS
feedback.

Employs the train-of-four ratio to manage administration and dosing of
muscle relaxants.

Multiple-input multiple-output
(MIMO) systems

McSleepy*!

Integrates inputs from multiple monitoring devices to control the
administration of various anesthetic agents.
Maintains hypnosis, muscle relaxation, and analgesia.

Fuzzy Logic

Neuromuscular blocking agents*?

Manages rocuronium administration to sustain a specific level of
neuromuscular block.

Promotes faster recovery of muscle function, minimizing the risk of
prolonged paralysis postoperatively.

Hybrid sedation systems (HSS)

Transcatheter aortic valve
implantation (TAVI)*

Automatically adjusts sedation levels during TAVI procedures without
manual intervention.

Beneficial for vulnerable populations at higher risk of complications due
to oversedation.

CAD systems

ENDOANGEL*

Utilizes CNNs to monitor sedation status and provide real-time feedback.
Reduces emergency and recovery times.
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Closed-loop applications extend to single-input single-output (SISO) and multiple-
input multiple-output (MIMO) systems. SISO systems manage a single anesthetic
parameter—such as hypnosis, muscle relaxation, or analgesia—based on one input,
typically BIS or train-of-four ratio. In contrast, MIMO systems control multiple anes-
thetic parameters simultaneously. An advanced MIMO example is “McSleepy,”
which integrates various inputs to simultaneously manage the administration of pro-
pofol, remifentanil, and rocuronium. Tested in various surgical settings, McSleepy
has demonstrated superior performance in maintaining stable anesthesia compared
with traditional methods.*'

Al applications are also being utilized for more complex anesthetic needs, such as
controlling neuromuscular blocking agents (NMBAs) during surgery. Proper adminis-
tration of NMBAs is crucial for surgeries requiring muscle relaxation; however, careful
control is necessary to prevent prolonged paralysis postprocedure. A fuzzy logic
controller developed for rocuronium administration has shown enhanced stability
and precision in maintaining neuromuscular block levels, resulting in fewer fluctuations
in drug levels, which improves patient safety and facilitates quicker recovery of muscle
function.*?

Hybrid sedation systems (HSS) represent another significant advancement, utilizing
Al to automate sedation level management and reduce the need for manual adjust-
ments by anesthesiologists. Notably, during transcatheter aortic valve implantation
(TAVI) procedures, HSS dynamically adjusts sedation levels, successfully maintaining
the required sedation in 95% of cases without manual intervention.*® This capability is
particularly valuable for vulnerable patients at higher risk for complications from over-
sedation, such as respiratory depression or cardiovascular instability.**

Additionally, Al enhances quality control in anesthetic administration across various
procedures. Computer-aided detection (CAD) systems are being developed to assist
anesthesiologists with real-time monitoring and drug delivery adjustments, especially
during endoscopic procedures. For example, the ENDOANGEL CAD system is
designed to improve sedation quality in gastrointestinal endoscopy.** Utilizing CNNs
model, ENDOANGEL monitors the endoscopic process and provides real-time feed-
back on the patient’s sedation status. This system has been shown to significantly
reduce emergence and recovery times compared with standard sedation practices,
enabling anesthesiologists to make more informed decisions regarding sedation man-
agement and optimizing overall patient outcomes.**

Fig. 1 illustrates the framework for the integration of Al in anesthetic drug adminis-
tration, highlighting the various components that work together to enhance the pre-
cision and safety of anesthesia delivery. Real-time monitoring and adjustment are
vital elements, as Al continuously tracks the patient’s vital signs and responses,
enabling immediate modifications to anesthetic levels as necessary. This ongoing
monitoring helps maintain optimal conditions and swiftly addresses any changes in
the patient’s status during surgery. Additionally, Al’s predictive capabilities are
essential; it employs predictive analytics to foresee potential adverse reactions to
anesthetic drugs based on individual patient data and historical outcomes. Moreover,
effective drug interaction management plays a crucial role in ensuring the safe admin-
istration of anesthesia. By assessing and managing the potential interactions be-
tween multiple medications a patient may be taking, Al helps prevent harmful drug
interactions that could compromise the patient’s response to anesthesia. Lastly, de-
cision support systems equip anesthesiologists with evidence-based recommenda-
tions, facilitating informed decisions regarding anesthetic management. This support
alleviates cognitive load for clinicians, thereby enhancing their capacity to deliver
high-quality care.*’
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Fig. 1. Framework for the integration of Al in anesthetic drug administration.

CHALLENGES AND BARRIERS
Technical Challenges of Integrating Artificial Intelligence with Existing Health Care
Systems

Integrating Al into existing health care systems presents several technical challenges,
particularly regarding data, operability, and regulatory compliance. To realize the full
potential of Al in anesthetic practices, these factors must be addressed. Al systems
depend on large, high-quality datasets, yet the medical field is characterized by diverse
data sources stored across various systems, including EHRs, imaging data,*® and
patient-generated health information.*® Ensuring compatibility and consistency across
these disparate sources poses a significant challenge, and the data preprocessing
required—cleaning, normalizing, and structuring data for Al analysis—can be complex
and resource-intensive. Poor data quality can lead to inaccurate predictions, potentially
jeopardizing patient safety, making the integrity of the data used by Al systems
crucial.>® Moreover, safeguarding sensitive patient data while ensuring accessibility
for Al applications is a critical concern, as any breaches could have severe ethical
and legal repercussions.®’

In addition to data-related challenges, integrating Al with existing health care sys-
tems raises issues of operability and complexity. Health care institutions typically
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utilize a wide array of software systems and medical devices that may not be compat-
ible with new Al technologies, leading to potential integration difficulties and increased
costs. Successful implementation requires a deep understanding of clinical workflows
to embed Al tools seamlessly into existing systems without disrupting clinical pro-
cesses. This necessitates careful design and extensive testing to ensure that Al inte-
gration enhances rather than hinders workflow efficiency.>'

Reliability and Accuracy

While the potential of Al to enhance patient care in anesthesiology is significant, it also
raises concerns regarding reliability and accuracy. These concerns arise from the
complexity of Al algorithms, the quality of data utilized, and the interpretability of Al-
driven decisions. Al systems depend heavily on data from a range of sources,
including EHRs, patient monitoring systems, and historical medical data.®? The reli-
ability of these Al applications is intrinsically linked to the quality and completeness
of the training data; discrepancies, errors, or biases can result in incorrect predictions
or decisions, which can have serious consequences in anesthesiology. If an Al system
is trained on data that underrepresents certain demographic groups, then its perfor-
mance may suffer when applied to patients from those groups, leading to disparities
in care. Additionally, anesthesiology requires Al systems to maintain accuracy and reli-
ability under variable, dynamic conditions; a failure or erroneous output during critical
moments could have dire implications, raising substantial concerns about the
dependability of these tools.®>

Resistance to Adoption Among Health Care Professionals

Resistance to adopting Al-driven technologies among health care professionals in
anesthesiology is another notable challenge. This reluctance stems from concerns
related to data security, interpretability, and the potential impact on patient-doctor re-
lationships.>* The ethical implications of Al integration, particularly regarding data se-
curity and patient privacy, contribute to this resistance. Al systems require access to
extensive patient data, raising fears of potential data breaches and unauthorized ac-
cess. Anesthesiologists may hesitate to embrace technologies that could compromise
the confidentiality of sensitive patient information, underscoring the need for robust
data protection measures and transparent data usage policies to address these con-
cerns and foster trust in Al applications.

Moreover, the interpretability and explainability of Al algorithms are crucial. Anes-
thesiologists must trust and comprehend the decisions made by Al systems, particu-
larly regarding critical tasks such as drug dosage prediction and intraoperative
monitoring. If the rationale behind Al recommendations remains opaque, health care
professionals may be reluctant to rely on these systems, as a lack of clarity could jeop-
ardize patient safety. There is also a concern that increased Al usage might lead to the
depersonalization of care and negatively affect the patient-doctor relationship. If
health care professionals perceive Al as a potential barrier to individualized care,
then they may resist its adoption, emphasizing the importance of designing Al systems
that enhance rather than replace human judgment.®®

Cost and Resource Allocation

The implementation of Al technologies in anesthesiology entails a considerable initial
investment, necessitating health care institutions to allocate funds for software, hard-
ware, and the requisite information technology (IT) infrastructure. Additional costs
arise from integrating these systems with existing health care infrastructure, ensuring
compatibility with EHRs, and training medical staff to utilize Al tools effectively. The
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operational expenses extend beyond the initial setup, as continuous updates, mainte-
nance of Al systems, and ongoing training programs are essential to keep pace with
advancements in technology. This ongoing resource requirement presents a chal-
lenge, particularly for health care institutions operating on limited budgets.®® Further-
more, Al’s role in anesthesiology influences how other health care resources are
allocated. The integration of Al-driven care may prompt a reallocation of human re-
sources and reduce the need for certain manual tasks traditionally performed by an-
esthesiologists and support staff, potentially leading to workforce restructuring and
impacting job roles within anesthesiology departments. In the long term, the financial
implications of Al in anesthesiology will depend on balancing initial and ongoing costs
against benefits in patient outcomes and operational efficiency. Institutions that invest
in Al systems may ultimately realize a return on investment through improved patient
outcomes, shorter hospital stays, and enhanced resource management. However,
careful planning and oversight are vital to ensure that the benefits of Al adoption
outweigh the associated costs.®’

Examples of Successful Implementations of Artificial Intelligence Applications in
Anesthesia

McSleepy is an automated closed-loop anesthesia delivery system that effectively
administers anesthetic agents during surgery. This system integrates the 3 primary
components of general anesthesia—hypnosis, analgesia, and muscle relaxation—
utilizing control variables such as the BIS for hypnosis and the Analgoscore for
pain management.

In a randomized controlled trial involving 186 patients undergoing elective sur-
geries, McSleepy demonstrated superior performance in maintaining anesthesia
compared with manual administration. Specifically, it achieved excellent hypnosis
control for 47.0% of the anesthesia duration, compared with 37.3% in the control
group. Good control was maintained 34.4% of the time with McSleepy, versus
32.3% in the control group. Notably, instances of poor and inadequate control
were significantly reduced, occurring 10.8% and 7.7% of the time, respectively,
compared with 14.7% and 15.8% in the manual group. For analgesic control,
McSleepy provided excellent management for 78.7% of the anesthesia duration,
compared with 73.7% in the control group. The median performance error for hypno-
sis was significantly lower in the McSleepy group at —5.9%, indicating that the sys-
tem maintained BIS values closer to the target. The median absolute performance
error also favored McSleepy, at 11.0% compared with 15.4% in the control group.
Additionally, the time from the discontinuation of anesthesia to tracheal extubation
was significantly shorter in the McSleepy group, averaging 10.1 minutes compared
with 13.7 minutes in the control group. McSleepy made 67 adjustments per hour
for propofol and 28 per hour for remifentanil, in contrast to only 6 and 4 adjustments
per hour, respectively, in the manual group.*’

ENDOANGEL is another successful Al-assisted diagnostic system designed to
enhance anesthesia quality control during gastrointestinal endoscopy with sedation.
In a randomized controlled trial involving 154 patients, those using ENDOANGEL
experienced significantly shorter emergence times, with 57.7% recovering within 3 mi-
nutes, compared with only 36.7% in the control group. Moreover, 73.5% of patients in
the ENDOANGEL group recovered within 4 minutes, compared with 47.8% in the con-
trol group. Patient satisfaction was markedly higher in the ENDOANGEL group, with
91.2% rating their experience positively versus 80.8% in the control group. The inci-
dence of adverse events was lower in the ENDOANGEL group, with 18.42% experi-
encing complications compared with 34.62% in the control group. Notably, the
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occurrence of coughing was significantly reduced (5.26% vs 17.95%). While the over-
all usage of propofol was comparable between the groups, ENDOANGEL'’s real-time
reminders facilitated more precise anesthetic administration, leading to improved
sedation management. Anesthetist satisfaction also increased, with 87.4% in the
ENDOANGEL group expressing satisfaction compared with 71.2% in the control
group.**

Lessons and Implications

The studies of Al systems like McSleepy and ENDOANGEL have yielded valuable in-
sights into both the potential and the limitations of these technologies. Despite the
demonstrated benefits, several key lessons emerge from the challenges faced during
implementation.

A primary concern across both studies was patient safety. The potential risks
associated with Al system failures—such as incorrect drug dosing or delayed re-
sponses to patient condition changes—underscore the necessity for robust safety
protocols, including backup systems and clear guidelines for manual intervention.>8
A critical takeaway is the need to minimize risks and ensure that any errors do not
adversely affect patient outcomes, reinforcing the idea that Al should enhance safety
rather than pose new risks.** In the McSleepy study, technical failures—such as sys-
tem errors, communication breakdowns, and corrupted data files—led to the exclu-
sion of several patients, highlighting the importance of system reliability. For Al
systems to gain trust in clinical settings, they must demonstrate consistent perfor-
mance with minimal technical disruptions. Rigorous testing and validation of both
hardware and software components are essential prior to clinical implementation,
ensuring that Al systems can handle real-time data processing and decision-
making without compromising patient safety.*! The effectiveness of closed-loop
systems like McSleepy also hinges on the accuracy of control variables such as
BIS and Analgoscore. Both variables, while useful, have limitations; BIS provides
an indirect measure of anesthesia depth and can be influenced by factors unrelated
to the patient’s hypnotic state. Similarly, the Analgoscore, which relies on heart rate
and blood pressure, may not accurately reflect a patient’s pain or discomfort levels.
To enhance the effectiveness of these systems, there may be a need for multidimen-
sional monitoring tools that offer a more comprehensive view of a patient’s physio-
logic state.*

The implementation of ENDOANGEL revealed challenges in generalizing Al sys-
tems across different clinical environments, as the system’s effectiveness was influ-
enced by the skill level and experience of the anesthetists using it. This emphasizes
the necessity for comprehensive and continuous training to ensure that users can
fully leverage the Al system’s capabilities. Additionally, these Al systems should be
adaptable to diverse clinical settings and patient populations, which may require
customizing algorithms to meet specific user needs—an often complex and
resource-intensive process.** Both McSleepy and ENDOANGEL illustrate the poten-
tial of Al to enhance anesthesia management through real-time feedback and adjust-
ments. However, it is crucial to strike a balance between the efficiency of automation
and the necessity of clinical judgment. Over-reliance on Al can lead to decreased
clinician attention, especially if the system misinterprets data or fails to account for
complex clinical scenarios, posing serious risks. McSleepy’s manual override option
exemplifies the importance of human oversight, ensuring that anesthesiologists can
take control when necessary. This design principle highlights that while Al can signif-
icantly support clinical practice, it should not replace the critical thinking and
decision-making skills of trained anesthesiologists.**
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Comparison of the Traditional and Artificial Intelligence-assisted Anesthetic Drug
Administration

Table 2 compares traditional anesthetic drug administration with Al-assisted
methods, highlighting key differences and advantages of integrating Al into this pro-
cess. In traditional administration, decision-making largely depends on the anesthesi-
ologist’s experience and standardized protocols. In contrast, Al-assisted systems
leverage both historical data and real-time patterns to inform and suggest decisions,
thereby reducing reliance on human judgment alone. When it comes to drug dosing,
the traditional approach requires anesthesiologists to manually calculate and adjust
dosages. Al-assisted systems, however, offer dosing recommendations based on
continuous, patient-specific data, allowing for more precise adjustments. Monitoring
in traditional methods relies on constant oversight from the anesthesiologist, who
must manually observe and respond to changes in the patient’s condition. In contrast,
Al systems provide continuous monitoring and can predict patient responses, sug-
gesting real-time adjustments that enhance outcomes. Response times in traditional
administration depend on the anesthesiologist’s ability to recognize and react to
changes. Al systems, on the other hand, can instantly detect alterations and recom-
mend adjustments, potentially improving patient outcomes by reducing response
times. Personalization in traditional methods typically relies on basic patient informa-
tion, whereas Al-assisted administration can analyze a broader range of data,
including genetic factors and real-time vital signs, to deliver tailored care. Additionally,
traditional methods carry a higher risk of human error in drug dosing and monitoring. Al
systems aim to mitigate these errors by continuously analyzing and predicting data,

Table 2
Comparison of the traditional and artificial intelligence-assisted anesthetic drug
administration

Traditional Anesthetic Drug Al-assisted Anesthetic Drug
Tasks Administration and Maintenance Administration and Maintenance

Decision making®®  Relying on the anesthesiologist’s Analyzing historical and real-time

experience and standardized data patterns for informed
protocols. decisions.
Drug dosing®’ Manual calculation and Dosing recommendations based
adjustment. on patient data.
Monitoring?® Manual monitoring by Continuous monitoring and
anesthesiologist. prediction based on patient
responses.
Response time>? Dependent on anesthesiologist’s Immediate detection and
recognition and reaction time. implementation of drug
adjustments.
Personalization?® Based on basic patient Comprehensive analysis of patient
information. data (eg, genetics, surgical

history, real-time vitals)

Reducing error®® Potential for human error in drug  Reduced error rates due to

dosing and monitoring. continuous data prediction and
analysis.
Patient safety®’ Dependent on anesthesiologist’s Enhanced patient safety due to
skills. additional layers of monitoring
and control.

Descargado para Lucia Angulo (lu.maru26@gmail.com) en National Library of Health and Social
Security de ClinicalKey.es por Elsevier en septiembre 05, 2025. Para uso personal exclusivamente. No se
permiten otros usos sin autorizacion. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.



Anesthesiology Drug Administration

thereby increasing precision. Finally, patient safety in traditional methods largely de-
pends on the anesthesiologist’s skills. In contrast, Al-assisted systems enhance safety
by incorporating additional layers of monitoring and control through extensive data
analysis, potentially lowering the risk of adverse events. While the integration of Al
into anesthetic drug administration offers significant benefits in decision-making,
personalization, error reduction, patient safety, and the expertise of anesthesiologists
remains essential in overseeing these processes.

FUTURE DIRECTIONS
Potential Future Advancements in Artificial Intelligence for Anesthetic Drug
Administration

The future of Al in anesthetic drug administration holds transformative potential for the
field of anesthesiology. One promising area of advancement lies in the development of
Al systems, particularly ML algorithms, capable of continuously monitoring patients’
physiologic parameters during surgery and adjusting anesthetic dosages in real
time. The integration of Al with advanced sensors and monitoring devices will enhance
the understanding of critical parameters for safe anesthesia management, including
real-time assessments of heart rate variability, oxygen saturation, and EEG signals.?®

Another significant area for development is optimizing the combination of anesthetic
agents. Currently, anesthesiologists rely on established protocols and clinical judg-
ment to select and dose drug combinations. In the future, Al could analyze data
from previous cases to identify the most effective combinations and dosages for spe-
cific surgical procedures and patient profiles. This advancement would not only
enhance anesthesia efficacy but also reduce side effects and the overall consumption
of anesthetic drugs—an important consideration given concerns about drug short-
ages, dependency on pain medications, and the environmental impact of anesthetic
gases.

Furthermore, advancements in Al may pave the way for fully autonomous anes-
thesia delivery systems. With Al integration, these systems could administer and
adjust anesthesia without constant human oversight. While anesthesiologist involve-
ment would remain crucial, such systems could significantly alleviate the cognitive
burden on anesthesiologists, allowing them to focus on more complex aspects of pa-
tient care.®?

Research and Development in Anesthetic Drug Administration

Ongoing research and development are pivotal in the continuous advancement of Al
technologies in anesthetic drug administration. A key focus of current research is
enhancing the accuracy of Al algorithms. ML models require extensive training on
diverse datasets to effectively navigate the wide array of scenarios encountered in
clinical practice. Consequently, researchers are gathering and analyzing large vol-
umes of patient data—including demographic information, medical histories, intrao-
perative monitoring data, and postoperative outcomes—to train Al systems for
more precise predictions and decisions.?®

Ethical considerations also play a crucial role in ongoing research. The increasing
reliance on Al in clinical settings raises important questions about patient autonomy,
informed consent, and the potential for algorithmic bias. Researchers are exploring
strategies to ensure that Al systems are transparent and accountable, providing anes-
thesiologists and patients with clear insights into decision-making processes. This in-
cludes developing interpretable Al models for clinicians and designing systems that
actively mitigate biases arising from unrepresentative training data. Standardization
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is another critical aspect of ongoing research and development, as consistent proto-
cols are essential for the safe and effective application of Al tools across various health
care settings.

Multisector Collaborations for Anesthetic Drug Administration

The successful integration of Al into anesthetic drug administration relies heavily on
collaboration between Al developers and health care providers. These partnerships
are vital to ensuring that Al tools are not only technically proficient but also practically
applicable in clinical environments. Anesthesiologists possess invaluable insights
into the daily challenges of anesthesia management, which can guide the design and
development of complex Al systems tailored to this field. By working closely with health
care providers, Al developers can gather direct feedback on tool performance in real-
world scenarios. This feedback is essential for refining algorithms, enhancing user inter-
faces, and addressing unforeseen challenges during clinical use.®® Developers can
implement necessary adjustments based on this input prior to broader deployment.®"

Moreover, collaborations between Al developers and health care providers help
bridge the gap between research and clinical application. While Al technology has
made remarkable advances in laboratory settings, its integration into routine clinical
practice requires close cooperation. Health care providers can ensure that Al tools
align with existing workflows, minimizing disruptions and maximizing the technology’s
benefits.?° These partnerships also play a critical role in navigating the ethical and reg-
ulatory challenges associated with Al in anesthetic drug administration. Together, Al
developers and health care providers can create Al tools that respect patient rights
and comply with relevant regulations. This includes developing consent protocols
that clearly explain how Al will be utilized in patient care and establishing guidelines
for the ethical application of Al in decision-making processes. Through these collab-
orative efforts, stakeholders can ensure that the adoption of Al in anesthesiology is
both responsible and advantageous for providers and patients alike.®?

The ongoing development of Al technologies in anesthesiology requires sustained
research efforts concentrated on several key areas.® First, researchers should prior-
itize the creation of more accurate and diverse datasets to train Al systems, gathering
data that reflects a wide range of patient demographics and clinical complexities.
Addressing data quality and diversity will help mitigate bias and enhance the gener-
alizability of Al models across various populations.®® Additionally, research should
focus on the interpretability of Al systems, ensuring that models are transparent
and understandable to clinicians to build trust and facilitate effective communication
with patients. Policymakers also play a crucial role in establishing the regulatory
frameworks necessary for the widespread adoption of Al in anesthesiology. This in-
cludes setting standards for data quality, ensuring compatibility with existing health
care infrastructure, and creating guidelines for the ethical use of Al in patient
care.®® Policymakers should collaborate closely with health care providers and tech-
nology developers to develop policies that balance innovation with patient safety and
address the financial implications of Al adoption, particularly in resource-limited set-
tings.®”-%® Health care practitioners, particularly anesthesiologists, must take an
active role in the adoption and integration of Al technologies. Their feedback on
the challenges posed by Al systems in clinical settings is invaluable.®® By committing
to ongoing education and training in the use of Al tools, anesthesiologists should
engage with Al systems as active participants in their development. They should
advocate for the ethical use of Al, ensuring that patient care remains personalized
and that Al integration does not compromise the patient-doctor relationship.?® This
involves being transparent with patients about how Al is utilized in their care and
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ensuring that Al-driven decisions are always subject to human oversight.”® By
remaining involved in the development and maintenance of these Al systems, health
care practitioners can help strike a balance between leveraging Al’s technological ca-
pabilities and preserving the essential human elements of health care.””

SUMMARY

The integration of Al into anesthetic drug administration marks a transformative shift in
modern health care, enabling advancements in precision, safety, and efficiency that
traditional methods cannot achieve. Al systems are capable of predicting optimal
drug dosages, monitoring patient responses in real time, and dynamically adjusting
anesthetic levels throughout procedures. These capabilities significantly reduce the
risk of human error, standardize practices across different clinicians, and minimize
variability in patient outcomes. As Al technology continues to evolve, we may see
the emergence of fully autonomous anesthesia systems, which could further alleviate
the cognitive load on anesthesiologists while enhancing the precision and safety of
anesthetic care. However, it is essential to recognize that Al should not be viewed
as a replacement for human expertise. Anesthesiologists will remain crucial in over-
seeing anesthesia administration, using Al as a tool to augment their decision-
making capabilities rather than supplant them.

The successful implementation of Al in anesthesiology relies on ongoing collabora-
tion among Al developers, health care providers, researchers, and policymakers. Al de-
velopers must partner closely with anesthesiologists to ensure that these systems
address the practical needs of clinical environments. Meanwhile, researchers should
focus on tackling the technical and ethical challenges posed by Al in health care, and
policymakers must establish regulatory frameworks that foster innovation while
ensuring patient safety and equitable access to Al technologies. With continued
research, development, and collaboration, Al has the potential to revolutionize anesthe-
siology, making surgeries safer, more efficient, and tailored to individual patient needs.
However, the success of Al in this field hinges on addressing critical challenges,
including data quality, technical integration, and ethical concerns, while preserving
the essential role of human expertise in patient care. By overcoming these obstacles,
medical providers can harness the benefits of Al in anesthetic drug administration, lead-
ing to improved patient outcomes and a more advanced health care system.

CLINICS CARE POINTS

Artificial intelligence (Al) systems have the potential to enhance the precision of drug dosing
and monitoring, leading to better patient safety and reduced complications during
anesthesia.

e Continuous and comprehensive training for anesthesiologists is essential to effectively utilize
Al tools and ensure they complement clinical judgment.

The effectiveness of Al systems may vary across different clinical environments, necessitating
customizable algorithms to fit diverse practices and patient populations.

e While Al can improve efficiency, maintaining human oversight is crucial to mitigate risks
associated with over-reliance on automated systems.

The integration of Al in clinical practice raises important ethical questions regarding patient
autonomy and informed consent, requiring careful attention from policymakers and health
care providers.
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