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ABSTRACT: Of all surgeries, heart surgeries are considered to pose a higher risk of surgical errors due to the intricacies of the
heart’s anatomical structures, surgical complexities, the critical nature of procedures, and stress on the surgical team. In this paper,
considering the significant impact of artificial intelligence (Al) on enhancing patient outcomes in healthcare, we explore Al’s
potential in reducing errors in heart surgeries. To that end, we reviewed recent papers on the intersection of artificial intelligence
and heart surgeries. We analyzed their efficiency in reducing surgical errors and their promise to mitigate the risks involved
in cardiac surgeries. Large language-based surgical assistants, such as CARES Copilot 1.0 and ChatGPT, are cost-effective
solutions for underprivileged areas with high demand for cardiac surgeries because they enhance surgical outcomes, shorten ICU
and hospital stays, and thus give opportunities to other patients awaiting surgery. At the same time, despite reducing surgical
errors and improving patient outcomes, Al has some limitations, including hallucinations, biases in training data, threats of job
displacement, and high deployment costs, especially for robotic surgeries and fine-tuning large language models, all of which
remain significant barriers to Al’s adoption, requiring further research.
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B Introduction

Heart surgery, also known as cardiac surgery, is a medical
procedure that doctors use to treat diseases affecting the heart
and its blood vessels. The surgeries include repairing defects
in the heart, repairing damaged blood vessels, replacing heart
valves, and removing blood clots from veins." Access to heart
surgeries is costly and not easily accessible globally. Currently, 6
billion people worldwide do not have access to cardiac surgical
care.? This is even worse for middle- and low-income coun-
tries. In Ethiopia, there are only five cardiac surgeons serving
120 million people, and more than 15,000 patients are on the
waitlist for surgery.> Al systems can play a potential role in
improving the accessibility of cardiac surgical care through in-
tegration with the entire treatment process, allowing surgeons
to perform intricate surgeries in less time with high precision
and accuracy.

Medical errors can occur in several forms, including surgical,
diagnosis, medication, equipment, patient identification, test-
ing, and transfusion errors.* Among those errors, surgical errors
are the most damaging and the costliest. They have harmful
effects on patients, including temporary or permanent dam-
age and even significant mortality rates.” This affects not only
the patients but also their families, burdening them financially.
Surgical errors can happen during preoperative, operative, and
postoperative processes. Like other complex surgeries, heart
surgeries are considered to pose a higher risk of surgical er-
rors due to the intricacies of the heart’s anatomical structures
and surgical complexities. Reducing surgical errors is neces-
sary to mitigate mortalities and unnecessary costs related to
prolonged hospital stays and reoperations. One of the early

measurements used to reduce surgical errors in cardiac sur-
geries was the Institutional Coronary Artery Bypass Surgery
Checklist (the InCor-Checklist), which significantly decreased
the mortality rate after surgery from 8.2% in 2013 to 3.1% in
2019.6 Integrating the InCor-Checklist with artificial intelli-
gence will help ensure necessary steps during cardiac surgeries
are followed properly. The integration can even decrease the
mortality rate and improve the procedure’s overall safety and
efficiency.

Al and machine learning can be used in heart surgeries
during the entire treatment process, from preoperative, re-
al-time surgical monitoring to postoperative predictions. Al
assistant copilots can help cardiovascular surgeons plan com-
plex surgeries using 3D models of the heart and surrounding
organs to analyze defects and damaged areas. During cardio-
vascular surgeries, Al can continuously monitor patient data,
such as blood pressure and heart rate. If any sudden changes
occur, Al can track them and alert the surgical team to ad-
just treatment, assisting the surgeons in making better and
informed decisions. In the postoperative stage, Al helps detect
complications through medical imaging before they become
severe, leading to shorter recovery time and better patient
outcomes.' Other applications of Al focus on aiding robotic
surgeries in performing complex procedures under surgeons’
supervision. This reduces surgical errors and enhances surgical
performance. Applications of Al are not limited to only en-
hancing cardiac surgical accuracies but also avoiding untimely
deaths by improving the medication system. According to the
European Union study, 1.7 million people aged less than 75
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This is due to the lack of proper medical knowledge and tech-
nology.” From these deaths, heart-related diseases take the first
place, with more than 180,500 preventable deaths, or 32% of
total avoidable deaths. The study indicates that implementing
Al and technology in medication can significantly reduce such
preventable fatalities by improving early detection, diagnosis,
and treatment.

Chan and colleagues analyzed data from the Australian
and New Zealand Audit of Surgical Mortality (2009-2015)
to identify clinical management issues affecting cardiothorac-
ic surgical care. Nine hundred-eight cases were identified of
those 769 that were cardiac-related and determined to have
at least one clinical management issue. The analysis included
the three most common cardiac surgery procedures: coronary
artery bypass grafting, aortic valve replacement, and mitral
valve surgery. Of the reported clinical management issues,
47.4% were probably preventable, and 17% were definitely
avoidable. These numbers indicate that 64.4% of CMIs were
likely preventable if the necessary measurements were taken,
particularly for those involving technical issues.® The most
common preventable CMI for cardiac surgeries was found
to be technical issues. These technical issues in intraoperative
phases may include but are not limited to, unintentional injury
to surrounding anatomical structures, inadequate myocardial
protection, and the wrong surgical approach, especially per-
formed by junior trainee surgeons with insufficient supervision.

Technical issues occurring during intraoperative phases and
other issues that arise in postoperative phases can be addressed
with the augmentation of surgical procedures with Al. By
leveraging the capabilities of Al such as predictive analytics
for forecasting potential complications, real-time monitor-
ing, decision support, and anomaly detection, it is possible to
prevent intraoperative and postoperative issues. According to
Chan ¢ a/® and The Michigan Society of Thoracic and Car-
diovascular Surgeons’ analysis of mortality in cardiac surgical
cases, postoperative phase clinical management issues were the
most contributor to mortalities, followed by preoperative and
intraoperative issues. It is possible to prevent these issues with
improved clinical management practices and appropriate in-
terventions. Postoperative issues such as communication issues
and inadequate patient monitoring can be addressed through
advanced training focusing on interdisciplinary collaboration,
which can improve communication and teamwork skills in
surgical settings.'>™

The integration of large language models (LLMs) in sur-
gical assistants alongside robotic surgery can significantly
enhance the accuracy of cardiac procedures by providing re-
al-time evidence-based guidance, personalized surgical plans,
intraoperative monitoring, and predictive analytics for com-
plications during surgery. LLMs' capability to assist surgeons
by offering them precise recommendations, flagging poten-
tial complications, and optimizing surgical procedures can
ultimately streamline workflows and improve patient safety
throughout the surgical process. With a combination of sur-
gical robotic systems, LLLMs enhance precision and support
minimally invasive approaches, leading to less tissue trauma,
faster recovery times, and a reduced risk of infections for cardi-

ac patients. Overall, the synergy of Al-based surgical assistants
and robotics holds immense potential in improving both the
safety and efficiency of surgical procedures, leading to better
long-term outcomes.

While numerous studies have explored the impact of robot-
ic-assisted cardiac surgeries on enhancing surgical outcomes,
the integration of LLMs in cardiac surgeries is in its nascent
stage and remains unexplored. This work demonstrates that
integrating robotic systems and LLMs with cardiac surgeries
can help reduce surgical errors and improve surgical outcomes.
We first define artificial intelligence and its applications in
surgical procedures. We then discuss robotic-assisted surgery,
how it works, its historical background, and the benefits it
brings to surgeons and patients. Then, we compare mortality
rates, cost, duration of surgery, intensive care unit (ICU) stay,
length of hospital stay, and complications for robotic-assisted
and nonrobotic cardiac surgeries. Subsequently, we introduce
two large language model-based systems (1) ChatGPT and
(2) CARES Copilot 1.0, and discuss how they can be used
in surgical procedures during preoperative, intraoperative, and
postoperative phases of surgeries. Additionally, we examine
the challenges and limitations of the systems preventing their
widespread adoption in surgical procedures. Lastly, we outline
our conclusion and discuss future research.

Atrtificial Intelligence in Cardiac Surgery:

Artificial intelligence (Al) is a system that models human
reasoning to solve a wide array of problems, from simple tasks
such as recognizing text and speech to complex tasks such as
large-scale data analysis and performing intricate surgeries.”
Al systems extensively use large datasets in their training
process to make predictions and draw conclusions based on
patterns in the sample training data. In today's world, Al is
integrated into our daily activities, helping users complete
tasks more efficiently. In the medical industry, Al systems
are improving the efficiency and efficacy of clinical out-
comes. Within surgery, Al and machine learning algorithms
are employed throughout the surgical process, from planning
operations to predicting postoperative complications.”® Ad-
ditionally, Al algorithms help develop personalized surgical
plans by considering individual patient data, such as medical
history and genetic information. This benefit enables surgeons
to tailor surgical plans for each patient, lowering the risk of
complications.

1. Robotic-assisted cardiac surgery:

Robotic surgery is often considered as a robot performing
surgical procedures autonomously without human interac-
tion; however, the robots are guided by surgeons to perform
complex surgeries with high precision. Robotic surgery is a
minimally invasive surgery that uses robotic systems, which
consist of a console where the surgeon sits and controls the
robotic arms, equipping tiny surgical tools through the joy-
sticks that translate the surgeon’s hand movements into highly
accurate actions by the robotic arms.™ The robotic arms can
make precise movements with tiny incisions, reducing pain,
less tissue damage, less blood loss, less scarring, faster recovery
times, and fewer risks. The system uses a high-definition cam-
era, providing a magnified and enhanced view of the surgical
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site. The Da Vinci® Surgical System by Intuitive Surgical, Ion
by Intuitive Surgical, and Mako by Stryker are the most com-
mon surgical robotic systems.’® Several procedures use robotic
surgical systems, including cardiologic, colorectal, urologic, gy-
necologic, thoracic, head and neck (transoral), metabolic, and
intra-abdominal surgery.* Numerous studies have indicated
that robotic-assisted cardiac surgeries offer significant bene-
fits, including reduced hospital stays and fewer complications
than non-robotic surgeries.'®

In 1995, Intuitive Surgical manufactured the da Vinci® sur-
gical system (Figure 1) in California, which uses a minimally
invasive approach for complex surgeries. Approved by the Food
and Drug Administration (FDA), the da Vinci® surgical sys-
tem was initially developed for cardiac surgeries but has since
been deployed in various types of surgeries, including urologic,
gynecologic, pediatric, colorectal, and general surgeries.”” On
May 7, 1998, using the da Vinci® surgical system, Carpentier
and Loulmet performed the first open-heart robotic cardiac
surgery, an endoscopic aortocoronary bypass, in Paris to re-
pair an atrial septal defect via mini-thoracotomy.'® Because of
the success of the surgery, it opened a new era of using robots
in open-heart cardiac surgeries. More than 750,000 surgeries
have been performed using the da Vinci® surgical system’
since its approval from the FDA in 2000, enhancing surgical
procedures and producing better patient outcomes. It has been
more than 25 years since the first robots entered the surgi-
cal world, but their adoption in cardiac surgery has been slow.
This situation was due to skepticism and resistance to change
within the surgical community since there were failed early
operations and the high costs of surgical robotic systems and
their maintenance costs.”* Heart transplantation, transcathe-
ter aortic valve replacement (TAVR), aortic stenosis, coronary
artery bypass graft (CABG), postoperative atrial fibrillation
(POAF), and robotic mitral or tricuspid valve surgery are the
most common cardiac surgeries where robotic procedures are
utilized. 1>

da Vinci §*

Figure 1: The da Vinci® surgical system

In comparisons of outcomes of robotic-assisted procedures
versus traditional cardiac approaches, the observed differ-
ences are significant, especially for mitral valve surgeries and
coronary artery bypass grafting (Table 1). One of the few con-
sistent findings from the various extant studies has been the
fact that robotic-assisted procedures register much lower rates
of all-cause mortality and fewer complications of any kind

compared to non-robotic surgery. Chi ez al*® and Coyan ez

al?* found that the mitral valve procedures with the use of
robotics resulted in a 0% mortality, while with conventional,
non-robotic surgeries, the mortality rates were much higher.
Hawkins ez a/** and Wang e# al** also reported that robotic
surgery, as compared to conventional surgeries, reduces the du-
ration of both ICU and hospital stays. This means that robotic
interventions are associated with better chances of recovery.
Although these robotic procedures could consume more oper-
ative time (Hawkins e a/.,),? total patient outcomes, especially
in recovery and complications associated with each procedure,
depict a considerable advancement.

While robotic surgery is associated with significant benefits,
it is not without its limitations. Importantly, numerous stud-
ies have revealed that the length of hospital stays and ICU
stays don't reduce significantly compared to conventional
methods (Chemtob ez al.,; Yanagawa ez al.,).*>** While few-
er complications are evident following robotic surgery than
conventional procedures, according to studies conducted by
Yanagawa ef al*® and Hawkins e# al.,®> complications can
arise. These mixed outcomes can be attributed to the precision
of the robotic equipment and the learning curve associated
with implementing and handling robotic systems. With that,
even though robotic-assisted cardiac operations have proved
to be effective in many ways—such as reduction in mortality
and improvement in most aspects of recovery—there are still
elements in this technology that require improvement to elim-
inate variations in surgical efficiency and reduce problems.

Table 1: This table summarizes all-cause mortality rates, complication rates,
intensive care unit (ICU) stays (mean hours), and length of hospital stays
(LOS, mean days) of robotic-assisted and conventional (non-robotic) cardiac
surgeries, including coronary artery bypass grafting (CABG), mitral valve
repair/replacement surgery (MVS), and general cardiac surgeries.
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The costs of robotic-assisted and nonrobotic cardiac surgical
procedures were compared across different surgical procedures
(Table 2), including coronary artery bypass grafting (CABG),
mitral valve surgery (MVYS), aortic valve surgery, and cardiac
vessel surgery. Yokoyama ez al.)*” and Dokollari ez a/.*® com-
pared the costs of robotic-assisted and non-robotic CABG
surgeries. The costs of robotic cardiac surgical procedures were
significantly lower than non-robotic surgeries with an approx-
imate decrease in costs of $4,879 for Yokoyama and $16,854
for Dokallari respectively (Yokoyama and Dokollari). Particu-

larly, Dokollari and colleagues' recent data indicated definite
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financial benefits from robotic-assisted CABG surgeries. In
some studies, the decreased cost associated with robotic proce-
dures is due to fewer complications, transfusion requirements,
readmission rates, hospital ICU stays, and hospital stays.'®*
For example, Alemozaffar ez al** compared hospital costs
associated with laparoscopic and robot-assisted partial ne-
phrectomy. The robotic-assisted surgery resulted in shorter
operating room time and length of hospital stays, decreas-
ing the mean costs with better patient outcomes.”” However,
research by Coyan ez al.,”® Paul e al.,* and Suri ez a/.*' demon-
strates that total costs between robotic and conventional MV'S
are less pronounced and comparable. In contrast, Yanagawa ez
al?® reported higher costs for robotic surgeries across several
cardiac procedures including aortic valve, mitral valve, and car-
diac vessel surgeries. The differences were as high as $4,280
for the mitral valve, $4,943 for the cardiac vessel, and $3,788
for the aortic valve surgeries, which were significantly higher
as compared to nonrobotic procedures. This suggests that the
cost-effectiveness of robotic-assisted surgeries may vary based
on the specific procedure either mitral, CABG, aortic, or over-
all procedures depending on their cost, with some of the cases
favoring the non-robotic methods. Overall, data suggests that
while robotic-assisted surgeries can be more cost-effective in
specific cardiac surgery types like CABG, this is not necessar-
ily true for all cardiac procedures.

Drawing meaningful conclusions from the cost comparison
of robotic to non-robotic surgery is challenging for multiple
reasons. It is difficult to quantitatively evaluate whether the
decrease in complications and shorter ICU and hospital stays
offset the costs of robotic-assisted cardiac surgeries.”” Most of
the studies did not consider the initial capital investment of
robotic equipment, maintenance, implementation period, and
direct technical hospital costs. Additionally, factors such as
the impact of improved ergonomics on surgeon longevity and
shorter intervals between surgery and the patient's return to
productive employment should be considered in cost compari-
sons. In the previous section of the paper, we reviewed the role
of robotic-assisted surgery in reducing cardiac surgical errors.
In the next section, we will discuss LLM-based surgical assis-
tants and how they can be integrated into surgical procedures.

Table 2: This table summarizes the costs of robotic-assisted and
conventional (non-robotic) cardiac surgeries, including coronary artery bypass
grafting (CABG), mitral valve repair/replacement surgery (MVS), and
general cardiac surgeries. Costs are presented in US dollars.

-

. | Yokoyama etal?” | 2021 | 7355 | 1,204,125 | CABG 41317 46,196

2. | Dokollari et al.® | 2023 | 267 267 CABG 18,726 35,580

3. | Coyan etal® 2018 |91 91 MVS 27,662 28,241 0.27

4. | Paul etal.® 2015 | 3,145 | 47,263 MVS 33,720 34,509 0.44

5. | Surietal 2013 | 185 185 MVS 32,144 31,838 0.32

6. | Yanagawa etal® | 2015 | 5199 | 10331 Aortic Valve 42,366 38,578 0.006

Mitral Valve 43,099 38,819 <0.001

Cardiac
Vessel

43521 38,578 <0.001

Notes. CABG = coronary

valve surgery.

artery bypass grafting; MVS = mitral

2. Large language model-based systems in cardiac surger-
ies:

Beginning from the introduction of machine learning con-
cepts by Alan Turing in 1950, Al has dramatically evolved
over the past seven decades. The invention of transformers like
Bidirectional Encoder Representations from Transformers
(BERT) and self-attention culminated in the development of
natural language processing. Using these transformers, espe-
cially BERT, was pivotal in the advancement of LLMs that
generate coherent and well-structured texts.*? Large language
model evolution has now reached the era of GPT-4, Llama,
and other models with multibillion parameters, making them
capable of processing large amounts of reasoning tasks with
higher computational capabilities.

Large language models are computational models that can
understand and generate human-like language based on in-
put by predicting the likelihood of word sequences.* They
are trained on in-context learning to generate text based on a
given context or prompt, making them generate coherent and
contextually relevant responses with great accuracy.** LLMs
can learn from mistakes using reinforcement learning from
human feedback—a machine learning technique involving
fine-tuning the model using human-generated responses as
rewards based on their responses.”® This improves the mod-
el's performance in generating accurate text. GPT-4, Claude,
BERT, Llama 3.1, and Gemini are examples of language mod-
els. LLMs have a wide range of applications, including but
not limited to natural language processing tasks like content
summarization, translation, reasoning, sentiment analysis, and
question answering, as well as synthesizing large amounts of
data, content creation, and automating services. Furthermore,
the impact of LLMs extends to diverse fields, such as law,
medicine, robotics, social sciences, computational biology, and
so on.”® In the following sections, we will explore the applica-
tions of two LL.M-based surgical assistants in cardiac surgeries
and how they help mitigate surgical errors.

A. Applications of ChatGPT in Cardiac Surgery:

ChatGPT is a large language model launched by OpenAl
in November 2022 that uses GPT (generative pretrained
transformer model) technology, which plays significant roles
in several industries. GPT models are developed to generate
human-like responses for tasks such as summarizing texts and
answering questions.35 The medical industry uses ChatGPT
to support medical education, summarize patient diagnosis
reports, keep healthcare providers updated with the latest re-
search, and assist with telemedicine.* ChatGPT evidently has
the potential to enhance the medication process and assist car-
diac surgeons.

ChatGPT has the following potential applications in heart
surgery:

1. Preoperative planning and surgical simulation: Heart
surgery is complex and requires meticulous planning, prepara-
tion, and risk assessment. ChatGP'T can help with preoperative
planning by summarizing patients’ medical histories, genetic
histories, and electronic health records to provide the surgical
team comprehensive understanding of their conditions and
potential risk factors. This helps decrease the time that surge-
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ons commit to a single patient and allows them to see more
patients who are requesting their services than they otherwise
could. ChatGPT can also be used in surgical simulations to
train surgeons, visualize surgical scenarios in advance, and pre-
dict potential complications.*’

2. Intraoperative monitoring: ChatGPT can monitor pa-
tient data in real-time, including heartbeat, blood pressure,
anesthesia levels, and blood loss. This provides surgeons with
opportunities to spot anomalies in the surgery and readjust op-
eration procedures. Another surgical error that ChatGPT can
help with is administering the correct anesthesia dose by ana-
lyzing empirical patient data, such as age, weight, allergies, and
anesthesia records. This helps anesthetists respond efficiently
to the risk of complications such as overdosing, underdosing,
or adverse reactions.>”%®

3. Decision-making support: Instantaneous decision-mak-
ing is critical during surgery. Surgical teams can use ChatGPT
to make informed decisions founded on recent research that is

less resilient on personal experiences. This can reduce surgeons’

cognitive biases that may be caused by a lack of necessary in-
formation such as patient medical history, surgical risk factors,
and best practices and guidelines, which can influence surgery
outcomes.>*

4. Education and training: Large language models, such as
ChatGPT, are crucial learning tools for students. ChatGPT is
trained on many textbooks, literature, and internet data, so it
can answer questions for surgeons with high accuracy, depend-
ing on the most recent information available to it. Trainees
can access extant surgical case studies and step-by-step proce-
dural guides using ChatGPT’s platform. In medical research,
ChatGPT can be used to analyze medical records to predict
patient outcomes and support personalized medicine research
via its ability to help researchers develop medications that are
tailored to an individual’s specific circumstance, leading to bet-
ter patient outcomes.*!

5. Postoperative care: Postoperative care is crucial in help-
ing patients recover completely.*®* Insufficient or poorly
managed postoperative care can result in complications for
patients. ChatGPT can help doctors develop comprehensive,
personalized rehabilitation plans for postoperative patients and
choose appropriate medications. ChatGPT’s postoperative
roles include scheduling doctors’ appointments, identifying
patient symptoms and recommending treatments or therapies,
medication reminders with the appropriate doses and possi-
ble side effects, providing instant advice to patients as needed,
scheduling virtual follow-up consultations, and helping doc-
tors with the documentation and reporting processes.*

To use ChatGPT in surgical practices, it is necessary to
fine-tune the model with domain-specific surgical data, expert
feedback from cardiologists, and up-to-date medical guide-
lines and protocols. Fine-tuning means training pre-existing
models on a specific dataset to enhance their performance
in a particular domain. Instead of training a new model for a
specific task, fine-tuning provides a cost-effective approach to
leverage pre-acquired knowledge of base models, like GP'T and
Llama.* Fine-tuning ChatGPT for surgical procedures can
provide surgeons with more accurate information on surgical

techniques, best practices, and guidelines while minimizing er-
rors and inaccurate responses, leading to improved patient care.
However, the cost of fine-tuning became a significant chal-
lenge to its adoption. Additionally, biases on ChatGPT related
to surgeries are a big concern, leading to misdiagnosis, dis-
parities in treatment recommendations, and potential harm to
patient safety.’” Anothersignificant challenge of ChatGPT
and other LLMs is hallucinations—inaccurate, misleading,
fabricated, or contextually irrelevant information generated
by large language models. Hallucinations occur due to the
model's reliance on the patterns learned during the training
rather than access to real-time and verified information. This
can lead to substantial complications and risks, especially in
medicine, if not addressed effectively. Furthermore, the inabil-
ity to understand patients' sentiments' is another limitation of
Al models. As they only consider patients' quantitative data,
their emotions, and psychological status are not considered,
negatively impacting the overall treatment process.** In this
section, we discussed the potential applications of ChatGPT
in heart surgeries. In the next section, we will discuss CARES
Copilot 1.0, a large language model specifically developed to
assist surgeries.

B. CARES Copilot 1.0: The Game-Changing Al Surgi-
cal Assistant:

CARES Copilot, officially launched globally at the Huawei
CONNECT conference 2023, aims to improve the safety and
efficiency of surgical operations. CARES Copilot 1.0 (Figure
2) is an advanced large language model-based surgical assis-
tant developed by the Centre for Artificial Intelligence and
Robotics (CAIR). Based on Meta Platforms Inc.'s Llama 2.0
large language model, CARES was trained and fine-tuned
on over 3,000 pages of literature and optimized by surgical
professionals.*™*” Tt outperformed medical exams, achieving
state-of-the-art performance. According to the CARES Co-
pilot 1.0 research team, the copilot was rigorously tested using
a challenging zero-shot top token selection standard (output
selection strategy) across five public datasets and two propri-
etary neurological knowledge evaluation datasets.*® With the
ability to handle more than 100,000 tokens, CARES Copilot
can rapidly understand surgical textbooks and medical doc-
uments within seconds and generate accurate answers.*”*°
Its integration with medical devices and capability to process
multimodal surgical data—including images, text, voice, video,
MRI, ultrasound, and CT scans—makes it an ideal solution
for complex surgeries like heart surgeries, boasting an impres-
sive 95% accuracy rate as tested on brain surgeries in more
than seven hospitals across Hong Kong and the Greater Bay

&

What can you do with CARES Copilot

Figure 2: CARES Copilot 1.0 Chatbot. Extracted from "CARES
Copilot,"* https://www.cares-copilot.com/ (accessed August 24, 2024).
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CARES is considered the world's first real-time simulator
for neurosurgery. With real-time brain-instrument interac-
tion, CARES can simulate brain surgeries to enhance surgical
precision, reduce errors, provide a risk-free training process
for surgeons, and increase the confidence of the surgical
team while reducing stress.* Another significant advantage
of CARES is its lightweight private deployment capability,
which facilitates its use in hospitals and surgical rooms. Its easy
deployment makes CARES a potential solution for low- and
middle-income countries, where many patients are waiting for
enhanced and safe cardiac surgical care.

CARES Copilot Trustable and Explainable Al for Surgery

Description of
Tool Operations

Clinical

Expert
Feedback

-5

2 B

= Bl

Figure 3: CARES Copilot 1.0: A Trustworthy and Explainable Al
Framework for Enhancing Surgical Decision-Making and Outcomes.
Extracted from "Multimodal Al Large Model,"s! https://www.cair-cas.org.
hk/articles/ai (accessed August 24, 2024).

At the preoperative stage, CARES uses various cameras
to monitor medical staff and ensure all pre-operation prepa-
rations are complete. (Figure 3 shows the overall CARES
Copilot framework, while Figure 4 illustrates its integration
into surgical procedures.) During operations, CARES uses
endoscopy video to track surgical progress and simulate tool
and tissue segmentation.*’ The system leverages computer vi-
sion and deep learning techniques to support decision-making
during surgeries. By integrating endoscopy and Al, CARES
tracks every step of the surgical procedure and provides sur-
geons with detailed real-time feedback and operational
reminders, warning surgeons from taking risky procedures to
enhance precision and reduce the likelihood of errors. Despite
its capabilities, researchers want CARES Copilot to take more
active roles during surgeries and develop more reliable ones
that doctors can rely on. However, the lack of access to the
cutting-edge Nvidia's advanced chips restricted its computing
power and expansion to more advanced surgeries, hindering its
development.*®

[ )
[y &)

| CARES Copilot
| Foundation Model

e and oo CAR) o Kong

Figure 4: Overview of CARES Copilot Foundation Model Integration
in Surgical Procedures. Extracted from "Multimodal AI Large Model,"
https://www.cair-cas.org.hk/articles/ai (accessed August 24, 2024).

Limitations of AI-Enabled Systems in Cardiac Surgeries:

Artificial intelligence systems in healthcare usually use
automated decision-making techniques, including machine
learning, natural language processing, and convolutional neu-
ral networks to perform tasks in the clinical setting, which
usually require human intelligence. These systems also use
huge amounts of data to provide the best outcomes, making
them highly reliant on the model training data. Based on these
techniques, Al chatbots and surgical robots are continuously
helping surgeons make well-informed decisions during surgi-
cal procedures while minimizing significant amounts of time
and clinical errors. Al assistants are also potential solutions
for places where there is a scarcity of resources and educated
experts in the surgical field. Their capability of saving the time
and energy to perform experiments requires huge amounts of
research literature that is probably beyond individual exper-
tise.>?

Although its utility is apparent, the application of Al in
medicine has been the point of contention among many scien-
tists.>® Some justify using Al to support efficient and effective
diagnosis and guide appropriate treatment. The proponents
of the use of Al in medicine endorse the use of Al based on
its ability to store vast amounts of data that can subsequently
be analyzed to suggest proper diagnosis and treatment. Other
researchers and medical doctors do not agree with the current
application of Al in medicine. Some opponents are concerned
that, in the future, Al is going to take over from a medical prac-
titioner by reducing his or her potential to practice medicine
using a humanistic touch.” Instead of adopting Al to create
diagnosis and treatment, opponents argue that Al is intended
to supplement medical decision-making where the final deci-
sions are made by the human practitioner. But for others, Al
is perceived to be a threat to medicine and the treatment of
patients. Some of the limitations of Al include hallucinations,
biases, job displacement, and ethical concerns, preventing their
wider application in the surgical setting. In this section of the
paper, we will discuss the two most significant limitations of
Al-enabled systems: hallucinations and biases in cardiology
and healthcare as a whole.

1. Hallucinations

What is an Al hallucination?:

Al hallucination, as defined by ChatGPT-4 (August 7,
2024),

“An Al hallucination occurs when an artificial intelligence
model generates information or statements that are plausi-
ble-sounding but factually incorrect, misleading, or entirely
fabricated. These errors can appear in various forms, such as
false facts, imaginary sources, or nonsensical responses that
seem coherent at first glance. Al hallucinations are more com-
mon in complex tasks, like language generation, where the
model "guesses" rather than retrieves or calculates the exact
answer. These hallucinations typically arise because Al mod-
els generate responses based on patterns in data rather than
true understanding. The Al's algorithms prioritize producing
contextually relevant and syntactically correct responses, which
can sometimes result in convincing but erroneous outputs.”
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One of the biggest concerns with modern large language
models is their tendency to produce hallucinations. Al halluci-
nations are instances where erroneous, delusional, or fabricated
responses that are not based on any information or data on
which the models are trained.** Recently, ChatGPT has hallu-
cinated by generating fake legal opinions, which led a law firm
to get into trouble for submitting these fabricated claims.**%

In 2023, Aljamaan ez a/** challenged medical AI chatbots
with medical prompts (inputs) and reported a reference hal-
lucination score (Table 3), aiming to evaluate the authenticity
of Al chatbots’ citations. Hallucinations were observed in all
parts of the references, including article title, journal name,
author name, DOI (Digital Object Identifier), and reference
web link. These results imply that chatbots are likely to gen-
erate irrelevant, inaccurate, or nonexistent references when
asked about complex medical topics. Among the chatbots
examined, ChatGPT (GPT-3.5) and Bing were reported to
have the highest reference hallucination score of 11, which
reflects worse performance compared to other chatbots, such
as SciSpace and Elicit, which have a score of 1. ChatGPT’s
performance in reference generation raises concerns about its
application, particularly in education, the training of surgeons,
and medical research.

Table 3: Reference Hallucination Scores with Bivariate Analysis of the
Artificial Intelligence Chatbots. Adapted from Aljamaan ez a/3?

Reference identifier ChatGPT Perplexity SciSpace Elict  Bing  Chisquare @) P value
2314 (4)
26126 (4)
249.4 (4)
3411 (4)
199.9 (4)
2314 (4)

10.77 (4) .03

Title 82 41 <.001
<.001

<.001

Digit Object Identifier 89 7
Journal name 83 56
<.001

Publication date 88 48

0
8
0

Authors’ names 89 74 0 0 65
0 <.001
3

Reference web link 84 49 <.001

Reference relevance to topic prompt 77 63 60 58 50

Al chatbots produce varying degrees of hallucinations
in content generation, as shown in Figure 5. Chatbots with
higher degrees of hallucinations cannot be reliably deployed
in the healthcare domain, where a higher degree of accuracy
is paramount. As indicated in the LLM hallucination lead-
erboard below, LLMs like GPT-4 (ChatGPT) and Llama 2
(CARES Copilot 1.0) have fewer hallucinations and higher
accuracy rates, making them preferable for surgical and clinical
applications. Though ChatGPT performed worse in reference
generation, it has the lowest overall hallucination rate in vari-
ous fields, according to HHEM 2.1, a hallucination detection
model (Figure 5).

Hallucination Rate for Various LLMs

GPT-d40
GPT-4-Turbo

GPT-40-mini

GPT-4

GPT-3.5Turbo

Orca-2-138
Intel-Neural-Chat-78-v3-3
Snowflake-Arctic-Instruct
Phi-3-Mini-128KInstruct
Uama-3.1-4058-Instruct
Phi-3-Mini-4K-Instruct
Uama-3-70B-chat-hf
Mistral-Large2
Mixtral-8x22B-Instruct-v0.1
Uama-3.1-70B-Instruct
Uama-3.1-8B-Instruct
Uama-2-70B-Chat-hf
Gemini-1.5-flash

Phi-2 6.67%

LUama-3-88-chat-hf
Gemini-Pro
C4Al-Command-R+
DBRX-Instruct
Claude-3-5-sonnet
Claude-3-opus

0 2 4 6 8 10 12

Figure 5: HHEM-2.1 Hallucination Evaluation Model LLMs
Hallucination Leaderboard. Extracted from "HHEM 2.1: A Better

Hallucination Detection Model and a New Leaderboard,"” https:/www.
vectara.com/blog/hhem-2-1-a-better-hallucination-detection-model (accessed
August 7,2024).

Various methods can mitigate hallucinations. Prompt-
ing techniques like chain-of-thought, tree-of-thought, and
self-consistency have enhanced LLM reasoning ability by
using logical steps to answer each prompt and cross-check
its answers.”® Retrieval-augmented generation architecture,
which uses relevant documents from external sources such as
search engines, databases, and news feeds, helps LLMs generate
more accurate, up-to-date, and verifiable answers. Fine-tuning
is another technique commonly employed in LLMs to mit-
igate hallucinations in domain-specific contexts.”>®® It uses
high-quality and reliable datasets to adapt general-purpose
LLMs, like GPT-4 and Llama, toward specific domain mod-
els,*>*? including CARES Copilot 1.0—which is based on
Llama. These techniques and other strategies will help develop
coherent and reliable models for surgical applications.

Xu et al® and other researchers have concluded that it is
impossible to completely avoid hallucinations from LLMs, as
they are inevitable and innate characteristics. No matter how
LLMs are trained, they always miss some possibilities, just as
we cannot list out all real numbers (infinite set) even if we
try.*> When LLM:s face novel and complex prompts (inputs),
they can make errors by retrieving data that seems right but is
not actually true. This is because they are highly reliant on the
data patterns on which they are trained. Additionally, Xu e7 a/.
claimed that restricting LLMs to simpler models will still re-
sult in errors at certain complex inputs, as their computational
ability is limited to the information they can process and verify.
Even if it is impossible to eliminate hallucinations with LLMs,
it is crucial to use models with fewer hallucinations to widely
deploy artificial intelligence in the cardiac surgical field.

2. Biases:

In the era of artificial intelligence, where most clinical prac-
tices are aided by Al systems, Al biases widen and exaggerate
existing healthcare disparities, benefiting only certain groups
with their highest performance.®* Historically, women and
minority groups in the US—Black and African Americans,
Hispanics, Asian Americans, and Native Americans—are
underrepresented in cardiology in terms of research studies,
treatment, and clinical outcomes.®® Al models are trained
with real data from previous medical experiences and trends,
so they tend to reflect biases that were once part of clinical
practices. Bias in Al usually manifests as the occurrence of
unequal or disproportionate outcomes of Al systems. These
disparities usually result from factors such as race, gender, and
socioeconomic status. For example, an Al model used for risk
prediction for heart surgeries may not perform well for Black
and underrepresented patients if the model is primarily trained
using data from predominantly White populations. Al biases
widen and exaggerate existing healthcare disparities, causing
only certain groups to benefit from AT’s highest performance.

Strategies to Mitigate Biases:

Biases may occur at each level of the model’s development
steps, including data collection and preparation, model train-
ing, validation, and deployment. Therefore, bias-mitigating
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strategies must focus on these developmental stages and may
include, but are not limited to, the following approaches:

Using Heterogeneous Datasets: It is important to ensure
that Al models are trained on diverse and representative data-
sets, including a wide range of geographic and socioeconomic
groups.®® Using data sampling techniques like oversampling
underrepresented groups or undersampling overrepresent-
ed groups helps to balance the dataset before training.®”®®
Employing these data sampling methods helps reduce class
imbalance (population) by changing the dataset distribution
through repeating/dropping samples, respectively. In 2021, the
FDA published the Artificial Intelligence/Machine Learn-
ing (AI/ML)-Based Software as a Medical Device (SaMD)
Action Plan® and the Good Machine Learning Practice for
Medical Device Development: Guiding Principles (GMLP).%
The FDA’s guidelines recognized the challenges and impor-
tance of addressing biases when developing Al or ML medical
devices and systems.

Model Training: During model training, fairness-con-
scious algorithms such as adversarial debiasing or fairness
constraints’® can adjust for disparities in model performance
across different demographic groups. Certain clinical features
such as race, gender, or socioeconomic status affect the perfor-
mance of Al models if not used appropriately. Using machine
learning methods such as adversarial learning, which works by
training models to minimize the performance of a "discrim-
inator" tasked with identifying protected attributes (such as
race or gender), helps to ensure that the model does not rely
on these attributes to make predictions.”* Prioritizing other
clinically relevant features (e.g., comorbidities, laboratory test
results, and physiological measurements) overprotected fea-
tures helps mitigate bias, in the model training phase.

Deployment and Monitoring: During the post-develop-
ment phase, developers continuously monitor and assess Al
systems performance, which helps them identify any emerging
disparities in the real clinical setting.®® After the deployment
of Al-enabled systems, tracking patients’ outcomes by demo-
graphic groups in the system helps pinpoint changes in patient
population dynamics. Evaluating model performance not only
across the overall population, but also across specific popula-
tions—women, racial minorities, and elderly patients—ensures
equitable assessment on how well the model generalizes across
each demographics.”

B Discussion

This paper highlights critical applications of Al-based
systems for preventing surgical errors in cardiac surgical
care by introducing ChatGPT and the novel surgical assis-
tant—CARES Copilot 1.0. The potential applications of Al
in cardiac surgery range from preoperative planning and risk
assessment to intraoperative real-time surgical support and
postoperative rehabilitation care. With ongoing research and
advancement in Al, ChatGPT, and CARES Copilot 1.0 have
immense potential to transform surgical care, enhance surgical
training, and support medical research. As CARES Copi-
lot 1.0 has been successfully implemented in neurosurgeries,
demonstrating its ability to optimize surgical procedures with
higher efficiency, it should also be used in cardiac surgeries

to reduce complications and yield better patient outcomes. By
augmenting LLM-based surgical assistants (such as CARES
Copilot and ChatGPT) with robotic surgical systems, it is
possible to reduce the risks of surgical errors throughout the
procedure and enhance overall patient outcomes.

Robotic technology is rapidly advancing in the surgical
field. Autonomous and semi-autonomous robotic systems are
increasingly investigated in surgical procedures, from low-level
automation early surgical robots to high-level autonomous ro-
bots performing complex endoscopic operations. For example,
in 2022, the Smart Tissue Autonomous Robot (STAR)—de-
veloped by Johns Hopkins University—performed the first
tully autonomous laparoscopic surgery in four experiments in
pig tissues.”” STAR performed intricate surgeries with higher
accuracy and consistency than humans performing the same
procedures. It is expected that soon Al-driven autonomous
robots will enter the cardiac surgical field and improve the out-
comes of surgeries.’> By reducing the costs of robotic surgical
systems, it is possible to replace conventional cardiac surgeries
with robotic ones while reducing mortalities, surgical errors,
and unnecessary costs. Future research will require an interdis-
ciplinary effort involving biomedical engineers, Al developers,
and medical professionals to develop highly reliable surgi-
cal systems. However, Al-based systems should not replace
healthcare professionals but augment them in providing better
patient care. Therefore, while leveraging the benefits of Al in
cardiac surgery, it is crucial to adopt the human-AT approach®
in surgical procedures where the central decision-making re-
mains to surgical professionals. This approach will help us
medical professionals' skills and expertise, safeguard their
roles, and preserve jobs in the medical field.

Future work should focus on new ways of reducing bias-
es, particularly in surgery, that can lead the model to amplify
biases from training datasets, reflecting historical disparities
and inequities in healthcare care. These biases may include
cultural, gender, or socio-economic biases, impacting surgical
care by providing misdiagnosis and unequal treatment recom-
mendations.’” Additionally, the medical Al field should aim
to develop Al systems with reduced hallucinations, reducing
costs related to fine-tuning LL.Ms, and producing more sur-
gical systems to address accessibility of cardiac surgical care
worldwide. This way it is possible to create systems that are
efficient and highly reliable. Moreover, government officials
and policy-makers should set clear policies and regulations re-
garding job displacement resulting from artificial intelligence.
As Al advances, it is crucial to balance its significant benefits
with workforce protection to ensure that Al systems augment
with humans, rather than replace their expertise.

B Conclusion

Overall, robotic-assisted cardiac surgery has significantly
reduced complications, mortality rates, and length of hospi-
tal stays compared with conventional surgeries. Furthermore,
the wider integration of robotic surgery and Al systems will
bring a transformation in surgical precision and patient out-
comes. Al’s real-time surgery simulation will help track every
step involved and prevent surgical errors through operation
remainders and real-time surgery feedback. Al-based surgical
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ssistants, such as CARES Copilot 1.0 and ChatGPT, can
potentially integrate with cardiac surgery and provide state-
of-the-art surgical support to the surgical team in the entire
surgical process, ensuring the accuracy and efficiency of sur-
gical operations. Further research will help improve LLMs'
capability in surgical procedures and address issues related to
hallucinations, biases, and deployment costs to make heart sur-
geries safe and easily accessible for all.
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