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Abstract

Background: Virtual reality (VR) and artificial intelligence (Al) have had a profound impact
on transforming cardiac interventions by enhancing procedure planning, execution, and
medical education. Virtual reality enables healthcare professionals to refine their skills by
practicing procedures in a simulated environment while also improving patient
understanding of their conditions. Artificial intelligence enhances diagnosis and treatment
planning by analyzing patient data, detecting patterns, and improving both accuracy and
personalized care. The aim of this review was to analyze the anatomical scopes of both
technologies in the context of cardiac interventions as well as the radiologic modalities
involved in image reconstruction in virtual reality.

Methodology: A literature search using the keywords "reviews," “artificial intelligence,"
"virtual reality," and "cardiac interventions" was conducted across PubMed, Scopus, and
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Google Scholar. The search was limited to English-language systematic reviews; narrative
reviews, individual research articles, editorials, and opinion papers were excluded.

Results: An analysis of three reviews encompassing 71 studies revealed the applications of
virtual reality (VR) and artificial intelligence (Al) in cardiac surgery. VR training was most
frequently applied to mitral valve repair, while VR planning was most common for
conotruncal anomalies. Al-driven decision support was most prevalent in heart
transplantation.

Conclusion: This article highlights the established roles of virtual reality and artificial
intelligence in cardiac care, encompassing surgical training, procedural planning, risk
assessment, and outcome prediction. However, current VR training methods often rely on
time-consuming and expensive imaging techniques like CMR and CT angiography. Within
cardiology, Al-driven decision-making is most prominent in heart transplantation.

Background

Virtual reality (VR) and artificial intelligence (Al) are increasingly important in the field of
cardiac interventions [1]. These technologies can potentially enhance medical training,
improve surgical planning, and enable more precise procedures. By leveraging virtual reality,
medical professionals can simulate complex surgical scenarios and practice difficult
procedures in a safe and controlled environment [2]. Artificial intelligence, on the other hand,
can assist in interpreting medical images, predicting patient outcomes, and optimizing
treatment strategies. As these technologies continue to advance, they are expected to play a
significant role in advancing the field of cardiac interventions and improving patient care [3].

Virtual reality technology has the potential to effectively address interpersonal gaps in
surgical skills by providing a realistic and immersive training environment. By simulating
surgical procedures and scenarios, VR can help bridge the gap in skills and experience
among surgeons, ultimately leading to improved patient outcomes [4].

Moreover, artificial intelligence plays a crucial role in predicting patients' outcomes through
the analysis of vast amounts of medical data. By utilizing advanced algorithms, Al can
identify patterns and trends that may not be apparent to human experts, enabling more
accurate predictions of a patient's prognosis and response to treatment [5]. This has the
potential to significantly enhance personalized healthcare and improve overall patient care.

In this umbrella review, we aimed to highlight the most important anatomic scopes of virtual
reality and artificial intelligence in guiding pediatric cardiac interventions via analysis of the



most important reviews of literature tackling this matter. In addition, we aimed at
highlighting the most important Al models employed in the cardiology practice.

Methodology

Registration
This umbrella review is registered in PROSPERO, registration ID 1080436.

Objectives

This umbrella review aims to examine relevant literature reviews to identify the most
important anatomical areas where virtual reality (VR) and artificial intelligence (Al) are
currently guiding pediatric cardiac interventions. It also identifies the most used Al models in
cardiology and assesses the current state of VR and Al integration in cardiac care,
highlighting advancements and challenges.

PICO framework

e Population (P): Pediatric and adult patients undergoing cardiac interventions and
cardiac surgeries.

e Intervention (I): Application of Virtual Reality (VR) and Atrtificial Intelligence (Al)
technologies in cardiac care, encompassing surgical training, procedural planning,
risk assessment, and outcome prediction. This includes VR training modules, Al-
driven diagnostics, Al-assisted decision-making, and VR-based pre-surgical planning.

e Comparator (C): There is no definite comparator group. However, the implicit
comparison is to traditional methods of cardiac intervention and surgery without the
use of VR and Al. This is inferred from the discussion of the benefits and limitations
of VR and Al compared to existing practices.

¢ Outcome (0): The outcomes of interest include:

o lIdentification of the anatomical scopes of VR and Al application in pediatric
cardiac interventions.

o lIdentification of the most used Al models in cardiology and assesses the
current state of VR and Al integration in cardiac care, highlighting
advancements and challenges.

Search strategy

To ensure comprehensive search, we employed a multi-faceted approach, using a
combination of keywords and search strategies to identify relevant literature reviews. The
search strategy was built around the core concepts of:

e Virtual Reality and Augmented Reality



o Artificial Intelligence and Machine Learning
e Cardiac Interventions and Surgeries
e Medical Training and Simulation

The following keywords and their combinations were used:

e 'reviews"

e artificial intelligence" OR "machine learning"

e ‘virtual reality" OR "augmented reality" OR "mixed reality"

e "cardiac interventions" OR "cardiac surgery" OR "heart surgery"

e "pediatric cardiology" OR "congenital heart disease"

e "surgical simulation” OR "medical simulation” OR "surgical training" OR "cardiac
training"

e "procedural planning"”

e "risk assessment” OR "outcome prediction”

These keywords were combined using Boolean operators (AND, OR) to create specific search
strings. Examples include:

e ‘"reviews" AND "artificial intelligence" AND "cardiac surgery" AND "training"

e 'reviews" AND "virtual reality" AND "pediatric cardiology" AND "simulation"

e "reviews" AND "machine learning" AND "cardiac interventions" AND "risk
assessment”

Database selection
The following databases were searched from inception to 12 June 2025:

e PubMed

e Scopus

e Web of Science
e Google Scholar

Inclusion criteria

e Systematic reviews and meta-analyses focused on the application of VR, AR, Al, and
machine learning in cardiac interventions, surgeries, training, and planning.

e Reviews specifically addressing the anatomical scopes of these technologies in
education, cardiac interventions

e Reviews published in English.

Exclusion criteria



o Narrative reviews, research articles, editorials, opinion papers, and conference
proceedings (to focus on synthesized evidence).

e Non-English articles.

e Grey literature

e Articles not focused on the interplay between VR/AR/AI/ML and cardiac
interventions.

e Atrticles not focused on the anatomical scope of these technologies

e Non-peer-reviewed sources.

e Reviews focusing solely on adult cardiac interventions without relevance to pediatric
cardiology.

Search process

e Initial Search: The initial search was conducted using the keywords and search strings
across the selected databases.

e Title and Abstract Screening: All identified records were screened based on their titles
and abstracts to assess their relevance to the research question.

e Full-Text Review: Potentially relevant articles were retrieved in full text and assessed
against the inclusion and exclusion criteria.

o Reference List Screening: The reference lists of included studies were manually
searched to identify additional relevant reviews.

e Data from included reviews were extracted using a standardized data extraction form.

o Data Synthesis: A qualitative synthesis of the findings from included reviews was
performed, focusing on the anatomical scopes, Al models, and applications of VR and
Al in pediatric cardiac interventions.

e Quality Assessment: The methodological quality was assessed using AMSTAR-2
(Table 1) and Risk of Bias (RoB) was assessed using RoB-2 tool (Figure 1)

Bias arising from the randomization process

Bias due to deviations from intended interventions

Bias due to missing cutcome data

Bias in measurement of the outcome

Bias in selection of the reported result

Overall risk of bias

0% 25% 50% 75% 100%

. Low risk D Some concerns . High risk . Na information

Figure 1: Risk of bias assessment for our umbrella review



Statistical analysis

Python-based data analysis was conducted to determine the frequency (n) and percentage
(%) of each anatomical scope across the following categories: cardiac surgery training,
planning of cardiac interventions, and artificial intelligence-driven decision-making in cardiac
interventions. Additionally, the specific imaging modalities utilized to facilitate virtual reality
(VR) were identified, counted, and expressed as both absolute numbers (n) and percentages
(%). Donut charts were employed to visually represent the proportional data where
appropriate.

Results

This umbrella review identified three systematic reviews [6—-8] that meet the inclusion criteria,
focusing on the use of augmented/virtual reality in cardiology and/or cardiac surgery for
training, pre-procedural planning, and the application of Al in decision-making within the
field. Initially, seven studies were considered; however, four were excluded [9-12] due to not
meeting the study type criteria or lacking coverage of the relevant anatomical scope. (Figure
2 presents the PRISMA flow chart detailing the study selection process, while Table 1
summarizes the main characteristics of the included reviews.)



PRISMA 2020 flow diagram for new systematic reviews which included searches of databases and registers only
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Figure 2: PRISMA flow chart describing the study selection process of this study

Table 1. Summary and heterogeneity of included reviews.

Feature

Study Design

Population/Intervention

Arjomandi Rad et  Bakhuis et al.
al. (2023) (2023)

Systematic Review  Narrative Review Systematic Review

Sulague et al. (2024)

Simulation-based VR simulation and Al applications in cardiac

training in adult surgical planning surgery. Studies included
cardiac surgery. in cardiothoracic various patient populations
Studies focused on  surgery. undergoing cardiac

trainees/surgeons of Population: Not  surgery. Most were adult



Arjomandi Rad et

Bakhuis et al.

Feature Sulague et al. (2024)
al. (2023) (2023)
varying experience. specifically populations, but some
Covered wide range defined, but studies included pediatric
of cardiac implied to be patients. Diagnoses: Variety
procedures. primarily adult of cardiac conditions

(given the focus
on general

requiring surgery (e.g.,
coronary artery disease,

cardiothoracic valvular heart disease,

procedures). heart failure, congenital

heart defects).

Simulation improves Promising tools
for VR in

cardiothoracic

) ) Al can improve clinicians'
surgical skills, . . .
decisions in cardiac
Lo accuracy, and .
Key Findings/Outcomes ! . surgery, but more studies
confidence. Limited surgery, but large-
L . are needed to ensure
formal validation of scale trials are
accuracy and safety.

non-tissue models.  absent as of yet.

SR was performed from
2000 to 2022 in following
databases: PubMed,
Embase, Europe PMC,
Epistemonikos, CINAHL,
Cochrane Central, Google

SR was conducted

) NR was
following Cochrane i
performed using

MEDLINE
database.

Methodological Quality Collaboration
guidelines and

Scholar, Web of Science,
PRISMA.

Scopus, Cambridge Core,
clinicaltrials.gov, and
science.

Provides a broad

Comprehensive overview of VR Good description of the Al

Strengths . _— -~
search strategy. applications and a Application Characteristics
future outlook.
Lacks randomized clinical
... trials (RCTs) and only
o Lacks quantitative .
Validity assessment o included cohort studies. In
e es s . . data. A limited .
Limitations is scarce within the addition, most of the
] number of . . -
field. ] studies acquired clinical
published records.
data through database
registry.
Simulation provides VR tools will More highly powered
o " substantial benefits become studies need to be done to
vera
to trainees; however increasingly assess challenges and to

Conclusion/Recommendation

Further evidence is integral parts of  ensure accuracy and safety

needed to explore its daily practice in  for use in clinical practice.



Arjomandi Rad et  Bakhuis et al.

Feature Sulague et al. (2024)
al. (2023) (2023)
direct impact on cardiothoracic
clinical practice. surgery.

Virtual reality in cardiology/cardiac surgery training

The cognitive process of detecting targets in space, recognizing distance and directional
relationships, and mentally altering their location is known as spatial skills. The ability to
create, preserve, and work with mental pictures in space is known as visual spatial ability
(VSA) [1].

Coming to the medical field, and while it is mandatory to evaluate the spatial ability for
admission to undergraduate dental programs and aviation, surgical training programs do
not require VSA testing before admission [13]. This might be one of the factors responsible
for variations in outcomes of surgeries overall and pediatric cardiac surgeries. An article by
Kalun et al. suggested that assessing VSA in surgical trainees is crucial, as findings indicate
that individuals with elevated VSA typically show better surgical performance. Additionally,
those with higher VSA usually need fewer training sessions to achieve a specific level of
performance compared to their counterparts with lower VSA [1].

The combination of virtual reality and artificial intelligence allows us to overcome the
interpersonal variability of VSA. After traditional cross-sectional imaging is completed, a
process called segmentation allows specialty engineers to convert 2D DICOM (Digital
Imaging and Communications) in Medicine images to 3D VR Maker, which allows trainees
and experienced surgeons to interact with those 3D models during pre-surgical planning
and can theoretically improve the outcomes of cardiac surgeries and allow medical students
with doubts over VSA to choose surgical specialties confidently.

One systematic review was found that discusses the results of VR training in tissue and non-
tissue models, in cardiac surgical training [14]. We used this review to determine the number
of studies involving immersive virtual reality training in cardiac interventions. We also
analyzed the main fields where this technique is being implemented to improve the surgical
skills of cardiothoracic residents.

The latter report depicted 27 studies and one catheter-based study was added during search
[15-42]; most of these involved training on mitral valve specimens (28%), and coronary
surgeries (25%). Other fields of training included mimicking cardiopulmonary bypass, cardiac
transplantation, transesophageal echocardiography, and cardiac catheterization.

Figure 3/Table 2 displays the respective percentages of each anatomical field of training.



Cardiac catheterization
7.1%

TEE
7.1%

Coronary
25%

Cardiac transplantation and others
10.7%

Aortic valve
3.6%

Cardiopulmonary bypass
17.9%

Mitral Valve
28.6%

Figure 3. Percentages of scopes of VR-based cardiac surgery training. TEE: transesophageal
training.

Table 2. Studies involving VR based training in cardiac surgery categorized by the anatomical
scope.

Non-tissue based Tissue based

Sharma [16]

Yasuda [34
asuda [34] Brandao [15]

Coronaries (7 studies) Duffy [31] )
Feins [36]
Joyce [22] .
Nesbitt [37]
Aortic valve (1 study) Russo [33]

Sardari [32]

Sardari [30]

Jebran [35] Joyce [38]
Premyodhin [26] Tavlasoglu [39]
Valdis 40 (dry vs. wet) [28]

Valdis 20 (no comparison) [29]

Mitral valve (8 studies)



Non-tissue based Tissue based

Hermsen [23]
Luo [42]
Kenny [19]

Spooner (Cardiac transplantation)
Hermsen (Septal

Others (3 studies) [21]
myomectomy) [18] Zhang (LVAD) [40]

Perfusion and cardiopulmonary Hicks [24]
bypass (5 studies) Fouilloux [25]

Transesophageal Arango [41]
echocardiography (2 studies) Smelt [27]

Cardiac catheter training (2 Bettati et al, Brown et al [17,
studies) 20]

Virtual reality in planning cardiac interventions

Current medical practice increasingly utilizes advanced 3D imaging modalities such as
magnetic resonance imaging (MRI) and computed tomography (CT) to examine and assess
complex congenital heart defects. These modalities enable comprehensive visualization of
the cardiovascular anatomy and precise measurements of relevant intracardiac dimensions
and volumes [43]. Nevertheless, the conventional representation of 3D anatomy through
two-dimensional (2D) slices perpendicular to each other presents challenges in accurately
assessing the intricate 3D structures and their spatial relationships. Overcoming these
challenges involves reconstructing the patient-specific 3D anatomy using image processing
techniques applied to CT or MRI data [44]. While various methods and software tools are
available for this reconstruction, manual intervention is often necessary due to the intricate
nature of the anatomy and the presence of imaging artifacts. The resulting 3D
reconstructions can then be employed to enhance the comprehension of the complex
anatomy [45].

Virtual reality has taken 3D reconstruction to a whole new level where reconstructed models
are rendered interactable, with the aid of immersive virtual reality.

Steps include image acquisition and 3D modeling, then several programs are available, to
import patient-specific models, and make them compatible with commercially available
mounted headsets.

Our literature search identified a scoping review by Bakhuis et al. [46], which demonstrated
that the number of case studies involving the use of VR in surgical planning for congenital
heart disorders is lower than what is seen for education in training, with a total of ten
studies, conotruncal anomalies, VSD open surgical closure, Cono-truncal anomalies, AV valve
repair and pulmonary sequestration were the main field of the published reports (accounting
each for 18%) (Table3/Figure 4) [47-57].



Table 3. Studies involving immersive VR in pediatric cardiac surgery categorized by the type of

treated lesion.

Field of the study Study

Ong et al [50]

VSD surgical closure (2 studies)
Mendez [51]

VSD hybrid closure (1 study) Ghosh [52]

Truncus (1 study)
MAPCAs (1 study)
DORYV (1 study)

Ong et al [50]

Van de Woestijne [56]
Ayerbe [55]
Atrioventricular valves (1 study) Pushparajah K [48]
Left ventricular assist device (1 study) Ramaswamy [53]

Intralobar sequestration Extralobar
sequestration Bronchogenic cysts (1
study)

Pelizzo [49]

Coronary revascularization in Kawasaki

Sadeghi [57
patient (1 study) adeghi [>7]

MAPCAs and Lung sequestration
18.2%

AV valve repair
18.2%

9.1%

Coronary (KD)
91%

Imaging technique used

CT (computed tomography)

CMR (Cardiac magnetic
resonance)

cT

CcT

CMR

3D Echocardiography
cT

cT

cT

VSD surgical closure

VSD hybrid closure
9.1%

Conotruncal (DORV, Truncus)

18.2%



Figure 4. Percentages of distribution of immersive VR assisted cardiac surgeries. AV:
atrioventricular, DORV: double outlet right ventricle, KD: Kawasaki disease, LVAD: Left ventricular
assisted device, MAPCAs: Main aortopulmonary connecting arteries, VSD: Ventricular septal defects.

Another aspect worth noting was the imaging modality used for 3D modeling, CT accounted
for 60% of the reported studies, while CMR for 30%, and only one case report was performed
using 3D echocardiography (Figure 5). This shows the drawback of reconstructive imaging,
which relies on either high radiation or lengthy imaging modalities.

There is still a long way to go to develop echocardiographic software, and 3D modalities in
this bedside technique to be adaptable to immersive virtual reality and to spare the patients
from lengthy, inconvenient procedures and from radiation. Expertise also is another barrier
to the generalization of VR reconstructive software [58].

3D Echocardiography
10%

CMR
30%

CT
60%

Figure 5. Percentages of distribution of imaging modalities used for VR reconstruction. CMR:
cardiac magnetic resonance imaging, CT: Computed tomography, VR: virtual reality

Artificial intelligence in cardiac diagnosis and decision making, main
models employed and relevant anatomical scopes

The development of advanced deep-learning technology now provides the chance to



identify risk indicators that were not previously measurable. This technology can also
evaluate intricate, interconnected patterns using easily accessible clinical data for predicting
risks. The use of machine learning can serve in diagnosis and decision making. Two main
types of machine learning are employed, the feed-forward network which are mainly used
for decision making and the convoluted network/filters which serve for image diagnosis.

Feed forward network and outcome prediction

A feed forward network is a series of interconnected layers, where multiple hidden layers
separate the input from the output layer. Machine learning is achieved retrogradely by
backward propagation. The data of society of thoracic surgeons and electrocardiogram
results are used to feed the input layer and achieve a good accuracy in prediction of cardiac
surgery outcome with an area under the curve ranging from 0.85 to 0.9. The main drawback
of feed forward network is the need of large volume of input data rendering it non-optimal
for processing of images and image diagnosis. Sulague and colleagues [8], have published
recently their preprint which served as a basis for identifying relevant Al-based studies for
outcome prediction in cardiac interventions [59, 60].

This review included 33 studies [61-93], that explored how machine learning can predict
certain events such as major bleeding or mortality after different types of cardiac surgeries.

Regarding the specific fields tackled by the predictive model of machine learning, heart
transplantation was the most important point of focus, accounting for 38.9% of the studies
tackling the role of Al in risk prediction (Figure 6A).

A new software developed in Sinai Medical Center, aimed at using 12-lead ECG in risk
prediction in non-cardiac surgeries. The newly manufactured software, PreOpnet was
superior to the routinely used Revised Cardiac score index, in anticipating adverse events
after non-cardiac surgeries [87].

Another recent review, published during the drafting of this manuscript, showed that >672
Al-based devices have already been approved by the FDA and might have an impact on the
outcomes of cardiac patients, from planning to risk assessment [94]. (Table 4 and Figure
6A/6B summarize the main anatomical scopes where Al is helping decision making)

Convolutional networks and image diagnosis

A convolutional network is a deep-learning neural network employed to analyze grid-like
structures by applying a filter (small matrix) to extract required features from a large image
and analyze it.

Systems based on convolutional networks can now fully analyze a 12-lead ECG, can help in
phase detection in echocardiography and also in localizing important landmarks in cardiac



magnetic resonance imaging. (Figure 7 shows the main future uses of artificial intelligence in
cardiac care) [95-98].

Table 4. Studies involving use of Al in decision making regarding cardiac
surgery or cardiac catheterization

Non specified anatomic scope
(15 studies)

Decision making:
Preoperative and intraoperative risk factors: (4)
Muzio [62]

Bodenhofer [82]
Fernandes [75]

Li [68]

Mortality: (5)

Allyn [81]

Park [70]

Chang [79]

Fan [89]

Molina [92]
Postcardiac events: (6)
Karri [69]

Kim [72]

Aranda [84]

He [87]

Xue [78]

Luo [91]

Specified Anatomic or surgical scope

Coronary (3) Zea-Vera [80]
Gao [83]
Hu [90]

Heart Transplantation Kampaktsis [93]
7 Li [71]

Ayers [88]
Kampaktskis [63]
Shou [67]

Zhou [66]
Agasthi [64]

Transcatheter aortic Hernandez-Suarez [73]
valve replacement (7) Agasthi [61]
Evertz [86]




Hasimbegovic [65]
Thalappillil [77]
Truong [76]

Kilic [74]

Mitral valve (1)

Jiang [85]

Specific anatomic or surgical scopes

Figure 6A. Overview of scopes of Al studies in decision making in cardiac interventions.

54.5%

Overall
45.5%




Mitral valve
5.6%

Coronary
16.7%

Heart Transplantation
38.9%

38.9%

Figure 6B. Detailed scopes of Al studies with specific anatomical scope.



Preoperative risk factors
26.7%

Prediction of postoperative events
40%

Mortality prediction
33.3%

Figure 6C. Detailed fields of Al studies with generalized scope.
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Figure 7. Future uses of Al in cardiac care, a promising journey.

Discussion

This review analyzed the current literature on the applications of VR and Al in cardiac
interventions, revealing both promising advancements and significant challenges. The
integration of VR in cardiac surgical training demonstrates substantial potential. The findings
consistently show that VR training, particularly utilizing immersive techniques, improves
surgical skills and reduces the need for extensive training sessions, especially for trainees
with lower visual-spatial abilities (VSA) [1, 2]. Our analysis of [14] and subsequent literature
uncovered 28 studies focusing on VR training in cardiac interventions, predominantly
concentrated on mitral valve procedures (28%) and coronary surgeries (25%) [15-42]. This
focus highlights areas where VR's potential for improved precision and procedural familiarity
are most readily apparent. However, the relatively small number of studies in certain areas
like cardiac transplantation (10.7%) indicates a significant need for further research to
expand the applications of VR training across a wider spectrum of cardiac procedures.

Regarding the use of imaging modalities for 3D modeling in VR, CT scans are predominantly
employed (60%), followed by CMR (30%), underscoring the dependence on established
imaging techniques [Figure 3]. The reliance on CT and CMR presents limitations, such as high



radiation exposure or lengthy procedures [58], and this aspect warrants further investigation
into the use of less invasive modalities like 3D echocardiography. Moreover, the need for
specialized expertise in both VR and Al technology is a potential barrier to wider
implementation and adoption.

Practical examples on how VR can improve accuracy, particularly in pediatric cardiac surgery
is highlighted in the individual case series composing the reviews studied in our umbrella
review. Ong et al.'s [99] paper describes the novel use of VR for pre-surgical planning in two
infants with complex CHD. In the first case, a 2.95 kg baby girl with truncus arteriosus, VSD,
and aortic arch hypoplasia, VR allowed for improved visualization of the VSD and hypoplastic
aortic arch, leading to accurate representation of the anatomy. The patient underwent
complete repair and made an uneventful recovery, suggesting that VR's improved
visualization aided in successful surgical planning and execution.

In the second case, a 5-month-old infant with a large VSD and right-sided CDH, VR enabled
clear visualization of the VSD margins, including relationships to the great vessels, beyond
traditional imaging planes. At surgery, the VR model accurately represented surgical findings,
including the cardiac shift and rotation. The child tolerated the procedure and weaning from
pulmonary hypertensive medications. While the authors stop short of claiming

VR changed the surgical outcome, they do suggest in both cases, that VR offered improved
anatomical understanding preoperatively.

For the truncus arteriosus case, this meant better visualization of the arch; for the VSD/CDH
case, improved understanding of the VSD's margins and the heart's spatial relationship with
surrounding structures. Pushparajah et al. (2021) [97] focused on atrioventricular (AV) valve
repair in 15 pediatric patients and assessed how VR imaging influenced surgical decisions. In
67% of the cases, surgeons reported "more" or "much more" confidence in their
understanding of the pathology and surgical approach after reviewing VR images derived
from 3D echocardiography. After VR visualization, surgeons would have modified their
surgical approach in a majority of cases. The improved clarity of anatomical structures was
noted as a main impact. The results show 53% in making minor and 7% major modification.

The use of Al in cardiac diagnosis and decision-making is also highlighted, with two primary
models — feed-forward networks for decision-making and convolutional networks for image
analysis — emerging as key tools. While studies on the predictive capabilities of Al in cardiac
surgery outcome prediction show strong potential with accuracy ranging from 0.85 to 0.9 [8],
the limitations of feed-forward networks regarding large data requirements are a crucial
factor to address [61-93, 100-123]. This limitation is particularly relevant in the context of
image-based diagnoses, where convolutional networks might be a more suitable choice. This
research also reveals a considerable number of Al-based devices are already approved by
the FDA, signifying Al's growing impact on various aspects of cardiac care [94]. The focus on



coronary surgeries and heart transplantation (39% of studies in Al risk prediction)
underscores where Al is demonstrating the greatest clinical utility [Figure 5].

The 510(k) clearance process for Al and VR medical devices typically involves demonstrating
"substantial equivalence" to a predicate device already legally marketed in the US. First, the
company meticulously documents its device's intended use, technological characteristics,
and performance specifications. Then, they identify a suitable predicate device — a similar
product already cleared by the FDA. The core of the 510(k) submission lies in proving that
the new device is as safe and effective as the predicate. This requires comparative testing,
often involving clinical data, to show that the Al or VR device performs at least as well as the
predicate in its intended application. For instance, CathVision, a company focusing on
cardiac electrophysiology, received 510(k) clearance for its ECGi Lab system. This system
enhances the visualization of intracardiac signals, aiding physicians in identifying and
targeting areas for ablation during procedures to treat arrhythmias. Their 510(k) submission
would have detailed the ways in which their visualization technology provided equivalent
performance to existing cardiac mapping systems, demonstrating that it aided in accurate
identification of target areas without compromising patient safety. Another example

is EchoPixel, which obtained 510(k) clearance for its True 3D software. While not exclusively
for cardiac applications, True 3D allows physicians to interact with holographic-like 3D
renderings of patient anatomy derived from standard CT and MRI scans. In their submission,
EchoPixel would have shown that True 3D provides comparable visualization capabilities for
pre-operative planning as existing 3D rendering software, enabling surgeons to better
understand anatomical structures and plan procedures. Note that specific details of 510k
submissions are confidential, so my examples are built on the available information and
general regulatory principles.

Implementing Al and VR in cardiac care offers significant cost-effectiveness by improving
diagnostic accuracy, enabling early detection of heart conditions, and optimizing treatment
plans, which can reduce hospital stays and avoid costly complications. These technologies
can streamline workflows, enhance patient engagement, and facilitate personalized
medicine, ultimately leading to better outcomes at lower long-term costs. However, initial
investment in infrastructure, training, and technology development presents economic
challenges, and ensuring the sustainability of Al and VR solutions requires ongoing funding,
updates, and integration into existing healthcare systems. Overall, when effectively adopted,
Al and VR can contribute to a more efficient, cost-effective, and sustainable approach to
cardiac care.

In summary, both VR and Al hold considerable promise for improving cardiac interventions.
VR offers realistic training environments, improving skill acquisition and potentially reducing
the variability of surgical outcomes associated with VSA differences. Al, with its ability to
process vast amounts of data for prediction and analysis, can enhance decision-making and
improve the accuracy of diagnoses. However, several challenges must be addressed,



including expanding the scope of both technologies across various cardiac procedures,
developing less invasive imaging techniques, and addressing the limitations of data-intensive
Al algorithms. Future research should focus on refining these technologies, ensuring
accessibility and affordability, and systematically evaluating their long-term clinical impact
and cost-effectiveness.

Implementation barriers

Despite the promise of VR and Al, significant barriers hinder their widespread adoption in
cardiac care:

e Technical Complexity: Implementing and maintaining VR and Al systems require
specialized IT infrastructure and expertise, which may be lacking in many healthcare
settings.

e Integration with Existing Workflows: Seamlessly integrating these technologies
into existing clinical workflows and electronic health record (EHR) systems is crucial
but can be challenging.

o Data Availability and Quality: Al algorithms require large, high-quality datasets for
training and validation. Data privacy regulations (e.g., HIPAA) and data silos within
healthcare organizations can limit data availability and quality.

e Lack of Standardization: The absence of standardized VR and Al platforms and
protocols makes it difficult to compare results across different studies and
institutions.

o Physician Acceptance: Some physicians may be resistant to adopting new
technologies, especially if they perceive them as a threat to their autonomy or if they
lack confidence in their accuracy and reliability.

o Patients' acceptance: Patients may be resistant to digital transformation in
healthcare due to concerns about privacy and data security, particularly with sensitive
medical information. There may also be a lack of trust in digital tools compared to
traditional in-person interactions. Some patients might find technology intimidating
or face difficulties in accessing or using digital platforms due to a lack of digital
literacy or resources. Additionally, there may be concerns about the impersonal
nature of digital interactions and skepticism about the efficacy and reliability of
digital health solutions. Addressing these concerns through education, user-friendly
interfaces, and reassuring security measures is crucial to fostering acceptance [124].

Ethical implications

Another point worth considering is how those new technologies can trigger ethical
dilemmas, particularly Al. Ethical concerns arise regarding informed consent, especially when
procedures involve Al-driven decision-making that patients may not fully understand.



Additionally, issues of data security and privacy are paramount, as sensitive patient
information is used to train Al models, raising questions about data handling and potential
misuse. Ensuring equitable access to these advanced technologies is also critical to avoid
widening healthcare disparities. Overall, a balance must be struck between leveraging
technological innovation to improve care and upholding ethical standards that prioritize
patient autonomy, safety, and justice [125, 126].

Limitations
This umbrella review has several limitations:

e Small number of included reviews: The analysis is based on a limited number of
systematic reviews and meta-analyses. This restricts the scope of our conclusions and
may introduce bias due to the selective reporting of results.

e Heterogeneity of studies: The included reviews likely encompass a wide range of
study designs, patient populations, and outcome measures. This heterogeneity makes
it difficult to draw definitive conclusions about the overall effectiveness of VR and Al
in cardiac care.

e Publication bias: There is a risk of publication bias, with studies showing positive
results being more likely to be published than studies with negative or inconclusive
findings. This could overestimate the true benefits of VR and Al.

e Language bias: Restricting the search to English-language publications may have
excluded relevant studies published in other languages.

e Search strategy: Although we made every effort to be comprehensive, it is possible
that some relevant publications were missed, as with any literature review.

Future directions and perspectives
Future research should address the limitations of current literature and focus on:

e Conducting large-scale, randomized controlled trials: To rigorously evaluate the
clinical effectiveness of VR and Al interventions.

o Developing standardized VR and Al platforms and protocols: To facilitate data
sharing and comparison of results across different institutions.

¢ Investigating the ethical and legal implications of Al in cardiac care: To address
issues such as data privacy, algorithmic bias, and liability.

o Exploring the use of Al in personalized medicine: To tailor treatment plans to
individual patient characteristics and preferences.

o Developing less invasive imaging techniques for VR modeling: To reduce
radiation exposure and improve patient comfort.

e While some physicians express concern that Al and VR may eventually reduce the
need for their services, a more optimistic view sees these technologies as



enhancing, not replacing, their roles. VR promises to revolutionize medical and
surgical training, improving surgical outcomes through enhanced interaction with 3D
models. Similarly, Al's machine learning capabilities are poised to improve diagnostic
accuracy and speed, freeing up healthcare professionals to focus on patient care and
professional development. Rather than fearing job displacement, physicians should
embrace these technological advancements to augment their skills and improve
patient outcomes.
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List and define all other variables for which data were
sought (e.g. participant and intervention characteristics,
funding sources). Describe any assumptions made about
any missing or unclear information.

N/A

Study risk of
bias
assessment

11

Specify the methods used to assess risk of bias in the
included studies, including details of the tool(s) used, how
many reviewers assessed each study and whether they
worked independently, and if applicable, details of
automation tools used in the process.

Figure 1

Effect
measures

12

Specify for each outcome the effect measure(s) (e.g. risk
ratio, mean difference) used in the synthesis or presentation
of results.

Page 9 Line
16-22

Synthesis
methods

13a

Describe the processes used to decide which studies were
eligible for each synthesis (e.g. tabulating the study
intervention characteristics and comparing against the
planned groups for each synthesis (item #5)).

Page 8-9

13b

Describe any methods required to prepare the data for
presentation or synthesis, such as handling of missing
summary statistics, or data conversions.

N/A

13c

Describe any methods used to tabulate or visually display
results of individual studies and syntheses.

Page 9

13d

Describe any methods used to synthesize results and
provide a rationale for the choice(s). If meta-analysis was
performed, describe the model(s), method(s) to identify the
presence and extent of statistical heterogeneity, and
software package(s) used.

N/A

13e

Describe any methods used to explore possible causes of
heterogeneity among study results (e.g. subgroup analysis,
meta-regression).

Table 1

13f

Describe any sensitivity analyses conducted to assess
robustness of the synthesized results.

N/A

Reporting
bias
assessment

14

Describe any methods used to assess risk of bias due to
missing results in a synthesis (arising from reporting biases).




Section and

Topic

Checklist item

Location
where item

is reported

Certainty 15 Describe any methods used to assess certainty (or N/A
assessment confidence) in the body of evidence for an outcome.
RESULTS
Study 16a | Describe the results of the search and selection process, Figure 2
selection from the number of records identified in the search to the
number of studies included in the review, ideally using a
flow diagram.
16b | Cite studies that might appear to meet the inclusion criteria, | Page 9
but which were excluded, and explain why they were (References
excluded. 9-12)
Study 17 Cite each included study and present its characteristics. Table 1
characteristics
Risk of biasin | 18 Present assessments of risk of bias for each included study. | Figure 1
studies
Results of 19 For all outcomes, present, for each study: (a) summary Page 9
individual statistics for each group (where appropriate) and (b) an
studies effect estimate and its precision (e.g. confidence/credible
interval), ideally using structured tables or plots.
Results of 20a | For each synthesis, briefly summarise the characteristics and | Page 9-29
syntheses risk of bias among contributing studies.
20b | Present results of all statistical syntheses conducted. If
meta-analysis was done, present for each the summary
estimate and its precision (e.g. confidence/credible interval)
and measures of statistical heterogeneity. If comparing
groups, describe the direction of the effect.
20c | Present results of all investigations of possible causes of
heterogeneity among study results.
20d | Present results of all sensitivity analyses conducted to assess
the robustness of the synthesized results.
Reporting 21 Present assessments of risk of bias due to missing results Figure 1
biases (arising from reporting biases) for each synthesis assessed.
Certainty of 22 Present assessments of certainty (or confidence) in the body
evidence of evidence for each outcome assessed.
DISCUSSION
Discussion 23a | Provide a general interpretation of the results in the context | Page 29-33
of other evidence.
23b | Discuss any limitations of the evidence included in the Page 34 till
review. line 15




Section and

Checklist item

Location

where item

Topic
P is reported
23c | Discuss any limitations of the review processes used.
23d | Discuss implications of the results for practice, policy, and Page 34-35
future research.
OTHER INFORMATION
Registration 24a | Provide registration information for the review, including Page
and protocol register name and registration number, or state that the
review was not registered.
24b | Indicate where the review protocol can be accessed, or state | Full study
that a protocol was not prepared. Protocol is
included in
methodology
24c | Describe and explain any amendments to information N/A
provided at registration or in the protocol.
Support 25 Describe sources of financial or non-financial support for N/A
the review, and the role of the funders or sponsors in the
review.
Competing 26 Declare any competing interests of review authors. Page 35 Line
interests 17
Availability of | 27 Report which of the following are publicly available and N/A
data, code where they can be found: template data collection forms;
and other data extracted from included studies; data used for all
materials analyses; analytic code; any other materials used in the
review.
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