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Abstract
Minimally invasive cardiac surgery (MICS) represents a significant advancement in cardiac surgical care, offering 
benefits such as reduced trauma, shorter hospital stays, and faster recovery. However, the complexity of 
perioperative management in MICS demands highly accurate risk stratification and decision-making. Artificial 
intelligence (AI) technologies are increasingly being integrated into perioperative workflows, providing clinicians 
with data-driven tools to enhance patient selection, predict complications, and optimize outcomes. This review 
explores current applications of AI in the perioperative assessment of patients undergoing minimally invasive 
cardiac procedures, with a focus on preoperative risk prediction, intraoperative monitoring, and postoperative 
management. It discusses the potential of AI to support precision medicine in MICS, highlights the technical and 
ethical challenges associated with its implementation, and outlines future directions for research and clinical 
integration. By bridging surgical innovation and computational intelligence, AI is poised to reshape the landscape of 
perioperative cardiac care.
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INTRODUCTION
Minimally invasive cardiac surgery (MICS) has gained increasing attention over the last three decades, 
offering reduced surgical trauma, shorter recovery time, and improved postoperative outcomes compared to 
conventional sternotomy approaches. Despite these advantages, MICS remains technically demanding and 
is still largely confined to high-volume centers with specialized expertise[1]. These procedures require precise 
patient selection and perioperative planning, as even small errors in surgical or anesthetic strategy can affect 
outcomes significantly[2].

To address these challenges, artificial intelligence (AI) is emerging as a powerful tool in cardiac surgery, 
with the potential to enhance perioperative care through data-driven decision-making, risk stratification, 
and real-time monitoring. Although AI has been widely explored in other medical domains, its integration 
into cardiac surgery - especially in minimally invasive contexts - is still in its early stages[2,3].

Early clinical experience has confirmed that minimally invasive techniques can offer long-term outcomes 
comparable to conventional surgery, provided that appropriate patient selection and intraoperative 
precision are ensured - two areas where AI may play a transformative role[4].

As surgical innovation advances, there is growing interest in leveraging machine learning (ML), deep 
learning (DL), and other AI-based methodologies to guide patient selection, predict complications, and 
optimize perioperative workflows in MICS[5].

Unlike broader reviews addressing AI in general surgical practice, the present work specifically focuses on 
MICS. This distinction is relevant because MICS entails unique challenges such as restricted access, the 
need for precise intraoperative navigation, and the progressive integration of robotic platforms - elements 
that are not fully captured in the wider surgical literature.

This review aims to summarize current applications of AI in perioperative risk assessment for MICS and to 
highlight its potential role in improving patient outcomes and supporting surgical decision-making in this 
evolving field.

CLASSICAL RISK STRATIFICATION IN CARDIAC SURGERY
Perioperative risk prediction is central to patient selection, shared decision-making, and surgical planning 
in cardiac surgery. Among the most widely adopted tools are the European System for Cardiac Operative 
Risk Evaluation (EuroSCORE) II and the Society of Thoracic Surgeons (STS) score, both of which offer 
structured, quantifiable estimations of surgical risk and are endorsed by major international guidelines. The 
2021 European Society of Cardiology (ESC)/European Association for Cardio-Thoracic Surgery (EACTS) 
Guidelines on Valvular Heart Disease recommend their use within Heart Team discussions for patients 
undergoing valve surgery[6]. The 2022 ESC Guidelines on Myocardial Revascularization endorse their 
application in complex coronary disease management, while the 2023 American Heart Association (AHA) 
Guideline on Chronic Coronary Disease highlights their role in stratifying long-term risk in patients with 
stable ischemic syndromes[7,8].

These scores have become cornerstones in clinical practice due to their ease of use, broad accessibility, and 
validation across large datasets. EuroSCORE II, based on a European multicenter cohort, estimates in-
hospital mortality using logistic regression and incorporates preoperative demographic and clinical 
variables. The STS score, derived from a large U.S. national database, is procedure-specific and includes 
additional endpoints such as stroke, renal failure, and prolonged ventilation. Their integration into surgical 
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workflows has improved consistency in risk communication and facilitated evidence-based decisions, 
particularly in high-risk patients.

Multiple studies have confirmed their predictive performance across different settings. In a cohort of 
patients undergoing aortic or mitral valve surgery, both EuroSCORE II and STS demonstrated good 
discrimination for 30-day and 1-year mortality[9]. In a separate evaluation of off-pump coronary artery 
bypass grafting (CABG), EuroSCORE II maintained favorable accuracy among low-risk surgical candidates 
(Pathare). Similarly, its utility has been demonstrated in elderly populations, further supporting its 
generalizability across various cardiac surgical contexts[10].

Despite their broad validation[9-11], both models face inherent limitations due to their static design, fixed 
variable sets, and inability to adjust to evolving intraoperative or postoperative conditions. Age and 
procedural complexity represent common sources of poor calibration. Kuplay et al. observed that in 
octogenarians undergoing cardiac surgery, EuroSCORE II tended to overpredict mortality in elective cases, 
while STS underestimated risk in urgent procedures and combined interventions[12]. These findings raise 
concerns about the generalizability of standard models to frail or borderline surgical candidates. Structural 
predictors, such as right ventricular dysfunction, pulmonary hypertension, and left atrial enlargement, are 
often overlooked in traditional risk scores. Espinoza Romero et al. proposed a staging model based on 
structural cardiac deterioration, demonstrating improved prognostic accuracy in patients undergoing 
surgical aortic valve replacement compared to both EuroSCORE II and STS[13]. Another limitation is the 
exclusion of intraoperative and early postoperative variables, which significantly impact clinical trajectories. 
Prins et al. emphasized that factors such as cardiopulmonary bypass duration, bleeding, and rhythm 
disturbances are unaccounted for in classical models, although they substantially influence short- and mid-
term outcomes[14].

Moreover, existing models show reduced performance when applied to MICS. In these procedures, 
characterized by lower physiological impact but higher technical variability, classical scores may 
overestimate risk, as they were calibrated on populations undergoing conventional sternotomy[15].

Long-term predictive ability is also limited. Most traditional models are validated for in-hospital or 30-day 
mortality but do not reliably estimate outcomes such as late survival, reintervention, or functional recovery. 
These endpoints are increasingly relevant in contemporary practice, particularly for patients with stable 
chronic coronary syndromes. From a methodological standpoint, conventional scores rely on logistic 
regression, which limits their ability to capture non-linear associations or complex variable interactions. 
Argus et al. pointed out that these statistical frameworks, while interpretable and standardized, lack the 
flexibility needed to incorporate multimodal clinical data[16].

Finally, the rigidity of classical scores hinders personalization. As healthcare shifts toward precision 
medicine, there is an increasing need for dynamic models that adapt to patient variability, procedural 
innovation, and evolving intraoperative findings. ML algorithms, capable of integrating large-scale data and 
refining predictions over time, represent a promising alternative to traditional tools.

AI FOR PREOPERATIVE RISK PREDICTION
In recent years, AI has rapidly emerged as a transformative tool in cardiovascular medicine, offering 
promising alternatives to traditional risk scores through enhanced accuracy, adaptability, and 
personalization. In the context of cardiac surgery, AI-based models are being increasingly explored for 
preoperative risk prediction, aiming to overcome the limitations of conventional scoring systems such as 
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EuroSCORE II and STS[17]. AI algorithms can dynamically incorporate large, heterogeneous datasets - 
including imaging, laboratory markers, and intraoperative data - and continuously improve through 
iterative learning[18].

One of the earliest and most impactful applications of AI in cardiac surgery has been the development of 
ML models for mortality prediction. These models use complex computational methods - such as random 
forests, gradient boosting, and deep neural networks - to identify non-linear relationships between variables, 
which are often missed by traditional logistic regression approaches. In a retrospective study including over 
45,000 patients undergoing major cardiac surgery, a ML ensemble model significantly outperformed 
EuroSCORE II in predicting both in-hospital and 30-day mortality, with a higher area under the curve[19].

Similarly, another multicenter analysis employed supervised learning techniques, including random forest 
and support vector machines, to build predictive models for postoperative mortality and acute kidney 
injury. These models demonstrated strong discriminative power and calibration, particularly when 
incorporating novel variables such as preoperative hemoglobin, intraoperative hemodynamics, and 
intensive care unit (ICU) lab trends[20].

One of the major advantages of AI in this domain lies in its ability to personalize risk prediction at the 
patient level. Traditional scores assign risk based on broad population averages, often failing to capture 
subtle physiological patterns. In contrast, AI models can integrate granular variables - such as frailty indices, 
left atrial volume, systemic inflammation markers, or medication profiles - and generate predictions specific 
to the individual case. A study using DL to predict operative mortality in patients undergoing valvular 
surgery showed that even in moderate-risk populations, the AI model could detect critical interactions 
between comorbidities and procedural variables that were not weighted in standard scores[21]. Another 
significant application has been in the prediction of specific complications beyond mortality. For example, 
ML models have been used to forecast the risk of postoperative atrial fibrillation, prolonged ventilation, and 
stroke. In a cohort of 10,000 patients undergoing CABG or valve procedures, a gradient boosting model 
integrating over 100 preoperative features achieved higher accuracy in predicting new-onset atrial 
fibrillation compared to existing clinical models[22].

AI-based tools have also shown promise in enhancing risk stratification in high-risk or underrepresented 
populations, where traditional scores underperform. This includes elderly patients, those undergoing 
minimally invasive or redo surgery, and individuals with multiple comorbidities. In these settings, the 
flexibility of AI to reweight and reprioritize predictors based on the training dataset enables more nuanced 
decision-making. In one study focused on geriatric cardiac surgery patients, a neural network model 
demonstrated superior discrimination in predicting composite outcomes including mortality, stroke, and 
renal failure, compared to EuroSCORE II[23].

An important methodological advance facilitated by AI is the integration of multimodal data sources into 
predictive models. In traditional scoring systems, most variables are manually selected and limited to 
clinical and demographic fields. In contrast, AI systems can ingest large volumes of imaging data [e.g., 
echocardiography, computed tomography (CT) angiography], laboratory values, electronic health record 
(EHR)-derived parameters, and even wearable device data. A recent pipeline incorporated left ventricular 
strain data and CT coronary calcium scoring into a model predicting early mortality and demonstrated 
significant improvement in calibration metrics[24].
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Beyond predictive performance, AI systems are increasingly explored for their capacity to support dynamic 
risk reassessment throughout the perioperative course. In particular, integration with EHRs and real-time 
anesthetic monitoring allows continuous updating of clinical parameters, facilitating early detection of 
hemodynamic instability or organ dysfunction. Unlike traditional scores, which are fixed at baseline, AI-
driven tools can adapt to evolving patient trajectories, adjusting risk profiles based on intraoperative events 
and postoperative trends. Such systems have already been implemented in anesthesia for real-time 
surveillance and physiological modeling, demonstrating improved accuracy in patient monitoring and 
decision-making[25].

AI IN MICS
MICS presents unique technical challenges due to limited visual and manual access, making it an ideal 
candidate for AI integration to enhance visualization, planning, navigation, and intraoperative decision-
making.

In the preoperative phase, AI has enabled the development of three-dimensional anatomical reconstructions 
derived from high-resolution CT or magnetic resonance imaging datasets. These reconstructions, powered 
by ML algorithms, assist the surgical team in mapping individualized access routes and anticipating 
technical difficulties, thereby reducing operative time and enhancing control over procedural variables that 
impact risk[26].

Intraoperatively, computer vision (CV) and DL have been used to support surgeons by recognizing and 
segmenting anatomical landmarks in real time. This technology, initially applied in laparoscopic 
procedures, is now being extended to thoracoscopic and robotic-assisted cardiac surgeries. Algorithms 
trained on surgical video frames can assist in identifying key structures such as coronary arteries, valves, and 
conduction pathways. This has the potential to minimize errors caused by limited visual exposure or 
anatomical variation[27]. A major leap in this field is the development of AI-based surgical navigation 
systems. These systems integrate real-time video feeds with augmented reality (AR) overlays, highlighting 
anatomical structures or danger zones during dissection. In robotic MICS, where precision and spatial 
orientation are critical, such technology could augment surgeon performance and safety. While still under 
evaluation, early prototypes show promise in enhancing intraoperative awareness and reducing adverse 
events[28,29].

In addition to assisting during surgery, AI has demonstrated value in evaluating surgical skills. Video-based 
analysis combined with supervised learning can quantify surgical performance across domains such as 
tissue handling, dissection quality, and efficiency. These tools are being explored for training and 
certification purposes in endoscopic and robotic surgery. A standardized AI score, such as the “AI 
confidence score (AICS)”, has shown correlation with expert evaluations, opening the door to objective 
assessment in MICS[30].

Another important area of application is the prediction of intra- and postoperative complications. ML 
models trained on patient and procedural data have been used to forecast outcomes such as bleeding, 
arrhythmias, or prolonged ventilation following minimally invasive valve or bypass procedures. These 
models can assist clinicians in tailoring postoperative management and identifying high-risk patients who 
might benefit from more intensive monitoring[31]. Despite these advances, several technical and systemic 
barriers remain. Many AI models still face challenges in generalizability, especially when applied to varying 
camera types, surgical instruments, and patient populations. Moreover, intraoperative AI must contend 
with dynamic visual disturbances such as smoke, mist, or blood, which can obscure critical structures. This 
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limits the accuracy of recognition models and highlights the need for robust datasets and adaptive 
algorithms[32].

The integration of robotic systems has further fueled interest in data-driven innovation. Unlike manual 
surgery, robotic platforms inherently collect kinematic and force data during procedures, creating a rich 
foundation for AI-driven analysis. These data streams can be used not only for skill evaluation but also for 
real-time error detection and workflow optimization. The feedback loop between robotic manipulation and 
AI interpretation opens possibilities for partially autonomous surgical steps in the future[33].

Commercial platforms are also beginning to enter this space. Tools such as Touch Surgery and Crowd-
Sourced Assessment of Technical Skills (C-SATS) offer cloud-based video analysis, procedural mapping, 
and peer review, bringing AI-supported evaluation into clinical environments. While these platforms are 
currently more established in general or laparoscopic surgery, efforts are underway to tailor their 
functionality to the cardiac and thoracic domains[23]. Ethical and regulatory considerations are also crucial in 
the adoption of AI in MICS. Many models function as “black boxes”, limiting transparency in their 
decision-making processes. This lack of interpretability can hinder clinician trust and regulatory approval. 
Efforts are being made to improve model explainability and align AI outputs with clinically accepted 
rationale, especially in high-stakes settings such as cardiac surgery[22].

A summary of selected AI applications in MICS is provided in Table 1.

CHALLENGES AND FUTURE DIRECTIONS
Despite the substantial promise of AI enhancing perioperative decision-making and technical precision in 
MICS, numerous challenges must be addressed before these tools can achieve widespread clinical 
integration. One of the foremost limitations is the quality, completeness, and representativeness of the data 
used to develop predictive models. Many current AI applications are trained on retrospective datasets from 
single centers, often reflecting specific surgical populations, protocols, and technologies. This restricts the 
external validity of models when applied in real-world contexts that differ from their development 
environment, particularly in the heterogeneous field of MICS, where procedural variability is high[33]. In 
addition to data issues, interpretability remains a critical obstacle. A large proportion of high-performing 
models rely on DL architectures that operate as black boxes, generating accurate but opaque outputs. In a 
clinical environment that demands accountability, traceability, and understanding, the absence of 
transparent decision pathways undermines clinician confidence and limits practical utility[34]. This has 
fueled interest in the development of explainable AI (XAI), which seeks to make complex predictions 
intelligible to human users. However, current XAI methods remain largely experimental and have yet to be 
robustly validated in cardiac surgical applications. Another significant challenge is the integration of AI into 
existing clinical workflows. Implementation often necessitates not only software infrastructure, but also 
hardware upgrades, user training, and reconfiguration of perioperative routines. These requirements can be 
resource-intensive and logistically complex, especially in low-volume centers or health systems with limited 
digital integration. Furthermore, surgical AI systems must interface with imaging, monitoring, and robotic 
platforms in real time - an operational feat that is rarely trivial[35].

Beyond the technical dimension, the intraoperative environment poses unique stressors to AI reliability: 
dynamic fields, occlusion by instruments, motion artifacts, and variable lighting conditions can reduce the 
accuracy of real-time recognition systems. In MICS, where visual access is already limited, such degradation 
in performance may compromise safety rather than enhance it[36]. Equally important are the regulatory and 
clinical validation gaps. While retrospective studies frequently show superior discrimination of AI models 
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Table 1. Selected applications of AI in MICS

Application area Clinical relevance Key references

Preoperative evaluation Enhances risk prediction beyond EuroSCORE/STS, with personalized stratification [19,20]

Surgical planning Supports access route definition via imaging-based 3D reconstructions [21,26]

Intraoperative guidance Enables anatomical recognition and augmented navigation in thoracoscopic/robotic MICS [27,31]

Skill assessment and feedback Provides objective evaluation from surgical video and robotic kinematics [30,32]

Implementation challenges Data heterogeneity, workflow disruption, lack of prospective validation [33-35]

AI: Artificial intelligence; MICS: minimally invasive cardiac surgery; EuroSCORE: European System for Cardiac Operative Risk Evaluation; STS: 
Society of Thoracic Surgeons; 3D: three-dimensional.

over traditional risk scores, very few tools have undergone prospective testing in large multicenter trials. 
Without such validation, these models cannot be credibly endorsed in guidelines or approved for use as 
decision-support systems in high-stakes environments such as cardiac surgery[37]. The ethical and medico-
legal implications of AI use also remain unresolved. There is currently no clear consensus on accountability 
in the event of adverse outcomes linked to AI-guided recommendations, nor are patients routinely 
informed that their care may be partially influenced by algorithmic systems. This lack of transparency raises 
concerns about informed consent and medical liability. In parallel, data governance and privacy are major 
concerns, especially when large datasets are used to train centralized or commercial models. The risk of 
patient re-identification, misuse of sensitive data, or algorithmic bias based on sociodemographic variables 
is non-negligible[38]. Lastly, cultural resistance within the surgical community may act as a barrier in itself. 
Surgeons, anesthesiologists, and clinical teams have deeply rooted practices and rely heavily on clinical 
intuition and experiential judgment. The introduction of algorithmic tools - particularly those perceived as 
intrusive, opaque, or prescriptive - may be met with skepticism or even rejection unless accompanied by 
rigorous education and evidence of benefit. To overcome these challenges, the next phase of development 
should prioritize interdisciplinary collaboration, ensuring that AI systems are designed with clinicians, 
validated in diverse environments, explained in accessible terms, and embedded within the operative culture 
without disrupting the essential human dimension of surgical care[39,40].

IMPROVING VIDEO-BASED AI SKILL ASSESSMENT TOOLS
To enhance the robustness and clinical relevance of video-based AI models such as AICS, several strategies 
should be prioritized. First, the creation of large, annotated, and multicenter surgical video datasets is 
essential. These should ideally include contributions from surgeons with diverse experience levels and 
procedural styles, in order to capture real-world variability and minimize bias. The current literature shows 
that most existing studies rely on small, single-center datasets, often lacking detailed annotation protocols 
or inter-rater validation, which limits generalizability[41]. Second, expert-derived consensus metrics - such as 
precision in tissue handling, clarity of anatomical dissection, and procedural fluidity - should be used to 
guide model training and evaluation, ensuring that AI systems align with clinically meaningful standards[24]. 
Lastly, AI models must be trained with technical heterogeneity in mind: incorporating variations in surgical 
techniques, instruments, and institutional workflows can increase model adaptability and fairness across 
different MICS settings. This approach would not only improve reproducibility but also promote equity in 
access to advanced AI tools, regardless of a center’s volume or technological infrastructure[42,43].

ETHICAL AND EQUITY CONSIDERATIONS IN SURGICAL AI
The integration of AI into MICS raises concrete and well-documented ethical and equity challenges. First, 
algorithmic opacity remains a critical barrier. As many high-performing AI models rely on DL 
architectures, their decision processes are often unintelligible to clinicians and patients alike. This lack of 
interpretability may erode trust, limit shared decision-making, and complicate liability attribution in case of 
adverse events[44].
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Bias in training data is equally concerning. Even minor imbalances in demographic or procedural 
representation can lead to skewed outputs that disadvantage specific subgroups. In MICS, where anatomical 
access, surgical technique, and perioperative protocols vary substantially across centers and patient 
populations, such biases are not only likely but also clinically relevant[45,46]. Without systematic efforts to 
ensure dataset diversity, AI tools risk reinforcing structural disparities in surgical outcomes.

Financial and infrastructural limitations further complicate equitable deployment. Most AI platforms 
require advanced imaging, cloud-based data integration, and dedicated personnel - resources not 
universally available. As a result, the implementation of AI-enhanced MICS workflows may be feasible only 
in well-funded, high-volume centers, creating an uneven landscape of access and benefit[47].

Moreover, recent literature warns that AI may shift the ethical focus of care. By embedding assumptions 
about ideal surgical behavior or outcomes, AI systems risk reconfiguring the role of the surgeon into that of 
a passive executor, potentially displacing clinical judgment with prescriptive algorithmic norms[48]. This 
technological framing can introduce subtle pressures toward conformity, rather than personalization of 
care.

To mitigate these risks, future development must prioritize interpretability, dataset equity, and 
implementation models that are both cost-sensitive and adaptable across diverse clinical environments[49].

CONCLUSION
The convergence of MICS and AI represents a pivotal frontier in the evolution of cardiac care. Traditional 
risk prediction models such as EuroSCORE II and the STS score have played a foundational role in guiding 
surgical decision-making for decades. However, as cardiac surgery becomes increasingly nuanced, especially 
in the context of minimally invasive approaches, the limitations of these classical tools - rigid structures, 
static inputs, and poor adaptability to real-time change - have become more apparent. AI offers a paradigm 
shift: by leveraging ML, DL, and advanced data integration, it enables dynamic, personalized, and 
continuously learning systems that can enhance preoperative assessment, intraoperative precision, and 
postoperative management.

In this review, we have highlighted how AI-based models outperform conventional scores in predictive 
accuracy, particularly in complex and high-risk populations, and how their applications extend beyond 
mortality to include complications, functional outcomes, and even skill evaluation. Within the MICS 
landscape, AI is already demonstrating value in imaging reconstruction, surgical planning, video 
annotation, and real-time navigation. These tools are not merely augmenting human capacity - they are 
redefining what is technically feasible and operationally safe in modern cardiac surgery. Yet the road ahead 
is not without obstacles. Data heterogeneity, model opacity, integration complexity, ethical uncertainty, and 
regulatory ambiguity all present formidable challenges that must be addressed through rigorous research, 
transparent methodologies, and interdisciplinary collaboration. If AI is to truly become an ally in the 
surgical suite, it must be explainable, validated, interoperable, and trusted - not just by developers and 
institutions, but by the clinicians who will ultimately bear responsibility for its application. The integration 
of AI spans the entire perioperative continuum in MICS, enhancing risk prediction and clinical decision-
making at each stage [Figure 1].
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Figure 1. AI-enhanced perioperative pathway in MICS. AI contributes across the surgical timeline. AI contributes at multiple stages: 
during preoperative planning, AI supports patient selection and imaging-based risk stratification; in intraoperative guidance, CV and AR 
assist anatomical recognition and robotic navigation; in complication prediction, ML models integrate patient and procedural data to 
forecast adverse events; and in postoperative management, AI-driven monitoring tools help optimize recovery, personalize follow-up, 
and improve long-term outcomes. Together, these components illustrate how AI can provide continuous, data-driven support across 
the surgical timeline in MICS. AI: Artificial intelligence; MICS: minimally invasive cardiac surgery; CV: computer vision; AR: augmented 
reality; ML: machine learning.

The future of cardiac surgery will not be shaped by technology alone, but by the ability to integrate that 
technology into workflows that are humane, ethical, and clinically sound. As we stand at the intersection of 
surgical innovation and computational intelligence, the goal is not to replace the surgeon’s judgment, but to 
refine it - to provide decision-making tools that are not only faster or more precise, but wiser. With 
continued progress and a commitment to clinical relevance, AI may not only support MICS - it may help 
define its next era.
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