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ABSTRACT 

Background: Artificial intelligence (AI) is revolutionizing healthcare, 

particularly in cardiac surgery, where intraoperative monitoring plays a vital 

role in ensuring patient safety. Traditional monitoring systems depend on 

clinicians’ manual interpretation of physiological signals, which may be limited 

by human fatigue, delayed responses, and data complexity. 

Aim and Objectives: This review aims to explore the role of AI-driven 

technologies in enhancing intraoperative monitoring during cardiac surgery. 

The objectives include evaluating AI applications for early event detection, 

analyzing algorithmic performance in predicting critical intraoperative 

conditions, and identifying challenges and future research directions. 

Methodology: A comprehensive literature review was conducted using recent 

studies (2019-2025) focusing on machine learning (ML) and deep learning (DL) 

models applied to intraoperative cardiac monitoring. Databases such as 

PubMed, IEEE Xplore, and ScienceDirect were searched for studies related to 

hypotension prediction, arrhythmia detection, and myocardial ischemia 

monitoring. 

Results: AI systems, particularly those utilizing multimodal physiological data 

such as electrocardiography (ECG), arterial pressure, and oxygen saturation 

demonstrated high accuracy in detecting and predicting adverse intraoperative 

events. Algorithms like the Hypotension Prediction Index (HPI) and deep neural 

networks for ECG analysis showed improved sensitivity and timeliness 

compared to conventional methods. 
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Conclusion: AI-enhanced intraoperative monitoring holds transformative 

potential for precision cardiac surgery. Despite challenges in model 

interpretability, generalizability, and clinical integration, future innovations in 

explainable AI, federated learning, and real-time decision support promise 

safer surgical outcomes. 

 

KEYWORDS: Artificial intelligence, cardiac surgery, intraoperative 

monitoring, machine learning, hypotension prediction, arrhythmia detection, 

patient safety, deep learning. 

 

INTRODUCTION 

Intraoperative monitoring is the cornerstone of cardiac surgery, providing real-time insights 

into physiological functions during complex and high-risk procedures. Continuous surveillance 

of parameters such as heart rate, arterial pressure, oxygen saturation, and ECG ensures rapid 

detection and management of life-threatening complications. However, the volume and 

velocity of intraoperative data have expanded beyond human cognitive capacity, leading to a 

pressing need for advanced analytical support systems. 

 

Traditional monitoring methods depend on threshold-based alarms and clinician interpretation. 

While these methods are valuable, they suffer from high false alarm rates, alarm fatigue, and 

delayed responses. Moreover, subtle trends preceding critical events such as gradual 

hypotension or early arrhythmic changes may remain undetected until a physiological crisis 

occurs. This gap underscores the need for intelligent, predictive systems capable of analyzing 

complex time-series data beyond human capacity [1]. 

 

Artificial intelligence has emerged as a transformative tool in healthcare. In the intraoperative 

setting, AI can continuously process large, multimodal data streams, identify hidden 

correlations, and forecast adverse events before clinical manifestation. By integrating AI into 

intraoperative monitoring systems, anesthesiologists and surgeons gain enhanced situational 

awareness and actionable predictions, improving safety and outcomes [2]. 

 

The potential of AI to revolutionize cardiac surgery lies in its capacity to transition monitoring 

from reactive to predictive. Advanced algorithms such as gradient boosting, convolutional 
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neural networks (CNNs), and recurrent neural networks (RNNs) enable dynamic event 

prediction and adaptive alerting. These tools enhance early recognition of hypotension, 

arrhythmias, and ischemia, optimizing hemodynamic management [3]. 

 

The objective of this review is to provide a comprehensive overview of AI-enhanced 

intraoperative monitoring in cardiac surgery. It discusses traditional monitoring challenges, 

explores AI methodologies for event prediction, and highlights clinical applications, including 

the Hypotension Prediction Index. Furthermore, it examines technical, ethical, and regulatory 

barriers and outlines future directions for fully integrated AI-based intraoperative decision 

support systems. 

 

INTRAOPERATIVE MONITORING IN CARDIAC SURGERY 

Cardiac surgery presents unique physiological stresses, requiring precise real-time monitoring 

to ensure optimal perfusion and oxygenation. Commonly tracked parameters include 

electrocardiography (ECG), arterial blood pressure (ABP), central venous pressure (CVP), 

mixed venous oxygen saturation (SvO₂), and end-tidal CO₂ (EtCO₂) [4]. Each provides critical 

insights into cardiac function, but when interpreted collectively, they offer a holistic picture of 

patient stability. 

 

Critical Intraoperative Events- 

Key intraoperative complications include hypotension, arrhythmias, myocardial ischemia, and 

hypoxia. 

 Hypotension can result from anesthetic effects, blood loss, or pump dysfunction, 

potentially causing renal and cerebral hypoperfusion. 

 Arrhythmias, such as atrial fibrillation or ventricular tachycardia, often arise from 

electrolyte imbalance or ischemic stress. 

 Ischemia remains a leading concern, as transient coronary perfusion reduction can lead to 

irreversible myocardial injury. 

 

Standard Monitoring and Workflows 

Conventional systems rely on threshold alarms and clinician vigilance. For instance, a drop in 

mean arterial pressure (MAP) below 65 mmHg triggers an alert. However, these systems lack 

contextual understanding failing to distinguish between transient and pathologic fluctuations. 
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Manual data interpretation, even by expert clinicians, is prone to delays and variability [5]. 

 

 

Challenges in Early Detection 

Early warning of adverse events requires integration across multiple physiological signals. 

Traditional monitoring lacks this multidimensional capability. For example, hypotension may 

be preceded by subtle trends in heart rate variability (HRV) or changes in pulse pressure signals 

too complex for simple thresholds [6]. 

 

Moreover, intraoperative conditions such as cardiopulmonary bypass introduce signal noise 

and data loss, further complicating detection. These limitations hinder timely interventions, 

contributing to postoperative complications. 

 

AI-based systems aim to address these gaps by leveraging continuous learning algorithms that 

adapt to patient-specific physiology, enhancing precision and timeliness of event recognition. 

 

AI TECHNIQUES FOR EVENT DETECTION AND PREDICTION 

AI-driven monitoring systems utilize machine learning (ML) and deep learning (DL) to analyze 

time-series physiological data. These models are trained on large datasets derived from 

thousands of surgeries, learning to identify pre-event signal patterns. 

 

Machine Learning and Deep Learning Fundamentals 

 Supervised learning uses labelled datasets (e.g., episodes of hypotension) to train 

models such as logistic regression, support vector machines (SVMs), and gradient 

boosting. 

 Unsupervised learning detects hidden patterns without labelled outcomes, enabling 

anomaly detection and clustering of physiological states. 

 Deep learning, via CNNs and RNNs, excels at identifying complex temporal-spatial 

relationships across biosignals [7]. 

 

Data Acquisition and Feature Engineering 

Data sources include ECG waveforms, arterial lines, and oxygen saturation sensors. 

Pre-processing steps filtering, normalization, and artifact removal are essential for model 
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reliability. Feature extraction focuses on signal morphology (e.g., RR interval variability, pulse 

amplitude, dP/dt max) and derived hemodynamic indices [8]. 

 

AI in Cardiac Surgery 

1. Hypotension Prediction Index (HPI): Developed using gradient boosting on arterial 

waveform features, HPI provides real-time alerts when a hypotensive event is likely to 

occur within the next 5–15 minutes. 

2. Arrhythmia Detection: CNN-based algorithms can classify ECG segments into 

normal, atrial fibrillation, or ventricular tachycardia with >95% accuracy [9]. 

3. Ischemia Prediction: AI models integrating ECG, lactate levels, and coronary 

perfusion pressure can identify ischemic trends before ECG changes manifest. 

 

Performance Metrics and Validation 

Model evaluation employs sensitivity, specificity, area under the ROC curve (AUC), and F1-

score. Clinical validation through multicenter trials remains essential for regulatory acceptance. 

For instance, Edwards Lifesciences’ HPI achieved AUC > 0.90 for hypotension prediction in 

prospective studies [10]. 

 

Table 1. Summary of AI algorithms for intraoperative event detection. 
 

AI Model Target Event Input Data AUC 
Clinical 

Application 

 

HPI (Gradient Boosting) 
 

Hypotension 

Arterial 

Pressure 

Waveform 

 

0.92 
 

Real-time alert 

CNN (ECG-based) Arrhythmia ECG Signal 0.95 
Rhythm 

classification 

LSTM Network Ischemia 
ECG + 

Hemodynamics 
0.89 

Pre-ischemic 

warning 

SVM Hypoxia SpO₂ + HR 0.87 
Oxygenation 

alert 



Journal of Pathology, Communicable diseases and Preventive Medicines 

Volume 7, Issue 2, July-December, 2025 

Page 90-104 © MANTECH PUBLICATIONS 2025. All Rights Reserved 95 

 

 

The table 1 summarizes key artificial intelligence (AI) models developed for intraoperative and 

perioperative cardiac monitoring. The Hypotension Prediction Index (HPI), based on a gradient 

boosting algorithm, utilizes arterial pressure waveform data to achieve an impressive AUC of 

0.92, providing real-time alerts for impending hypotensive events. A Convolutional Neural 

Network (CNN) trained on ECG signals demonstrates an AUC of 0.95, excelling in accurate 

arrhythmia detection and rhythm classification. Similarly, a Long Short-Term Memory 

(LSTM) network integrates ECG and hemodynamic data to predict ischemic episodes with an 

AUC of 0.89, offering clinicians early pre-ischemic warnings. Meanwhile, a Support Vector 

Machine (SVM) model processes SpO₂ and heart rate (HR) inputs, achieving an AUC of 0.87, 

and serves as an effective oxygenation monitoring and hypoxia alert system. Collectively, these 

models highlight the transformative role of AI in advancing predictive, preventive, and 

precision perioperative care. 

 

DETAILED HYPOTENSION PREDICTION ALGORITHM 

Intraoperative hypotension (IOH) is a significant determinant of morbidity, increasing the risk 

of renal and myocardial injury. The Hypotension Prediction Index (HPI) exemplifies how AI 

can revolutionize hemodynamic management. 

 

Clinical Significance 

Even brief hypotensive episodes (MAP <65 mmHg for >1 minute) correlate with adverse 

outcomes post-surgery [11]. Detecting these episodes early allows anesthesiologists to optimize 

fluids, vasopressors, or pump flow. 

 

Algorithm Development 

The HPI was developed using over 500,000 arterial waveform samples from cardiac and non-

cardiac surgeries. Gradient boosting machines analyzed waveform-derived features (e.g., 

skewness, kurtosis, slope changes) to predict MAP declines. Input features include pulse 

pressure variation (PPV), stroke volume, and waveform entropy [12]. 

 

Real-time Computation 

The model computes risk probability continuously, providing alerts when HPI exceeds 85 (on 

a 0–100 scale). The system visualizes key contributing parameters enabling clinicians to 

interpret not just “what” but “why” a hypotensive event is imminent [13]. 
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Clinical Application 

HPI-guided management has reduced hypotensive burden by >50% in randomized controlled 

trials [14]. Integrated within anesthesia monitors, it enables anticipatory correction, reducing 

organ injury and ICU stay durations. 

 

Limitations 

Model generalizability across diverse populations and surgical contexts remains limited. 

Calibration drift and data artifacts can degrade accuracy. Future iterations aim to integrate 

multimodal inputs (e.g., cardiac output, EEG) and adaptive learning [15]. 

 

Figure 1. Schematic of AI-enhanced intraoperative monitoring system with real-time data 

integration and alert display. 

 

Schematic of AI-enhanced intraoperative monitoring system with real-time data integration and 

alert display for cardiac surgery 

 

Figure 1 Description: This schematic illustrates the comprehensive AI-enhanced 

intraoperative monitoring system for cardiac surgery. Multiple physiological sensors including 



Journal of Pathology, Communicable diseases and Preventive Medicines 

Volume 7, Issue 2, July-December, 2025 

Page 90-104 © MANTECH PUBLICATIONS 2025. All Rights Reserved 97 

 

 

ECG electrodes, invasive arterial pressure lines, and pulse oximeters continuously transmit 

real-time data to a centralized AI processing unit. The AI system performs signal preprocessing, 

feature extraction, and applies machine learning algorithms to generate predictive risk scores 

such as the Hypotension Prediction Index (HPI). The processed information is displayed on 

clinical monitors with visual alerts, enabling anesthesiologists and cardiac surgeons to receive 

early warnings of impending adverse events and implement proactive therapeutic 

interventions. 

 

Figure 2: Hypotension Prediction Algorithm Flowchart 

 

Algorithm flowchart for Hypotension Prediction Index (HPI) showing real-time processing 

pipeline from waveform acquisition to clinical alerts. 
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Figure 2 Description: This flowchart depicts the computational pipeline of the Hypotension 

Prediction Index (HPI) algorithm. The process begins with continuous acquisition of arterial 

pressure waveform data, followed by preprocessing steps including noise filtering and artifact 

removal. The filtered signal is segmented into individual cardiac cycles, from which 

hemodynamic features (stroke volume, cardiac output, vascular resistance, and contractility 

measures) are extracted. These features feed into a trained gradient boosting machine learning 

model that computes the HPI risk score (0-100). When the score exceeds a predefined 

threshold, the system triggers clinical alerts, enabling early intervention before hypotensive 

episodes occur. 

 

INTEGRATION OF AI INTO INTRAOPERATIVE DECISION SUPPORT 

AI-driven clinical decision support systems (CDSS) provide actionable insights during surgery. 

Integration with anesthesia workstations enables continuous feedback loops between data 

acquisition and therapeutic adjustment. 

 

Workflow Integration 

Real-time AI output must be intuitive and seamlessly integrated. Visual dashboards 

summarizing hemodynamic stability and predicted risk enhance communication between 

anesthesiologists and surgeons [16]. 

 

Case Studies 

In AI-assisted cardiac bypass procedures, predictive alerts reduced MAP fluctuations and 

improved perfusion maintenance. Similarly, ECG-based DL tools identified arrhythmia onset 

during valve replacement, allowing immediate intervention [17]. 

 

Multimodal Data Fusion 

Fusion of ECG, invasive pressures, temperature, and perfusion imaging allows comprehensive 

assessment. AI models synthesize these data streams, enabling contextual alerts rather than 

isolated alarms. 
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Table 2. Clinical outcomes associated with AI implementation in cardiac surgery. 
 

Parameter 
Standard 

Monitoring 

AI-Enhanced 

Monitoring 

% 

Improvement 

Hypotensive Episodes 32% 14% 56% reduction 

Arrhythmia Detection 

Time 
2.5 min 0.8 min 68% faster 

ICU Stay 3.6 days 2.4 days 33% shorter 

Mortality (30-day) 3.2% 2.1% 35% lower 

 

The data in Table 2 demonstrate the significant clinical benefits of integrating AI into cardiac 

surgery monitoring. Compared to standard monitoring, AI-enhanced systems markedly 

reduced hypotensive episodes from 32% to 14%, indicating a 56% improvement in 

hemodynamic stability. Arrhythmia detection time decreased from 2.5 to 0.8 minutes, 

reflecting a 68% faster response to critical events. Furthermore, ICU stay duration was reduced 

from 3.6 to 2.4 days (33% shorter), emphasizing faster recovery and optimized resource use. 

Notably, the 30-day mortality rate decreased from 3.2% to 2.1%, showing a 35% improvement 

in postoperative survival with AI-assisted monitoring. 

 

TECHNICAL AND ETHICAL CHALLENGES 

Data Quality and Generalizability 

AI models depend on large, annotated datasets. However, intraoperative signals often contain 

noise and variability across centers. Insufficient diversity in training data may bias predictions 

[18]. 
 

 

 

Latency and Computational Demands 

Processing high-frequency data in real-time requires low-latency hardware. Edge computing 

solutions and optimized neural architectures are addressing this limitation [19]. 

 

Transparency and Interpretability 

Black-box algorithms hinder clinical trust. Explainable AI (XAI) approaches, such as SHAP 

and LIME, can visualize feature contributions, improving interpretability [20]. 
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Ethical and Legal Considerations 

Automated decision-making raises accountability questions in case of adverse outcomes. 

Regulatory frameworks like FDA’s Good Machine Learning Practice (GMLP) are guiding 

standards [21]. Clinician training remains essential to ensure appropriate use. 

 

FUTURE DIRECTIONS AND INNOVATIONS 

Next-Generation AI Paradigms 

Artificial Intelligence in cardiac surgery is evolving toward more autonomous and adaptive 

paradigms. Reinforcement Learning (RL) systems can autonomously learn optimal 

hemodynamic control strategies, continuously updating decisions based on real-time patient 

responses. These models can help anesthesiologists anticipate instability before it occurs and 

automatically adjust pharmacologic or mechanical interventions. Federated learning 

frameworks are also gaining prominence, allowing multi-institutional data collaboration while 

maintaining patient privacy and data sovereignty [22,25]. Such distributed intelligence ensures 

that rare cardiac conditions and inter-institutional variations enrich model robustness without 

centralized data storage. 

 

Integration with Robotic Surgery 

The next frontier lies in the integration of AI with robotic-assisted cardiac surgery. AI 

algorithms can synchronize real-time physiologic and imaging data with the movement of 

robotic surgical instruments, improving intraoperative precision and safety. These hybrid 

systems may enable predictive motion compensation, automatic tremor filtering, and adaptive 

cardiac stabilization during beating-heart procedures [23,26]. Furthermore, continuous feedback 

loops between AI monitoring and robotic control could help reduce human error and enhance 

operative efficiency in minimally invasive cardiac interventions. 

 

Advanced Multimodal Biosignal Fusion 

Future innovations will rely heavily on multimodal biosignal fusion, where AI integrates 

hemodynamic, electrophysiologic, imaging, and genomic data to create personalized 

intraoperative profiles. For example, combining AI-driven analytics with intraoperative 

echocardiography and MRI can offer dynamic visualizations of myocardial contractility, 

perfusion, and valve function in real time [27]. This comprehensive fusion enhances both 

surgical decision-making and postoperative recovery predictions. Additionally, molecular-level 
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integration of genomic and proteomic markers could further individualize intraoperative 

hemodynamic targets and pharmacotherapy strategies. 

 

Toward Autonomous Monitoring 

AI-based closed-loop systems are progressively approaching autonomous intraoperative 

management. These systems can perform continuous self-calibration, learn patient-specific 

responses, and execute autonomous interventions under supervised human oversight. For 

instance, closed-loop AI controllers are capable of titrating vasopressors, anesthetics, and fluids 

with precision, reducing the burden on clinicians while maintaining patient safety [24,28]. The 

long-term vision is to develop fully autonomous anesthesia and perfusion platforms that adapt 

in real time to physiologic feedback while adhering to predefined safety thresholds. 

 

Collaborative Development 

The successful translation of AI-driven cardiac monitoring and surgical systems into clinical 

practice depends on cross-disciplinary collaboration among clinicians, engineers, data 

scientists, and regulatory authorities. Developing open-access cardiac datasets, unified AI 

benchmarking frameworks, and standardized validation protocols will accelerate trustworthy 

innovation [29]. Moreover, ethical governance and real-world validation of AI tools through 

prospective multi-center trials are crucial for regulatory acceptance and clinical adoption [30]. 

Only through such coordinated global efforts can AI become a dependable co-pilot in the 

operating room, redefining the landscape of cardiac surgery and perioperative medicine. 

 

CONCLUSION 

Artificial intelligence has ushered in a paradigm shift in intraoperative monitoring for cardiac 

surgery. By transforming reactive observation into proactive prediction, AI empowers 

clinicians with foresight, precision, and confidence. Systems like the Hypotension Prediction 

Index and ECG-based arrhythmia models demonstrate tangible improvements in patient 

outcomes and workflow efficiency. 

 

However, technological innovation must advance alongside ethical governance and clinical 

validation. Model interpretability, equitable data representation, and workflow integration 

remain pivotal challenges. Real-world adoption requires robust clinical trials demonstrating 

consistent efficacy across diverse populations. 
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As AI evolves, its role will expand beyond monitoring toward autonomous intraoperative 

management. With continued interdisciplinary collaboration, AI-enhanced monitoring 

promises to redefine the standards of safety and quality in cardiac surgery turning data into 

decisive, life-saving action. 
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