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[bookmark: _Hlk140935241]Introduction 

Artificial Intelligence (AI) systems have slowly, yet steadily ingrained themselves as an integral part of our daily routines in such a way that we sometimes do not even notice their presence. From Siri, to Alexa, to our Netflix movie choices or Amazon choices, AI has entered our homes in a big way. John McCarthy, an American Cognitive scientist along with Minsky, Nathanial Rochester, and Claude E. Shannon, introduced the term “artificial intelligence” at the famous Dartmouth conference, in 1956, where AI became a new field (1). 

Concepts of Artificial Intelligence 

AI is when a machine learns to behave as smartly as a human. It is the machine’s capability to respond in a manner like human intelligence that mimics cognitive functions, such as learning and problem solving. Where humans can be overwhelmed by voluminous and complex data, AI models have the intrinsic capacity to provide valuable insights based on extensive analysis and computation. 

When healthcare related data arrives in increasing volumes from electronic health records (EHR) of multiple healthcare and research centres, at very high velocities it creates an information explosion. The use of AI becomes extremely beneficial in interpreting this Big Data and providing relevant healthcare information (Figure 1). 
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Machine Learning 

Machine learning (ML) is one subcategory of AI, where computer learns from data in order to perform a concrete task through appropriate algorithms by identifying hidden patterns (correlations) without being programmed to do so. ML is defined as a series of mathematical algorithms that enable the machine to “learn” the relationship between the input and output data without being explicitly instructed on how to do so. By broadly classifying ML into supervised, unsupervised, and reinforcement learning, it becomes useful for various clinical applications (2). 

ML is the most widely applied arm of AI in medicine, confers the ability to analyse large volumes of data, find associations, and predict outcomes with ongoing learning by the computer (Figure 2). It involves:
· Algorithm creation
· Testing and analyses
· Ability to perform cognitive functions (association between variables)
· Pattern recognition
· Prediction of outcomes

[image: ]Various ML models have been developed to answer single, relevant clinical questions by using representative data, such as using perioperative data to predict postoperative mortality and postinduction hypotension by analysing preoperative and induction data (3,4). 

Big Data 

Big Data sets are too large or complex sizes are generally beyond the capacity of regularly used software tools to capture and process within an acceptable time limit. It is divided into three parts; Structured, Unstructured, and Semi-Structured Data. Big Data Analytics (BDA) refers to large data volumes that can be generated and processed while being used by digital information systems for making predictive, descriptive, and prescriptive analysis. Advancements in BDA have helped in improved decision-making in critical development areas such as healthcare, job opportunities, state of economy, state security, and predicting natural disaster and optimal resource management.

Clinical applications of AI: The perioperative period 

The suggested areas for AI application in anaesthesia today include risk assessment and clinical treatment strategies. AI supported closed loops have been designed for pharmacological maintenance of anaesthesia and hemodynamic management. Computers are set to become indispensable tools not only for delivery of anaesthetics (example, target controlled infusions, bispectral (BIS) index guided hypnosis, BIS guided autonomous systems, and closed loop fluid management) but also for providing help in day‑to‑day clinical care and decision‑making in anaesthesia. Understanding the use of AI in perioperative management can help the anaesthesiologist in making relevant clinical decisions.

Perioperative Risk assessment and Predictive Models using ML

Peri-operative risk assessment helps to reduce the risk of unexpected complications, achieve a targeted perioperative optimization, curate the anaesthesiologic management, and help provide the patient with a precise informed consent (5-8).

Research is bringing forth the use of ML tools for perioperative risk stratification based on analysis of millions of perioperative data and its analysis to manage expected and unexpected complications.  ML systems could collect a large amount of data and interpret it accurately as the choice of the variable is selected by the model itself, allowing the discovery of new factors and make new interpretations of already known items to predict the risk. Clinical decision support system may therefore become knowledge based with built in algorithms that provides additional and foolproof cognitive aids to the anaesthetist (9). This type of “risk prediction” is especially useful for counselling, optimization, and planning the anaesthetic management of individual cases with rare co‑morbidities and development of warning score systems.

Anaesthesia and perioperative risk assessment appear to be excellent fields to develop and apply ML systems (10,11). Even though validated and routinely used risk scores (12-14) have been created for risk assessment they have their limits mainly due to the lack of tailored predictions. There is new research being done in the field of AI and ML suggesting that predicting perioperative complications can become more accurate and thereby improve patient outcome significantly. In the context of perioperative decision support, Tourani et al used the logistic regression model to understand if the use of intraoperative data improved the performance of 30-day postoperative risk models and found AI helped with risk prediction (15). Brennan et al assessed the accuracy and user-friendliness of the MySurgeryRisk algorithm for preoperative risk assessment. They compared the accuracy of perioperative risk assessment between physicians’ assessment and using the MySurgeryRisk tool, and reported that the algorithm’s predicting ability improved perioperative outcome (16). Several studies evaluated intraoperative variables, as electroencephalography (EEG) pattern, or intraoperative vital signs, for a real-time prediction of overly deep sedation, post-induction, and intraoperative hypotension (17,18). 

The application of ML techniques for creating predictive models of perioperative complications is in continuous expansion and the availability of interpretations and predictions in real time could allow us to enter a new era of anaesthesia, the future is here (19-21). 


Using Big Data Analytics to assess perioperative risk 

Big data was originally associated with three key concepts: volume, variety, and velocity (22). But its analysis presented with challenges in processing and sampling, and thus a fourth concept, “veracity” was introduced. Veracity refers to the insightfulness of the data being collected. Big data analytics refers to the application of predictive analytics, or certain other advanced data analytic methods that extract value from big data. Its use in healthcare is rapidly being researched to improve patient outcome, with an estimated global spending on BDA having reached $215.7 billion in 2021(23). BDA has been used in healthcare for providing clinical risk intervention and predictive analytics (24). The integration of analytical models and big data techniques does pose a challenge in real-time clinical practise due to the complexity of real-time data processing. Therefore, a viable alternative is utilizing data-friendly ML models built on top of various features derived from data engineering approaches (25). By applying these models on a distributed streaming data processing framework, the real-time perioperative risk prediction is calculated after aggregating and transforming the EHR data from different sources (26). 

The recent evolution of BDA techniques makes it possible to develop a real-time platform to dynamically analyse the surgery risk from large-scale patients’ information. Feng Z et al have created an Intelligent Perioperative System (IPS), a real-time system that collects EHR data, performs data integration with variable generation, calculates a surgical risk score prediction and provides the physician with a risk score visualisation (26). 

Clinical applications of Machine Learning in Orthopaedics Surgery 

AI and ML in orthopaedic surgery has gained mass interest over the last decade and the recent use of ML in orthopaedic surgery has focused on clinical decision support such as risk assessment (27). Harris et al, have reported that ML was moderately accurate in predicting 30-day mortality and cardiac complications after elective primary joint replacement (28). The orthopaedic literature shows that ML continuously outperforms more traditional legacy risk-stratification measures such as ASA classification, Charlson Comorbidity Index, and modified 5-item frailty index, in predicting complications following a variety of orthopaedic procedures (29,30).  ML algorithms are also able to identify safe candidates for specific orthopaedic procedures like anterior cervical fusion and discectomy (31). Navarro et al created a valid ML algorithm that predicted the length of stay and costs before planning a primary total knee replacement (32).

In most cases, ML has proven to be just as effective, if not more than prior methods of risk prediction. With the help of deep learning algorithms, such as artificial neural networks (ANN), AI in orthopaedics has been able to improve diagnostic accuracy and speed, bring forth immediate attention of the physician to a critical patient, decrease elements of human error, reduce the strain on healthcare personnel, and improve overall patient care (33). By using ML methods to make more accurate outcome predictions, orthopaedic surgeons can improve their decision-making ability, and plan a more efficient way to utilize healthcare resources such as reduced hospital stay etc (34). The use of ANN allows for the identification of nonlinear patterns making predictions more accurate (35-37).



Conclusion 

The use of these new AI technologies to analyse perioperative complications has been tested in almost all types of surgery (general, cardiac, orthopaedic, neurosurgical, vascular). AI Technologies are becoming more and more prevalent in health-care settings. Both clinical and organizational decision-making processes can take advantage of these technologies. 

ML methods were used mainly to predict the following outcomes: mortality, cardiovascular complications, acute kidney injury, surgical complications, intensive care unit admission, respiratory complications, length of stay, venous thromboembolism, neurological complications, sepsis, pain, and post-operative nausea and vomiting. As stated before, most of studies considered preoperative variables, like demographic, medical history, clinical and laboratory values evaluation, to calculate perioperative risk. 

With its surging trend of interest, AI and ML is expected to see an increase in use with risk assessment, outcomes assessment, imaging, and basic science applications in different fields such as anaesthesia and orthopaedics. Furthermore, because ML and BDA provides physicians the unique opportunity to understand their patients better. Physicians should be trained to use these methods effectively in order to reduce risk of perioperative complications and improve patient care.
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Fig 1. Understanding how Al tools can be used to calculate perioperative risk and complications.
EHR - electronic health records, ML - Machine learning, BDA - Big Data Analysis, ANN - artificial neural network
H1 - Data from healthcare centres H2 - Data from research centres
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Figure 2 - Aspects of Machine Learning Al used in medicine




