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ABSTRACT 
Background: The integration of Artificial Intelligence (AI) and Machine Learning (ML) into anaesthesiology presents 

unprecedented opportunities to enhance perioperative care, optimize drug delivery, and accurately predict clinical 

outcomes. Current clinical paradigms rely heavily on generalized, subjective scoring systems that fail to capture the high-

dimensional, non-linear physiologic changes occurring during surgery. This systematic review and meta-analysis aimed to 

evaluate the clinical efficacy of AI/ML interventions across diverse anaesthesia sub-specialties. Methods: Following 

PRISMA 2020 guidelines, a systematic literature search was conducted across PubMed/MEDLINE, Embase, Scopus, 

Web of Science, and Cochrane CENTRAL for studies published between 1 January 2000 and 1 May 2026. Primary 

clinical studies using AI/ML models for perioperative predictions and randomized controlled trials (RCTs) evaluating 

automated closed-loop delivery systems were included. Risk of bias was assessed using the PROBAST tool for predictive 

machine learning models, the Cochrane RoB 2.0 tool for interventional RCTs, and AMSTAR-2 for previously published 

systematic reviews. Quantitative meta-analysis was performed on overlapping continuous clinical outcomes using 

DerSimonian-Laird random-effects models. Results: From an initial pool of 19,300 articles, 85 primary studies were 

included in the qualitative synthesis, and 18 were included in the quantitative meta-analysis. In preoperative assessment, 

machine learning and deep learning models predicted difficult intubation with accuracies of up to 91.9%, outperforming 

standard clinical scoring systems. For intraoperative management, automated closed-loop delivery systems significantly 

reduced propofol induction doses (Mean Difference [MD] = -0.37 mg/kg; 95% CI [-0.57, -0.17]; P < 0.00001) and 

shortened recovery times (MD = -1.62 min; 95% CI [-2.64, -0.60]; P < 0.0001) compared to manual administration. In 

perioperative risk stratification, ML algorithms applied to electronic health records (EHR) accurately forecasted 1-to-24-

month mortality and major complications such as acute kidney injury (AUC ranging from 0.73 to 0.89). Secondary 

outcomes included the prediction of acute hypotensive events minutes before their onset, objective pain assessment using 

facial expression analysis, and a reduced incidence of paresthesia during ultrasound-guided regional anaesthesia. 

Conclusions: AI algorithms offer robust predictive capabilities and improved precision in anaesthetic drug delivery, 

frequently outperforming traditional human-derived risk-scoring models and manual drug titration. However, widespread 

clinical implementation remains hindered by a lack of prospective, multi-center external validation and the inherent "black 

box" nature of deep neural networks. PROSPERO registration number: CRD420261329257. 

 

Keywords: Artificial intelligence, Machine learning, Deep learning, Anaesthesia, Postoperative complications, 

Perioperative care, Closed-loop systems, Precision medicine. 
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INTRODUCTION 
The landscape of modern perioperative medicine is 

undergoing a profound paradigm shift, driven primarily 

by the rapid maturation of Artificial Intelligence (AI) 

and Machine Learning (ML) technologies [1, 2]. 

Anaesthesiology is a medical specialty characterized by 

high-stakes, time-sensitive decision-making, the rapid 

interpretation of multi-modal physiologic data, and the 

precise pharmacological titration of potent medications 

with narrow therapeutic indices [3]. Because of this data-

rich, technologically dependent environment, 

anaesthesiology is uniquely positioned to benefit from 

computational advancements [4]. Historically, 

anaesthesiologists have relied on generalized clinical 

scoring systems—such as the American Society of 

Anesthesiologists (ASA) Physical Status classification—

to assess patient risk prior to surgical intervention [5]. 

While foundational to the specialty, these systems are 

inherently subjective, prone to significant inter-observer 

variability, and often limited in their predictive accuracy 

for highly individualized patient outcomes [6, 7]. 

The advent of "Big Data" in the form of high-fidelity 

Electronic Health Records (EHR), continuous 

intraoperative waveform monitoring, and detailed 

genomic profiles has far exceeded the cognitive capacity 

of human practitioners to process and synthesize in real 

time [8]. Machine learning, particularly advanced 

architectures such as deep neural networks (DNN) and 

ensemble methods such as Random Forests (RF) and 

Extreme Gradient Boosting (XGBoost), possesses the 

mathematical capability to identify non-linear, 

multidimensional associations within these vast datasets 

[9, 10]. As a result, AI applications in anaesthesia have 

expanded rapidly over the past decade, moving from 

theoretical computer science to tangible bedside 

applications [11-13]. 

Current applications of AI span the entire perioperative 

continuum [14, 15]. Preoperatively, AI is utilized to 

analyze facial anthropometry and radiological images to 

predict difficult airways, aiming to reduce the 

catastrophic consequences of unrecognized airway 

anatomical variants [16]. Intraoperatively, closed-loop 

anaesthesia delivery systems (CLADS) have been 

developed to automate the titration of intravenous 

anaesthetics based on real-time electroencephalogram 

(EEG) feedback, thereby optimizing the depth of 

anaesthesia and minimizing drug toxicity [17]. 

Postoperatively, AI models are deployed to forecast 

major complications such as acute kidney injury (AKI), 

sepsis, and prolonged length of stay (LOS), as well as to 

predict severe acute pain [18]. 

Despite the exponential proliferation of literature 

surrounding this topic, a significant translational gap 

remains between theoretical algorithmic accuracy and 

verifiable, real-world clinical outcomes. Many existing 

reviews in the literature are narrative in nature, focus 

exclusively on the mathematical engineering of the 

algorithms, or fail to aggregate quantitative clinical 

endpoints across multiple trials. Furthermore, the lack of 

prospective clinical trials and the opaque, "black box" 

nature of complex algorithms pose significant ethical 

and medicolegal barriers to their widespread clinical 

adoption. 

Therefore, the primary objective of this systematic 

review and meta-analysis is to rigorously aggregate and 

evaluate the clinical outcomes associated with AI and 

ML interventions in anaesthesia. By synthesizing 

primary predictive models and extracting quantitative 

data from randomized controlled trials of automated 

systems, we aim to provide a comprehensive assessment 

of AI's current clinical efficacy. We will evaluate both 

primary outcomes (predictive accuracy for 

mortality/complications, and automated drug delivery 

efficiency) and secondary outcomes (regional 

anaesthesia accuracy, pain management), highlighting 

the methodological hurdles that must be overcome prior 

to ubiquitous clinical deployment. 

 

MATERIALS AND METHODS 
Protocol and Registration 

This systematic review and meta-analysis was conducted 

in accordance with the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) 

2020 guidelines [19]. The review protocol, including 

predetermined search strategies, inclusion criteria, and 

statistical analysis plans, was established prior to the 

initiation of data extraction. PROSPERO registration 

number: CRD420261329257. 

 

Search Strategy and Information Sources 

A comprehensive electronic search strategy was 

deployed across major biomedical databases, including 

PubMed/MEDLINE, Embase, Scopus, Web of Science, 

and the Cochrane Central Register of Controlled Trials 

(CENTRAL). The search encompassed literature 

published from January 1, 2000, to May 1, 2026, to 

capture the modern era of machine learning and closed-

loop technologies. The Boolean search string combined 

terms related to the intervention ("Artificial Intelligence" 

OR "Machine Learning" OR "Deep Learning" OR 

"Neural Networks" OR "Closed-Loop") and the clinical 

domain ("Anaesthesia" OR "Anesthesiology" OR 

"Perioperative Care" OR "Postoperative Complications" 

OR "Airway Management" OR "Analgesia" OR 

"Regional Anesthesia"). In addition to the primary 

database search, the reference lists of included studies 

and relevant prior systematic reviews were manually 

screened to identify additional primary studies [20]. 
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Eligibility Criteria 
Studies were considered eligible for inclusion if they 

met the following criteria: (1) primary clinical studies 

(Randomized Controlled Trials [RCTs], prospective 

observational cohorts, or retrospective 

modeling/diagnostic studies) evaluating an AI, ML, or 

deep learning algorithm; (2) interventions applied to 

human patients in a preoperative, intraoperative, 

postoperative pain management, or intensive care unit 

(ICU) setting; and (3) studies reporting quantifiable 

clinical outcomes (e.g., mortality rates, complication 

rates, prediction accuracy, Area Under the Receiver 

Operating Characteristic Curve [AUC], or mean 

differences in drug dosing and recovery times) [21]. 

 

Exclusion criteria included: (1) narrative reviews, 

scoping reviews, editorials, and bibliometric analyses 

lacking original, extractable patient data; (2) strictly in-

vitro or non-human animal models; (3) algorithms aimed 

solely at administrative tasks; (4) single-patient case 

reports; and (5) traditional Proportional-Integral-

Derivative (PID) controllers that lacked advanced 

computational, Bayesian, or algorithmic learning 

components [22]. 

Data Extraction and Risk of Bias Assessment 

Two reviewers independently screened all identified 

titles and abstracts, and data were extracted using a 

standardized, piloted extraction form. Full texts of 

potentially relevant articles were subsequently reviewed, 

and any discrepancies regarding inclusion were resolved 

by consensus [23]. Given the diverse methodologies of 

the included studies, three distinct, validated appraisal 

tools were used: 

1. PROBAST (Prediction model Risk Of Bias 

Assessment Tool): Applied to primary machine 

learning predictive and diagnostic studies to 

evaluate the risk of bias across Participants, 

Predictors, Outcome, and Analysis domains [24, 

25]. 

2. Cochrane Risk of Bias Tool (RoB 2.0): Used 

to evaluate the methodological rigor of the 

included RCTs assessing closed-loop drug 

delivery systems and AI-assisted ultrasound 

technologies [26]. 

3. AMSTAR-2: Used to evaluate the 

methodological quality of previously published 

meta-analyses included for baseline data 

extraction [27]. 

 

Statistical Analysis 
For continuous clinical outcomes (e.g., propofol 

induction dosage in mg/kg, time to extubation in 

minutes) derived from closed-loop systems, we 

synthesized data using the inverse variance method to 

calculate Mean Differences (MD) with 95% Confidence 

Intervals (CI). Heterogeneity among the RCTs was 

assessed using the Cochran Q test and the I² statistic, 

where I² > 50% indicated substantial heterogeneity, 

prompting the use of a DerSimonian-Laird random-

effects model [136]. 

For predictive diagnostic models, due to the inherent 

mathematical differences in reporting metrics (AUC vs. 

F1 score vs. accuracy) and widely varying baseline event 

rates across different surgical populations, a quantitative 

meta-analysis pooling all diagnostic models was 

considered inappropriate because of substantial 

methodological heterogeneity. Therefore, predictive 

studies were synthesized qualitatively, whereas 

quantitative meta-analysis was performed only for 

homogeneous continuous outcomes derived from 

randomized controlled trials. Statistical analyses were 

performed using Review Manager (RevMan) version 

5.4.1 (The Cochrane Collaboration, London, UK) and R 

software version 4.5.0 (R Foundation for Statistical 

Computing, Vienna, Austria). Forest plots were 

generated using both software packages. 
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Figure 1. PRISMA 2020 flow diagram of study identification, screening, and inclusion. 
 

 

RESULTS 
The comprehensive database search identified 19,300 

records from PubMed/MEDLINE, Embase, Scopus, 

Web of Science, and the Cochrane Central Register 

of Controlled Trials (CENTRAL). After the removal 

of 7,200 duplicate records and records excluded by 

automated date filters, 12,100 records remained for title 

and abstract screening. Following screening, 6,380 

records were excluded because they did not meet the 

eligibility criteria. Consequently, 5,720 reports were 

sought for retrieval, and all were successfully 

retrieved for full-text assessment (reports not retrieved 

= 0). After full-text review, 5,635 reports were 

excluded, including 2,500 narrative reviews, 2,000 

studies without relevant clinical outcomes, 800 

engineering simulation or hardware-only studies, and 

335 study protocols. Ultimately, 85 studies met the 

eligibility criteria and were included in the 

qualitative synthesis, of which 18 studies provided 

sufficient quantitative data for inclusion in the meta-

analysis (Figure 1). 

 

Risk of Bias Assessment 
The methodological quality of the included studies was 

assessed using the PROBAST tool for prediction model 

studies, the Cochrane Risk of Bias 2 (RoB 2) tool for 

randomized controlled trials, and AMSTAR-2 for 

previously published systematic reviews. 

Among the 67 prediction model studies, most 

demonstrated a low to moderate risk of bias in the 

participant and outcome domains. However, several 

studies were judged to have a high risk of bias in the 

analysis domain because of inadequate external 

validation, small sample sizes, inappropriate handling of 

missing data, or insufficient reporting of model 

calibration. 

Among the 18 randomized controlled trials included in 

the quantitative meta-analysis, the majority 

demonstrated a low overall risk of bias. Some studies 

raised concerns regarding allocation concealment and 

blinding of personnel because complete blinding was 

difficult in trials involving automated anaesthesia 

delivery systems. 

Overall, the certainty of evidence was considered 

moderate to high for closed-loop anaesthesia systems but 

low to moderate for several machine learning prediction 

models owing to limited prospective external validation. 

 

Complete Search Strategy 
The PubMed search strategy was as follows: 

("Artificial Intelligence"[Mesh] OR "Artificial 

Intelligence" OR "Machine Learning" OR "Deep 

Learning" OR "Neural Networks" OR "Convolutional 

Neural Network" OR "Random Forest" OR "Support 

Vector Machine" OR "Extreme Gradient Boosting" OR 

"Closed-loop") AND ("Anesthesia" OR "Anaesthesia" 

OR "Anesthesiology" OR "Perioperative Care" OR 

"Postoperative Complications" OR "Regional 

Anesthesia" OR "Airway Management"). 

Equivalent search strategies were adapted for Embase, 

Scopus, Web of Science, and Cochrane CENTRAL 

according to each database's indexing system. 

 

Publication Bias 
Publication bias was evaluated qualitatively through 

visual inspection of funnel plots for outcomes including 
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propofol induction dose and recovery time. The funnel 

plots appeared largely symmetrical without obvious 

evidence of small-study effects. Owing to the limited 

number of studies available for each pooled outcome 

(<10 studies per comparison), formal statistical tests 

including Egger's regression test and Begg's rank 

correlation test were not performed because of their 

limited statistical power. 

 

Sensitivity Analysis 
Sensitivity analyses were conducted using a leave-one-

out approach by sequentially excluding each study from 

the pooled analysis. No individual study substantially 

altered the overall pooled effect estimates for either 

propofol induction dose or recovery time, indicating that 

the meta-analysis findings were robust and not 

disproportionately influenced by any single study. 

 

Subgroup Analysis 
Subgroup analyses were planned according to the 

clinical application of artificial intelligence, including 

preoperative airway prediction, perioperative risk 

stratification, automated drug delivery systems, regional 

anaesthesia, and postoperative pain prediction. Due to 

marked clinical and methodological heterogeneity 

among predictive studies, quantitative subgroup pooling 

was feasible only for randomized controlled trials 

evaluating automated closed-loop anaesthesia delivery 

systems. 

 

Certainty of Evidence 
The certainty of evidence was assessed using the 

GRADE framework. Evidence supporting automated 

closed-loop anaesthesia delivery systems was rated as 

moderate certainty because of consistent findings across 

randomized controlled trials despite moderate 

heterogeneity. Evidence regarding machine learning 

prediction models for postoperative complications, 

difficult airway prediction, and pain assessment was 

rated as low to moderate certainty due to the 

predominance of retrospective single-centre studies and 

limited external validation. 

 

Primary Outcomes: Preoperative Assessment and 

Difficult Airway Prediction 

Predicting a difficult tracheal intubation is a paramount 

safety concern in the practice of anaesthesiology. 

Traditional bedside clinical assessments, such as the 

Mallampati score, thyromental distance, and inter-

incisor gap, suffer from high inter-observer variability 

and poor positive predictive values [28-32]. 

AI models applied to preoperative airway assessment 

showed promising diagnostic performance, shifting the 

paradigm from subjective human estimation to objective 

mathematical analysis. Connor and Segal [33] used 

computerized mathematical facial analysis resolving 

patient faces into 61 distinct proportions mapped onto a 

50-dimensional eigenspace to predict difficult 

intubations. Their algorithm significantly outperformed 

the standard Mallampati score. Similarly, Yan et al. [34] 

developed a Multilayer Perceptron (MLP) neural 

network utilizing 13 specific anthropometric features 

from 824 patients, achieving a 91.9% average accuracy 

in predicting the Cormack-Lehane classification. 

More recently, the advent of deep learning has allowed 

for the analysis of raw facial photographs without the 

need for manual measurements. Koca et al. [35] applied 

deep Convolutional Neural Networks (CNN) utilizing 

the EfficientNet architecture to analyze multi-angle 

patient photographs, demonstrating high diagnostic 

accuracy. Tavolara et al. [36] used an ensemble of CNNs 

trained on frontal face images, achieving an AUC of 

0.72 compared to standard clinical bedside tests, which 

achieved AUCs of 0.46 to 0.60 in the same patient 

cohort. Hayasaka et al. [37] and Kim et al. [38] further 

evaluated Random Forest and CNN models in 

classifying intubation difficulty directly from imaging 

and basic EHR demographic data, consistently achieving 

AUCs up to 0.81. Furthermore, Zhang et al. [39] showed 

that Random Forest regression models could 

automatically derive a continuous ASA Physical Status 

score directly from EHR comorbidities. 

 

Primary Outcomes: Postoperative Complications and 

Mortality 

The most profound clinical impact of AI observed in this 

systematic review was in the domain of postoperative 

complication forecasting via the mining of high-

dimensional Electronic Health Records (EHR) [40, 41]. 

Bihorac et al. [42] developed a landmark model named 

"MySurgeryRisk," an ML algorithm using Random 

Forest and Generalized Additive Models trained on a 

retrospective cohort of 51,457 surgical patients. By 

analyzing 285 distinct clinical variables, the algorithm 

accurately predicted severe postoperative complications, 

including acute kidney injury (AKI), sepsis, prolonged 

mechanical ventilation, and 1- to 24-month mortality. 

The model's AUC ranged from 0.84 to 0.88, 

significantly outperforming traditional predictive indices 

[43, 44]. Thottakkara et al. [45] similarly applied 

Support Vector Machines (SVM) and Artificial Neural 

Networks (ANN) to a dataset of 13,822 patients, 

achieving AUC values ranging from 0.73 to 0.89 for 

forecasting wound complications and intensive care unit 

(ICU) admissions. 

In highly specific surgical sub-populations where 

traditional risk scores fail, AI models maintained robust 

performance. Jalali et al. [46] demonstrated that Deep 

Neural Networks (DNN) could predict 1-year 

postoperative mortality following the pediatric Norwood 

procedure with an AUC of 0.84. Xue et al. [47] 

evaluated 111,888 operations, showing that gradient 



IJMSCRR: July-August, 2026                                                                                                                                  Page | 534  

boosting and deep learning models utilizing a 

combination of preoperative and real-time intraoperative 

data accurately predicted AKI, delirium, deep vein 

thrombosis (DVT), and pneumonia. High predictive 

power for mortality and prolonged length of stay (LOS) 

was also demonstrated by Saravi et al. [48] in spinal 

surgery, Hofer et al. [49] using a deep neural network 

based on a single feature set, and Fernandes et al. [50] 

predicting mortality following cardiac surgery with an 

AUC of 0.89. Hill et al. [51], Corey et al. [52] using the 

"Pythia" algorithm, and Mathis et al. [53] all 

corroborated the ability of ML to identify high-risk 

surgical patients and undiagnosed heart failure using 

automatically curated EHR data. 

A prospective observational study by Flechet et al. [54] 

provided rare head-to-head clinical evidence, comparing 

their machine-learning "AKIpredictor" directly with the 

predictions of attending ICU physicians. Discrimination 

was similar for the two: on the first morning of ICU 

admission, the AUROC was 0.94 (95% CI 0.89-0.98) for 

physicians versus 0.89 (0.82-0.97) for the AKIpredictor 

(n = 187; P = 0.27). The algorithm nevertheless 

produced greater net benefit across most decision 

thresholds, because physicians systematically 

overestimated the risk of AKI. Subsequent studies have 

examined the utility of ML in predicting ICU survival 

trajectories over time [55-60]. (Figure 2) 

 

Figure 2. Forest plot of AUC performance of machine learning models versus traditional risk scores. 

 

Primary Outcomes: Intraoperative Closed-Loop 

Drug Delivery 

Algorithmic closed-loop anaesthesia delivery systems 

(CLADS) represent the foundational step toward fully 

autonomous anaesthesia [61, 62]. These systems use 

processed EEG (such as the Bispectral Index or BIS) as 

a continuous feedback loop to automatically adjust the 

infusion rates of intravenous anaesthetics such as 

propofol and remifentanil, removing the need for manual 

titration [63]. 

The meta-analysis of data from key RCTs (including 

studies by Hemmerling, Dussaussoy, De Smet, Liu, Puri, 

and Struys) revealed that algorithmic control is 

associated with small but statistically significant clinical 

benefits [64-73]. 

1. Propofol Induction Dose: The use of 

automated algorithms significantly reduced the 

total dose of propofol required to achieve 

surgical induction (Mean Difference [MD] = -

0.37 mg/kg; 95% CI: -0.57 to -0.17; P < 

0.00001). (Figure 3) 

2. Recovery Time: Algorithmic delivery resulted 

in significantly faster emergence and time-to-

extubation compared to human control (MD = -

1.62 minutes; 95% CI: -2.64 to -0.60; P < 

0.0001), indicating less total drug accumulation 

during the maintenance phase. (Figure 4) 

Furthermore, studies demonstrated that automated 

systems maintained patients within the optimal target 

BIS range (40-60) for a significantly higher percentage 

of the operative time and reduced the cognitive workload 

of the attending anaesthesiologist [74-77]. Advanced 

robotic models, such as the pilot system described by 

Joosten et al. [78] and Absalom et al. [79], successfully 

automated multiple pillars of anaesthesia 

simultaneously, including fluid management. 
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Teleanaesthesia has also been shown to be feasible using 

these closed-loop structures [80]. The transition from 

traditional controllers to true Artificial Intelligence is 

evidenced by Ren et al. [81], Wehbe et al. [82], and 

Schamberg et al. [83], who successfully demonstrated 

the use of Continuous Action Deep Reinforcement 

Learning (RL) for propofol dosing. In this model, the AI 

agent "learned" the optimal dosing policy through 

simulated trial and error. 

 

Figure 3. Forest plot of propofol induction dose: automated versus manual delivery. 

 

Figure 4. Forest plot of recovery time: automated versus manual delivery. 

 

Secondary Outcomes: Intraoperative Event 

Prediction 

AI is shifting intraoperative care from a reactive stance 

to a preemptive one. Hatib et al. [84] developed a 

supervised machine-learning algorithm capable of 

predicting acute intraoperative hypotension (defined as a 

Mean Arterial Pressure < 65 mmHg) 5, 10, and 15 

minutes before its onset by analyzing high-fidelity 

arterial pressure waveforms. This finding was strongly 

corroborated by Kendale et al. [85] and Cherifa et al. 

[86], who used supervised ML and Super Learner 

ensemble algorithms to predict postinduction 

hypotension and ICU hypotensive episodes with high 

discrimination. Solomon et al. [87] further expanded this 

field by successfully forecasting impending 

intraoperative bradycardia associated with profound 
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hypotension, while Miyaguchi et al. [88] used Long 

Short-Term Memory (LSTM) networks to accurately 

predict the decisions anaesthesiologists would make 

regarding remifentanil adjustments. 

 

Secondary Outcomes: AI in Regional and Neuraxial 

Anaesthesia 

Ultrasound-Guided Regional Anaesthesia (UGRA) relies 

heavily on operator experience to identify peripheral 

nerves and avoid critical vasculature. Bowness et al. 

published multiple studies evaluating "ScanNav 

Anatomy PNB," an assistive AI software that overlays 

color-coded highlights on real-time ultrasound feeds [89-

91]. These studies indicated that AI improves the 

visualization of key landmarks and safety structures 

compared to baseline human performance, particularly 

among novice trainees [92]. Cai et al. [93] conducted a 

randomized controlled trial showing that AI-based 

perceptual learning reduced the incidence of paresthesia 

during ultrasound-guided popliteal sciatic block, while 

Kowa et al. [94] and Gungor et al. [95] reported 

sustained high scan success rates using AI tools. 

In neuraxial anaesthesia (spinals and epidurals), CNNs 

and SVM classifiers developed by Hetherington et al. 

[96], Leng et al. [97], Ikhsan et al. [98], and Pesteie et al. 

[99] achieved high accuracy in automatically localizing 

the L3-L4 epidural insertion site and identifying the 

epidural space depth on ultrasound. This technology may 

help to reduce the failure rates and dural puncture risks 

associated with traditional "blind" manual palpation. 

Machine learning models have also predicted intrathecal 

hyperbaric bupivacaine dose requirements based on 

patient morphometrics [100], and simulated robotic 

needle guidance has shown promising early results 

[101]. 

 

Secondary Outcomes: Pain Management and 

Analgesia Prediction 

Predicting individual analgesic requirements is 

notoriously difficult due to complex genetic, 

demographic, and surgical variables [102]. Machine 

learning models (Random Forest, SVM, XGBoost) 

applied by Nair et al. [103], Dolendo et al. [104], and 

Gabriel et al. [105] accurately predicted patients at high 

risk for prolonged postoperative inpatient opioid use. Liu 

et al. [106] used deep learning (attention-based set 

embeddings) in a large cohort (n=234,274) to 

successfully predict maximum postoperative pain scores 

up to 4 days post-surgery. Hu et al. [107] used decision 

trees to predict Patient-Controlled Analgesia (PCA) 

consumption. Additional predictive success was found in 

forecasting Postoperative Nausea and Vomiting (PONV) 

using ML models and causal Bayesian networks (Shim 

et al. [108]; Suhre et al. [109]). Further ML applications 

have successfully predicted the transition from acute to 

chronic postsurgical pain [110-114]. 

To overcome the subjectivity of patient-reported pain 

scores, AI is actively being used for objective 

nociception monitoring. RCTs by Fuica et al. [115] and 

Meijer et al. [116] demonstrated that guiding 

intraoperative fentanyl dosing using the AI-driven 

Nociception Level (NOL) index significantly reduced 

acute postoperative pain scores compared to standard 

hemodynamic-guided dosing. Additionally, deep 

learning classifiers analyzing patient facial expressions 

have shown high accuracy in detecting pain intensity in 

critically ill and non-communicating ICU patients, 

outperforming standard vital sign algorithms (Park et al. 

[117]; Wu et al. [118]; Bargshady et al. [119]; Choi et al. 

[120]; Susam et al. [121]; Bellal et al. [122]). 

Furthermore, neural networks analyzing raw EEG 

signals (Tacke et al. [123]; Afshar et al. [124]; Shalbaf et 

al. [125]; Gu et al. [126]; Belur Nagaraj et al. [127]) 

have shown promise in detecting intraoperative 

awareness and accurately estimating the depth of 

anaesthesia without reliance on proprietary corporate 

algorithms. AI-driven clinical decision support systems, 

such as the Smart Anesthesia Manager (SAM) and 

automated fluid resuscitators, have also been reported to 

improve protocol compliance [128, 129]. 

 

DISCUSSION 
The findings of this comprehensive systematic review 

and meta-analysis underscore the potential of Artificial 

Intelligence across the entire spectrum of perioperative 

medicine. By synthesizing data from predictive machine 

learning cohorts and meta-analyses of algorithmic drug 

delivery, we demonstrate that AI consistently matches, 

and frequently outperforms, traditional human-derived 

clinical paradigms in specific, measurable ways. 

 

Predictive Power and Intraoperative Control 

The subjective nature of airway assessment has long 

challenged the specialty of anaesthesiology. The 

integration of CNNs and facial anthropometric AI 

models represents a critical leap forward. By translating 

visual data into quantifiable mathematical probabilities, 

AI can alert clinicians to difficult airways before the 

induction of anaesthesia. 

Postoperatively, the forecasting capabilities of models 

like MySurgeryRisk highlight the sheer computational 

advantage of Machine Learning over traditional logistic 

regression. The prospective evaluation by Flechet et al. 

is instructive for a different reason: the algorithm did not 

outperform experienced ICU physicians on 

discrimination, but it was better calibrated and delivered 

greater net benefit, which suggests that the value of such 

models may lie in supporting rather than replacing 

clinical judgement. Reliable prediction nevertheless 

allows for proactive, targeted ICU resource allocation 

and earlier preventive intervention. 

Furthermore, the quantitative data extracted from closed-
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loop automated systems suggests that algorithms excel at 

vigilance and micro-adjustments. The statistically 

significant reductions in propofol consumption and 

emergence times suggest that human clinicians, subject 

to fatigue and cognitive overload during complex 

surgeries, often "overshoot" anaesthetic depth to ensure 

amnesia. Algorithms guided continuously by EEG/BIS 

data can maintain the patient within a narrow therapeutic 

window, adjusting the infusion rate every few seconds a 

task that is difficult to replicate manually. 

 

Strengths of the Review 
This review comprehensively evaluated AI applications 

across the entire perioperative pathway and incorporated 

both predictive machine-learning studies and 

randomized controlled trials evaluating closed-loop 

anesthesia systems. The review followed PRISMA 2020 

guidelines and used validated tools including 

PROBAST, RoB 2, and GRADE. 

 

Limitations, Ethical Challenges, and the "Black 

Box" Problem 
Despite these highly promising results, the widespread 

adoption of AI in anaesthesia faces substantial hurdles. 

Machine learning algorithms are notoriously susceptible 

to overfitting learning the statistical noise of a specific 

hospital's dataset rather than the true physiological 

signal. An algorithm trained exclusively on an urban 

population may perform poorly when applied to a rural 

population due to differing baseline hemodynamics and 

anthropometrics [130, 131]. Until models are 

prospectively validated in multi-center, geographically 

diverse randomized controlled trials, their clinical utility 

remains experimental [132, 133]. 

Furthermore, the "black box" nature of Deep Neural 

Networks presents an immense ethical and medicolegal 

challenge. When an AI predicts an impending cardiac 

arrest or recommends a massive fluid bolus, the clinician 

cannot easily decipher the algorithm's reasoning [134, 

135]. In the high-stakes environment of the operating 

room, clinicians are rightfully hesitant to trust 

unexplainable algorithms, fearing legal liability if the 

machine is wrong and the patient is harmed. The 

development of eXplainable AI (XAI), which provides 

clinicians with the mathematical weighting of why a 

decision was made, is crucial for future adoption. 

Similar ethical and regulatory discussions are ongoing 

regarding the integration of AI in regional anaesthesia 

training [90, 92-94]. 

 

Limitations of this Review 
This review is limited by the heterogeneity of the 

included ML studies. Variations in patient populations, 

algorithmic architecture, and reporting metrics (AUC vs. 

Accuracy vs. F1 Score) precluded a traditional 

quantitative meta-analysis of all predictive models, 

necessitating a qualitative synthesis for several sub-

groups. Additionally, the rapid pace of AI research 

means that proprietary algorithms are constantly being 

updated, potentially rendering published performance 

metrics obsolete by the time of publication. Publication 

bias could not be formally assessed because fewer than 

ten studies contributed to each pooled outcome. 

 

CONCLUSIONS 
Artificial Intelligence and Machine Learning 

demonstrate profound, evidence-based capabilities in 

predicting perioperative risk, identifying difficult 

airways, reducing intraoperative drug consumption, and 

optimizing regional anaesthesia. These technologies 

offer a transition from reactive, subjective medical 

practice to proactive, highly individualized precision 

medicine. By lowering the cognitive workload of the 

anaesthesiologist, AI acts as an invaluable clinical 

decision support tool. However, the current literature is 

heavily reliant on retrospective, single-center data. To 

ensure patient safety and foster clinical trust, the next 

generation of anaesthesia AI research must prioritize 

multi-center prospective validation, algorithmic 

transparency, and seamless integration into clinical 

workflows. 
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