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INTRODUCTION

During the last few years, computers have gained the special character of human be-

ings. 1 Artificial intelligence (AI) is learning from the provided complex data at a greater 
speed than ever. These machines are capable of simulating distinct humans’ cognitive 
domains, such as learning, reasoning, problem-solving, and so forth. 2 They have 
achieved this unique capability by applying advanced mathematical processes to 
big data. 3
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KEY POINTS

• Artificial intelligence (AI), is increasingly being explored for enhancing pediatric anes-

thesia, offering benefits like improved decision-making, prediction of complications,

and optimization of perioperative care.

• Pediatric anesthesiology is complex due to age-dependent physiologic differences,

communication barriers, congenital anomalies, and higher sensitivity to anesthesia,

requiring specialized and cautious approaches.

• AI models have been developed to predict cancellations, optimize surgical scheduling,

and reduce delays, thus improving hospital efficiency and reducing emotional stress for

families.

• AI tools are being developed to predict difficult airways, select optimal endotracheal tube

size, assist in airway imaging interpretation, and support critical interventions.

• ML models are aiding in detecting hypoxemia in real time, and estimating optimal ETT

depth, helping clinicians—especially less experienced ones.
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On the other hand, pediatric anesthesia presents a unique field of anesthesiology, 
which is characterized by specific physiologic, anatomic, developmental, and phar-

macologic considerations that distinguish the practice from adult anesthesia practice. 
In general, the pediatric population, including neonates, infants, toddlers, younger 
children, and even adolescents, manifests age-dependent variations in cardiorespira-

tory systems as well as liver and renal function, which may affect the pharmacoki-

netics and pharmacodynamics of drugs. 4 Anesthesia during early childhood may 
also affect neurodevelopment, which remains an important issue when considering 
anesthesia for children of younger ages. 5

Additionally, various congenital anomalies and comorbidities further complicate peri-

operative and critical care management of this population. 6–8 Another issue is limited 
verbal communication in younger children or those with neurocognitive disorders, 
which affects the accurate assessment of many conditions like pain and increases 
agitation and anxiety of patients, parents, and caregivers, making decision-making 
even more difficult. Taking all these together, pediatric anesthesia is a special field in 
anesthesia in which anesthesiologists should consider not only the usual complexities 
of operating rooms (ORs) and intensive care units (ICUs) but also the distinctive charac-

teristics of this population, which is different by age group and comorbidities and makes 
real-time critical thinking and decision-making even more strenuous.

In the current anesthesia landscape, AI is increasingly recognized as a game-

changing technology. Advanced methods like machine learning (ML), deep learning 
(DL), and natural language processing help make sense of large and complicated 
data, allowing for better pattern recognition, predicting outcomes, and making clinical 
decisions based on data more accurately and efficiently than traditional methods. 
Moreover, in adult anesthesia and critical care, AI has already shown effectiveness 
in enhancing diagnostic accuracy, personalizing treatment strategies, and improving 
system operations. 9,10

Adapting these technological innovations into pediatric anesthesiology presents 
substantial opportunities. AI-based systems have the potential to markedly improve 
the safety, accuracy, and responsiveness of perioperative management in children. 
Nonetheless, directly applying adult-focused AI models to pediatric care is insufficient 
and sometimes even impossible. Pediatric implementations necessitate tailored

Abbreviations

AI artificial intelligence

AKI acute kidney injury

ASA PS American Society of Anesthesiologists physical status 

AUC area under the curve

CNNs convolutional neural networks

CPANN Children Pain Assessment Neural Network

DL deep learning

eFONA emergency front-of-neck access

GBM gradient-boosting machine

ICUs intensive care units

LR logistic regression

ML machine learning

ORs operating rooms

PACU postanesthesia care unit

PICUs pediatric intensive care units

RF random forest

TAH transfusion-associated hyperkalemia

VR virtual reality
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algorithms built on age-group-specific datasets and a comprehensive understanding 
of developmental physiologic differences. The incorporation of AI into pediatric anes-

thesia must be approached with rigorous caution and a commitment to targeted 
research. While the advantages are promising, their validation depends on carefully 
reimagining existing frameworks to ensure that technological progress aligns with 
the specific requirements and ethical imperatives of pediatric health care.

In this study, we will describe the status quo of AI integration in pediatric anesthe-

siology and critical care. We will examine a range of applications for AI throughout the 
perioperative continuum, from preoperative evaluation to intraoperative surveillance 
and decision support and postoperative care. Real-world applications, current evi-

dence, and technical approaches will be highlighted. We will also note current chal-

lenges, including limited data and ethical concerns, and indicate technologies in 
development that will change the course of this specialty in the future.

APPLICATIONS OF ARTIFICIAL INTELLIGENCE IN PEDIATRIC ANESTHESIOLOGY 
Operating Room Management

Scheduling pediatric surgeries is of utmost importance, as inefficient management 
and high rates of cancellation lead to increasing expenses and emotional trauma for 
children and parents. 11,12 Therefore, minimizing the cancellations may lead to reduced 
psychological and financial burden. 13 Most of the cancellations are due to medical 
conditions and anesthesia-related reasons. 14 Recently, researchers have developed 
several AI approaches to tackle this issue.

Liu and colleagues 15 investigated the capacity of the ML model to predict last-

minute cancellation of elective pediatric surgery with acceptable accuracy. Similarly, 
Li and colleagues 16 created ML models using random forests, logistic regression (LR), 
linear support vector machines, extreme gradient boosting trees, and gradient boost-

ing trees to predict the cancellation of pediatric surgeries on the day of operation. By 
obtaining an accuracy of almost 85% and an area under the curve (AUC) of 0.92, the 
extreme gradient boosting approach fared better than the other models. According to 
their study, the coronavirus disease 2019 pandemic, average wind speed, average 
rainfall, preanesthetic evaluations, and patient age were the main factors influencing 
last-minute cancellations.

Regarding OR management, Jiao and colleagues 17 trained a mixture density 
network that outperformed the Bayesian statistical method and multiple tree-based 
methods for forecasting the duration of surgery. The postanesthesia care unit 
(PACU) is often considered a bottleneck in many ORs, where patients must wait for 
a space to become available in the PACU. Fairley and colleagues 18 proposed a 
generalizable approach combining optimization and ML techniques to schedule OR 
procedures, aiming to reduce delays arising from PACU unavailability. They provide 
a scheduling system that minimizes the delays caused by PACU’s unavailability. By 
appropriate utilization of these tools, one can perform interventions to minimize can-

cellations and delays.

Airway Management

AI systems are being created to enhance different parts of airway management, like 
evaluating patients before surgery, predicting difficult airways, and making decisions 
to handle the airway based on the Difficult Airway Algorithm.

Difficult airway prediction

Regardless of the patient’s age, the problematic airway is one of the anesthesiolo-

gist’s top concerns. Currently, airway physical examinations are the most common
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tools helping anesthesiologists to predict difficult airways before induction of anes-

thesia; however, these are not always accurate, and doing these examinations may 
be impossible in children because of their fears and anxiety. AI, ML, and DL ap-

proaches for airway assessment can be promising in such situations. 19

For example, a study employed 7 ML approaches to predict difficult airways using 
24 predictive features. The authors achieved models that can forecast difficult intuba-

tion with high accuracy (more than 80%). 20 Some other studies used patient photo-

graphs for training as well. Connor and colleagues 21 analyzed facial features and 
compared them with common examinations. They found out that their model, in com-

bination with thyromental distance, was significantly more successful than the Mal-

lampati classification for screening difficult airways, in combination with thyromental 
distance. Cuendet and colleagues 22 used a random forest (RF) algorithm to predict 
early and difficult intubation by analyzing facial images, achieving an AUC of 81%. 
Rocuts and colleagues 23 introduced a cost-effective tool called Scandy Pro (devel-

oped by Scandy, Inc.). This tool can perform 3 dimensional facial scanning at a low 
cost and might be a promising instrument for predicting difficult airways in the future. 
Regrettably, the pediatric population did not receive specific validation for any of these 
studies. This lack of targeted research highlights a critical gap in our understanding of 
how to effectively assess difficult airways in children. Future studies should focus on 
validating these predictive tools specifically within pediatric populations to enhance 
their safety and efficacy in clinical settings.

Intraoperative airway management. Galvez and his team 24 used decision trees, sup-

port vector machines, and neural networks on 3 groups of children receiving general 
anesthesia to sort them into 2 categories: those needing invasive airway management 
(like an endotracheal tube or laryngeal mask airway) and those using noninvasive 
methods (like a facemask). They created a neural network classifier that accurately 
identifies the airway equipment used 95.8% of the time based on breathing data. 

ML models can help anesthesiologists to choose the best-fit endotracheal tube for 
each child. Zhou and colleagues 25 developed 6 ML models, including support vector 
regression, LR, RF, gradient boosting tree, decision tree, and extreme gradient boost-

ing tree to predict optimal endotracheal tube size. The RF models had the best perfor-

mance in predicting the optimal size of cuffed and uncuffed endotracheal tubes. 
Interestingly, they were able to predict the endotracheal tube (ETT) size better than 
the senior clinicians. Similarly, Kim and colleagues 26 created a gradient boosted 
regression tree model based on data driven from 37,057 children aged younger 
than 12 years who were under general anesthesia. The model outperformed traditional 
age-based methods for predicting the size and depth of ETT. These models seem to 
be a practical tool for pediatric anesthesiologists.

Matava and colleagues developed 3 convolutional neural networks (CNNs) to clas-

sify the anatomy of vocal cords and tracheal airways during video laryngoscopy or 
bronchoscopy. ResNet and Inception had better performance than MobileNet models. 
These CNNs can assist clinicians in the timely recognition of airway anatomy during 
procedures.

The authors also suggested the potential role of these CNNs for the detection of 
airway pathologies and even airway management. 27

One of the most devastating conditions in anesthesia is “cannot intubate, cannot 
ventilate” situation, in which emergency front-of-neck access (eFONA) might be life-

saving. However, in the case of a difficult airway, 2 issues remain: dependence of the 
success on human factors and variability of anatomic features in children. Haag and col-

leagues 28 suggested that machine vision—ML based on image or video analysis—in
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ultrasound might assist anesthesiologists in the prediction of difficult airway and 
anatomic recognition while performing eFONA. They also noticed the potential role 
of ML in early recognition of hypoxia 29 and in the development of specific hypoxia 
alarms. 28

Jung-Bin Park and colleagues 30 employed 3 different ML models, namely gradient-

boosting machine (GBM), long short-term memory, and transformer, to predict hypox-

emia in children undergoing general anesthesia. The researchers applied these ML 
models to biosignals retrieved from patient monitors, specifically vital signs and respi-

ratory parameters on anesthesia machines. The GBM had the best performance with 
an AUC of 0.90. These models can assist the anesthesiologist in timely recognition of 
hypoxia during surgery.

Postoperative intubation management

Unplanned intubation after surgery is associated with increased morbidity and mortal-

ity. Eisler and colleagues 31 developed a multivariable model to predict postoperative 
intubation, specifically in infants undergoing surgery. They made use of the National 
Surgical Quality Improvement Program pediatric datasets to retrieve 14 risk factors, 
10 of which were included in the final analysis. The risk factors predicting unplanned 
intubation during the first 30 days after surgery were age, prematurity, duration of sur-

gery more than 2 hours, American Society of Anesthesiologists physical status (ASA 
PS), inpatient admission, cardiac comorbidity, malignancy, coexisting hematologic 
disease, oxygen supplementation, and nutritional support. The AUC of the final 
created multivariable LR model was 0.86, which indicates good accuracy. 

Misplacement of ETT is a common yet unwanted event that may lead to serious 
adverse events. Shim and colleagues 32,33 created an ML model to predict the optimal 
depth of ETT in children aged less than 7 years using the patient’s age, sex, weight, 
height, the internal diameter of the ETT, and ETT depth. The ML model outperformed 
traditional formula-based methods in estimating the appropriate depth of ETT. These 
models can assist clinicians, particularly junior staff, and those unfamiliar with pediat-

ric patients, in avoiding shallow or deep ETT insertions.

Pediatric Blood Transfusion

Transfusion of blood products, although common, is a double-edged sword; it can 
save lives, yet harm the patients, especially in the pediatric population. 34 Considering 
blood transfusion, anesthesiologists should consider the cons and pros to achieve he-

modynamic stability and adequate oxygen to support perfusion of organs while avoid-

ing overtreatment and complications. 35 Pediatric anesthetic practice is increasingly 
integrating AI, particularly in refining strategies for blood transfusion.

Cranial surgeries are associated with significant blood loss. Using the Pediatric 
Craniofacial Perioperative Registry Dataset, Jalali and colleagues 36 developed a person-

alized prediction model for children undergoing craniofacial surgeries. Among the 
various ML models assessed, GBM had the best performance in predicting an individ-

ual’s overall transfusion need and the amount of blood products to be reserved before 
surgery. The produced calculator can assist anesthesiologists in ordering blood prod-

ucts preoperatively. In another study, Alassaf and Reitsma 37 developed a model for 
predicting blood transfusion in pediatric patients undergoing surgery because of devel-

opmental dysplasia of the hip. They achieved an AUC of 0.83.

Sullivan and colleagues 38 developed and validated a Bayesian belief network to pre-

dict blood transfusion in injured children in the first 4 hours of hospital admission. By 
using 14 factors, they created a model that predicts blood transfusion with an 
accuracy score of 0.92, which is better than the shock index pediatric age-adjusted
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(SIPA) and the reverse shock index with the Glasgow Coma Scale. The aforemen-

tioned study can help anesthesiologists in case of confronting traumatic emergencies. 
Interestingly, Yamada and colleagues 39 incorporated multivariate analyses and AI to 

find the most important risk factors of transfusion-associated hyperkalemia (TAH) in 
children. The most important risk factors for TAH in children were the total amount 
of blood transfused in 12 hours, the initial level of creatinine, and having existing kid-

ney or liver problems.

These studies underscore the potential role of AI and ML in enhancing blood trans-

fusion practice in pediatric surgeries. Even though transfusion is paramount in pediat-

ric anesthesia, few studies have addressed this issue. 40

Perioperative Pain Assessment and Management

Pain assessment remains a challenge in clinical settings because most of the assess-

ment tools are subjective. In children, this issue is more challenging, as children aged 
younger than 7 years cannot directly express their feelings about pain, and various 
scales exist based on age: numerical scales for children aged older than 7 years, 
behavioral scales for neonates and toddlers, and mixed methods for the ages in be-

tween. 41,42 ML and DL models might revolutionize pain management by introducing 
objective pain assessment tools and enhancing the accuracy of pain detection in 
children. 41

Salekin and colleagues 43 proposed a novel multimodal spatio-temporal approach 
for postoperative pain assessment in neonates by utilizing the multimodal pain data-

set, which includes videos, sounds, and physiologic signals of 58 neonates during 
their admission to the neonatal ICU. Their approach reached an AUC of 0.87, which 
outperformed unimodal models. 44 Other studies only used neonatal facial expressions 
to specify pain presence and severity. 45–47

Fang and colleagues 48 addressed the narrow age range of previous studies and 
developed a neural network called Children Pain Assessment Neural Network 
(CPANN) based on the Clinical Pain Expression of Children dataset, which included 
preoperative and postoperative videos of more than 4000 children aged from 0 to 
14 years. The CPANN achieved more than 80% accuracy and is considered a quick, 
objective pain assessment tool in children. Sikka and colleagues 49 introduced an ac-

curate computer vision and ML model to detect pain and its severity in 5 to 18 year old 
children undergoing laparoscopic appendectomy. Aydin and his colleague 50 devel-

oped an ML approach for facial expression analysis that had good performance in 
estimating the level of pain.

AI-based pain assessment tools are still in the early stages of development and pri-

marily focus on facial expressions alone. Moreover, existing publications exhibit 
considerable variability. Despite these limitations, AI-driven methods for pain assess-

ment in pediatric patients hold significant promise. More extensive multicenter 
research is necessary to advance this field. 41

It is critical to provide sufficient analgesia both during and after anesthesia. Opi-

oids are the mainstay of pain management in the perioperative period, yet they carry 
the risk of respiratory depression. To address this issue, researchers developed a 
prediction model that incorporates preoperative and intraoperative pupillometry 
measures to predict the risk of postoperative respiratory depression. 51 On the other 
side, an anesthesiologist should be aware of the consequences of inadequate post-

operative analgesia in children; hence, they should be prepared for early manage-

ment of pain in the PICU. Nafiu and colleagues 52 developed 3 multivariable LR 
models to predict opioid requirements for children in PACU. By utilizing available 
perioperative variables, these models were able to accurately predict postoperative
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opioid requirements. These tools, if applicable, can help an anesthesiologist in the 
safe management of analgesia.

Intraoperative Hypoxemia Prediction

AI is increasingly being noticed as a tool to predict and prevent intraoperative hypoxia, 
an uncommon but devastating event in anesthesia that can lead to serious complica-

tions. Innovative ML models, such as Prescience, have surpassed traditional anesthe-

siologists in prediction accuracy. The development of Prescience by Lundberg and 
colleagues, 53 utilizing data from over 50,000 surgeries, has increased anesthesiolo-

gists’ prediction accuracy from 15% to 30%. Park and colleagues 30 utilized various 
ML approaches to specifically develop an accurate model for early prediction of hyp-

oxemia in children undergoing general anesthesia. The GBM model had the best per-

formance with an AUC of 0.93. Ghazal and colleagues 54 proposed an ML model to 
predict oxygen saturation 5 minutes after adjusting ventilator settings in critically ill 
children, which had poor performance despite utilizing a high-resolution dataset. AI 
has become a revolutionary tool in this area, improving the prediction and prevention 
of hypoxic events. Such advancements underscore AI’s potential impact in clinical 
environments.

Postoperative Emergence Agitation and Delirium

Emergence agitation and delirium are well-known complications after general anes-

thesia in the pediatric population, and delirium is associated with worse outcomes. 
Researchers developed models using multivariable LR to predict these complications. 
Hino and colleagues created a model by including 4 risk factors for developing emer-

gence agitation (age, Pediatric Anesthesia Behavior score, anesthesia time, and type 
of surgery), and they validated the risk scale prospectively. 5 Their scale has excellent 
performance for children receiving sevoflurane, but its generalizability to other anes-

thesia drugs should be further investigated. Lin and colleagues 55 introduced a model 
that can predict postoperative delirium in children aged younger than 16 years by 
analyzing 5 features, namely, age, developmental status, type of procedure, pain, 
and dexmedetomidine usage. Integrating these models in routine practice can not 
only help anesthesiologists to prevent these events but also help them to distinguish 
these 2 complications, which require different interventions.

Radiograph Interpretation

Plain radiograph images are frequently used in the perioperative period and PICUs to 
identify various pathologies and to confirm proper placement of catheters and ETTs. 
However, not all the caregivers have enough expertise to interpret the images, espe-

cially in the pediatric population. For example, Oliver and colleagues 56 introduced the 
CarinaNet model by applying transfer learning to the RetinaNet model to automatically 
measure the distance between the ETT and carina on ICU chest radiographs. In 
another study, authors first trained DL networks with synthetic data and then with 
real chest radiographs. After being trained, they tested the developed model on real 
chest radiographs and achieved an AUC of 0.99 in recognizing the absence or pres-

ence of ETT. 57

Catheters are frequently used in ICUs and less commonly in ORs. Since incorrect 
placement can lead to serious complications, radiography is typically employed to 
verify catheter positioning immediately after insertion. Traditional computer vision 
techniques for identifying catheters in radiographs have either relied on rule-based 
systems or were limited to specific types or quantities of catheters visible in chest im-

ages. Yi and colleagues 58 applied a straightforward technique for synthesizing
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catheter appearances on radiographs, taking advantage of their tubular structure and 
diverse cross-sectional shapes to create a training dataset. They also created a seg-

mentation network similar to UNet that includes a part that looks at the images in 
different sizes and improves the detection step by step. Trained on adult chest radio-

graphs, their model shows strong performance on pediatric chest and abdomen ra-

diographs. This method might support the development of clinical tools to identify 
and evaluate catheter placement in radiographs. These methods have the potential 
to assist intensivists in more rapid and accurate interpretation of plain radiographs 
in PICUs.

Perioperative Models for Predicting Adverse Outcomes

As mentioned earlier, pediatric ORs and pediatric intensive care units (PICUs) are 
complex environments consisting of various types of data, and anesthesiologists 
should be able to recognize, prevent, and manage perioperative events based on 
the information. Like in other areas of anesthesia, predictive AI, particularly ML 
models, is being created and used more often to spot problems early and enhance 
overall results. 59

Hospital reimbursement increasingly uses hospital readmissions as a quality mea-

sure. In this context, Daniel Vo 60 created a statistical model to estimate the chance 
of a patient being readmitted to the hospital within 30 days, using 4 key risk factors: 
having an ASA PS of 3 or higher, having congenital heart disease, being admitted to 
the hospital at the time of surgery, and experiencing at least one complication after 
surgery. The latter emphasizes the importance of adverse outcome prediction models. 

AI can be helpful in predicting anesthesia complications of patients with specific 
comorbidities. For instance, a model based on preoperative characteristics of patients 
with mucopolysaccharidoses can predict cardiorespiratory events, difficult airways, 
and neurologic complications. 61 A prediction model that looks at nighttime oxygen 
levels and problems with swallowing has been created to forecast serious drops in ox-

ygen, blocked airways, and lung collapse in children with neuromuscular disease after 
surgery. 62 To particularly predict perioperative respiratory problems in children under-

going airway surgeries, another risk nomogram model was created. 63

Pediatric patients at high risk of an unscheduled transfer to the PICU, acute respi-

ratory failure necessitating intubation, postoperative need for noninvasive or invasive 
positive pressure ventilation, and cardiac arrest following noncardiac surgeries can be 
identified using the Risk Assessment of Morbidity in Pediatric Surgery scoring sys-

tem. 64 The Pediatric Risk Assessment (PRAm) score is also an excellent predictor 
of perioperative mortality in pediatrics undergoing noncardiac surgery. 65 Similarly, 
Tao and colleagues 66 developed an LR model with an AUC of 0.70 to predict respira-

tory complications after general anesthesia in children. They found age, weight, anes-

thesia duration, operation season, ASA PS, and pain severity as independent risk 
factors for developing respiratory adverse events. In contrast, an ML approach has 
been developed to identify children with a low risk of perioperative adverse events 
based on the APRICOT (Anaesthesia PRactice In Children Observational Trial) data-

set. 67 Validation and integration of these models might affect surgical and anesthesia 
planning in the near future in a way to minimize the risks.

Applications of Artificial Intelligence in Pediatric Critical Care

ICUs are data-rich environments requiring high attention and precision of caregivers, 
especially intensivists. Pediatrics and neonatal ICUs are even more complex due to 
the age-dependent physiologic variability of their target populations. Additionally, 
existing monitoring methods are frequently inadequate, occasionally unreliable, and

Madadi et al460 

Descargado para Lucia Angulo (lu.maru26@gmail.com) en National Library of Health and Social 
Security de ClinicalKey.es por Elsevier en septiembre 05, 2025. Para uso personal exclusivamente. No se 

permiten otros usos sin autorización. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.



often unable to identify a worsening clinical condition promptly. 68 Moreover, many 
warning alarms are either false or irrelevant. 69,70 Big data can quickly train AI, enabling 
it to respond timely to critical events in such situations. The PICU has primarily studied 
predictive models to date.

High-quality datasets are crucial for developing ML models in critical care settings. 
Williams and colleagues 71 analyzed the collected electronic medical records of a 
PICU. The ML models were able to predict mortality, ICU length of stay, and the need 
for intubation and inotrope administration. They suggested further implications of AI 
provide insights about the natural history of critical illness in pediatrics. Noteworthy, 
stepwise selection/elimination models, which were developed based on PICU patients’ 
electroencephalograms, were able to predict inpatient mortality (AUC = 0.82). 72 

Management of PICUs is as important as ORs. ML models have been developed that 
can accurately predict patients’ transfer from ward to PICU. 73,74 Recurrent neural net-

works can estimate the safe health conditions for a patient to leave the PICU. 75 These 
tools, if validated, can enhance decision-making about the optimal admission and 
discharge time.

Point-of-care ultrasound is an available tool in ICUs that helps intensivists with the 
early diagnosis of many conditions and guides them with more accurate catheter inser-

tion and many other procedures. Pneumonia is a treatable yet major cause of mortality in 
children. Therefore, early diagnosis and management can reduce the burden. Lung ul-

trasound, in the hands of an expert, has been proven to be an effective tool for the diag-

nosis of this disease. This problem was addressed by creating a neural network that 
uses pattern recognition and pulmonary ultrasound images to automatically classify 
pneumonia. This model has a high sensitivity and specificity for identifying pneumonia 
infiltrations. This model can recognize pneumonia infiltrations with high sensitivity and 
specificity. 76 This tool can be promising, especially in low-resource PICUs.

Sepsis is a critical condition that mandates timely diagnosis and early treatment to 
reduce the related morbidity and mortality. Many ML models are already developed to 
assist intensivists for early recognition of sepsis in NICUs 77 and PICUs. 77,78 These models 
are promising but need to be validated rigorously before application in clinical practice. 

A suggested ML model can evaluate the risk of acute kidney injury (AKI) in critically ill 
patients aged from 1 month to 21 years and can alert health care providers when a pa-

tient is at high risk for developing AKI, helping to identify and treat this issue early. 79 

The extreme gradient boosting (XGBoost) models were also effective in predicting 
early signs of kidney injury related to heart surgery in patients aged under 28 years 
and are thought to be useful in medical practice. 80

Artificial Intelligence and Pediatric-Specific Challenges

AI has great potential to improve current methods, especially in assessing risks for 
children before surgery and creating Enhanced Recovery After Surgery protocols. 
Nonetheless, the implementation of such technologies into routine clinical practice 
among pediatric anesthesiologists requires rigorous validation of both current and 
emerging risk prediction models to ensure their accuracy and clinical utility. 81

The integration of AI into pediatric anesthesia presents unique challenges due to the 
physiologic and developmental diversity observed among pediatric populations. This 
variability complicates the creation of predictive models, as algorithms designed using 
adult data often struggle to adapt effectively to pediatric demographics. For instance, 
a systematic review emphasized that most AI applications in this field are directed at 
risk prediction, anesthetic depth monitoring, and physiologic assessment. However, 
the broad differences in age and developmental stages significantly hinder the accu-

racy and dependability of these models. 82
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Additionally, the limited availability of extensive, high-quality pediatric datasets re-

stricts the ability to train reliable AI systems. Pediatric anesthesia information manage-

ment systems are not free of bias. Values that deviate from the normal range are more 
likely to be artifacts, and their occurrence is influenced by the phase of anesthesia and 
the technique employed. This highlights the need to develop automated data valida-

tion systems or other methods to manage artifacts effectively. 83 Ethical issues further 
complicate the landscape, especially concerning data privacy and informed consent, 
considering the inherent vulnerabilities of children. These challenges underline the 
importance of developing AI solutions tailored to pediatrics. Such models must be 
explicitly designed to address the distinct physiologic needs of children while uphold-

ing rigorous ethical standards.

Emerging Technologies and Future Directions

Artificial intelligence-powered robotics and decision support in pediatric operating 
rooms

The implementation of AI-powered robotics and decision support systems will revolu-

tionize pediatric ORs by enhancing anesthesia and surgical precision and improving pa-

tient safety. Robotic platforms like the da Vinci Surgical System have been tailored for 
pediatric applications, enabling minimally invasive surgeries with enhanced dexterity 
and meticulous control. When combined with smart AI programs, these systems can 
help make quick decisions during surgery by looking at data in real-time, which helps 
doctors manage anesthesia better. For example, AI can anticipate hemodynamic 
changes during surgery, allowing anesthesiologists to make pre-emptive adjustments 
to anesthetic administration. Additionally, AI tools contribute to operational efficiency 
by forecasting surgical durations and optimizing resource allocation, streamlining 
workflow within the OR. While the application of AI and robotics in pediatric anesthesia 
is still in its infancy, early results indicate vast potential to improve perioperative care.

Integration with precision medicine and genomics

The fusion of AI with precision medicine and genomics marks a groundbreaking leap in 
pediatric anesthesiology. Leveraging ML, clinicians are now poised to interpret com-

plex multiomics data—such as genomic, proteomic, and metabolomic profiles—to 
predict individual responses to anesthetic agents and deliver highly personalized peri-

operative care. Insights from pharmacogenomics, for instance, can help identify 
patients predisposed to adverse reactions, facilitating tailored drug selection and pre-

cise dosing strategies. In neonatal intensive care units, combining AI-driven analysis 
of clinical and multiomics data has shown promise in early diagnosis and targeted 
interventions, greatly benefiting high-risk populations. Nonetheless, challenges like 
ensuring data privacy and establishing rigorous validation frameworks remain pivotal 
in scaling such innovations within precision medicine.

The potential of digital twins in pediatric anesthesiology

The emergence of digital twin technology represents a transformative step forward in 
pediatric anesthesiology. By creating virtual models of pediatric patients, digital twins 
enable simulations of anesthetic scenarios to predict physiologic responses, thereby 
refining both preoperative planning and intraoperative decisions. A recent study high-

lighted the effectiveness of virtual reality (VR)-based digital twins in alleviating preop-

erative anxiety among pediatric patients by familiarizing them with surgical settings in 
an immersive manner. 84 Beyond preparation, these models allow for continuous moni-

toring during procedures, supporting real-time interventions to enhance patient safety 
and outcomes. As advancements continue, digital twin technology is poised to rede-

fine personalized anesthetic care for younger patients.
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Artificial intelligence in training and simulation for pediatric anesthesia providers

AI-powered simulation tools are changing the scheme of education and skill develop-

ment of pediatric anesthesia providers. Immersive platforms based on VR and 
augmented reality enable trainees to explore complex procedures and emergency 
scenarios in a controlled, risk-free environment. 85 For instance, interactive VR simula-

tions designed for neonatal resuscitation have demonstrated improvements in both 
skill acquisition and long-term retention. 86 AI algorithms further personalize the training 
experience by dynamically adjusting simulation difficulty levels according to individual 
performance, coupled with customized feedback to accelerate growth. Gamification 
elements amplify engagement and motivation, ensuring active learning. 87 These inno-

vations not only elevate provider competency but also contribute to improved patient 
outcomes by preparing specialists for the unique challenges of pediatric anesthesia. 
These insights highlight the potential of AI and emerging technologies within pediatric 
anesthesiology training programs. To fully unlock these advancements, sustained 
research, careful ethical considerations, and robust interdisciplinary collaboration 
will be pivotal.

Limitations and Current Barriers

Despite these promising developments, challenges remain in integrating AI into clin-

ical practice. Issues such as the need for large, high-quality datasets for training algo-

rithms, ensuring external validation, and addressing ethical considerations related to 
AI decision-making are critical. 82 As AI continues to evolve, ongoing research and 
collaboration between technologists and clinicians will be essential to fully realize its 
potential in enhancing pediatric airway management.

The potential for bias in AI algorithms, often arising from nonrepresentative training 
data, risks reinforcing existing health disparities. Tackling these challenges calls for a 
collaborative effort that brings together clinicians, data scientists, ethicists, and poli-

cymakers to design AI tools that are not only effective but also equitable and ethically 
responsible. 88

Ethical considerations also play a critical role and are fully discussed in Ankit Raheja 
and Kumar G. Belani’s article, “The Practical and Ethical Implications of AI in 
Anesthesiology, Pain Medicine, and Intensive Care: Safeguards,” in this issue.

SUMMARY

In conclusion, the application of AI to pediatric anesthesiology is a revolutionary devel-

opment with significant promise to improve perioperative care, clinical outcomes, and 
patient safety. In many areas of pediatric anesthesia, such as OR management, airway 
management, intraoperative hypoxemia prediction, pain assessment, radiograph 
interpretation, and perioperative outcome forecasting, AI-driven tools have shown 
considerable value. In addition to helping clinicians make more accurate decisions, 
these tools also improve operational effectiveness and provide individualized care 
that is catered to the particular physiologic needs and characteristics of pediatric 
patients.

However, several of significant obstacles must be carefully overcome before the full 
potential of AI in pediatric anesthesia can be realized. Among these are resolving 
ethical issues with data privacy, consent, and algorithmic bias; ensuring the general-

izability of predictive models across various pediatric populations; and overcoming 
the lack of large, high-quality, pediatric-specific datasets required for reliable AI model 
development and validation. To successfully address these issues, clinicians, data 
scientists, ethicists, and legislators must continue their interdisciplinary cooperation.
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Future developments in the field could be greatly aided by cutting-edge technolo-

gies like digital twin simulations, precision medicine, AI-powered robotics, and sophis-

ticated training platforms. To guarantee their safe and moral incorporation into clinical 
practice, these innovations require constant research, thorough validation, and careful 
implementation techniques. In the end, using AI technologies carefully can greatly 
enhance the quality of anesthetic care for children and improve patient results, as 
long as there is solid scientific proof and ethical thought behind it.

CLINICS CARE POINTS

• Machine learning models have achieved high accuracy in predicting last-minute pediatric 

surgery cancellations, helping reduce emotional and financial burdens on families.

• AI models that analyze facial features can outperform traditional assessments.

• Random forest and gradient boosting machine models predict the optimal size and depth of 

ETTs in children more accurately than experienced clinicians.

• AI-driven tools using facial expression and multimodal data offer objective pain detection.
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24. Gá lvez JA, Jalali A, Ahumada L, et al. Neural network classifier for automatic detec-

tion of invasive versus noninvasive airway management technique based on respi-

ratory monitoring parameters in a pediatric anesthesia. J Med Syst 2017;41(10):153.

25. Zhou M, Xu WY, Xu S, et al. Prediction of endotracheal tube size in pediatric pa-

tients: development and validation of machine learning models. Front Pediatr 
2022;10:970646.

26. Kim H, Yoon HK, Lee H, et al. Predicting optimal endotracheal tube size and 
depth in pediatric patients using demographic data and machine learning tech-

niques. Korean J Anesthesiol 2023;76(6):540–9.

27. Matava C, Pankiv E, Raisbeck S, et al. A convolutional neural network for real time 
classification, identification, and labelling of vocal cord and tracheal using laryn-

goscopy and bronchoscopy video. J Med Syst 2020;44(2):44.

28. Haag A-K, Tredese A, Bordini M, et al. Emergency front-of-neck access in pedi-

atric anesthesia: a narrative review. Pediatric Anesthesia 2024;34(6):495–506.

AI in Pediatric Anesthesia 465

Descargado para Lucia Angulo (lu.maru26@gmail.com) en National Library of Health and Social 
Security de ClinicalKey.es por Elsevier en septiembre 05, 2025. Para uso personal exclusivamente. No se 

permiten otros usos sin autorización. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.

http://refhub.elsevier.com/S1932-2275(25)00044-8/sref10
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref10
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref11
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref11
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref11
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref12
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref12
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref13
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref13
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref13
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref14
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref14
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref15
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref15
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref15
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref16
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref16
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref16
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref17
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref17
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref17
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref18
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref18
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref18
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref19
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref19
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref20
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref20
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref20
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref21
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref21
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref22
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref22
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref22
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref23
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref23
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref23
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref24
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref24
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref24
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref25
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref25
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref25
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref26
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref26
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref26
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref27
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref27
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref27
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref28
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref28


29. Sippl P, Ganslandt T, Prokosch HU, et al. Machine learning models of post-intubation 
hypoxia during general anesthesia. Stud Health Technol Inform 2017;243:212–6.

30. Park JB, Lee HJ, Yang HL, et al. Machine learning-based prediction of intraoper-

ative hypoxemia for pediatric patients. PLoS One 2023;18(3):e0282303.

31. Eisler LD, Hua M, Li G, et al. A multivariable model predictive of unplanned postop-

erative intubation in infant surgical patients. Anesth Analg 2019;129(6):1645–52.

32. Shim JG, Lee EK, Oh EJ, et al. Predicting the risk of inappropriate depth of endo-

tracheal intubation in pediatric patients using machine learning approaches. Sci 
Rep 2023;13(1):5156.

33. Shim JG, Ryu KH, Lee SH, et al. Machine learning model for predicting the 
optimal depth of tracheal tube insertion in pediatric patients: a retrospective 
cohort study. PLoS One 2021;16(9):e0257069.

34. Elsamny T, Shoukry T, Nageeb M, et al. Bleeding tendency in people anesthe-

tized with sevoflurane vs isoflurane. QJM: Int J Med 2021;114(Supplement_1).

35. Goobie SM, Faraoni D. Perioperative paediatric patient blood management: a 
narrative review. Br J Anaesth 2025;134(1):168–79.

36. Jalali A, Lonsdale H, Zamora LV, et al. Machine learning applied to Registry data: 
development of a patient-specific prediction model for blood transfusion require-

ments during craniofacial surgery using the pediatric craniofacial perioperative 
Registry dataset. Anesth Analg 2021;132(1):160–71.

37. Alassaf N, Reitsma JB. Development of a prediction model for allogenic blood 
transfusion in children undergoing surgery for developmental dysplasia of the 
hip. Technol Health Care 2019;27(3):327–34.

38. Sullivan TM, Milestone ZP, Tempel PE, et al. Development and validation of a 
Bayesian belief network predicting the probability of blood transfusion after pedi-

atric injury. J Trauma Acute Care Surg 2023;94(2):304–11.

39. Yamada C, Edelson MF, Lee AC, et al. Transfusion-associated hyperkalemia in 
pediatric population: analyses for risk factors and recommendations. Transfusion 
2022;62(12):2503–14.

40. Akbarpour P, Moradimajd P, Saei A, et al. Artificial intelligence in pediatric blood 
transfusion during anesthesia: a scoping review. Arch Anesthesia Crit Care 2025; 
11(2):173–7.

41. Kasundra A, Chanchlani R, Lal B, et al. Role of artificial intelligence in the assess-

ment of postoperative pain in the pediatric population: a systematic review. Cur-

eus 2025;17(1):e77074.

42. Zieli � nski J, Morawska-Kochman M, Zato� nski T. Pain assessment and manage-

ment in children in the postoperative period: a review of the most commonly

used postoperative pain assessment tools, new diagnostic methods and the lat-

est guidelines for postoperative pain therapy in children. Adv Clin Exp Med 2020; 
29(3):365–74.

43. Salekin MS, Zamzmi G, Hausmann J, et al. Multimodal neonatal procedural and 
postoperative pain assessment dataset. Data Brief 2021;35:106796.

44. Salekin MS, Zamzmi G, Goldgof D, et al. Multimodal spatio-temporal deep learning 
approach for neonatal postoperative pain assessment. Comput Biol Med 2021; 
129:104150.

45. Lin J, Zhang L, Xia J, et al. Evaluating neonatal pain via fusing vision transformer 
and concept-cognitive computing. Sci Rep 2024;14(1):26201.

46. Lu G, Chen H, Wei J, et al. Video-based neonatal pain expression recognition 
with cross-stream attention. Multimed Tool Appl 2024;83(2):4667–90.

Madadi et al466 

Descargado para Lucia Angulo (lu.maru26@gmail.com) en National Library of Health and Social 
Security de ClinicalKey.es por Elsevier en septiembre 05, 2025. Para uso personal exclusivamente. No se 

permiten otros usos sin autorización. Copyright ©2025. Elsevier Inc. Todos los derechos reservados.

http://refhub.elsevier.com/S1932-2275(25)00044-8/sref29
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref29
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref30
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref30
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref31
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref31
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref32
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref32
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref32
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref33
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref33
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref33
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref34
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref34
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref35
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref35
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref36
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref36
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref36
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref36
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref37
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref37
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref37
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref38
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref38
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref38
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref39
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref39
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref39
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref40
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref40
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref40
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref41
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref41
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref41
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref42
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref42
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref42
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref42
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref42
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref43
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref43
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref44
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref44
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref44
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref45
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref45
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref46
http://refhub.elsevier.com/S1932-2275(25)00044-8/sref46


47. Hausmann J, Salekin MS, Zamzmi G, et al. Accurate neonatal face detection for 
improved pain classification in the challenging NICU setting. IEEE Access 2024; 
12:49122–33.

48. Fang J, Wu W, Liu J, et al. Deep learning-guided postoperative pain assessment 
in children. Pain 2023;164(9):2029–35.

49. Sikka K, Ahmed AA, Diaz D, et al. Automated assessment of children’s postoper-

ative pain using computer vision. Pediatrics 2015;136(1):e124–31.

50. Aydın A, O ¨ zyazıcıo � glu N. Assessment of postoperative pain in children with com-

puter assisted facial expression analysis. J Pediatr Nurs 2023;71:60–5.

51. Packiasabapathy S, Zhang X, Ding L, et al. Quantitative pupillometry as a predic-

tor of pediatric postoperative opioid-induced respiratory depression. Anesth An-

alg 2021;133(4):991–9.

52. Nafiu OO, Thompson A, Chiravuri SD, et al. Factors associated with Recovery 
room intravenous opiate requirement after pediatric outpatient operations. Anesth 
Analg 2019;128(6):1225–33.

53. Lundberg SM, Nair B, Vavilala MS, et al. Explainable machine-learning predic-

tions for the prevention of hypoxaemia during surgery. Nat Biomed Eng 2018;2-

(10):749–60.

54. Ghazal S, Sauthier M, Brossier D, et al. Using machine learning models to predict 
oxygen saturation following ventilator support adjustment in critically ill children: a 
single center pilot study. PLoS One 2019;14(2):e0198921.

55. Lin N, Liu K, Feng J, et al. Development and validation of a postoperative delirium 
prediction model for pediatric patients: a prospective, observational, single-

center study. Medicine (Baltim) 2021;100(20):e25894.

56. Oliver M, Renou A, Allou N, et al. Image augmentation and automated measure-

ment of endotracheal-tube-to-carina distance on chest radiographs in intensive 
care unit using a deep learning model with external validation. Crit Care 2023; 
27(1):40.

57. Frid-Adar M, Amer R, Greenspan H. Endotracheal tube detection and segmenta-

tion in chest radiographs using synthetic data. In: Medical image computing and 
computer assisted intervention – miccai 2019. Cham: Springer International Pub-

lishing; 2019.

58. Yi X, Adams S, Babyn P, et al. Automatic catheter and tube detection in pediatric 
X-ray images using a scale-recurrent network and synthetic data. J Digit Imag 
2020;33(1):181–90.
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