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ABSTRACT

Arti�cial�intelligence�(AI)�and�machine�learning�technologies�are�revolutionizing�
neuroanesthesia and neurocritical care through enhanced real-time monitoring, 
advanced neuroimaging analysis, and improved prognostic accuracy in patients 
with traumatic brain injury, stroke, intracranial hemorrhage, and neurosurgical 
conditions.1 This comprehensive review examines current AI applications 
including continuous physiological monitoring with predictive alerts, automated 
neuroimaging interpretation, outcome prognostication, personalized intraoperative 
management, and closed-loop anesthetic delivery systems. We address critical 
challenges including data quality, algorithmic bias, interpretability concerns, and 
regulatory barriers to clinical implementation. While AI demonstrates substantial 
promise in improving patient safety and outcomes in resource-constrained 
settings, successful integration requires rigorous validation, diverse population 
representation, clinician education, and establishment of clear governance 
frameworks. This review synthesizes evidence for Indian neuroanesthesiologists 
and neurocritical care specialists regarding AI implementation opportunities and 
necessary considerations for adoption.
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INTRODUCTION
Neuroanesthesia and neurocritical care 
management involves highly complex patients 
with life-threatening neurological conditions 
including traumatic brain injury (TBI), acute 
ischemic stroke, subarachnoid hemorrhage, 
and intraoperative neurosurgical procedures, 
where small delays in recognizing deterioration 
can result in irreversible neurological damage.1 
Traditional approaches to patient monitoring 
and decision-making rely heavily on clinician 
interpretation of multiple physiological 
parameters, neuroimaging data, and clinical 
assessment a process inherently prone to 
information overload, missed subtle patterns, 
and delayed responses in busy operating 
rooms and intensive care units.2

The complexity of neurocritical care is 
further�ampli�ed�by�the�multifactorial�nature�of�
secondary brain injury mechanisms, including 
intracranial hypertension, cerebral ischemia, 
seizures, and autonomic dysfunction, requiring 
simultaneous management of numerous 
interdependent physiological variables.3 
Arti�cial� intelligence,� particularly� machine�
learning and deep learning algorithms, offers 
transformative potential to continuously 
analyze high-frequency multimodal data 
streams, identify complex temporal patterns, 
generate early warnings of deterioration, and 
provide personalized decision support tailored 
to individual patient physiology.4

Recent systematic reviews and clinical 
applications have demonstrated AI’s capability 
to predict intracranial pressure (ICP) crises 
with 90%+ accuracy, classify neuroimaging 
abnormalities� with� 95%+� speci�city,� forecast�
patient outcomes with 85% predictive 
accuracy, and optimize perioperative 
management through closed-loop systems.1,2,3 
This review synthesizes current evidence 
on AI applications in neuroanesthesia and 
neurocritical care, with particular emphasis  
on practical implementation in Indian 
healthcare settings.

AI�CONCEPTS�AND�MACHINE�LEARNING�
METHODOLOGY�IN�NEUROCRITICAL�CARE

Foundational AI Approaches
Arti�cial� intelligence� in� neuroanesthesia�

primarily comprises supervised machine 
learning models including logistic regression, 
random forests, gradient boosting machines, 
and support vector machines, alongside deep 
learning architectures including convolutional 
neural networks (CNNs), recurrent neural 
networks (RNNs), and transformer-based 
models.1 These algorithms learn complex 
relationships between input variables (clinical 
data, physiological parameters, imaging features) 
and clinical outcomes through exposure to 
large training datasets.

Supervised learning requires labeled 
datasets where outcomes are known, enabling 
the model to learn predictive patterns. For 
example, models trained on historical ICP 
data paired with clinical outcomes can learn 
to predict future ICP trajectories.2 Conversely, 
unsupervised� learning� identi�es� hidden�
patterns in unlabeled data, potentially 
revealing novel patient phenotypes or 
clustering subtypes within heterogeneous 
conditions like TBI.4

The development lifecycle for clinical 
AI applications involves systematic steps: 
data collection and preprocessing, feature 
selection and engineering, model training 
with appropriate train-validation-test 
splits (typically 70-10-20), hyperparameter 
optimization, performance evaluation 
using suitable metrics, and external 
validation on independent datasets to assess 
generalizability.5,6

Data Requirements and Feature Engineering
High-quality datasets are foundational 

to AI development in neurocritical care. 
Comprehensive data collection requires 
integration of multiple modalities: detailed 
clinical variables (demographics, medical 
history, comorbidities, medications), real-
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strategies: head-of-bed elevation optimization, 
osmotic� therapy� titration,� cerebrospinal� �uid�
drainage adjustment, sedation/anesthesia 
deepening, ventilation management to 
optimize PaCO2, and consideration of advanced 
therapies like therapeutic hypothermia. The 
ability to forecast crises 30 minutes in advance 
represents a paradigm shift from reactive to 
predictive neurocritical care.9

EEG Analysis and Subclinical Seizure 
Detection

Continuous EEG monitoring is standard 
in neurocritical care for detecting seizure 
activity and assessing brain electrical function, 
yet traditional bedside EEG interpretation is 
hampered by the technical complexity, the 
labor-intensive nature of continuous review, 
and the potential for human error in identifying 
subtle patterns.10 AI-enabled automated EEG 
analysis addresses these limitations through 
continuous, objective screening.

Machine learning and deep learning algorithms 
applied to continuous EEG data have achieved 
high accuracy in detecting clinical and 
subclinical seizures, with sensitivity exceeding 
90% in several studies.1 These algorithms 
identify patterns that precede seizure activity, 
enabling seizure prophylaxis administration 
before seizure onset. Additionally, AI-based 
EEG analysis can detect ischemic signatures 
including reduced amplitude, slowing of 
background rhythms, and loss of reactivity 
�ndings� that� correlate� with� delayed� cerebral�
ischemia in subarachnoid hemorrhage and 
other conditions.11

Real-time�EEG�classi�cation�algorithms�can�
also identify patterns suggestive of medication 
levels, degree of sedation adequacy, and 
neurological deterioration, supporting 
personalized sedation management and early 
identi�cation� of� clinical� change.1 For Indian 
neurocritical care units where continuous 
EEG specialist review may be limited due to 
resource constraints, automated EEG analysis 
offers particular value in extending expert 
capabilities.

Integrated Physiological Monitoring and 
Outcome Prediction

Advanced AI systems integrate multiple 
physiological� signals� into� uni�ed� predictive�
models, recognizing that individual parameters 
provide incomplete information and that 
complex interactions between variables 
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time physiological waveforms (ICP, cerebral 
perfusion pressure, heart rate, blood pressure, 
oxygen saturation, end-tidal carbon dioxide), 
electrophysiological signals (continuous EEG 
with subsampling to prevent data overload), 
neuroimaging studies (CT, MRI with 
quantitative measures), laboratory parameters 
(electrolytes, coagulation studies, hemoglobin), 
and outcome measures (mortality, functional 
status at discharge, 6-month Glasgow Outcome 
Scale).1,2,3

Feature engineering transforms raw data 
into informative variables predictive of clinical 
outcomes. Time-series features derived 
from continuous monitoring including 
trend analysis, variability measures, and 
automated event detection can enhance model 
performance. For instance, the ICP waveform 
morphology�speci�cally�P2/P1�ratio�and�mean�
transmit time provides valuable information 
about cerebral compliance and can be 
computationally extracted for model input.2

AI�IN�REAL-TIME�PHYSIOLOGICAL�
MONITORING�AND�PREDICTIVE�ALERTING

Intracranial Pressure Prediction and Crisis 
Prevention

One of the most clinically validated applications 
of AI in neurocritical care is prediction of 
intracranial hypertension crises from real-
time ICP trends. Intracranial hypertension is a 
primary mechanism of secondary brain injury 
and a key driver of poor outcomes in TBI, 
yet current clinical practice relies on reactive 
threshold-based alarms that detect established 
hypertension rather than predicting impending 
crises.8

Machine learning models trained on 
high-frequency ICP data (sampled every 
1-10 seconds) and additional physiological 
parameters have demonstrated remarkable 
predictive performance. A landmark study 
utilizing recurrent neural networks achieved 
94.62% accuracy in predicting ICP elevation 
10 minutes in advance, with sensitivity of 74.91% 
and�speci�city�of�94.83%2 More impressively, 
ensemble machine learning models (I-CARE 
algorithm) demonstrated ability to predict ICP 
values 30 minutes into the future with mean 
absolute error of approximately 3.0 mmHg, 
providing� suf�cient advance warning for 
preemptive interventions.8

Clinically, early prediction of ICP elevations 
enables several proactive management 
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predict outcomes more accurately than single 
parameters.1,3 Such integrated systems combine 
ICP trends, cerebral perfusion pressure 
stability, heart rate variability, blood oxygen 
saturation patterns, ventilator parameters, 
and laboratory trends into ensemble models 
predicting deterioration risk over subsequent 
hours.12

Studies of ICU-wide AI systems demonstrate 
that ensemble machine learning models 
incorporating data from monitors, ventilators, 
and electronic health records achieve superior 
mortality and deterioration prediction 
compared to traditional scoring systems 
(SOFA, APACHE), with AUROC values 
exceeding 0.85.9,10 These systems can be 
deployed at the patient bedside or integrated 
into ICU dashboards, providing continuous 
risk� strati�cation� that� guides� resource�
allocation and clinical decision-making.8

AI�IN�NEUROIMAGING:��AUTOMATED�ANALYSIS�
AND�PERIOPERATIVE�APPLICATIONS

Deep Learning for Traumatic Brain Injury 
Imaging

Neuroimaging interpretation forms the 
foundation of TBI diagnosis and 
prognostication, yet substantial variation 
exists in radiologist interpretation of traumatic 
brain injuries, with potential for missed subtle 
but�clinically�signi�cant�abnormalities.13 Deep 
learning models trained on large datasets of 
CT and MRI studies have achieved exceptional 
performance in automated detection and 
segmentation of TBI-related abnormalities.

Convolutional Neural Networks (CNNs) 
applied to CT imaging have achieved over 
95%� sensitivity� and� speci�city� for� detecting�
intracranial hemorrhage subtypes including 
epidural hematoma, subdural hematoma, 
subarachnoid hemorrhage, and intracerebral 
hemorrhage.13 Beyond simple detection, these 
algorithms can quantify lesion volumes, 
measure mass effect and midline shift, assess 
perilesional edema, and classify injury severity 
information critical for guiding surgical decision-
making and anesthetic planning.13

For anesthesiologists managing TBI patients 
perioperatively, AI-assisted imaging provides 
valuable preoperative information regarding 
lesion location, volume, relationship to 
eloquent brain areas, and presence of features 
suggesting elevated ICP (such as obliteration of 

cisterns, midline shift), allowing optimization 
of intraoperative anesthetic management.13 
Speci�cally,� patients� with� large� mass� lesions�
or imaging features suggesting intracranial 
hypertension� may� bene�t� from� osmotic�
therapy initiation, careful hemodynamic 
management, mild hyperventilation, or head-
of-bed elevation initiated preoperatively.13

Intraoperative Neuronavigation and Brain 
Shift Correction

Intraoperatively, brain shift the movement 
of cerebral structures secondary to CSF loss, 
gravity, and retraction degrades accuracy of 
neuronavigation systems and increases risk 
of off-target resection or vascular injury.1  
AI-integrated imaging platforms continuously 
process intraoperative imaging (ultrasound, 
CT, or MRI) to update neuronavigation 
coordinates in real-time, compensating for brain 
shift and maintaining surgical precision.14

Studies of AI-updated neuronavigation 
demonstrate improved tumor resection 
completeness while reducing injury to 
adjacent structures, with direct implications 
for neurological outcome and supporting 
perioperative anesthetic management targeting 
speci�c�hemodynamic�goals�based�on�surgical�
requirements.1

Postoperative Imaging Analysis and 
Complication Detection

Postoperatively, AI systems rapidly analyze 
chest radiographs, CT studies, and other 
imaging to identify complications including 
pneumonia, atelectasis, new hemorrhage, 
edema progression, and other abnormalities 
requiring intervention.1 Rapid automated 
analysis enables earlier clinical response and 
potentially shorter ICU length of stay through 
earlier� identi�cation� of� patients� safe� for�
discharge or requiring escalation of care.15

AI�IN�OUTCOME�PREDICTION�AND�
PROGNOSTICATION

Mortality and Functional Outcome Prediction 
in TBI

Accurate prognostication is essential for 
family counseling, rehabilitation planning, 
resource allocation, and clinical trial enrollment 
in neurocritical care. Traditional scoring 
systems (GFAP, IMPACT, ProGTBI) 
incorporate limited variables and achieve 
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only moderate discriminatory accuracy.15 AI 
models incorporating more comprehensive 
data achieve substantially superior prognostic 
accuracy.

Machine learning models trained on 
comprehensive TBI datasets including 
demographic data, injury characteristics, 
clinical� examination� �ndings,� neuroimaging�
features, physiological parameters, and 
laboratory results have demonstrated ability to 
predict mortality with 85% accuracy, functional 
outcomes with AUROC exceeding 0.80-0.85, 
and long-term disability status with clinically 
meaningful discrimination between favorable 
and unfavorable outcome groups.13,14,15

A particularly valuable application is early 
outcome prediction (within 24-48 hours of 
injury),� enabling� identi�cation� of� patients�
likely to have poor prognosis who may 
bene�t� from� aggressive� rehabilitation� efforts�
or early advance care planning discussions 
with families. Deep learning models analyzing 
baseline CT imaging features alongside clinical 
data can predict 6-month Glasgow Outcome 
Scale category with high accuracy.15

Stroke Outcome and Recurrence Prediction
AI systems applied to acute ischemic stroke 

support multiple decision points throughout 
the patient course. Models incorporating 
patient� characteristics,� imaging� �ndings,� and�
thrombolytic/thrombectomy response can 
predict functional recovery trajectory, enabling 
personalized rehabilitation intensity and 
predicting discharge disposition.16 Additionally, 
AI-based stroke risk assessment tools can 
identify patients at highest recurrence risk, 
supporting intensity of secondary prevention 
measures and follow-up monitoring.16

AI� IN� PERSONALIZED� PERIOPERATIVE�
ANESTHETIC�MANAGEMENT

Closed-Loop Anesthetic Delivery Systems
Optimal neuroanesthesia requires precise 

titration of anesthetic agents to maintain depth 
of anesthesia within narrow target ranges 
while managing hemodynamic stability and 
cerebral perfusion pressure tasks challenging 
for manual administration during lengthy 
neurosurgical procedures.1 AI-enabled closed-
loop systems address these challenges through 
continuous feedback-driven drug delivery.

These systems utilize processed EEG indices 
(Bispectral Index or Patient State Index) as 
depth-of-anesthesia feedback, continuously 
comparing measured depth to target depth 
and automatically adjusting intravenous 
propofol infusion to maintain the target.1 
Clinical trials of AI-guided propofol delivery 
have demonstrated superior maintenance 
of target depth compared to manual 
administration (improvement in time-in-target 
of approximately 25%), reduced hemodynamic 
�uctuations,� and� decreased� total� intraoperative�
opioid consumption.17

Similarly, AI-based opioid titration systems 
use nociception monitoring and hemodynamic 
parameters to guide remifentanil or sufentanil 
delivery, achieving superior analgesia 
with reduced total opioid dose and fewer 
episodes of intraoperative hypertension or 
hypotension.1 For neurosurgical cases where 
hemodynamic stability and cerebral perfusion 
pressure control are crucial, closed-loop 
systems� provide� signi�cant� advantages� over�
standard manual anesthesia delivery.17

Ventilator Management and Optimization
Mechanical ventilation in neurocritical 

patients requires careful balance between 
adequate oxygenation/ventilation to prevent 
secondary brain injury and avoidance of 
ventilator-induced lung injury. AI systems 
analyze respiratory mechanics, blood gas 
parameters, and lung compliance data 
to recommend individualized ventilator 
settings optimized for each patient’s unique 
physiology.17

Studies of AI-guided ventilation protocols 
demonstrate reduced incidence of 
postoperative atelectasis and ventilator-
associated complications in neurocritical 
patients,� improved� oxygenation� ef�ciency,�
and potentially shorter duration of mechanical 
ventilation.1 For neuroanesthesiologists managing 
intraoperative ventilation in neurosurgical 
cases, AI-informed recommendations can 
support optimization of CO2 targets and 
ventilator� settings� for� speci�c� neurosurgical�
procedures.17

Neuromuscular Blockade Monitoring and 
Drug Delivery

Residual neuromuscular blockade at 
emergence from anesthesia even when only 
partially present increases postoperative 
respiratory complications and airway-
related adverse events, which is particularly 

Shivani Fotedar, Agrima Sundriyal, Sowmya KR et. al, Artificial Intelligence in Neuroanesthesia and 
Neurocritical Care: Current Applications, Challenges, and Clinical Integration



20  Indian Journal of Anesthesia and Analgesia

IJAA / Volume 13 Number 1 / January - March 2026

concerning in neurosurgical patients requiring 
early neurological assessment.18 AI systems 
integrating train-of-four monitoring data 
can provide precise recommendations 
for neuromuscular blocking drug dosing, 
maintaining required surgical relaxation while 
minimizing residual blockade risk.18

CHALLENGES�AND�IMPLEMENTATION�
BARRIERS

Data�Quality,�Heterogeneity,�and�Generalizability
Development of clinically robust AI models 

requires large, high-quality datasets with 
complete, accurate information across multiple 
data modalities. However, many existing 
neuroanesthesia and neurocritical care datasets 
suffer from incomplete data (missing values), 
data� errors,� inconsistent� de�nitions� across�
institutions,� and� insuf�cient� sample� sizes� for�
training complex deep learning models.19

More critically, existing datasets often 
represent single-institution or demographically 
homogeneous populations, limiting 
generalizability when models are deployed 
in different populations or institutions.19 
Models trained predominantly on data from 
wealthy urban academic medical centers may 
perform substantially worse in rural settings, 
resource-limited facilities, or populations with 
different� comorbidity� pro�les� a� concern�
particularly relevant for Indian healthcare 
implementation.19

Addressing these barriers requires multicentre 
collaborative data collection efforts, 
standardization� of� data� de�nitions� and�
collection protocols, and external validation of 
models across diverse populations and settings 
before clinical deployment.19

Algorithmic Bias and Fairness
AI models can perpetuate or amplify 

healthcare disparities if trained on biased 
historical data. For example, if ICP 
management strategies have historically 
been more aggressive in certain demographic 
groups, an AI model trained on this data might 
recommend different management strategies 
for similar clinical presentations based on 
protected characteristics.1 Such algorithmic bias 
can result in inappropriate recommendations 
and widening of health inequities.20

Mitigating algorithmic bias requires: (1) 
careful auditing of training datasets to identify 

demographic imbalances; (2) diverse dataset 
collection including adequate representation of 
various�populations;�(3)�strati�ed�performance�
evaluation across demographic subgroups; 
and (4) continuous monitoring of model 
performance in diverse real-world populations 
after deployment.1

Black Box Problem and Interpretability
Many high-performing deep learning 

models function as “black boxes,” providing 
predictions without clear rationale for how 
speci�c� input� variables� led� to� particular�
recommendations.11 This lack of interpretability 
substantially impedes clinical adoption, 
as clinicians understandably hesitate to 
implement AI recommendations they cannot 
understand or validate against clinical reasoning.1

Explainable AI (XAI) techniques including 
SHAP (SHapley Additive exPlanations) 
values and LIME (Local Interpretable 
Model-agnostic Explanations) address 
this challenge by identifying which input 
variables�most�in�uenced�speci�c�predictions,�
highlighting their relative contributions and 
enabling clinician assessment of prediction 
reasonableness.11 For neurocritical care 
applications where decisions have high 
clinical stakes, interpretable models and 
explanation mechanisms are essential for 
clinical acceptance.11

Data� Privacy,� Security,� and� Regulatory�
Compliance

AI systems for neuroanesthesia and 
neurocritical care require access to sensitive 
health information including detailed 
medical histories, genetic data, mental 
health records, and neuroimaging creating 
substantial data privacy risks.11 Compliance 
with privacy regulations including India’s 
Health Data Protection Bill and international 
standards requires robust data security 
infrastructure, encryption, access controls, 
and audit trails.12

Additionally, the regulatory landscape for 
AI medical devices remains underdeveloped 
in many jurisdictions including India. Clear 
regulatory� pathways� de�ning� validation�
requirements, safety standards, and liability 
frameworks are necessary for responsible 
clinical deployment.1 Without such 
frameworks, institutions deploying AI systems 
face�unde�ned�legal�and�ethical�risks.13



21

IJAA / Volume 13 Number 1 / January - March 2026

FUTURE�DIRECTIONS�AND�IMPLICATIONS�
FOR�INDIAN�NEUROANESTHESIA�PRACTICE

Multimodal AI and Digital Twins
Emerging AI applications include multimodal 

models integrating physiological data, 
imaging, laboratory parameters, genomic 
information, and psychosocial factors into 
uni�ed� predictive� and� decision-support�
systems.1 Such comprehensive models offer 
potential for superior outcome prediction and 
personalized treatment optimization compared 
to current single-modality approaches.14

Digital twin technology creating virtual 
simulations of individual patients that predict 
response to interventions represents an 
exciting frontier for perioperative planning 
and prognostication in neurosurgical cases.15 
Anesthesiologists could utilize digital twins 
to simulate intraoperative scenarios and 
optimize anesthetic management before 
surgery, potentially reducing intraoperative 
complications.16

Federated Learning and Privacy-Preserving 
Analytics

Federated learning approaches enable 
collaborative AI model development across 
multiple institutions without centralizing 
sensitive patient data.1 Models are trained 
locally on individual institution datasets, 
with only model parameters (not patient 
data) aggregated across institutions to 
generate composite models with superior 
generalizability.15 This approach overcomes 
current data-sharing barriers, enables 
development of diverse, representative 
models, and maintains patient privacy.17

Implementation Roadmap for Indian 
Healthcare Settings

For successful AI adoption in Indian 
neuroanesthesia and neurocritical care, several 
steps are necessary:

1.  Local validation: Validating existing 
AI models in Indian healthcare settings 
with local patient populations to assess 
generalizability.

2.  Multicentre data collaborations: Establishing 
collaborative networks among Indian 
institutions for prospective data 
collection enabling development of 
India-speci�c�models.

3.  Infrastructure development: Ensuring 
adequate electronic health record 
systems and hospital information 
technology infrastructure to support AI 
deployment.

4.  Clinician education: Implementing 
structured training programs in AI 
literacy, model interpretation, and 
appropriate implementation for 
neuroanesthesiologists and neurocritical 
care physicians.

5.  Governance frameworks: Establishing 
institutional policies addressing AI 
validation, performance monitoring, 
incident reporting, and ethical oversight.

6.� �Integration� with� clinical� work�ows:�
Ensuring AI tools integrate seamlessly 
with existing monitoring systems and 
clinical decision-making processes.

7.  Equity considerations: Prioritizing 
deployment in resource-limited settings 
where AI could have greatest impact 
in extending specialist expertise and 
improving patient safety.

Requirements for Clinical Implementation
• Successful clinical integration of AI in 

neuroanesthesia and neurocritical care 
requires:

• Rigorous validation through multicenter 
randomized controlled trials demonstrating 
superiority over standard care.

• External validation across diverse 
populations and healthcare settings 
ensuring generalizability.

• User-friendly clinical interfaces facilitating 
seamless�integration�into�existing�work�ows.

• Comprehensive clinician education 
addressing AI literacy, appropriate use, 
and limitations.

• Clear institutional governance frameworks 
addressing validation, monitoring, and 
ethical oversight.

• Continuous performance monitoring and 
feedback mechanisms enabling model 
improvement.

• Transparent communication of model 
limitations� and� appropriate� con�dence�
intervals.

• Maintenance of human oversight and 
clinician judgment in all clinical decisions.
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CONCLUSIONS
Arti�cial� intelligence� represents� a�

transformative technology for neuroanesthesia 
and neurocritical care, with demonstrated 
capability to enhance real-time monitoring 
through predictive alerting systems, improve 
neuroimaging� interpretation� accuracy,� re�ne�
outcome prognostication, and personalize 
perioperative management through closed-
loop systems. Current evidence demonstrates 
substantial clinical promise, particularly for 
ICP crisis prediction (90%+ accuracy), outcome 
prognostication (85% accuracy for mortality 
prediction), and perioperative management 
optimization.

However,� signi�cant� barriers� to� clinical�
implementation remain, including limited 
external validation in diverse populations, data 
quality and heterogeneity concerns, inadequate 
regulatory� frameworks,� insuf�cient� clinician�
education, and concerns regarding algorithmic 
bias and interpretability. These barriers are 
particularly pronounced in resource-limited 
healthcare settings including many Indian 
institutions.

For neuroanesthesiologists and neurocritical 
care specialists in India, engagement with AI 
implementation represents an opportunity to 
enhance care quality, improve patient safety, 
optimize resource utilization, and extend 
specialist expertise to underserved populations 
through tele-ICU platforms. However, this 
engagement must be accompanied by critical 
evaluation of available evidence, rigorous 
local validation before clinical deployment, 
attention to ethical considerations including 
data privacy and algorithmic fairness, and 
commitment to maintaining human oversight 
in all clinical decision-making.

Future research priorities for Indian 
neuroanesthesia include: (1) development of 
India-speci�c� datasets� enabling� local� model�
validation and development; (2) multicenter 
prospective data collection supporting 
diverse AI model development; (3) rigorous 
clinical trials establishing superiority of AI-
guided management over standard care; 
(4) exploration of explainable AI techniques 
improving clinical interpretability; (5) evaluation 
of cost-effectiveness and implementation 
feasibility in resource-limited settings; (6) 
establishment of clear ethical and regulatory 
frameworks guiding responsible AI deployment; 
and (7) comprehensive training programs 

ensuring clinician readiness for AI-assisted 
neuroanesthesia practice.

With thoughtful, evidence-based implementation 
prioritizing patient safety, ethical considerations, 
and clinical validation, AI has substantial 
potential to advance neuroanesthesia and 
neurocritical care quality in Indian healthcare 
systems.
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