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INTRODUCTION

The practice of anesthesiology has been transformed by prior advances in technology, 
and new technologies using artificial intelligence (AI) promise to continue this transfor-

mation. In the world of intraoperative monitoring, the past 100 years have seen the 
tools of the anesthesiologist advance from palpation of the temporal pulse and visually 
looking for cyanosis to the array of modern modalities such as pulse oximetry, cap-

nography, end-tidal gas monitoring, and many others. In addition to direct measure-

ment, our current monitors have also been augmented by alarms such as 
disconnect alarms, hypoxia alarms, hypotension alarms, and others that quickly bring 
our attention to concerning values. Many of these alarms are plagued by false-positive
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KEY POINTS

• Anesthesiology has evolved with technological advances, moving from basic physical

assessment to sophisticated monitoring modalities.

• Modern monitors provide vital measurements and alarms but often fail to predict and to
warn of future critical events despite many false alarms.

• Artificial intelligence is beginning to enhance intraoperative monitoring by helping predict

patient events, though commercial applications remain limited.

• The Hypotension Prediction Index (HPI) predicts intraoperative hypotension up to 15 mi-

nutes in advance using features from invasive or non-invasive arterial pressure monitors.

• The Nociception Level Index (NOL) estimates nociceptive stimulus levels in anesthetized

patients using photo-plethysmography and skin conductance measurements.
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alerts, however, and more subtle changes in patient status may be missed. Further-

more, while the anesthesiologist may extrapolate trends to predict where the patient’s 
physiology will be in a few minutes, it is rare for today’s monitors to attempt to assist 
with this task. Although there are few examples of commercially available monitors in 
anesthesia that make use of AI at this time, enhancing the anesthesiologist’s ability to 
detect and predict changes in the patient’s physiology remains an area of active 
research with the potential to further improve the safety and efficacy of anesthesia.

PREDICTING HYPOTENSION

One of the areas where AI is already starting to be used in monitoring in anesthesia is in 
predicting episodes of hypotension before they occur. A machine learning algorithm 
called the Hypotension Prediction Index (HPI) is now used by the Acumen IQ cuff and 
Acumen IQ sensor devices. The HPI provides a prediction of intraoperative hypotension 
within the next 15 minutes, in this context defined as a mean arterial pressure (MAP) less 
than 65 mm Hg for all measurements within a 1 minute interval. This algorithm was devel-

oped by Hatib and colleagues 1 starting with a large set (3022) of features derived from 
intraoperative arterial pressure waveform tracings, including time-domain features 
such as amplitude, spectral domain features, complexity, and multiple predictions 
from an older statistical algorithm for analyzing arterial waveforms (FloTrac). Next, 51 
of these features with the highest individual predictive value (as evaluated by the area un-

der the receiver operating curve, or AUROC) were used to generate nonlinear combina-

tions of these features. Features were then filtered to a smaller set that individually had an 
AUROC of 0.8 or greater. Finally, logistic regression models were trained using forward 
feature selection, where features are added one at a time to the model, choosing the 
feature that most improves the model at each step. To evaluate the performance of 
each potential model, a technique called cross-validation was used, where the data 
are split into n parts and models are then trained with each combination of n–1 parts of 
the data and tested on the remaining 1 part, giving n different models with n different es-

timates of how the model will perform on data it was not trained on; these multiple esti-

mates can then be combined to not only predict the performance of the model, but 
also estimate the uncertainty of the predicted performance (eg, using the standard devi-

ation of the estimates). The HPI was later validated using waveforms from a noninvasive 
arterial pressure monitor (ClearSight) instead of the pressure waveform from a traditional 
arterial line. In retrospective study of 320 American Society of Anesthesiologists Physical 
Status (ASA status) 3 to 4 patients undergoing noncardiac surgery with a (ClearSight, 
Edwards Lifesinces, Irvine, CA, USA) noninvasive cardiac monitoring device, the HPI 
showed good sensitivity (0.86) and specificity (0.86) for predicting episodes of hypoten-

sion (defined as a MAP <65 mm Hg for 1 minute or more) 5 minutes in the future. 2 

Multiple studies have examined the utility of using the HPI to reduce intraoperative 
hypotension. The HPI has appeared to perform well in several retrospective and

Abbreviations

AI artificial intelligence

AUROC area under the receiver operating curve

CISA combined index of stimulus and analgesia

HPI Hypotension Prediction Index

MAP mean arterial pressure

NOL Nociception Level Index

PPG photo-plethysmography

RCTs randomized control trials
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observational studies. In one retrospective study of 100 moderate to high-risk noncar-

diac surgeries, the use of the HPI versus FloTrac was found to reduce the median 
duration of a hypotensive events from 2.75 minutes in the FloTrac group versus 1 min-

ute in the HPI group. 3 A prospective, multicenter observational study of 702 patients 
undergoing noncardiac surgery with the HPI predictions available to the anesthesia 
provider showed a median duration of hypotension (MAP <65 mm Hg) of 2 minutes. 

Randomized control trials (RCTs) have not consistently replicated the potential ben-

efits suggested by retrospective and observational trials. While several smaller 
RCTs 4–6 showed a reduction in hypotension with use of the HPI, an RCT of 214 pa-

tients undergoing moderate to high-risk noncardiac surgery randomized to hemody-

namic management with the HPI versus usual care did not show a reduction in the 
amount of hypotension (defined as the time-weighted average of MAPs <65 mm 
Hg) or the time spent with a MAP less than 60 mm Hg or 55 mm Hg (secondary out-

comes). 2 A post hoc analysis of this trial that excluded episodes where the clinician did 
not intervene after an alert of pending hypotension from the HPI did show less hypo-

tension than seen without excluding these episodes. 2 This suggests that additional 
clinician training to use the device may improve its efficacy, but could also be 
explained by qualitative differences between the episodes where the clinician chose 
to intervene or not intervene after a warning of impending hypotension. A meta-

analysis of these studies concluded that the evidence suggested HPI-guided hemody-

namic management was able to reduce intraoperative hypotension, but the available 
evidence was of very-low to low quality. 7 To address concerns that underutilization of 
the HPI warnings by clinicians limited its efficacy, a smaller single-center RCT was 
performed with 70 patients undergoing major gynecologic surgery randomized to 
either a predefined goal-directed therapy protocol with the older FloTrac device or 
goal-directed therapy protocol guided by the HPI. 8 This study showed a small but sta-

tistically significant reduction in time-weighted average MAP less than 65 mm Hg over 
the first 20 minutes after induction (0.14 [0.04–0.66] mm Hg in the HPI group vs 2.15 
[0.65–4.2] mm Hg in the control group). Future larger trials will be needed to confirm 
this benefit and whether this reduction in hypotension will result in a significant benefit 
in organ dysfunction and other relevant patient outcomes.

Although the HPI is the only machine learning algorithm for predicting intraoperative 
hypotension that is currently in widespread clinical use, predicting intraoperative hy-

potension remains an area of active research. A diverse set of approaches have 
been successfully applied to retrospective datasets including convolutional neural 
networks, random forests, and support vector machines. 9–13 These more complicated 
algorithms are often able to better identify and use nonlinear features and interactions 
between the predictors than basic logistic regression. Thus, it seems likely that one or 
more of these more modern algorithms will provide better predictive power than the 
HPI, but significant clinical validation will need to be done before any of these are 
ready to be used in clinical care.

As with the HPI, questions also remain as to whether the early warnings of hypoten-

sion that these systems provide will translate into improved clinical outcomes. In 
particular, an algorithm can be very effective at predicting hypotension, but if all of 
the episodes of hypotension it predicts are ones that the anesthesia provider would 
already anticipate, it will not change provider actions and thus cannot change patient 
outcomes. For example, most providers would anticipate hypotension in an 80 year 
old patient given a 2 mg/kg bolus of propofol as an induction dose, and warning of po-

tential hypotension would likely be more of a distraction than an aid in their decision to 
prophylactically treat this anticipated hypotension. In a similar manner, warnings 
about hypotension are only useful if actions can be taken to prevent the hypotension
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that would improve patient outcomes. As an example, an algorithm might be able to 
more accurately predict whether a 92 year old patient started on broad-spectrum an-

tibiotics is likely to become hypotensive from sepsis, but it is unlikely that there will be 
a benefit to distinguishing between a patient with a 20% risk of hypotension and one 
with a 60% risk of hypotension; assuming the provider is aware of the risk of sepsis 
and monitoring the patient and prepared to intervene, prophylactic treatment is likely 
not warranted and the additional predictive power of the algorithm does not provide 
any useful guidance in how to best care for the patient.

DETECTING NOCICEPTION AND PREDICTING POSTOPERATIVE PAIN

A second area where machine learning has entered into clinical use in anesthesia 
monitoring is the detection of nociception in patients under anesthesia. As partial to 
complete ablation of movement, overt autonomic response, and patient awareness 
of pain are typically required for an anesthetic, common pain scales used for awake 
patients generally cannot be used to quantify nociceptive stimuli for a patient under 
anesthesia. Because even for very similar surgeries there can be significant variability 
in postoperative pain between patients due to anatomic and physiologic differences, it 
can be difficult to judge the appropriate amount of pain medication to give intraoper-

atively for a given patient and procedure to provide adequate pain control in the imme-

diate postoperative period while minimizing side effects such as sedation and nausea. 
The common need for rescue opioid medications to be given on emergence (and less 
commonly opioid agonists such as naloxone) suggest that providers are commonly 
not able to accurately anticipate a given patient’s postoperative pain.

The Nociception Level Index (NOL, Medtronic, Minneapolis, MN, USA) is a machine 
learning-based algorithm that is designed to assess nociceptive stimulus levels in 
anesthetized patients. This algorithm was developed from a prospective study using 
photo-plethysmography (PPG) and skin conductance measurements from 25 patients 
undergoing elective surgery. 14 These PPG and skin-conductance waveforms were 
then used to generate measurements of 5 physiologic parameters that have previously 
been found to be associated with nociception: heart rate, heart rate variability in the 0.15 
to 0.4 Hz range (over the past 1 minute), PPG amplitude, skin conductance levels, and 
number of skin conductance fluctuations. To provide the labeled nociception data for 
the model to predict, multiple surgical events such as intubation and trochar insertion 
were used. Each event was subjectively assigned a stimulus level of 1 to 10 by a trained 
anesthesiologist. A pharmacokinetic model was then used to estimate the effect-site 
concentration of any opioids the patient was given. This opioid effect was then sub-

tracted from the subjective stimulus intensity to calculate a combined index of stimulus 
and analgesia (CISA) value. A random-forest model was then trained to predict the 
calculated CISA level using the 5 physiologic parameters and their time derivatives. 

The results of clinical trials evaluating the ability of the use of the NOL to reduce post-

operative pain have been mixed. An initial RCT of 50 patients undergoing abdominal 
surgery found a reduction in postoperative pain in the NOL-guided anesthetics 
compared to the control group, while the average intraoperative opioid use was the 
same in both groups suggesting the NOL may have allowed better matching of opioid 
administrations to the patients more likely to benefit from them. 15 A later trial (Impact of 
Nociceptive-Level Intraoperative Guided Analgesia During Gynecological Laparoscopic 
Surgery Under General Anesthesia, [NOLGYN]) of NOL-guided analgesia in 70 patients 
undergoing laparoscopic total abdominal hysterectomies showed a 25% reduction in 
intraoperative fentanyl administration per hour in the patients receiving NOL-guided 
analgesia with no difference in pain scores or hydromorphone administrations in the
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24 hours after the procedure. 16 A larger randomized trial of patients having major 
abdominal open and laparoscopic surgeries was stopped for futility after having 
recruited 72 of 144 planned patients as NOL did not reduce pain scores in the 60 minutes 
after awakening (the primary outcome). 17 A meta-analysis of these trials and others did 
not find a clear reduction in postoperative opioid usage when the NOL was used, but 
there was considerable heterogeneity between studies and a wide confidence interval 
for effect size that crossed 0, suggesting further, possibly larger trials will be needed 
to answer this question definitively. 18

OTHER AREAS OF ONGOING RESEARCH 
Estimating Depth of Anesthesia

Estimating the depth of anesthesia has been an active area of research, 19 but machine 
learning-based models have not yet reached the stage of larger clinical trials. One 
challenge of this research is that there is not broad agreement on a measurement of 
depth of anesthesia that models can be compared against. Direct clinical assessment 
of a patient during anesthesia is likely the closest to a gold standard, and is used by 
many models (eg, refs. 20–22 ); while this provides an excellent match to what most 
would define as depth of anesthesia, it may miss aspects that can only be assessed 
retrospectively (eg, recall under anesthesia). In addition, these assessments are not 
currently recorded as part of clinical care. Thus, the labor required to collect them 
has meant that only smaller cohorts of patients (typically dozens) can be included. 
This makes it more difficult to employ models that require large datasets with many 
patients to train the models. 23 While recall under general anesthesia often is recorded 
during routine clinical care, it is rare enough that it is difficult to find an adequate num-

ber of examples to train a model. Some initial progress has been made using small 
case–control datasets, however. 24

As a proxy for clinical assessments, many models have been developed to use the 
patient’s electroencephalogram to predict the depth of anesthesia as measured by the 
proprietary, commercially available statistical algorithm used by the Bispectral Index 
monitor (BIS, Medtronic, Minneapolis, MN, USA) (eg, refs. 25,26 ), which is often 
recorded during routine clinical care. While this allows the use of larger datasets, a 
perfect model by this standard would only reproduce the existing clinically available 
BIS score, which itself is an imperfect predictor of clinical aspects of anesthesia 
such as immobility and lack of recall. Thus, these models are unlikely to improve pa-

tient care beyond what tools such as the BIS monitor already provide. Despite these 
challenges for developing models to estimate the depth of anesthesia, early results 
with smaller datasets have been promising. 27–29 Much larger studies will be needed 
to show whether use of these models can improve clinically relevant outcomes, how-

ever (eg, postoperative delirium, recall under anesthesia, or time to emergence).

Prediction of Hypoxia

Hypoxia during induction is a common and concerning event during anesthesia, and 
there has been some success at using patient characteristics both with 30 and 
without 31 intraoperative data to predict episodes of intraoperative hypoxia. Although 
this research is still at an early stage and these models were only tested on retrospec-

tive datasets, one of the models was able to outperform a panel of 5 trained anesthe-

siologists both when predicting intraoperative hypoxia at any time during the 
anesthetic using only static preoperative data and predicting whether the patient 
would have an episode of hypoxia 5 minutes in the future using both preoperative 
and intraoperative data.
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Prediction of Postoperative Complications

Several models have looked at prediction of postoperative complications (eg, acute 
kidney injury 32 ) using both preoperative and intraoperative data. Of note, including 
intraoperative data has often only provided minimal improvements in model perfor-

mance over similar models using only preoperative characteristics. 33 This raises the 
concern that the intraoperative actions of the anesthesiologist may have little effect 
on the risk of these complications, which may limit their utility in guiding the anesthe-

siologist’s care during the operation. Even if this is the case, these models may still 
provide value in planning the appropriate level of postoperative care for the patient 
(eg, day surgery vs a planned postoperative hospital admission).

POTENTIAL FUTURE RESEARCH DIRECTIONS 
Causal Models

While much of the existing research using AI in anesthesia monitoring has focused on 
the prediction of events such as hypotension or postoperative pain, such predictions 
may add very little value if the predictions do not suggest clear actions the provider 
can take to reduce this risk. For example, a history of chronic pain in a frail 90 year 
old with sleep apnea may be highly correlated with their risk of postoperative pain, 
but a simple predicted probability of postoperative pain may not be helpful in guiding 
intraoperative management. A more useful model would allow the provider to explore 
the likely risks and benefits of different intraoperative management approaches for this 
patient, for example, the likely result of giving another dose of methadone versus fen-

tanyl during an episode of intraoperative stimulus. Causal models can allow the pro-

vider to ask these types of “what if” questions, 34 but require careful design to avoid 
being misled by confounders in the large retrospective datasets needed for model 
development (eg, the intraoperative use of methadone is likely to be correlated with 
postoperative pain but unlikely to cause postoperative pain).

Foundation Models

While existing models are typically developed to predict a single unobserved mea-

surement (eg, nociception) or future event (eg, hypotension), a trained anesthesiolo-

gist is likely to use many measurements of many different modalities to develop a 
complex, unified mental model of the patient’s physiology, and then use that single 
model to predict many different patient outcomes. The approach of developing large, 
general purpose models on a wide range of data that are then applied to specialized 
problems has been a very productive approach in areas as diverse as language 35 and 
weather, 36 and these foundational models have largely replaced the specialized 
models that preceded them. One of the advantages of such models is that the patterns 
learned by the model from larger datasets (eg, wind and temperature) may transfer to 
other problems (eg, air pollution) with much more limited training data. It seems likely 
that similar foundational models will be useful in monitoring the state of a patient under 
anesthesia, and future research will likely explore these models.

SUMMARY

Although AI currently has relatively limited use in monitoring in anesthesia, this remains 
an area of tremendous promise. AI will likely play a large role in anesthesia monitoring 
in the longer term, but there is still significantly more research that will need to be done, 
including larger clinical trials, before many of its potential uses become part of the 
standard of care.
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CLINICS CARE POINTS

• Although AI has many potential applications in anesthesia monitoring, most have not been 

validated yet for clinical use.

• The Hypotension Prediction Index (HPI) uses machine learning to predict intraoperative 

hypotension using invasive or non-invasive arterial pressure monitors.

• The Nociception Level Index (NOL) uses machine learning to estimate nociceptive stimulus 

strength using photo-plethysmography and skin conductance measurements.
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