
Introduction

Intraoperative hypotension (IOH) is widely 
acknowledged as a significant risk factor for surgical 
patients, as it is independently associated with severe 
adverse outcomes, including renal, cerebral, and cardiac 
injuries, and even mortality.1 Studies have shown that 
the severity of outcomes increases proportionally to 
the intensity and duration of hypotensive episodes.1,2 
Recently, research has introduced the concept that 
the cumulative duration of hypotension during the 

perioperative period exerts a significant impact on patient 
outcomes, a finding corroborated by multiple studies.2

In the intraoperative context, it is challenging for the 
anesthesiologist to monitor the cumulative duration of 
hypotensive periods throughout extended surgeries, 
highlighting the need for technological solutions. Recent 
studies indicate that the use of predictive software can 
significantly reduce both the frequency and duration 
of hypotensive episodes, demonstrating its efficacy in 
supporting anesthesiologists.3 Although systems based 
on invasive arterial lines offer greater precision, their 
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Abstract

Introduction: Intraoperative hypotension (IOH) is a frequent complication associated with adverse cardiovascular, 
cerebral, and renal outcomes, with increased mortality. Recent evidence indicates that cumulative exposure 
time to hypotension is a significant factor, related to both the duration and severity of hypotensive episodes. 
The Hypotension Prediction Index (HPI) algorithm, with active alerts, showed that hypotension periods can be 
significantly reduced.

Objectives: To describe an artificial intelligence (AI) algorithm for hypotension prediction integrated into real-time 
anesthesia record-keeping software and Clinical Decision Support Systems (CDSS) that can warn anesthesiologists 
about the possibility of the onset of hypotension up to 20 minutes in advance.

Methods: This prediction tool incorporates four machine learning classifier models developed using the XGBoost, 
a supervised learning library that works with decision trees with gradient boosting. These models were trained, 
validated, and tested based on a database of approximately 0.5 million anesthesia records, using real world data.

Results: Accuracy ranged from 84.92% to 89.07%, and sensitivity ranged from 82.15% to 90.86%, with the best 
results found in five-minute predictions and the worst in twenty minute predictions. The algorithm was tested in 
all types of surgical procedures but only using adult data. Separate analyses were performed on small, medium, 
and large procedures of different surgical specialties with similar results.

Conclusions: The present study demonstrated the use of an AI algorithm integrated into anesthesia record-keeping 
software, showing a high accuracy for hypotension prediction. This algorithm is available for all types of anesthesia 
care in adult procedures.
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developed by Anestech — incorporates a DSS powered by 
AI that can alert physicians up to 20 minutes in advance 
about the probable occurrence of IOH, with adjustments 
based on individual patient and treatment characteristics. 
Through the refinement of machine learning models, 
the AI has achieved high accuracy in various clinical 
scenarios for patients over 12 years of age.

The predictive capability of Anestech's algorithm, 
combined with its integration into real-time anesthesia 
records, enables the anesthesiologist to act preventively, 
thereby reducing the intensity and duration of 
hypotensive episodes and preventing severe perioperative 
complications. The application of integrated technologies 
not only enhances clinical outcomes, but also contributes 
to cost reduction, an increasingly prioritized objective for 
healthcare institutions.

Outcomes related to hypotension

Each year, millions of surgeries are performed 
worldwide, and IOH is one of the most frequent 
complications, potentially causing target organ damage 
and increased morbidity and mortality. The etiologies of 
IOH are multifactorial and interrelated, encompassing 
patient characteristics, type of surgical procedures, 
anesthesia techniques, drugs used, and anesthetic-
surgical complications.

use is constrained by their invasive nature, high cost, 
and restricted availability to institutions equipped with 
these resources.

An alternative to facilitate the widespread adoption 
of these technologies is the development of software 
integrated with anesthesia records, providing the 
anesthesiologist with real-time support for any procedure. 
Decision Support Systems (DSS) have proven to be an 
effective solution to this problem, and advancements in 
Artificial Intelligence (AI) have enhanced these systems' 
interactions with clinicians through natural language, 
further increasing their precision and applicability. DSSs 
have also been associated with reduced task execution time, 
increased efficiency, and improved quality of patient care.4

Currently, there is a continuous effort to establish a less 
strenuous work routine, with healthcare professionals 
avoiding altered states of mental health, such as burnout. 
AI support in predicting critical patient conditions not 
only provides a direct gain in patient outcomes, but it 
also contributes in the quality of the anesthesiologist's 
routine and reduces their cognitive load.

The integration of multiple technologies in mobile 
devices readily available to the anesthesiologist represents 
an important advance in patient care, promoting greater 
adherence to protocols and best clinical practices. In this 
context, AxReg — the electronic anesthesiology record 

Central Illustration: Artificial Intelligence as a Tool to Support Decision-Making in the Management of 
Intraoperative Hypotension

Int J Cardiovasc Sci. 2025; 38:e20240221

Int J Cardiovasc Sci. 2025; 38:e20240221

2
Pretto et al.

Artificial intelligence and hypotension predictionOriginal Article



A systematic review evaluating 42 studies seeking 
an association between IOH and worse outcomes in 
non-cardiac surgeries found that injuries occur when 
mean arterial pressure (MAP) drops below 80 mmHg 
for periods longer than 10 minutes or below 70 mmHg 
for shorter periods. However, high-quality studies 
identifying specific organ injuries at MAP levels below 
65 mmHg remain limited.1

A wide range of literature suggests that lower MAP 
levels are related to a higher risk of organ damage.  In the 
study by Walsh et al, an MAP of below 55 mmHg for even 
one minute was associated with myocardial injury, cardiac 
complications, and renal damage in non-cardiac surgeries.5

Similarly, a multicenter retrospective cohort study, 
conducted by Gregory et al., observed that IOH during 
non-cardiac surgery was prevalent and associated with 
a heightened risk of cardiac and cerebrovascular events  
within thirty days post-surgery. The greater the severity 
of hypotension, the more significant were the findings, 
which occurred in all of the age groups evaluated in 
this study. Given that IOH is preventable, frequent, and 
related to important outcomes, the authors define  IOH 
as a serious public health concern that should not be 
ignored in any age group.1

A systematic review, conducted by Wesselink et al., 
highlights that, despite the lack of conformity in IOH 
definitions, its association with worse cardiac and renal 
outcomes is repeatedly demonstrated in several articles. The 
authors raise the question that most data are retrospective 
and with observational design in most studies, reflected 
by great variability in patient characteristics, definitions 
of hypotension, and results. This variability contributes 
to an ongoing debate concerning which blood pressure 
thresholds are low enough to induce injury and under 
what specific clinical conditions.6

The importance of cumulative time of IOH

Although the relationship between IOH and adverse 
outcomes has been studied extensively, a new concept 
has been introduced in recent years: the cumulative time 
of hypotension or time weighted average hypotension. 
According to this concept, not only is the MAP value 
relevant, but the cumulative time during which the 
patient remains hypotensive is crucial. Mascha et al. 
demonstrated that cumulative periods of IOH lasting 
10 minutes — even when occurring intermittently 
throughout the intraoperative period — are linked to 
poorer outcomes.2

While the concept contains a simple logic, it carries 
great operational complexity: how to evaluate and make 
this information available to the anesthesiologist? In 
daily practice, anesthesiologists manage hypotensive 
episodes with available vasopressors, with rare cases 
where the patient remains hypotensive without any 
intervention. When tracking MAP trends over time, 
patient data often reveals "peaks and valleys". Valleys 
represent the moments when MAP first falls, prompting 
medical intervention, while peaks occur as vasopressors 
exert their pharmacological effects, stabilizing the 
patient’s blood pressure. In this common scenario in 
operating rooms, it is challenging to assess how long the 
patient remained hypotensive during the surgery, and 
a retrospective analysis would likely reveal a reactive 
approach to blood pressure management, characterized 
by sharp fluctuations.

This cycle — hypotension followed by treatment, 
resulting in an overshoot effect and subsequent 
hypotension requiring further treatment — constitutes 
the standard care for the patient, despite being associated 
with worse outcomes. The solution to prevent this cycle 
from happening is the prediction of hypotension, as 
anesthesiologists will be able to anticipate treatment 
and prevent the patient from becoming hypotensive in 
a more organic way and, with this extra time, using non-
pharmacological maneuvers, minimizing unwanted side 
effects. In this way, there will be not only less IOH, but 
also less cumulative time of hypotension, a more uniform 
curve, and a more respected physiology.

Additionally, integrating anesthesia record-keeping 
software with features that track cumulative hypotension 
duration can warn clinicians when patients are already at 
a high risk. Ongoing education focused on the adoption 
of new technology and increased awareness concerning 
reducing IOH tolerance are essential steps toward 
improving outcomes on a global scale.

Hypotension prediction technologies

Hypotension prediction was initially implemented in 
hemodynamic monitors analyzing pulse wave contours, 
as additional information associated with a decision-
making algorithm for hypotension treatment. To develop 
the prediction, machine learning techniques were used, 
retrospectively analyzing thousands of hypotensive 
events through hemodynamic data measured by the 
monitor. The refinement of these algorithms led to the 
creation of a hypotension probability indicator that alerts 
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the physicians up to 20 minutes in advance about the 
increased risk of hypotension occurrence. These devices 
have been available for clinical use for several years in 
specific monitors with dedicated sensors and with higher 
operational costs.

Using these advanced monitoring systems, protocols 
for the early treatment of hypotension were formulated, 
demonstrating expressive results. In the prospective, 
observational, multicenter study by Kouz et al., which 
involved 749 patients, a monitoring protocol was applied 
from the start to the end of anesthesia. This protocol 
utilized the Acumen™IQ sensor (Edwards Lifesciences) 
and the HemoSphere platform (Edwards Lifesciences), 
which continuously calculates and displays the 
Hypotension Prediction Index (HPI) and hemodynamic 
variables, including blood pressure. No specific treatment 
protocol; instead, patients were managed according to 
each center's clinical routine. The study was conducted 
in medical centers that routinely use HPI software, the 
Acumen™IQ sensor, and the HemoSphere platform.

The results from this protocol were expressive. The 
median time-weighted average for MAP <65mmHg was 
minimal (0.03mmHg). Approximately 40% of all patients 
had no episodes of MAP <65 mm Hg lasting 1 minute. 
Patients had a median MAP <65 mm Hg for only 2 min or 
1% of surgical time. These results are substantially lower 
than those reported in similar studies. The low occurrence 
of IOH in this study can be attributed to several factors: 
the use of hypotension prediction software that alerts 
to the risk of hypotensive events up to 20 minutes in 
advance, the hypotension treatment algorithm provided 
by the monitor, which indicates the most common causes 
of hypotension in a contextualized manner, which in turn 
facilitates correct decision-making, and the centers that 
participated in this study are all trained and experienced 
in the use of hemodynamic monitors with hypotension 
prediction. The authors reinforce that IOH is a modifiable 
risk factor for organ injury, both in terms of duration 
and severity.3

A subsequent study by Keijzer et al. demonstrated 
a similar effect in reducing hypotensive events with 
the use of HPI software.7 The systematic review by 
Depaskouale et al., published in 2024, confirmed that the 
combination of HPI software with personalized treatment 
protocols can effectively prevent IOH, despite significant 
heterogeneity across the studies.8

The evolution of these types of machine learning 
software for hypotension prediction is leading to the 

development of more comprehensive platforms with 
the possibility of greater scale and lower costs. This is a 
common path for technologies, and new software and 
devices incorporating these predictive capabilities will 
likely become more widely available.

Following the confirmation of the accuracy of 
hypotension prediction through machine learning 
techniques, other studies have sought correlations with 
other simpler and more readily available forms to avoid 
IOH. The prospective and observational study by Mulder 
et al. shows that MAP limits of 72–73 mmHg with active 
alarms treat the results of hypotension prediction through 
algorithms. Due to the great influence of MAP on IOH 
algorithms, the isolated use of MAP with alarm definition 
for intervention cut-off points obtained comparable 
results.9 A r     etrospective study conducted by Jacquet-
Lagrèze et al. suggested that simple linear extrapolation 
of MAP can be used to predict hypotension 1 to 2 minutes 
in advance.10

Clinical decision support systems (CDSS)

CDSS are tools that assist healthcare professionals 
in selecting appropriate courses of action, treatments, 
interventions, prescriptions, and other clinical activities. 
The methodologies employed in CDSS are highly 
varied, ranging from checklists, scores, ratings, and 
reminders to active alerts, blocks, prohibitions, and 
recommendations. These systems integrate various data 
sources through machine learning, neural networks, and 
AI. CDSS are applied in numerous clinical scenarios to 
achieve multiple objectives, including reducing cognitive 
load on healthcare professionals, enhancing diagnostic 
accuracy, improving documentation quality, facilitating 
billing processes, minimizing care variability, promoting 
adherence to protocols, and reducing time spent on 
record-keeping.

In a narrative review by Freundlich and Ehrenfeld 
(2017), the authors cite a continuous evolution of 
CDSS, emphasizing the integration between Anesthesia 
Information Management Systems (AIMS) and electronic 
health records (EHRs) as the critical point for results. 
Ideally, CDSS should be available in real-time, throughout 
the perioperative period and adjusted to specific patient 
subgroups. CDSS applications have shown significant 
results, particularly in such areas as maintaining 
normoglycemia, ensuring the proper use of prophylactic 
antibiotics, administering perioperative beta-blockers, 
warning clinicians of abnormal test results, optimizing 
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mechanical ventilation, reducing unnecessary anesthetic 
gas expenditure, reducing postoperative nausea and 
vomiting, and facilitating the implementation of pre-
anesthesia induction checklists. Associated with the 
mentioned care benefits, operational gains have been 
observed, such as a better management of the surgical 
center’s schedule, a reduction in overall anesthesia 
costs, and a better billing performance. Despite limited 
literature regarding impacts on important outcomes, 
CDSS show several advantages and are a clear trend in 
technological evolution.11

Emerging AI technologies, particularly those involving 
natural language (e.g., large language models (LLMs)), 
will greatly enhance decision support, contextualizing 
patient needs, procedure characteristics, and institutional 
standards. In a retrospective study by Kheterpal et al., 
the use of a clinical decision support system for more 
than 75% of the anesthesia duration was associated 
with reduced incidences of hypotension, lower fluid 
administration, better tidal volume management, 
reduced costs, and a shorter average hospital stay.12

The patient's clinical context and the characteristics of 
the anesthetic-surgical procedure need to be the starting 
point of a modern CDSS, with widespread use, as presented 
in the central figure scheme. CDSS for focal actions that 
work in parallel with EHRs have low engagement, despite 
their good results.  Ideally, CDSS should identify each 
patient's unique needs and procedural requirements, 
providing professionals the appropriate recommendations 
for each case, scaling the mandatory items, risks, points of 
attention, and desirable items.

The analysis of all perioperative variables is complex, 
and simple technologies will not be sufficient. In these 
cases, the application of more advanced data analysis 
technologies, such as machine learning, is necessary. 
These systems can dynamically learn, recommend, 
and guide decision-making, adapting to individual 
professional needs, patient variability, and institutional 
protocols. As machine learning systems are dynamic, if 
care protocols change, the system itself will learn the new 
format and will begin to recommend the new protocols.

For these learning systems to be effective, the database 
must be accurate, complete, retrievable, and available in 
real-time. This is one of the major current difficulties, as 
old EHRs can be a barrier to the advancement of these new 
technologies. Furthermore, healthcare institutions that still 
rely on paper-based records are excluded from the full 
benefits of modern digital tools, leading to suboptimal 

outcomes due to digital exclusion. Taking care of the entire 
journey of perioperative data for the evolution of medical 
systems is essential and must be performed with the same 
dedication applied when caring for patients.

When high-quality data is available for modern CDSS, 
automated monitoring and analysis of indicators is also 
possible, a basic condition for proper management. 
Through the integration of AIMS with EHRs, the 
anesthesia record becomes a large repository of 
information taken minute-by-minute in real-time, 
rendering CDSS a reality. The anesthesiologist continues 
to be indispensable as a source of clinical judgment and 
intervention. The AIMS is the main core of AI and CDSS, 
as represented by the Central Illustration.

The effective implementation of CDSS are challenges 
for AI and behavioral science. Several factors contribute 
to these challenges. First, the quality of an algorithm's 
output is directly affected by the quality of data input (e.g., 
identification of main patient information and monitoring 
artifact filters). Second, CDSS typically provide various 
notifications and warnings that require the physician's 
attention for the conduct to be carried out. In this aspect, 
alarm fatigue and documentation requirements are a great 
challenge for the CDSS to be useful and accurate without 
becoming burdensome in practice. Finally, implementing 
an effective CDSS requires processing enormous amounts 
of clinical data in near real-time, a task that currently 
exceeds the capabilities of local anesthesia machines or 
hospital networks, requiring connectivity with cloud-
based servers.13

Since the famous article by Berwick, Nolan, and 
Whittington (2008), the three objectives of healthcare 
are: care, health, and cost.14 Parallel to the search for 
better results at a lower cost, technology presents 
several advantages over the traditional flow of medical 
innovation. Behavioral science and the economic direction 
of healthcare businesses will guide the implementation of 
CDSS, with the main objectives of reducing professional 
fatigue, improving documentation, enhancing outcomes, 
and minimizing errors. Technology alone will not provide 
the solution, but rather be the tool. Social engineering 
and the construction of efficient business models will 
help multiply the quality and value of anesthetic care.13

Protocol engagement and results auditing

In recent years, healthcare services have focused 
on reducing variability in care as a part of efforts to 
standardize evidence-based practices. These initiatives 
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aim to enhance clinical outcomes, increase predictability, 
and improve control over operational processes, which, 
in turn, will indirectly result in financial forecasting.

The development of care protocols and Standard 
Operating Procedures (SOPs) are among the most 
commonly employed strategies to achieve these 
objectives. However, merely establishing a protocol or 
process is insufficient; it is necessary to engage teams for 
adoption and execution in daily practice. While it may 
seem simple, the reality is more complex. Multifactorial 
and multicentric action is needed to achieve engagement 
with protocols, and for this, technology plays a key role.

A variety of methods have been proposed to improve 
engagement, from continuing education to software 
automation, integration between medical records, 
indicator control, DSS, closed-loop mechanisms (without 
human intervention), financial incentives, and various 
penalties. However, no single method has shown 
sustainable long-term results on its own.

In an observational cohort study by Parks et al., a 
combination of four methods was used to increase 
adherence to the protective ventilation protocol during 
general anesthesia. The first phase was educational, 
followed by a near real-time feedback screen. Participants 
then gained access to a dashboard where it was possible 
to analyze their adherence to the global protocol on a 
case-by-case basis. Finally, a multidimensional decision 
support system was introduced. Adherence to the 
protocol before the study was 42.4% and rose to 88.9% 
after the complete implementation of all phases.15

Similarly, Joosten et al. evaluated a real-time 
decision support system for adherence to the goal-
directed fluid therapy protocol in the intraoperative 
period. The study demonstrated that patients were 
hypotensive for less time and used less volume as 
fluid therapy in total, showcasing the efficacy of DSS 
in improving protocol compliance.16

Numerous studies have demonstrated that adherence 
to protocols improves significantly when intelligent 
alerts, automation, and DSS are employed.  However, 
these initiatives should always be associated with 
the creation of protocols, as only a high adherence to 
protocols can truly fulfill their functions.

Closed-loop anesthesia is an innovative technique, in 
which human interference is eliminated, and the monitor 
is directly connected to the infusion of a medication or 
control. The human function is to define the target of 
action and presence of the drug in the receptor and, from 

there, the closed loop maintains the original target. This 
technique has already been successfully used for volume 
infusion X blood pressure/fluid responsiveness, hypnotic 
infusion X consciousness monitors, opioid infusion X 
analgesia monitors, expired carbon dioxide analysis X 
ventilatory tidal volume, insulin infusion X glycemia 
monitor, intraoperative normothermia maintenance, 
among others.

In the editorial by Coeckelenbergh et al. on closed-
loop anesthesia, the authors highlight that automation to 
reduce repetitive processes and adherence to protocols 
are the key advantages of these systems. The major 
challenges are data interoperability and the need for an 
additional control device. The future evolution of these 
systems will likely involve multiple data inputs and 
outputs to enable the control of several closed loops 
within the same software.17

To achieve multiple DSS, automations, and closed 
loops, digital adoption through systems and modern 
databases, as well as the creation of data lakes, is crucial. 
In anesthesiology, such systems are known as AIMS. 
These systems enable the effective application of machine 
learning and AI in a precise, useful, and contextualized 
way that can manage multiple systems.

The evolution of medicine and the broad application 
of AI inevitably passes through the creation of large, 
high-quality databases that are tabulated, organized, 
retrievable, analyzable, and available in real-time.

AI as a tool for better outcomes

To initiate a discussion on AI in healthcare, it is 
essential to first outline the sequence of technologies 
involved to make AI possible. The primary condition 
for AI integration in healthcare is the digital adoption 
of AIMS, which serves as a central hub for perioperative 
information, integrated with EHRs, monitoring 
devices, and anesthesia machines. From the care of the 
perioperative data journey captured and organized by 
AIMS, large data lakes are built, where machine learning 
techniques, deep learning, and neural networks are 
applied to construct CDSS, as shown in the Central 
Illustration.

Once these stages are implemented and refined 
by a data science team, the next step is to design user 
interfaces for healthcare professionals. At this point, it is 
important to apply user experience methodologies and 
design thinking to build intuitive software that facilitates 
usability and incorporation into service routines. 
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The final stage is an AI development that manages 
multiple CDSS working in real-time and with temporal 
memory to contextualize recommendations and actions 
taken over time. Additionally, continuous education 
and individualized, automated feedback systems are 
necessary to achieve precise and effective AI use. This will 
foster greater professional engagement, leading to better 
clinical outcomes and enhanced operational performance.

The construction of AIs for healthcare requires high-
quality, high-quantity, high-variety, high-speed access 
and response, and high-value databases.18 In recent years, 
the popularization of LLMs has transformed the way we 
interact with AI, as it is now possible to ask questions and 
receive answers in our own natural language, without 
the need to know software programming languages. 
This advance marks a significant milestone in the digital 
transformation, as it is within everyone's reach.

Applications of LLM’s are growing exponentially 
in all sectors, and healthcare is no different. However, 
patient care presents unique challenges, many of which 
still have not been resolved by current technology. 
Key challenges for AI in healthcare include low 
digital maturity of institutions, outdated software 
systems, inadequate databases, limited explainability 
of some machine learning models, hallucinations (i.e., 
wrong and/or out-of-context responses), insufficient 
precision, and implementation costs. Furthermore, 
data interoperability and a lack of transparency in AI 
algorithms likely represent the most significant and 
complex obstacles.

The core advantage of AIs is the ability to manage 
and organize large amounts of information and select 
what is most relevant at the moment. In patient care, 
where multiple variables and rare situations arise, such 
as rare diseases and rarely used medications that need 
to be contextualized, AI can be particularly valuable. 
It will be possible to standardize and audit care in 
common situations, thereby reducing variability in care 
and increasing the number of patients who receive the 
right treatment at the right time. By associating standard 
treatments with prediction alerts in a coordinated 
manner, it is likely to improve treatment delivery and 
patient outcomes. For less common or rare conditions, 
AI offers real-time access to a wealth of medical literature 
and clinical guidelines, enabling healthcare teams to 
make more informed, evidence-based decisions. In these 
cases, AI acts as a vital support tool, contextualizing 
available knowledge to guide clinical practice.

A third application is in monitoring the journey 
of critical, severe, and chronic patients, who together 
constitute a large portion of the health costs. In this 
group of patients, AI monitoring becomes scalable and 
universal, monitoring patients for treatment adherence, 
the prediction of decompensation situations, active alerts 
for care teams, as well as feedback for patients, caregivers, 
healthcare professionals, and payers.

The review by Bellini et al. suggests that AI can 
have a significant impact throughout the perioperative 
period, including surgical and anesthetic planning. As 
AI implementation continues to grow, it holds promise 
for improving the quality of patient care.18

The study of King et al. analyzed the implementation 
of multiple real-time CDSS with support through 
telemedicine on quality measures in the intraoperative 
period of a single center. The authors found no 
significant difference in the quality indicators after 
the implementation of the system. It is important to 
note that quality indicators were already high before 
system implementation, which makes it more difficult 
to demonstrate results.19

It is still the beginning of the AI era, and we still cannot 
demonstrate differences in important outcomes. Currently, 
the reduction of repetitive work and construction of 
documentation are the major applications of AI in 
healthcare. There will certainly be many new applications 
with more expressive results in the near future.

Case study of the axreg/anestech hypotension 
prediction system

Anestech has developed AxReg, the most widely used 
AIMS in Latin America,      and through it generated more 
than 4 million anesthesia records in its data lake.

Anestech's hypotension prediction system is a 
feature of AxReg. It informs the probability of IOH 
occurrence, continuously and automatically, as the grids 
of the intraoperative anesthesia record are filled. Each 
grid column corresponds to 5-minute intervals of the 
intraoperative period.

The prediction tool incorporates four machine learning 
classifier models developed using the XGBoost (eXtreme 
Gradient Boosting) library. These models were trained, 
validated, and tested with approximately 0.5 million 
anesthesia records from Anestech's database at the time 
(2021). XGBoost is a supervised learning library that 
works with decision trees with gradient boosting, in a 
scalable and distributed manner,20 which demonstrated 

Int J Cardiovasc Sci. 2025; 38:e20240221

7
Pretto et al.

Artificial intelligence and hypotension prediction Original Article



efficiency in dataset manipulation and adequate 
application in anesthesiology.

The training and validation process used data from high-
volume anesthetic procedures recorded in the database, 
and the model’s refinement was done through gradient 
adjustments, achieving final models with high accuracy and 
sensitivity. After this process, the algorithm was generally 
tested across all types of surgical procedures. Separate 
analyses were performed on small, medium, and large 
procedures of different surgical specialties. The metrics of 
the final classifier models are presented in the table below.

The system works with a moving window of three 
grids, combined with the patient's baseline information 
collected in the first grid of the anesthesia record. The 
system uses key parameters, such as heart rate (HR), 
systolic blood pressure (SBP), diastolic blood pressure 
(DBP), and patient age. Each classifier model receives 
both the baseline data and continuous HR, SBP, and DBP 
time-series measurements throughout the intraoperative 
period. The system then calculates the projected blood 
pressure values for the next four grids (+05 min, +10 min, 
+15 min, and +20 min). If any of these predictions suggest 
hypotension, an audible and visual alert is triggered to 
notify the anesthesiologist (Figure 1, 2 and 3).

The prediction system was developed to operate 
online, and begins to calculate the probability of IOH 
from the fourth grid, i.e., after the 20th minute of 
anesthesia, due to the moving window of three grids in 
addition to the baseline grid.

AxReg is a Brazilian-developed software, and as 
such, its interface is in Portuguese.  On the system's 
user interface, located in the lower right corner, is 
Axel, the system's AI responsible for informing alerts 
to anesthesiologists. Below each figure, there is the 
translation of the text box with information about 
hypotension prediction (Figure 1, 2 and 3).

Conclusions

AI has a growing range of applications in healthcare, 
with predictions standing out as some of the most studied 
and promising. In particular, the prediction of IOH has 
been extensively studied due to its high frequency and 
its strong relationship with important clinical outcomes.

AI-driven hypotension prediction systems enable 
contextualization with the patient's clinical data, refinement 
of results to achieve greater accuracy, more effective 
interaction with the anesthesiologist, and more effective 
management for patients. The literature has already proven 
that the existence of prediction-based alerts is very effective 
in reducing the total time a patient remains hypotensive. 
As an extrapolation of these data based on the literature 
about hypotension complications, it is clear that reducing 
the number of patients experiencing hypotension, as well 
as minimizing the total duration of hypotension episodes, 
will likely lead to improved clinical outcomes.

Figure 1 – AxReg with Axel (AI) informing that there is no 
hypotension alert.
Source: AxReg software images provided by Anestech.

Table 1 – Sensitivity and accuracy of the models in 
percentage of Anestech's hypotension prediction 
system.

Classifier Sensitivity (%) Accuracy (%)

+05 min 90.86 89.07

+10 min 86.97 86.70

+15 min 84.53 85.76

+20 min 82.15 84.92
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This conclusion effectively summarizes the key 
points of the article, highlighting the importance of AI 
in predicting IOH and its potential impact on patient 
outcomes. It emphasizes the value of contextualized 
predictions, improved accuracy, and better interaction 
with anesthesiologists, all of which contribute to 
more effective patient management. The conclusion 
also draws a logical connection between reduced 
hypotension time and improved clinical outcomes, 
based on existing literature.
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