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tension is common in patients having surgery and in critically ill
patients. The severity and duration of hypotension are associated
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blood pressure with hypoperfusion and organ dysfunction. Hypotension is mostly
cardiovascular dynamics treated reactively after low blood pressure values have already
hemodynamic monitoring occurred. However, prediction of hypotension before it becomes
hypotension prediction index clinically apparent would allow the clinician to treat hypotension

pre-emptively, thereby reducing the severity and duration of hypo-
tension. Hypotension can now be predicted minutes before it actually
occurs from the blood pressure waveform using machine-learning
algorithms that can be trained to detect subtle changes in cardio-
vascular dynamics preceding clinically apparent hypotension. How-
ever, analyzing the complex cardiovascular system is a challenge
because cardiovascular physiology is highly interdependent, works
within complicated networks, and is influenced by compensatory
mechanisms. Improved hemodynamic data collection and
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integration will be a key to improve current models and develop new
hypotension prediction models.
© 2019 Elsevier Ltd. All rights reserved.

Background

Mean arterial pressure is the inflow pressure in most organ systems and — together with organ-
specific outflow pressure — the main determinant of organ perfusion pressure. In healthy in-
dividuals, blood pressure shows considerable circadian variation but still is kept constant within
certain levels. Profound hypotension is common in patients having surgery [1] and in critically ill
patients [2] and can result in tissue hypoperfusion and subsequent organ damage. Blood flow
autoregulation provides some protection against hypotension-induced hypoperfusion for the brain,
heart, and kidney, but perfusion of other organ systems — especially splanchnic organs with weak
blood flow autoregulation such as the stomach, small intestine, colon, liver, and pancreas — almost
exclusively depends on blood pressure [3]. Therefore, intermittent or continuous blood pressure
monitoring using invasive or non-invasive measurement methods is standard of care in perioper-
ative and intensive care medicine to ensure patient safety and optimize perfusion pressure. How-
ever, with the currently used blood pressure monitoring methods, only clinically apparent
hypotension is recognized that often appears late in the disease process. There is an increasing
notion that impending hypotension should be recognized and treated at the earliest stage to reduce
the total amount of profound hypotension. In this review, we describe the concept of predicting
hypotension that might enable hypotension to be treated pre-emptively before it even occurs, in
contrast to the current reactive management.

Hypotension: impact on outcome

Hypotension is a sign of cardiocirculatory dysfunction, and — because blood pressure is mathemat-
ically and physiologically coupled with cardiac output and systemic vascular resistance — it can be caused
by low cardiac preload, low afterload, impaired cardiac contractility, or any combination of these factors.

Low blood pressure during surgery that is usually referred to as intraoperative hypotension has a
multifactorial etiology and commonly occurs in patients having surgery under general anesthesia [4].
Although intraoperative hypotension is poorly defined [4], it has been shown to be associated with
postoperative mortality [5—7], myocardial injury [8—11], acute kidney injury [9,11—14], and stroke [15]
in patients undergoing non-cardiac surgery under general anesthesia.

Arandomized controlled trial comparing individualized blood pressure targets (based on a patients’
baseline resting systolic blood pressure value) with standard care indicates a partial causal relationship
between hypotension and postoperative organ dysfunction [16]. Intraoperative hypotension is not a
uniform disease but rather a symptom that occurs during different phases in the perioperative care for
patients having surgery [17]. A third of hypotension during surgery occurs after induction of general
anesthesia before surgical incision and is thus directly related to the induction and maintenance of
general anesthesia [ 13]. Hypotension is also common, profound, and associated with adverse outcomes
in patients treated in surgical wards during the first postoperative days [18].

Hypotension also frequently occurs in critically ill patients treated in the intensive care unit. Epi-
sodes of hypotension are associated with higher mortality in patients with distributive shock requiring
vasopressor therapy [19] and with acute kidney injury in patients with [20] and without sepsis [21]. In
patients with sepsis, an increase in the time-weighted average of a mean arterial pressure below
65 mmHg has been shown to be associated with an increase in the risk of in-hospital mortality, acute
kidney injury, and myocardial injury [2]. However, the optimal target blood pressure in patients with
sepsis as well as in critically ill patients, in general, remains elusive. Additionally, the combined effects
of hypotension and vasopressor load remain controversial [22,23].
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Hypotension: treatment strategies

To date, the management of hypotension mainly consists of reactive treatment with vasopressors
and fluids after low blood pressure values already have occurred. Monitoring systems in the operating
room or the intensive care unit enable numerical and waveform blood pressure data to be processed
and displayed continuously in real time. To avoid profound or sustained hypotension, clinicians react to
absolute blood pressure threshold values or short-term blood pressure changes. However, low blood
pressure values occur late in the process of hemodynamic instability, i.e., when global cardiovascular
dynamics are already markedly altered and compensatory mechanisms are exhausted.

Early identification of hypotension or even prediction before it becomes clinically apparent would
allow the clinician to apply pre-emptive treatment strategies and thus reduce the incidence or duration
of hypotensive episodes. To date, pre-emptive treatment strategies are not well established because the
etiology of hypotension is complex and multifactorial. Specific causative pre-emptive treatment of
hypotension would require identifying the underlying pathophysiologic cause of impending hypo-
tension, including decreased cardiac preload, cardiac afterload, or myocardial contractility. Pre-
emptive treatment strategies could be applied if hypotension could be predicted from clinical data
and hemodynamic patterns using machine learning and artificial intelligence. Recently, such algo-
rithms for the prediction of perioperative hypotension have been proposed.

Machine learning and artificial intelligence — definition and application in medicine

Machine learning, which is a subset of artificial intelligence, enables systems to automatically learn
from data and improve from experience without being explicitly programmed. That means that
properties of machine learning include the ability to capture a vast number of different variables, called
model features. Machine-learning algorithms are used in several medical fields such as identifying and
genotyping copy number variations using single nucleotide polymorphism array data [24], rendering
medical diagnoses when applied to medical images [25], or predicting bispectral index values pro-
duced by target-controlled infusions of propofol and remifentanil [26]. All these applications have the
same fundamental problem — they have to deal with a considerable amount of data. This type of
“information asset characterized by its high volume, velocity, and variety to require specific technology
and analytical method for its transformation into value” is called big data [27]. Due to the expanding
use of machine learning and associated techniques, a set of guidelines has been worked up to enable
correct use of machine-learning predictive models within clinical settings and to make sure that the
models are correctly applied and reported [28].

Machine learning for predicting hypotension: basic concepts

Imperceptible changes in different physiological variables usually precede clinical hypotension
[29,30]. Thus, predicting hypotension using machine learning is not only an intriguing concept but may
fundamentally improve patient care in perioperative and intensive care medicine. Clinicians would be
able to intervene even before the blood pressure drops to a critical level, thereby preserving organ
perfusion. However, for reliable prediction of hypotension, we need to understand the pathophysiology
of hypotension during surgery or critical illness. To analyze the patterns of cardiovascular dynamics
typically preceding hypotensive episodes, continuous hemodynamic monitoring and real-time analysis
using machine learning are needed. First machine-learning-based algorithms for the prediction of
hypotension recently became available.

Machine learning can specifically help analyzing vast hemodynamic monitoring data such as heart
rate, blood pressure, stroke volume, and cardiac output and complex relationships between these model
features, which are imperceptible to human recognition [31]. However, analyzing physiologic systems
with machine learning is complex because biological systems are highly interdependent and have
developed complicated networks. Beside an intrinsic and complex regulation, physiologic systems react
to events such as trauma and disease (and their medical treatment). Each behavior depends on the initial
state of the system and even knowing exactly how the physiologic system works and interacts, one would
still be unable to accurately predict the behavior of the system in the future. Already subtle changes in the
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baseline physiologic state can result in considerable variations [29]. This dilemma has been termed the
butterfly effect, a term from chaos theory [32]. It underlines the problem of physicians to predict patient
outcomes despite ingenious monitoring systems and knowledge of physiology and pathophysiology. As
most of the observations on our planet, hemodynamic processes also follow nonlinear systems meaning
that — in contrast to linear systems — it is impossible to accurately predict their behavior. A central feature
of these complex system interactions is the ability of the systems to self-organize spontaneously and by
that being robust and resilient [29].

Whenever a hemodynamic variable in the human body changes its value (which is adjusted by
specific but not static set points), compensatory mechanisms turn on. Most of the times, these mecha-
nisms, such as baroreflex [33,34| or renin-angiotension-aldosterone-system activation, cause subtle
hemodynamic changes resulting in unique dynamic patterns in arterial blood pressure waveforms. An
example of this complex interplay of physiologic feedback loops is heart rate variability, which has been
shown to decrease before a hypotensive event occurs [35]. Analogically, a broad number of clinical
variables and waveforms exist that underlie natural variability caused by various compensatory mech-
anisms that try to maintain hemodynamics stable (e.g., heart rate and arterial blood pressure) [36,37].
Analyzing these subtle changes in cardiovascular dynamics is complex and challenging. First, most of
these changes are hard to recognize at the bedside because of their complexity and subtlety. Second, most
of these changes develop and progress slowly and therefore can only be seen by analyzing them over a
longer period of time [30]. Third, a lot of the compensatory mechanisms create complex physiological
associations and dynamic links between different hemodynamic variables and waveforms, which are
even more difficult to identify by routine bedside monitoring.

Artificial intelligence, in terms of machine learning and complex extraction techniques, now gives
us the opportunity for early detection of subtle hemodynamic information preceding hemodynamic
instability [29,30,38,39]. Machine-learning methods are powerful tools that can be used to identify
early stages of instability even before a hypotensive event clinically occurs [40,41].

Machine learning for predicting hypotension: recent advances and future directions

Hatib et al. [42] recently developed an algorithm for real-time prediction of hypotension, called
“hypotension prediction index” (HPI). It uses machine-learning models based on the continuous
analysis of a large number of hemodynamic features extracted from the arterial blood pressure
waveform. The hypotension prediction index is a unit less number that ranges from 0 to 100. The
higher the number, the higher is the probability that hypotension will occur in the near future and the
shorter is the time for its occurrence. For the development of the algorithm (model training and cross-
validation to adjust the model), waveforms obtained in a cohort of 1334 patients treated in the
operating room and the ICU were used. The external validation cohort consisted of 204 patients of the
University of California at Irvine Medical Center whose arterial blood pressure waveforms were
recorded in the operating room. For each data set, periods of hypotension (mean arterial pressure
<65 mmHg for at least 1 min) and nonhypotension (mean arterial pressure >75 mmHg) were anno-
tated to serve as the training data set. The waveforms were then analyzed to extract waveform features
by dividing the arterial blood pressure waveform into unique beats and separated each beat into five
phases (systolic phase, diastolic phase, systolic rise phase, systolic decay phase, and overall decay
phase). For each phase, several features were analyzed and calculated: arterial blood pressure wave-
form time, amplitude, area, and slope features; FloTrac algorithm features (FloTrac; Edwards Life-
sciences, Irvine, CA); CO-Trek features obtained from the ClearSight system (Edwards Lifesciences);
complexity features; baroreflex features; variability features; spectral features; “delta change” fea-
tures; and combinatorial features. In this way, 3022 individual features were obtained. Performing
receiver operating characteristic (ROC) analysis for each of the features, 51 individual features — so-
called base features — were extracted. Creating combinatorial features finally ended up to 2,606,147
combinatorial waveform features in total. Statistically assessing the collected features or a combination
of these using machine-learning techniques resulted in a prediction model for hypotension, which was
validated on the waveforms of the second patient cohort. After validating the algorithm, the model was
able to predict arterial hypotension with a sensitivity of 88% and a specificity of 87% 15 min before a
hypotensive event.
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This landmark study shows the potential of the use of artificial intelligence for analyzing and
predicting cardiovascular dynamics. However, the study has several limitations. First, hypotensive
events caused by clinical interventions (e.g., laparoscopic insufflation, liver manipulation, or vascular
clamping or unclamping) were not included in the study, and thus, the model might not be able to
predict hypotensive events due to such interventions. Second, the question of whether the algorithm
can predict hypotension during induction of anesthesia remains unanswered, as it was not formally
tested in this study. Next, the algorithm has been trained and developed based on records of operating
room and intensive care unit patients, while it has been validated in surgical patients. Furthermore,
data streams were not analyzed in real time to predict hypotension, and a “gray zone” for mean arterial
pressure (ranging from 65 to 75 mmHg) was applied during the development of the algorithm to
increase precision by using a binary model.

Recently, the algorithm developed by Hatib et al. [42] became commercially available as a feature
of the EV1000 and Hemosphere clinical monitoring platforms (Edwards Lifesciences). The HPI value,
ranging from O to 100, is calculated every 20 s and displayed on the monitor. It represents the
probability that a patient will develop a hypotensive event, defined as a mean arterial pressure of
less than 65 mmHg for at least 1 min. Once HPI exceeds the value of 85, an audible alarm sounds.
When HPI exceeds the upper limit for two consecutive calculations, a pop-up window appears
automatically, prompting the clinician to use a secondary screen, which displays more hemody-
namic information of the patient (hemodynamic variables reflecting preload, afterload, and
contractility), to help the clinician get insight into probable causes and causative treatment options
for the hypotensive event. Refinements of the algorithm will probably increase the predictive ca-
pabilities of the HPI in the future. This may include enhancing the predictive capabilities in the blood
pressure gray zone and the prediction of hypotension due to anesthesia induction or other clinical
interventions. Another innovation expected in the near future probably is the use of the HPI on
noninvasively assessed arterial blood pressure waveforms. Even if this new technique seems to be a
promising tool, the clinical use of the HPI needs to be meticulously validated, and outcome studies
are needed.

Ranucci et al. [43] tested the discrimination and calibration properties of the HPI in a retro-
spective study with hemodynamic data of 23 patients undergoing cardiac and major vascular
surgeries. They treated their patients in the intraoperative phase based on routine hemodynamic
variables (heart rate, mean arterial pressure, cardiac index, central venous pressure, systemic
vascular resistance, and stroke volume variation) and echocardiographic data when available. After
analyzing the collected data, they investigated the predictive capabilities of the HPI observed 5 and
7 min (HPI5_7) before the hypotensive event, defined as mean arterial pressure <65 mmHg lasting
for at least 1 min, using an ROC analysis. They identified the best cut-off value at an HPI5_; of 56
(sensitivity 79%, specificity 63%), with a low positive predictive value of 9.8% for hypotensive
events. At an HPI value of 85, the negative predictive value was 97.6%. The positive predictive value
was too low (12.6%) to trigger hemodynamic interventions by the clinician but is useful as an early
warning signal. For HPI values >98, the probability of an upcoming hypotensive event after
5—7 min was 64%, which may generally be high enough to trigger adequate interventions poten-
tially preventing the event. One major limitation in this study might be that the knowledge of the
study goal might have influenced the care by the attending anesthesiologist; anesthesiologists
might probably have prevented or corrected altered hemodynamic patterns before a hypotensive
event occurred. Furthermore, they might even have “treated” expected hypotensive events that
probably would not have occurred, resulting in overtreatment. Next, the time window of this study
(5—7 min) differs from the window (15—20 min) suggested when the HPI algorithm was designed.
Therefore, clinical studies investigating time windows larger than 5—7 min are needed. Addition-
ally, it would be interesting to know how differences in the experience of the attending anes-
thesiologist influence the pre-emptive treatment of hypotensive events in patients with and
without HPI monitoring.

Davies et al. [44] carried out an HPI validation study to investigate the diagnostic ability of the HPI
algorithm to predict intraoperative hypotension in comparison to other routinely collected hemo-
dynamic variables during the perioperative period. In a retrospective study, they analyzed 292,025
perioperative data points collected with the EV1000 monitoring system containing the HPI software
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Fig. 1. Pre-emptive treatment of upcoming hypotensive events based on the hypotension prediction index (HPI) vs. reactive
treatment of hypotension that already became clinically apparent. The HPI is based on a machine learning algorithm analyzing
features of the arterial blood pressure waveform. In this example, pre-emptive treatment triggered by an HPI of 85 helps to avoid
hypotension.

in 255 patients having major surgery (major abdominal, vascular, or off-pump coronary artery bypass
surgery). These data were downloaded from the monitor as follows: HPI, cardiac output, mean
arterial pressure, stroke volume, stroke volume variation, heart rate, pulse pressure, pulse pressure
variation, systemic vascular resistance, and arterial blood pressure waveforms. From the latter, shock
index, modified shock index, contractility, and dynamic arterial elastance were computed. To evaluate
the performance of HPI in predicting hypotension, an ROC analysis was performed (again based on
the definition of a hypotensive event as a mean arterial pressure <65 mmHg for at least 1 min). This
analysis was used to evaluate the performance of the change in mean arterial pressure to predict
hypotension, as well as absolute values of mean arterial pressure, cardiac output, stroke volume,
pulse pressure, heart rate, stroke volume variation, pulse pressure variation, and systemic vascular
resistance. The HPI algorithm reliably predicted a hypotensive event up to 15 min before its occur-
rence, and the predictive capabilities of the HPI were superior (AUC 0.879, 95% confidence interval
0.879 to 0.880; sensitivity 81%; specificity 81%) to all other static hemodynamic variables or their
dynamic changes. However, some limitations of the study have to be mentioned. First, the data have
been analyzed retrospectively, and therefore, data on HPI-guided treatment of (upcoming) hypo-
tensive events were not available. Next, some clinicians might have had access to the HPI information,
which would weaken the ROC analysis in case of anticipatory action. Further, hypotensive events due
to clinical interventions (i.e., laparoscopic insufflation) were not excluded. Future studies should
evaluate the HPI algorithm in real time at the bedside.

Kendale et al. performed a study on the prediction of postinduction hypotension, i.e., low blood
pressures after induction of general anesthesia [45]. For this purpose, they developed a machine-
learning model for the prediction of postinduction hypotension, i.e., a mean arterial pressure
<55 mmHg on any noninvasive or invasive blood pressure measurement within 10 min after the
time of induction of general anesthesia. The prediction algorithm was based on demographic, bio-
metric, and clinical factors potentially contributing to the development of postinduction hypoten-
sion. In a single large academic institution, these factors were extracted from the electronic health
record of 13,323 patients having general anesthesia (training set: 9326 cases, test set 3997 cases);
the factors were age, sex, body mass index, preoperative medical comorbidities (coronary artery
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disease, hypertension, congestive heart failure, atrial fibrillation, chronic kidney disease, asthma,
chronic obstructive pulmonary disease, gastroesophageal reflux disease, obstructive sleep apnea,
diabetes mellitus, and aortic stenosis), preoperative medications (grouped into subclasses), time of
surgery, American Society of Anesthesiologists physical status score, intraoperative medications, and
intraoperative vital signs and ventilator data. The authors did not use waveform data from the
monitor for their prediction model. The final model used a gradient boosting machine that
demonstrated strong discrimination in the training (ROC 0.76, 95% confidence interval 0.75 to 0.77)
and testing (ROC 0.74, 95% confidence interval 0.72 to 0.77) sets. To further improve the algorithm, it
might be useful to incorporate more data in the machine-learning model such as vital signs or
preoperative lab values.

Conclusions

Blood pressure is the main determinant of organ perfusion. Profound hypotension is common in
patients having surgery and who are critically ill, and is associated with hypoperfusion and organ
failure. To date, hypotension is treated reactively after low blood pressure values have already occurred.
Early identification of impending hypotension or even prediction before it becomes clinically apparent
would allow the clinician to treat hypotension pre-emptively and thus reduce the incidence or duration
of hypotensive episodes (Fig. 1). Algorithms developed using machine learning have recently been
proposed for the prediction of hypotension. Machine learning, a subset of artificial intelligence, enables
subtle changes in cardiovascular dynamics — that precede clinically apparent hypotension — to be
recognized and analyzed and hypotension to be predicted minutes before it actually occurs. However,
analyzing the cardiovascular system using artificial intelligence is complex because cardiovascular
physiology is highly interdependent, works within complicated networks, and is influenced by mul-
tiple compensatory mechanisms. Recently, an algorithm for real-time prediction of hypotension using
machine-learning models based on the continuous analysis of features of the arterial blood pressure
waveform has been proposed. The algorithm has been shown to be able to predict hypotension reliably
several minutes before a hypotensive event becomes clinically apparent in validation studies in pa-
tients having surgery [42—44].
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Practice points

e Perioperative hypotension and hypotensive events in critically ill patients are common and
associated with hypoperfusion and organ failure.

e Low blood pressure values occur late in the development of hemodynamic instability, i.e.,
when global cardiovascular dynamics are already markedly altered and compensatory
mechanisms are exhausted.

e The use of artificial intelligence (machine learning) gives us the opportunity to predict hy-
potensive events and might enable pre-emptive rather than reactive treatment strategies to
be used.

Research agenda

e Refinements and further developments of existing algorithms for the prediction of hypo-
tensive events will probably increase the predictive capabilities of machine-learning models
in the future.

e The prediction of hypotensive events based on noninvasively assessed arterial blood pres-
sure waveforms will become possible but needs to be meticulously validated.

e Studies investigating whether prediction of hypotension can actually improve the quality of
care or patient-centered outcomes are needed.
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