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Intraoperative hypotension is common and has been associated with adverse events, including acute kidney failure, myocardial infarction, and stroke. Since blood pressure is a multidimensional and measurable variable, artificial intelligence and machine learning have been used to predict it. To date, studies have shown that the prediction and prevention of hypotension can reduce the incidence of hypotension. This review describes the development and evaluation of an artificial intelligence predictive algorithm called Hypotension Prediction (HPI), which can predict hypotension up to 15 min before it occurs.
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Introduction

More than 300 million major surgical procedures are performed worldwide each year (1), most of which require general anesthesia. It is estimated that surgical-related deaths account for 7.7% of global mortality, accounting for the third largest reason for death just after ischemic heart disease and stroke (1). A better understanding and mitigation of this risk requires considering not only the condition or the surgical procedure but also the phenotypic response and the ability to cope with the surgical insult.

Fluid therapy is a crucial element of the hemodynamic optimization of surgical patients (2). The goal of intravenous fluid administration is to restore and maintain tissue fluid and electrolyte homeostasis and central euvolemia (3), avoiding excess salt and water (4). This facilitates tissue oxygenation without causing harm. Optimal intravenous fluid therapy should improve perioperative outcomes and is crucial in many perioperative guidelines (5) and pathways in cardiac (6) and non-cardiac surgery (7). Intravenous fluids should be administered in well-defined protocols according to the patient's needs (8).

Blood pressure (BP) is the primary determinant of organ perfusion (9). Normal BP allows autoregulation and adequate flow distribution according to the tissue needs (10). However, severe hypotension is common in patients undergoing surgery (11). So far, hypotension has been treated reactively after hypotensive values have already occurred. Clinicians can treat hypotension pre-emptively to reduce the occurrence or duration of episodes of hypotension. Clinical decision support systems designed to continuously monitor and identify patients at risk of developing hemodynamic instability can improve early recognition of the need for immediate support (12). In this review, we discuss a novel machine learning (ML) algorithm called “Hemodynamic Prediction Index” (HPI) (13), developed for predicting arterial hypotension and identifying the root source of the upcoming hypotensive event.


Goal-directed hemodynamic therapy, from reactive to proactive hemodynamic management

Treatment of low cardiac output (CO) and/or hypotension situations is usually reactive, which means treatment is generally initiated when the episode of hypotension, low CO, or the combination of both has already occurred. The emergence and integration of the so-called goal-directed hemodynamic therapy (GDHT) algorithms into clinical practice have allowed for more proactive management of patient hemodynamics (14). GDHT represents the standardization of the hemodynamic goals through a therapeutic protocol (15). However, treatment strategies differ substantially in terms of underlying target hemodynamic variables and target values, presumably having substantially different effects on the outcome. Therefore, pooling complex and substantially different hemodynamic therapeutical approaches under the term GDHT has recently been questioned, as it may constitute an oversimplification (16). GDHT usually refers to the optimization of flow-related parameters such as CO or stroke volume (SV) (17), and this optimization generally includes fluid therapy (18). GDHT assumes that optimal vascular volume improves cardiac performance, being “optimal” as the volume necessary to achieve the flat part of the Frank-Starling curve, which should be reflected in an improved microcirculation without reducing oxygen diffusion to tissues (15). However, only some studies have examined the behavior of microcirculation during major surgery. A study by Bouattour et al. concluded that preload dependence (defined as pulse pressure variation, PPV > 13%) was associated with reduced sublingual microcirculation, as assessed by sublingual microcirculatory variables such as microvascular flow index and density of perfused vessels, during major abdominal surgery. Fluid administration restored microvascular perfusion, while mean arterial pressure (MAP) and heart rate remained unchanged (19). The fact that microvascular changes were associated with episodes of preload dependence provides a valuable argument to guide fluid administration through dynamic indexes and correct preload dependence during surgery. Although perioperative hemodynamic optimization is based on cardiovascular monitoring, the ultimate goal of hemodynamic optimization is achieving adequate tissue perfusion (20). Regardless of their complexity, hemodynamic monitoring systems do not constitute medical treatment per se. They only provide clinical data that can aid decision-making and allow therapies to be individualized (21).

Early reports on critically ill patients showed substantial benefits from GDHT (22). Maximizing oxygen delivery to tissues in critically ill patients with a high metabolic rate or prior oxygen debt was useful (22). However, in surgical patients, the potential benefit of GDHT has been inconsistent (23, 24). As preoperative treatment of high-risk patients has been progressively improved (25), the latest studies have failed to show significant reductions in complications with the introduction of Enhanced Recovery After Surgery (ERAS) pathways (26–28). Nevertheless, systematic reviews have generally found that GDHT reduces the length of hospital stay (LOS) and the overall rate of postoperative complications (29). In contrast, estimates of mortality and organ-specific complications tend to favor GDHT with variable degrees of accuracy (30–32). For example, a recent meta-analysis including 76 studies showed that GDHT might reduce mortality {[odds ratio = 0.84; 95% confidence interval (CI), 0.64–1.09]} and shorten LOS (mean difference = −0.72 days; 95% CI: −1.10 to −0.35), but with low certainty in the evidence (30). Based on the encouraging results of clinical trials of GDHT, there has been a growing interest in the more proactive use of monitoring technologies to define the patient's physiologic state and manage it more proactively (15). Although the GDHT concept is primarily based on flow optimization, more recent hemodynamic algorithms add a MAP target ≥65 mm Hg or individually determined from preoperative baseline MAP to be achieved using vasopressors (32, 33). Accordingly, in general terms, the strategy is to optimize flow by fluid administration and then correct hypotension if present (34). The INPRESS trial showed that, among patients undergoing major abdominal surgery, treatment targeting an individualized systolic blood pressure (SBP) with SV optimization reduced the risk of postoperative organ dysfunction when compared to standard therapy (RR, 0.73; 95% CI: 0.56–0.94; p = 0.02; absolute risk difference, −14%, 95% CI: −25% to −2%) (35). On the other hand, some hemodynamic algorithms include target cardiac index (CI) values, which implies the administration of inotropes in non-preload dependent patients (36). In contrast to the “one-size-fits-all” approach, a personalized CI strategy could be more beneficial (37). In high-risk patients undergoing major abdominal surgery, a personalized hemodynamic management comprising strategies to maintain baseline CI using a GDHT algorithm decreased a composite outcome of major postoperative complications or death within 30 days after surgery compared with usual care [relative risk (RR): 0.54, 95% CI: 0.38–0.77; absolute risk reduction: −25.5%, 95% CI: −39.2% to −11.9%; p < 0.001] (38). Von Groote et al. combined data from the two PrevAKI trials involving 554 cardiac surgery patients at high risk of acute kidney injury (AKI), demonstrating the importance of achieving adequate systemic BP and CO to avoid postoperative AKI (39). The selection of hemodynamic targets remains controversial, but there is consensus that both BP and flow are essential determinants (40) of an adequate microcirculatory blood flow: a MAP value able to drive blood flow and a systemic blood flow that can meet the body's total oxygen requirements (41, 42). Therefore, monitoring BP and systemic blood flow on a beat-by-beat basis will ideally help optimize tissue perfusion. GDHT should always be tailored to individual needs (37). This assessment of the dynamic interactions of hemodynamic variables in response to a defined perturbation is referred to as functional hemodynamic monitoring (43). One of the challenges with GDHT algorithms that use fixed target values of a single variable or a combination of variables is that they do not consider individual needs (44). These should be further contextualized and individualized for a particular patient at a particular time by using variables that provide information on tissue oxygenation to provide a more comprehensive clinical picture (45). Unfortunately, how to monitor regional microcirculatory perfusion and tissue oxygenation directly at the bedside has not yet been solved. Whatever GDHT algorithm is used, physician compliance with protocols is imperative and must be closely monitored to improve postoperative outcomes (46).



Recognize hypotension as circulatory insufficiency

Although not mandatory for the definition of shock, hypotension is known to be the most consistent manifestation of decompensated shock leading to severe organ failure and death due to an inadequate tissular blood flow in relation to metabolic demands (47). As pointed out by Molnar et al. intraoperative hypotension (IOH) may be only the tip of the iceberg because although BP is ubiquitously measured during surgery, other signs are rarely recognized because they are not usually monitored (48). There is no universally agreed definition of intraoperative hypotension (IOH) (49), and there is even controversy as to whether IOH should be defined in terms of absolute or relative BP thresholds (50). Bijker et al. identified more than 140 different definitions of IOH in 130 studies. These definitions were either based on SBP or MAP values, absolute or relative changes, or a combination of the above (11). Both absolute and relative thresholds predict myocardial and AKI (51). However, absolute pressures appear to be as predictive as relative reductions over a wide range of clinically obtained basal pressures. For an absolute MAP threshold <65 mmHg, Bijker et al. observed an incidence of IOH ranging from 31% (duration of hypotension ≥10 min) to 65% (duration of hypotension ≥1 min) in a heterogeneous population of patients (11). Sha et al. showed that 88% of cases had at least one IOH event of MAP <65 for at least 1 min. with a mean cumulative hypotension duration ranging from 22.1 to 31.8 min after examining more than 20,000 adult patients ASA 3 and 4 undergoing major surgeries, with arterial line monitoring (52). The relationship between IOH and AKI varied depending on the underlying patient and the risk of the procedure. Low-risk patients did not show an increased associated risk of postoperative AKI across all BP ranges. In contrast, patients with the highest baseline risk demonstrated an association between IOH (defined as MAP between 55 and 59 mmHg at less than 10 min) and AKI (53). Regardless of the cause of the IOH, the risk of adverse events does not seem to be influenced by the moment in which the IOH occurs but by its severity and duration (54). Walsh et al. analyzed data from 33,330 patients undergoing noncardiac surgery. They evaluated the association between MAP below 55–75 mmHg and AKI or postoperative myocardial infarct, finding an incremental exposure-risk relationship in which a longer duration of MAP less than 55 mmHg increased the risk of AKI and myocardial infarct (55). In addition, 30-day mortality was significantly associated with more than 20 min of MAP of less than 55 mmHg (55). Although causality between perioperative hypotension and poor postoperative outcomes has not been established, a strong association between IOH, even if short, and increased postoperative morbidity.

Most studies, except a few exceptional ones (56–59), demonstrate that IOH during several noncardiac surgical procedures is associated with a variety of poor postoperative outcomes, including mortality (60–65), prolonged hospitalization (66, 67), AKI (54, 55, 68–71), myocardial injury (54, 55, 61, 64, 72–74), stroke (74–76) and postoperative delirium (77). A systematic review of 42 studies summarized reported risks of myocardial injury, acute kidney injury, and death depending on the severity and duration of IOH (78).

To determine IOH exposure, the duration and severity are usually expressed using the time-weighted average (TWA) under a MAP value below 65 mm Hg (TWA-MAP < 65). This TWAP-MAP < 65 incorporates the total incidence of IOH and is expressed relative to the entire duration of the monitoring time. The disjunction between hypotension and CI refers to the disconnect between low BP (hypotension) and a low CI. Kouz et al. collected data on MAP and CI in patients undergoing major abdominal surgery, and analyzed the relationship between these two variables. As expected, no clinically meaningful correlation between MAP and CI was found (79).

Arterial pressure is often used as a surrogate for blood flow (80). Arterial pressure and CI are both necessary measures of cardiovascular function, but they are not interchangeable. The changes in BP are not reliable surrogates for concomitant changes in CO (81). Thus, a comprehensive assessment of cardiovascular function should include both arterial pressure and CI measurements. Consequently, monitoring and managing both BP and systemic blood flow would help avoid organ hypoperfusion. Hypotension can arise both in low-flow states due to reduced circulating volume, in high-flow states due to vasodilatation and reduced afterload with preserved contractility, and in vasoplegic states with or without compromised contractility. The underlying hemodynamic monitoring variables that herald impending hypotension need to be clearly defined (82). To test the hypothesis that several hemodynamic alterations are underlying IOH, Kouz et al. used unsupervised ML, specifically clustering, in patients undergoing major abdominal surgery. They found six hemodynamic endotypes indicating that IOH is a reflection of altered intraoperative cardiovascular dynamics, being myocardial depression (characterized by reduced SV and CI and normal pulse pressure), the most commonly observed endotypes (83). The variability in responses to IOH is influenced by several factors, including age, health status, preoperative medications, type of surgery, and type of anesthesia. On the other hand, BP autoregulation is the cardiovascular system's ability to maintain BP within a narrow range, despite changes in blood flow or blood volume, through complex physiological mechanisms involving the cardiovascular, nervous, and endocrine systems. BP autoregulation can differ between patients or even in the same patient under different circumstances, which complicates the definition of a universal MAP threshold that ensures adequate perfusion pressure to the tissues for all patients under all conditions.




Hypotension prediction index: from proactive to predictive hemodynamic management


Hypotension prediction index: internal and external validation

The frequency, depth, and duration reduction of IOH likely decrease organ damage. Although simple, noninvasive continuous blood pressure monitoring in moderate- to high-risk surgical patients has been shown to reduce exposure to IOH compared to intermittent blood pressure monitoring (84, 85). Although observational studies have shown an association between IOH and poor postoperative outcomes, they were unable to clarify the impact of BP control on clinical outcomes. So far, few RCTs have specifically compared outcomes in noncardiac surgery (35, 86–88). These RCTs demonstrated that a higher BP target, compared to a lower one, does not lead to a worse outcome in patients undergoing noncardiac surgery and may lead to a superior outcome when intraoperative BP remains very closely matched to the patient's baseline value.

Among patients undergoing cardiac surgery, however, one RCT showed that the combined incidence of cardiac and neurological complications was significantly lower in the high MAP target group (80–100 mmHg) than in the low MAP group (50–60 mmHg) (89). Another RCT showed that a higher perfusion pressure (80–90 mmHg), compared with a lower target (60–70 mmHg), was associated with significantly lower postoperative cognitive dysfunction and delirium (90). The target for BP during surgery is not fixed and can vary based on several factors, including the patient's age, underlying health conditions, type of surgery, and the use of anesthesia. In general, the main goal is to maintain a BP that is sufficient to deliver oxygen and nutrients to the vital organs and tissues while minimizing the risk of bleeding and other complications (91). The current available evidence suggests that the duration and magnitude of SBP below 100 mm Hg and mean arterial pressures below 60–70 mm Hg during noncardiac surgery in adults are associated with organ injury.

The INPRESS trial conducted in patients undergoing major abdominal surgery demonstrated the benefit of maintaining perioperative BP close to the patient's baseline measurement (±10%) (35). Renal injury is understandable as the threshold for AKI appears to be higher than for myocardial injury, about 75 mm Hg rather than 65 mm Hg. It is also consistent with previous trials evidence for an association between BP control and AKI (92). Data on BP targets before and after cardiopulmonary bypass (CPB) during cardiac surgery are lacking. At this time, it appears prudent to use the criteria for non-cardiac surgery as a reference. For BP targets during CPB, it seems to be prudent to maintain a MAP value within 70–100 mmHg based on the aggregation of the RCTs published to date (89, 90, 93, 94).

Given that even brief episodes of IOH can be deleterious to the patient, the resulting need for a predictive model for IOH is evident. Early recognition of the progression of a hypotensive episode in a patient could lead to effective attenuation of hypotension and potentially better outcomes. In addition, current treatment protocols for hypotension may have unintended consequences, such as excessive fluid administration (95, 96).

Due to the current availability of big data and improved computing power, ML, a subset of Artificial intelligence, is developing rapidly with promising insights in medicine. The Hypotension Prediction Index is a monitoring tool based on ML and one of the first ML-derived predictive algorithms used in the perioperative period (13). The HPI algorithm was based on a supervised ML algorithm with the arterial pressure waveform as input, and the occurrence of hypotension (defined as a MAP <65 mmHg) and non-hypotension (MAP >75 mmHg) for at least 1 min, as the output variables. ML was used to refine further an algorithm based on the complex analysis of the characteristics of high-fidelity BP waveform recordings, resulting in a regression model that can predict a hypotensive episode (MAP < 65 mmHg for at least 1 min), regardless of the actual arterial pressure, up to 15 min in anticipation, with a sensitivity and specificity of 88% [95% CI: 85, 90%] and 87% [85, 90%] (13). The algorithm was developed (model training and cross-validation to fit the model) using waveforms recorded from EV100 (Edwards Lifesciences, Irvine, CA, United States) and Flotrac (Edwards lifesciences, Irvine, CA, United States) monitors from 35 sites worldwide from a cohort of 1,684 patients treated in the operating room and intensive care. The waveforms were then analyzed to extract waveform features by dividing the arterial pressure waveform into single beats and separating them into five sequential phases (systolic phase, diastolic phase, systolic rising phase, systolic falling phase, and overall falling phase). For each stage, several features were analyzed and calculated: duration, amplitude, area, and slope of the arterial pressure waveform; FloTrac algorithm-derived features; CO-Trek features; features related with the signal complexity, baroreflex, variability, and spectral features; “delta shift” features; and finally, combinatorial features. In this way, 3,022 individual characteristics were obtained. By performing a receiver operating characteristic (ROC) analysis for each feature, 51 unique arterial pressure characteristics, referred to as base features, were extracted. Only 23 features of the arterial waveform with the best predictive values were incorporated out of a possible combination of more than 2.6 million features.

The HPI algorithm was subjected to internal validation on 350 randomly selected cases from the dataset initially used to generate the algorithm. Afterward, it was externally validated on 204 cases of intensive care patients, which resulted in an algorithm of high accuracy with an area under the receiver operating characteristic curve (AUC) ranging from 0.95, 0.95, and 0.97 for 15, 10, and 5 min before a hypotensive event, respectively (13). Davies et al. performed a nonfunded HPI validation study to investigate the diagnostic ability of the HPI algorithm to predict IOH compared to other routinely collected hemodynamic variables such as MAP, SV, stroke volume variation (SVV), MAP, CO, PPV, systemic vascular resistance (SVR) and derivatives of these, such as the shock index or dynamic arterial elastance (Eadyn), during the perioperative period through monitoring with EV1000 containing the HPI software. In a retrospective study, they analyzed 292,025 perioperative data points in 255 patients undergoing major cardiac and noncardiac surgery. In this way, they evaluated the performance of the change in MAP in predicting hypotension and the absolute values of MAP, ΔMAP, CO, VS, pulse pressure, SVV, PPV, and SVR. The HPI algorithm reliably predicted a hypotensive episode up to 15 min before it occurred, and the predictive performance of the HPI was superior (AUC 0.879; 95% CI: 0.879–0.880) (97).

Development and testing of this initial HPI algorithm were based on invasive arterial line waveform data. Recently, Maheshwari et al. performed an external validation of the HPI algorithm using the non-invasive arterial waveform from a finger cuff and the volume clamp method (ClearSight, Edwards Lifesciences, Irvine, CA, United States). The HPI algorithm predicted IOH 5 min in advance, with a sensitivity of 0.86 [95% CI: 0.82, 0.89] and a specificity of 0.86 [95% CI: 0.82, 0.89]. At 10 min, the sensitivity was 0.83 [95% CI: 0.79, 0.86] and the specificity 0.83 [95% CI: 0.79, 0.86]. And at 15 min, the sensitivity was 0.75 [95% CI: 0.71, 0.80] and the specificity 0.75 [95% CI: 0.71, 0.80]. The positive predictive value of the algorithm's prediction at a threshold index of 85 was 0.83 [95% CI: 0.79, 0.87] (98). The predictive value of HPI in patients undergoing major vascular or cardiac surgery remains controversial when 85 was used as the cutoff value. Ranucci et al. presented a “symmetric” receiver operating characteristics curve with an AUC of 0.768 for the HPI ability to predict IOH (99). At the same time, Shin et al. reported an AUC for the HPI of 0.90 to predict IOH 5 min before the hypotensive event with high sensitivity and specificity in patients undergoing elective cardiac surgery requiring extracorporeal circulation (99).

The fact that the initial internal and external validation cohorts performed by Hatib et al. arbitrarily used a binary definition of hypotension (hypotensive events defined as MAP < 65 mmHg and non-hypotensive events described as MAP > 75 mmHg) with an intermediate gray zone of MAP 65–75 mmHg (13) has recently been criticized, suggesting that the AUC was biased toward a high specificity that could result in an overestimation of hypotension risk, with consequent overtreatment, leading the authors to suggest new validations (100).



Hypotension prediction index and the hemosphere software, more than hypotension prediction

HPI is a probability score and, a priori, not a physiological parameter, such as MAP, CO, or heart rate. However, the features defining HPI, even under disclosure, are intrinsically related to the physiological mechanisms that regulate and maintain constant BP for normal homeostasis. These mechanisms are mainly associated with the baroreflex control mediated by autonomic control (9). An HPI value ranging from 0 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 MAP less than 65 mmHg for at least 1 min (Figure 1). An audible alarm warns when the HPI exceeds 85. If the HPI value exceeds the upper limit of two consecutive measurements, a pop-up window invites the clinician to review the hemodynamic information about the patient's hemodynamic status, mainly concerning the preload dependency, afterload, and contractility. Thus, the potential value of HPI in practice is to provide real-time information to the clinician by allowing both proactive and predictive treatment of upcoming hypotensive events (101).


[image: Figure 1]
FIGURE 1
Example of the temporal evolution of HPI and mean arterial pressure in a surgical case. Legends: MAP, mean arterial pressure; HPI, hemodynamic prediction index.


The HPI algorithm developed by Hatib et al. was released as a feature of the Hemosphere clinical monitoring platforms (Edwards Lifesciences, Irvine, CA, United States) (13). Currently, it is possible to obtain it both through non-invasive monitoring (Acumen cuff, Edwards Lifesciences, Irvine, CA, United States) and minimally invasive through an arterial catheter (Acumen IQ, Edwards Lifesciences, Irvine, CA, United States). Significantly, this algorithm is based on detecting physiological signatures in arterial pressure waveforms caused by impaired cardiovascular compensatory mechanisms that occur before hypotension and involve all hemodynamic characteristics: cardiac preload, afterload, and contractility. The HPI generates a value ranging from 0 (i.e., no hypotension expected) to 100 (i.e., hypotensive event), where 85 is recommended as the threshold to initiate treatment. Using a lower HPI threshold provides a longer prediction time, but increases the false positive rate for the dichotomous variable hypotension, although it may evidence some offset hemodynamic instability. Higher HPI thresholds are associated with higher event rates, but with a shorter time to event, whereas lower thresholds have a lower event rate but a longer mean time to event. The optimal time for a ML-based hypotensive predictor to predict IOH events would depend on several factors, including the specific characteristics of the predictor and the clinical context in which it is being used. In general, the predictor should aim to predict hypotensive events as early as possible, in order to give healthcare providers sufficient time to intervene and prevent adverse outcomes. In the case of IOH, the ideal time for prediction would likely depend on the type of surgery being performed, the patient's comorbidities, and the specific definition of hypotension being used.

The approach of the HPI to predicting hypotensive events during surgery is to use real-time monitoring of patient vital signs and other physiological data, combined with machine learning algorithms that can detect patterns and predict the likelihood of hypotension occurring in the near future. In this case, the predictor may aim to provide alerts or warnings several minutes before a hypotensive event is expected to occur, in order to give healthcare providers time to adjust fluid or medication administration or take other corrective measures.

BP results from the interaction of blood flow and arterial load (102). Therefore, BP depends not only on flow rate but also on the modulation of the arterial system. Intravenous fluids, inotropes, or vasopressors can be administered in response to an elevated HPI, reflecting significant changes in SVV, Eadyn, or dP/dtmax. Therefore, the HPI is also an indicator of hemodynamic instability. A high HPI value requires specific treatment according to the hemodynamic variables. There is no single treatment that fits all patients.

Fluid administration is the first line of treatment for most patients with cardiovascular insufficiency (15), and is usually indicated in the presence of both of the following conditions: the patient requires an increase in perfusion (103); and the patient will increase his or her CO in response to fluid administration (104). However, volume expansion raises two main problems (105). SV increases by 10%–15% in only half of patients with cardiovascular insufficiency because the relationship between SV and cardiac preload is inconsistent. Second, positive fluid balance worsens the patient's outcome (3, 106). In addition, patients are assumed to become ﬂuid deﬁcient before surgery, due to the classic and common practice of nil by mouth after midnight, despite strong recommendations (107). Therefore, fluid responsiveness should be assessed before initiating volume expansion in patients with hemodynamic instability (108). The SVV [SVV = (SVmax − SVmin)/SVmean], which reflects the effects of the cyclic respiratory changes on venous return, was one of the first methods to be developed for the dynamic assessment of preload responsiveness (108). SVV is limited by the fact that they cannot be used in many clinical conditions, which can be easily remembered as the acronym LIMITS: Low heart rate- respiratory rate ratio (extremely high respiratory rate), leading to some false-negative results; irregular heartbeat (false positive); mechanical ventilation with low tidal volume (false-negative); increased abdominal pressure (false-positive), thorax open (false-negative); and spontaneous breathing (false-positive) (109). The cut-off values of SVV determining fluid responsiveness vary between 8% and 15% in different studies (110). Thus, a gray-zone range in which the predictive value is suboptimal should be anticipated. The “gray zone approach” proposed by Min et al. consists of increasing tidal volume to 8–12 ml/kg in individuals with SVV into the gray zone and showed that SVV changed to a more informative value (111). Hemodynamic parameters alter appreciably during pneumoperitoneum because of decreased thoracic compliance and increased transmission of airway pressure to the pleural space. So, the reliability of SVV as a predictor of fluid responsiveness in patients undergoing laparoscopic surgery remains controversial (112, 113). Nevertheless, a recent meta-analysis demonstrated that SVV could predict fluid responsiveness with a pooled AUROC for SVV > 0.8, suggesting that it is sufficiently reliable for predicting fluid responsiveness during laparoscopic surgery (114). Similarly, Han et al. found that SVV had good predictive performance in monitoring fluid responsiveness in patients undergoing cardiac surgery (AUC = 0.80) and intensive care after cardiac surgery (AUC = 0.89), while moderate predictive performance in patients during thoracic surgery (AUC = 0.73) (115).

The only reason to administer fluids to a patient is to increase SV. If this does not occur, fluid administration is useless and is likely deleterious (2). Moreover, fluid responsiveness is a normal physiologic condition not equivalent to hypovolemic. For this reason, GDHT algorithms have included so-called SV optimization as a fundamental part of the protocols, either by administering fluids until SV cannot increase or by an SVV value that suggests the patient is not a fluid responder (24). The FEDORA trial included low-moderate risk patients undergoing elective major noncardiac surgery by randomizing to a GDHT algorithm aimed primarily at maximizing SV but also guided to MAP and cardiac index (CI), with a significant reduction in postoperative complications (8.6% vs. 16.6%, p = 0.018) (36).

Similarly, one of the first studies in which the HPI was integrated into a hemodynamic algorithm used the presence of SVV > 12% as a cutoff for initiating fluid treatment in those cases in which HPI was >80%. FC was only repeated when HPI remained over 80% until SVV < 12% or HPI < 80% (116). Although the hemodynamic algorithm used by Schneck et al. is quite similar to that used in the FEDORA trial (36), it presents a clear difference: the use of the HPI to limit intraoperative fluid administration regardless of the presence of elevated SVV, which illustrates that many patients are physiologically volume responsive but are not unstable and that the mere presence of volume responsiveness does not imply circulatory failure (117), as indicated by a low HPI.

Moreover, a pathologic decrease in vasomotor tone (vasoplegia) is a common cause of IOH. Vasoplegia will limit the increase in MAP after fluid administration even though a patient responds to volume by increasing flow (118, 119). While fluid tolerance was recently suggested as the level at which the patient can tolerate fluid administration without causing organ dysfunction (117), the BP response cannot be easily predicted, even if a patient can increase CO with fluids (118). Consequently, it is necessary to assess preload dependence and arterial load to determine whether fluid administration will improve BP (120). Dynamic arterial elastance (Eadyn), computed as the ratio PPV/SVV, was initially conceived to determine whether a volume-responsive patient will also improve BP with volume administration (43). Monge et al. further confirmed the ability of Eadyn to predict arterial pressure response to volume expansion in preload-dependent patients with acute circulatory failure, and further propose that Eadyn may represent an index of coupling between the heart and the systemic circulation (121, 122). Various studies in mechanically ventilated (123) and spontaneously breathing patients (124) reported that an Eadyn <1.0 in a volume-responsive hypotensive patient predicts whose MAP will not increase with the increase in CO (125). A recent meta-analysis showed that Eadyn was a good predictor of MAP increases in response to fluid expansion, with an AUHSROC of 0.92 [95% CI: 0.89–0.94] (125).

Eadyn has also more recently been included as part of hemodynamic optimization protocols to reduce IOH. Therefore, in a hypotensive patient -or one with circulatory instability reflected by an elevated HPI- preload-dependent, i.e., with an elevated SVV, an Eadyn value >1 would reflect a cardiovascular system capable of increasing pressure with changes in flow (Figure 2), whereas an Eadyn <1 a system unable to increase MAP in response to an increase in SV following fluid administration (Figure 3). In this way, Wijnberge et al., using a hemodynamic algorithm adapted from Pinsky (43) included the changes in Eadyn with other variables for defining the hemodynamic condition and determining the adequate treatment when the high HPI describes the circulatory instability (12). In cases where an HPI > 80 was alerted, volume responders (ΔSVV) with a high Eadyn were defined as hypovolemic and treated with fluids. In contrast, patients with HPI > 80, with high ΔSVV and low Eadyn, were described as vasoplegic and received vasopressor treatment until HPI < 80% was achieved (12). This approach was also used recently by Murabito et al. (126). However, Tsoumpa et al., although using a similar GDHT algorithm with the HPI, they did not use the Eadyn to discriminate responding patients to the volume that would increase MAP after FC but to identify if a patient had vasoplegia or decreased contractility (127). This underscores that the information provided by the Hemosphere monitor must be adequately recognized and integrated. If Eadyn is high and the patient is preload-dependent, MAP will improve along with CO after FC. On the contrary, if Eadyn is low, even if the patient is fluid-responsive, CO increase will not improve MAP, and vasopressors should be considered to prevent IOH. Fluid administration will not increase MAP in non-preload dependent patients, regardless of their Eadyn (Figure 4). Furthermore, Eadyn does not represent a physical property of arterial load, such as arterial compliance or resistance, nor define an absolute measure of cardiac afterload, but a variable describing the dynamic interaction between pressure and flow (102).


[image: Figure 2]
FIGURE 2
This figure shows a predicted hypotensive event (initiated in purple dashed line) with an elevated hypotension prediction index (HPI) in a preload-dependent patient (elevated stroke volume variation) with Eadyn >1. After fluid administration (blue dashed line) normalizing HPI and mean arterial pressure. (pink dashed line). Legends: MAP, mean arterial pressure; HPI, hemodynamic prediction index; SVV, stroke volume variation.
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FIGURE 3
This case shows an occurrence of a hypotensive event prediction (initiated in the purple dashed line) with a high hypotension prediction index (HPI) in a preload dependent patient (high stroke volume variation) with Eadyn <1. After the administration of vasopressors (blue dashed line) HPI and mean arterial pressure normalizes (pink dashed line). Legends: MAP, mean arterial pressure; HPI, Hemodynamic prediction index; SVV, stroke volume variation.
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FIGURE 4
This case shows the occurrence of a hypotensive event prediction (initiated in the purple dashed line) with a high hypotension prediction index (HPI) in a non-dependent preload patient (low stroke volume variation) with normal dP/dtmax, after the administration of vasopressors (blue dashed line) HPI and mean arterial pressure normalizes (pink dashed line). Legends: MAP, mean arterial pressure; HPI, hemodynamic prediction index; SVV, stroke volume variation.


Unlike older algorithms, where dobutamine was administered to achieve supraphysiologic oxygen delivery targets (22), some recent GDHT algorithms have incorporated arbitrary CI targets (usually 2.5 L/min/m2 or basal CI) (36, 38). Optimal CI and related cardiovascular variables may differ according to age and the patient's hemodynamic status. Moreover, there is no normal or abnormal CO, but rather adequate or inadequate to the metabolic needs of a particular patient at a specific time. So it is not surprising that targeting a CI goal has resulted in inconsistent results. While one trial suggested that personalized CI-guided treatment maintaining baseline CI reduced postoperative complications in elective major abdominal surgery patients (38), in a more recent trial, this perioperative treatment did not improve patient outcomes (128). On the other hand, the CO value alone does not determine left ventricular (LV) performance and cardiac function (129). Current options for LV contractility assessment are considerably limited. The gold standard method for measurement of LV contractility (i.e., LV end-systolic elastance) (130) cannot be used in routine clinical practice because of its invasiveness. The maximum rate of LV pressure rise during ventricular contraction (LV dP/dtmax) has been extensively used as a surrogate marker of LV inotropic state and contractility (131). Although clinically feasible, it requires direct measurement of LV pressure, which is still highly invasive. Although LV dP/dtmax can also be estimated noninvasively by echocardiographic techniques (132), its measurement is not practical for continuous monitoring. Instead, arterial dP/dtmax can be calculated beat-to-beat from the invasive or noninvasive arterial pressure waveform (133). Monge et al. reported that arterial dP/dtmax was significantly correlated with LV contractility measured by Ees or LV dP/dtmax (134). On the other hand, it is essential to acknowledge that, unlike LV dP/dtmax, arterial dP/dtmax is measured during ventricular ejection and then it may also be influenced by peripheral arterial factors (135). Moreover, arterial dP/dtmax is more accurate for measuring LV contractility when adequate vascular filling has been achieved (136). Despite these limitations, the introduction of this parameter in hemodynamic algorithms allows precise identification of patients with impaired contractility causing circulatory failure treatable by inotropes (Figure 5). The threshold value of dP/dtmax at which circulatory failure will be manifested as hypotension and predicted as an HPI > 85% remains controversial, with some authors recommending a threshold of 400 mmHg/s (137) and others at 600 mmHg/s (127). In practice, the dP/dtmax trend allows knowing if the patient has decreased contractility. As indicated by Solares et al., in patients with HPI >85% and decreasing dP/dtmax, the administration of dobutamine not only improved dP/dtmax but also normalized HPI and prevented IOH (138). Interestingly, the use of dP/dtmax in randomized clinical trials (RCTs) conducted to date has not been used consistently. In the HYPE study, dP/dtmax was not used to warn of impaired contractility, rather it was a decrease in SV without changes in SVV and/or RVS that was considered suggestive of impaired LV contractility. Prevention of IOH may be detrimental to overtreatment, as indicated by Tsoumpa et al., in which in the HPI-guided group the time spent on hypertension increased (127). The possible overtreatment may result in clinicians not following the action suggested by an HPI-guided algorithm, as occurred in the Maheshwari et al. RCT, in which in cases where the suggested action was to administer dobutamine, this suggestion was in poor compliance. In fact, clinicians followed their own judgment about HPI alerts and intervened in only 45% of alerts, the point that clinicians followed their judgment explains why no differences in outcomes were observed (139). Using predictive technology requires proper use. It is unlikely that, if not used correctly, any predictive technology will lead to better results. So training in the technology, clear treatment guidance, and compliance-focused education should be an integral part of future RCT using HPI- guided algorithms.


[image: Figure 5]
FIGURE 5
This example shows a prediction of a hypotensive event (initiated in the purple dashed line) with an elevated hypotension prediction index (HPI) in a preload in dependent patient (low stroke volume variation) with decreasing dP/dtmax. After the administration of inotrope (blue dashed line) HPI and mean arterial pressure normalizes (pink dashed line). Legends: MAP, mean arterial pressure; HPI, hemodynamic prediction index; SVV, stroke volume variation.




HPI-algorithm guided reduced hypotension exposition

A recent meta-analysis including five studies and 461 patients suggested that intraoperative HPI-guided hemodynamic management in adult patients undergoing noncardiac surgery led to a decrease in the TWA MAP < 65 mmHg (median difference 0.27 mmHg; 95% CI: −0.38, −0.01); compared with intraoperative hemodynamic management with or without GDHT that did not include HPI (140).

The first published RCT with HPI-guided GDHT showed a significant reduction in the incidence and the absolute and relative duration of hypotensive episodes in the HPI group compared to both control cohorts in patients undergoing hip replacement surgery (116). The HYPE study demonstrated that the application of a protocol of HPI-guided diagnostic guidance and hemodynamic treatment significantly reduced the IOH in adult patients undergoing major abdominal surgery compared to hemodynamic management based on CI, SVV, MAP, and SVR but not protocolized (TWA-MAP < 65 mmHg: 0.10 mm Hg (IQR, 0.01–0.43 mm Hg) vs. 0.44 mm Hg (IQR, 0.23–0.72 mm Hg) for a median difference of 0.38 mm Hg (95% CI: 0.14–0.43 mm Hg; p = 0.001) (12). In addition, the HPI-guided arm had a lower median hypotension time per patient of 8.0 min (IQR, 1.33–26.00 min) vs. 32.7 min (IQR, 11.5–59.7 min), with a median difference of 16.7 min (95% CI: 7.7–31.0 min; p < 0.001). Interestingly, there was no difference in the amount of vasoactive administered between the groups, along with no difference in intraoperative hypertension (TWA mean hypertension (defined as a MAP >100 mm Hg for at least 1 min) 0.09 mm Hg (IQR, 0.00–0.21 mm Hg) vs. 0.05 mm Hg (IQR, 0.00–0.13 mm Hg), suggests that HPI-guided hemodynamic management was not associated with overtreatment (12). Despite the promising results shown in the HYPE study, Maheshwari et al. demonstrated that patients who underwent moderate- to high-risk noncardiac surgery and were monitored with a noninvasive continuous BP (Clearsight) but with any predefined GDHT protocol had a TWA MAP < 65 mm Hg of 0.05 [0.00, 0.22] mm Hg (84). These results may suggest that the algorithm proposed by Wijnberge et al. (12) does not exploit the full potential of HPI-based monitoring. In contrast to previous studies, the largest RCT in patients undergoing major or moderate noncardiac surgery published to date found similar TWA-MAP <65 mmHg between the HPI-guided intervention group and standard care group receiving GDHT [0.14 vs. 0.14 mmHg, with a mean difference of 0 (95%, CI: −0.03 to 0.04), p = 0.757] (139). As previously discussed, these results have been attributed to the responsible clinicians' lack of compliance with the treatment protocol. In a post hoc analysis, HPI-guided treatment was associated with a lower incidence of IOH when the analysis was restricted to those episodes where clinicians intervened according to the HPI protocol (12).

A before-and-after study comparing a GDHT protocol with an HPI-guided GDHT protocol in patients undergoing major abdominal surgery showed that TWA was significantly decreased from 0.27 (0.42) mmHg to 0.10 (0.19) mmHg in the HPI group (p = 0.001) (141). Similar results in a similar group of patients were shown by Tsoumpa et al. (127). Two recent RCTs, in addition to demonstrating a reduction in intraoperative exposure to HPI, sought different outcomes. In the first one, an HPI-guided hemodynamic algorithm showed lower Neuronal Specific Enolase and higher reduced glutathione compared to the control group, while several other biomarkers including neutrophil gelatinase-associated lipocalin and S100B were correlated with TWA of IOH (126). Finally, Solares et al. were the first to report that an HPI-guided algorithm was significantly associated with reduced postoperative complications (0.46 ± 0.98 vs. 0.88 ± 1.20, p = 0.035) and LOS (median difference of 2 days, p = 0.019) compared to a GDHT algorithm in adult patients undergoing major abdominal surgery (142).

Evidence is currently lacking to determine whether the use of an HPI-guided hemodynamic algorithm leads to better postoperative outcomes, which limits the acquisition and implementation of the expensive monitors and consumables required to use these algorithms. However, it is important to note that the HPI is still a relatively new tool, so more research is required to determine if a low intraoperative HPI leads to a significant reduction in postoperative morbidity without increasing significantly costs. Evaluating the cost-effectiveness of ML-based prevention IOH, as the HPI, requires consideration of both the costs and benefits of the intervention. On the cost side, ML-based prevention IOH may require investments in technology infrastructure, data collection and management, and training for healthcare providers. These investments may be substantial, depending on the complexity of the intervention and the resources available for implementation. On the benefits side, ML-based prevention IOH has the potential to reduce the incidence of complications associated with IOH. Preventing these complications could lead to reduced healthcare costs, as patients require fewer resources and interventions to manage these complications. In addition, preventing complications could lead to improved patient outcomes, such as shorter LOS, improved quality of life, and reduced morbidity and mortality. To evaluate the cost-effectiveness ML-based prevention IOH, a framework such as cost-benefit analysis or cost-effectiveness analysis should be used. Cost-benefit analysis compares the total costs of the intervention to the total monetary value of its benefits, while cost-effectiveness analysis compares the costs of the intervention to its health outcomes or benefits, typically measured in quality-adjusted life-years (QALYs). In terms of cost-benefit analysis, the benefits of ML-based prevention IOH may be difficult to quantify in monetary terms, as they may include improved patient outcomes, reduced healthcare costs, and potential productivity gains. While, the cost-effectiveness of ML-based prevention IOH may vary depending on a range of factors, such as the prevalence of hypotensive events, the severity of associated complications, the effectiveness of the intervention in preventing complications, and the cost of implementing the intervention. However, in general, if the benefits of the intervention outweigh its costs, it may be considered cost-effective from an economic perspective. The cost and resources required may not be feasible for all institutions, particularly those with limited budgets or resources.

Evaluating the cost-effectiveness of ML-based prevention IOH, as the HPI, requires consideration of both the costs and benefits of the intervention. On the cost side, ML-based prevention IOH may require investments in technology infrastructure, data collection and management, and training for healthcare providers. These investments may be substantial, depending on the complexity of the intervention and the resources available for implementation. On the benefits side, ML-based prevention IOH has the potential to reduce the incidence of complications associated with IOH. Preventing these complications could lead to reduced healthcare costs, as patients require fewer resources and interventions to manage these complications. In addition, preventing complications could lead to improved patient outcomes, such as shorter LOS, improved quality of life, and reduced morbidity and mortality. To evaluate the cost-effectiveness ML-based prevention IOH, a framework such as cost-benefit analysis or cost-effectiveness analysis should be used. Cost-benefit analysis compares the total costs of the intervention to the total monetary value of its benefits, while cost-effectiveness analysis compares the costs of the intervention to its health outcomes or benefits, typically measured in quality-adjusted life-years (QALYs). In terms of cost-benefit analysis, the benefits of ML-based prevention IOH may be difficult to quantify in monetary terms, as they may include improved patient outcomes, reduced healthcare costs, and potential productivity gains. While, the cost-effectiveness of ML-based prevention IOH may vary depending on a range of factors, such as the prevalence of hypotensive events, the severity of associated complications, the effectiveness of the intervention in preventing complications, and the cost of implementing the intervention. However, in general, if the benefits of the intervention outweigh its costs, it may be considered cost-effective from an economic perspective. The cost and resources required may not be feasible for all institutions, particularly those with limited budgets or resources.



Relationship between MAP and HPI, future directions

Jacquet-Lagreze et al. investigated the value of linear extrapolation of MAP (LepMAP) for predicting IOH and found that the diagnostic performance in predicting IOH of LepMAP was significantly superior compared to MAP increase over time (143). Thus, some authors have suggested that the HPI curve is the mirror of the MAP curve, and a magnifier of MAP changes, alerting clinicians when MAP is approaching 65 mmHg (144). Monitoring a single parameter, however, does not fully describe the patient's complete status and can potentially lead to misinterpretations and underestimation of instability (145). As mentioned above, although HPI has not direct physiological meaning since it does not reflect any specific characteristic of the cardiovascular system, the features that define HPI are intrinsically related to the physiological factors that regulate BP for ensuring an adequate perfusion. A high HPI then implies that those compensatory mechanisms are being exhausted due to an increasing hemodynamic instability. The extenuation of these compensatory mechanisms eventually would lead to the occurrence of arterial hypotension. As expected, the evolution of the trends of HPI and MAP are closely related. So the lower the MAP, the higher the HPI. However, this relationship is not linear and may vary from one patient to another or even within the same patient (Figure 6). Moreover, the inverse sigmoidal function described by HPI and MAP closely resembles the inverse relationship between arterial pressure and the sympathetic activity (146). The scatter around this relationship (Figure 7) should therefore represent the level of different hemodynamic conditions associated with an HPI value in a single patient or the differences in the hemodynamic status when evaluating different patients. Therefore, the HPI would allow characterizing a certain hemodynamic state.
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FIGURE 6
Relationship between HPI and mean arterial pressure in 58 ICU patients.
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FIGURE 7
Relationship between HPI and mean arterial pressure in two different patients.


Another important feature of the HPI-MAP relationship is the usual identification of an inflection point in which the HPI increases more significantly, that may determine a point where the homeostatic mechanism accelerates until its extenuation when MAP is <65 mmHg (Figure 8). Interestingly, this critical threshold is usually identified when MAP is >65 mmHg and an the HPI lower than that defined by the manufacturer to predict arterial hypotension (<85). The clinical value of these observations are still pending but may represent an interesting and exciting field for research.


[image: Figure 8]
FIGURE 8
Example of the suggested critical point of physiological compensation of mean arterial blood pressure.


The HPI has the potential to significantly change the management of perioperative hemodynamics by enabling earlier detection of impending hypotensive events, leading to more timely interventions and potentially better patient outcomes. Traditionally, perioperative hemodynamics management has relied on reactive monitoring of patient vital signs, such as blood pressure and heart rate, with healthcare providers intervening only after hypotension has occurred. However, the HPI can analyze real-time patient data and predict the likelihood of hypotension occurring in the near future, allowing healthcare providers to intervene earlier and prevent hypotension from occurring. One potential benefit of the HPI is the ability to personalize hemodynamic management based on patient-specific factors. As mentioned, another potential benefit of the HPI is the ability to reduce the risk of adverse events associated with hypotension, such as myocardial injury, AKI, and prolonged LOS. By detecting impending hypotensive events earlier and intervening more quickly, healthcare providers can potentially prevent these adverse events from occurring or minimize their severity.

However, there are also challenges associated with implementing an HPI-based predictive hypotension in clinical practice, including issues related to data quality, model interpretability, and integration with clinical workflows. There is a risk of over-reliance on technology, where clinicians may become complacent and trust the algorithm to make all the decisions for them. This can lead to a lack of critical thinking and decision-making, which is a critical skill in perioperative medicine. On the other hand, there is currently no standardized approach to perioperative hemodynamics management, and different institutions may use different interventions for hypotension. ML algorithms may be limited in their ability to predict hypotension if the interventions used are not consistent across different institutions.

Ongoing research and development in this area will be needed to address these challenges and to fully realize the potential benefits of predictive hypotension in perioperative hemodynamics management.



Alternatives to prevent hypotension

There is ongoing research on the use of machine ML to predict hypotension and prevent its occurrence in critically ill patients. These ML-based models, which can help identify patients who are at high risk of developing hypotension and allow for earlier intervention to prevent its occurrence, could constitute an alternative to the HPI. There are several different approaches to predict IOH.

ML-approaches include supervised vs. unsupervised learning, feature engineering, algorithm selection using logistic regression, decision trees, random forests, support vector machines, neural networks and evaluation metrics which can be evaluated using various metrics such as accuracy, precision, recall, F1 score and area under the receiver operating characteristic (ROC) curve (147–156). Overall, the choice of machine learning approach for preventing IOH will depend on a variety of factors, including the size and complexity of the dataset, the availability of labeled data, and the specific goals of the ML algorithm (157).

One such model is the “early warning score” (EWS), which uses ML algorithms to identify patients who are at high risk of developing adverse clinical events such as hypotension. EWS is a composite score that takes into account various patient parameters such as heart rate, blood pressure, respiratory rate, and level of consciousness. The algorithm assigns a score to each parameter, and the total score is used to predict the likelihood of adverse clinical events (147). Another machine learning-based approach is the use of predictive analytics to identify patients who are at risk of developing hypotension. This involves analyzing large datasets of patient information to identify patterns and risk factors for hypotension (158). The algorithms can be trained on large datasets of patient information to identify patterns and risk factors for hypotension, which can be used to develop personalized treatment plans for individual patients (159). While these ML-based approaches hold great promise for predicting and preventing hypotension in critically ill patients, further validation and testing are required before they can be implemented into clinical practice.




Conclusions

The Hypotension Prediction Index has been shown to reduce exposure to intraoperative hypotension. However, it remains unproven whether the introduction of HPI improves patient-centered outcomes. On the other hand, there is a broad potential for research in physiological aspects related to HPI and other underexplored fields, such as cardiac surgery and intensive care.
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