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a b s t r a c t
Predicting episodes or severity of cardiorespiratory decompensation has proved to be challenging in patients
with stable surgical or medical conditions, recovering on the general care ﬂoor (ward). Critical cardiorespiratory
events on hospital ﬂoors may be prevented by early detection of deterioration using continuous, electronic cardiorespiratory monitoring (CEM). The PRediction of Opioid-induced Respiratory Depression In Patients Monitored by capnoGraphY (PRODIGY) trial investigates CEM using pulse oximetry and capnography in 1650
patients at 16 centers in North America, Europe, and Asia (ClinicalTrials.gov Identiﬁer: NCT02811302). The primary goal of the study is to derive a risk prediction score for respiratory depression (RD) on the ward. The validation-derivation cohort design will derive this score from RD detected by continuous, blinded, multiparameter
cardiorespiratory (heart rate, respiratory rate, end tidal carbon dioxide, and pulse oximetry) monitoring of patients on the ward receiving parenteral (including epidural) opioids for primary analgesia. This review provides
a comprehensive synopsis on respiratory compromise in lower acuity hospital settings (ward) and describes the
protocol of the PRODIGY trial as a means to enable prediction and early response to these events.
© 2018 Elsevier Inc. All rights reserved.

1. Scope of the problem
Mortality within 30 days after surgery is currently the third leading
cause of death in the United States [1, 2]. The most common cause of this
30-day postoperative mortality not surprisingly is cardiorespiratory
complications. The Agency for Healthcare Research and Quality
(AHRQ) recently rated postoperative respiratory failure as the fourth
most common patient safety event [3]. The incidence of respiratory
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depression (RD), based on varied deﬁnitions and criteria ranges from
as little as 0.3% to 17% [4]. Indeed, while we have made signiﬁcant improvements in intraoperative safety under anesthesia, the same cannot
be assumed for the postoperative period.
The medical or surgical general care ﬂoor (ward) is a lower acuity
hospital setting where patients are deemed to have achieved a point
of stability in their disease pathology. Therefore, they are presumed to
have a sufﬁciently low risk of developing a serious adverse event. Yet
41% of in-hospital cardiac arrests occur on the ward, and outcomes are
invariably catastrophic [5]. The adjusted survival rate for patients suffering a cardiac arrest on a medical surgical ward is 0.106, lower than the
survival rate for patients arresting in an intensive care unit (0.144) [5].
2. Predicting respiratory depression
Risk factors for developing RD have been widely studied in literature,
speciﬁcally for post-surgical patients. These include sleep disordered
breathing, obesity, advanced age, post-surgical status, increased opioid
dose requirement, concomitant use of other sedating medications, comorbidities including pulmonary or cardiac disease, opioid use via patient controlled analgesia systems and smoking [6-10].
Despite these known risk factors, prediction of postoperative respiratory decompensation remains a challenge. Residual anesthetic gases,
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muscle relaxants, and narcotics may contribute to RD in the post-anesthesia care unit (PACU). On the other hand, impaired respiratory mechanics and altered physiology, baseline co-existing respiratory
diseases, and secondary insults which do not allow for effective gas exchange across the alveolar capillary membrane are often responsible for
respiratory compromise in the Intensive Care Unit (ICU). However, patients rarely die of sudden, undetected RD in either the PACU or the ICU.
When analysing the causes of in hospital cardiac arrest, Perman and coworkers reported that 49% of patients on the ward had a respiratory
cause, and this was signiﬁcantly higher than patients in an ICU, where
respiration is both controlled and closely monitored [5]. The most obvious reason for this may be a difference in the nature of vital sign monitoring, which is continuous and multi-parameter in the ICU but limited
to ‘spot-checks’ every few hours on the ward. While rapid response systems are in place on the ward, these are critically dependent on real
time detection of patient deterioration. However, the lack of continuous
monitoring on the ward effectively impairs this afferent or detection
loop of rapid response systems. This is responsible for the unproven efﬁciency of rapid response systems to reduce morbidity and mortality on
the ward [11, 12].
Recently, Sun et al. monitored continuous postoperative oxygen saturation in non-cardiac surgical patients for the ﬁrst 48 h of the post-surgical period [13]. This monitoring started once the patient left the PACU
or the ICU and reached the regular nursing ﬂoor. Importantly, bedside
care providers were blinded to this oximetry. Nurses continued their
routine checks on vital signs every 4 h per protocol. Results showed
that postoperative hypoxemia was common and prolonged. For example, 20% of patients demonstrated an average of 10 min of saturation
b90% per hour over their entire hospitalization. Rather shockingly, 90%
of serious hypoxemic episodes (saturation b90% for ≥1 full hour) were
missed by nurses charting routine vital sign monitoring at four-hour intervals [13]. Therefore, these hypoxemic events were serious and were
undetected based on standard monitoring protocols. Further analysis
of this cohort also showed that not only is post-operative hypoxemia
common, undetected, prolonged and serious, it is also extremely difﬁcult to predict. Surprisingly, an escalating risk using the STOP-BANG
scoring system (a validated measure of obstructive sleep apnea risk)
was not associated with the incidence or duration of postoperative oxygen desaturation [14]. In addition, the type of narcotic (long vs.
short-acting) used in patient controlled analgesia (PCA) systems was
not associated with the risk of hypoxemia in the post-operative period
[15]. Thus, patients with a higher risk of obstructive sleep apnea and
those on continuous long-acting intravenous narcotics, identiﬁed as at
high risk of RD, could not be reliability predicted to have respiratory
compromise based on readily available tools to this effect.
3. Opioids and respiratory depression
Opioid therapy is a commonly used treatment for acute post-surgical
pain on the hospital ward. In addition, many non-surgical patients admitted in the hospital are also exposed to opioids. Opioid induced respiratory depression (OIRD), also known as opioid induced ventilatory
insufﬁciency (OIVI), has been implicated as a signiﬁcant cause of undetected and preventable deterioration for patients in ward settings [16].
In recent years there have been increasing concerns over unmonitored
mortality and morbidity in patients during opioid therapy for acute
pain [4]. Up to 80% of patients who received opioid analgesics experience Opioid-Related Adverse Drug Events (ORADEs) [11]. In post-surgical patients, ORADEs have been shown to signiﬁcantly increase a
patient's hospital length of stay and related costs. Improper patient
monitoring has been reported by the Joint Commission as one of the
main causes of ORADEs [11]. A recent multivariate analysis of an administrative database analysis revealed that opioids and sedatives are independent, yet additive risk factors for cardiac and or respiratory arrest on
the general care ﬂoor [17]. A signiﬁcant number of these arrests occurred in patients electively admitted for surgery, and with few

81

comorbidities. A closed claims analysis examined postoperative opioid
induced RD and found that a clear majority of these patients unfortunately suffered death or severe brain damage because of the respiratory
event [18]. As previously described obstructive sleep apnea risk score
was a poor predictor in that only 4% of the patients had an elevated
STOP BANG score [18].

4. Unprecedented respiratory events and critical care resources
Unplanned ICU admissions may have a respiratory indication in 17–
47% of cases. The rate of these admissions is much higher when examining postoperative pulmonary complications in particular. There is reasonable reason to believe that at least some of these admissions may
be unavoidable [19-22]. Data from the United States indicates excessive
and unnecessary ICU capacity strain secondary to the burden of preventable ICU admissions. More large hospital systems report an inability
to immediately provide a bed when required, with occupancy rates
projected to increase in the coming years [23-25].
Straining ICU resources sets up a domino effect whereby the need to
create more ICU beds to accommodate unplanned admissions from the
ﬂoor, prompts premature discharge of other less ready patients, a large
fraction of whom come back as readmissions [26-29]. ICU admissions
refusals also occur when ICUs are operating at 100% capacity. Therefore,
other patients with who require critical care services have a lower probability of admission [30, 31]. This is turn relegates borderline patients to
the ﬂoor where they may be more likely to deteriorate and hence add to
the vicious cycle of ICU capacity strain. Patients derive the greatest beneﬁt from ICU management in the early stages of deterioration, and
hence early ICU admission is important and necessary. These delays,
particularly those in excess of 6 h, are associated with an increase in
ICU mortality and hospital length of stay [32-36]. There is also evidence
to suggest less patient physician interaction time, poor documentation
and less rigorous adherence to quality measures in acute care areas
when confronted with pressures of new ﬂoor admissions [37-40].

5. Preventive interventions for respiratory events
Lee et al. concluded that almost all opioid induced RD events on the
ward were deemed preventable with better monitoring and response
[18]. Forty-two percent of RD episodes in this analysis occurred within
2 h of the last nursing check. This is a common scenario wherein during
a spot-check a patient is awake and instructed to take deep breaths till a
satisfactory vital sign is recorded. However, as soon as the care provider
leaves the room, the patient may obstruct their airway, hypoventilate
and desaturate in repetitive cycles until they are unable to compensate
and suffer a respiratory arrest. If undetected, this inevitably deteriorates
into a full blown cardiopulmonary arrest [18]. A rapid response activation at this stage is often too late to institute any effective measures to
reverse the crisis.
Our inability to predict and detect respiratory compromise on the
ward suggests improved monitoring may be a solution [41, 42]. Improved monitoring should include continuous automated multi-parameter cardiorespiratory vital signs monitoring. However, vital sign
parameters combination, best suited to continuous monitoring and
early detection of respiratory decompensation are a matter of debate.
Respiratory events do not occur in isolation. Tachycardia and hypoxemia commonly co-exist and often culminate in hypotension which is
strongly associated with myocardial injury and death [43, 44]. As
might thus be expected, it is well established that vital signs deteriorate
6–12 h before cardiac and respiratory arrests occur [11, 45-47] — which
is the basis for having hospital rapid-response teams which undoubtedly save lives [11, 12, 43-47]. Further, a recent study suggested respiratory rate does not contribute meaningfully to early detection of
deterioration for patients monitored with continuous oximetry [48].
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6. PRODIGY – rationale

7. PRODIGY - design

Currently, there are no universally accepted guidelines to direct effective and safe assessment and monitoring practices for patients receiving
in-hospital opioid analgesia. Oxygen desaturation detected by pulse oximetry may not be a sufﬁciently early warning of respiratory decompensation in the presence of supplemental oxygen, which is commonly
administered with or without clinical rationale. Growing evidence supports the use of capnography for earlier and more reliable warnings of
RD in postoperative patients in the general ward, when compared with
pulse oximetry [42, 49]. It has been demonstrated that the value of RD detected by capnography is signiﬁcantly increased compared to RD detected
by oxygen desaturation alone in post-surgical patients using opioids as a
part of patient controlled analgesia systems [41]. The Anesthesia Patient
Safety Foundation (APSF) recommends continuous monitoring of ventilation using a suitable technology (i.e. capnography) in addition to continuous monitoring of oxygenation for all patients receiving opioid therapy
in the postoperative period, especially when supplemental oxygen is administered [28]. The gap in knowledge is furthermore evident in non-surgical patients, where there is no existing data in literature that can identify
the extent of RD or needed monitoring that would be considered adequate. Therefore, the need of a simple tool to stratify patients at risk to develop opioid induced RD while on the general care ﬂoor has been
underlined and emphasized by several studies [1, 4, 13, 41].
PRODIGY is a multicenter, prospective study designed to derive
and validate a risk assessment tool derived from a combination of
continuous respiratory monitoring and clinical data that can identify
patients at greater risk of RD episodes when receiving parenteral
opioid therapy on the hospital ward. The trial is registered at www.
clinicaltrials.gov (NCT02811302). Recruitment for PRODIGY started
in April 2017 and ended in April 2018. This clinical study is conducted in compliance with the Declaration of Helsinki, laws and regulations of the countries in which the clinical study is conducted,
including data protection laws, the Clinical Investigation Agreement
and the Clinical Investigation Plan. All principles of the Declaration of
Helsinki have been implemented in this clinical study by means of
the informed consent process, EC/IRB approval and clinical study
training.
This risk assessment tool will effectively identify patients at risk of
experiencing respiratory depression while receiving parenteral opioid
analgesia.
The primary outcome of PRODIGY will be:

Adult patients receiving parenteral (including epidural) opioid therapy (for post-surgical or non-surgical) pain as the primary analgesic modality on the hospital ward are eligible for the study (Fig. 1). Patients in
an “Early recovery after surgery” (ERAS) track and receiving multimodal
analgesia are eligible as long as parenteral opioids are the primary analgesic. If the patient is potentially eligible and willing to consider participation, written informed consent is obtained. Exclusion criteria include
patients with an expected stay of b24 h, patients receiving intrathecal
opioids, American Society of Anesthesiologists (ASA) physical status of
V or higher, Do Not Resuscitate (DNR) orders, hospice or receiving end
of life therapy, or intubated or mechanically ventilated patients.
Patients will be connected to continuous capnography and oximetry
using the Capnostream monitor (Capnostream, Medtronic, Dublin, Ireland) upon arrival on the ward, and monitored for up to a maximum of
48 h. All devices used in this study are commercially available (cleared
by United States Food and Drug Administration, Japanese Ministry of
Health, Labour, and Welfare Cabinet of Pharmaceuticals and Medical Devices Agency, and European Economic Area (CE marking)) and used
within intended use in the participating geographies. The Capnostream™
respiratory monitor provides the ability to continuously monitor etCO2,
respiration rate, heart rate and SpO2 in patients in nearly any clinical setting. It combines Microstream™ capnography technology and Nellcor™
pulse oximetry technology in an easy to use, portable monitor, designed
with features to enhance efﬁcient workﬂow. The monitor also includes
the IPI algorithm, which was developed to help simplify monitoring a
patient's complete respiratory status. Integrated Pulmonary Index incorporates via fuzzy logic program four real-time respiratory measurements:
end-tidal CO2 (etCO2), respiratory rate (RR), pulse oximetry (SpO2), pulse
rate (PR) into a single number. The IPI algorithm number is displayed on a
scale from 1 to 10, with 10 indicating a normal respiratory status. This IPI
score correlates well with interpretation of respiratory data by experts
over a wide variety of clinical situations [50].
The Capnostream monitoring device is light-weight, portable and rugged (Fig. 2A, B) The removable battery pack can run up to 3 h. The device
displays end-tidal CO2 (etCO2), respiratory rate (RR), pulse oximetry
(SpO2) and pulse rate (PR) along with IPI on an easy to read display
screen. However, this screen will be covered for the purposes of the
PRODIGY trial, and data will be continuously recorded though not visible
for intervention to the healthcare providers at the bedside. Patients will
be tethered only with the pulse oximeter skin probe and the nasal cannula (Fig. 3) which serves the dual purpose of a CO2 sampling line and a
conduit to deliver inspired oxygen. The CO2 sampling line (Fig. 3) is a
dual nare sampling line connected to a tubing for oxygen delivery
which may be used as an option if a patient needs additional oxygen supplementation. A unique feature of this system is the oral scoop (Fig. 3)
that provides accurate sampling for mouth breathers. However, the system will allow for comfort and portability while the patient is ambulating,
and this will translate into a better patient experience and compliance
with the device.
The Capnostream monitor will only be used in addition to the participating investigation sites' current standard of care for inpatient monitoring. Capnostream data will not be used to inﬂuence healthcare
interventions, and bedside providers will be blinded to the monitor.
All monitor alarms will also be silenced. However, all patients will otherwise be treated according to standard of care including vital sign monitoring per hospital protocol. If the standard of care or hospital policy
requires the patient to be continuously monitored with SpO2, a second
SpO2 device/transducer will be connected to the patient and monitoring will be performed in accordance with local standard practice.
Patient data will be collected using the Remote Data Capture (RDC)
management system that allows healthcare providers to enter data directly into the study database via a web interface. Clinical data will be
collected throughout the duration of the study from patient screening
to the study exit, deﬁned as the one month follow up visit.

1. RD as detected using continuous cardiorespiratory monitoring (heart
rate [HR], oxygen saturation [SpO2], end-tidal carbon dioxide
[etCO2] and respiratory rate [RR]) on the hospital ward, and will be
deﬁned by any one or more of the following:
•
•
•
•
•

etCO2 ≤ 15 or ≥ 60 mmHg for ≥3 min OR
RR ≤ 5 breaths for ≥3 min OR
SpO2 ≤ 85% for ≥3 min OR
Apnea episode lasting N30 s OR
Any respiratory Opioid-Related Adverse Event (rORADE)
Secondary outcomes of PRODIGY will include:

1. A comparison of RD risk subjects versus no-risk subjects in terms of:
• Incidence of adverse events and actions taken.
• Healthcare resource utilization (including hospital length of stay,
30 days readmission rate and primary diagnosis upon readmission).
• Subject mortality at 30 days.
2. The predictive value of etCO2, RR, SpO2, and the Integrated Pulmonary Index (IPI) will be correlated with the occurrence of RD and
ORADE.
3. Cost associated with events and actions taken will be estimated
retrospectively using standard cost data from different countries.
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Fig. 1. Study design ﬂow diagram.

Demographics and comorbidities will be collected at enrollment along
with previous opioid usage and surgery information. Relevant risk factors for the prediction rule were identiﬁed by literature review and include age, sleep-disordered breathing, high risk surgery, previous
opioid use and opioid usage during hospitalization, obesity, major
organ failure, diabetes, chronic heart failure or other signiﬁcant cardiac
disease, smoking history, and COPD or other signiﬁcant pulmonary disease [6, 51-55]. Other possible risk factors collected in the case report
form can be tested in the prediction rule as well (Appendix A).
Patient safety will be monitored throughout the study and the occurrence of any respiratory adverse events (AE), serious adverse events, or
device deﬁciencies will be documented. Adverse event relatedness to opioid therapy or the device will also be identiﬁed. Study site monitoring
visits will be conducted to assess site study progress, the investigator's adherence to the CIP, regulatory compliance including but not limited to EC/
IRB approval and review of the study, maintenance of records and reports,
and review of source documents against subject eCRFs.
8. PRODIGY – outcomes
8.1. Primary outcome
Clinical RD will be adjudicated by a Clinical Events Committee (CEC)
comprised of a minimum of three non-Medtronic experts experienced
in evaluating respiratory compromise, RD, and interpreting continuous
monitor data. They will review the monitor data in conjunction with the
synchronous clinical data from the patient record to determine episodes
of RD, as deﬁned above.

8.2. Sample size
The sample size was calculated using the most appropriate incidences of desaturation, bradypnea, hypoventilation, and apnea
available in the literature. The best estimate derived from limited
data resulted in an incidence of RD of 12% of patients receiving parenteral opioids. This estimate is primarily driven by the published
incidence of oxygen desaturation, since the literature is sparse on
the other metrics. At the study closure, subjects will be randomly
assigned (2:1) into two groups to create a derivation cohort with
2/3 of the subjects and an internal validation cohort with the
other 1/3.
8.2.1. Derivation cohort sample size
A derivation cohort will be used to derive the risk assessment tool.
An internal validation cohort will be used for evaluating the prognostic
value of the score for the prediction of RD. Enrollment at any single
site will be limited to 20% of the total sample size (approximately
330 subjects) to ensure of the data across sites and reduce potential
bias.
Simulation studies of prediction models developed using logistic regression have suggested minimum event per variable values of between
5 and 20 for reliable results [56]. An event per variable of 10 is widely
advocated as the rule of thumb for multivariable logistic regression
analyses. According to this, the size of the derivation cohort has been
calculated to provide at least 10 events per variable that we expect to
enter into the logistic regression model. Recording at least 120 RD
events would allow around 12 predictor variables to be entered into
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Fig. 2. A: Capnostream™ 35 portable respiratory monitor. ©2017 Medtronic. All rights reserved. Used with the permission of Medtronic. B: Capnostream™ 20p portable bedside monitor
capnograph/pulse oximeter. ©2017 Medtronic. All rights reserved. Used with the permission of Medtronic.

logistic regression. Assuming an incidence of 12% of subjects with RD
episodes and 12-variables for prediction rule, a sample size of 1000 subjects is needed for the derivation cohort.
8.2.2. Validation cohort sample size
Since the derivation cohort will be 2/3 of the total sample size, the
derivation cohort will be 1/3 (500 subjects) of the total sample size.
Considering a 10% of withdrawals or dropouts the total sample size
needed is 1650 subjects.
8.3. Statistical analysis
The full analysis set (FAS) will include all patients enrolled in the
study, including those who sign patient informed consent and fulﬁll

the inclusion and exclusion criteria. The FAS will be used for safety
evaluation. The primary analysis will be performed on the modiﬁed
full analysis set (mFAS), which includes all patients in the FAS
starting opioid therapy and monitored on the ward per the protocol.
Descriptive statistics will be used to summarize subject characteristics. This will include mean, standard deviation, median, minimum,
and maximum for continuous variables, and counts and percentages
for categorical variables. Statistical tests for comparisons of categorical variables will use the Chi-square test or the Fisher exact test, or
the Cochran-Mantel-Haenszel test to determine trends for ordinal
variables with 3 or more categories, as appropriate. Continuous variable comparisons will be performed using the t-test or Wilcoxon
test according to the normal or non-normal distribution,
respectively.
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Fig. 3. FilterLine® - End-tidal CO2 sampling line for Microstream™ –enabled capnography monitors. ©2017 Medtronic. All rights reserved. Used with the permission of Medtronic.

Rates of adverse events will be computed and reported together
with their 95% conﬁdence intervals. Rates will then be compared by either a mixed Poisson model or a negative binomial regression model (if
overdispersion is present). Incident rate ratios (IRRs) and 95% conﬁdence intervals will be used to compare the two groups.
The sensitivity and speciﬁcity, positive predictive value (PPV)
and negative predictive value (NPV), and the ROC curves will be
used to visualize the accuracy of the IPI algorithms at different cutoffs in predicting episodes. This analysis will be performed on the
set of patients with at least one clinical event. This set of patients,
the potential respiratory depression population set (PRDPS) includes
all patients in the mFAS and have at least one episode-ﬁle and/or
clinical event adjudicated. Based on the clinical practice in the opioid
use and number of subjects enrolled per center or country, an investigation of center or country effect will be conducted including an

independent variable for center country in the model as well as summary statistics if needed. The choice of the imputation method for
missing data will depend on the pattern of the missing data and
the type of the imputed variable.
It is anticipated that SAS (SAS Institute Inc., Cary, NC, USA) will be
used to perform all statistical analyses. Statistical tests will be based
on a two-sided signiﬁcance level of 0.05, and interaction effects will be
evaluated at a signiﬁcance level of 0.10. A detailed description of
methods will be reported in the Statistical Analysis Plan (SAP).
8.3.1. Primary endpoint
The data-splitting method will be used to obtain unbiased internal
assessments of accuracy of the statistical model. At the end of data
collection, all subjects enrolled will be randomly assigned to the
derivation set and the validation set at a ratio of 2 to 1. The derivation
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sample will be used for all model development as data transformations, stepwise variable selection, testing interactions, estimating
regression coefﬁcients, etc. That model will be deﬁned and applied
to the remaining sample for computing calibration measures, c-statistic and clinical usefulness as sensitivity and speciﬁcity etc. An
alternative approach based on the Bootstrapping for internal validation will be followed if the entire dataset is needed for model development. The bootstrapping will take a large number of samples with
replacement from the original sample. The multivariate model will
be run for each replication and the performance of each replication
will be calculated. The difference between the bootstrapped performance and the model performance will be averaged to obtain an estimation of the “optimism” of the model. The optimism will be used
to validate the model.
The logistic regression model will be performed using a backward stepwise selection procedure in which the presence of event
will be the dependent variable. For each risk factor, categories and
the reference class will be determined. Independent predictors
will be entered into the model if a signiﬁcant association, deﬁned
as p ≤ 0.05, will be identiﬁed from bivariate analysis and, to avoid
over-ﬁtted and unstable model the correlation coefﬁcient between
them should be b0.25.
The predictive risk score for RD will be calculated by multiplying
each b coefﬁcient from the multivariate model by 10 and rounding to
the nearest integer. The integers will then be added together to produce
an overall RD risk score for each subject. The resulting continuous distribution of total risk scores across all patients will then be stratiﬁed using
a measure of position (quartiles or deciles) into categories of points that
group patients according to the level of risk. Alternatively, the optimal
cut off point that maximizes the sensitivity and speciﬁcity will be used
for stratiﬁcation. Furthermore, the determination of the estimates of
risk associated with each point total will be determined using a logistic
regression model. The estimation of risk will be supported by graphical
plots and point listing.
9. Conclusion
Patients continue to decompensate on hospital wards. These
events add to poor outcomes, activation of rapid response teams, unnecessary admissions to the intensive care units and are a drain on
manpower and resources. Available evidence has shown that cardiorespiratory compromise is common, goes undetected and is largely
unpredictable. Though continuous monitoring of all patients on the
regular ﬂoor appears to be the answer, it remains unclear as to
who should be monitored with what monitoring parameter. The
PRODIGY trial will aid the perioperative physician by developing a
validated risk prediction for the prediction of RD for the patient
recovering on the hospital ward. Such a tool will be novel and will
change clinical practice for hospital systems, anaesthesiologists, intensive care physicians and rapid response teams as they prepare
to ensure a safer recovery of post-surgical and medical patients
from their illness.
Supplementary data to this article can be found online at https://doi.
org/10.1016/j.jcrc.2018.06.014.
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