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Abstract

Background: Cardiac intensivists frequently assess patient readiness to wean off mechanical
ventilation with an extubation readiness trial despite it being no more effective than clinician
judgement alone. We evaluated the utility of high-frequency physiologic data and machine
learning for improving the prediction of extubation failure in children with cardiovascular dis-
ease. Methods: This was a retrospective analysis of clinical registry data and streamed physio-
logic extubation readiness trial data from one paediatric cardiac ICU (12/2016-3/2018). We
analysed patients’ final extubation readiness trial. Machine learning methods (classification
and regression tree, Boosting, Random Forest) were performed using clinical/demographic
data, physiologic data, and both datasets. Extubation failure was defined as reintubation within
48 hrs. Classifier performance was assessed on prediction accuracy and area under the receiver
operating characteristic curve. Results:Of 178 episodes, 11.2% (N= 20) failed extubation. Using
clinical/demographic data, our machine learning methods identified variables such as age,
weight, height, and ventilation duration as being important in predicting extubation failure.
Best classifier performance with this data was Boosting (prediction accuracy: 0.88; area under
the receiver operating characteristic curve: 0.74). Using physiologic data, our machine learning
methods found oxygen saturation extremes and descriptors of dynamic compliance, central
venous pressure, and heart/respiratory rate to be of importance. The best classifier in this setting
was Random Forest (prediction accuracy: 0.89; area under the receiver operating characteristic
curve: 0.75). Combining both datasets produced classifiers highlighting the importance of
physiologic variables in determining extubation failure, though predictive performance was
not improved. Conclusion: Physiologic variables not routinely scrutinised during extubation
readiness trials were identified as potential extubation failure predictors. Larger analyses are
necessary to investigate whether these markers can improve clinical decision-making.

Mechanical ventilation is a routine therapy in the paediatric cardiac intensive care unit.
Separation frommechanical ventilation represents a vulnerable transition for patients with criti-
cal cardiovascular disease. Extubation can exacerbate underlying cardiac dysfunction and wor-
sen other circulatory pathophysiology, potentially necessitating reintubation (extubation
failure) and leading to poor outcomes. Children experiencing extubation failure are more likely
to have prolonged duration of mechanical ventilation and length of stay, increased likelihood for
tracheostomy, higher mortality rates, and higher hospital costs.1–4 Thus, determining new
approaches to predict extubation readiness and avoid extubation failuremay help improve clini-
cal outcomes and resource utilisation.

Efforts to improve medical decision-making around the time of extubation have largely been
unsuccessful to date. Extubation readiness trials are commonly used in paediatric intensive care,
but previous work demonstrates that standard extubation readiness trials fail to enhance clini-
cian judgement.5 Evidence to support any given method in paediatric intensive care patients
remains limited.5–8 The typical variables assessed during an extubation readiness trial – oxygen
saturation, respiratory rate, heart rate, and tidal volume5,7,9 – can vary greatly both at baseline
and in response to stress amongst patients with structural heart disease. An increasing number
of paediatric cardiac intensive care units have access to high-frequency clinical data systems,
which can lead to more intricate characterisation of these variables. However, subtle changes
in physiologic variables may not be easily identifiable to clinicians in real time. Tree-based
machine learning methods offer an intuitive framework for classification and are adept at mak-
ing predictions using complex data.10 Capitalising on these methods and the availability of high-
frequency clinical data may help to determine physiologic patterns that predict extubation
failure across patients with varying cardiac lesions.
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In this context, we applied tree-based machine learning meth-
ods to develop and evaluate a prediction tool for extubation failure
in the cardiac intensive care unit. To accomplish this analysis, we
linked our local Pediatric Cardiac Critical Care Consortium (PC4)
clinical registry data with continuously captured physiologic data
from the T3 software platform (Etiometry, Inc., Boston, MA). We
hypothesised that we could identify physiologic variables during
extubation readiness trials associated with extubation failure in
cardiac intensive care unit patients and develop a tool that could
be implemented in the cardiac intensive care unit to improve
assessment of extubation readiness.

Materials and methods

Data sources

The Pediatric Cardiac Critical Care Consortium clinical registry is
a voluntary quality improvement collaborative that collects data on
all patients with primary cardiac disease admitted to the cardiac
intensive care unit attending service of participating hospitals.11

Participating hospitals are audited on a regular schedule and audit
results suggest complete, accurate and timely submission of data
across hospitals, with the most recent published results demon-
strating a major discrepancy rate of 0.6% across 29,476 fields.12

Patient demographics, comorbidities, surgical procedures/inter-
ventions, critical care therapies, and complications are collected
in the database. We abstracted clinical information about patients
from our institution only for our analyses.

T3 (Etiometry, Inc.; Boston, MA) is a commercial software
application that allows for the continuous collection and visualisa-
tion of physiologic data from patients in an intensive care setting.13

Data at our institution are streamed at 1-minute intervals from
physiologic monitors, ventilator data, and other inputs, providing
a higher frequency dataset compared to the electronic medical rec-
ord. The T3 data at the University of Michigan were cleaned
through joint efforts of our analysis team and Etiometry, Inc. All
physiologic data were filtered for the removal of implausible
physiologic data. T3 ventilator data were compared to the clinical
registry data tomake sure the data were clinically aligned. Any runs
that were tagged as incongruent between T3 and Pediatric Cardiac
Critical Care Consortium by the programme we developed to com-
pare them were examined further and brought to the attention of
Etiometry, Inc. Multiple updates of the data warehouse took place
in order to obtain the most accurate data possible.

The University of Michigan Medical School Institutional
Review Board (IRBMED) provided oversight for this study, which
was approved with waiver of informed consent (Approval
Number: HUM00153234).

Inclusion and exclusion criteria

The study population included patients admitted to the paediatric
cardiac intensive care unit at the University of Michigan between
12/2016 and 3/2018 for both medical and surgical indications. The
episode of analysis was a course of mechanical ventilation. We
retrospectively analysed patients who had at least one ventilation
episode ≥12 hours and an extubation readiness trial (minimum:
30 minutes; maximum: 3 hours) within 14 hours of extubation.
Timing of the extubation is at the discretion of the clinical team
after utilising all clinical inputs (including vent setting, sedative
medication load, amount of endotracheal tube leak). We used
12 hours as the minimum episode length as literature has shown
that risk of extubation failure increases with length of ventilation,14

so those extubated shortly after intubation likely have lower extu-
bation failure rates and represent a simpler clinical decision for
physicians. Only the first qualifyingmechanical ventilation episode
that ended in a planned extubation during each hospitalisation of
our qualifying patients was analysed. Patients were excluded from
the analysis if they were ventilated via tracheostomy or extubated
due to withdrawal of care.

Outcome and predictor variables

The primary outcome of this analysis was extubation failure.
Extubation failure was defined as reintubation within 48 hours
of a planned extubation.11 We utilised local Pediatric Cardiac
Critical Care Consortium registry data for patient and clinical out-
come data. We included admission type (medical vs. surgical) and
timing of ventilation relative to surgery (pre- vs. post-operative) in
the analysis. History of a paralysed diaphragm, vocal cord dysfunc-
tion, extracorporeal membrane oxygenation, and number of car-
diac ventricles was recorded. Mechanical ventilation-related
variables included the length of ventilation prior to extubation,
intercurrent surgical procedure during the episode, and the num-
ber of previous extubations the patient had during that cardiac
intensive care unit encounter. Other clinical and demographic var-
iables were included that were readily available in the database and
thought to be clinically applicable.

Though T3 collects data over the entirety of each patient’s car-
diac intensive care unit hospitalisation, we focused our analysis on
physiologic data during the last extubation readiness trial prior to
extubation of each patient’s qualifying run of mechanical ventila-
tion. At our institution, extubation readiness trials are performed
in appropriate patients by turning off the inspiratory pressure and
mandatory vent rate for patients on minimal positive end-expira-
tory pressure (5–6 cmH2O) and pressure support (8–10 cmH2O)
in order to simulate breathing on one’s own for a minimum of
30 minutes. Patients may not undergo extubation readiness trial
testing despite being on minimal settings at the discretion of the
physician if there are factors outside of their ventilator support that
may increase the risk of extubation failure (i.e., other signs of clini-
cal worsening) or if they require to stay intubated for other aspects
of their medical care. Inability for a patient to maintain these set-
tings while maintaining normal vital signs/oxygen saturation for
their physiology indicates a failed trial and leads to early termina-
tion. SASVersion 9.4 (SAS Institute, Cary, NC) was used to create a
programme that automatically scans the T3 files to identify extu-
bation readiness trials of appropriate length based on ventilator
settings described above. The programme compared each patient’s
extubation readiness trial times to their extubation time as listed in
Pediatric Cardiac Critical Care Consortium, and the extubation
readiness trial closest to extubation was evaluated. This pro-
gramme was validated through repeated comparison of extubation
readiness trial timing with the electronic medical record.

Physiologic variables were selected from the T3 database a pri-
ori, based on clinical importance. Variables chosen were either
ones typically assessed in clinical practice or predicted to be rel-
evant to extubation readiness. The physiologic variables studied
were heart rate, systolic/diastolic/mean blood pressure, respira-
tory rate, oxygen saturation, central venous pressure, dynamic
compliance, volume delivered by the ventilator (i.e., the measured
volume observed during the extubation readiness trial with pres-
sure-supported spontaneous ventilation), fraction of inspired
oxygen, oxygen saturation/fraction of inspired oxygen ratio,
mean airway pressure, and positive end-expiratory pressure.
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To acknowledge that some of these physiologic variables vary
across age groups, we analysed statistical summaries of these var-
iables across the extubation readiness trial for each patient rather
than solely the raw data itself: slope over the entire extubation
readiness trial, average piece-wise slope, and the standard
deviation of each variable. Specifically, in regard to slope, slope
over the entire extubation readiness trial was calculated using
ordinary least squares regression. Average piece-wise slope was
calculated as the mean slope between each pair of consecutive
measurements during the extubation readiness trial. For variables
that did not depend on age, we also examined the mean, mini-
mum, and maximum values in addition to the summary statistics
used for their age-dependent counterparts.

Machine learning approach

We utilised three machine learning methods to predict extubation
failure.10 As an initial step, we performed classification and regres-
sion tree analyses on our data, which creates a single decision tree
where each decision point/node is a split in the predictor variable
that the algorithm determines will maximise within-node homo-
geneity of the resulting “daughter nodes.”15 We expanded on
our analysis by also performing tree-based ensemble analyses,
namely Boosting and Random Forest.16–18 While classification
and regression tree analyses tend to be the most clinically intuitive
due to their output of a decision tree, these ensemble methods tend
to create more robust classifiers as they use many trees (in this case,
1000 trees based on 1000 bootstrapped samples) to make predic-
tions. Their output instead is a variable importance plot that gives
weight to the different predictor variables based on many different
trees. Our variable importance plots display the twenty highest-
weighted variables.

We implemented tree-growing control by only considering
splits that resulted in daughter nodes of at least five patients. In
addition, for the classification and regression tree and Boosting
algorithms, we only allowed nodes with 15 or more patients to
be split and only considered splits that reduced node impurity
by a factor of 0.01 (using the “cp” parameter in the rpart package).
Classification and regression tree and Boosting used surrogate
splits, and Random Rorest used a fast imputation approach to han-
dle missing covariate information.

To enhance the training dataset for the classifiers both in terms
of total sample size and number of events, we trained our algo-
rithms using a bootstrapped sample (with replacement) from
the original population. This final sample was 4× the size of the
original study population.

We employed an iterative approach by first building classifiers
based just on clinical data (Pediatric Cardiac Critical Care
Consortium database). Next, we developed classifiers using solely
the physiologic summary measures (T3 database). Lastly, we uti-
lised machine learning to build classifiers based on the combined
clinical and physiologic information (Pediatric Cardiac Critical
Care Consortiumþ T3 database). In each of the above scenarios,
classifiers were built using classification and regression tree,
Random Forest, and Boosting.

Prediction performance was assessed through a 10-fold cross-
validation stratified by extubation failure status. Metrics used to
assess prediction performance included area under the receiver
operating characteristic curve, prediction accuracy (prediction
accuracy: percentage of the time the classifier correctly predicts
a patient’s extubation outcome), positive predictive value, and neg-
ative predictive value.

All analyses were performed using R version 4.1.1 using the
rpart, randomForestSRC, adabag, mlr, and ggplot2 packages.19–22

Results

Population characteristics

There were 178 ventilator episodes from our institution meeting
inclusion criteria for this study. The overall extubation failure rate
for the cohort was 11.2% (N= 20 failures). Demographic and clini-
cal characteristics of the patients are described in Table 1.

Machine learning outputs

Performance and prediction accuracy of all machine learning
methods are summarised in Table 2. Classifier area under the
receiver operating characteristic curve values ranged from 0.40
to 0.78, with Random Forest using both clinical and demographic
data having the highest area under the receiver operating charac-
teristic curve (area under the receiver operating characteristic
curve: 0.78). Prediction accuracies were higher for ensemble meth-
ods (range: 0.88–0.89) than using classification and regression tree
for all three data groups.

The classification tree based on the Pediatric Cardiac Critical
Care Consortium-derived clinical and demographic information
is displayed in Figure 1. This classifier split patients based on
age, weight, length of admission, length of episode of mechanical
ventilation, previous extubations in that encounter, and presence
of pulmonary hypertension or a paralysed diaphragm. Applying
the Random Forest algorithm to Pediatric Cardiac Critical Care
Consortium data identified duration of mechanical ventilation,
patient length and weight, age at time of cardiac intensive care unit
admission, and number of ventricles as the five variables of greatest
predictive value. Boosting identified similar Pediatric Cardiac
Critical Care Consortium variables as being of highest importance,
with the inclusion of race instead of number of ventricles.

The classification tree based on only the T3 physiologic data
split patients on a variety of physiologic variables, with prominent
inclusion of variables related to respiratory rate, central venous
pressure, and oxygen saturation. When applying Random Forest
methodology to T3 data, the variables of greatest importance in
predicting extubation readiness were oxygen saturation mean,
minimum, and maximum, in addition to standard deviation and
maximum of dynamic compliance. When applying Boosting to
the physiologic T3 data, the oxygen saturation mean, slopes of
heart and respiratory rate, central venous pressure minimum,
and age were identified as most important.

Applying classification and regression tree to both datasets
(Pediatric Cardiac Critical Care Consortium and T3) generated
a classifier with similar physiologic variables compared to the
T3 classifier (Fig 2). The only clinical/demographic variables rep-
resented were patient weight and the duration of ventilation.
Prediction accuracy metrics based on the 10-fold cross-validation
are displayed in Table 2. When using Random Forest on the com-
bined dataset, which had the highest area under the receiver oper-
ating characteristic curve, the variable importance plot (Fig 3)
illustrates physiologic variables rather than demographic variables
being the majority of the twenty highest-weighted variables in
determining extubation readiness. Physiologic variables had over-
all higher importance compared to clinical and demographic data
as well when using Boosting. However, overall predictive accuracy
was similar when comparing the physiologic or combined dataset
to clinical/demographic data alone.
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Table 1. Study population demographics and characteristics

Characteristic
Full cohort
(n= 178)

No EF
(n= 158)

EF
(n= 20)

Age at cardiac intensive care unit admission, N (%)

Preterm neonate (<30 days) 10 (5.6%) 10 (6.3%) 0 (0.0%)

Neonate (<30 days) 60 (33.7%) 49 (31.0%) 11 (55.0%)

Infant (30 days to 1 year) 73 (41.0%) 68 (43.0%) 5 (25.0%)

Child (1–18 years) 27 (15.2%) 23 (14.6%) 4 (20.0%)

Adult (>18 years) 8 (4.5%) 8 (5.1%) 0 (0.0%)

Sex, male, N (%) 102 (57.3%) 89 (56.3%) 13 (65.0%)

Race, N (%)

Caucasian 111 (67.3%) 101 (67.8%) 10 (62.5%)

lack 24 (14.6%) 20 (13.4%) 4 (25.0%)

Asian 4 (2.4%) 3 (2.0%) 1 (6.3%)

Native American 2 (1.2%) 2 (1.3%) 0 (0.0%)

Native Pacific Islander 2 (1.2%) 2 (1.3%) 0 (0.0%)

Other/multiracial 22 (13.3%) 21 (14.1%) 1 (6.3%)

Missing 13 9 4

Ethnicity, N (%)

Hispanic or Latino 11 (6.3%) 11 (7.1%) 0 (0.0%)

Missing 3 3 0

Patient category, N (%)

1: Medical patient 23 (12.9%) 18 (11.4%) 5 (25.0%)

2: Pre-operative patient, STAT 1–3 3 (1.7%) 2 (1.3%) 1 (5.0%)

3: Pre-operative patient, STAT 4–5 7 (3.9%) 7 (4.4%) 0 (0.0%)

4: Post-operative patient, STAT 1–3 65 (36.5%) 60 (38.0%) 5 (25.0%)

5: Post-operative patient, STAT 4–5 78 (43.8%) 69 (43.7%) 9 (45.0%)

Unassigned 2 (1.1%) 2 (1.3%) 0 (0.0%)

Single versus double ventricle patient, N (%)

1 61 (34.3%) 48 (30.4%) 13 (65.0%)

2 117 (65.7%) 110 (69.6%) 7 (35.0%)

Number of previous extubation in the cardiac intensive
care unit encounter, N (%)

0 165 (92.7%) 148 (93.7%) 17 (85.0%)

1 13 (7.3%) 10 (6.3%) 3 (15.0%)

Duration of mechanical ventilation (minutes), mean (sd) 6740.0 (6500.8) 6504.8 (6302.2) 8598.2(7836.3)

Airway anomaly, N (%) 14 (7.9%) 14 (8.9%) 0 (0.0%)

Non-airway anomaly, N (%) 30 (16.9%) 27 (17.1%) 3 (15.0%)

Chromosomal abnormality or syndrome, N (%) 41 (23.0%) 37 (23.4%) 4 (20.0%)

Paralysed diaphragm during the hospitalisation, N (%) 7 (3.9%) 4 (2.5%) 3 (15.0%)

Vocal cord dysfunction during the hospitalisation, N (%) 5 (2.8%) 5 (3.2%) 0 (0.0%)

ECMO*, N (%) 12 (6.7%) 10 (6.3%) 2 (10.0%)

Cardiac arrest*, N (%) 11 (6.2%) 11 (7.0%) 0 (0.0%)

Acute renal failure*, N (%) 1 (0.1%) 1 (0.1%) 0 (0.0%)

Acute decompensated heart failure*, N (%) 18 (10.1%) 15 (9.5%) 3 (15.0%)

Sepsis*, N (%) 4 (2.3%) 4 (2.5%) 0 (0.0%)

(Continued)
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Discussion

We applied machine learning methods to clinical registry and
streamed physiologic data to build a classifier for prediction of
extubation failure at the time of extubation readiness testing with
the aim to identify extubations that are unlikely to be successful.
Our results indicate that in patients with critical cardiovascular dis-
ease, unique, high-frequency physiologic variables might aid in the
prediction of extubation failure. We demonstrated the potential
importance of assessing physiologic variables that are not routinely
analysed during standard extubation readiness trials as well as how
computational methodologies of extracting information on rou-
tine vital signs may lead to increased discriminative capabilities.
However, our most accurate classifier had an accuracy of 89%,
and our population’s extubation failure rate was 11%, indicating
a similar degree of misidentification of ready subjects. While we
believe that these methods show promise to improve clinical care,
classifier performance must improve before being applied as a
clinical tool.

Machine learning methods have been used to create prediction
and decision-making tools in various clinical domains.23–25

Examples include the prediction of periventricular leukomalacia
after neonatal cardiac surgery26,27 and the prediction of clinical
deterioration in those with haematologic malignancies.24

Additionally, analysis of granular physiologic data with machine
learning methods can reveal physiologic changes that are not vis-
ible to clinicians. For instance, the HeRO score derived from high
fidelity electrocardiogram data has helped clinicians identify

neonatal sepsis and reduce mortality rates by 20%.28 Uncovering
these silent patterns illustrates the promise of these approaches.

Despite the evidence of machine learning’s utility, there is cur-
rently a paucity of research to unlock the value of high-frequency
physiologic data collected every day in paediatric cardiac intensive
care units. The variable importance plots from our work demon-
strate that physiologic variables might have more importance than
clinical and demographic data, suggesting the value of analysing
these variables with advanced statistical methodologies. This is
particularly compelling as while we consider our T3 data as high
frequency compared to electronic medical record documentation
as it is streamed at 1-minute intervals, there are many platforms
that collect even higher fidelity physiologic data. The physiologic
complexity of paediatric cardiac patients and the wealth of avail-
able data from various monitoring techniques may make this
patient population particularly suited to apply machine learning
methods in an effort to develop predictive algorithms that improve
patient care.29

Our work highlighted the importance of identifying unique fea-
tures with biologic plausibility not robustly interrogated during
traditional extubation readiness trials. While features such as cen-
tral venous pressure, standard deviation of blood pressure, and
extremes of oxygen saturation may be recorded or derivable from
recorded measurements during an extubation readiness trial, most
parameters to determine a “pass” or “fail” are related to respiratory
mechanics and function. While these vital signs are often available
during an extubation readiness trial, trend data and measures of
variability may not be recognised. An advantage to the algorithms

Table 1. (Continued )

Characteristic
Full cohort
(n= 178)

No EF
(n= 158)

EF
(n= 20)

Stroke*, N (%) 4 (2.3%) 4 (2.5%) 0 (0.0%)

Pulmonary hypertension*, N (%) 24 (13.5%) 22 (13.9%) 2 (10.0%)

*Before extubation in the same cardiac intensive care unit encounter as extubation

Table 2. Machine learning algorithm results using clinical/demographic data, physiologic data, and both data sources

Method Accuracy
Negative

predictive value
Positive

predictive value

Area under the receiver
operating

characteristic curve

Clinical/demographic data

Classification and regression tree:Pediatric Cardiac Critical Care Consortium 0.83 0.89 0.25 0.54

Random Forest: Pediatric Cardiac Critical Care Consortium 0.89 0.89 0.20 0.71

Boosting: Pediatric Cardiac Critical Care Consortium 0.88 0.90 0.45 0.74

Physiologic data

Classification and regression tree: T3 0.83 0.90 0.18 0.40

Random Forest: T3 0.89 0.89 0.30 0.75

Boosting: T3 0.88 0.89 0.10 0.69

Combined data

Classification and regression tree: Pediatric Cardiac Critical Care
ConsortiumþT3

0.84 0.90 0.15 0.54

Random Forest: Pediatric Cardiac Critical Care ConsortiumþT3 0.89 0.89 0.10 0.78

Boosting: Pediatric Cardiac Critical Care ConsortiumþT3 0.89 0.89 0.20 0.71
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we created is that they not only include a larger number of variables
and trends than clinicians can feasibly integrate in real-time for
decision-making, but they also innately create cut points at

different nodes that maximise clinical utility, which is important
as we do not have literature on how many of these variable trends
over an extubation readiness trial correlate to extubation readiness.

Figure 1. Classification and regression tree (CART) result using clinical/demographic data.

Figure 2. Classification and regression tree (CART) result using both physiologic and clinical/demographic data.
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Furthermore, T3 has a graphical user interface for clinicians that
can display real-time data and algorithm results. For example,
the University of Michigan cardiac intensive care unit T3 graphical
user interface currently displays an inadequate oxygen delivery
index that is derived from streamed physiologic data. This interface
increases the feasibility of a real-time extubation readiness algo-
rithm. Optimising the number of physiologic clues clinicians
can utilise in the decision-making process could potentially lead
to more accurate predictions and improve clinical care.

There are important limitations to this analysis. Focusing the
study on our institution limited the sample size and number of
events. We addressed this by enhancing our learning set through
a bootstrapped sample of the original population as well as employ-
ing training and a 10-fold cross-validation. Despite this, our clas-
sifiers’ performance was below that necessary to support real-time
clinical decision-making. Currently, it is logistically challenging to
use the data from the T3 repository across institutions; however,
we aim to use T3 data from multiple cardiac intensive care units
in the future, allowing for larger, more heterogeneous populations
that would improve the accuracy and applicability of these
approaches.

Another limitation is that while physiologic variables weremea-
sured at a frequency of once per minute, they underwent conver-
sion into summary statistics in order to be included in our analysis.
While our techniques focused on optimising clinical interpretabil-
ity, reducing the physiologic data to summary measures inherently
creates limitations. It is possible that ourmethods resulted in loss of
important clinical information and negatively affected our classi-
fier performance. Also, we aimed for these summary statistics to
allow us to compare physiologic variables across age groups that
naturally have different baselines. However, we recognise this is
an imperfect means of age adjustment as certain variables are
known to also have different variability across age ranges.

When analysing potential predictors of extubation failure, we
were limited to candidate variables that were either in the
Pediatric Cardiac Critical Care Consortium or T3 clinical registry.
Though comprehensive, there may be other significant predictors
of extubation failure that were not included in our analyses. For
instance, T3 as well as certain other high fidelity software systems
in cardiac intensive care units currently are able to access NIRS
data, which is a variable that has significant potential to predict
outcomes but was not available in our dataset.

In summary, we appliedmachine learningmethods in an attempt
to generate information that could assist clinicians in the cardiac
intensive care unit when assessing patients for extubation readiness.
Several physiologic variables that are not routinely scrutinised dur-
ing standard extubation readiness trials were identified as potential
predictors of extubation failure. Our experience suggests that the
application of machine learning to the plethora of data collected
in the cardiac intensive care unit holds promise for predicting extu-
bation failure, but it is subject to the same limitations of sample size
as traditional statistical approaches. Larger patient cohorts might
yield analyses to inform a clinically applicable tool that improves
medical decision-making for mechanically ventilated patients.
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