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Abstract

Objective
To incorporate continuous vital sign and ventilator data to improve neonatal extubation failure prediction
in high-risk neonates.

Study Design:
In a single-center retrospective cohort, neonates < 28 weeks' gestation with an extubation event and
physiologic data were included. Extubation failure was defined as re-intubation within 7 days. The cohort
was divided 75/25 into train-test sets with K-fold cross-validation, evaluating multiple machine learning
algorithms. Model interpretability was assessed using SHapley Additive exPlanations (SHAP) values.

Results
Of 157 infants, 31 experienced extubation failure (mean time to failure, 58 hours). Using physiologic data
and clinician-engineered features, logistic regression performed best (AUC 0.88). Top predictors
included post-menstrual age at extubation, median FiO2, median SpO2, maximum heart rate, and
minimum SpO2.

Conclusion
Incorporating physiologic data significantly improved extubation prediction over historical models. We
propose optimizing negative predictive value to objectively guide earlier ventilator liberation, with future
multicenter studies required to enhance performance and transferability.

Introduction
Extubation failure rates in neonates are reported between 20–40% in extremely low gestational age
(ELGA) infants with failure rates increasing with decreasing gestational age (GA).(1) Extubation failure in
preterm neonates is associated with increased risk of death and prolonged mechanical ventilation.(2, 3)
Additionally, the prolonged course and multiple courses of mechanical ventilation are independently
associated with chronic lung disease and/or bronchopulmonary dysplasia (BPD).(4)

Deciding to extubate an extremely preterm neonate is one of the most difficult decisions that
neonatologists must make with limited scientific evidence available to aid in this decision-making.(3) A
recent systematic review of extubation readiness tests and spontaneous breathing trials found that no
tests have sufficient evidence to warrant routine use in neonatology.(5, 6, 7) Thus, developing a neonatal
extubation prediction model as an objective clinical decision support tool may be useful to clinicians to
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reduce mechanical ventilation days, accelerate hospital discharge, and reduce potential long-term
complications that afflict neonates throughout their lives.(8) In adult intensive care units (ICUs),
standardized weaning protocols have been shown to reproducibly reduce the duration of mechanical
ventilation across multiple ICU settings, but few standardized protocols have been implemented in
neonatology.(9, 10)

Multiple logistic regression (LR) and machine learning (ML) models have been developed to predict
neonatal extubation success with area under the receiver operator curve (AUC) ranging from 0.72–0.94.
(11, 12) However, none have been routinely adopted in clinical care and few have been thoroughly tested
with multicenter external validation. One LR model does have a clinical decision support tool available
online (AUC 0.77) and is undergoing multicenter evaluation. However, the AUC of the model dropped with
external validation (AUC 0.72), which is common in single center-derived prediction models.(13, 14)
There is concern that the low sensitivity of this model may lead to clinicians not trusting the model.

The ML model above is developed solely on static features and does not incorporate physiologic time-
series data such as continuous vital signs. Models that have incorporated physiologic time-series data
(heart rate variability or intermittent hypoxemia) have shown better performance metrics.(11, 12) In the
adult literature, there have been multiple models using time-series data that have demonstrated
considerable improvement with the integration of continuous ventilator and vital sign data.(15) We
hypothesize that incorporating such physiologic time-series data may improve neonatal extubation
prediction models.

Objective
To determine if physiologic time-series data may enhance neonatal prediction models by performing a
single center pilot study of an extubation failure prediction model for high-risk neonates.

Methods
A single center retrospective cohort study was performed in an 88-bed level IV neonatal intensive care
unit (NICU) at the University of Iowa. Patients were included if they were < 28 weeks gestational age
(highest risk group of extubation failure) and had an extubation event with 24-hours of continuous vital
sign and ventilator data available (collected in 2 second increments) from March 2020 – June 2023.
Data was collected using Sickbay™(Medical Informatics Corp, Houston, TX, USA) an FDA-cleared Class II
medical device for remote patient monitoring that collects data from bedside monitors and ventilators at
native resolution, including waveforms, vital signs, alarms, and alarm settings.

Extubation failure was defined as the need for respiratory re-intubation within 7 days, which is consistent
with published definitions.(1, 2, 3, 16) Only the first extubation attempt was included in this dataset and
unplanned extubations were included only if the patient received a trial of non-invasive support. Per local
unit protocol, extremely low birth weight (ELBW) infants are generally extubated to continuous positive
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airway pressure (CPAP) delivered via a nasopharyngeal tube when weight is > 900g and non-invasive
positive pressure ventilation (NIPPV) is provided via neurally adjusted ventilatory assist (NAVA) due to
the concern for significant apnea, bradycardia, and desaturation events after extubation. The University
of Iowa institutional review board approved this retrospective study as qualifying for a waiver of consent.

The 24 hours of continuous physiologic data prior to extubation were summarized with statistical
metrics (min, max, median, and variance) and all missing values were dropped and thus not included in
these metrics. Additional clinical features were engineered for this model (low respiratory rate,
intermittent hypoxia, etc.). SMOTE was applied to these aggregate features and was not performed on
the raw physiologic waveforms. Intermittent hypoxia (IH) was defined by using the number of SpO2

values that dropped below a threshold of 80. In addition, the respiratory rate (RR) was split into three
categories: low RR < 30 breaths per minute (bpm), normal RR classified as 30 - <60 bpm, and high RR 
60 bpm. Additional clinical features chosen a priori by the clinical team based on previously published
literature were included in the model. These included gestational age, highest oxygenation index and
respiratory severity score in the first 12 hours of life, antenatal steroids, histologic chorioamnionitis
(from available pathology reports), and pre-extubation pH.(13, 18, 19)

We divided the cohort into a 75/25 train-test split with a K-fold cross validation performed on the training
data. Due to the highly imbalanced training data, Synthetic minority over-sampling techniques (SMOTE)
were applied to the training set to generate synthetic samples for the extubation failure class.(17) A
suite of models was trained on the resampled dataset. Hyperparameter optimization was conducted
using randomized search with cross-validation with model performance evaluated using average AUC as
the primary selection criterion.

Both physiologic and engineered features were passed through common ML models (random forest,
extreme gradient boosting, artificial neural networks, gaussian naïve bayes) and compared to traditional
LR modeling. Overall missingness of the static data was low (5.2%) and physiologic features had 0.38%
of missingness. After aggregating the data into patient-level features, any remaining missing values were
imputed using the median imputation across all features.

Descriptive statistics were used to compare demographic and clinical information utilizing chi square
and Wilcoxon rank sum test for categorical and continuous variables, respectively. Model performance
was assessed by quantifying discrimination using the AUC and model calibration was assessed
numerically via Brier score and a logistic recalibration model. To determine an optimal classification
threshold, we selected the probability cutoff that maximized the F1 score for clinical outcome, rather
than using a default threshold. Model interpretability was evaluated using SHapley Additive exPlanations
(SHAP), which estimate the contribution of each feature to individual predictions.(20) SHAP summary
and dependence plots were generated to examine global feature importance and the direction and
magnitude of feature effects.

Results

≥
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157 infants met inclusion criteria and 31 qualified as extubation failure in a naturally unbalanced data set
with the average time to extubation failure of 58 hours. Infants with less exposure to antenatal steroids
and a lower post-menstrual age (PMA) at extubation failed more often (Table 1). Univariate analysis
found that SpO2 median, minimum, and variance, and heart rate median and variance were significantly
different between the groups.
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Table 1
Descriptive statistics of standard demographics

Gestational age (weeks) Entire cohort

(n = 157)

Extubation
success

(n = 126)

Extubation
failure

(n = 31)

P-value

25 [23–26] 25 [23–26] 25 [23–26] 0.73

21 to < 25 weeks 68 (43%) 55 (44%) 13 (42%) 0.02

Birth weight (grams) 688 [578–
925]

689 [578–936] 680 [560–910] 0.71

Male 88 (56%) 70 (56%) 18 (58%) 0.80

Inborn 114 (73%) 90 (71%) 24 (77%) 0.50

Surfactant given# 150 (96%) 121 (97%) 29 (93%) 0.40

Histologic
chorioamnionitis#

47 (30%) 36 (29%) 11 (35%) 0.45

Any antenatal steroids 141 (90%) 116 (92%) 25 (81%) 0.03

Highest OI in first 12 hours* 12 [7–22] 14 [7–22] 11 [7–16] 0.31

Highest RSS in first 12
hours*

5 [3–8] 5 [3–8] 4 [3–8] 1.0

Pre-extubation pH 7.36 [7.34–
7.40]

7.37 [7.34–7.40] 7.35 [7.32–7.39] 0.05

Extubation data

PMA at extubation (weeks) 30 [28–32] 30 [28–32] 28 [27–30] 0.001

Weight at extubation (g) 1170

[1025–1471]

1180

[1046–1545]

1150

[963–1297]

0.06

Periextubation steroids 105 (67%) 85 (67%) 20 (64%) 0.76

Continuous ventilator and physiologic data (24 hours prior to extubation)

Values displayed as median [IQR] or n (%).

PMA, post-menstrual age; OI, oxygenation index (MAP × FiO2 × 100/PaO2); RSS, respiratory severity
score (MAP × highest FiO2); MAP, mean airway pressure; HR, heart rate; RR, respiratory rate.

*Missing values present, imputed to median.

#Missing values present, imputed to mode.
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Gestational age (weeks) Entire cohort

(n = 157)

Extubation
success

(n = 126)

Extubation
failure

(n = 31)

P-value

25 [23–26] 25 [23–26] 25 [23–26] 0.73

FiO2 Median (%) 31 [26–40] 30 [25–40] 33 [30–39] 0.22

Vent MAP Median 10 [8–11] 10 [8–11] 10 [8–11] 0.63

SpO2 Median 91 [89–95] 91 [90–95] 89 [89–91] < 0.005

SpO2 Min 42 [32–50] 43 [33–51] 35 [28–45] 0.03

SpO2 Variance 39 [22–52] 37 [20–51] 50 [28–61] 0.01

HR Max 200 [194–
207]

201 [195–208] 197 [192–203] 0.07

HR Median 159 [150–
166]

158 [148–164] 162 [154–170] 0.01

HR Min 65 [53–85] 65 [50–87] 68 [61–83] 0.44

HR Var 126 [89–190] 137 [96–203] 96 [74–159] 0.01

RR Max 115 [106–
125]

114 [106–124] 118 [110–126] 0.24

RR Median 44 [39–48] 44 [39–48] 42 [38–47] 0.67

RR Min 10 [0–14] 10 [2–13] 7 [0–16] 0.86

RR Var 170 [126–
217]

161 [125–214] 192 [126–233] 0.22

Values displayed as median [IQR] or n (%).

PMA, post-menstrual age; OI, oxygenation index (MAP × FiO2 × 100/PaO2); RSS, respiratory severity
score (MAP × highest FiO2); MAP, mean airway pressure; HR, heart rate; RR, respiratory rate.

*Missing values present, imputed to median.

#Missing values present, imputed to mode.

Using physiologic data and clinician engineered features, we found that LR was the had the best
discrimination (AUC 0.88) when compared to other ML models (Fig. 1), however, there was limited
calibration (Brier 0.17, slope 0.66, intercept − 1.40). The top variables included in the model are displayed
in Fig. 2 with PMA, fraction of inspired oxygen (FiO2) median, SpO2 median, heart rate maximum, SpO2

minimum, GA, any antenatal steroid exposure, and SpO2 variance being the top 8 variables of

importance. A list of all variables included in the model is included in Supplemental Table 1.
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The optimal F1 threshold for this model was 0.49 to achieve an F1 score of 0.54 with a precision or
positive predictive value (PPV) of 0.43, negative predictive value (NPV) of 0.92, sensitivity (recall) of 0.75,
and specificity of 0.75. To adjust our threshold for a more relevant clinical outcome of no false negative
results (not predicting extubation success when a patient fails extubation), the threshold would be 0.43
for an F1 score of 0.63, Specificity of 0.72, PPV of 0.47, NPV of 1, and sensitivity (recall) of 1. Using the
40 patients hold out test set, Fig. 3 represents a two-by-two outcome table displaying the outcome
changes when using a different threshold for the prediction. Figure 4 demonstrates the different
outcomes with the different threshold response.

Discussion
Using a small single center dataset, we developed an extubation failure prediction model with a higher
AUC than previously published models available for use (extubation.net). Of the top 10 performing
variables, 5 were extracted from continuous vital sign data. In addition, we proposed creating a model
prediction threshold that focuses on optimizing negative predictive values, which would result in the
model predicting extubation success accurately with few false negatives. This would encourage
liberalization from the ventilator sooner if the prediction model is predicting a low chance of extubation
failure.

While no single performance metric is perfect when comparing prediction models(11), AUC is the most
common metric reported in literature. However, it is important to understand the clinical context of the
model and evaluation metrics (PPV, NPV, etc.). For example, the extubation model created by Brasher et
al. achieved an AUC of 0.94 when they incorporated ventilator data and pulse oximetry data to calculate
intermittent hypoxemia.(18) However, this study was limited to a sample size of 24 infants with no
external validation, which suggests their model is overfit to their small sample size but supports our
hypothesis that using physiologic time series data results in improved model performance. Our model
also showed strong discrimination with a high AUC, but limited calibration (Brier score of 0.17),
consistent with overfitting given the modest number of extubation failure events. Kanbar et al.
incorporated the number of desaturations and respiratory rate profiles in their extubation prediction
model (AUC 0.75), but stated that their model failed at trying to prioritize all clinical outcomes since they
had a low PPV by classifying 66% of infants as extubation failure when they resulted in extubation
success.(19) Our model had improved results with only 53% of infants predicted as an extubation failure
resulting in extubation success (Fig. 4). However, many clinical prediction models (i.e., sepsis prediction
model) have a low PPV because optimizing PPV must be balanced by minimizing false negatives or
positives (i.e., false alarms).(21, 22)

The clinical utility of a model with a low PPV model should not be dismissed in this clinical condition. A
model that can accurately predict extubation success (high NPV) is remarkably useful. If clinicians are
provided with an objective prediction model suggesting that a patient is ready for extubation, they may
be likely to extubate sooner and reduce the number of mechanical ventilation days which have been
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associated with increased risk of BPD, worse neurodevelopmental outcomes, and prolonged LOS.(4, 23,
24, 25, 26)

Any extubation prediction model must also consider the risk of prolonged intubation duration. Infants
that this model predicts to have a higher risk of extubation failure may require further lung optimization
prior to extubation but still deserve a trial of extubation when clinicians deem appropriate. This model
may provide an objective talking point with families about a predicted risk of extubation failure when
performing a trial of extubation. Only one 2008 randomized controlled trial explored delaying extubation
by 36 hours in < 28 week neonates and found similar outcomes in extubation failure and BPD, but the
delayed extubation group had a decreased number of days requiring mechanical ventilation and
decreased length of stay.(27)

A recent systematic review on extubation failure prediction models showed there is wide variability in the
parameters included in extubation prediction models.(2) However, in a subgroup analysis of preterm
infants with GA < 28 weeks, predictors associated with extubation failure included increased immaturity
(low GA, birthweight, and PMA at extubation) and higher presurfactant FiO2 and lower pre-extubation pH.
(2) These clinical variables were consistent with our findings. However, we found physiologic variables
such as heart rate and SpO2 to also be top contributors to our model.

This study has several limitations. Given the single-center setting, relatively homogeneous population at
the University of Iowa, and small sample size, subgroup analyses by race/ethnicity were not feasible due
to risk of overfitting, and model fairness across sociodemographic groups could not be assessed. Due to
this limited dataset, we focused on patients < 28 weeks gestational age who are at highest risk of
extubation failure. We also used a SMOTE statistical technique to address the limited actual data, which
has a risk of bias. However, this was only used on the training dataset and the models performed
adequately on the hold out test dataset. However, given the small sample size our model is likely overfit
to our single center data, thus, future larger multicenter studies are needed. Finally, while we examined a
number of features, we did not include some other known clinical predictors of extubation success, such
as lung ultrasound scores due to lack of availability in this population.(28, 29) In addition, further
exploration of ML techniques can be used in larger databases such as utilizing masked autoencoders or
using low-pass filtering pipelines to extract feature embeddings directly from physiological waveforms.
(30, 31, 32)

As the immediate future step leading to broader validation of our approach, we propose developing this
physiology-based clinical prediction model in a larger multicenter database as an additional objective
tool for clinicians to use when making the decision to extubate. Prediction models should not be
expected to replace clinical judgment, as they will not incorporate all the clinical context that a clinician
may have. However, they may provide an objective score that can further help the difficult clinical
decision making task by monitoring such objective scores over time and by contributing to
understanding when a patient may be ready for a trial of extubation. Future work is needed to externally
validate and refine this extubation prediction model. In this pilot study, a LR model had the best
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performance, but more advanced ML modeling techniques will likely perform even better and offer
additional transferability across institutions when trained on data with larger sample sizes from multiple
centers.

Conclusion
Using a single-center pilot study, we developed an extubation prediction model that performs better than
prior historical models due to the incorporation of time-series physiologic data and advanced statistical
techniques. We propose developing an extubation prediction model that focuses on optimizing NPV with
the goal to provide an objective measure to liberalize neonates from mechanical ventilation sooner.
Future multicenter investigation will likely enhance model performance and transferability.
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Figures

Figure 1

Displaying AUC of all ML models and LR Threshold Options
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The AUC for all the models on the left is based on choosing the threshold for the optimal F1 score. AUC
(Area under the curve), ANN (artificial Neural Network, XGBoost (extreme gradient boosting),
GaussianNB (Gaussian Naïve Bayes).
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