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Abstract
Background

Identification of patients with specific weaning trajectories early in weaning from invasive mechanical
ventilation (MV) may improve outcomes. Our primary objective was to examine the potential for machine
learning models to predict difficult and/or prolonged weaning, and secondly to predict successful first
extubation, and to identify contributing factors, at the time of the first separation attempt.

Methods

We analysed 3,643 patients from the WEAN SAFE prospective multinational cohort who underwent at
least one separation attempt from invasive MV. Eight machine learning models were compared across
two prediction tasks: (1) easy (≤ 24 h) versus difficult/failed (≥ 2 days) weaning and (2) successful first
extubation attempt. Explainability analyses were used to identify the most influential features.

Results

For prediction of easy versus difficult/prolonged weaning, the tabular foundation models TabICL and
TabPFN models achieved the highest discrimination (ROC-AUC 0.834 and 0.830 respectively),
outperforming the other models tested. For prediction of successful first extubation, TabPFN and TabICL
again achieved the highest discrimination (ROC-AUC 0.743 and 0.733 respectively). Explainability
analysis identified a consistent, clinically coherent cluster of features (day of the first SA, agitation
burden, organ dysfunction severity, frailty, sedation state, and respiratory physiology) for both
predictions.

Conclusions

Machine learning models achieved good discrimination for distinguishing weaning trajectories early in
weaning from invasive MV. Key features driving these predictions are clinically meaningful and
potentially modifiable at the time the patient first meets separation criteria.

Trial registration: ClinicalTrials.gov, NCT03255109.

Introduction
The successful weaning of a patient from invasive mechanical ventilation (MV) is a critical step in
surviving a critical illness [1]. While most patients wean without difficulty, many endure a prolonged and
complicated process. Across multiple cohorts, the weaning phase accounts for roughly 40% of total
ventilation duration, concentrating clinical time and resources in this phase of the ICU stay [1–3].
Weaning failure, defined in the WEAN SAFE primary paper as reintubation within 7 days of extubation [1],
occurs in 10–20% of patients and is consistently associated with longer ventilation, longer ICU and
hospital stays, and mortality rates approaching 25–50% [3]. In patients who ultimately fail to wean from
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invasive MV, mortality is extremely high, and weaning failure is in effect the major determinant of ICU
survival in this cohort [1, 3].

Identifying patients with a high likelihood of first extubation success, and those at higher risk for difficult
or failed weaning, as early as possible in the weaning process may allow targeted interventions to
improve outcomes. However, early prediction of weaning success at the individual patient level has
traditionally proven difficult. The rapid shallow breathing index, which is the most widely studied
predictor, showed high accuracy in its original derivation cohort [4], but subsequent studies and
systematic reviews have demonstrated only modest pooled discrimination across broader populations
[5, 6]. Spontaneous breathing trials (SBTs) are considered by many to be the ‘gold standard’ to determine
readiness for extubation [7], but variability in the clinical use of SBTs across ICUs and differences in the
type of SBT used [8, 9] has led to variability in their performance.

The aim of this work is to examine the potential for machine learning to identify patients at risk for
difficult and failed weaning at the time of the first separation attempt. The WEAN SAFE dataset identified
patients at an early stage of the weaning process, namely at the point of the first separation attempt [1,
10], a time point at which targeted interventions could be implemented to improve outcomes. In this
secondary WEAN SAFE analysis, we address two clinically relevant prediction tasks: (1) easy versus
difficult/failed weaning; and (2) successful first extubation, among patients weaning from invasive MV.
An additional key aim os to identify features used by the models that may be potentially modifiable at the
time of the first separation attempt.

Methods and Materials

Study Design and Setting
This is a sub-study of the WEAN SAFE study, an international, multicentre, prospective cohort study of
patients undergoing invasive or non-invasive ventilation, conducted during four consecutive weeks
between October 2017 and June 2018 in a convenience sample of 481 intensive care units (ICUs) from
50 countries, across five continents, recruiting 5,869 patients who required at least two days of invasive
MV [1]. The study, jointly supported by the European Society of Intensive Care Medicine and the
European Respiratory Society, was endorsed by multiple national societies/networks (Appendix 1).
National coordinators and site investigators (Appendix 1) were responsible for obtaining ethics
committee approval and ensuring data integrity and validity.

Participants and Data Collection
All patients admitted to a participating ICU aged > 16 years, receiving invasive MV two calendar days
after intubation, and providing informed consent (where required), were included in the WEAN SAFE
study. The study population for this analysis consisted of all patients undergoing at least one separation
attempt (Fig. 1). Patients transferred to other facilities before successful weaning were deemed lost to
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follow-up and their ICU and hospital outcomes were not collected. All data were recorded for each
patient at the same time each day within participating ICUs, normally as close as possible to 10 a.m.

Data Definitions
Our data definitions have been previously reported [1]. Briefly, initiation of weaning from invasive MV is
defined as the time at which the first separation attempt (SA) from the ventilator was performed [10]. A
separation attempt is defined as a short period of either T-tube trial, low respiratory support (i.e.
continuous positive airway pressure of ≤ 5 cm H₂O, or pressure support ventilation with PEEP ≤ 5 cm H₂O
and pressure support ≤ 7 cm H₂O), a short period of tracheostomy mask oxygenation, or a spontaneous
breathing trial (SBT) as declared by the investigator, or extubation without an SBT. Delayed initiation of
weaning is defined as a delay of > 1 day from meeting weaning eligibility criteria (WEC) to the first SA [1].
Increased weaning duration is defined as requiring > 1 day to wean from invasive MV following the first
SA. The day of the first SA was defined as the number of days from the start of invasive MV to the first
SA. For the easy versus difficult/prolonged weaning task, easy weaning was defined as completion
within 1 day of the first SA and difficult or prolonged weaning as 2 or more days; this duration threshold
is distinct from the > 1 day used above to denote delayed initiation and increased weaning duration.

Overall weaning success was defined as extubation without death or reintubation within the following 7
days, whichever came first. For tracheotomised patients, weaning success is defined as spontaneous
ventilation through tracheostomy without any MV for 7 days, or discharge from the intensive care unit
with unassisted breathing, whichever came first. Weaning failure is defined as patients who entered the
weaning process but either died, were transferred, or were still invasively ventilated at day 90.

The ‘difficult/failed weaning’ group comprises three types of patients: (1) those successfully extubated
only after a longer (≥ 2 days) weaning time; (2) those whose weaning or extubation failed; and (3) those
who underwent at least one separation attempt but never proceeded to an extubation attempt.

Duration of invasive MV was calculated as the number of days between the date of intubation and the
date of extubation in ICU (or death, if the patient died while receiving invasive MV). Survival was
assessed at ICU discharge with follow-up extending up to 28 days, or at hospital discharge with follow-
up extending up to 90 days.

Study Outcomes
The primary outcome was the ability of ML models to predict two cohorts, namely patients with
difficult/failed (≥ 2 days) weaning, and patients with a successful first extubation attempt, at the time of
the first separation attempt. The secondary outcome was to identify the most influential features in
explainable ML models, with particular attention to those that are potentially modifiable in clinical
practice.
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Inclusion and Exclusion Criteria
Inclusion criteria were all patients in the WEAN SAFE dataset who underwent at least one separation
attempt. We created the analysis cohort by applying, in order, the following exclusion criteria: (1) death
before any separation attempt; (2) transfer before any separation attempt; (3) pre-existing limitation of
life-sustaining treatment; (4) terminal extubation decision before the first SA; and (5) tracheostomy
before the first extubation attempt.

Analysis Methodology
A more detailed description of the ML methodology is available in the online supplement. All pre-
processing steps were performed before model training to obtain a complete, consistent, and fully
numeric modelling table. We applied simple, prespecified rules to handle missingness. Eight models
were evaluated: logistic regression (reference model), a feed-forward neural network (MLP), three
gradient-boosted tree algorithms (LightGBM [11], XGBoost [12], CatBoost [13]), two pretrained tabular
foundation models (TabPFN [14], TabICL [15]), and an Explainable Boosting Machine (EBM) [16]. Models
were selected to span a range of complexity and interpretability. Full model specifications,
hyperparameters, and training protocols are provided in the Online Supplement.

All models were trained and evaluated on the same pre-processed dataset. A stratified hold-out strategy
was used: 80% of patients for model development and 20% reserved as a held-out test set, with
stratification preserving outcome prevalence in each split. Model performance was evaluated using ROC-
AUC, and average precision. Confusion matrices were produced at both a fixed threshold (0.5) and a
Youden-derived threshold to characterise sensitivity–specificity trade-offs relevant to clinical decision-
making. Global feature importance and SHAP summary plots were generated from the TabPFN model to
identify the variables most strongly associated with the predicted outcome.

RESULTS

Study Population
Of 5,869 patients screened, 3,643 met inclusion criteria after exclusions (Fig. 1). Among these, 3,497
(96.0%) had at least one extubation attempt, of whom 3,026 (86.5% of those with an extubation attempt;
83.1% of the overall cohort) had a successful first extubation, 471 (13.5%) failed their first extubation
attempt, and 146 (4.0% of the overall cohort) underwent a separation attempt but had no subsequent
extubation attempt. Within the successful first-extubation group, 2,659 patients (87.9%) were weaned
within 24 hours, 281 (9.3%) required 2–7 days and 86 (2.8%) required more than 7 days. Of the 471
patients who failed their first extubation, 16 were ultimately weaned within 1 day, 139 within 2–7 days
and 164 after more than 7 days, while 152 were never successfully weaned.

Prediction of Easy versus Difficult/Failed Weaning
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For the easy versus difficult/failed weaning analysis, patients were classified according to the total time
from the first SA to successful liberation from invasive mechanical ventilation, irrespective of whether
the first extubation attempt was successful. This analysis included all 3,643 patients who underwent at
least one SA. Overall, 2,675 patients had an easy wean, comprising 2,659 patients with successful first
extubation within ≤ 1 day and 16 patients who failed their first extubation attempt but were ultimately
successfully weaned within ≤ 1 day. The remaining 968 patients were classified as having difficult/failed
weaning. This group comprised 367 patients with successful first extubation after ≥ 2 days of weaning,
303 patients who failed their first extubation attempt but were ultimately successfully weaned after ≥ 2
days, 152 patients who failed their first extubation attempt and ultimately failed weaning, and 146
patients who underwent a first SA but did not proceed to an extubation attempt (Fig. 1; Table 1).
TabICL and TabPFN achieved the highest discrimination (AUC 0.834 and 0.830 respectively; Fig. 2A),
with CatBoost (0.814), EBM (0.806), LightGBM (0.802) and XGBoost (0.797) closely behind. Logistic
regression (0.708) and the neural network (0.675) were clearly inferior. Precision-recall analysis (Figure
e1) mirrored the ROC ranking. At the Youden-J operating threshold (Fig. 2B), TabICL was most sensitive
for easy weaning (97%, 519/535) at modest specificity (57.7%); TabPFN was slightly more specific
(sensitivity 95.7%, specificity 61.3%). CatBoost reached the highest specificity (70.6%) at lower
sensitivity (73.6%). EBM, LightGBM and XGBoost gave intermediate trade-offs; logistic regression and
the MLP performed worst at the threshold level.

Model Explainability

The most influential features in the TabPFN SHAP summary were the day of the first SA, agitation days,
cumulative paralysis days, PaO₂/FiO₂ at the first SA, and adjusted SOFA-based severity measures, with
continuous paralysis, paralysis before weaning eligibility, admission source and frailty also highly ranked
(Fig. 3).

Patient-Level Explainability

For each patient, the model generated an individual feature-level contribution score for each
characteristic included in the SHAP explanation. Patient 1 was a 26-year-old with low day-3 SOFA, no
agitation days, not frail, and a day-3 first SA; the largest positive contributions came from low SOFA,
absent agitation and frailty status (Fig. 4A). Patient 2 was a 79-year-old with hypoxaemic respiratory
failure, with factors leading to a high likelihood of prolonged wean including day-3 SOFA score of 15,
agitation, pH 7.29, frailty, and a day-11 first SA.

Prediction of Successful First Extubation
For the successful first-extubation analysis 3,643 patients were included in the analysis cohort who
underwent at least one SA. Among those 3,026 patients had successful first extubation. The other group
comprised 617 patients who did not achieve successful first extubation, including 471 patients who
failed their first extubation attempt and 146 patients who underwent at least one separation attempt but
did not proceed to an extubation attempt (Fig. 1; Table 2). TabPFN achieved the highest ROC-AUC
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(0.743), followed by TabICL (0.733); with the other ML models achieving lower ROC-AUC scores
(Fig. 5A). Precision-recall analysis (Figure e2) was consistent with the ROC ranking. At the Youden-J
operating threshold (Fig. 5b), TabICL was most sensitive for successful first extubation (81.8%, 496/606)
at 61 false-positive successes. TabPFN was more balanced (sensitivity 75.7%, specificity 56.9%, 53
false-positive successes, the fewest among the top models). The other models performed less well
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Table 2
Demographics and outcome data in patients the study population with first extubation success versus

first extubation failure (n = 3,643)
Characteristic Study

Population

N = 3,643

First Extubation
Success,

N = 3,026

First Extubation
Failure/No-
extubation,

N = 617

p-
value*

Age (years) 63.0 (50.0,
74.0)

63.0 (50.0, 74.0) 66.0 (52.0, 75.0) 0.006

Frailty Status (CFS Score > 
4, %)

746 (20.6%) 596 (19.9%) 150 (24.4%) 0.011

BMI (Kgs/m2) 25.8 (22.8,
29.6)

25.8 (22.8, 29.6) 25.8 (22.8, 29.5) 0.796

Height (cm) 168.0 (160.0,
175.0)

169.0 (160.0,
175.0)

168.0 (160.0, 175.0) 0.253

Weight (kg) 75.0 (62.0,
86.0)

75.0 (62.0, 87.0) 73.5 (62.0, 85.0) 0.573

ICU admission category

Medical 2,465 (67.7%) 2,031 (67.1%) 434 (70.3%) 0.119

Planned Surgery 323 (8.9%) 281 (9.3%) 42 (6.8%) 0.048

Trauma 299 (8.2%) 249 (8.2%) 50 (8.1%) 0.918

Urgent Surgery 556 (15.3%) 465 (15.4%) 91 (14.7%) 0.697

Cause(s) for ICU
admission

       

Hypoxemic respiratory
failure

1,214 (33.3%) 970 (32.1%) 244 (39.5%) < 0.001

Sepsis 840 (23.1%) 691 (22.8%) 149 (24.1%) 0.480

Hypercapnic respiratory
failure

529 (14.5%) 432 (14.3%) 97 (15.7%) 0.353

Non-traumatic neurologic
event

481 (13.2%) 390 (12.9%) 91 (14.7%) 0.213

Emergency surgery 499 (13.7%) 414 (13.7%) 85 (13.8%) 0.950

Airway protection 434 (11.9%) 358 (11.8%) 76 (12.3%) 0.734

The data are n (%), mean ± SD, or median (Q1, Q3) where Q1 and Q3 represent 25th and 75th percentile,
respectively. The p-value compares the two groups using Wilcoxon rank-sum test for continuous and
Chi-squared test for categorical variables. For ICU admission category, a single global p-value (< 0.01)
indicates the overall distribution of categories differs between males and females.
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Discussion

Characteristic Study
Population

N = 3,643

First Extubation
Success,

N = 3,026

First Extubation
Failure/No-
extubation,

N = 617

p-
value*

Cardiac arrest 295 (8.1%) 240 (7.9%) 55 (8.9%) 0.415

Comorbidities and risk
factors

       

Respiratory 761 (20.9%) 624 (20.6%) 137 (22.2%) 0.378

Cardiovascular 519 (14.2%) 437 (14.4%) 82 (13.3%) 0.456

Liver 172 (4.7%) 143 (4.7%) 29 (4.7%) 0.978

Kidney 391 (10.7%) 305 (10.1%) 86 (13.9%) 0.005

Neuromuscular 88 (2.4%) 71 (2.3%) 17 (2.8%) 0.547

Immune Dysfunction 516 (14.2%) 415 (13.7%) 101 (16.4%) 0.085

Diabetes 794 (21.8%) 656 (21.7%) 138 (22.4%) 0.706

Clinical Outcomes        

Total duration of invasive
MV, days

6.0 (4.0, 10.0) 5.0 (4.0, 8.0) 14.0 (10.0, 20.0) < 0.001

Length of ICU stay, days 10.0 (6.0, 15.0) 9.0 (6.0, 13.0) 18.0 (12.0, 26.0) < 0.001

Length of hospital stay,
days

21.0 (13.0,
36.0)

20.0 (13.0, 33.0) 28.0 (17.0, 47.0) < 0.001

Limitation of life-
sustaining interventions

521 (14.3%) 364 (12.0%) 157 (25.4%) < 0.001

ICU mortality 450 (12.4%) 234 (7.7%) 216 (35.0%) < 0.001

Hospital mortality 726 (20.0%) 459 (15.2%) 267 (43.3%) < 0.001

The data are n (%), mean ± SD, or median (Q1, Q3) where Q1 and Q3 represent 25th and 75th percentile,
respectively. The p-value compares the two groups using Wilcoxon rank-sum test for continuous and
Chi-squared test for categorical variables. For ICU admission category, a single global p-value (< 0.01)
indicates the overall distribution of categories differs between males and females.

Model Explainability

For successful first extubation (Figure e3), the day of the first SA was the single most influential
predictor, with a later first SA shifting the prediction toward failure. Exemplar patient-Level Explainability
analyses for first extubation outcome are presented in Figure e4.
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Early identification of patients at risk for complicated or prolonged weaning from invasive mechanical
ventilation (MV) is clinically important, as it may enable targeted interventions that improve outcomes
and optimize resource use. This study evaluated whether machine learning (ML) models could predict
both difficult/prolonged weaning trajectories and the likelihood of successful first extubation. In addition,
it sought to identify patients at low risk of complications who might benefit from accelerated care
pathways.

Overall, ML models demonstrated variable but meaningful discriminatory ability across both prediction
tasks. Tabular foundation models, specifically TabPFN and TabICL, consistently performed best, with
gradient-boosted trees and explainable boosting machines (EBM) also showing strong performance.
Importantly, the models converged on a clinically coherent set of influential features, including timing of
the first separation attempt (SA), agitation burden, sedation state, organ dysfunction severity, frailty, and
respiratory physiology. Many of these factors are either modifiable or actionable at the bedside,
supporting the potential clinical utility of these models.

Prediction of Difficult/Prolonged Weaning
Patients classified as having difficult or prolonged weaning trajectories represented a distinctly higher-
risk group. They were older, more frail, and experienced substantially longer durations of ventilation, ICU
stay, and hospitalisation, alongside markedly higher mortality rates. These differences highlight the
importance of early identification, ideally at the time of the first SA, to allow proactive optimisation
strategies. ML models achieved good discrimination in distinguishing easy from difficult/prolonged
weaning. TabPFN and TabICL performed best, although other models performing less well. Threshold
selection plays a critical role in clinical deployment. Sensitivity-focused thresholds prioritise identifying
high-risk patients but may misclassify some as low risk, whereas specificity-focused thresholds reduce
false positives at the cost of missing some high-risk cases. Therefore, implementation would require
calibration based on institutional priorities and tolerance for risk.

This prediction task is inherently more tractable than first extubation success because it reflects broader
illness trajectories rather than a single decision point. The predictive features—such as severity of
illness, sedation and agitation levels, neuromuscular blockade exposure, frailty, and respiratory
parameters—are already integral to clinical reasoning. Their prominence enhances interpretability and
reinforces the relevance of the model outputs in guiding pre-separation optimisation. At the reported
levels of discrimination, these models may be suitable to inform clinician decision-making. When
comparing two randomly selected patients, one from each group, the model will generally assign a
higher probability of difficult weaning to the appropriate individual. However, caution is required, and
these models to not substitute for clinician judgement.

Successful First Extubation Attempt
Predicting successful first extubation attempt is highly clinically relevant, as early failure (defined as
reintubation within 7 days) occurs in approximately 10–20% of patients and is associated with worse
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outcomes, including mortality rates of 25–50% [3]. Identifying patients with a high likelihood of success
could support earlier extubation decisions and reduce unnecessary delays. In this study, model
performance for this specific task was more modest. TabPFN achieved an area under the receiver
operating characteristic curve (ROC-AUC) of 0.743, and TabICL achieved 0.733. While lower than values
reported in some retrospective single-centre studies [17–19], these results likely provide a more realistic
estimate of performance in a heterogeneous, prospectively collected, multinational cohort anchored to a
clearly defined clinical decision point. At the Youden threshold, TabICL demonstrated high sensitivity,
correctly identifying a large proportion of patients who would succeed, whereas TabPFN offered a more
balanced sensitivity-specificity trade-off with fewer false-positive predictions. As with difficult weaning
prediction, threshold selection would influence clinical use, particularly in balancing the risks of
premature extubation against unnecessary delays.

Clinically Informative Features
The most influential feature across both prediction tasks was the timing of the first SA, representing the
interval from initiation of MV to the first attempt at liberation. This variable likely serves as a proxy for
overall illness trajectory and recovery, rather than a directly modifiable parameter. Earlier SA was
associated with favourable outcomes, whereas delayed SA correlated with more complex weaning.
Neurobehavioral factors, including agitation burden, sedation state, and neuromuscular blockade
exposure, were highly influential. These findings highlight the importance of neurological status
alongside traditional respiratory parameters. Organ dysfunction severity, as measured by SOFA scores,
also contributed significantly, reinforcing the multidimensional nature of weaning readiness.

Respiratory physiology remained central, with dynamic driving pressure and oxygenation (PaO₂/FiO₂)
retaining predictive importance. Frailty emerged as a key non-modifiable predictor, in keeping with prior
WEAN SAFE analyses [20], and consistent with prior literature linking frailty to poorer weaning outcomes.

These features can be grouped by modifiability. Actively modifiable factors include sedation depth,
ventilator settings influencing driving pressure, and aspects of gas exchange. Partially modifiable factors
include cumulative agitation and neuromuscular blockade exposure, where ongoing management can
still influence outcomes. Non-modifiable or trajectory-based factors, such as frailty and timing of SA,
inform baseline risk but cannot be directly altered.

A notable strength of the models is the use of SHAP (Shapley Additive Explanations) values to provide
patient-level interpretability. These explanations allow clinicians to understand which factors are driving
predictions in individual cases. For example, in a borderline patient, elevated driving pressure and deep
sedation may explain a lower predicted probability of success, suggesting specific targets for
optimisation prior to extubation. This positions the model as a potential decision-support tool rather
than a replacement for clinical judgement.

Potential Clinical Implications
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This study advances the existing literature in several important ways. First, unlike several prior studies,
which relied on retrospective data and surrogate endpoints [14, 17–19, 21], predictions were anchored to
a prospectively recorded first SA, representing a clinically meaningful decision point. Second, our
multinational cohort, spanning 50 countries and 481 ICUs, enhances generalisability and reflects real-
world variability in practice.

Third, we present the first head-to-head evaluation of tabular foundation models (TabPFN, TabICL)
alongside gradient-boosted trees and glass-box models (EBM) on a weaning outcome. TabICL and
TabPFN are pre-trained on large synthetic datasets and can be applied to new tasks without task-
specific training, offering a potentially scalable approach to clinical prediction [14]. Their strong
performance relative to traditional models supports their further exploration in critical care settings.
Fourth, the dual-task design, addressing both weaning trajectory and first extubation success, provides a
comprehensive evaluation of clinically relevant questions using a unified dataset. This approach allows
consistent comparison of feature importance and model behaviour across related but distinct
outcomes.

However, these strengths come with trade-offs. The lower discrimination observed for first extubation
success reflects the complexity of real-world decision-making and the heterogeneity of the study
population. By anchoring predictions to a defined clinical event rather than inferred physiological signals,
the study prioritises clinical relevance over maximal predictive performance.

Study Limitations
Several limitations should be acknowledged. Model evaluation was conducted using a held-out subset of
the same cohort, and external validation in independent populations is necessary before clinical
implementation. Prediction models often experience performance degradation when applied to new
settings, particularly across varying clinical practices [22]. The models were developed using structured,
high-quality research data, and their performance with routine clinical data, which may be noisier or
incomplete, remains uncertain. Class imbalance in the dataset introduces challenges in threshold
selection and may affect clinical applicability. Some predictive features may partly reflect definitional
aspects of the weaning process. For instance, variables such as sedation state and oxygenation
influence the timing of SA itself, potentially inflating their apparent predictive importance.

The dominant role of the timing of first SA, while informative, limits direct clinical actionability, as it
reflects accumulated patient trajectory rather than an adjustable parameter. Additionally, exclusion
criteria removed certain high-risk patient groups, such as those with early tracheostomy or unclear
decision points, potentially limiting generalisability. Other limitations include the lack of analysis of
temporal trends in variables such as fluid balance and uncertainty regarding applicability to
tracheostomy-dependent populations. Despite these constraints, the spontaneous breathing trial
remains the standard for assessing extubation readiness, and clinical judgement continues to guide
decision-making.

Future Directions
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Future work should prioritise external and prospective validation in diverse ICU populations. Integration
of ML models into clinical workflows will require evaluation of their impact on clinician behaviour and
patient outcomes. For example, model outputs could be used to prompt targeted interventions, such as
sedation adjustment or optimisation of ventilator settings, prior to separation attempts. Prior
randomised trials of computerised decision support for ventilator weaning have been either rule-based
[23] or have evaluated closed-loop and model-driven systems in paediatric [24] or single-centre adult
populations; an adult multicentre interventional trial of a contemporary ML tool embedded weaning
workflow is a logical next step. Advances in high-frequency physiological monitoring may also enable
more dynamic and continuous assessment of weaning readiness, complementing the static snapshot
provided at the time of first SA.

Conclusions
Machine learning models demonstrated good performance in distinguishing easy from difficult or
prolonged weaning trajectories, with more modest accuracy in predicting successful first extubation.
Tabular foundation models achieved the strongest results. The most influential predictors were clinically
interpretable and included timing of first SA, agitation burden, sedation state, organ dysfunction severity,
frailty, and key respiratory parameters. These findings support the potential role of ML as an
interpretable decision-support tool that highlights modifiable factors and informs pre-separation
optimisation, while preserving the central role of clinical judgement in weaning decisions.
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