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Abstract

Objectives: The ability of clinicians to predict prolonged mechanical ventilation (MV) in pa-
tients with acute hypoxemic respiratory failure (AHRF) is inaccurate, mainly because of the
competitive risk of mortality. We aimed to assess the performance of machine learning (ML)
models for the early prediction of prolonged MV in a large cohort of patients with AHRF.
Methods: We analyzed 996 ventilated AHRF patients with complete data at 48 h after diag-
nosis of AHRF from 1241 patients enrolled in a prospective, national epidemiological study,
after excluding 245 patients ventilated for <2 days. To account for competing mortality, we
used multinomial regression analysis (MNR) to model prolonged MV in three categories:
(i) ICU survivors (regardless of MV duration), (ii) non-survivors ventilated for 2–7 days,
(iii) non-survivors ventilated for >7 days. We performed 4 × 10-fold cross-validation to
validate the performance of potent ML techniques [Multilayer Perceptron (MLP), Support
Vector Machine (SVM), Random Forest (RF)] for predicting patient assignment. Results:
All-cause ICU mortality was 32.8% (327/996). We identified 12 key predictors at 48 h of
AHRF diagnosis: age, specific comorbidities, sequential organ failure assessment score,
tidal volume, PEEP, plateau pressure, PaO2, pH, and number of organ failures. MLP
showed the best predictive performance [AUC 0.86 (95%CI: 0.80–0.92) and 0.87 (0.80–0.93)],
followed by MNR [AUC 0.83 (0.76–0.90) and 0.84 (0.77–0.91)], in distinguishing ICU sur-
vivors, with non-survivors ventilated 2–7 days and >7 days, respectively. Conclusions:
Accounting for ICU mortality, MLP and MNR offered accurate patient-level predictions.
Further work should integrate clinical and organizational factors to improve timely man-
agement and optimize outcomes. This study was initially registered on 3 February 2025 at
ClinicalTrials.gov (NCT06815523).

Keywords: acute hypoxemic respiratory failure; mechanical ventilation; lung-protective
ventilation; multinomial regression; machine learning; prolonged mechanical ventilation;
observational studies

1. Introduction
Mechanical ventilation (MV) is essential for managing critically ill patients with acute

hypoxemic respiratory failure (AHRF) in the intensive care unit (ICU). While most patients
with severe AHRF require MV early in the course of their disease processes, prolonged MV
may affect clinical decisions, including resource allocation, enteral feeding, or tracheostomy
timing. Also, it is associated with complications, such as ventilator-associated pneumonia,
ventilator-induced lung injury, sepsis, and multi-organ dysfunction, as well as healthcare
costs and poorer outcomes [1–3]. The duration of MV is a major driver of treatment costs
in critically ill patients [4].

Reducing the duration of MV is regarded as an important and actionable target goal in
the management of AHRF patients. Accurate prediction of MV duration, particularly when
prolonged, could support timely transfer to chronic or long-term healthcare facilities and
enrollment into clinical trials [5]. However, early prediction of the duration of MV remains
a major challenge for ICU clinicians [6,7] since there are important clinical considerations,
such as defining goals of care, partnership with families, and burden of interventions. In
practice, critical care physicians rely on their clinical judgment and heuristics to make
predictions on the likely duration of MV, which are frequently inaccurate [6,7]. To date,
no model has successfully predicted the duration of MV [8], particularly when MV is
longer than 7 days, where outcomes are influenced by a complex interplay of institutional,
ICU-level, and patient-associated factors. Advanced machine learning (ML) techniques
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may offer potential to improve prediction by reducing error margins [9,10]. While ML
algorithms can extract patterns from large datasets, the overall performance of current ML
models in predicting MV duration remains limited, despite the use of extensive clinical
features and multiple modeling strategies [9,11,12].

Only a limited number of studies have successfully evaluated the role of ML in
predicting the duration of prolonged MV in patients with AHRF [9,12–14]. The primary
objective of this comprehensive analysis, termed the Prediction of Mechanical Ventilation
in Acute Hypoxemic Respiratory Failure (PREMIER study), was to develop an ML model
capable of predicting the duration of MV longer than 7 days early in the course of illness.
We used data at 48 h after diagnosis of AHRF, while accounting for and separating the
competing risk of early ICU mortality in patients admitted with AHRF of any etiology who
required MV.

2. Methods
This study was approved by the Ethics Committee of Hospital Universitario Dr. Ne-

grín, Las Palmas de Gran Canaria, Spain) (#CEI/CEIm 2024-383-1). Informed consent was
waived in accordance with the Spanish legislation for biomedical research (Royal Decrees
1090/2015 and 957/2020) on the grounds that this study was a retrospective secondary anal-
ysis, there was anonymization/dissociation of data, and participation conferred neither risk
nor benefit to patients (see Supplemental File). This study was conducted in compliance
with the TRIPOD (transparent reporting of a multivariable prediction model for individual
prognosis or diagnosis) reporting guidelines [15].

2.1. Patient Population and Study Design

We performed a comprehensive secondary analysis of an unrestricted, carefully har-
monized dataset from our previously published PANDORA study [16]. The dataset
comprised 1241 consecutive adult patients (≥18 years) with AHRF, defined by a
PaO2/FiO2 ≤ 300 mmHg on positive end-expiratory pressure (PEEP) ≥5 cmH2O and
FiO2 ≥ 0.3. Patients included had AHRF of any etiology and were managed with invasive
mechanical ventilation using a lung-protective strategy across 22 ICUs in 14 geographical
areas of Spain (Supplemental File).

Based on our previous work [9], we focused the current analysis on potentially clini-
cally relevant variables collected at the time and day of AHRF diagnosis (T0), 24 h later
(T24), and at 48 h (T48), always during or after ICU admission. Then, we analyzed patients
with complete data from the first two full days of MV after AHRF diagnosis to evaluate the
early probability of prolonged MV (defined as longer than 7 days from AHRF diagnosis),
independent of the underlying disease or cause of death. We used representative data
collected at 48 h after AHRF diagnosis. Patients who were extubated, discharged, or died
before 48 h were excluded, as the model would have limited clinical applicability in such
cases. No patients were excluded if they met all inclusion criteria, regardless of age, sex,
underlying disease, estimated life expectancy, or duration of invasive MV. All included
patients had arterial blood gases at enrollment, and SpO2 was not accepted as a surrogate
for PaO2.

Of 1241 patients (Tables 1 and S1), 1015 patients were ventilated for more than 24 h
(Table S2). We analyzed 996 patients (Tables 1 and S3, Figure 1) after excluding 245 patients
who received MV for <48 h after AHRF diagnosis (Table S4). This study was conducted
in several steps. In the first step, we analyzed baseline data from the entire cohort of
1241 patients, and baseline data and at T48 of 996 patients on MV ≥2 days. Based on
previous studies by our group [9], we selected risk features at 48 h of ICU management by
forward–backward stepwise regression [17]. The forward selection approach starts with
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no variables and adds each new variable incrementally, testing for statistical significance,
while the backward elimination method begins with a full model and then removes the
least statistically significant variables one at a time. We decided against splitting by
hospital since the largest hospital had, on average, fewer than 25 patients in each 2-month
period of this study (Table S5). In the second step, patients were initially classified into four
categories, based on ICU survival status and duration of MV (for 2 to 7 days or >7 days
from AHRF diagnosis). As ICU survivors did not require readmission, all survivors were
ultimately grouped together regardless of MV duration. This resulted in three groups: (i)
ICU survivors, (ii) ICU non-survivors on MV for 2–7 days, and (iii) ICU non-survivors on
MV > 7 days, irrespective of ICU discharge date. In the third step, we applied ML approaches
to predict these outcome categories using selected variables.

Table 1. Baseline characteristics and outcome data of 1241 ventilated patients with acute hypoxemic
respiratory failure (AHRF) and 996 patients with data at 48 h after AHRF diagnosis.

Variables N = 1241
T0

N = 996
T0 p-Value

Age, years, median (IQR)
Age, years, mean ± SD

65 (54–74)
62.8 ± 14.3

65 (54–73)
62.1 ± 14.6

0.254
0.254

Sex n (%: 95%CI) N (%: 95%CI)
Male 834 (67.2: 64.6 to 69.8) 680 (68.3: 65.4 to 71.2) 0.580
Female 407 (32.8: 30.2 to 35.4) 316 (31.7; 28,8 to 34.6) 0.580

Etiology (reasons for invasive MV), n (%: 95%CI)
Post-surgery 208 (16.8: 14.7 to 18.8) 144 (14.5: 12.3 to 16.6) 0.138
Stroke or coma 191 (15.4: 13.4 to 17.4) 162 (16.3: 14.0 to 18.6) 0.562
Pneumonia 169 (13.6: 11.7 to 15.5) 149 (15.0: 12.7 to 17.2) 0.346
Sepsis/acute pancreatitis 152 (12.3;10.4 to 14.1) 118 (11.8: 9.8 to 13.9) 0.718
Trauma 151 (12.2: 10.4 to 14.0) 135 (13.6: 11.4 to 15.7) 0.325
Cardiac arrest 117 (9.4: 7.8 to 11.1) 88 (8.8: 7.1 to 10.6) 0.625
Cardiac failure/fluid overload 62 (5.0: 3.8 to 6.2) 49 (4.9: 3.6 to 6.3) 0.914
Aspiration/inhalation 49 (4.0: 2.9 to 5.0) 45 (4.5: 3.2 to 5.8) 0.559
Others 137 (11.0: 9.3 to 12.8) 101 (10.1: 8.3 to 12.0) 0.492
Unknown etiology 5 (0.4: 0 to 0.7) 5 (0.5: 0.1 to 0.9) 0.724

APACHE II score, mean ± SD 21.0 ± 8.0 § 20.7 ± 7.5 0.365

SOFA score, mean ± SD 8.95 ± 3.47 8.93 ± 3.27 0.890

FiO2, mean ± SD 0.63 ± 0.22 0.64 ± 0.22 0.285

PaO2, mmHg, mean ± SD 98.9 ± 34.6 98.8 ± 34.7 0.946

PaO2/FiO2, mmHg, mean ± SD 170.5 ± 64.1 169.9 ± 64.7 0.827

PaCO2, mmHg, mean ± SD 46.1 ±12.4 46.1 ± 12.1 1.0

pH, mean ± SD 7.32 ± 0.11 7.32 ± 0.11 1.0

VT, mL/kg PBW, mean ± SD 6.88 ± 1.07 6.90 ± 1.06 0.659

Respiratory rate, ventilator cycles/min, mean ± SD 19.7 ± 4.4 19.9 ± 4.4 0.285

Minute ventilation, L/min, mean ± SD 8.6 ± 2.1 8,7 ± 2.1 0.263

PEEP, cmH2O, mean ± SD 7.8 ± 2.8 8.0 ± 2.9 0.100

Plateau pressure, cmH2O, mean ± SD 22.3 ± 5.5 22.3 ± 5.4 1.0

Driving pressure, cmH2O, mean ± SD 14.5 ± 4.9 14.3 ± 4.7 0.329

No. extrapulmonary OF, mean ± SD 1.72 ± 1.05 1.70 ± 1.01 0.649

Days from last day of MV to ICU discharge, median (IQR) 2 (0–5) 2 (0–6) 0.247

All-cause ICU mortality, n (%: 95%CI) 438 (35.3: 32.6 to 38.0) 327 (32.8: 29.9 to 35.8) 0.216

All-cause hospital mortality, n (%: 95%CI) 514 (41.4: 38.7 to 44.2) 393 (39.5: 36.4 to 42.5) 0.363

APACHE: acute physiology and chronic health evaluation; AHRF: acute hypoxemic respiratory failure; CI:
confidence intervals; d: days; FiO2: fraction of inspired oxygen concentration; ICU: intensive care unit; IQR:
interquartile range; MV: mechanical ventilation; OF: organ failure; PBW: predicted body weight; PEEP: positive
end-expiratory pressure; SD: standard deviation; SOFA: sequential organ failure assessment scale; T0: at AHRF
diagnosis; VT: tidal volume. § APACHE II was not reported at baseline in 40 patients from the entire 1241 cohort,
and in 35 from the 996 patients.

Prolonged MV was defined as longer than 7 days after AHRF diagnosis, since the
median of MV duration among 996 patients was 8 days (IQR 4–26 days). Because of
the competitive risk of death in ventilated patients, ICU mortality could not be excluded
from prediction models. Therefore, we applied a multinomial regression model using
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data collected at T48, given that most baseline variables and disease trajectories change
substantially after ICU management [18]. We compared the performance of several ML
methods and conventional statistics approaches in predicting three outcomes: ICU survival,
ICU death on MV for 2–7 days, and ICU death on MV > 7 days after AHRF diagnosis
(Figure 1).

Figure 1. Flowchart of this study [16]. Abbreviations: AHRF: acute hypoxemic respiratory failure;
d: days; h: hours; ICU: intensive care unit; MV: mechanical ventilation; N: number of patients.

2.2. Variables and Outcomes

The selection of potentially relevant variables was based on prior studies [9,19–21].
We collected demographics, comorbidities, cause of AHRF (or reason for MV), acute
physiology and chronic health evaluation II (APACHE II) score [22] during the first 24 h of
AHRF diagnosis, and data from ventilator settings and lung mechanics [tidal volume (VT),
respiratory rate (RR), positive end-expiratory pressure (PEEP), plateau pressure (Pplat)],
and gas exchange [(PaO2, PaCO2, FiO2, PaO2/FiO2 ratio, pH)] at T0, T24, and T48. We
also recorded the sequential organ failure assessment (SOFA) score [23] and occurrence of
extrapulmonary organ system failures (OFs) included in the SOFA scale (Supplemental File).
We recorded the duration of MV, length of ICU and hospital stay, date and status (alive or
dead) of patients at ICU and hospital discharge, and causes of death. Attending physicians
recorded the causes of AHRF (or reasons for MV) and comorbidities (Supplemental File).
We focused on variables collected at 48 h of MV after AHRF diagnosis to estimate the
probability that a patient fit into one of the three predefined groups.

2.3. Predefined Rules and Statistical Analysis

Model selection criteria were defined a priori, prior to the conduct of the final sta-
tistical and ML analyses conducted (Supplemental File). Although in each patient, we
recorded 246 variables per patient during their ICU stay, we analyzed the following as
potential early predictors: age at ICU admission, sex, comorbidities, SOFA score, number of
extrapulmonary OFs, PaO2, FiO2, PaO2/FiO2 ratio, PaCO2, pH, FiO2, VT, RR, PEEP, Pplat,
driving pressure (calculated as the difference of Pplat minus PEEP), and minute ventilation
(as an indirect measurement of dead space, calculated as VT x RR in liters/min) at 48 h after
AHRF diagnosis. We did not include respiratory compliance in the model because it shares
collinearity with three independent variables needed for its calculation (VT, Pplat, and
PEEP), resulting in redundancy. Respiratory compliance did not contribute to predictive
validity for mortality according to an expert panel in many cases of AHRF [24]. Although
we have the APACHE II score of most patients, we excluded it as it is a composite score



J. Clin. Med. 2025, 14, 7903 6 of 13

designed for the first 24 h of ICU admission (Supplemental File) and is less suitable for use
at 48 h. Several variables shared collinearity with other independent variables (for example,
calculation of PaO2/FiO2 ratio with FiO2 and PaO2 and Plat and PEEP for calculation of
driving pressure). However, we considered all variables at the initial steps of analysis.

Since the inclusion of all available variables in ML can result in models that are overly
complex and difficult to interpret, we aimed for parsimony by identifying a subset of
features that allow sufficient performance while minimizing variables. We optimized
the subset of selected variables by minimizing the Bayesian information criterion (BIC),
using a multinomial regression model with three categories [25]. We performed statistical
analysis using R (version 4.5.0. R Foundation for Statistical Computing, Vienna, Austria). A
two-sided p < 0.005 was considered as evidence of prognostic strength [26]. We optimized
the quality of models based on a 4-fold cross-validation approach repeated 10 times (Sup-
plemental File). We assessed the best performance using multinomial regression analysis
and three supervised ML algorithms (Multilayer Perceptron, Random Forest, and Support
Vector Machine) [8,10,17,27]. Figures 1 and 2, and Figure S1 summarize our analysis.

Figure 2. Diagram representing the study design of the PREMIER study. The diagram illustrates the
scheme for the database of 996 patients with acute hypoxemic respiratory failure (AHRF) with data at
48 h from AHRF diagnosis, and the selection of clinically relevant variables for the final analysis. Once
the most relevant variables were selected by forward–backward stepwise multinomial regression, we
performed 4-fold cross-validation repeated 10 times using multinomial regression and three machine
learning techniques and a comparison among the prediction models. Abbreviations: AHRF: acute
hypoxemic respiratory failure; AUC: area under the receiver operating characteristic curve; BIC:
Bayesian information criterion; MNR: multinominal regression; MLP: Multilayer Perceptron; MV:
mechanical ventilation; RF: Random Forest; SVM: Support Vector Machine.

3. Results
A total of 245 AHRF patients were excluded (Table S4) because they had received MV

for <48 h. A total of 996 patients, capturing more than 80% of the entire AHRF cohort, who
received MV for ≥2 days were included (Table 1, Supplemental File). The most common
reasons for MV in 996 patients with AHRF were stroke/coma, pneumonia, post-operative
care, trauma, and sepsis. ICU mortality in the entire cohort (n = 1241) and the 996 cohort
was similar [438/1241 (35%) vs. 327/996 (33%), respectively] (p = 0.22) (Tables S7 and S8),
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despite 111 patients dying in the ICU before 48 h of AHRF diagnosis. None of the baseline
values from the selected relevant clinical features were statistically different between 1241
and 996 patients.

Of the total 996 patients analyzed, 669 patients (67%) were discharged alive from
the ICU irrespective of MV duration: 309 were on MV for 2–7 days and 360 received
MV > 7 days. A total of 51% (503/996) of patients received MV > 7 days of whom
360 survived the ICU and 143 died in the ICU. On average, at 48 h after AHRF diag-
nosis, ICU survivors had a lower severity of illness compared with those who subsequently
died in the ICU (Table S9).

We studied 22 clinically relevant features (Table 2). Several variables were excluded
for multicollinearity or for other reasons (Supplemental File). Using forward–backward
stepwise regression, and minimizing the BIC error, a total of 12 variables collected at T48
after diagnosis of AHRF were selected as risk predictors (Table 2): age, specific comorbidi-
ties (arterial hypertension, diabetes, malignancy, chronic renal failure), SOFA score, VT,
PEEP, Pplat, PaO2, pH, and number of extrapulmonary organ failures. The differences in
coefficients, odds ratios, and statistical significance of the multinomial regression model
for each variable in relation to the three ICU categories [ICU survivors, ICU deaths on MV
for 2–7 days, and ICU deaths on MV >7 days] are reported in Table 3. Based on the OR
(the highest value is associated with worsening), age, some comorbidities (arterial hyper-
tension, diabetes, malignancy), SOFA, Pplat, PaO2, and the number of extrapulmonary
organ failures were risk factors in the comparison of ICU survivors with deaths on MV for
2–7 days. Similarly, we found the same risk factors except chronic renal failure and PaO2

among ICU survivors with deaths on MV > 7 days (Table 3).

Table 2. Selection of clinically relevant variables collected in 996 patients with acute hypoxemic
respiratory failure (AHRF) at 48 h after AHRF diagnosis by forward–backward stepwise regression
using a forward–backward multinomial regression model minimizing BIC (ICU survivors, ICU
non-survivors ventilated ≤7 days, and ICU non-survivors ventilated >7 days).

Variables at T48 Selected Variables

Age X

Sex

Arterial hypertension (comorbidity) X

Diabetes (comorbidity) X

Obesity (comorbidity)

COPD (comorbidity)

Cardiac failure (comorbidity)

Malignancy (comorbidity) X

Immunocompromised (comorbidity)

Chronic renal failure (comorbidity) X

SOFA score X

VT (kg/min PBW) X

FiO2

Respiratory rate

PEEP X

Plateau pressure X

PaO2 X

PaO2/FiO2 ratio

PaCO2

pH X

Number of organ failures X

Minute ventilation (liters/min)

Abbreviations: COPD: chronic obstructive pulmonary disease; FiO2: fraction of inspiratory oxygen; PBW:
predicted body weight; PEEP: positive end-inspiratory pressure; SOFA: sequential organ failure assessment score;
VT: tidal volume.
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Table 3. Coefficients, odds ratio, and statistical significance of the multinomial regression model for
each variable (n = 12) in relation to the three categories [ICU survivors (independent of duration of
mechanical ventilation), ICU death on MV ≤7 days, and ICU deaths on MV > 7 days] in 996 patients
with acute hypoxemic respiratory failure (AHRF) ventilated for ≥2 days.

Variables ICU Survivors vs. ICU Deaths on MV ≤ 7 Days ICU Survivors vs. ICU Deaths on MV > 7 Days

β SE OR (95% CI) p-Value β SE OR (95% CI) p-Value

Intercept 35.6 0.02 2.78 × 1015

(2.68–2.89) <0.001 1.47 0.02 4.33 (4.16–4.50) <0.001

Age 0.03 0.01 1.03 (1.02–1.05) <0.001 0.04 0.01 1.04 (1.02–1.06) <0.001

Arterial hypertension: No 0 (ref) - 1 (ref) - 0 (ref) - 1 (ref) -

Arterial hypertension: Yes 0.5 0.23 1.65 (1.04–2.62) 0.032 0.05 0.25 1.05 (0.64–1.71) 0.856

Diabetes: No 0 (ref) - 1 (ref) - 0 (ref) - 1 (ref) -

Diabetes: Yes 0.04 0.23 1.04 (0.66–1.65) 0.853 0.63 0.24 1.88 (1.17–3.03) 0.009

Malignancy: No 0 (ref) - 1 (ref) - 0 (ref) - 1 (ref) -

Malignancy: Yes 0.01 0.30 1.01 (0.56–1.81) 0.969 0.56 0.29 1.74 (0.99–3.08) 0.056

Chronic renal failure: No 0 (ref) - 1 (ref) - 0 (ref) - 1 (ref) -

Chronic renal failure: Yes −0.7 0.38 0.49 (0.24–1.04) 0.062 0.10 0.35 1.10 (0.55–2.21) 0.783

SOFA T48 0.1 0.06 1.14 (1.02–1.28) 0.026 0.01 0.06 1.01 (0.89–1.15) 0.846

VT (kg/min/PBW) T48 −0.2 0.10 0.78 (0.64–0.96) 0.019 −0.39 0.11 0.68 (0.55–0.83) <0.001

PEEP T48 −0.3 0.04 0.73 (0.67–0.80) <0.001 −0.24 0.04 0.79 (0.72–0.86) <0.001

Pplat T48 0.2 0.02 1.24 (1.19–1.30) <0.001 0.26 0.02 1.30 (1.23–1.36) <0.001

PaO2 T48 0.01 0 1.01 (1–1.01) 0.019 0 0 1 (1–1.01) 0.293

pH T48 −5.7 0.14 0 (0–0) <0.001 −1.10 0.15 0.33 (0.25–0.45) <0.001

Number of organ failures T48 0.6 0.19 1.73 (1.18–2.52) 0.005 0.73 0.21 2.08 (1.38–3.13) <0.001

Abbreviations: MV: mechanical ventilation; OR: Odds ratio; PEEP: positive end-expiratory pressure; Pplat: plateau
pressure; SE: standard error; SOFA: sequential organ failure assessment; VT: tidal volume; T48: at 48 h after
diagnosis of AHRF.

In the multinomial regression model, AUC was 0.85 (CI95% 0.82–0.882) and 0.87
(95%CI 0.84–0.90) in distinguishing ICU survivors from non-ICU survivors ventilated
during ≤7 days and >7 days, respectively (Figure S2). However, in the machine learning
process, MLP and MNR demonstrated the highest discriminatory performance according
to AUC values (Table 4).

Table 4. Comparison of analysis of early prediction of performance using Multilayer Perceptron,
Random Forest, Support Vector Machine, and Multinomial Regression of ICU survivors (independent
of duration of mechanical ventilation) and ICU deaths on MV ≤7 days or ICU deaths on MV > 7 days
in 966 patients with acute hypoxemic respiratory failure with complete data at 48 h. AUC is a measure
of discriminative ability. Global is for the 3 categories.

Techniques Global
AUC (95%CI)

Accuracy
AUC (95% CI)

ICU Survivors vs.
ICU Deaths on
MV ≤ 7 Days
AUC (95% CI)

ICU Survivors vs.
ICU Deaths on
MV > 7 Days

AUC (95% CI)

Multilayer
Perceptron 0.78 (0.74–0.81) 0.74 (0.68–0.78) 0.86 (0.80–0.92) 0.86 (0.80–0.93)

Random Forest 0.73 (0.70–0.76) 0.70 (0.65–0.75) 0.79 (0.72–0.87) 0.78 (0.69–0.86)

Support Vector
Machine 0.66 (0.60–0.69) 0.67 (0.63–0.71) 0.66 (0.0.58–0.75) 0.73 (0.64–0.82)

Multinomial
Regression 0.75 (0.73–0.78) 0.72 (0.67–0.76) 0.83 (0.76–0.90) 0.84 (0.77–0.91)

Abbreviations: AUC: area under the receiver operating curve; CI: confidence interval; ICU: intensive care unit;
MV: mechanical ventilation.

4. Discussion
Our findings highlight several strong risk factors for mortality or prolonged ventila-

tion at 48 h after diagnosis of AHRF, including age, selected comorbidities, gas exchange,
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lung mechanics, and extrapulmonary organ dysfunction. These features reflect the patho-
physiology of AHRF and might be modifiable by treatment [28,29]. While these individual
factors are well established as risk markers in MV patients with acute respiratory failure,
our study illustrates that it is the combination of variables that determines absolute risk.
In practice, clinicians may not objectively account for the relationships with outcomes of
the complex interactions between clinical variables, particularly in AHRF patients with
diverse etiologies or indications for MV [28]. Our PREMIER model addresses this challenge
by combining different events into a single outcome, recognizing that the duration of MV
in AHRF reflects the patient’s health state and hence is closely related to survival. By
predicting three distinct outcome categories—ICU survival (irrespective of MV duration),
ICU death on MV for 2–7 days, and ICU death on MV >7 days—our approach provided
meaningful prediction models [13,14]. Among the tested methods, MLP and MNR achieved
the best accuracy for predicting allocation to the predefined clinical groups.

With respect to clinical features, our findings are consistent with the existing evidence:
outcomes are worse with higher age [30]; certain comorbidities have a notable impact
on survival in patients on MV [31]; patients with more severe lung damage had a lower
PaO2/FiO2 ratio and require higher PEEP levels [32]; Pplat is directly associated with
mortality [33,34]; multi-organ dysfunction increases the risk of death [18]; and acidemia
is associated with worse neurological outcomes [35]. Although individual predictors are
limited in discriminative ability, they may still serve as targets for modifiable interventions
to shorten MV duration and improve outcomes. For instance, limiting Pplat may improve
outcomes, while reducing the FiO2 to target lower oxygen saturations appears to be a safe
intervention across a wide range of pathologies that result in AHRF [36]. Individualizing
MV settings, including setting the PEEP using various tools, has a certain appeal; however,
RCTs on the subject are equivocal [37]. Nevertheless, accurately predicting the course of MV
in AHRF remains difficult due to competing mortality. Our model performed reasonably
well in distinguishing mortality from survival, but only modestly in predicting prolonged
MV as a primary outcome.

Patients with the same duration of MV could survive or die even under optimal
ventilatory management [24,38]. Identifying those at higher risk of prolonged MV could
directly influence important clinical decisions, including referral to specialized centers, or
long-term ventilator units, timing of performing a tracheostomy [12,39], or alignment with
goals of care [6]. In our patient population, fewer patients died in the ICU on MV > 7 days
than patients on MV for 2–7 days [143/503 (28.4%) vs. 184/493 (37.3%), p = 0.003] (Table S8).
Data show that patients who would benefit the most from modifiable timely therapeutic
interventions to avoid adverse events [28] are those with the highest risk of death and
prolonged MV duration that we identified in our study. Our findings suggest that out-
comes can be predicted accurately as early as T48, although external validation in a large
population of AHRF patients managed with lung-protective ventilation is needed. Prior
evidence indicates that clinical judgment—despite relying on many of the same features
used in our model—has poor accuracy in predicting prolonged MV [40]. Data-driven mod-
eling may offer incremental improvements, but validation studies frequently report poor
performance [41], mainly due to differences in data distributions, case-mix, timeframes,
or outcome definitions [4,7,12,42]. Patterns of use of MV diverge across countries [43] and
could reflect differences among patients, clinician preferences, and the organization of
healthcare systems. For example, permissive hypercapnia is occasionally required to allow
lung-protective MV, and pH could transiently decrease but gradually improves in 72 h
following metabolic compensation. While this strategy may help reduce VT and improve
oxygenation in some patients, it also carries a risk of cardiovascular compromise and organ
dysfunction [44]. Similar interdependencies exist among other predictors in our model.
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Our study has several strengths. First, we included patients from a multicenter net-
work representing current clinical practice in AHRF. Second, since we developed a model
that considers death in the prediction of MV duration, our work could accelerate clinical
research in the field. Third, our study is different from others in that we considered a mix
of different outcomes in the prediction of MV duration, such as death. Fourth, our cohort
captured more than 80% of the entire AHRF population, which supports representativeness.
Fifth, we based the modeling framework on established clinical knowledge, enhancing
interpretability and potential clinical utility. However, several limitations must be acknowl-
edged. First, we did not stratify predictions by the underlying etiologies of AHRF, although
the broad inclusion criteria and sample size may mitigate this concern. Second, we did
not capture detailed data on factors influencing weaning, such as fluid balance, sedation,
neuromuscular blockade, secondary infections, or muscle strength. Third, our dataset
predates the COVID-19 pandemic, during which ventilatory practices may have varied [45].
Fourth, we trained our algorithms using three ML techniques; other ML techniques might
lead to better prediction models. Fifth, we did not evaluate the wider context of decision
making for the discontinuation of MV. Recent evidence suggests that several different
weaning strategies can influence outcomes [46,47].

5. Conclusions
Accounting for ICU mortality, MLP and MNR offered accurate patient-level predic-

tions in AHRF patients. Further work should integrate clinical and organizational factors
to improve timely management and optimize outcomes.
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