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Dear Editor,

Patients with acute hypoxemic respiratory failure
(AHRF) who fail non-invasive ventilation (NIV) and
require intubation have higher risk of mortality [1, 2].
Identifying these patients early is challenging, as no for-
mal guidelines are currently available. Thresholds based
on clinical scores or indices have been proposed to help
identify patients who are at higher risk of failure, but
uncertainty exists regarding their optimal cut-off values
and their effectiveness in prompting treatment escalation
is low [3].

Machine learning (ML) models could help to find more
complex thresholds to identify earlier those patients who
may require closer monitoring or further interventions.
However, databases on patients with AHRF often lack
granularity or scale in the case of NIV [2]. This compli-
cates the deployment of standard ML models which have
been developed for datasets involving many thousands of
datapoints. We developed (Fig.E1, SM) a model to pre-
dict the outcome of NIV soon after treatment initita-
tion, using a recently proposed ML model called tabular
prior-data fitted network (TabPFN) [4]. TabPFN couples
a unique pre-training strategy with in-context learning
during inference for rapid, accurate predictions without
hyperparameter tuning. In-context learning is particu-
larly suitable for small datasets, as pre-training facili-
tates effective generalization from limited examples. This
approach underlies the unprecedented performance of
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large-language models, where inclusion of a few exam-
ples can dramatically improve performance on unseen
tasks.

We trained the model using routine measurements
made before (TO) and one hour after (T1) initia-
tion of NIV treatment in 624 AHRF patients from the
RENOVATE trial in Brazil [5]. External validation was
performed on a dataset on 368 AHRF patients from
Italy, Spain and the US—see Table E1 for a complete
description.

The TabPFN model achieved 74% predictive accuracy,
72% sensitivity, 73% specificity, 68% PPV, 76% NPV, and
0.78 AUC in repeated five-fold cross-validation on the
training dataset (Table 1). On the external validation
dataset it achieved 71% accuracy, 73% sensitivity, 69%
specificity, 68% PPV, 74% NPV, and 0.76 AUC. A decision
curve analysis (Fig. E5) showed that treatment escalation
decisions guided by TabPFN provided a greater net ben-
efit than default strategies across a wide range of deci-
sion thresholds. Calibration curves (Fig. E5) indicate that
TabPFN was well-calibrated, with predicted risks closely
matching actual outcomes.

The best performing standard ML model in external
validation was XGBoost (68% accuracy, 66% sensitiv-
ity, 70% specificity and 0.71 AUC) while clinical indices
such as HACOR were less accurate and more unbalanced
predictors (60% accuracy, 77% sensitivity, 46% specificity,
and 0.67 AUC)-Table 1.

The TabPEN model used the following measurements:
PaO,/FiO,(T1), RR(T1), PaO,/FiO,(T0), pH(ATO0-T1),
FiO,(ATO-T1), SAPSII(T0), PaCO,(ATO0-T1), PaO,/
FiO,(ATO-T1), PEEP+PSV(T1), PEEP(T1), RR(ATO-T1).
PSV was not used as including PEEP and PEEP+PSV
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Table 1 Predictive performance metrics of ML models and clinical indices across datasets and time points

ML Models

TabPFN (Training)
TabPFN (Validation)
XGboost (Training)
XGBoost (Validation)
Integrative Clinical Scores
HACOR (T0) (Training)
HACOR (T0) (Validation)
HACOR (T1) (Training)
HACOR (T1) (Validation)
SAPSII (Training)

SAPSII (Validation)
Clinical Parameters
PaO,/FiO, (TO) (Training)
PaO,/FiO, (T0) (Validation)
PaO,/FiO, (T1) (Training)
PaO,/FiO, (T1) (Validation)
RR (TO) (Training)

RR (TO) (Validation)

RR (T1) (Training)

RR (T1) (Validation)
ATO-T1 pH (Training)
ATO-T1 pH (Validation)

0.78 [0.71-0.83]
0.76
0.71[0.63-0.79]
0.71

0.62[0.47-0.75]
0.57
0.69[0.53-0.82]
0.67
0.61[047-0.72]
0.66

0.62 [0.47-0.76]
0.60
0.67 [0.53-0.81]
0.69
0.54 [0.40-0.69]
049
0.61 [0.45-0.75]
0.56
0.58 [0.43-0.74]
0.54

74% [69-77%]
71%
70% [64-77%]
68%

60% [47-71%])
56%
66% [54-78%]
60%
61% [49-68%)]
65%

59% [45-70%]
50%

619% [49-74%]
60%

54% [41-67%]
48.6%

60% [47-73%]
54%

57% [43-70%]
50%

72% [65-82%]
73%
62% [53-72%]
66%

66% [35-90%)]
65%
71% [50-90%]
77%
55% [46-68%)]
52%

68% [45-90%]
92%
74% [55-90%]
81%
52% [35-70%]
60%
55% [35-75%]
52%
49% [25-85%]
45%

73% [67-78%]
69%
75% [64-83%]
70%

55% [36-77%]
49%
62% [45-77%]
46%
61% [47-74%]
76%

52% [36-68%]
12%
52% [36-70%]
42%
55% [39-71%)]
39%
63% [48-77%]
56%
62% [29-81%]
54%

68% [61%, 75%]
68%

56% [44-68%]
65%

49% [37-62%]
51%
55% [44-70%)]
53%
51% [39-61%]
64%

48% [37-59%]
48%
50% [40-62%]
55%
43% [30-57%]
46%
50% [35-65%]
51%
45% [29-63%]
46%

76% [68-84%]
74%
75% [71-80%]
70%

72% [59-88%]
64%
77% [64-91%]
71%
68% [59-78%]
66%

72% [58-87%]
64%
76% [62-91%]
72%
64% [52-75%]
52%
69% [57-82%]
57%
66% [54-80%]
53%

Internal Training Cohort: 624 patients (NIV success: 378, NIV failure: 246). External Validation Cohort: 368 patients (NIV success: 196, NIV failure: 172). For the training
cohort, we performed repeated fivefold cross-validation. Results are reported as the mean and 95% confidence intervals, calculated over 200 iterations. Accuracy = #

correctly predicted NIV outcomes / # patients. Sensitivity = # correctly predicted NIV failures / # NIV failures. Specificity = # correctly predicted NIV successes / # NIV
successes. Area Under the Curve (AUC) =area under the Receiver Operating Characteristic (ROC) curve. Positive predictive value (PPV) =# correctly predicted NIV
failures / # predicted NIV failures. Negative predictive value (NPV) =# correctly predicted NIV successes / # predicted NIV successes

Abbreviations: T0 Baseline measurements (within 6 h prior to NIV initiation), T7 Measurements taken 1-2 h after NIV initiation, SAPSII Simplified Acute Physiology
Score Il, HACOR A clinical index incorporating heart rate, acidosis, consciousness level, oxygenation, and respiratory rate, PaO-/FiO: ratio of arterial oxygen partial
pressure to inspired oxygen fraction, RR respiratory rate, ATO-T1 pH change in pH between TO and T1

as features allowed the model to capture both ventila-
tory support levels. PaO,/FiO, was uniformly the most
important feature in making accurate predictions (Figs.
E6/E7). The increases in FiO, and low PaO,/FiO, after
1-2 h were associated with predictions of NIV failure
(Fig. E6(a)). For (many) more details, see the SM.

The performance gap between the TabPEN model and
standard ML models and clinical indices is striking and
suggests that with further prospective validation this new
ML approach could help clinicians promptly identify
patients at risk of failing NIV.
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