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Abstract 

Background  Early identification of patients with acute hypoxemic respiratory failure (AHRF) who are at risk of fail‑
ing high-flow nasal cannula (HFNC) therapy could facilitate closer monitoring, and timely adjustment/escalation 
of treatment. We aimed to establish whether machine learning (ML) models could predict HFNC outcome, early 
in the course of treatment, with greater accuracy than currently used clinical indices.

Methods  We developed ML models trained using measurements made within the first 2 h of treatment from 184 
AHRF patients (37% HFNC failures) treated at the respiratory ICU of the University Hospital of Modena between 2018 
and 2023. For external validation, we used a dataset on 567 AHRF patients (22% failures) comprising 510 patients 
from the recent RENOVATE trial in Brazil and 57 from the MIMIC-IV and eICU databases in the US. Predictive perfor‑
mance of the ML models was benchmarked against optimized thresholds of the following clinical indices: respiratory 
rate oxygenation index (ROX) and variants, heart rate to saturation of pulse oxygen (SpO2) ratio, SpO2/FiO2 ratio, PaO2/
FiO2 ratio, sequential organ failure assessment and heart rate, acidosis, consciousness, oxygenation and respiratory 
rate scores.

Results  Internal and external predictive performance of a Support Vector Machine (SVM) ML model was superior 
to all clinical indices across all scenarios tested. In external validation on the 567-patient dataset, a SVM model trained 
on non-invasive measurements had an accuracy of 73%, sensitivity of 73%, specificity of 73%, and AUC of 0.79. The 
ROX index had an accuracy of 64%, sensitivity of 79%, specificity of 60%, and AUC of 0.74. When arterial blood gas‑
ses (ABG’s) were also used for model training, the SVM model had an accuracy of 83%, sensitivity of 84%, specificity 
of 82%, and AUC of 0.82 in external validation on the MIMIC-IV/eICU dataset. The modified ROX index, which requires 
PaO2, achieved 70% accuracy, 63% sensitivity, 74% specificity, and AUC of 0.65.

Conclusions  Decision support tools based on SVM models could provide clinicians with more accurate early pre‑
dictions of HFNC outcome than currently available clinical indices. If available, ABG measurements could improve 
the capability to accurately identify patients at risk of failing HFNC therapy.
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Introduction
Successful treatment of patients with acute hypoxemic 
respiratory failure (AHRF) using high-flow nasal can-
nula (HFNC) therapy has a number of benefits, including 
improved oxygenation, increased number of ventilator-
free days, and reduced risk of intubation and mortal-
ity [1–4]. However, recent research also suggests that 
delayed intubation and mechanical ventilation in patients 
who fail HFNC could potentially lead to patient self-
inflicted lung injury (P-SILI) [5], and increased ICU mor-
tality [6, 7].

Currently, there are no formal guidelines to help clini-
cians identify patients at risk of HFNC failure [8]. To fill 
this gap, thresholds based on various clinical indices have 
been proposed as potential predictors for identifying 
HFNC failure and determining when to escalate respira-
tory support. These include heart rate (HR) to saturation 
of pulse oxygen (SpO2) ratio [9], respiratory rate oxygena-
tion index (ROX), modified ROX index (mROX) and two 
variations with heart rate included (ROX-HR and mROX-
HR) [10–12], simplified acute physiology and chronic 
health evaluation II (APACHE II) [13], sequential organ 
failure assessment (SOFA) score [14], and heart rate, aci-
dosis, consciousness, oxygenation, and respiratory rate 
(HACOR) [15]. However, significant uncertainty remains 
regarding the optimal thresholds for these indices, vali-
dation of their predictive accuracy on external datasets is 
rare, and their effectiveness in prompting treatment esca-
lation is limited [16].

A promising approach to address this problem is to 
employ machine learning (ML) models to find more 
complex thresholds that can assist in identifying patients 
who may require closer monitoring or further interven-
tions. However, a recent review of ML models in the con-
text of intensive care medicine noted their low “clinical 
readiness levels”, with only 8 articles (5%) of a total of 172 
articles published to date having validated their results 
on external data, i.e., on data from a source other than 
the one used for model training [17].

In this study, we developed machine learning models 
to predict HFNC outcome using data from two previ-
ous clinical studies involving 184 AHRF patients carried 
out at the respiratory intensive care unit of the University 
Hospital of Modena [18, 19] and performed external vali-
dation of the models’ predictive performance using inde-
pendent datasets on 567 AHRF patients (510 from the 
recent RENOVATE trial in Brazil [20], and 57 from the 
publicly available MIMIC-IV and eICU databases in the 
US [21, 22]). We compared the models’ performance with 
that of all currently used clinical indices. In addition, we 
sought to establish which, and how many, patient meas-
urements were most important in developing models 
with high predictive accuracy.

Methods
Patient datasets: This retrospective study was performed 
on the following datasets taken from previously pub-
lished studies or publicly available databases. The data 
used for internal training and validation was from two 
pilot studies carried out at RICU at the University Hospi-
tal of Modena, from January 1st, 2018 to May 30th, 2023, 
and from January 1st, 2021, to June 30th, 2022, respec-
tively [18, 19]. All patients in these studies were adults 
(age > 18) diagnosed with de novo AHRF and admitted 
to the RICU after failing conventional oxygen therapy 
and considered for treatment escalation to HFNC. The 
first pilot study involved 82 patients (49 successes vs. 33 
failures), while the second involved 102 patients (67 suc-
cesses vs. 35 failures).

For external validation, we used data from the RENO-
VATE trial [20], a noninferiority, randomized clinical trial 
which enrolled 883 hospitalized adults with AHRF who 
received HFNC therapy at 33 hospitals in Brazil between 
November 2019 and November 2023. To ensure consist-
ency with the training dataset we excluded two patient 
groups (chronic obstructive pulmonary disease exacer-
bation with respiratory acidosis, and acute cardiogenic 
pulmonary edema), but included all patients in the three 
other groups in the dataset (non-immunocompromised 
with hypoxemia, immunocompromised with hypox-
emia, hypoxemic COVID-19), resulting in 510 patients 
with 402 HFNC successes vs. 108 failures. The process of 
study cohort extraction is outlined in Fig. 1a.

As arterial blood gas measurements were not available 
in the RENOVATE dataset at time points consistent with 
the training dataset, we extracted additional data from 
the publicly available MIMIC-IV database from the Beth 
Israel Deaconess Medical Centre in the United States 
[21] and the eICU database from 208 hospitals located 
throughout the United States [22]. We extracted this 
data using PostgreSQL (Version 16.0, Database Manage-
ment System, https://​www.​postg​resql.​org) based on the 
flow chart illustrated in Fig.  1b to ensure transparency 
and reproducibility in the cohort selection process—
as shown, the key criterion for patient selection was 
the availability of consistent measurements to those of 
patients used in training the ML models. This resulted in 
the selection of an additional 40 patients (21 successes vs. 
19 failures) from MIMIC-IV, and 17 patients from eICU 
(17 successes, 0 failures).

Clinical indices and measurements: Patients’ charac-
teristics were collected before or at the start of HFNC 
(time point T0) and 2 h after HFNC initiation (time point 
T1). The measurements that were common to all inter-
nal and external datasets were: age (y), the SOFA score 
at T0, the ROX index at T0 and T1, heart rate (bpm) at 
T0 and T1, respiratory rate (bpm) at T0 and T1, SpO2 

https://www.postgresql.org
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Fig. 1  Flow chart of the data extraction process from RENOVATE and MIMIC-IV/eICU Databases. a Study cohort extracted from RENOVATE study b 
Study cohort extracted from eICU/MIMIC-IV database
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(%) at T0 and T1, SpO2/FiO2 ratio at T0 and T1. PaO2/
FiO2 ratio (mmHg) at T0 and T1, and partial pressure of 
carbon dioxide (PaCO2 (mmHg)) at T0 and T1 were also 
available in the internal and MIMIC-IV/eICU datasets. 
HFNC failure in all datasets was defined as the need for 
treatment escalation to non-invasive ventilation (NIV), 
intubation and mechanical ventilation (MV), or death, 
within 24 h of HFNC initiation. We tested the predictive 
accuracy of the following clinical indices: ROX = SpO2

FiO2·RR
 , 

mROX =
PaO2

FiO2·RR
 , ROX-HR =

100·SpO2

FiO2·RR·HR
 , mROX-HR 

=
100·PaO2

FiO2·RR·HR
 , HACOR, SOFA, PaO2/FiO2 ratio, SpO2/

FiO2 ratio and HR/SpO2 ratio. Optimal thresholds for 
each index were identified using logistic regression mod-
els applied to the training dataset.

Statistical Analysis: Continuous variables are reported 
as median and inter-quartile ranges (IQR) and compared 
using non-parametric Mann–Whitney U test and Stu-
dent’s t-test based on the characteristics of the data. The 
Student’s t-test was used for normally distributed data 
with equal variances, as determined by the Shapiro–Wilk 
test for normality and Levene’s test for equal variances 
or the Mann–Whitney U test was applied when appli-
cable. Categorical variables were described by counts 
and frequencies and compared using Fisher’s exact test. 
To calculate the combined P value from the P values of 
HFNC success and failure between the two cohorts, we 
applied Fisher’s method. All tests were two-sided, and a P 
value < 0.001 was considered statistically significant.

Development of the machine learning models: We 
developed and evaluated ML models using the following 
methods: a range of regression methods including Sup-
port Vector Machines (SVM), Decision Tree and Logistic 
Regression, probabilistic models such as Gaussian Naïve 
Bayesian, and ensemble methods such as Random For-
est, XGBoost, and lightGBM. The outcome-related fea-
ture process was performed using a Genetic Algorithm 
[23]. Hyperparameters were finetuned using Ray Tune 
with the Asynchronous Successive Halving Algorithm 
(ASHA) based on distributed GPUs [24]. The optimiza-
tion score was set to balanced accuracy to prevent biased 
predictions.

The models were developed and internally validated 
using two nested cross-validation methods: nested 
leave-one-out cross-validation (LOOCV) and repeated 
nested five-fold cross-validation [25–27]. These methods 
employ a nested cross-validation approach, comprising 
an inner loop for model selection and an outer loop for 
model assessment. This design ensures unbiased per-
formance evaluation by maintaining a strict separation 
between the processes of model selection and assess-
ment, thereby preventing information leakage and reduc-
ing the risk of overfitting (see Additional file: Fig.  S2). 

At the external validation stage, models trained on the 
internal datasets were applied to the data from the pre-
viously unseen external datasets to evaluate their gener-
alizability. For sample size estimation using ML models, 
we employed the simulation-based approach proposed 
by van der Ploeg T et al., [28]—the minimum sample size 
required for each model is shown in the (Additional file: 
Fig. S1). The process for model development, validation, 
performance analysis, and clinical deployment is outlined 
in Fig. 2. Software packages used to perform the compu-
tations are also detailed in the Additional file.

Evaluation Metrics and Explainability for Predictive 
Performance: For unbiased evaluation, we considered 
the following 6 metrics: accuracy, true positive rate (sen-
sitivity), true negative rate (specificity), and area under 
receiver operating characteristic curve (AUC score). 
Model calibration was examined in a calibration plot, 
and discrimination was visually presented using ROC 
curves.  In addition, the decision curve analysis (DCA) 
curve [29] was applied to assess the clinical utility of 
the model based on different threshold probabilities for 
intervention decisions.

The relative importance of different patient measure-
ments in determining predictive performance was com-
puted using shapely additive explanation (SHAP) values 
[30] and permutation importance (PI) scores [31]. To 
ensure robust and low variance in the SHAP values, we 
calculate SHAP values for each patient’s features 200 
times using repeated nested five-fold cross-validation. 
The final SHAP values are obtained by averaging all the 
SHAP values calculated from the validation sets.

Results
Patient characteristics of the internal training data-
set: Among the 184 patients in the internal cohort, 68 
patients (37%) were identified as HFNC failures and 
required treatment escalation. As shown in Table  1, at 
any time, patients who failed HFNC consistently showed 
higher HACOR score, higher RR, and higher FiO2 com-
pared with the HFNC success group. In addition, these 
patients showed lower ROX index scores, SpO2/FiO2 
and PaO2/FiO2. At timepoint T1, group differences were 
observed in PaCO2, whereas this difference was less evi-
dent at the initiation of HFNC. The SOFA score, assessed 
at or before the start of HFNC, also showed some dif-
ferences between the two groups. However, no other 
demographic or clinical characteristics demonstrated sig-
nificant differences between the two groups.

Predictive performance metrics excluding arterial 
blood gas (ABG) measurements: Among the developed 
ML models, the SVM demonstrated the highest bal-
anced accuracy in both the internal and external vali-
dation (Additional file: Table  S1, Fig.  S4). Since ABG 
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measurements are not typically available in patients 
receiving HFNC, and are not required for the ROX and 
ROX-HR indices, we initially trained the SVM model 
excluding PaO2, PaCO2 and pH from the dataset. As 
shown in Table 2, during internal validation with meas-
urements from two time points, the SVM model achieved 
90% accuracy, 88% sensitivity, 91% specificity, and 0.93 
AUC in LOOCV. Additionally, in nested five-fold cross-
validation with 95% confidence intervals, the model had 
an accuracy of 87% (95% CI: 76-95%), sensitivity of 88% 
(95% CI: 71-100%), specificity of 89% (95% CI: 76-97%), 
and an AUC of 0.87 (95% CI: 0.78–0.97). In external vali-
dation on the combined Brazilian and US datasets, the 
model achieved an accuracy of 73%, a sensitivity of 73%, a 
specificity of 73%, and an AUC of 0.79 (see Fig. 3a). 

A Decision Curve analysis (DCA) was conducted to 
evaluate the utility of the model without using ABG 
measurements (Fig.  3c). The results indicate that, for 
thresholds between 15 and 45%, treatment escalation 
decisions informed by the model provide greater net 
benefit (the balance between the true positives and the 
false positives of a particular decision rule or model 
based on a specified threshold probability) compared to 
simpler strategies, such as escalating treatment for all 
patients or not escalating treatment at all. Finally, the 
calibration curve (Additional file: Figs.  S3, S4, and S5) 
illustrates that the model is well calibrated as evidenced 
by a clear trend of increasing HFNC failure rates cor-
responding with higher predicted risk across stratified 
patient groups. Full results for all the other ML models 

developed in the study are included in the supplemen-
tary material (Additional file: Table S3).

Among the currently available clinical indices, opti-
mized thresholds for ROX and ROX-HR at time T1 
found using linear regression models applied to the 
training dataset performed better than all the others, 
with ROX achieving 64% accuracy, 82% sensitivity, 60% 
specificity, and 0.74 AUC in external validation. ROX-
HR achieved similar scores of 64% accuracy, 82% sen-
sitivity, 60% specificity, and an AUC of 0.75. The Brier 
score for ROX and its variants is higher than that of 
the SVM model, indicating poorer calibration, par-
ticularly within intermediate- and high-risk patient 
groups, where the predicted probability of HFNC fail-
ure lies within the intermediate to high probability 
range (Additional file: Fig. S3). From the DCA (Fig. 3c), 
the net benefit for ROX(T1) and ROX-HR(T1) under 
different decision thresholds is similar, only inform-
ing meaningful decisions over full intervention or no 
intervention strategies for thresholds between 10 and 
33%. In comparison, the SVM model consistently has 
a higher net benefit across all thresholds. Although 
some predictors and indices showed good separation 
between the success and failure groups in the training 
set (Additional file: Fig.  S9), their distributions exhib-
ited considerable overlap between the two groups, and 
the optimal cut-off values varied across different data-
sets (Additional file: Fig. S10). This variability resulted 
in inconsistent performance across all validation meth-
ods for individual indices or predictors.

Fig. 2  Process for model development, validation, performance analysis, and deployment
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Performance metrics excluding patients with 
SpO2 > 97%: Some studies [42, 43] have suggested that 
clinical indices involving SpO2 may exhibit reduced accu-
racy when SpO2 exceeds 97%, due to the flat portion of 
the oxyhemoglobin dissociation curve, an increased 
physiological overtreatment rate, and an increased 
potential for measurement error. To explore this, we 
excluded patients with SpO2 > 97% at any time point, 
resulting in an exclusion of 3 patients from the internal 
dataset and 122 patients from the external dataset. As 
shown in Additional file: Tables  S5 and S6, Fig.  S6, we 
observed an increased performance in external valida-
tion for SpO2 related indices, with the accuracy of the 
ROX-HR index increasing from 67 to 70%. A comparison 
of the permutation importance plots (Fig.  4a and Addi-
tional file: Fig.  S7b) reveals an increased significance of 
SpO₂-related measurements. The developed ML model 
also demonstrated performance improvements, with the 
accuracy of the model improving from 73 to 75%. The 

ML model again consistently outperformed all clinical 
indices in terms of overall accuracy and discrimination 
ability in this cohort (Additional file: Fig. S6a).

Predictive performance metrics including arterial 
blood gas (ABG) measurements: Among the developed 
ML models, the SVM again performed best in both the 
internal and external validation when ABG measure-
ments were included in the training dataset (Additional 
file: Table S2, Fig. S5). In internal validation using meas-
urements from two time points, the model achieved 
92% accuracy, 94% sensitivity, 92% specificity, and 0.96 
AUC in LOOCV. Additionally, in nested five-fold cross-
validation with 95% confidence intervals, the model had 
an accuracy of 89% (95% CI: 82–97%), sensitivity of 89% 
(95% CI: 74–100%), specificity of 88% (95% CI: 77–100%), 
and an AUC of 0.89 (95% CI: 0.80–0.98). In external vali-
dation, on the MIMIC-IV/eICU datasets, the SVM model 
achieved an accuracy of 83%, a sensitivity of 84%, a speci-
ficity of 82%, and an AUC of 0.82 (see Fig. 3b). The DCA 

Table 1  Features of the study population in internal datasets presented as a whole and by HFNC outcome

T0 represents the time point when patients’ characteristics were collected at the initiation of HFNC therapy. T1 represents the time point when patients’ characteristics 
were collected 2 h after the initiation of HFNC therapy. The HACOR score is a clinical scoring system used to assess the risk of HFNC failure, incorporating five 
parameters: Heart rate, Acidosis (pH), Consciousness level, Oxygenation (PaO2/FiO2 ratio), and Respiratory rate. The SOFA (Sequential Organ Failure Assessment) 
score is a clinical tool used to evaluate the extent of organ dysfunction or failure, based on six systems: respiratory, cardiovascular, hepatic, coagulation, renal, and 
neurological functions

Feature Overall HFNC Failure HFNC Success P Value

Number of Patients 184 68 116 /

Age, y 68 (66, 78) 68 (65, 79) 68 (66, 76) 0.449

SOFA score 4 (3, 4) 5 (4, 7) 4 (3, 4)  < 0.001

Baseline (Time T0)

HACOR score 5 (4, 6) 6 (4, 7) 4 (3, 6)  < 0.001

ROX index 7.1 (5.3, 8.4) 6.0 (4.6, 6.9) 7.8 (5.9, 9.1)  < 0.001

HR, bpm 94 (82, 102) 95 (89, 104) 94 (86, 102) 0.549

RR, bpm 28 (25, 30) 30 (25, 36) 27 (24, 28)  < 0.001

FiO2, % 52 (45, 60) 56 (50, 60) 49 (40, 60)  < 0.001

PaO2, mmHg 65.6 (60.0, 72.0) 64.1 (59.6, 70.2) 66.5 (60.0,73.8) 0.130

PaO2/FiO2, mmHg 134.2 (100.4, 158.3) 118.7 (95.8, 140.0) 143.3 (118.4, 167.8)  < 0.001

SpO2, % 93 (90, 95) 92 (90, 95) 92 (91, 95) 0.235

PaCO2, mmHg 32.9 (31.2, 34.5) 32.1 (30.4, 34.3) 33.4 (31.6, 34.5) 0.028

SpO2/FiO2 188 (150, 211) 170 (148, 186) 199 (158, 235)  < 0.001

2h after HFNC (Time T1)

HACOR score 4.0 (3.0, 5.0) 5 (4, 6) 3 (2, 4)  < 0.001

ROX index 8.8 (5.8, 11.1) 5.6 (4.8, 6.3) 10.7 (8.3, 13.1)  < 0.001

HR, bpm 92 (80, 102) 95 (86, 103) 90 (80, 100) 0.026

RR, bpm 24 (20, 26) 28 (26, 30) 21 (19, 24)  < 0.001

FiO2, % 51 (40, 63) 63 (55, 70) 46 (35, 51)  < 0.001

PaO2, mmHg 66.4 (60.7, 71.1) 67.2 (60.4, 72.7) 66.0 (61.2, 70.0) 0.152

PaO2/FiO2, mmHg 141.9 (110.8, 165.8) 114.9 (96.5, 131.0) 157.7 (129.5, 192.3)  < 0.001

SpO2, % 94 (93, 95) 94 (93, 95) 94 (92, 95) 0.958

PaCO2, mmHg 34.4 (32.3, 36.5) 32.6 (30.8, 35.0) 35.4 (33.2, 36.8)  < 0.001

SpO2/FiO2 199 (148, 234) 155 (134, 171) 224 (182, 271)  < 0.001
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(Fig. 3d) and calibration curve (Additional file: Fig. S3a) 
again confirm that the model is well calibrated and pro-
vides greater net benefit compared to simpler strategies.

Among the currently available clinical indices/scores in 
our datasets, mROX (which uses PaO2) evaluated at time 

T1 achieved the highest predictive performance in exter-
nal validation, with an accuracy of 70%, sensitivity of 63%, 
specificity of 74% and an AUC of 0.65. The Brier score for 
mROX is higher than that of the SVM model, indicating 
poorer calibration, particularly within intermediate- and 

Table 2  Comparative performance of machine learning models and clinical indices on internal and external datasets without using 
ABG measurements

LOOCV: Nested leave-one-out cross-validation. RNFCV: Repeated nested five-fold cross-validation. Internal validation was conducted using various nested cross-
validation methods, including LOOV and RNFCV on the training set. External validation was performed on a separate external dataset. The internal dataset consists 
of 184 patients (116 successes and 68 failures), while the external dataset includes 567 patients (440 successes and 127 failures). T0 represents the time point when 
patients’ characteristics were collected at the initiation of HFNC therapy. T1 represents the time point when patients’ characteristics were collected 2 h after the 
initiation of HFNC therapy. T0 + T1 represents the combined measurements taken at both T0 (at HFNC initiation) and T1 (2h after HFNC initiation). Numbers in the 
square brackets indicate the 95% confidence intervals, ranging from the 2.5th to the 97.5th percentile

Time Point Validation Methods Accuracy Sensitivity Specificity AUC​

SVM ML Model Without Using ABG Measurements

T0 LOOCV 69% 35% 89% 0.62

RNFCV 67% [53%, 74%] 46% [27%, 66%] 82% [79%, 100%] 0.66 [0.50, 0.74]

External Validation 67% 63% 68% 0.65

T1 LOOCV 88% 87% 89% 0.89

RNFCV 86% [78%, 96%] 85% [73%, 100%] 87% [69%, 94%] 0.87 [0.76, 0.96]

External Validation 72% 68% 74% 0.73

T0 + T1 LOOCV 90% 88% 91% 0.93

RNFCV 87% [76%, 95%] 88% [71%, 100%] 89% [76%, 97%] 0.87 [0.78, 0.97]

External Validation 73% 73% 73% 0.79

Clinical Scores and Indices Without Using ABG Measurements

ROX (T0) LOOCV 64% 31% 77% 0.61

RNFCV 65% [31%, 77%] 44% [21%, 64%] 79% [65%, 100%] 0.64 [0.48, 0.76]

External Validation 61% 68% 59% 0.68

ROX (T1) LOOCV 89% 85% 91% 0.91

RNFCV 84% [76%, 94%] 82% [64%, 100%] 92% [83%, 100%] 0.85 [0.81, 0.96]

External Validation 64% 79% 60% 0.74

ROX-HR (T0) LOOCV 66% 32% 86% 0.68

RNFCV 66% [54%, 78%] 33% [54%, 78%] 87% [70%, 100%] 0.60 [0.46, 0.73]

External Validation 67% 62% 69% 0.68

ROX-HR (T1) LOOCV 84% 82% 85% 0.88

RNFCV 84% [73%, 95%] 81% [57%, 100%] 87% [70%, 100%] 0.83 [0.71, 0.94]

External Validation 64% 82% 60% 0.75

RR (T0) LOOCV 68% 31% 91% 0.63

RNFCV 68% [57%, 76%] 31% [7% 50%] 91%[78%, 100%] 0.61 [0.50, 0.70]

External Validation 65% 47% 70% 0.58

RR (T1) LOOCV 82% 78% 85% 0.87

RNFCV 84% [72%, 93%] 81% [56%, 100%] 88% [72%, 100%] 0.85 [0.75, 0.95]

External Validation 63% 61% 64% 0.65

SpO2/FiO2 (T0) LOOCV 60% 28% 79% 0.66

RNFCV 62% [51%, 73%] 30% [7.1%, 50%] 80% [65%, 100%] 0.55 [0.44, 0.67]

External Validation 63% 66% 62% 0.66

SpO2/FiO2 (T1) LOOCV 79% 68% 85% 0.85

RNFCV 78% [68%, 89%] 68% [43%, 86%] 86% [70%, 96%] 0.76 [0.63, 0.88]

External Validation 59% 86% 51% 0.72

SOFA (before HFNC) LOOCV 73% 37% 94% 0.52

RNFCV 72% [62%, 81%] 37% [14%, 57%] 94% [83%, 100%] 0.65 [0.53, 0.78]

External Validation 56% 42% 66% 0.53
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high-risk patient groups, where the predicted probabil-
ity of HFNC failure lies within the intermediate to high 
probability range (see Fig. S6). From the DCA (Fig. 3d), 
the net benefit for mROX(T1) under different decision 
thresholds is similar, and only informs meaningful deci-
sions over full intervention or no intervention strategies 
for thresholds between 30 and 50%. In comparison, the 
SVM model consistently has a higher net benefit across 
all thresholds. Although some predictors and indices 
showed good separation between the success and failure 

groups in the training set (Additional file: Fig. S9), their 
distributions exhibited considerable overlap between the 
two groups, and the optimal cut-off values varied across 
different datasets (Additional file: Fig. S10). This variabil-
ity resulted in inconsistent performance across all valida-
tion methods for individual indices or predictors.

Predictive performance metrics across timepoint 
measurements: In both internal and external valida-
tion, clinical indices measured at timepoint T1 showed 
notably higher overall accuracy, sensitivity, specificity, 

Fig. 3  Graphical comparison of the performance of both machine learning models with the ROX index and its variants, on the external validation 
cohort. a, b The Receiver Operating Characteristic (ROC) curve comparing the performance of various machine learning models and the ROX index, 
along with its variants, on the external validation cohort. c, d Decision curve analysis (DCA) for SVM model and ROX with its variants on the external 
validation cohort. The curves demonstrate the net benefit across a range of threshold probabilities, comparing the predictive performance of each 
model against the ‘Treat-All’ (escalate oxygenation treatment for all patients) and ‘Treat-None’ (do not escalate oxygenation treatment) strategies. 
The shaded regions represent the range of net benefit for SVM. Net benefit = (true positives/total patients)—(false positives/total patients) × ω , 
where ω is the odds at the threshold probability. Left Panels: ROC and DCA curves show the performance of a SVM model without using ABG 
measurements—because such measurements were unavailable in the RENOVATE dataset at matching time points—along with ROX indices. 
The evaluation was conducted on the combined eICU, MIMIC‑IV, and RENOVATE dataset, which includes 567 patients (440 successes and 127 
failures). Right Panels: ROC and DCA curves comparing the performance of a SVM model with all measurements, a SVM model without using ABG 
measurements, and ROX indices with variants on the eICU + MIMIC-IV dataset (57 patients: 38 successes, 19 failures)
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Fig. 4  SVM model explainabilty analysis: SHAP summary plot and permutation importance plot. a, c Average SHAP values obtained from 500 
iterations of repeated fivefold cross-validation on internal dataset. Horizontal axis: The impact of each feature on the model’s prediction. Positive 
SHAP values indicate that the feature contributes to predicting a HFNC failure, while negative SHAP values indicate a contribution to predicting 
HFNC success. Vertical axis: The list of features used for making a prediction, ordered based on their importance, with the most important features 
at the top. Dots: Each dot represents a single patient in the dataset. Colour gradient: Indicates the feature value for each observation, where blue 
represents low feature values and red represents high feature values. b, d Permutation importance for external validation obtained by SVM model 
on external dataset. The suffix “_diff” indicates the change in a specific variable between two time points. For instance, “FiO2_diff” represents 
the change in FiO2 values between T1 and T0 (FiO2_diff = FiO2_T1—FiO2_T0)
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and AUC compared to those measured at timepoint T0 
(Tables 2 and 3). The differences in sensitivity between 
clinical indices obtained at the two timepoints are very 
significant, indicating that clinical indices measured 2 h 
after HFNC initiation are more reliable in predicting 
treatment outcome. For the SVM models, using only 
measurements taken at 2h after HFNC onset for train-
ing also provides more reliable predictions compared 

with using only baseline T0 measurements. When 
using measurements from both timepoints for train-
ing, further significant increases in predictive accuracy 
were observed, highlighting the ability of the ML mod-
els to exploit trends in the measurement data in mak-
ing predictions. In contrast, when examining the trends 
of clinical indices (Additional file: Table  S3), it can be 
observed that none of the changes in these indices 

Table 3  Comparative performance of various clinical scores and indices using ABG measurements across internal and external 
datasets

T0 represents the time point when patients’ characteristics were collected at the initiation of HFNC therapy. T1 represents the time point when patients’ characteristics 
were collected 2 h after the initiation of HFNC therapy. LOOCV: Nested leave-one-out cross-validation. RNFCV: Repeated nested five-fold cross-validation. Numbers 
in the square brackets indicate the 95% confidence intervals, ranging from the 2.5th to the 97.5th percentile. Since ABG measurements were unavailable in the 
RENOVATE dataset at matching time points, the external dataset used for evaluating the model or indices with ABG measurements was based on the eICU/MIMIC-IV 
dataset, including 57 patients (38 successes and 19 failures)

Time Point Validation Methods Accuracy Sensitivity Specificity AUC​

SVM ML Model Using All Measurements at Different Time Points

T0 LOOCV 70% 27% 95% 0.65

RNFCV 69% [60%, 78%] 27% [7%, 50%] 95% [83%, 100%] 0.61 [0.50, 0.72]

External Validation 67% 47% 76% 0.66

T1 LOOCV 86% 84% 91% 0.95

RNFCV 87% [78%, 95%] 86% [67%, 100%] 87% [74%, 100%] 0.86 [0.78, 0.96]

External Validation 74% 90% 66% 0.74

T0 + T1 LOOCV 92% 94% 92% 0.96

RNFCV 89% [82%, 97%] 89% [74%, 100%] 88% [77%, 100%] 0.89 [0.80, 0.98]

External Validation 83% 84% 82% 0.82

Clinical Scores and Indices Using All Measurements

mROX (T0) LOOCV 64% 41% 77% 0.69

RNFCV 65% [54%, 78%] 43% [21%, 71%] 79% [61%, 96%] 0.61 [0.48, 0.76]

External Validation 65% 32% 82% 0.53

mROX (T1) LOOCV 88% 82% 91% 0.90

RNFCV 88% [78%, 97%] 83% [57%, 100%] 92% [83%, 100%] 0.87 [0.74, 0.96]

External Validation 70% 63% 74% 0.65

mROX-HR (T0) LOOCV 66% 37% 84% 0.68

RNFCV 67% [54%, 76%] 37% [14%, 57%] 85% [65%, 96%] 0.61 [0.49, 0.71]

External Validation 63% 26% 82% 0.58

mROX-HR (T1) LOOCV 80% 74% 85% 0.87

RNFCV 81% [70%, 90%] 74% [50%, 93%] 85% [70%, 96%] 0.80 [0.66, 0.90]

External Validation 70% 58% 76% 0.67

PaO2/FiO2 (T0) LOOCV 61% 29% 80% 0.66

RNFCV 62% [51%, 70%] 31% [14%, 50%] 81% [65%, 96%] 0.56 [0.45, 0.66]

External Validation 47% 32% 55% 0.45

PaO2/FiO2 (T1) LOOCV 74% 59% 83% 0.80

RNFCV 74% [62%, 87%] 58% [36%, 79%] 84% [70%, 96%] 0.71 [0.57, 0.85]

External Validation 65% 63% 66% 0.61

HACOR (T0) LOOCV 71% 29% 94% 0.64

RNFCV 69% [57%,78%] 31% [7%, 57%] 93% [56%,100%] 0.62 [0.51,0.73]

External Validation / / / /

HACOR (T1) LOOCV 75% 71% 78% 0.72

RNFCV 74% [62%, 84%] 64% [21%, 56%] 80% [61%, 100%] 0.72 [0.59, 0.84]

External Validation / / / /
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exhibit strong predictive ability, with their predictive 
performance being lower than that of the indices meas-
ured only at T1.

Model interpretability and relative importance of 
patient measurements: Model interpretability was 
examined through SHAP summary plots and permuta-
tion importance. The SHAP summary dot plot (Fig. 4a, 
c) presents the contribution of individual measurement 
to the HFNC outcome predicted by the SVM model 
during repeated five-fold CV on the training set, and 
the permutation importance (Fig. 4b, d) was calculated 
by randomly shuffling the values of each measurement 
in external validation, illustrating the relative impact of 
each measurement on model performance. Figure 4a, b 
also shows the SHAP values and permutation impor-
tance of the model when ABG measurements are not 
used. When all measurements are included, the SHAP 
plot shows that among these measurements, RR and 
PaO2/FiO2 ratio at 2h after HFNC initiation were the 
strongest factors in predicting HFNC failure, with 
higher values of RR at T1 or lower values of PaO2/FiO2 
at T1 associated with an increased risk of HFNC fail-
ure. The permutation importance plot generated from 
the external validation dataset also showed that meas-
urements taken at T1 are ranked highest, with RR and 
PaO2/FiO2 ratio at T1 again the most critical measure-
ments for the model’s predictive accuracy. Additional 
file: Fig.  S8 shows that there are strong correlations 
between RR and ABG measurements such as PaO2 and 
PaCO2, which exhibit a high degree of interdepend-
ence when making predictions. Regardless of whether 
ABG data is available for the model, SpO2 was always 
of lesser importance. The PaO2/FiO2 ratio holds signifi-
cant value in the model when ABG measurements are 
available, whereas SpO2 does not. These results suggest 
that the predictive accuracy of ROX may be primarily 
determined by RR and FiO2, as RR at T1 and the change 
in FiO2 between T0 and T1 ranked highest in impor-
tance in the model when ABG measurements are not 
used. In the cohort where  patients with SpO2 greater 
than 97% were excluded, the strong dependency of 
ROX on RR and FiO2 is partially alleviated due to the 
enhanced discriminatory power of SpO2 within this 
range. However, despite this improvement, the feature 
importance of SpO2 in this smaller cohort remains low 
(Additional file: Fig.  S7). Finally, as shown in Fig.  4c, 
lower values of PaCO2 (blue dots) at T1 consistently 
contribute to the model predicting HFNC failure (posi-
tive x-axis values), whereas higher values of PaCO2 
(red dots) consistently contribute to the model predict-
ing HFNC success (negative x-axis values), suggesting 
a role for high respiratory drive in determining HFNC 
failure.

Discussion
In this study, we evaluated the predictive performance of 
machine learning models for predicting HFNC outcomes 
and compared the results to the performance of cur-
rently used clinical indices. All models were rigorously 
evaluated using nested cross-validation methods, and 
further validated on external datasets from multiple dif-
ferent sources. To the best of our knowledge, this study 
is the first to develop an externally validated ML model 
for prediction of HFNC outcome using measurements 
taken only in the very early stages of treatment. Two 
previous studies have attempted to develop ML models 
to predict HFNC outcome [32, 33], however these stud-
ies performed no external validation, and used data from 
unspecified time points over 24- and 8-h time windows 
to make predictions.

The accuracy of the SVM model was superior to that 
of all clinical indices that have recently been proposed as 
potential predictors of HFNC outcomes. Among these, 
the ROX index and its modified versions, mROX, ROX-
HR, and mROX-HR were the most accurate predictors 
of HFNC outcome, as established in multiple previous 
studies [10, 14, 34–38]. However, external validation is 
not common in these studies, and in some cases where 
only internal datasets are available, a separate validation 
cohort was not utilized. This limitation is compounded 
by significant heterogeneity across the studies, includ-
ing variations in the criteria for initiating HFNC therapy 
between centres, onset of intubation, HFNC initiation 
flow settings (ranging from 10 to 60 L/min), and defini-
tion of HFNC failure, which span from 48  h to 28  days 
post-initiation. These factors may help explain the sub-
stantial variation in the performance of the ROX index 
when evaluated at the same timepoint across differ-
ent studies. Moreover, some previous studies [37] have 
reported low discrimination and poor calibration of ROX 
at 2 h, with an AUC of 0.57. In [37], for example, approxi-
mately 40%, 57%, and 53% of patients in the identified 
low-, intermediate-, and high-risk groups, respectively, 
experienced treatment failure, indicating poor stratifica-
tion of ROX indices, which aligns with the results found 
here. Although recently proposed alternative indices, 
such as VOX [34], esophageal pressure swing (ΔPes) [18] 
and nasal pressure swing (ΔPnose) [19], have shown good 
predictive performance, these indices are not widely 
available in clinical practice.

Our results shed new light on the relative importance 
in predicting HFNC outcome of those patient measure-
ments which are currently available. Crucially, the PaO2/
FiO2 ratio holds significant predictive value in the ML 
model when ABG measurements are available, whereas 
SpO2/FiO2 does not. The notable increase in predictive 
accuracy provided by ML models which have access to 
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ABG measurements suggests that there could be signifi-
cant benefits to taking arterial blood gasses just before, 
and in the early stages of HFNC therapy, particularly 
in patients with severe AHRF whose peripheral oxy-
gen saturation could be influenced by other factors (i.e. 
hemodynamics). A second interesting point relates 
to the ability of the ML models to exploit trends in the 
measurement data over this initial time period in mak-
ing predictions. This contrasts with current clinical indi-
ces, whose changes over the first two hours of treatment 
did not exhibit strong predictive power (Additional file: 
Tables S3, and S4).

Our study has several strengths. First, the use of three 
different datasets from North and South America for 
external validation instead of a specific subset of patients 
from one institution increases confidence in the general-
izability of the model. Second, both internal and external 
cross-validations were performed, and the developed 
models were compared against optimized thresholds of 
standard clinical indices using the same validation meth-
ods, in order to fairly compare their relative performance 
and robustness. Third, a more reliable and unbiased 
nested repeated cross-validation approach was employed 
for internal performance evaluation. Unlike conventional 
cross-validation, which relies on a single run for model 
selection and performs feature selection prior to valida-
tion, nested repeated cross-validation mitigates the risk 
of overfitting, reduces performance overestimation, and 
provides more stable and reliable performance estimates 
with lower variance, particularly for small datasets [39, 
40]. Fourth, all data were collected at or before the time 
of HFNC initiation and at 2  h post-initiation, providing 
an accurate test of the feasibility of early prediction of 
HFNC failure. Fifth, advanced feature engineering tech-
niques were integrated into the nested cross-validation 
framework, including a genetic feature search algorithm, 
which facilitates an extensive exploration of a broad fea-
ture space and captures non-linear interactions between 
features (see Fig. 2). Finally, the model development fol-
lowed all steps outlined in the guidelines proposed in the 
recent publication: Developing Clinical Prediction Mod-
els: A Step-by-step Guide [41].

Some limitations must also be carefully considered 
before incorporation of the proposed ML models in 
clinical practice. First, although the granularity of the 
measurements available in the analysed datasets is 
high, the total number of patients available in our data-
sets is still smaller than what would typically be used 
for the training and validation of ML models. Second, 
the requirement for measurements at consistent time 
points restricted the external validation cohort for 
the ML models using ABG measurements to the 57 

patients from the eICU and MIMIC-IV databases, who 
had all measurements available at the required time 
points. Third, we did not assess the predictive power of 
some physiological variables (e.g. inspiratory effort and 
tidal volumes), as they are not routinely measured dur-
ing HFNC therapy and are absent from data on patients 
treated with HFNC in the external datasets. Last, it 
must be emphasised that decisions regarding modifica-
tion or escalation of non-invasive respiratory support 
are inherently extremely complex—while models of the 
type considered here can provide very useful informa-
tion, they are no substitute for clinical judgement.

Conclusions
In this study, we developed and tested machine learning 
models to predict the risk of HFNC treatment failure 
in patients with AHRF, using only measurements made 
in the first two hours of the patients’ course of treat-
ment. Models based on the support vector machine 
algorithm demonstrated improved predictive accuracy, 
discrimination and calibration compared to optimized 
thresholds calculated for currently used clinical indi-
ces. While real-time decision support tools based on 
machine learning models should never be seen as a 
replacement for careful clinical judgement, our results 
suggest that they could provide valuable real-time 
assistance to clinicians in identifying patients who are 
at higher risk of failing HFNC, allowing their treatment 
to be adjusted or escalated in a timely fashion.
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