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Abstract

Background

The in-hospital mortality of acute respiratory distress syndrome can reach 35—45%,
with patients requiring a more convenient and accurate way to assess the disease
condition, which can change even more rapidly in patients undergoing mechanical
ventilation in intensive care units.

Methods

Eligible patients in MIMIC-IV v3.0and elCU Collaborative Research Database
v2.0were screened by the Berlin definition to examine the comparison of the diagnos-
tic abilities of SpO,*10/FiO,*PEEP (S/F*P), PaO,*10/FiO,*PEEP (P/F*P), and SpO,/
FiO, (S/F), with nine types of machine learning performed on S/F*P for 10 cross-
validations, validating the diagnostic ability of the models for ARDS patients.

Results

ROC_AUC=0.700(95 CI:0.624~0.777) for S/F, ROC_AUC=0.720(95
Cl:0.668~0.772) for P/F*P, and ROC_AUC=0.761(95 CI:0.693~0.830) for S/F*P
showed that S/F had a better fit in diagnosing ARDS with slightly inferior efficacy to
P/F*P, had superior diagnostic efficacy after incorporating peep into S/F, and S/F*P
showed good diagnostic efficacy in 9 machine learning and 10 cross-validations. In
terms of predicting the prognosis of patients, the ability of S/F*P is not as good as
S/F, but the grading of S/F*P has a more positive significance for the evaluation of
the prognosis of patients.
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Conclusion

S/F*P provides a more convenient judgment for mechanically ventilated patients,
avoiding the phenomenon of clinical diagnosis of PEEP and oxygenation index sep-
aration as much as possible, minimizing invasive operation of patients and improving
the selection of ARDS treatment modalities. Therefore, S/F*P provides a reference
for the early treatment of ARDS in the clinic to improve the resource allocation in the
ICU and reduce the mortality of patients, Given all patients had ARDS diagnosis, this
study evaluated relative diagnostic performance among indices rather than disease
vs. non-disease discrimination.

Introduction

Acute respiratory distress syndrome (ARDS) is a life-threatening respiratory fail-

ure characterized by severe hypoxemia due to inflammatory pulmonary edema [1],
which means ARDS is an acute diffuse lung injury associated with susceptible risk
factors and is characterized by inflammation-induced pulmonary vascular permeabil-
ity increase and alveolar collapse. The hallmarks are hypoxemia and bilateral x-ray
infilirates, increased right-to-left pulmonary venous mixing, increased physiologic
dead space, and decreased respiratory compliance. Diffuse alveolar damage (i.e.,
pulmonary edema, inflammation, vitreous membranes, and alveolar hemorrhage) is
the typical morphologic manifestation [2].

The 2012 Berlin definition categorizes hypoxia into low (200 mmHg <PaO,/

FiO, <300 mmHg), moderate (100 mmHg<PaO,/ FiO,<200 mmHg), and severe
(PaO,/ FiO, =100 mmHg) according to the degree of hypoxia [3]. A new global defi-
nition of acute respiratory distress syndrome in 2023 presents the use of SpO, as a
diagnosis of ARDS as a complement to the Berlin definition, which means ARDS can
be diagnosed when SpO, is<97% and SpO,/ FiO,<315, 235<Sp0,/ FiO, <315 was
mild, 145<Sp0,/ FiO,<235 was moderate, and SpO,/ FiO, <148 was severe [4]. ARDS
in-hospital mortality can be as high as 35-45%, with even a 31% mortality rate for
patients having a rapid relief of ARDS symptoms. It has been observed that a mortality
rate of 27% for mild ARDS, 32% for moderate ARDS, and 45% for severe ARDS [5].

The Berlin definition showed that a PEEP 25 cmH, O is the basic requirement for
ARDS diagnosis, but PEEP can affect PaO,. Therefore, lower PEEP settings can
result in more patients being labeled as having severe ARDS, with patients with
higher positive pressure ventilation settings being defined as having mild or even no
ARDS. This separate definition of PEEP and PaO, severity leads to inaccurate pre-
dictions and uncertainty about when to implement specific therapeutic interventions
[6]. The Berlin definition helps to identify severe ARDS but may be less meaningful in
differentiating between mild and moderate disease [7].

In intensive care units, mechanical ventilation is essential to correct hypoxemia
due to ARDS, with PEEP as an important parameter of mechanical ventilation [8].
However, there is still no PEEP for optimal treatment because of undetermined PEEP
standards, which means the value of PEEP is necessary to be adjusted in time for
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different therapeutic needs. For example, a higher PEEP will be used to improve the patient’s condition in the case of low
tidal volume, which depends more on the judgment of clinicians without a standardized PEEP adjustment strategy [9—12].
However, an inappropriate PEEP strategy can lead to further lung injury in patients [13].

Therefore, it is important to find a timely and convenient indicator to observe the occurrence of ARDS for the early
prevention or treatment of ARDS in patients, which is important for the prognosis of patients. Ratios of ventilator-related
parameters like SpO,*10/ FiO, (S/F), SpO,*10/FiO,*PEEP (S/F*P), and Pa0O,*10/ FiO,*PEEP(P/F*P) have been studied
for the prediction of ARDS incidence [6 14].

In the study, a machine learning approach was used to examine the diagnostic and prognostic value of S/F*P in
mechanically ventilated patients with ARDS and compare it with several established formulas to establish convenient and
validated assessment indicators for evaluating patients with ARDS undergoing mechanical ventilation.

Methods
Study design and patient selection

Patients with a confirmed diagnosis of ARDS were identified from the MIMIC-IV v3.0 and elCU Collaborative Research
Databasev2.0, two publicly available, de-identified critical care datasets hosted on PhysioNet. For each patient, the vari-
ables SpO,, FiO,, PEEP, and PaO, were extracted within three predefined time intervals following ICU admission: 0—24
hours, 48—72 hours, and 72—168 hours. Within each interval, the worst recorded value (i.e., the most severe oxygenation
impairment) was selected for analysis to calculate oxygenation indices, including S/F, S/F*P, P/F, and P/F*P. After excluding
patients with missing data or outliers, 428 patients from the MIMIC-IV dataset and 561 patients from the elCU Collabora-
tive Research Database v2.0 dataset were included in the final analysis (initially N=515 and N=692, respectively).Patients
with a confirmed diagnosis of ARDS were extracted from the MIMIC-IV and elCU Collaborative Research Database v2.0
according to the Berlin definition. Because all enrolled subjects already met the diagnostic criteria for ARDS, the purpose of
this analysis was not to distinguish ARDS from non-ARDS cases, but rather to compare the relative diagnostic performance
among different oxygenation indices (S/F, S/F*P, and P/F*P) in evaluating ARDS severity. This approach allows internal
comparison of indices within a clinically homogeneous ARDS population and reflects their practical value for classification
and monitoring. To further explore the ability to predict the prognosis of patients and the ability to diagnose grading, the data
of patients who survived >3 days (N=853) was selected to build the formula using the last value of 3 and 7 days. Finally,
the demarcation of S/P*F for different grades of ARDS was delineated based on the formula results on day 7 corresponding
to the Berlin definition, where 0 is for patients without a diagnosis of ARDS on day 7 (N=167), 1 is for patients with mild dis-
ease (N=112), 2 is for patients with moderate disease (N=251), and 3 is for patients with severe disease (N=313).(Fig 1)

MIMIC-IV v3.0 database

The publicly available MIMIC-1V v3.0 database [15—17] containing information on patient hospitalizations from 2008-2022
was used in the study, which is an important database in the field of intensive care units.

elCU collaborative research database v2.0 database

The elCU Collaborative Research Database v2.0 is a multicenter database containing de-identified health data related to
more than 200,000 ICU admissions in the United States between 2014 and 2015. The database includes vital sign mea-
sures, care plan documentation, disease severity measures, diagnostic information, and treatment information [16,18,19].

Experimental methods

Patients with ARDS were identified by the Berlin definition; we compared diagnoses derived from S/F, S/F*P, and the
traditional Berlin criteria to assess diagnostic performance across S/F, S/F*P, and P/F*P. We then visualized and analyzed
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MIMIC3.0: Diagnosis of eicu: Diagnosis of ards
ards N=692
N=515
Removing missing Removing missing
values, N=428 values, N=561

Survive more than three
days, N=853

Remove extreme values,
N=10

Final data:N=843, S/F+P classification:Mild, severe and moderate disease:N=112,
N=251, N=313

Fig 1. Technology Roadmap.

https://doi.org/10.1371/journal.pone.0341004.9001

predictive performance for ARDS diagnosis. For prognosis, the optimal decision threshold was set by the Youden index
computed on the training dat.

Nine machine-learning classifiers—Decision Tree (DT), Random Forest (RF), XGBoost, LightGBM, Elastic Net (ENet),
Support Vector Machine (SVM), Multi-Layer Perceptron (MLP), K-Nearest Neighbors (KNN), and Logistic Regression—
were trained on S/F*P and S/F. Data were split with stratification (70% training, 30% testing). Hyperparameters were
tuned with 10-fold cross-validation on the training set and models were then refit on the full training data and evaluated
on the held-out test set; model validation used accuracy, ROC-AUC, and PR-AUC, and probability calibration curves were
drawn using binning and windowed methods [19-21].
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Result evaluation

For the ROC curve, it is excellent with an AUC 2 0.9, it is “good” with an AUC between 0.8 and 0.9, it is “fair” with an AUC
between 0.7 and 0.8, it is “poor” with an AUC between 0.6 and 0.7, and it is “very poor” with an AUC below 0.6. SHAP was

used for further visual evaluation of the model results

Results

Patient information

Among 843 participants, 323 (38.3%) were in the Death group, while 520 (61.7%) were in the Live group. Participants

in the Death group were older (mean age 62.8 + 15.3 years vs 55.2+15.6 years; p<0.001) and had higher SOFA scores

(mean 9.4+3.9 vs 7.6+3.1; p<0.001). The Death group had lower SpO2 on day 1 (mean 93.1+7.1 vs 94.1+5.7;

p=0.024). No statistically significant differences were observed in PEEP day 1 (p=0.321), FiO2 day 1 (p=0.051), Pa0O2

day 1 (p=0.160), tidal volume (p=0.919), hemoglobin (p=0.934), gender (p=0.273), or sepsis prevalence (p=0.972)

between the groups.(Table 1)

SP/F has a better diagnostic ability

Fig 2 and Table 2 show that ROC_AUC=0.700(95 CI:0.624~0.777) for S/F, ROC_AUC=0.720(95 CI:0.668~0.772) for
P/F*P, and ROC_AUC=0.761(95 CI:0.693~0.830) for S/F*P.

S/F has a better predictive ability of prognosis than S/F*P

In order to verify the predictive ability of S/F*P for prognosis, ROC curves were plotted for all patients and patients with

PEEP =8, respectively (Fig 3, Tables 3 and 4), ultimately yielding S/F (S/F) of 0.598 and 0.603, S/F*P (S/FS/F*P) of 0.585
and 0.589, P/F*P (P/FP/F*P) of 0.608 and 0.600, and P/F (P/F) of 0.567 and 0.533 at day 3, as well as S/F (S/F) of 0.696
and 0.710, S/F*P (S/FS/F*P) of 0.686 and 0.698, P/F*P (P/FP/F*P) of 0.650 and 0.639, and P/F (P/F) of 0.626 and 0.633
at day 7.Although P/F showed the highest AUC among the indices, the overall discriminatory performance of all models

remained modest (AUC <0.7), indicating limited prognostic accuracy. Nevertheless, these indices may still provide prelimi-
nary guidance for early risk stratification in ARDS management.

Table 1. Patient information.

Variables Total (n = 843) Live (n = 520) Death (n = 323) P
Age 58.078+15.895 55.172+15.573 62.757 £15.302 <.001
SOFA 8.284+3.535 7.587+3.130 9.406+3.853 <.001
PEEP day1 10.165+4.536 10.042+4.457 10.361+4.661 0.321
SpO2 day1 93.740+6.287 94.146+5.671 93.085+7.128 0.024
FiO2 day1 80.206 +23.800 78.960+24.147 82.214+23.127 0.051
Pa02 day1 115.403+80.499 118.473+85.781 110.461+71.027 0.160
Tidal Volume 432.933+91.827 433.186+90.763 432.524 +93.655 0.919
Hb 9.700+3.410 9.707 £3.497 9.688+3.269 0.934
Gender, n(%) 0.273
F 354 (41.993) 226 (43.462) 128 (39.628)

M 489 (58.007) 294 (56.538) 195 (60.372)

Sepsis, n(%) 0.972
N 178 (21.115) 110 (21.154) 68 (21.053)

Y 665 (78.885) 410 (78.846) 255 (78.947)
https://doi.org/10.1371/journal.pone.0341004.t001
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Fig 2. AUC curves for the diagnosis of ARDS. Sfp1:SpO2 * 10/FiO2 * PEEP (S/F*P), pfp1:Pa0O2 * 10/FiO2 * PEEP (P/F*P),sf1: SpO2 * 10/FiO2 (S/F).

https://doi.org/10.1371/journal.pone.0341004.9002

Table 2. AUC curves for the diagnosis of ARDS. Sp0O2 * 10/FiO2 * PEEP (S/F*P), PaO2 * 10/FiO2 * PEEP (P/F*P), SpO2 * 10/FiO2 (S/F).
Area Under the Curve

Area Std. Error® Asymptotic Sig.” Asymptotic 95% Confidence Interval
Lower Bound Upper Bound
0.700 0.039 <0.001<0.001 0.624 0.777
0.720 0.027 <0.001<0.001 0.668 0.772
0.761 0.035 <0.001 0.693 0.830

https://doi.org/10.1371/journal.pone.0341004.t002

Machine Learning for S/F and S/F*P

Detailed indicators for different models in the test set were derived through nine kinds of machine learning (Fig 4). Fig
shows AUC=0.6061 for Logistic (logistic regression), AUC=0.6423 for DT (decision tree), AUC =0.6064 for ENet (elas-
ticity network), AUC =0.6349 for KNN (K-Nearest Neighbors), AUC =0.6438 for LightGBM, AUC =0.6601 for RF (random
forest), AUC=0.6439 for XGBoost (extreme gradient boosting), AUC=0.6039 for SVM (support vector machine), and
AUC=0.6073 for MLP (multilayer perceptron).
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https://doi.org/10.1371/jou

rnal.pone.0341004.9003

Table 3. Predictive power of S/F, S/F*P, PIF*P, and P/F for the prognosis of all patients.

Area Under the Curve

Test Result Variable(s) Area Std. Errora Asymptotic Sig.b Asymptotic 95% Confidence Interval
Lower Bound Upper Bound
S/F3 0.603 0.027 <0.001 0.549 0.656
SIF7 0.710 0.025 <0.001 0.661 0.760
S/FS/F*P3 0.589 0.027 0.001 0.536 0.641
S/IFS/IF*P7 0.698 0.025 <0.001 0.649 0.747
P/FP/F*P3 0.600 0.026 <0.001 0.548 0.652
P/FP/F*P7 0.639 0.026 <0.001 0.587 0.690
P/F3 0.553 0.027 0.052 0.5 0.606
P/F7 0.633 0.027 <0.001 0.581 0.686

https://doi.org/10.1371/jou

rnal.pone.0341004.t003

Cross-validation

The line chart of the cross-validated models (Fig 5) was obtained after 10 cross-validations, with the average ROC
AUC t standard deviation of each model shown in the Figs. Fig 6 shows 0.63+0.03 for DT (Decision Tree), 0.69+0.03 for
ENet, 0.65+0.02 for KNN (K-Nearest Neighbors), 0.66 £ 0.03 for LightGBM, 0.70+0.02 for Logistic, 0.70+0.02 for MLP
(multilayer perceptron), 0.68+0.02 for RF (random forest), 0.69+0.02 for SVM (support vector machine), and 0.69+0.03

for XGBoost.

Cox analysis of 28-day survival for S/F

Table 5 shows B (regression coefficient) of —0.095, SE (standard error) of 0.012, Wald (Wald statistic) of 62.821, DF
(degrees of freedom) of 1, Sig. (significance level) of <0.001, Exp(B) (risk ratio) of 0.909, 95.0% CI for Exp(B) (95%
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Table 4. Predictive power of S/F, S/F*P, P/IF*P, and P/F for prognosis in patients with PEEP>8.

Area Under the Curve

Test Result Variable(s) Area Std. Errora Asymptotic Sig.b Asymptotic 95% Confidence Interval
Lower Bound Upper Bound
S/F3 0.603 0.027 <0.001 0.549 0.656
SIF7 0.710 0.025 <0.001 0.661 0.760
S/FS/F*P3 0.589 0.027 <0.001 0.536 0.641
S/FS/F*P7 0.698 0.025 <0.001 0.649 0.747
P/FP/F*P3 0.60 0.026 <0.001 0.548 0.652
P/FP/F*P7 0.639 0.026 <0.001 0.587 0.690
P/F3 0.553 0.027 0.052 0.5 0.606
PIF7 0.633 0.027 <0.001 0.581 0.686

https://doi.org/10.1371/journal.pone.0341004.t004
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— xgboost, ROCAUC=0.6439

svm, ROCAUC=0.6039
mip, ROCAUC=0.6073

0.00 0.25 0.50 0.75
1 - specificity

Fig 4. ROC_AUC for the nine machine learning models.

https://doi.org/10.1371/journal.pone.0341004.9004

Confidence Interval of risk ratio) of (0.888, 0.931), with the significance of S/F less than 0.01 indicating statistically sig-
nificant. Fig 7A shows a gradual decrease in survival rate with increasing time. Fig 7B shows the risk of events gradually

increases with time.
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S/P*F ranges for different Berlin definitional grades

Supplementary S1 Table in S1 File and Fig 8 show that Patients who are not ARDS have degree07 =0, Mean of 39.067, 95%
Confidence Interval of [35.881, 42.252], 5% Trimmed Mean of 38.0378, Median of 38.400. Patients with mild ARDS have
degree07=1, and Mean of 29.476, 95% Confidence Interval of [27.387, 31.564], 5% Trimmed Mean of 29.064, and Median
of 25.881. Patients with moderate ARDS have degree07 =2, Mean of 23.556, 95% confidence interval of [22.184, 24.927],
5% Trimmed Mean of 22.875, and Median of 19.200. Patients with severe ARDS have degree07 =3, Mean of 14.255, 95%
Confidence interval of [12.747, 15.764], 5% Trimmed Mean of 13.445, and Median of 11.644. ROC analysis was carried out
for mild-moderate and moderate-severe patients and yielded cutoff values of 24.460 and 12.700, respectively. Based on the
S/F classification and the average value of the sought PEEP(Mean=10), we propose that for mild ARDS patients, 23.5<S/F
* P<31.5; for moderate ARDS patients, 14.8<S/F * P<23.5; and for severe ARDS patients, S/F * P<14.8.

Discussion

It should be noted that all patients included in this study were clinically diagnosed with ARDS; therefore, our objective
was to evaluate the relative diagnostic performance of oxygenation indices in classifying ARDS severity, rather than
distinguishing ARDS from non-ARDS conditions. Within this homogeneous population, S/F*P showed slightly improved
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https://doi.org/10.1371/journal.pone.0341004.9006
Table 5. Cox analysis of S/F for 28-day survival.
Variables in the Equation
B SE Wald df Sig. Exp(B) 95.0% CI for Exp(B)
Lower Upper
SIF7 -0.095 0.012 62.821 1.000 <0.001 0.909 0.888 0.931

https://doi.org/10.1371/journal.pone.0341004.t005

discrimination of severity compared with traditional indices such as S/F and P/F*P. However, when assessing prognos-

tic prediction, the AUC values of all indices (0.55—0.70) indicated only poor-to-fair discrimination, suggesting that these
formulas are more useful as auxiliary grading and monitoring tools than as independent predictors of mortality. Recently, it
has been suggested that incorporating PEEP into the P/F ratio can reflect pulmonary compliance and lung recovery when
assessing the severity of ARDS [7]. ROC curve calculations were performed by including PEEP in the newly proposed
diagnostic criteria of SpO,/ FiO, and PEEP in the P/F (P/F*P) for comparison. The results showed ROC_AUC=0.700 (95
Cl:0.624~0.777) for S/F, ROC_AUC=0.720 (95 CI:0.668~0.772) for P/F*P, and ROC_AUC=0.761(95 CI:0.693~0.930)
for S/F*P, indicating that S/F had a better fit in diagnosing ARDS with slightly inferior efficacy to P/F*P, but the diagnostic
efficacy was improved more significantly after incorporating PEEP into S/F, which further illustrated the validity of PEEP
incorporation into S/F diagnosis.
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Fig 7. Cox regression of S/F for 28-day survival. A: survival function plot and B: hazard function plot.
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Fig 8. Box plot of the distribution of S/F*P values under different seventh day Berlin definition classifications.
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The ability of S/F, S/F*P, P/F*P, and P/F to model patient prognosis was analyzed and a graded comparison was per-
formed with PEEP=8 because of the inclusion of PEEP, which ultimately resulted in S/F (S/F) of 0.598 and 0.603, S/F*P
(S/FS/F*P) of 0.585 and 0.589, P/F*P (P/FP/F*P) of 0.608 and 0.600, and P/F (P/F) of 0.567 and 0.533 at day 3, as well
as S/F (S/F) of 0.696 and 0.710, S/F*P (S/FS/F*P) of 0.686 and 0.698, P/F*P (P/FP/F*P) of 0.650 and 0.639, and P/F
(P/F) of 0.626 and 0.633 at day 7, indicating that S/F and S/F*P demonstrated statistically significant but modest predic-
tive ability for patient outcomes.The ROC AUC values ranging between 0.55 and 0.70 fall within the “poor-to-fair’ range,
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suggesting that these indices should be interpreted as auxiliary markers for early evaluation rather than independent prog-
nostic tools.Their clinical utility lies primarily in supporting timely oxygenation assessment and risk stratification rather than
in accurately predicting mortality. It was found that the predictive ability of S/F*P for patients with ARDS still lags behind
that of S/F but is still better than that of P/F*P and P/F at the same level despite the inclusion of PEEP in the calcula-
tions. With the increase in PEEP, the ability of the formulas in all groups except P/F*P tended to increase, which might be
related to the fact that the increased P/F could not reflect the real situation of the patients after the PEEP increase, but it
still needs to be verified by further studies. It was finally concluded that P/F had the best predictive ability, whose Youden’s
index was calculated to be 181.90 at the maximum, which was used as the cutoff value, based on which the patient with
S/F value lower or equal to 181.90 is considered to be at a higher risk of death. In clinical practice, this cutoff value can
help physicians make more targeted treatment decisions. Closer monitoring and more aggressive therapeutic measures
may be needed for those patients with S/F values below 181.90. This cutoff value can also be used for prognosis assess-
ment, with patients with S/F values below this threshold requiring more attention and possible interventions to reduce the
risk of death.

Random Forest (RF) achieved the highest score on ROC AUC (0.660), followed by XGBoost (0.644) and LightGBM
(0.644). RF also had a relatively high PR AUC (0.536), indicating its good performance in actual classification ability. Bal-
anced Accuracy reflects the model’s performance in handling imbalanced data: LightGBM had the highest balanced accu-
racy (0.642), followed by XGBoost (0.638) and Random Forest (0.606). Sensitivity and Specificity: LightGBM performed
well in both sensitivity and specificity, effectively capturing both positive and negative categories. From the decision curve,
Random Forest and LightGBM had higher net benefits at most thresholds. In the cross-validation plot, Random Forest
showed more stable performance with less fluctuation. Based on the above analysis, Random Forest (RF) and LightGBM
are the best choices. Due to Random Forest’s better stability, it is selected as the optimal model.

In Table 5, B (Coefficient): —0.095 is the regression coefficient of S/F7, which indicates that the log-odds of an event
decrease by 0.095 for each unit increase in S/F7. Sig. (Significance): 0 represents the p-value, the very small of which
(much less than 0.05) indicates that S/F7 has a significant effect on the model prediction. Exp(B) (Odds Ratio): 0.909 is
the Odds Ratio, which indicates that the event rate decreases by 9.1% for each unit increase in S/F7. 95.0% CI for Exp(B)
(95% Confidence Interval for Odds Ratio): 0.888 to 0.931 is the 95% confidence interval for the Odds Ratio excluding 1,
which further supports the conclusion that S/F7 has a significant effect on the event rate. These results indicate that S/F
is a significant predictor in the model, which means that an increase in S/F is associated with an increase in survival time
under the control of other variables. Specifically speaking, the risk of an event is reduced by approximately 9.1% for each
unit increase in S/F, with the effect being statistically significant.

The performance of all machine learning models remained modest, with AUC values below 0.75 across algorithms.
This finding aligns with the results of traditional ROC analysis, suggesting that oxygenation indices alone have limited
discriminative power for predicting outcomes in ARDS. The use of machine learning in this study was intended for explor-
atory validation rather than clinical application. These results highlight that integrating additional physiologic and clinical
variables—such as ventilator settings, comorbidities, and inflammatory markers—may be necessary to enhance predictive
accuracy in future studies. Among all machine learning algorithms, the random forest model was selected for SHAP anal-
ysis because it exhibited relatively stable performance and provided better interpretability for feature contribution visual-
ization (Figs 9-12). Analysis of the average absolute SHAP values (Feature Importance graph) revealed that degree_S/
FS/F*P had the highest contribution, followed by degree_S/F, while degree had the least impact. The significant contribu-
tions of degree_S/FS/F*P and degree_S/F suggest that these features capture the complexity of patient conditions more
effectively. In the SHAP value box plots, degree_S/FS/F*P showed a clearer distinction between positive and negative
predictions, indicating its strong discriminatory power. Degree_S/F and degree exhibited weaker influences, particularly
with degree’s distribution clustering around zero, which suggests limited discrimination capability for model predictions.
Among the degree series, degree_S/F,S/F*P emerged as the most important feature, exerting the greatest influence and
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demonstrating robust predictive power. From the SHAP importance graph, the oxygenation index (S/F) had the highest
average SHAP value, followed by S/F,S/F*P and P/F. This indicates that S/F is the most critical factor for model prediction,
with S/F,S/F*P and P/F contributing progressively less. The wider distribution of S/F’'s SHAP values highlights its substan-
tial impact on both positive and negative classifications. In contrast, the narrower distributions of S/F,S/F*P and P/F sug-
gest their relatively lower influence on model predictions. SHAP interaction analysis revealed that higher S/F values were
generally associated with lower prediction risks, confirming S/F’s role as the most important indicator among S/F, S/F,S/
F*P, and P/F. This underscores that S/F better reflects the physiological information relevant to prediction in this model.

It was mentioned in a study on the effect of PEEP on AECC definition by Elisa Estenssoro et al. that the diagnosis of
patients with ARDS by PaO,/ FiO, masks ARDS as hypoxemia improves with increasing PEEP [22]. The Berlin definition
of PEEP only makes a provision for PEEP 25 mmH,O. Therefore, the question that improved oxygenation indices with the
elevated PEEP because of the gradually elevated treatment requirements is caused by patient’s improved lung condi-
tion or greater exogenous PEEP remains unclear. It is not advisable to ignore lung damage because of elevated PaO,/
FiO, [23]. The “lung opening” strategy proposed by B. Lachmann has become a common clinical strategy for protective
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ventilation, including lung recruitment maneuvers and maintenance of continuous alveolar stabilization. For example,
PEEP can be gradually increased to 35 mmH,O in ventilatory PVC mode [24,25]. However, a high PEEP is still needed
to maintain the lungs after opening, with drawbacks in the aspects of how the progression of ARDS patients during this
period can be determined.

SpO,/ FiO, can be used to diagnose ARDS in resource-limited areas, with its accuracy reduced in poor perfusion or
oxygen saturation above 97%, as well as in patients with darker skin pigmentation. Therefore, the recognition ability
of SpO,/ FiO, needs to be determined by further prospective studies [26]. There is still a need for a better and simpler
method for early recognition of ARDS. PEEP has been introduced to help in diagnosis, allowing real-time assessment of
patient condition. Unfortunately, there was no significant improvement in predicting patient prognosis.

It was suggested in a study by Tommaso Mauri et al. that higher positive end-expiratory pressures and lower levels of
support increased the proportion of tidal ventilation that reaches the dependent lung regions in patients with acute respi-
ratory distress syndrome receiving pressure support ventilation, thus producing more homogeneous ventilation [27]. High
airway pressures have been proposed to open collapsed ARDS lungs and partially open edematous lungs in a study by
Valente Barbas et al. High PEEP levels and low tidal volume ventilation can reduce bronchoalveolar and plasma inflam-
matory mediators to improve survival compared to low PEEP/high tidal volume ventilation. It is needed to apply more sen-
sitive information to determine the lung condition and adjust PEEP strategies on time when attempting to achieve better
therapeutic outcomes by increasing PEEP.
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There are still some limitations in the study. For example, the study was performed only based on the existing data
in the database and lacked more precise and dynamic clinical data for reference. In the database, the confirmed severe
patients occupy the majority, which may have a certain impact on the data.In addition, only the diagnostic formula for
ARDS was investigated in the study, which still needs to be further improved despite its statistical significance in the
prediction of patient prognosis. Therefore, further research is needed to investigate the assessment ability of S/F*P on the
prognosis of ARDS patients in different settings.

Conclusion

In the study, a new formula SpO,*10/(FiO,*PEEP) (S/F*P) with diagnostic and predictive value was provided by retrieving
data from the MIMIC-IV v3.0 and elCU Collaborative Research Database v2.0databases in conjunction with the Berlin
definition for ARDS patients. The stability and reliability of the model were further tested by nine machine learning and
cross-validation methods, and a new corresponding grading of ARDS was proposed to assist the diagnosis by combining
the statistical methods, which improved the ARDS diagnosis. In addition, the comparison results showed that this formula
has a better diagnostic value than (PaO, * 10)/(FiO, * PEEP) (P/F*P), SpO,/ FiO, (S/F), and other formulas. In terms

of predicting the prognosis of patients, the ability of S/F*P is not as good as S/F, but the grading of S/F*P has a more
positive significance for the evaluation of the prognosis of patients.The study also provides a more convenient way of
judgment for mechanically ventilated patients, which can try to avoid the phenomenon of clinical diagnosis of PEEP sep-
arating from oxygenation index, as well as improve the choice of ARDS treatment method, providing a reference for the
early treatment of ARDS in the clinic, helping to improve the resource allocation in the ICU and reduce the mortality rate of
patients.

Given that all patients in this study had a confirmed diagnosis of ARDS, the analyses focused on the relative diagnostic
performance of different oxygenation indices rather than on disease versus non-disease discrimination. Although addi-
tional physiological parameters—such as tidal volume, plateau pressure, mean airway pressure, and ventilation mode—
are clinically relevant, these variables contained substantial missing data. Including them would have drastically reduced
the effective sample size and compromised both statistical validity and external generalizability; thus, they were excluded
from the final analysis.

While hemoglobin and sepsis were incorporated and the SOFA score was used to adjust for systemic dysfunction,
other patient-related factors, particularly detailed comorbidities, were incompletely recorded. Incorporating these param-
eters would have markedly decreased the available sample size and weakened model robustness, which remains an
inherent limitation of this retrospective database study.

Future prospective studies with standardized and comprehensive data collection are warranted to confirm and extend
these findings. Moreover, the relatively low AUC values (mostly below 0.7) indicate that the prognostic capacity of these
indices remains limited; therefore, they should be interpreted as auxiliary tools for early evaluation rather than as indepen-
dent predictors of outcomes without further external validation.

Supporting information

S1 File. Descriptive statistics of S/F*P (SFP7) values across different Berlin definition grades on day 7.
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