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Abstract

Background
Acute respiratory distress syndrome (ARDS) is a life-threatening form of acute diffuse lung injury that can be triggered
by various factors, including pneumonia, sepsis, trauma, and other etiologies. The definition of ARDS has undergone
multiple revisions to date, with the new global definition (2023) introducing significant updates to the clinical
diagnosis and treatment of this syndrome. This study aimed to develop and validate an interpretable prognostic
prediction model for ARDS patients via machine learning techniques based on a new global definition.

Methods
We extracted patient data from the Medical Information Mart for Intensive Care-IV database (MIMIC-IV, version 2.2)
for model training. For external validation, we used clinical data from patients who met the new global definition of
ARDS and were admitted to the Affiliated Hospital of Xuzhou Medical University. LASSO regression with cross-
validation was employed to select key prognostic variables. We subsequently constructed predictive models for 28-
day mortality in ARDS patients via eight machine learning algorithms: logistic regression, random forest, decision tree,
support vector classifier (SVC), LightGBM, XGBoost, AdaBoost, and multilayer perceptron (MLP). Model performance
was assessed via receiver operating characteristic (ROC) curves, decision curve analysis (DCA), and calibration
curves. SHAP values were used to interpret the machine learning models.

Results
A total of 3382 ARDS patients were included in our analysis, from which 15 key variables were selected for model
development. On the basis of the area under the ROC curve (AUC), DCA, and calibration curves, the SVC model
demonstrated strong performance, achieving an average AUC of 0.819 (95% CI: 0.786–0.855) in the internal validation
set and 0.871 in the external validation set.

Conclusion
Our machine learning-based prognostic prediction model for ARDS patients, developed in accordance with the new
global definition, demonstrates reliable performance and can support clinical decision-making by helping clinicians
formulate personalized treatment plans.

Introduction
Acute respiratory distress syndrome (ARDS) is a clinical syndrome primarily characterized by refractory hypoxemia
and respiratory distress. Its fundamental pathophysiological alterations involve increased permeability of the
alveolar‒capillary membrane resulting from various direct or indirect insults, leading to alveolar and interstitial
edema, intra-alveolar hemorrhage, and hyaline membrane formation, which collectively cause hypoxemia and
respiratory compromise [1]. ARDS represents one of the most common critical illnesses in intensive care units (ICUs),
complicating approximately 10% of all ICU admissions and 23% of mechanically ventilated patients [2]. Despite its
high incidence, studies have reported an alarming in-hospital mortality rate of 35–45% among ICU patients with ARDS
[2, 3].
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The diagnostic criteria for ARDS are crucial for early identification and severity stratification. The clinical definition of
ARDS has undergone multiple revisions, with the 2012 Berlin definition playing a pivotal role in guiding clinical
diagnosis and therapeutic management. The Berlin definition establishes four key diagnostic parameters: mechanical
ventilation, oxygenation index (PaO₂/FiO₂ ratio), positive end-expiratory pressure (PEEP), and pulmonary imaging
findings [3]. However, during its decade-long clinical application, several limitations have become apparent. Most
notably, the Berlin definition fails to adequately diagnose ARDS in critically ill patients who are not receiving
mechanical ventilation or who lack arterial blood gas analysis results, particularly in resource-constrained settings [4].

To address these limitations, an international panel of 32 critical care experts jointly published the New Global
Definition of ARDS in May 2023. This updated framework incorporates diagnostic criteria for patients receiving
noninvasive ventilation or high-flow nasal oxygen (HFNO) therapy. Importantly, it introduces pulse oximetry-derived
oxygenation (SpO₂/FiO₂ ratio) as a key diagnostic parameter, replacing the traditional arterial blood gas-dependent
oxygenation index [5]. The new global definition thus significantly expands clinical applicability while providing
important updates for ARDS diagnosis, severity assessment, and therapeutic management.

Machine learning (ML), a critical branch of artificial intelligence, empowers computer systems to perform decision-
making and predictive tasks through advanced data analytics. In the medical field, ML techniques are being rapidly
implemented for comprehensive database analyses, with applications spanning disease prediction, diagnostic
support, personalized treatment strategies, pharmaceutical development, epidemiological investigations, and medical
image interpretation [6]. Recent studies have increasingly employed ML algorithms to predict clinical outcomes in
ARDS patients. For example, Maddali et al. developed ML models to identify and validate ARDS subphenotypes [7],
and Tran et al. constructed a mortality prediction model for ARDS patients via gradient boosting algorithms [8].
Notably, these investigations focused primarily on patient cohorts diagnosed under the Berlin criteria. To date,
research exploring the clinical characteristics and outcome prediction in ARDS patients defined by the new global
definition remains notably limited.

The Medical Information Mart for Intensive Care-IV (MIMIC-IV) database is a comprehensive critical care database
rich in anonymized clinical information that is designed to facilitate medical information sharing and advance critical
care research. This database aggregates diverse data sources from hospital information systems, including
demographic data, laboratory test results, medication records, clinical notes, vital signs, imaging reports, and
physiological waveforms, covering numerous ICU patients over a period of more than ten years. As such, the MIMIC-IV
database provides a solid foundation for developing and validating clinical prognostic prediction models for ARDS
patients diagnosed according to the new global definition.

Therefore, this study aims to identify ARDS patients meeting the new global definition criteria from the MIMIC
database, systematically collect their clinical characteristics, identify prognostic risk factors, and ultimately develop a
clinical outcome prediction model to address this critical research gap.

Methods

Study design and data sources
For this investigation, we used the MIMIC-IV, version 2.2, as the primary data repository. The MIMIC-IV is a publicly
accessible, comprehensive database that includes clinical data from over 190,000 patients treated at Beth Israel
Deaconess Medical Center between 2008 and 2019. It documents more than 450,000 hospital admissions and
approximately 70,000 ICU stays. The database integrates a wealth of information, including patient demographics,
International Classification of Diseases, Ninth and Tenth Revision (ICD-9 and ICD-10) codes, vital signs, laboratory
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reports, imaging data, real-time physiological monitoring data from the ICU, and clinical outcomes. Rigorous
anonymization procedures and stringent privacy protection measures are in place to safeguard patient information.
Access to and use of the database are governed by the Massachusetts Institute of Technology’s Committee on the
Use of Human Subjects, ensuring ethical and regulatory compliance. One author (Shuo Yuan) approved the extraction
of data from the database for research purposes (Certification No. 66326379).

We extracted data from sepsis patients with ARDS who met the new global definition from the database. The new
global definition updates the Berlin definition, with key diagnostic criteria including the following:

1. Acute onset or worsening of hypoxemic respiratory failure within one week of a known risk factor or the
appearance of new or worsening respiratory symptoms.

2. Chest imaging revealed bilateral infiltrates or edema, excluding cardiogenic pulmonary edema.
3. Classification based on ventilation status:
4. Noninventive ARDS: high-flow nasal oxygen (HFNO) with an oxygen flow rate of ≥ 30 L/min or noninvasive

ventilation/continuous positive airway pressure (NIV/CPAP) with a PEEP of ≥ 5 cm H₂O.
5. Intubated ARDS: similar to the Berlin criteria.
6. ARDS in resource-limited settings: Diagnosis can be made under conventional oxygen therapy alone, without

requiring specific respiratory support (e.g., PEEP or high-flow oxygen).
7. Under the above conditions, when SpO₂ ≤97%, a SpO₂/FiO₂ ratio ≤ 315 is required for ARDS diagnosis [5].

Furthermore, we employed machine learning methods to predict 28-day ICU mortality in ARDS patients diagnosed
under the new global definition while also analyzing potential risk factors that may influence clinical outcomes.

Data extraction

Training cohort
We first used structured query language (SQL) in Navicat Premium software (version 16.3.8) to retrieve and extract
raw data from the MIMIC-IV database, including patients' basic clinical information, laboratory test results, imaging
examinations, clinical comorbidities, intensive care records, advanced life support treatments, and clinical outcome
information.

Patients meeting the following criteria and their corresponding data were included in this study: (1) first hospital
admission and first ICU stay; (2) ICU length of stay > 24 hours; (3) age at admission ≥ 18 years; and (4) diagnosis of
ARDS within 24 hours of admission on the basis of the new global definition criteria (detailed diagnostic basis as
described above; the data extraction process is shown in Fig. 1). For extraction of ARDS patients under the new global
definition, we referenced the open-source code from Qian et al.[9], which included the following: (i) initial ventilation
treatment status after ICU admission; (ii) pulmonary imaging (chest X-ray or CT) reports containing text information
such as "bilateral infiltrates" or "edema" suggesting bilateral pulmonary edema; and (iii) oxygenation index (PaO2/FiO2

ratio) and SpO2/FiO2 ratio. We made reasonable improvements to some of the codes: for example, we defined the
oxygenation index and SpO2/FiO2 under initial ventilation status as the worst values within 24 hours of ICU admission
(for cases where the initial ventilation duration was < 24 h, the worst values during the ventilation period were used),
and we used the ICD codes "428" and "I50" and their subcodes to identify and exclude acute cardiogenic pulmonary
edema.
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The specific data we extracted included the following: (1) basic clinical information, such as age at admission, sex,
weight, and height; (2) intensive care records, such as ICU length of stay and vital signs within 24 hours of ICU
admission (including blood pressure, heart rate, respiratory rate, body temperature, oxygen saturation, urine output,
blood glucose, etc.); (3) laboratory test results within 24 hours of ICU admission, such as complete blood count, liver
and kidney function tests, coagulation function, and arterial blood gas; (4) advanced life support treatments, such as
renal replacement therapy, mechanical ventilation, and vasoactive drug use; (5) imaging examinations, such as text
information from pulmonary imaging (chest X-rays and chest CT scans); and (6) patient death records in the
database. Death within 28 days of intensive care unit (ICU) admission was considered a positive outcome. The vital
signs and laboratory test results were included as independent features according to their maximum, minimum,
and/or average values.

External validation cohort
We included patients with ARDS who met the new global definition criteria and were admitted to the Affiliated Hospital
of Xuzhou Medical University from March 2022 to October 2024. The exclusion criteria were consistent with those
used in the training cohort. Clinical data for patients in the external validation cohort were collected on the basis of
the 15 features selected from the training cohort after model training. These features included age at admission,
mean SpO₂, mean body temperature, mean respiratory rate, body weight, red blood cell distribution width (RDW),
presence of metastatic solid tumors, lactate level, serum creatinine level, serum calcium level, chloride level,
international normalized ratio (INR), mean corpuscular volume, anion gap, and logistic organ dysfunction score
(LODS).

Statistical analysis
In the preliminary phase of data analysis, the normality of the data was assessed via the Shapiro‒Wilk test.
Continuous variables with a normal distribution are reported as the means (standard deviations) and were compared
between groups via t tests. Variables with nonnormal distributions are presented as medians (interquartile ranges)
and were analyzed via the Wilcoxon test. Categorical variables are expressed as frequencies (percentages) and were
examined for intergroup differences with the chi-square test, with a significance level set at p < 0.05. Patients were
classified into survival and mortality groups on the basis of their status 28 days after ICU admission and further
divided into the Berlin definition and new global definition groups according to the ARDS diagnostic criteria.

The machine learning models were developed via Python 3.11.7 within a Jupyter Notebook environment. During the
data preprocessing phase, as depicted in Fig. 2, the missing package was employed to visualize the missing data.
Variables with more than 30% missing values (e.g., bicarbonate and albumin) were excluded. For the remaining
missing values, we applied mouse forest multiple imputation, which effectively captures complex relationships
among variables via a random forest model [10]. Continuous variables were normalized with MinMaxScaler, and
categorical variables were encoded via OneHotEncoder.

In the training and validation phase of the machine learning model, we evaluated a spectrum of established and
validated algorithms following LASSO-CV feature selection: logistic regression (LR), random forest (RF), decision tree
(DT), support vector classification (SVC), light gradient boosting machine (LightGBM), eXtreme gradient boosting
(XGBoost), adaptive boosting (AdaBoost), and multilayer perceptron (MLP).

For model development and validation, we employed a fivefold nested cross-validation approach, which was repeated
five times, resulting in a total of 25 independent models. The inner loop was dedicated to hyperparameter
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optimization, whereas the outer loop assessed model performance. In the outer loop, the dataset was partitioned into
five segments, with four allocated for training and one allocated for testing, to prevent data leakage. The inner loop
further divides the training subset into ten parts: nine for hyperparameter tuning and one for performance evaluation.
The optimal model was validated on the outer test set, and this procedure was iterated five times to determine the
best-performing model. To address dataset imbalance, the synthetic minority oversampling technique (SMOTE) and
the Tomek link technique were applied, with hyperparameters refined through Bayesian optimization. Model
performance was compared via the receiver operating characteristic (ROC) curve, area under the curve (AUC),
accuracy, sensitivity, specificity, recall, and F1 score.

SHapley Additive exPlanations (SHAP) is an interpretive tool in machine learning that employs Shapley values to
elucidate the impact of model features on predictions, thereby enhancing model transparency. In this investigation, we
performed SHAP analysis on the MLP model with the highest AUC to facilitate interpretability.

Results
The study cohort comprised 3,382 ARDS patients fulfilling the criteria of the new global definition. Patients were
assigned to survivor or nonsurvivor groups on the basis of their vital status 28 days after ICU admission.

Baseline characteristics
Table 1 presents an overview of the baseline characteristics of the patient population reclassified under the new
global definition, including critical medical history, physiological parameters, laboratory findings, complications, and
advanced life support interventions. The overall mortality rate of the cohort was 23.48%. Univariate analysis revealed
significant differences between survivors and nonsurvivors with respect to age, weight, urine output, mean pulse
oxygen saturation, mean arterial blood pressure, body temperature, pH, arterial oxygen partial pressure, lactate levels,
oxygenation index (PaO2/FiO2), and the SpO2/FiO2 ratio (p < 0.001).
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Table 1
Baseline characteristics of the total population

Variable Survival (n = 2588) Nonsurvival (n = 794) p value2

Age, Median (IQR) 64.06 (52.28–74.39) 67.78 (57.53–79.34) < 0.001

Gender Male, n (%) 1,538 (59) 442 (56) 0.060

Heart rate_mean, Median (IQR) 88.53 (78.20–100.48) 93.36 (79.84–104.42) < 0.001

Respiratory_mean, Median (IQR) 19.96 (17.37–22.86) 22.01 (19.00–25.70) < 0.001

spo2_mean, Median (IQR) 96.68 (95.19–97.99) 96.34 (94.42–98.05) < 0.001

temperature_mean, Median (IQR) 36.98 (36.68–37.36) 36.80 (36.42–37.20) < 0.001

mbp_mean, Median (IQR) 76.48 (71.08–83.71) 73.92 (68.52–81.56) < 0.001

hematocrit_min, Median (IQR) 30.40 (25.90–35.50) 29.50 (24.20–35.20) 0.006

hemoglobin_min, Median (IQR) 10.10 (8.60–11.80) 9.60 (8.00–11.50) < 0.001

wbc_max, Median (IQR) 13.90 (10.30–19.10) 15.60 (10.60–21.60) < 0.001

platelets_min, Median (IQR) 172.50 (119.00–233.00) 150.00 (78.00–226.00) < 0.001

RDW_max, Median (IQR) 14.50 (13.60–15.90) 15.60 (14.20–17.60) < 0.001

MCH_min, Median (IQR) 30.00 (28.60–31.40) 30.10 (28.70–31.70) 0.006

MCHC_min, Median (IQR) 32.60 (31.60–33.70) 32.20 (30.90–33.30) < 0.001

MCV_min, Median (IQR) 90.00 (86.00–94.00) 91.00 (87.00–97.00) < 0.001

pH_min, Median (IQR) 7.31 (7.23–7.37) 7.27 (7.16–7.37) < 0.001

po2_min, Median (IQR) 70.00 (49.00–91.00) 55.00 (40.00–76.00) < 0.001

pco2_max, Median (IQR) 48.00 (42.00–56.00) 48.00 (40.00–58.00) 0.83

spo2fio2ratio_min, Median (IQR) 158.33 (96.00–194.00) 118.75 (92.00–188.00) < 0.001

pao2fio2ratio_min, Median (IQR) 135.00 (88.00–204.56) 102.25 (68.00–166.00) < 0.001

baseexcess_min, Median (IQR) -2.00 (-6.00–0.00) -4.00 (-10.00–0.00) < 0.001

aniongap_max, Median (IQR) 16.00 (13.00–19.00) 18.00 (15.00–23.00) < 0.001

lactate_max, Median (IQR) 2.00 (1.40–3.20) 2.90 (1.60–5.50) < 0.001

INR_max, Median (IQR) 1.30 (1.20–1.50) 1.50 (1.20–2.10) < 0.001

PT_max, Median (IQR) 14.40 (12.80–16.90) 16.10 (13.50–22.20) < 0.001

APTT_max, Median (IQR) 32.10 (28.10–40.40) 38.15 (29.90–57.90) < 0.001

bun_max, Median (IQR) 20.00 (14.00–31.00) 30.00 (20.00–47.00) < 0.001

creatinine_max, Median (IQR) 1.00 (0.80–1.60) 1.30 (0.90–2.30) < 0.001

glucose_mean, Median (IQR) 133.50 (114.52–160.49) 140.88 (115.83–180.11) < 0.001

calcium_min, Median (IQR) 7.90 (7.30–8.40) 7.80 (7.10–8.40) 0.030
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Variable Survival (n = 2588) Nonsurvival (n = 794) p value2

calcium_max, Median (IQR) 8.40 (7.90–8.90) 8.50 (8.00–9.00) < 0.001

sodium_min, Median (IQR) 137.00 (135.00–140.00) 137.00 (133.00–140.00) 0.021

sodium_max, Median (IQR) 140.00 (138.00–143.00) 140.00 (137.00–144.00) 0.21

potassium_min, Median (IQR) 3.90 (3.50–4.20) 3.80 (3.40–4.30) 0.011

potassium_max, Median (IQR) 4.50 (4.10–4.90) 4.60 (4.20–5.30) < 0.001

chloride_max, Median (IQR) 107.00 (103.00–110.00) 106.00 (101.00–112.00) 0.13

chloride_min, Median (IQR) 103.00 (99.00–106.00) 101.00 (97.00–106.00) < 0.001

urineoutput, Median (IQR) 1 586.00 (1,000.00–2,340.00) 1 097.00 (550.00–1,815.00) < 0.001

sapsii, Median (IQR) 37.00 (29.00–47.00) 50.00 (40.00–61.00) < 0.001

sofa, Median (IQR) 6.00 (4.00–10.00) 10.00 (7.00–14.00) < 0.001

lods, Median (IQR) 5.00 (3.00–8.00) 9.00 (6.00–12.00) < 0.001

myocardial_infarct, n (%) 272 (11) 116 (15) 0.002

peripheral_vascular_disease, n (%) 250 (9.7) 80 (10) 0.73

cerebrovascular_disease, n (%) 319 (12) 136 (17) < 0.001

chronic_pulmonTary_disease, n (%) 743 (29) 221 (28) 0.63

rheumatic_disease, n (%) 95 (3.7) 25 (3.1) 0.49

diabetes_with_cc, n (%) 156 (6.0) 35 (4.4) 0.084

diabetes_without_cc, n (%) 579 (22) 148 (19) 0.025

renTal_disease, n (%) 352 (14) 113 (14) 0.65

malignTant_cancer, n (%) 402 (16) 220 (28) < 0.001

metastatic_solid_tumor, n (%) 154 (6.0) 148 (19) < 0.001

mild_liver_disease, n (%) 374 (14) 210 (26) < 0.001

severe_liver_disease, n (%) 179 (6.9) 119 (15) < 0.001

vasoactive_drugs_use, n (%) 1 108 (43) 459 (58) < 0.001

rrt_use, n (%) 83 (3.2) 57 (7.2) < 0.001

aki_2day, n (%) 1 880 (73) 656 (83) < 0.001

vent_status, n (%)     < 0.001

Oxygen 1 358 (52) 309 (39)  

Highflow 2 (< 0.1) 2 (0.3)  

Noninvasive 6 (0.2) 2 (0.3)  

Invasive 1 222 (47) 481 (61)  
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Feature selection
In the feature selection phase, we employed LASSO regression with cross-validation (LASSO-CV) to screen the
variables. LASSO regression mitigates collinearity by examining feature coefficients and applying regularization.
LASSO-CV automatically determines the optimal lambda value to strike a balance between model complexity and fit,
as depicted in Fig. 3. In this investigation, we incorporated 64 preprocessed features from the new global definition
group patient data into the LASSO-CV algorithm via a 10-fold cross-validation approach. The final optimal lambda
value was determined to be 0.0003252151161302468, leading to the selection of 45 significant features. To
streamline the model and avoid overfitting, we selected the top 15 features with the highest absolute coefficient
values for model construction. These features included the presence of metastatic solid tumors, logistic organ
dysfunction score (LODS), mean respiratory rate, age, anion gap, body temperature, mean corpuscular volume (MCV),
red cell distribution width (RDW), creatinine, serum calcium, body weight, serum chloride, mean SpO2, international
normalized ratio (INR), and lactate dehydrogenase.

(A) Determination of the optimal lambda value; (B) The variation of variable coefficients with the lambda value, the
black dashed line indicates the coefficients of each variable at the optimal lambda value; (C) The ranking of variable
coefficients.

Model performance comparison
The 15 selected features were used to construct machine learning models, resulting in 25 independent models
corresponding to 8 distinct algorithms. Hyperparameter optimization was performed via five iterations of fivefold
nested cross-validation to maximize generalizability. For comprehensive performance evaluation, we calculated the
mean and 95% confidence intervals for the AUC, F1 score, recall, precision, accuracy, sensitivity, and specificity across
the 8 models, with detailed results provided in Table 2.

Table 2
Prediction performance of the eight types of machine learning algorithms

Model AUC F1-score Recall Accuracy Sensitivity Specificity

LightGBoost 0.793(0.756–
0.826)

0.513(0.462–
0.561)

0.478(0.428–
0.536)

0.786(0.759–
0.814)

0.478(0.428–
0.536)

0.881(0.854–
0.914)

Logistic
Regression

0.819(0.786–
0.855)

0.583(0.553–
0.625)

0.748(0.692–
0.811)

0.749(0.731-
782)

0.748(0.692–
0.811)

0.750(0.721–
0.790)

Decision
Tree

0.741(0.711–
0.776)

0.509(0.479–
0.542)

0.678(0.605–
0.804)

0.693(0.652–
0.74)

0.678(0.678–
0.804)

0.698(0.601–
0.767)

AdaBoost 0.795(0.766–
0.831)

0.553(0.526–
0.596)

0.685(0.63–
0.751)

0.740(0.712–
0.767)

0.685(0.63–
0.751)

0.757(0.719–
0.796)

Random
Forest

0.804(0.774–
0.838)

0.553(0.511–
0.598)

0.643(0.562–
0.709)

0.757(0.733–
0.78)

0.643(0.562–
0.709)

0.792(0.761–
0.828)

XGBoost 0.810(0.779–
0.843)

0.556(0.506–
0.607)

0.595(0.518–
0.669)

0.777(0.745–
0.807)

0.595(0.518–
0.669)

0.685(0.78–
0.869)

MLP 0.817(0.782–
0.851)

0.575(0.532–
0.614)

0.751(0.686–
0.818)

0.739(0.709–
0.763)

0.751(0.686–
0.818)

0.735(0.689–
0.773)

SVC 0.819(0.789–
0.859)

0.568(0.534-
0.0.614)

0.756(0.694–
0.826)

0.730(0.708–
0.756)

0.756(0.694–
0.826)

0.723(0.686–
0.749)
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To further analyze model performance, we employed receiver operating characteristic (ROC) curves, decision curve
analysis (DCA), and calibration curves (Fig. 4). The ROC curve was used to evaluate classification efficacy, while the
calibration curve was used to assess prediction accuracy.

As shown in Table 2, the logistic regression and SVC models achieved identical AUC values of 0.819 (logistic
regression: 95% CI 0.786–0.855; SVC: 95% CI 0.789–0.859). Furthermore, the two algorithms exhibited comparable
performance across metrics, including accuracy, sensitivity, specificity, F1 score, and recall. Moreover, as illustrated in
Fig. 4, the two models exhibited similar performance in terms of classification ability, predictive accuracy, and clinical
decision support. Accordingly, we validated the performance of both models in an external validation cohort.

External validation
We performed external validation on 100 patients with acute respiratory distress syndrome (ARDS) who met the new
global definition and were admitted to the Affiliated Hospital of Xuzhou Medical University between March 2022 and
October 2024. Notably, there was no overlap between the external validation cohort and the training cohort, which
enabled a more reliable assessment of the model's generalizability and predictive performance in real-world clinical
settings.

The performance of the logistic regression and support vector classification (SVC) models in the external validation
cohort is summarized in Table 3 and Fig. 5. Specifically, the SVC model achieved a higher AUC value, a lower Brier
score, and a greater net benefit (area under the curve) at clinically relevant threshold probabilities in the decision curve
analysis (DCA) than did the logistic regression model. The overall performance of the SVC model was superior to that
of the logistic regression model.

Table 3
Prediction performance of the SVC model and logistic regression model in the external validation cohort

Model AUC F1-score Recall Accuracy Sensitivity Specificity

Logistic
Regression

0.864(0.858–
0.87)

0.75(0.728–
0.764)

0.797(0.767–
0.81)

0.708(0.689–
0.723)

0.776(0.76–
0.79)

0.797(0.767–
0.81)

SVC 0.871(0.863–
0.881)

0.747(0.722–
0.764)

0.792(0.762–
0.81)

0.706(0.682–
0.723)

0.706(0.682–
0.723)

0.792(0.762–
0.81)

Interpretability analysis
Given the superior predictive performance of the SVC model in both the training cohort and the external validation
cohort, we performed SHAP value calculations and visualizations to elucidate the impact of individual variables on the
model’s predictions. First, we computed the mean SHAP values for each feature in the SVC model and ranked them by
importance (Fig. 6A), which reflects the average influence of each feature on the model’s overall output [11]. In the
beeswarm plot (Fig. 6B), we present the distribution of features via horizontally aligned data points. The x-axis
represents the SHAP values of the features, while the color indicates the magnitude of the feature values (red: higher
values; blue: lower values). Each data point represents a sample’s feature value and its corresponding SHAP value,
and its horizontal position reflects the strength of its impact on the prediction; the density of points reveals the pattern
of data distribution. Moreover, the relationship between the color (i.e., feature value magnitude) and the SHAP values
exposes the directional effect of the features. For example, the age feature has a more positive predictive effect on
positive outcomes with higher feature values, whereas the urine output feature has the opposite effect. Through this
analysis, we identified features such as LODS, mean respiratory rate, age, anion gap, MCV, RDW, INR, and lactate
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dehydrogenase as positively correlated with the risk of 28-day mortality. Conversely, features such as the mean body
temperature, creatinine, and body weight were negatively correlated with the risk of 28-day mortality.

To enhance the local interpretability of the model, we examined the influence of various features on prognostic
outcomes and the complex linear and nonlinear relationships among them. We generated scatter plots of SHAP
values against feature values for 14 of the 15 quantitative features (excluding metastatic solid tumors). Locally
weighted scatterplot smoothing (LOWESS) fitting curves were employed to visually represent the data distribution
trends through locally weighted regression. Figure 7 shows the fitting curve with the red line, and the intersection
points where the SHAP value equals zero are marked with blue dashed lines, indicating the corresponding feature
values. For example, the relationship between age and the risk of 28-day ICU mortality is nonlinear. An increase in age
shifts the contribution of this feature from negative to positive, with the intersection point at 71.28 years, indicating
that patients older than 71.28 years at admission are at a higher risk of 28-day mortality. Similarly, a respiratory rate
greater than 21 breaths/min, a LODS greater than 7.93, and other specific threshold values were identified as risk
factors for increased 28-day mortality.

The influence of key features on prognosis was examined through SHAP values and corresponding visualizations. The
ROC and calibration curves suggested that the multilayer perceptron (MLP) model exhibited the highest prediction
accuracy. However, to evaluate its clinical applicability, decision curve analysis (DCA) was also conducted, revealing
the superior performance of the SVC model in terms of clinical utility. Ultimately, the SVC model-based predictive
model distinguished itself with robust performance and significant clinical application value. Additionally, SHAP
values were used to elucidate the machine learning model. The feature importance plot delineates the relative impact
of each feature, whereas the swarm plot reveals the distribution of features and their directional influence on
prediction outcomes. This approach not only enhances the understanding of the model’s decision-making process but
also highlights the heterogeneity of ARDS, facilitating the advancement of personalized and precision treatment
strategies and accelerating the clinical translation and application of our findings.

Discussion
In this study, we explored factors influencing 28-day mortality in patients with ARDS who met the new global
definition. The feature importance plot revealed that the top five features affecting patient prognosis were the logistic
organ dysfunction score (LODS), the presence of metastatic solid tumors, the mean respiratory rate, age, and the
maximum anion gap.

The LODS is a scoring system used to assess the severity of organ dysfunction in ICU patients. It evaluates the
occurrence and severity of organ dysfunction on the basis of heart rate, mean arterial pressure, urine output, and
Glasgow Coma Scale (GCS) score. The LOD reflects the overall severity of a patient's condition in the ICU. Although
we also included the SAPS II and SOFA scores in our study, the LODS score proved to be more meaningful in
predicting the prognosis of ARDS patients. This aligns with the findings of Kallet [12] and Leclerc [13] in their studies
on ARDS patients diagnosed under the Berlin definition.

Compared with our previous study on sepsis-associated ARDS under the new global definition [14], which focused on
a single etiology, the present study extends the scope to all ARDS patients regardless of cause, thereby providing a
more generalized prognostic model for the broader ARDS population. This broader inclusion may have contributed to
the improved discriminative performance observed in the current model, which achieved higher AUC values (0.819 vs.
0.792 in internal validation; 0.871 vs. 0.816 in external validation), suggesting that a more heterogeneous ARDS
population may offer greater discriminative power for mortality prediction.
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Additionally, cancer patients may be at increased risk for 28-day mortality in ARDS patients. Studies have shown that
individuals with cancer-induced immunosuppression have a relatively high incidence and mortality rate of ARDS [15].
This may be related to immune dysfunction, coagulation abnormalities, and a greater likelihood of opportunistic
infections caused by the tumor itself and/or tumor-related treatments [16, 17]. However, whether the significant
influence of metastatic tumors in our model is due to more severe immunosuppression, aggressive antitumor therapy,
or poorer nutritional status in these patients requires further investigation.

Basic vital signs, such as body temperature, respiratory rate, and oxygen saturation, were also reflected in the
predictive model. Hypothermia was identified as a risk factor for mortality in our study. A low body temperature within
the first 24 hours of ICU admission may be associated with 28-day mortality, whereas higher temperatures are
correlated with reduced mortality, which is consistent with findings from Schell-Chaple HM and Kushimoto S, among
others [18, 19]. An elevated respiratory rate may reflect the severity of respiratory distress, and ventilator-induced lung
injury caused by high respiratory rates could contribute to 28-day mortality in ARDS patients [20]. Furthermore, in our
model, oxygen saturation (SpO₂) demonstrated greater predictive value for 28-day mortality outcomes in ARDS
patients, with lower SpO₂ levels indicating a greater likelihood of ICU death. SpO₂ serves as a reliable indicator of
patients' oxygenation status and is highly consistent with arterial oxygen saturation (SaO₂) and the partial pressure of
arterial oxygen (PaO₂). Although current ARDS diagnosis and severity assessment rely heavily on the oxygenation
index (PaO₂/FiO₂), SpO₂ offers distinct advantages because of its continuous, cost-effective, and noninvasive
measurement capability [21]. In contrast, arterial blood gas analysis and its derived oxygenation index can capture
only a patient's oxygenation status at a single time point. Moreover, the percentage of oxyhemoglobin better reflects
the pathophysiological status of ARDS patients, such as intrapulmonary shunting [21, 22]. Our findings align with
those of numerous other studies demonstrating that SpO₂ is more strongly correlated with ARDS patient outcomes
than the oxygenation index (PaO₂/FiO₂).

A greater red cell distribution width (RDW) is associated with poor prognosis in ARDS patients, possibly because
increased oxidative stress leads to greater erythrocyte fragility and destruction, as well as hypoxia-induced
erythropoietin production and the release of immature red blood cells [23]. Furthermore, the effects of other indicators
in our model, such as chloride ion concentrations, calcium ion concentrations, the anion gap, and creatinine, on the
prognosis of ARDS patients remain understudied. These biochemical markers may influence the pathophysiological
processes and clinical outcomes of ARDS through various mechanisms, but current research evidence remains
relatively limited. Specifically, chloride ions, as key electrolytes for maintaining osmotic pressure and acid‒base
balance, may exacerbate pulmonary edema by impairing alveolar‒capillary barrier function when their levels become
abnormal [24]. Calcium homeostasis not only plays a role in coagulation and inflammatory regulation but also may
exacerbate lung injury by impairing alveolar epithelial cell function. However, studies focusing on calcium metabolism
in ARDS patients are scarce [25]. An elevated anion gap typically indicates lactate accumulation or renal dysfunction,
serving as a potential marker of tissue hypoperfusion; however, its specific prognostic value in ARDS remains unclear
[26]. Serum creatinine, a marker of renal function, is typically elevated in patients with multiorgan dysfunction. Higher
creatinine levels often necessitate the implementation of renal replacement therapy, which may explain why initially
elevated creatinine values contribute to a lower risk of mortality. However, the unique mechanisms underlying kidney–
lung cross talk in ARDS require further investigation. These parameters are routinely measured in clinical practice. If
their association with ARDS prognosis can be confirmed, they may offer a cost-effective and efficient dimension for
risk stratification. Future large-scale clinical studies combined with basic research are needed to systematically
elucidate the mechanistic roles of these electrolytes and metabolic markers in ARDS progression, thereby providing a
theoretical foundation for refining prognostic prediction models.

Page 12/23



Nevertheless, this study has several limitations. First, the patient data used for model training were derived primarily
from Western populations, which differ substantially from the demographic characteristics of our external validation
cohort. Second, our predictive models were constructed using only routinely available clinical variables, without
performing a more comprehensive analysis of the database, potentially leading to the omission of certain critical
details. Third, as an observational and retrospective study, our findings may be subject to inherent biases or
inaccuracies. Fourth, the small size (n = 100) of our external validation cohort may limit the generalizability of our
conclusions. Despite these limitations, our model continued to demonstrate robust predictive performance in the
external validation cohort.

Conclusion
In conclusion, this study validates the utility of machine learning as a reliable tool for predicting the clinical course of
ARDS. The clinical prediction model optimized according to the latest ARDS diagnostic criteria provides in-depth
insights into the potential factors influencing the clinical outcomes of ARDS patients. This approach holds promise for
significantly improving clinical practice by assisting clinicians in developing precise, personalized treatment
strategies, thereby maximizing survival rates among ARDS patients.
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Figures

Figure 1

Flowchart of screening
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Figure 2

Missing value visualization: Each column represents a clinical variable, and the white lines represent missing values.
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Figure 3

Feature selection using LASSO regression with cross-validation.

(A) Determination of the optimal lambda value; (B) The variation of variable coefficients with the lambda value, the
black dashed line indicates the coefficients of each variable at the optimal lambda value; (C) The ranking of variable
coefficients.

Page 18/23



Figure 4

ROC curve�DCA curve and Calibration curve comparison of eight models
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Figure 5

ROC curve�DCA curve and Calibration curve comparison of SVC model and Logistic Regression model
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Figure 6

From a global perspective, we calculated the average SHAP value for each feature and used a swarm plot to display
the distribution of features and SHAP values. (A) Plot of Features Importance; (B) Swarm Plot.
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Figure 7

Linear or nonlinear effects of quantitative type data on prognostic outcomes.
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