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Abstract: Objectives: To develop a gradient boosting model for predicting the prognosis of patients with acute re-
spiratory distress syndrome (ARDS), providing a data-driven reference for early identification of high-risk patients 
in clinical settings. Methods: This retrospective study analyzed the 28-day mortality in 307 ARDS patients treated 
at Qinzhou First People’s Hospital between July 2023 and June 2024. Patients were divided into a mortality group 
(n=92) and a survival group (n=215) based on in-hospital death. Demographic characteristics, clinical variables, 
and biochemical parameters were collected. Univariate and multivariate logistic regression analyses were per-
formed to identify independent predictors, which were subsequently used to construct a gradient boosting machine 
(GBM) model and a nomogram model. Model performance was evaluated with calibration curves and the area un-
der the receiver operating characteristic (ROC) curve (AUC). Results: Logistic regression identified age, oxygenation 
index (OI), neutrophil-to-lymphocyte ratio (NLR), interleukin-8 (IL-8), and N-terminal pro-B-type natriuretic peptide 
(NT-proBNP) as independent prognostic factors for ARDS. In the GBM model, the relative importance of NT-proBNP, 
age, NLR, IL-8, and OI was ranked. The nomogram indicated that older age, lower OI, and higher levels of NLR, IL-8, 
and NT-proBNP were associated with poorer prognosis. The AUC values for the GBM model in the training and vali-
dation sets were 0.907 (95% CI: 0.866-0.947) and 0.887 (95% CI: 0.803-0.971), respectively, which surpassed the 
values of 0.866 (95% CI: 0.810-0.923) and 0.835 (95% CI: 0.733-0.937) for the Nomogram model. Conclusion: The 
28-day mortality rate among ARDS patients was 29.97%, and was mainly associated with age, oxygenation index, 
NLR, IL-8, and NT-proBNP levels. A GBM model constructed using these factors showed good predictive perfor-
mance, offering valuable data references for clinical identification of ARDS patients at a high-risk of poor prognosis.
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Introduction

Acute respiratory distress syndrome (ARDS) is 
a severe form of lung injury, which leads to 
increased vascular permeability and accumula-
tion of protein-rich fluid in the alveoli [1, 2]. It is 
clinically manifested as progressive dyspnea 
and the failure of the body to respond to low 
oxygen levels [3]. Current therapeutic strate-
gies for ARDS include lung-protective mechani-
cal ventilation [4], supportive respiratory thera-
pies, and extracorporeal membrane oxygena- 
tion (ECMO) in severe cases [5]. Despite ad- 
vances in supportive care, the treatment effi-
cacy remains limited, and the incidence and 
mortality of ARDS are still high [6]. Therefore, 

identifying reliable biological markers that can 
accurately reflect disease severity and predict 
patient prognosis is extremely important for 
improving clinical management and outcomes.

A prior study based on multivariate Cox regres-
sion analysis reported that the lactate-to-albu-
min ratio (LAR) is an independent predictor of 
28-day mortality in patients with RDS; however, 
the reliance on a single indicator limits its gen-
eralizability and clinical applicability [7]. Other 
studies have developed mortality prediction 
models for ARDS using the Random Forest (RF) 
algorithm and identified platelet count and lac-
tate as the strongest predictors of in-hospital 
mortality. However, these analyses relied on 
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the Medical Information Mart for Intensive Ca- 
re (MIMIC-III) and Telehealth Intensive Care 
Unit Collaborative Research databases (eICU-
CRD), in which certain variables were not direct-
ly accessible, potentially introducing selection 
bias [8].

The Gradient Boosting Machine (GBM) algo-
rithm is one of the most popular machine-learn-
ing method that integrates multiple weak clas-
sifiers to generate a robust predictive model. 
By iteratively optimizing the loss function, the 
GBM algorithm effectively reduces prediction 
errors and demonstrates good performance 
and interpretability in medical data analysis [9]. 
In this study, a GBM model incorporating multi-
ple clinical and laboratory indicators was devel-
oped to predict the prognosis of patients with 
ARDS, aiming to facilitate the early identifica-
tion of ARDS patients at high risk of poor 
prognosis.

Materials and methods

General information

Sample size estimation was performed based 
on the events-per-variable (EPV) principle. The 
literature reports that the in-hospital death  
rate of ARDS patients ranges from 32% to  
51% [11]. Assuming a 28-day mortality rate of 
40% in this study and the inclusion of 10 vari-
ables in the final GBM model, a sample size of 
250 cases was required with an EPV of 10. 
Ultimately, a total of 307 patients were enrolled 
in this study. This study was approved by the 
Ethics Committee of Qinzhou First People’s 
Hospital (No.2023083).

A retrospective analysis was conducted on 
data from 307 ARDS patients treated at Qin- 
zhou First People’s Hospital between July 2023 
and June 2024. Patients were categorized into 
a mortality group (n=92) and a survival group 
(n=215) based on their 28-day mortality status. 
Additionally, an independent cohort of 143 
ARDS patients treated at Qinzhou First People’s 
Hospital from July 2024 to March 2025 were 
enrolled for external validation of both the GBM 
and nomogram models.

Inclusion criteria: (1) meets the Berlin diagnos-
tic criteria for ARDS [10]; (2) age ≥18 years; (3) 
hospitalization time longer than 48 hours, and 
(4) informed consent is obtained from patients 

and families. Exclusion criteria: (1) Cardiogenic 
pulmonary edema; (2) Concurrent chronic pul-
monary diseases such as pulmonary vascular 
disease or chronic obstructive pulmonary dis-
ease (COPD); (3) Pregnancy or concurrent mul-
tiple organ failure.

Information collection

(1) Baseline demographic and clinical charac-
teristics were collected, including sex, age, 
body mass index (BMI), history of underlying 
conditions (e.g., hypertension, diabetes, coro-
nary heart disease).

(2) Clinical variables reflecting disease seve- 
rity, acute physiological disturbance, and the 
treatment intensity were recorded, including 
symptom onset time, length of hospital stay, 
oxygenation index (OI), duration of mechanical 
ventilation, medication usage, and the Acute 
Physiology and Chronic Health Evaluation II 
(APACHE II) score.

(3) Biochemical indicators, including complete 
blood count, coagulation parameters, blood 
lactate (LAC), uric acid (UA), albumin (Alb), 
C-reactive protein (CRP), procalcitonin (PCT), 
inflammatory cytokines, and N-terminal pro-B-
type natriuretic peptide (NT-proBNP) were col-
lected to assess inflammatory stress, organ 
injury, and metabolic status of patients.

Statistical analysis

Statistical analyses was performed using SPSS 
27.0. Continuous variables with a normal distri-
bution were presented as mean ± standard 
deviation (SD), and the differences between 
the groups were compared using the indepen-
dent samples t-test. Count data were expressed 
as [n (%)], and comparisons were carried out 
using the chi-square test or Fisher’s exact test, 
as appropriate. Significant factors affecting 
outcomes were identified through univariate 
and multivariate logistic regression analysis.

A GBM model was built with R 4.4.3. The receiv-
er operating characteristic (ROC) curve was 
plotted, and the area under the curve (AUC) 
was calculated to evaluate the predictive per-
formance of the GBM model for ARDS progno-
sis. Calibration curves were generated to evalu-
ate model fit. A two-sided P value <0.05 was 
considered statistically significant.
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Results

Univariate analysis

Results showed that patients in the morta- 
lity group were significantly older than those  
in the survival group (65.40±10.02 vs. 59.57 
±7.93) and had a significantly higher propor- 
tion of smoking history (53.26% vs. 40.00%). 
The mortality group also showed signifi- 
cantly higher APACHE II scores (24.17±6.18  
vs. 18.73±5.16) and higher levels of NLR 
(13.11±4.71 vs. 10.15±3.54), D-dimer (1.38 
±0.35 vs. 1.03±0.28), LAC (4.15±1.71 vs. 

2.80±0.65), PCT (19.72±24.62 vs. 10.61± 
3.42), IL-6 (128.13±25.76 vs. 105.55±19.63), 
IL-8 (135.06±28.11 vs. 115.49±27.56), and 
NT-proBNP (3755.83±926.49 vs. 2714.94± 
774.89) compared with the survival group  
(all P<0.05). In contrast, patients in the mor- 
tality group had significantly lower OI va- 
lues (112.79±40.79 vs. 127.96±30.81), WBC 
counts (13.87±5.17 vs. 15.06±3.52), and low- 
er PLT counts (140.04±25.17 vs. 170.50± 
26.31) (P<0.05) than those in the survival 
group. No significant differences were obser- 
ved in other indicators (P>0.05). The details  
are shown in Table 1.

Table 1. Univariate analysis of factors associated with patient prognosis
Total (n=307) Death group (n=92) Survival group (n=215) t/x2 P

Age (years) 61.32±9.00 65.40±10.02 59.57±7.93 5.442 <0.001

Sex (Male/Female) 218 (71.01)/89 (28.99) 71 (77.17)/21 (22.83) 147 (68.37)/68 (31.63) 2.425 0.119

BMI (kg/m2) 23.66±2.28 23.62±2.15 23.68±2.34 -0.218 0.828

Hypertension (Yes/No) 148 (48.21)/159 (51.79) 41 (44.57)/51 (55.43) 107 (49.77)/108 (50.23) 0.698 0.403

Diabetes (Yes/No) 128 (41.69)/179 (58.31) 42 (45.65)/50 (54.35) 86 (40.00)/129 (60.00) 0.849 0.357

Coronary Heart Disease (Yes/No) 141 (45.93)/166 (54.07) 36 (39.13)/56 (60.87) 105 (48.84)/110 (51.16) 2.444 0.118

Medication Use (Yes/No) 148 (48.21)/159 (51.79) 46 (50.00)/46 (50.00) 102 (47.44)/113 (52.56) 0.169 0.681

Smoking History (Yes/No) 135 (43.97)/172 (56.03) 49 (53.26)/43 (46.74) 86 (40.00)/129 (60.00) 4.599 0.032

Alcohol Consumption (Yes/No) 137 (44.63)/170 (55.37) 38 (41.30)/54 (58.70) 99 (46.05)/116 (53.95) 0.586 0.444

Length of Hospital Stay (d) 39.48±9.87 39.24±10.33 39.58±9.69 -0.278 0.781

Onset Duration (h) 63.31±11.22 64.47±10.98 62.81±11.31 1.183 0.238

OI (mmHg) 123.41±34.75 112.79±40.79 127.96±30.81 -3.570 <0.001

APACHE II Score (points) 20.36±6.02 24.17±6.18 18.73±5.16 7.962 <0.001

Duration of MV (h) 187.34±24.59 187.41±24.51 187.30±24.68 0.036 0.971

WBC (×109/L) 14.71±4.11 13.87±5.17 15.06±3.52 -2.341 0.020

HGB (g/L) 103.70±20.03 103.60±21.37 103.75±19.48 -0.060 0.952

PLT (×109/L) 161.37±29.46 140.04±25.17 170.50±26.31 -9.410 <0.001

NLR 11.03±4.15 13.11±4.71 10.15±3.54 6.056 <0.001

RDW-S [(fl) 46.46±6.99 46.11±6.31 46.61±7.27 -0.578 0.564

TG (mmol/L) 1.93±0.51 1.97±0.66 1.91±0.44 0.864 0.389

TC (mmol/L) 3.32±0.96 3.30±1.02 3.32±0.93 -0.200 0.842

HDL-C (mmol/L) 0.69±0.15 0.68±0.17 0.69±0.14 -0.703 0.482

LDL-C (mmol/L) 1.78±0.45 1.79±0.51 1.78±0.42 0.150 0.881

PT (s) 14.96±3.12 14.90±3.38 14.99±3.01 -0.229 0.819

APTT (s) 40.94±8.52 39.56±8.67 41.53±8.42 -1.858 0.064

TT (s) 17.81±2.41 17.47±2.34 17.96±2.43 -1.609 0.109

FIB (g/L) 4.22±1.15 4.33±1.38 4.17±1.03 1.143 0.254

D-dimer (mg/L) 1.13±0.34 1.38±0.35 1.03±0.28 9.325 <0.001

LAC (mmol/L) 3.21±1.24 4.15±1.71 2.80±0.65 9.958 <0.001

UA (μmol/L) 348.20±54.15 349.94±76.09 347.45±41.58 0.369 0.712

Alb (g/L) 28.02±6.24 28.06±6.26 28.00±6.25 0.068 0.946

CRP (μg/L) 67.70±11.57 68.36±14.90 67.42±9.84 0.650 0.516

PCT (μg/L) 13.34±14.35 19.72±24.62 10.61±3.42 5.322 <0.001

IL-6 (ng/L) 112.32±23.96 128.13±25.76 105.55±19.63 8.377 <0.001

IL-8 (ng/L) 121.36±29.10 135.06±28.11 115.49±27.56 5.664 <0.001

NT-proBNP (ng/L) 3026.87±950.43 3755.83±926.49 2714.94±774.89 10.151 <0.001
Note: APACHE II: Acute Physiology and Chronic Health Evaluation II; MV: Mechanical ventilation; OI: Oxygenation Index; WBC: White blood cell count; HGB: Hemoglobin; 
PLT: Platelet count; NLR: Neutrophil-to-lymphocyte ratio; RDW-S: Red cell distribution width; TG: Triglycerides; TC: Total cholesterol; HDL-C: High-density lipoprotein choles-
terol; LDL-C: Low-density lipoprotein cholesterol; PT: Prothrombin time; APTT: Activated partial thromboplastin time; TT: Thrombin time; FIB: Fibrinogen; LAC: Lactate; UA: 
Uric acid; Alb: Albumin; CRP: C-Reactive protein; PCT: Procalcitonin; IL: Interleukin; NT-proBNP: N-terminal pro-B-Type natriuretic peptide.
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Logistic regression analysis

Patient outcome was used as the depend- 
ent variable (1=death, 0=survival). Variables 
with statistical significance in univariate ana- 
lysis were entered as independent variables, 
including age, smoking history (1=yes, 0= 
no), oxygenation index, APACHE II score, WBC, 
PLT, NLR, D-dimer, LAC, PCT, IL-6, IL-8, and 
NT-proBNP. Multivariate logistic regression 
analysis identified age, OI, NLR, IL-8, and NT- 
proBNP as independent prognostic factors  
for ARDS patients (P<0.05). The logistic re- 
gression equation for predicting mortality: 
P=11.112 - 0.056 × age - 0.010 × OI - 0.079 × 
NLR - 0.016 × IL-8 - 0.001 × NT-proBNP (Table 
2).

Development of a GBM model for predicting 
outcomes in ARDS patients

Variables with P<0.05 in the logistic regre- 
ssion analysis were selected to construct  
the GBM model, with an optimal number of  
iterations of 725 (Figure 1). The importance  
of variables, ranked from highest to lowest,  
was NT-proBNP, age, NLR, IL-8, and OI (Figure 
2). Predicted probabilities were obtained by 
summing the contributions of all trees and 
transforming them through the Sigmoid func-
tion. Calibration curves demonstrated good 
agreement between predicted and obser- 
ved outcomes in both the training and test- 
ing sets, with the GBM prediction curves  
closely approximating the ideal reference line 
(Figure 3).

Table 2. Logistic regression analysis
β SE Wald P OR 95% CI

Age -0.056 0.017 10.731 <0.001 0.945 0.914-0.978
Smoke -0.232 0.297 0.609 0.435 0.793 0.443-1.419
OI 0.010 0.004 4.789 0.029 1.010 1.001-1.019
APACHE II score -0.016 0.027 0.349 0.555 0.984 0.933-1.038
NLR -0.079 0.04 3.872 0.049 0.924 0.854-1.000
D-dimer -0.761 0.464 2.688 0.101 0.467 0.188-1.160
LAC -0.178 0.173 1.058 0.304 0.837 0.597-1.175
PCT -0.022 0.04 0.296 0.586 0.979 0.905-1.058
IL-6 -0.012 0.007 3.431 0.064 0.988 0.975-1.001
IL-8 -0.016 0.005 9.075 0.003 0.984 0.973-0.994
NT-proBNP -0.001 0.000 10.74 <0.001 0.999 0.999-1.000
Constant 11.112 1.883 34.808
Note: OI: Oxygenation Index; APACHE II: Acute Physiology and Chronic Health Evaluation II; NLR: Neutrophil-to-lymphocyte ratio; 
LAC: Blood lactate; PCT: Procalcitonin; IL: Interleukin; NT-proBNP: N-terminal pro-B-type natriuretic peptide.

Figure 1. Iteration optimization of the GBM model. 
Note: GBM: gradient boosting machine.

Figure 2. Relative importance of variables in the 
GBM model. Note: GBM: gradient boosting machine; 
NT-proBNP: N-terminal pro-B-type natriuretic peptide; 
NLR: Neutrophil-to-lymphocyte ratio; IL: Interleukin; 
OI: Oxygenation Index.
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ROC curve for GBM

ROC curves for the developed GBM model in 
predicting the prognosis of ARDS patients in 
both training and testing sets were plotted 
(Figure 4A, 4B). The AUC values in the training 
and testing sets were 0.907 (95% CI: 0.866-
0.947) and 0.887 (95% CI: 0.803-0.971), 
respectively.

Construction of a prognostic nomogram model 
for ARDS patients

Using ARDS patient outcomes as the de- 
pendent variable (1=death, 0=survival), a no- 
mogram model was constructed with age,  
oxygenation index, NLR, IL-8, and NT-proBNP  
as independent variables (Figure 5). The to- 

tal nomogram score was calculated by sum-
ming the individual scores assigned to each 
predictor, and the corresponding probability  
of adverse outcome was estimated. Results 
indicated that advanced age, decreased OI, 
and elevated NLR, IL-8, and NT-proBNP levels 
were risk factors for poor prognosis in ARDS 
patients. Calibration curves for the training  
and testing sets demonstrated good agree-
ment between predicted and observed out-
comes, with mean errors of 0.036 and 0.033, 
respectively (Figure 6A, 6B).

ROC curve for nomogram

The ROC curves for the nomogram model in 
predicting prognosis of ARDS patients in the 
testing and validation sets were plotted (Figure 

Figure 3. Calibration curves of the GBM model. A. Training set; B. Testing set. Note: GBM: gradient boosting machine.

Figure 4. ROC curves for the GBM model. A. Training set; B. Testing set. Note: ROC: receiver operating characteristic; 
GBM: gradient boosting machine.
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Figure 5. Nomogram model. Note: OI: Oxygenation Index; NLR: Neutrophil-
to-lymphocyte ratio; IL: Interleukin; NT-proBNP: N-terminal pro-B-type natri-
uretic peptide.

7A, 7B). The AUC values for the training and 
validation sets were 0.866 (95% CI: 0.810-
0.923) and 0.835 (95% CI: 0.733-0.937), 
respectively.

External validation of two models

An independent cohort of 143 ARDS patients 
(Table 3) treated at Qinzhou First People’s 
Hospital from July 2024 to March 2025 were 
enrolled for external validation of both the GBM 
and nomogram models (Table 4 and Figure 8). 
The confusion matrix-based performance met-
rics for both models are shown in Table 5, 
where the GBM model outperformed the nomo-
gram model across all indicators.

Discussion

ARDS is a type of rapidly progressive inflam- 
matory lung injury characterized by dyspnea, 
tachypnea, and hypoxemia, and it represents  
a common life-threatening emergency in respi-
ratory medicine [12, 13]. ARDS is associa- 
ted with high morbidity and mortality rates-  
and remains a major challenge in critical care. 
The LUNG SAFE study, the largest international 
multicenter cohort on ARDS, reported that 
about 10.4% of ICU admissions is associated 
with ARDS, with mortality rates reaching up to 

45%. This high mortality rate 
is closely related to the com-
plex pathophysiological me- 
chanisms of ARDS, which ex- 
tend beyond lung injury to  
systemic inflammation, coagu-
lation dysregulation, and oth- 
er interconnected biological 
processes.

Current pharmacological tr- 
eatments for ARDS primarily 
aim to reduce pulmonary 
edema and inflammation, su- 
pport vasodilation, and faci- 
litate the repair of epithe- 
lial, endothelial, and extracel-
lular matrix structures. Des- 
pite these interventions, clini-
cal outcomes remain unsa- 
tisfactory. Therefore, identify-
ing risk factors for adverse 
clinical outcomes has become 
a research priority for reduc-

ing mortality in ARDS patients. Given that ARDS 
prognosis is affected by many interacting fac-
tors, the development of robust risk prediction 
models for early identification of high-risk indi-
viduals and prompt implementation of preven-
tive measures may substantially improve 
patient outcomes [14, 15].

Previous studies have explored early prog- 
nostic markers for ARDS. For instance, dead-
space ventilation indices have been shown to 
be independently associated with mortality in 
adults with ARDS [16]. However, such studies 
focused solely on a single factor, potentially 
introducing selection and outcome biases. In 
contrast, this study incorporated multidimen-
sional indicators to predict ARDS outcomes, 
providing a more comprehensive prognostic 
assessment.

In this study, patients in the mortality group 
were significantly older than those in the sur-
vival group, consistent with previous research 
[17]. Advanced age is often associated with a 
higher burden of comorbidities, more severe 
lung injury, and greater extrapulmonary organ 
dysfunction. However, age alone is insufficient 
to differentiate ARDS from other pulmonary 
conditions [18]. Furthermore, physiological 
aging and age-related multisystem pathological 
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Figure 6. Calibration curves for the nomogram model. A. Training set; B. Testing set.

Figure 7. ROC curves for the nomogram model. A. Training set; B. Testing set. Note: ROC: receiver operating char-
acteristic.

Table 3. External validation of patients’ general characteristics
Death group (n=41) Survival group (n=102) t/x2 P

Age (years) 65.85±9.13 58.97±7.77 4.553 <0.001
Sex (Male/Female) 23.59±2.25 23.65±2.23 -0.145 0.885
BMI (kg/m2) 26 (63.41)/15 (36.59) 54 (52.94)/48 (47.06) 1.302 0.254
Hypertension (Yes/No) 18 (43.90)/23 (56.10) 50 (49.02)/52 (50.98) 0.307 0.579
Diabetes (Yes/No) 20 (48.78)/21 (51.22) 47 (46.08)/55 (53.92) 0.086 0.770
Coronary Heart Disease (Yes/No) 17 (41.46)/24 (58.54) 55 (53.92)/47 (46.08) 1.816 0.178
Smoking History (Yes/No) 26 (63.41)/15 (36.59) 44 (43.14)/58 (56.86) 4.812 0.028
Alcohol Consumption (Yes/No) 22 (53.66)/19 (46.34) 41 (40.20)/61 (59.80) 2.150 0.143

conditions may increase the risk of ARDS in  
the context of systemic illness [19]. Therefore, 
intensive monitoring in older patients should 

focus not only on ARDS development but also 
on concomitant organ dysfunction and system-
ic failure.
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Table 4. External validation confusion matrix

Model Predicted
Reference

Total
Death Survival

GBM Death 25 5 30
Survival 16 97 113

Total 41 102 143
Nomogram Death 19 7 26

Survival 22 95 117
Total 41 102 143

Figure 8. Confusion matrix. A. GBM model; B. Nomogram model. Note: GBM: 
gradient boosting machine.

In this study, patients in the mortality group 
had a significantly lower OI value than those  
in the survival group, which aligns with the  
finding in previous studies [20]. OI reflects the 
efficiency of pulmonary oxygen exchange and 
lung responsiveness to ventilatory support.  
An increase in OI indicates enhanced lung  
compliance and gas exchange, which is gener-
ally associated with better patient prognosis 
[21].

Compared with previous studies, this research 
additionally included NLR, IL-8, and NT-pro- 
BNP in the model. NLR, derived from routine 
blood tests, reflects systemic stress level and 
immune-inflammatory response [22]. Our find-
ings demonstrated significantly higher NLR in 
the mortality group, indicating a more pro-
nounced stress and inflammatory response. 
IL-8 is a key proinflammatory cytokine released 
during inflammatory responses [23]. In this 
study, patients in the mortality group exhibi- 
ted a significantly higher IL-8 level compa- 
red to those in the survival group, indicating a 
more intense inflammatory cascade. Excessive 
inflammatory response can exacerbate pulmo-
nary and extrapulmonary organ injury, resulting 
in poor prognosis. Brain natriuretic peptide 

(BNP) is primarily synthesiz- 
ed and secreted by ventricu- 
lar cardiomyocytes in respon- 
se to increased wall stress 
[24]. NT-proBNP, a more sta-
ble cleavage product with a 
longer half-life, is widely used 
as a surrogate marker of BNP 
activity [25]. Elevated NT-pro- 
BNP levels indicates increa- 
sed cardiac load and impair- 
ed cardiac function [26]. In 
ARDS patients, reduced lung 
compliance and hypoxemia 
may increase pulmonary vas-
cular resistance, contributing 
to pulmonary hypertension 
and right ventricular strain 
[27, 28]. These effects tend  
to worsen with disease severi-
ty [29]. Accordingly, elevated 
NT-proBNP level is associated 
with pulmonary hypertension 
and cardiac dysfunction in 
ARDS patients [30]. Although 
BNP gene transcripts have 
been detected in non-cardiac 

tissues, such as the central nervous system, 
thyroid, and lung [31], their contribution to cir-
culating BNP levels is minimal compared with 
that of cardiomyocytes [32]. In this study, 
NT-proBNP levels in the mortality group were 
significantly higher than the survival group, sug-
gesting more severe cardiopulmonary involve-
ment and a poorer prognosis.

Both a nomogram model and a GBM model 
were developed for predicting outcomes in 
ARDS patients. These models incorporated  
factors known to influence patient prognosis. 
The GBM model identified NT-proBNP, age, 
NLR, IL-8, and OI as the most important  
predictors, ranked from most to least influen-
tial. The nomogram demonstrated that ad- 
vanced age, reduced OI, elevated NLR, IL-8, 
and NT-proBNP levels were associated with 
poor prognosis in ARDS patients. Calibration 
curves indicated good agreement between pre-
dicted and observed outcomes for both mod-
els. Moreover, the GBM model demonstrated 
superior discriminative performance compared 
with the nomogram, supported by higher AUC 
values in both the training and validation sets 
(0.907 vs. 0.866 in training set; 0.887 vs. 
0.835 in validation set).
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Table 5. External validation metrics of confusion matrix for the two models (%)
Model Accuracy Sensitivity Specificity Precision Recall F1
GBM 85.31 83.33 85.84 83.33 60.98 70.42
Nomogram 79.72 73.08 46.34 73.08 46.34 56.72

This study does have certain limitations. First, 
as a retrospective, single-center analysis, 
selection bias cannot be completely excluded, 
although strict inclusion and exclusion criteria 
were applied. Second, the available indicators 
were limited to routinely collect variables at  
our institution, which may have introduced 
residual confounding. Therefore, future pro-
spective, multicenter studies using multidimen-
sional indicators are necessary to validate and 
refine these predictive models for identifying 
ARDS patients at high risk of poor outcomes.

Conclusion

The 28-day mortality rate in ARDS patients are 
primarily associated with age, oxygenation 
index, NLR, IL-8, and NT-proBNP. A GBM model 
constructed using these variables demon-
strates strong predictive performance and may 
serve as a useful tool for early identification of 
ARDS patients at high risk of poor prognosis.
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