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Background: Respiratory failure (RF) after trauma is one of the major causes of patients being admitted to the ICU and leads to 
a high mortality rate. However, we cannot predict mortality rates based on patients’ various indicators. The aim of this study is to 
develop and validate a nomogram for predicting mortality in patients in the intensive care unit (ICU).
Methods: A total of 377 patients from the Medical Information Mart for Intensive Care (MIMIC)-IV database were included in the 
study. All participants were systematically divided into a development cohort for modelling and a validation cohort for internal 
validation at a ratio of 7:3. Following patient admission, a comprehensive collection of 30 clinical indicators was performed. The least 
absolute shrinkage and selection operator (LASSO) regression technique was employed to discern pivotal risk factors. A multivariate 
Cox regression model was established, and a receiver operating curve (ROC) was plotted, and the area under the curve (AUC) was 
calculated. Furthermore, the decision curve analysis (DCA) was performed, and the nomogram was compared with the acute 
physiology score III (APSIII) and Oxford acute severity of illness score (OASIS) scoring systems to assess the net clinical benefit.
Results: The indicators included in our model were age, OASIS score, SAPS III score, respiratory rate (RR), blood urea nitrogen 
(BUN) and hematocrit. The results demonstrated that our model yielded satisfied performance on the development cohort and on 
internal validation. The calibration curve underscored a robust concordance between predicted and actual outcomes. The DCA showed 
a superior clinical utility of our model in contrast to previously reported scoring systems.
Conclusion: In summary, we devised a nomogram for predicting mortality during the ICU stay of RF patients following trauma and 
established a prediction model that facilitates clinical decision making. However, external validation is needed in the future.
Keywords: a nomogram for predicting mortality, respiratory failure following trauma, MIMIC-IV database

Background
Respiratory failure (RF) is a complex condition characterized by the inability of the respiratory system to fulfil the 
patient’s oxygenation, ventilation, and metabolic requirements at rest and during activity. RF is also a major cause of 
morbidity and mortality in patients admitted to the intensive care unit (ICU). Clinically, RF is considered as a primary 
and prevalent cause of illness and mortality, and it is diagnosed when the PaO2 is less than 60 mmHg with or without an 
increase in carbon dioxide when the patient inhales room air. The causes of RF involve abnormalities in the central 
respiratory drive, spinal cord, motor nerves, skeletal muscle, airway and lungs. In the study of the severity of ARDS in 
trauma patients, it was found that the incidence of respiratory distress syndrome (ARDS) was 16%, of which 36% was 
severe.1 Severe trauma is frequently associated with thoracic rib fractures and abdominal organ injuries. In the diagnosis 
and treatment of ARDS and RF, our main goal is prevention. Because once ARDS and RF occurs, it is a late 
complication and an irreversible predictor of mortality.2
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Estimating the incidence and prevalence of RF is challenging owing to its syndromic nature, as RF encompasses 
diverse pathological processes rather than a singular entity.3 Notably, one of the primary reasons for admission to the ICU 
among RF patients is trauma.4 Furthermore, the mortality of patients with trauma is significantly greater than that of the 
general population.5 Posttraumatic RF is a common complication that is particularly common in patients with diverse 
types of trauma and may lead to dire consequences. Therefore, exploring the living state of patients in the ICU with 
posttraumatic RF is highly valuable.

Recently, research has shown that models of respiratory mechanics, are required for guiding patient-specific 
mechanical ventilation settings in the ICU.6 RF is associated with increased morbidity and mortality in elderly patients 
and has a poor prognosis, especially among patients who undergo pneumonectomy.7 Mechanical ventilation is a life- 
saving intervention in patients with trauma-related RF, paradoxically, it has the potential for increased mortality and 
morbidity. Numerous studies have revealed that ultrasonography of the diaphragm improves diagnostic performance and 
can be used to predict extubation outcomes.8–10

In addition, other published predictive models (eg Assess Respiratory Risk in Surgical Patients in Catalonia, 
Prospective Evaluation of a Risk Score for Postoperative Pulmonary Complications in Europe, and Local Assessment 
of Ventilatory Management During General Anaesthesia for Surgery) focused on all postoperative pulmonary complica
tions, ranging from atelectasis to respiratory failure, which occurred in 5% to 11% of patients.9 These models focus on all 
postoperative pulmonary complications and the inclusion of emergency surgeries makes extrapolation to elective surgery 
populations challenging, and external validation of the models in the patient population including the duration of 
anesthesia, the type of operation, and net fluid balance in the operating room is impossible.11 Few studies have 
investigated the long-term survival of patients with posttraumatic RF. Therefore, as RF is a complication with high 
mortality, it is essential to predict the rate of death of patients with RF in the ICU. However, to date, no model has been 
developed to predict the long-term mortality of patients with RF in the ICU. Nomograms are characterized by simplicity 
and visual effectiveness and have thus gained prominence as statistical tools for predicting disease occurrence, devel
opment, prognosis, and survival. Our study aimed to establish a nomogram grounded in routine clinical and laboratory 
parameters, thus ensuring its practical implementation in clinical settings.

Methods
Data Sources and Study Population
All the study data were obtained from the MIMIC-IV database,12 which is a publicly available database sourced from the 
electronic health records of the Beth Israel Deaconess Medical Center.13 The database contains comprehensive and 
anonymized clinical data from more than 70,000 ICU admissions between 2008 and 2019. To comply with relevant 
regulations, Xuejuan Wang obtained the Collaborative Institutional Training Initiative (CITI) licence and passed the CITI 
exam to obtain a certificate to access the database (certificate number: 60448105).

We extracted patient information from the MIMIC-IV database and analysed posttraumatic RF patients who were admitted 
to the ICU. Through the International Classification of Diseases 9th Edition (ICD-9) code=5185%, we obtained 1282 patients. 
The inclusion criteria were as follows: (1) patients were diagnosed with acute, chronic or unclassified respiratory insufficiency 
following trauma; (2) patients had relatively complete data on potential predictors. The exclusion criteria were as follows: (1) 
diagnostic sequence >5 in the MIMIC-IV database; (2) missing data >20% for vital signs or laboratory tests; (3) considering 
the possibility of major diseases prior to trauma, which may affect the final outcome, we also excluded patients who were 
repeatedly admitted to the ICU. Ultimately, 377 patients were included in the study (Figure 1). The primary endpoint of this 
study was the mortality rate of RF patients following trauma at one month, six months and one year. This study was exempt 
from ethics investigations from the Beijing Friendship Hospital affiliated with the Capital Medical University ethics committee 
(ID:2024-P2-242). The data for the included patients were derived from publicly available databases.

Missing Data
The missing data of variables in this study had missing values of <5% and were all quantitative data. We imputed the 
missing values via the missForest method in the mice R package and incorporated all of the data for modelling.14
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Statistical Analysis
Normally distributed continuous data are presented as the mean ± SD and were analyzed via unpaired, 2-tailed t-tests; 
nonnormally distributed continuous data are presented as the medians and interquartile ranges (IQRs) and were analysed 
via the Mann–Whitney U-test. Categorical data are presented as numbers (%) and were analysed via the chi-squared test. 
When the counts of the categorical variables were <5, Fisher’s exact test was used.

First, the total participants were randomly split into a development cohort and a validation cohort at a ratio of 
7:3 to perform internal validation of the model. We conducted a balance test between the two datasets. The patients 
in the development cohort were subsequently categorized into two groups, namely, the death group and the survival 
group, based on their survival status. A comparison of variables was subsequently conducted between these two 
groups.

In the development cohort, LASSO Cox regression was used to analyse the potential risk factors, which is a shrinkage 
and variable selection method for a linear regression model. LASSO regression minimizes the risk of prediction error for 
a quantitative response variable by imposing a constraint on the model parameters that cause the regression coefficients 

Figure 1 Workflow of the study. 
Abbreviations: MIMIC-IV, Medical Information Mart for Intensive Care IV; LASSO, least absolute shrinkage and selection operator; ROC, receiver operating characteristic; 
AUC, area under the curve.
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for some variables to shrink towards zero. We also use k-fold (tenfold in this case) cross-validation for centralization and 
normalization of the included variables and then pick the optimal lambda value with good performance. Therefore, the 
LASSO method was used to analyse the data in the development cohort to select the optimal predictors of the present risk 
factors, including age, the APSIII score, OASIS,15 RR, BUN and Hematocrit. The risk factors were initially screened 
using these abovementioned inclusion variables.

We then conducted a multivariable Cox regression analysis using a backwards stepdown selection process with the 
Akaike information criterion by introducing the features selected in the LASSO regression model. The features were 
considered hazard ratios and a P value with a 95% confidence interval. The statistical significance levels were all two- 
sided.

A nomogram was subsequently formulated as the prediction model on the basis of the selected variables. To assess 
the reproducibility and robustness of the model, internal validation was subsequently used in the validation cohort. The 
C-index, displayed as the area under the receiver operating characteristic (ROC) curve, was used to assess the 
discriminative performance of this prediction model. The calibration plots were used to assess the accuracy of the 
prediction model. In addition, decision curve analysis (DCA) was implemented to estimate the clinical availability and 
benefits of the nomogram. In brief, our study used ROC curves, calibration plots, and DCA to evaluate the performance 
of the nomogram. The performance of the developed model was compared with that of the SOFA score and the APS III 
score via decision curve analysis.

All the statistical analyses were performed via R software version 4.3.1 (R Foundation for Statistical Computing). For 
all analyses, two-sided p values <0.05 were considered statistically significant.

Results
Patients Characteristics
A total of 377 eligible patients were ultimately included in this study; these patients were randomly divided into 
a development cohort (n=263) and a validation cohort (n=114). The baseline characteristics of all the enrolled 
patients are listed in Table 1, which indicates that there was no difference between the development cohort and 
the validation cohort. In our study, the median age (IQR) of the patients was 70.0 [52.0;80.0]. A total of 57.6% 
(n=217) of the patients were female, and the mortality rate was 24.0%; 42.4% (n=160) of the patients were male, 
and their mortality rate was 34.4%. We also compared the differences in patient characteristics between the 
survival group and death group. Compared with those in the survival group, patients in the death group were older 
(64.0 [46.0;75.0] vs 80.0 [71.0;87.0]), had faster respiratory rates(19.0 [17.0;21.0] vs 21.0 [18.0;24.0]), and had 
higher PT14.4 ([12.8;16.4] vs 15.6 [13.3;19.8]), PTT (31.6 [28.1;40.1] vs 38.3 [29.4;64.4]) and INR (1.30 
[1.10;1.50] vs 1.40 [1.20;1.80]) values, thus indicating poor coagulation function. Moreover, there was 
a significant difference between the survival and death groups in terms of DBP, MBP, SpO2, blood glucose, 
BUN, bicarbonate, and creatinine levels and treatment with vasoactive agents. In addition, the APSIII, OASIS and 
SOFA scores were significantly higher.

Selection of Patient Characteristics and Risk Prediction Nomogram Development
The following six variables remained in the LASSO Cox regression model after applying the binomial deviance 
minimum criteria (Figure 2A and B): age (HR: 1.067; 95% CI 1.043–1.090), the APSIII score (HR: 1.013; 95% CI 
1.000–1.027), OASIS (HR: 1.037; 95% CI 0.999–1.075), RR (HR: 1.041; 95% CI 0.979–1.107), BUN (HR: 1.018; 95% 
CI 1.007–1.030), and hematocrit (HR: 1.045; 95% CI 1.000–1.092) (Table 2). Multivariate Cox regression analysis 
revealed that age, the APSIII score, BUN levels and hematocrit levels were independent prognostic factors for mortality 
in patients with respiratory failure following trauma.

Based on the LASSO results, we constructed a nomogram to predict the probability of death in ICU patients with 
pulmonary insufficiency following trauma (Figure 3A). For example, according to the nomogram model, for a patient 
with posttraumatic RF at 39 years of age, and an RR of 16 breaths/min, a hematocrit level of 25.5%, a BUN of 12 mg/dl, 
an APSIII score of 91 and an OASIS score of 43, the estimated risk of death at one month, six months and one year was 
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Table 1 Characteristics of the Patients With Pulmonary Insufficiency Following Trauma Enrolled in the Study According to Live or 
Dead and Randomization to Development and Validation Cohorts

Variables Total (n=377) Development 
Cohort 
(n=263)

Validation 
Cohort 
(n=114)

Survival 
(n=270)

Death (n=107) P

Age, years, median (IQR) 70.0 [52.0;80.0] 69.0 [52.0;79.5] 71.0 [56.0;82.0] 64.0 [46.0;75.0] 80.0 [71.0;87.0] <0.001

Gender, n (%) 0.036

Male 160 (42.4%) 109 (41.4%) 51 (44.7%) 105 (38.9%) 55 (51.4%)

Female 217 (57.6%) 154 (58.6%) 63 (55.3%) 165 (61.1%) 52 (48.6%)

Diagnosis, n (%) 0.077

Pulmonary insufficiency 167 (44.3%) 112 (42.6%) 55 (48.2%) 120 (44.4%) 47 (43.9%)

Acute respiratory failure 144 (38.2%) 109 (41.4%) 35 (30.7%) 96 (35.6%) 48 (44.9%)

Acute and chronic respiratory  
failure or other pulmonary  

insufficiency

66 (17.5%) 42 (16.0%) 24 (21.1%) 54 (20.0%) 12 (11.2%)

Death, n (%)

No 270 (71.6%) 189 (71.9%) 81 (71.1%)
Yes 107 (28.4%) 74 (28.1%) 33 (28.9%)

Heart failure, n (%) 0.064

No 306 (81.2%) 211 (80.2%) 95 (83.3%) 226 (83.7%) 80 (74.8%)

Yes 71 (18.8%) 52 (19.8%) 19 (16.7%) 44 (16.3%) 27 (25.2%)
APSIII 50.0 [35.0;70.0] 51.0 [35.0;73.0] 47.5 [36.2;68.5] 49.0 (22.7) 73.6 (29.8) <0.001

OASIS 37.0 [32.0;44.0] 37.0 [31.0;44.0] 39.0 [33.0;44.0] 35.0 [31.0;41.0] 45.0 [38.0;50.0] <0.001

SOFA 6.00 [4.00;9.00] 6.00 [4.00;9.00] 6.00 [4.00;9.00] 5.00 [4.00;8.00] 9.00 [6.00;11.5] <0.001

SIRS 0.926

0 2 (0.53%) 1 (0.38%) 1 (0.88%) 2 (0.74%) 0 (0.00%)

1 17 (4.51%) 13 (4.94%) 4 (3.51%) 13 (4.81%) 4 (3.74%)

2 63 (16.7%) 47 (17.9%) 16 (14.0%) 43 (15.9%) 20 (18.7%)
3 183 (48.5%) 126 (47.9%) 57 (50.0%) 133 (49.3%) 50 (46.7%)

4 112 (29.7%) 76 (28.9%) 36 (31.6%) 79 (29.3%) 33 (30.8%)

HR, beats/min 87.0 [78.0;99.0] 87.0 [78.0;100] 87.0 [77.2;96.0] 87.0 [79.0;98.0] 86.0 [76.5;104] 0.740
SBP, mmHg 114 [106;124] 114 [105;124] 115 [107;122] 115 [106;124] 112 [104;122] 0.092

DBP, mmHg 59.0 [54.0;65.0] 60.0 [55.0;65.0] 58.0 [54.0;65.0] 60.0 [55.0;65.8] 57.0 [52.0;62.0] 0.001

MBP, mmHg 75.0 [71.0;81.0] 75.0 [71.0;82.0] 75.5 [71.0;80.0] 76.0 [72.0;82.0] 74.0 [69.0;78.5] 0.002
RR, breaths/min 19.0 [17.0;22.0] 19.0 [17.0;22.0] 19.0 [17.0;22.0] 19.0 [17.0;21.0] 21.0 [18.0;24.0] <0.001

SpO2, mmHg 98.0 [96.0;99.0] 98.0 [96.0;99.0] 98.0 [96.0;99.0] 98.0 [96.0;99.0] 97.0 [95.0;99.0] 0.031

Blood glucose, mg/dl 133 [119;154] 135 [118;156] 132 [121;148] 131 [117;149] 143 [124;159] 0.002
Hematocrit, % 34.9 [31.6;39.3] 35.1 [31.8;39.3] 34.4 [31.1;38.6] 35.0 [31.6;39.7] 34.5 [31.4;38.5] 0.618

Hemoglobin, g/dl 11.4 [10.6;13.1] 11.6 [10.6;13.1] 11.3 [10.5;13.0] 11.6 [10.6;13.3] 11.2 [10.3;12.6] 0.156

Platelets, K/μL 216 [157;280] 217 [157;278] 209 [155;282] 218 [160;279] 202 [150;280] 0.415
WBC, K/μL 14.5 [11.3;18.8] 14.5 [11.1;18.9] 14.4 [12.0;18.3] 14.5 [11.3;18.5] 14.1 [11.2;19.9] 0.902

Bicarbonate, mmol/L 25.0 [22.0;27.0] 25.0 [22.0;27.0] 25.0 [22.0;27.0] 25.0 [23.0;27.0] 23.0 [21.5;27.0] 0.007

BUN, mg/dl 18.0 [14.0;27.0] 18.0 [14.0;27.0] 19.0 [14.2;27.0] 17.0 [13.0;22.0] 25.0 [18.0;39.0] <0.001
Calcium, mg/dl 8.37 [8.00;8.80] 8.38 [8.00;8.80] 8.35 [8.10;8.70] 8.40 [8.08;8.70] 8.40 [7.90;9.00] 0.838

Chloride, mEq/L 109 [105;112] 108 [105;111] 109 [105;112] 109 [105;112] 108 [105;112] 0.791
Creatinine, mg/dl 1.00 [0.80;1.40] 1.00 [0.80;1.35] 1.00 [0.80;1.40] 1.00 [0.80;1.28] 1.20 [0.90;1.65] <0.001

(Continued)
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1.84%, 2.47% and 2.66%, respectively (Figure 3B). Furthermore, to facilitate clinical use, we constructed a web 
calculator (https://tudoutudouni.shinyapps.io/DynNomapp/). We used the DynNom and the resconnect R package with 
the associated R shiny web app to implement this function.

Table 1 (Continued). 

Variables Total (n=377) Development 
Cohort 
(n=263)

Validation 
Cohort 
(n=114)

Survival 
(n=270)

Death (n=107) P

Sodium, mEq/L 141 [138;143] 141 [138;143] 141 [138;143] 141 [138;143] 141 [138;143] 0.982

Potassium, mEq/L 4.40 [4.10;4.80] 4.40 [4.10;4.80] 4.50 [4.20;4.70] 4.40 [4.10;4.80] 4.50 [4.15;4.85] 0.260

INR 1.30 [1.20;1.60] 1.30 [1.10;1.60] 1.30 [1.20;1.58] 1.30 [1.10;1.50] 1.40 [1.20;1.80] 0.001
PT, s 14.7 [12.9;17.0] 14.8 [12.9;17.0] 14.6 [13.0;17.0] 14.4 [12.8;16.4] 15.6 [13.3;19.8] 0.001

APTT, s 32.8 [28.3;45.4] 32.5 [28.5;44.8] 33.8 [27.6;45.8] 31.6 [28.1;40.1] 38.3 [29.4;64.4] <0.001

Vasoactive agent <0.001

No 148 (39.3%) 101 (38.4%) 47 (41.2%) 124 (45.9%) 24 (22.4%)
Yes 229 (60.7%) 162 (61.6%) 67 (58.8%) 146 (54.1%) 83 (77.6%)

Figure 2 Clinical variables were selected via the LASSO Cox regression model. A coefficient profile plot was constructed against the log(lambda) sequence. (A) Tuning 
parameter (λ) selection via LASSO penalized logistic regression with 10-fold cross-validation. (B) Following verification of the optimal parameter (lambda) in the LASSO 
model, we plotted the partial likelihood deviance (binomial deviance) curve versus log(lambda) and drew dotted vertical lines based on 1 standard error criterion. 
Abbreviation: LASSO, least absolute shrinkage and selection operator.
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Predictive Model Validation
To verify the performance of the established nomogram, an ROC curve was used to evaluate the discriminatory capacity 
of the predictive model. For the predictive model, we calculated the pooled area under the ROC curve (AUC) values for 
the nomogram in the development cohort and validation cohort (Figure 4A and B). In the development cohort, the AUC 
values at 1 month, six months and 1 year were 0.864, 0.881 and 0.890, respectively, and in the validation cohort, the 
AUC values at 1 month, 6 months and 1 year were 0.822, 0.827 and 0.834, respectively. These values indicate 
moderately good performance. Moreover, a calibration curve was used to describe the fitting ability of the model in 

Figure 3 (A) Risk factors for hematocrit, APSIII, BUN, OASIS, RR and age according to the nomogram prediction model. (B) Dynamic nomogram used as an example.

Table 2 Multivariate Regression Model Based on LASSO Regression Results

Variables HR Confidence Interval (2.5%) Confidence Interval (97.5%) Z value P-value

Age 1.067 1.043 1.090 5.663 <0.001
APSIII 1.013 1.000 1.027 1.982 0.048

OASIS 1.037 0.999 1.075 1.911 0.056

RR 1.041 0.979 1.107 1.274 0.203
BUN 1.018 1.007 1.030 3.143 0.002

Hematocrit 1.045 1.000 1.092 1.973 0.049

Drug, Healthcare and Patient Safety 2025:17                                                                                   https://doi.org/10.2147/DHPS.S497413                                                                                                                                                                                                                                                                                                                                                                                                      69

Li et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



the development and validation cohorts. Figure 5 shows that the established model exhibited good agreement between the 
predictive and actual survival statuses at 1 month, 6 months and 1 year in the development and validation cohorts.

Clinical Practice
Finally, we plotted the DCA curves to compare the clinical application of the developed model, the APS III score and the 
OASIS score (Figure 6). The straight green-yellow curve in the figure represents the assumption that no patients 
exhibited long-term overall survival (OS), the orange line represents the assumption that all patients exhibited long- 
term OS, and the green curve represents the clinical benefit of our model. The DCA curves indicated that our model had 
a greater net clinical benefit than the OASIS and APS III scoring systems did, which means that the established model 
has greater clinical value than the OASIS and APS III scoring systems do.

Discussion
RF is one of the most common reasons for hospitalization and ICU admissions and is associated with increases in health 
care expenses, mortality rates and lengths of hospital stay.16,17 Predicting mortality in ICU patients with posttraumatic RF 
could improve the management and prognosis of RF-related complications. Because trauma often causes significant 
damage to various organs of patients, the fundamental purpose of all our medical treatments is to save their lives. While 

Figure 4 Receiver operating characteristic curve (ROC) validation of the nomogram prediction. The y-axis represents the true positive rate of the risk prediction, and the 
x-axis represents the false positive rate of the risk prediction. The red line represents the performance of the nomogram in the development cohort (A) and validation 
cohort (B) at 1 month, the blue line represents 6 months and the green line represents 1 year.

Figure 5 Calibration curves of the predictive RF death risk nomogram. The y-axis represents the actual death risk of the RF following trauma, and the x-axis represents the 
predicted death risk of the RF following trauma. The diagonal dotted line represents a perfect prediction by an ideal model, and the solid line represents the performance of 
the development (A) and validation cohorts (B), with the results indicating that a closer fit to the diagonal dotted line represents a better prediction.
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existing treatments for RF demonstrate notable symptom relief, the absence of an effective and pragmatic scoring system 
for mortality prediction remains a noteworthy gap. Our comprehensive study included 30 variables and identified 6 key 
factors, including age, the APSIII score, the OASIS score, RR, BUN and hematocrit. These variables were seamlessly 
integrated into the nomogram for predicting the mortality outcomes of patients with posttraumatic RF and succeeded in 
constructing a model to predict and validate the mortality outcomes for these patients at three time points. This approach 
contributes to the understanding and management of RF-related challenges and provides guidelines for critical care 
research.

These changes, in turn, may result in increased morbidity.18–20 Our study also confirmed that age was an independent 
risk factor, and we succeeded in constructing a model to predict and validate the mortality outcomes for these patients at 
three time points. This approach contributes to the understanding and management of RF-related challenges and provides 
guidelines for critical care post-RF. Ageing increases the risk of postoperative complications because of the decrease in 
physiologic reserve and airway defence; these limitations are more likely to become apparent after the stressors of 
trauma, surgery and anaesthesia.21 The APS II (Acute Physiology Score II) and APS III are international multidimen
sional instruments designed for the comprehensive assessment of ICU admission mortality estimates.22,23 Emerging 
evidence suggests that the APSIII is a valuable tool for predicting mortality and may surpass the performance of the 
APSII and APCHEII (Acute Physiology and Chronic Health Evaluation II).24–26 APSIII was also an independent risk 
factor in our study. The SIRS, APSIII, OASIS and SOFA scores have been widely used to assess disease severity and 
predict in-hospital mortality in the ICU; however, a single scoring system cannot accurately indicate the magnitude of the 
mortality rate. In the model we established, we found that modelling with the APSIII and OASIS scoring systems rather 

Figure 6 DCA of the nomogram for OS in both the development (A) and validation (B) cohorts.
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than the SOFA and SIRS scoring systems was more effective in predicting patient mortality. In addition, our model can 
provide greater net clinical benefits to patients than a single APSIII or OASIS scoring system. Notably, both the APSIII 
and OASIS scores encompass respiratory status, which underscores the importance of not only factors such as age, BUN, 
and haematocrit levels but also mechanical ventilation and RR. However, certain variables within the APSIII and OASIS 
scores, such as HR, T, and WBC, were excluded from the final model construction following separate extraction for 
statistical analysis. The associations of BUN and hematocrit levels with pulmonary disease have been well documented 
in prior studies;27–29 interestingly, BUN is one of the risk factors for mortality in elderly patients with acute kidney injury 
or heart failure.30,31 Moreover, our findings suggest that BUN is also associated with disease and related surgeries.32,33 

We also examined whether patients had heart failure; however, in our study, we did not find a significant difference 
between the survival and death groups (226 (83.7%) vs 80 (74.8%)), which may be related to our insufficient sample size 
or the type of population included in the study.

In this study, we found considerable differences in age, the APSIII score, the OASIS score, the SOFA score, DBP, 
MBP, RR, bicarbonate, blood glucose, creatinine, PT, APTT, the INR and the use of vasoactive agents between the 
survival and death groups. The ROC curves of our model in the development and validation cohorts were 0.864 and 
0.822 at 1 month, 0.881 and 0.827 at 6 months, and 0.890 and 0.834 at 1 year, respectively, which indicated that the 
nomogram had good discrimination ability in predicting mortality for patients with traumatic respiratory insufficiency. 
Moreover, the calibration curves also revealed that the nomogram had good accuracy for predicting mortality. Finally, the 
DCA curves in our study indicated that the model has greater net benefit than the APSIII and OASIS scoring systems of 
clinical value. With the nomogram, an individual predictive score of mortality can be measured for any individual. The 
critical care physicians can use the nomogram in multidisciplinary team meetings to make real-time decisions, accurately 
assess the severity of disease and predict the prognosis of critically ill patients.34 However, the intensive care doctors 
should not rely solely on predictive scores, and should take into account the actual clinical situation of each patient to 
achieve individualized treatment.

Our study has several limitations. First, it was a retrospective study, and inherent bias was challenging to avoid. 
Second, although the database has relatively complete data, the sample size that met the inclusion criteria was still 
relatively small. Previous studies have shown that the risk factors for postoperative pulmonary complications are age, 
surgery type, smoking, preoperative anaemia, general anaesthesia, and intraoperative ventilation strategies,17 and the 
incidence of posttrauma pulmonary complications is also associated with surgical intervention and the number of 
surgeries.35 However, our study did not include surgery- or anesthesia-related variables, and it is necessary to conduct 
larger-scale multicentre studies to validate the applicability of this model in the future.

Conclusions
This research established a nomogram that includes the variables of age, APSIII, OASIS, respiratory rate, hematocrit 
levels and BUN, which can be applied to accurately predict the ICU mortality of ICU patients with post traumatic RF. 
Treatment strategies should consider the relevant factors in the model, which may improve in-hospital survival rates for 
these ICU patients.
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