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Background: Traditional scoring systems for patients’ outcome prediction in intensive care units such 
as Oxygenation Saturation Index (OSI) and Oxygenation Index (OI) may not reliably predict the clinical 
prognosis of patients with acute respiratory distress syndrome (ARDS). Thus, none of them have been widely 
accepted for mortality prediction in ARDS. This study aimed to develop and validate a mortality prediction 
method for patients with ARDS based on machine learning using the Medical Information Mart for Intensive 
Care (MIMIC-III) and Telehealth Intensive Care Unit (eICU) Collaborative Research Database (eICU-CRD) 
databases.
Methods: Patients with ARDS were selected based on the Berlin definition in MIMIC-III and eICU-
CRD databases. The APPS score (using age, PaO2/FiO2, and plateau pressure), Simplified Acute Physiology 
Score II (SAPS-II), Sepsis-related Organ Failure Assessment (SOFA), OSI, and OI were calculated. With 
MIMIC-III data, a mortality prediction model was built based on the random forest (RF) algorithm, and 
the performance was compared to those of existing scoring systems based on logistic regression. The 
performance of the proposed RF method was also validated with the combined MIMIC-III and eICU-CRD 
data. The performance of mortality prediction was evaluated by using the area under the receiver operating 
characteristics curve (AUROC) and performing calibration using the Hosmer-Lemeshow test.
Results: With the MIMIC-III dataset (308 patients, for comparisons with the existing scoring systems), the 
RF model predicted the in-hospital mortality, 30-day mortality, and 1-year mortality with an AUROC of 
0.891, 0.883, and 0.892, respectively, which were significantly higher than those of the SAPS-II, APPS, OSI, 
and OI (all P<0.001). In the multi-source validation (the combined dataset of 2,235 patients in MIMIC-III 
and 331 patients in eICU-CRD), the RF model achieved an AUROC of 0.905 and 0.736 for predicting in-
hospital mortality for the MIMIC-III and eICU-CRD datasets, respectively. The calibration plots suggested 
good fits for our RF model and these scoring systems for predicting mortality. The platelet count and lactate 
level were the strongest predictive variables for predicting in-hospital mortality.
Conclusions: Compared to the existing scoring systems, machine learning significantly improved 
performance for predicting ARDS mortality. Validation with multi-source datasets showed a relatively robust 
generalisation ability of our prediction model.
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Introduction

Acute respiratory distress syndrome (ARDS) is a non-
hydrostatic pulmonary oedema and hypoxemia associated 
with a variety of aetiologies. The morbidity, mortality 
(about 40%), and financial cost of ARDS are high (1,2). 
Predicting the outcome of patients with ARDS remains 
challenging (3), and no scoring system has been validated 
till date (4). Although using the PaO2/FiO2 ratio is the 
most common method of describing the severity of 
pulmonary dysfunction, it does not provide an accurate 
assessment of ARDS severity and outcome (5). Other 
scoring systems, such as Acute Physiology and Chronic 
Health Evaluation (APACHE-II), Oxygenation Saturation 
Index (OSI), Oxygenation Index (OI), and the Lung Injury 
Score can be used to predict the survival of patients in the 
intensive care units (ICUs). However, controversies exist 
since these scores offer limited prognostic information and 
poor predicting power (3,6,7). A more comprehensive and 
powerful prediction system is urgently needed. 

Recently, machine learning (ML) (8) has been widely 
used in detecting adverse health events in hospital settings. 
Studies (9-12) have applied ML to predict the mortality 
of patients in ICU settings and have shown improved 
predictive ability. However, few studies have evaluated the 
role of ML in predicting mortality in ARDS. Ding et al. (13) 
and Zhang (14) developed a random forest (RF) model and 
a neural network model, respectively; however, their power 
was compromised due to either small sample size or lack of 
external validation. 

This study aimed to develop an effective and robust 
mortality prediction ML model specific to ARDS. Our 
hypotheses included the following: firstly, the ML-based 
model can be used in mortality prediction of ARDS with 
better performance than the existing scoring systems; 
secondly, the ML-based model can be robust in a multi-
source dataset. We present the following article in 
accordance with the STROBE reporting checklist (15) 
(available at http://dx.doi.org/10.21037/atm-20-6624).

Methods

The study was conducted in accordance with the 

Declaration of Helsinki (as revised in 2013). 

Data source

We extracted patient data from the Medical Information 
Mart for Intensive Care database (MIMIC-III) (16) and 
Telehealth Intensive Care Unit Collaborative Research 
Database (eICU-CRD) (17). MIMIC-III is a publicly 
available database that includes 53,423 distinct hospital 
admissions for adult patients (aged ≥18 years) in critical 
care units at a tertiary non-profit medical centre from 2001 
to 2012. eICU-CRD is a multi-source ICU database with 
high granularity data for over 200,000 admissions to ICUs 
monitored by eICU programmes across the United States. 
The release of eICU-CRD is intended to build upon the 
success of MIMIC-III and potentially expand the scope of 
studies by ensuring data availability from multiple centres.

We used the same inclusion and exclusion criteria as 
the MIMIC-III and eICU-CRD databases. The inclusion 
diagram and study design are presented in Figure 1. Patients 
≥18 years old with ARDS according to the International 
Classification of Diseases (ICD)-9 code (518.82 or 518.5) 
were selected. The diagnostic criteria for ARDS were 
as described in previous studies (18) with adjustment 
according to the Berlin definition (19). For patients 
receiving high flow oxygen or non-invasive ventilation, the 
PaO2/FiO2 values were not always available, and the values 
were calculated as the ratio of PaO2 to the nearest FiO2 
available before the corresponding blood gas measurement. 
The bilateral infiltrates were confirmed by text matching 
with the keywords ‘edema’ OR (‘bilateral’ AND ‘infiltrate’) 
running against all radiographic reports (20,21). Patients 
with congestive heart failure were excluded based on the 
ICD-9 code 428 (instead of pulmonary wedge pressure), 
since the information of pulmonary wedge pressure was 
severely missing in these patients (22,23). A random sample 
of 25% of patients labelled to have ARDS was manually 
reviewed, and the extraction and pre-processing proposal 
were evaluated and tilted accordingly. Discrepancies were 
settled by a joint evaluation of the overall data available, 
but blinded to the exposure variables. Patients with the 
following criteria were excluded: ICU stay less than 24 h, 
on non-invasive ventilation, and post-surgical patients in 
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the cardiovascular ICU.
To compare the performance of our proposed ML 

methods with the existing scoring systems, from MIMIC-
III, we selected 308 patients who met the above-mentioned 
criteria and had complete records of all the scores (see 
below), and named it Dataset 1. The scores calculated 
included the Simplified Acute Physiology Score II (SAPS-
II), Sepsis-related Organ Failure Assessment (SOFA), OSI, 
OI, and APPS (3). A total of 2,235 patients in MIMIC-III 
(Dataset 2) and 331 patients in eICU-CRD (Dataset 3) who 
met the above-mentioned inclusion criteria were selected 
as the study population. Note that Dataset 1 is a subset of 
Dataset 2.

For the missing variables in some patients, we used the 
mean values (for the variables with normal distribution) 
or median values (for the variables that were not normally 
distributed) of non-missing data of the corresponding 

variables as alternatives in each dataset. The detailed 
frequency of the present/missing data is provided in the 
Appendix Section 1.

ML model development and feature selection with  
Dataset 1

An RF model was built in Dataset 1 using the scikit-learn 
library (24) in Python. Studies have shown that the RF 
method in most classification tasks is better than other 
classifiers (8,25). The outcome measures included in-
hospital mortality, 30-day mortality, and 1-year mortality. 
As shown in Figure S1, the training and testing was based 
on an 8-fold cross-validation, which means that the dataset 
was divided into 8 folds, and in each run, 7 were used for 
training and the remaining 1 was used for testing. During 
the training procedure, we also used a nested 8-fold 

2,561 ARDS patients admitted to ICU
 (MIMIC-III Database)

2,235 patients enrolled in final analysis

326 excluded
8 age <18
46 discharge within 24 hours
318 only palliative care

1,927 excluded
incomplete records of
APPS, OI, OSI, SAPS-II, 
SOFA scoring systems

152 excluded
1 age <18
32 discharge within 24 hours
151 incomplete data

483 ARDS patients admitted to ICU
(eICU-CRD Database)

331 patients 
enrolled in final analysis

308 patients
(Dataset 1)

Mortality prediction, 
evaluation and comparison

Scoring 
systems

Large-scale  
validation

12 selected 
features

Feature selection 
by Gini importance

Mix

2,235 patients
 (Dataset 2)

12 selected 
features

331 patients
(Dataset 3)

Multi-source  
validation

RF methods

Figure 1 Inclusion diagram and study design. This flowchart illustrates the scheme for selecting data for final analysis from MIMIC-III and 
eICU-CRD databases. By using Dataset 1 (308 patients from Dataset 2) the machine learning model was developed with RF algorithm, and 
compared with the existing scoring systems. The features were selected with the RF model. With these selected features, we used Dataset 
2 alone for large-scale validation, and the combination of Dataset 2 (2,235 patients from MIMIC-III) and Dataset 3 (331 patients from 
eICU-CRD) for multi-source validation of the RF model. RF, random forest; MIMIC-III, Medical Information Mart for Intensive Care 
database (https://mimic.mit.edu); eICU-CRD, Telehealth Intensive Care Unit Collaborative Research Database (https://eicu-crd.mit.edu); 
ARDS, acute respiratory distress syndrome; ICU, intensive care unit; OI, Oxygenation Index; OSI, Oxygenation Saturation Index; SAPS-II, 
Simplified Acute Physiology Score II; SOFA, Sepsis-related Organ Failure Assessment.

https://cdn.amegroups.cn/static/public/ATM-20-6624-Supplementary.pdf
https://cdn.amegroups.cn/static/public/ATM-20-6624-Supplementary.pdf


Huang et al. ARDS mortality prediction by ML

© Annals of Translational Medicine. All rights reserved.   Ann Transl Med 2021;9(9):794 | http://dx.doi.org/10.21037/atm-20-6624

Page 4 of 12

cross-validation grid-search scheme to find the optimal 
hyperparameters. The details of the hyperparameter tuning 
are provided in the Appendix Section 2.

For feature selection, a total of 90 variables were collected 
in Dataset 1, including demographic data, ventilator 
settings, laboratory hemodynamic variables, physiological 
information, and other clinical data that may be relevant 
to the mortality of patients with ARDS. To investigate the 
contribution of different variables, an importance measure, 
the Gini importance, was used (26), which was computed as 
the total reduction of the criterion brought by that feature. 
We selected the top 45 (50%) features with high importance. 
Among these, only 12 features that could also be obtained in 
Dataset 3 from eICU-CRD were used to establish the ML 
models. To assess the impact on the results, the predictive 
performances of RF models with 45 variables and 12 variables 
were evaluated and compared in Dataset 1 using 8-fold cross-
validation. The details of the feature selection are provided in 
the Appendix Section 3.

Performance comparisons between the ML method and 
existing scoring systems with Dataset 1

We calculated the SAPS-II, SOFA, OSI, OI, and APPS 
scores for Dataset 1. OI and OSI were calculated for each 
patient using the following formulae: 

2

2

100PaO Mean Airway PressureOI
FiO

× ×
=  [1]

2

2

100SpO Mean Airway PressureOSI
FiO

× ×
=  [2]

We then tested the prediction performance using logistic 
regression. OSI, OI, APPS, SAPS-II, and SOFA scores were 
individually used as the inputs for the regression model (5-7,27). 

The classification models’ performance was evaluated 
using the area under the receiver operating characteristic 
curve (AUROC). The accuracy, sensitivity, and specificity 
were calculated from the receiver operating characteristics 
(ROC) curve with the threshold with the highest accuracy. 
In addition, we performed calibration using the Hosmer-
Lemeshow test (28) to compare the predicted and observed 
probabilities of death.

RF model evaluation with Dataset 2 alone and with multi-
source data (Dataset 2 and Dataset 3)

An RF model was built with the 12 features for predicting 

the mortality of patients with ARDS in Dataset 2, and the 
classification models’ performance was evaluated using the 
above-mentioned scheme. 

Training and testing were further performed using the 
combined data of Dataset 2 and Dataset 3. The whole 
procedure was the same as that described in “ML model 
development and feature selection with Dataset 1” section, 
with the same 12 features. We calculated AUROC, accuracy, 
sensitivity, and specificity, and performed the calibration 
using the Hosmer-Lemeshow test for Dataset 2 and Dataset 
3, respectively, to independently evaluate the performance 
in these two datasets. Since only in-hospital mortality was 
recorded in Dataset 3, the predicting performance of the 
RF model was only evaluated for in-hospital mortality 
with this combined multi-source dataset. The classification 
performance of the SAPS-II and APACHE scoring systems 
were also calculated since other scoring systems were 
unavailable in the eICU-CRD database (Dataset 3).

Statistical analysis

Statistical analyses were performed using R (http://www.
R-project.org) and EmpowerStats software (X&Y Solutions, 
Inc., Boston MA, USA). Continuous variables were presented 
as mean ± standard deviation, and categorical variables were 
presented as counts and percentages. Differences between 
groups were tested using the Pearson chi-square or Fisher 
exact test for categorical variables, and with t-test, Mann-
Whitney, or Kruskal-Wallis test for numerical variables. 

The AUROCs were compared using the Delong 
method (29). A P value <0.05 was considered statistically 
significant. Discrimination was also evaluated by plotting 
and comparing the predicted probabilities of death among 
survivors and non-survivors.

Results (Figures 2-6)

Patients’ characteristics

Demographics and clinical data of Dataset 2 and Dataset 
3 are shown in Table 1. The in-hospital mortality rate was 
19.6% in Dataset 2 and 21.5% in Dataset 3. 

Feature selection

The AUROCs of RF models with 45 variables were 
0.914, 0.909, and 0.910 for in-hospital, 30-day, and 1-year 
mortality prediction, respectively in Dataset 1 by using 

https://cdn.amegroups.cn/static/public/ATM-20-6624-Supplementary.pdf
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8-fold cross-validation, and the AUROCs of the 12-variable 
based model were 0.891, 0.883, and 0.892, respectively, 
showing no significant difference. The 12 features finally 
used included age, white blood cell (WBC) count, serum 
creatinine, albumin, platelet count, pH, lactate level, FiO2, 
PaO2, heart rate, temperature, and body mass index (BMI). 
For the laboratory results and vital signs, mean values 
during the first 24 h of hospitalisation were calculated and 
used as the selected features, except temperature for which 
the maximum values were used. 

Figure 2 shows the top 12 important features in the RF-
based in-hospital mortality prediction model with Dataset 
1, in which the platelet count and lactate level are the two 
strongest predictors.

Performance comparisons between the existing scoring 
systems and RF model with Dataset 1

As shown in Table 2 and Figure 3, with Dataset 1, the 

AUROC for in-hospital mortality prediction was 0.891, 
which was significantly higher than the predictive values of 
the SAPS-II, SOFA, APPS, OSI, and OI scores (AUROC, 
0.586–0.694; all P<0.001). The AUROC for the 30-day 
mortality prediction was 0.883, which was also significantly 
higher than the predictive values of these existing scores 
(AUROC 0.583–0.739; all P<0.001). The AUROC for 
the 1-year mortality prediction was 0.892, which was also 
significantly superior to the predictive values of these 
existing scores (AUROC 0.569–0.732; all P<0.001).

The calibration results are provided in Table S1 and 
Figure 4A. These statistics and plots suggest good fits for 
these scoring systems (all P>0.05), of which our RF model 
achieved better performance in predicting 30-day mortality 
(P=0.915) and 1-year mortality (P=0.823). 

Discrimination plots of the RF-based mortality 
prediction model with Dataset 1 are shown in Figure S2, 
indicating the significant differences between the predicted 
probabilities of death among the survivors and non-

Table 1 Clinical characteristics of 2,235 patients with ARDS from MIMIC-III (Dataset 2) and 331 patients with ARDS from eICU-CRD  
(Dataset 3)

Variable
Dataset 2 Dataset 3

Died at hospital Alive at hospital Died at hospital Alive at hospital

Patients with ARDS, N (%) 437 (19.6) 1,798 (80.4) 71 (21.5) 260 (78.5)

Age, years 70.0 (22.9) 62.5 (25.4) 67.0 (21.5) 63.0 (22.0)

Sex, male, N (%) 242 (55.4) 996 (55.4) 43 (60.6) 138 (53.1)

BMI, kg/m2 27.3 (7.6) 27.9 (7.6) 29.5 (7.5) 30.5 (11.2)

PH 7.40 (0.10) 7.40 (0.10) 7.33 (0.13) 7.33 (0.09)

FiO2 59.0 (21.1) 59.0 (10.0) 65.0 (37.1) 50.0 (28.2)

PaO2 114.8 (45.2) 126.9 (44.3) 97.0 (45.1) 110.7 (83.2)

Length of hospital stay, days 18.2 (22.6) 21.6 (18.7) 9.1 (12.2) 14.9 (19.3）

Length of ICU stay, days 9.7 (11.4) 10.0 (10.8) 5.9 (8.0) 5.8 (9.5)

Type of admission, N (%) n/a n/a

Emergency 363 (83.1) 1,354 (75.3)

Elective 54 (12.4) 398 (22.1)

Urgent 20 (4.6) 46 (2.6)

Mean arterial pressure, mmHg 75.3 (11.7) 78.4 (10.8) – –

Heart rate, bpm 94.1 (17.4) 89.8 (15.9) 94.3 (19.5) 90.8 (17.1)

Normally distributed continuous variables are presented as mean (standard deviation), while non-normally distributed continuous variables  
are presented as median (interquartile range); categorical variables are presented as N (%). ARDS, acute respiratory distress syndrome; 
MIMIC-III, Medical Information Mart for Intensive Care database; eICU-CRD, Telehealth Intensive Care Unit Collaborative Research  
Database; BMI, body mass index; ICU, intensive care unit; bpm, beats per minute.
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survivors using each prediction algorithm.

Prediction performance of the RF model with Dataset 2 
alone and with multi-source data (Dataset 2 and Dataset 3)

As shown in Table 3 and Figure 5 with Dataset 2, the 
AUROC was 0.901 for the in-hospital mortality prediction, 
0.882 for the 30-day mortality prediction, and 0.872 for the 
1-year mortality prediction. 

The calibration results are provided in Table S2 and 
Figure 4B. These statistics and plots suggest good fits for 

these scoring systems and our RF model (all P>0.05).
Discrimination plots of the RF-based mortality 

prediction model with Dataset 2 are shown in Figure S3, 
indicating the significant differences between the predicted 
probabilities of death among the survivors and non-
survivors using each prediction algorithm.

As shown in Table S3 and Figure 6, when refitting the 
RF model in the multi-source data consisting of Dataset 2 
and Dataset 3, the AUROC for the in-hospital mortality 
prediction was 0.905 and 0.736 for Dataset 2 and Dataset 3, 
respectively. With SAPS-II and APACHE scoring systems, 

0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2

Variable importance

platelet_mean 

lactate_mean 

ph_mean 

age 

pao2_mean 

wbc_mean 

fio2_mean 

creatinine_mean 

temperature_max 

heartrate_mean 

albumin_mean 

BMI

Figure 2 Importance of the predicting variables in the random forest (RF)-based in-hospital mortality prediction model with Dataset 1. 
wbc_mean, mean white blood cell count; BMI, body mass index.

Table 2 Performance comparisons between the existing scoring systems and the proposed RF model in predicting ARDS mortality with Dataset 
1 (subset of Dataset 2)

Methods In-hospital mortality (AUROC, 95% CI) 30-day mortality (AUROC, 95% CI) 1-year mortality (AUROC, 95% CI)

OI 0.618 (0.551–0.684), P<0.001 0.665 (0.598–0.731), P<0.001 0.569 (0.504–0.633), P<0.001

OSI 0.692 (0.628–0.757), P<0.001 0.739 (0.676–0.802), P<0.001 0.649 (0.586–0.712), P<0.001

APPS 0.694 (0.634–0.754), P<0.001 0.688 (0.625–0.751), P<0.001 0.708 (0.650–0.765), P<0.001

SOFA 0.586 (0.513–0.658), P<0.001 0.583 (0.505–0.661), P<0.001 0.584 (0.518–0.650), P<0.001

SAPS-II 0.692 (0.628–0.755), P<0.001 0.692 (0.625–0.759), P<0.001 0.732 (0.675–0.790), P<0.001

RF model 0.891 (0.850–0.932) 0.883 (0.838–0.929) 0.892 (0.855-0.930)

Delong’s method was used to compare the difference in AUROC between the RF model and existing scoring systems. A two-tailed P 
value of less than 0.05 was considered statistically significant. ARDS, acute respiratory distress syndrome; RF, random forest; AUROC, 
area under the receiver operating characteristic curve; CI, confidence interval; OI, oxygenation index; OSI, oxygen saturation index; SOFA, 
Sepsis-related Organ Failure Assessment; SAPS-II, Simplified Acute Physiology Score II. 
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the AUROC for in-hospital mortality prediction with 
Dataset 3 was 0.511 and 0.528, respectively. We also studied 
the predictive value of our RF model with only Dataset 3 
for training and testing, and the AUROC was 0.696 [95% 
confidence interval (CI), 0.621–0.770], lower than the 
performance trained with multi-source data consisting of 
Dataset 2 and Dataset 3. 

The calibration results are provided in Table S3 and 
Figure 4C. These statistics and plots suggest good fits 
for these scoring systems (all P>0.05), except for our RF 

model for the in-hospital mortality prediction of MIMIC-
III data (P=0.021). The predictive value of our RF model 
for MIMIC-III data has been justified in our previous  
results. 

Discrimination plots of the RF-based mortality 
prediction model with multi-source data are shown in 
Figure S4, indicating the significant differences between 
the predicted probabilities of death among the survivors 
and non-survivors using the RF algorithm in different  
training sets.
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Figure 3 Receiver operating characteristic (ROC) curves of the proposed RF model and existing scoring systems for mortality prediction 
with Dataset 1 (the patients with complete records of the existing scoring systems from MIMIC-III database; namely, subset of Dataset 2). (A) 
in-hospital mortality prediction; (B) 30-day mortality prediction; (C) 1-year mortality prediction. RF, random forest; MIMIC-III, Medical 
Information Mart for Intensive Care database; OI, Oxygenation Index; OSI, Oxygenation Saturation Index; SAPS-II, Simplified Acute 
Physiology Score II; SOFA, Sepsis-related Organ Failure Assessment.
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Figure 4 Calibration plots of the RF-based mortality prediction model. The Hosmer-Lemeshow statistic was used to assess calibration 
performance. (A) Calibration lines with Dataset 1 (the patients with complete records of the existing scoring systems from MIMIC-III; 
namely, subset of Dataset 2). (B) Calibration lines with Dataset 2 (2,235 patients from MIMIC-III). (C) Calibration line with multi-source 
data including Dataset 2 and Dataset 3 (331 patients from eICU-CRD), in which both datasets were used for training and testing, but 
the calibration lines were drawn for Dataset 2 and Dataset 3 respectively. RF, random forest; MIMIC-III, Medical Information Mart for 
Intensive Care database; eICU-CRD, Telehealth Intensive Care Unit Collaborative Research Database.
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Discussion

We found that ML improved the ARDS mortality 
prediction performance compared to the OI, OSI, SAPS-
II, SOFA, and APPS scoring systems, and showed relatively 
stable performance with multi-source data.

The existing scoring systems combined with logistic 
regression have been used for mortality prediction in ARDS 
(3,6,7). Similar to the previous studies, our study achieved 
an AUROC of 0.618, 0.692, 0.692, 0.586, and 0.694 
(Figure 3A), respectively, for in-hospital mortality, which 
was significantly poorer than the performance of the RF-
based model in our study. Since the reasons for the death of 
patients with ARDS are complicated, it is difficult for these 
scoring systems to predict mortality accurately since they 
are generally a linear combination of explanatory variables. 
However, the generalizability of these scoring systems in 
different ARDS cohorts may be limited. For example, while 

the APPS score achieved an AUROC of 0.800 in predicting 
the in-hospital mortality (7), we achieved an AUROC 
of only 0.694. In another external validation study (3) 
using APPS, the AUROC was 0.62. This may be because 
APPS is a simple scoring system that incorporates limited 
information regarding the age, PaO2/FiO2 ratio, and plateau 
pressure. 

Studies have demonstrated that ML is effective in 
predicting ICU mortality. Pirracchio et al. (10) adopted the 
Super ICU Learner Algorithm in mortality prediction for 
patients in the ICU achieving an AUROC of 0.88, which 
was better than previous scoring systems. Marafino et al. (30) 
used ML to predict in-hospital ICU mortality and yielded 
excellent predictive performance. Zhang et al. (11) applied 
a gradient boosting machine, and achieved an AUROC of 
0.748. Ding et al. (13) built an RF model to predict ARDS 
events in a small sample of 296 patients, and achieved an 

Table 3 Performance comparisons between the SOFA, SAPS-II scoring system and proposed RF model in predicting ARDS mortality with  
Dataset 2 (2,235 patients from MIMIC-III)

Methods In-hospital mortality (AUROC, 95% CI) 30-day mortality (AUROC, 95% CI) 1-year mortality (AUROC, 95% CI)

SOFA 0.661 (0.641–0.680), P<0.001 0.636 (0.615–0.656), P<0.001 0.602 (0.581–0.622), P<0.001

SAPS-II 0.711 (0.692–0.730), P<0.001 0.695 (0.675–0.714), P<0.001 0.697 (0.678–0.716), P<0.001

RF model 0.901 (0.888–0.913) 0.882 (0.870–0.895) 0.872 (0.859–0.885)

Delong’s method was used to compare the difference in AUROC between the RF model and existing scoring systems. A two-tailed P value  
of less than 0.05 was considered statistically significant. SOFA, Sepsis-related Organ Failure Assessment; SAPS-II, Simplified Acute  
Physiology Score II; ARDS, acute respiratory distress syndrome; RF, random forest; MIMIC-III, Medical Information Mart for Intensive Care 
database; AUROC, area under the receiver operating characteristic curve; CI, confidence interval.
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MIMIC-III, Medical Information Mart for Intensive Care database.



Annals of Translational Medicine, Vol 9, No 9 May 2021 Page 9 of 12

© Annals of Translational Medicine. All rights reserved.   Ann Transl Med 2021;9(9):794 | http://dx.doi.org/10.21037/atm-20-6624

AUROC of 0.82. Zhang (14) developed a neural network 
model with a genetic algorithm to predict 90-day mortality 
in a database of 745 patients, and in the testing cohort of  
272 patients achieved an AUROC of 0.821. These two studies 
on ARDS indicated that ML was superior to the traditional 
APACHE score; however, the robustness requires further 
validation owing to the relatively small sample size or lack of 
multi-source validation. Similarly, our results demonstrated 
the ability of ML to predict the mortality of patients with 
ARDS, achieving comparable or even better performance 
than Ding et al. (13) and Zhang (14) in a larger and multi-
source dataset. Compared with existing scoring systems, the 
RF-based algorithm has the following advantages. Firstly, 
the RF algorithm can automatically learn the interaction 
and non-linear effects between the predictors from the data, 
and thus may be more suitable for high-dimensional data. 
Secondly, with cross-validation, the optimal model could be 
selected. Lastly, the RF algorithm may be more powerful in 
dealing with the unbalanced datasets by applying an unbiased 
estimation for the generalisation error (31). 

In the feature selection, 45 variables (50%, 90 in total) with 
higher Gini importance were selected based on Dataset 1  
from MIMIC-III, but only 12 variables were available in 
Dataset 3 from eICU-CRD. The predictive performances of 

RF models with 45 variables and 12 variables were compared 
in Dataset 1. The AUROCs of the 45-variable based 
model were 0.914, 0.909, and 0.910 for in-hospital, 30-day,  
and 1-year mortality prediction, while the 12-variable 
based model achieved AUROCs of 0.891, 0.883, and 0.892, 
respectively, showing no significant difference and limiting 
impact on the results. 

The 12 variables with the highest importance in predicting 
the in-hospital mortality are shown in Figure 2. Such 
variables have also been reported in previous studies (32-34). 
Advanced age, PaO2, FiO2, and creatinine are well-recognised 
independent risk factors for mortality in ARDS (35-37). 
Similarly, WBC count, temperature, and heart rate on the 
first day were screened as predictors of ARDS events by 
Ding et al. (13), while age, albumin, and FiO2 were identified 
as important variables associated with the 90-day mortality 
by Zhang (14). Acute kidney injury is associated with a high 
mortality, especially during ARDS development (37,38). 
Fever above 38.5–39.5 ℃ increases both the ventilatory (high 
respiratory drive: large tidal volume, high respiratory rate) 
and metabolic (increased O2 consumption) demands, further 
impairing the cardio-ventilatory reserve (39). Some studies 
have suggested that control of elevated body temperature 
resulting in normothermia (35.5–37 ℃) could lower both the 
ventilatory and metabolic demands (40). However, no studies 
have been reported supporting the role of temperature 
control in preventing ARDS and improving survival. Low 
pH and high lactate levels are characteristic of metabolic 
acidosis, which is known to be predictive of mortality 
in extreme acidosis or critically ill patients (37,41,42). 
Hypoalbuminemia, a factor known to be predictive of poor 
prognosis (43), disrupts the oncotic balance between fluids in 
the pulmonary circulation and lung alveoli. In patients who 
are seriously ill, hypoalbuminemia may be a marker of leaky 
capillaries rather than a cause of hydrostatic oedema (18).

In our study, we tested and reported a very similar 
prediction performance of our model in two datasets from 
MIMIC-III with different sizes (Dataset 1 and Dataset 2) 
(Tables 2,3). This may indicate that sample size has a limited 
impact on the prediction performance of our ML-based 
method. We combined the eICU-CRD dataset (Dataset 3) 
and Dataset 2, and the results showed that the in-hospital 
mortality prediction performance in Dataset 3 decreased 
(AUROC, 0.736). There may be two explanations for 
this relatively lower performance in Dataset 3. Firstly, the 
feature selection was based on the feature importance with 
the MIMIC-III dataset. The distributions of these selected 
features in the eICU-CRD dataset can be different from 
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Figure 6 Receiver operating characteristic (ROC) curves of the 
RF-based in-hospital mortality prediction model. Multi-source 
data including Dataset 2 (2,235 patients from MIMIC-III) and 
Dataset 3 (331 patients from eICU-CRD) were used for training 
and testing but the ROC curves were drawn for Dataset 2 and 
Dataset 3 respectively. RF, random forest; MIMIC-III, Medical 
Information Mart for Intensive Care database; eICU-CRD, 
Telehealth Intensive Care Unit Collaborative Research Database.
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those of the MIMIC-III dataset, and thus may affect the 
final prediction performance. Secondly, the data in MIMIC-
III are from a single centre (Beth Israel Deaconess Medical 
Center), while the data in eICU-CRD are from multiple 
centres. This may cause a certain level of heterogeneity in 
Dataset 3 and thus lower the performance. In addition, we 
showed that the predictive value of the model trained with 
multi-source data was better than that with Dataset 3 only. 

The model proposed in our study represents a 
momentous step towards building tools for the habitual 
identification of patients with ARDS who are at greatest 
risk of hospital death. The findings of several mortality-
associated parameters in our study are unexpected but 
not new, possibly providing bases for future therapeutic 
innovation.

Our study has some limitations. Firstly, this was a 
retrospective study and some valuable features may have 
been missing. In MIMIC-III and eICU-CRD, some 
variables were not directly available, and the lack of such 
features may limit the selection of clinical variables for 
modelling. Although we have filled in the missing data 
with the median or mean values, these values were not the 
real values. Secondly, the performance of our model in a 
multi-source dataset is not as good as that in a single-source 
dataset. To validate our model, by incorporating additional 
predictive variables, a larger external cohort is warranted. 
Thirdly, the mortality in our patients was relatively low 
compared to that in other studies, varying from 4.6% to 
52% (44-46). This could be because the patients with non-
invasive ventilation or in the surgical ICU recruited in our 
study had a relatively better prognosis. 

Conclusions

Using the MIMIC-III database, we successfully established 
an RF-based ML model for predicting the mortality of 
patients with ARDS. The RF model achieved significantly 
improved performance compared to the traditional scoring 
systems. Based on the multi-source dataset obtained from 
both the MIMIC-III and the eICU-CRD database, the 
generalisation ability of this prediction model was verified. 
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Supplementary

Figure S1 Scheme for establishing the RF-based mortality prediction model. Two nested loops were used. In Loop 2, the whole training and 
testing was based on the 8-fold cross-validation scheme. In Loop 1, 8-fold cross-validation was used to determine the optimal parameters in 
the RF model. RF, random forest.

Figure S2 Discrimination plots of the RF-based mortality prediction model with Dataset 1 (the patients with complete records of the 
existing scoring systems from MIMIC; namely, subset of Dataset 2). (A) In-hospital mortality prediction. (B) 30-day mortality prediction. (C) 
1-year mortality prediction. RF, random forest; MIMIC-III, Medical Information Mart for Intensive Care database.
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Figure S3 Discrimination plots of the RF-based mortality prediction model with Dataset 2 (2,235 patients from MIMIC-III). (A)  
In-hospital mortality prediction. (B) 30-day mortality prediction. (C) 1-year mortality prediction. RF, random forest; MIMIC-III, Medical 
Information Mart for Intensive Care database.

Figure S4 Discrimination plots of the RF-based mortality prediction model with multi-source data including Dataset 2 (2,235 patients from 
MIMIC-III) and Dataset 3 (331 patients from eICU-CRD). (A) Box plot for Dataset 3 only. (B) Box plot for Dataset 2 alone. (C) Box plot 
for the combination of Dataset 2 and Dataset 3. RF, random forest; MIMIC-III, Medical Information Mart for Intensive Care database; 
eICU-CRD, the Telehealth Intensive Care Unit Collaborative Research Database.
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Table S1 Calibration comparisons between the existing scoring systems and the proposed RF model in predicting ARDS mortality with Dataset 1 
(subset of Dataset 2)

Methods
In-hospital mortality (Hosmer-Lemeshow 

goodness-of-fit Chi²)
30-day mortality (Hosmer-Lemeshow 

goodness-of-fit Chi²)
1-year mortality (Hosmer-Lemeshow 

goodness-of-fit Chi²)

OI 9.766 (P=0.282) 14.501 (P=0.070) 9.466 (P=0.305)

OSI 11.637 (P=0.168) 11.097 (P=0.196) 12.348 (P=0.136)

APPS 4.489 (P=0.213) 3.347 (P=0.341) 3.174 (P=0.366)

SOFA 10.263 (P=0.174) 5.395 (P=0.612) 6.050 (P=0.534)

SAPS-II 4.862 (P=0.677) 4.344 (P=0.739) 9.754 (P=0.203)

RF model 10.419 (P=0.237) 3.295 (P=0.915) 4.366 (P=0.823)

Null hypothesis in Hosmer-Lemeshow test: the true probabilities are those specified by the model. A two-tailed P value less than 0.05 was 
considered statistically significant. ARDS, acute respiratory distress syndrome; RF, random forest; OI, oxygenation index; OSI, oxygen sat-
uration index; SOFA, Sepsis-related Organ Failure Assessment; SAPS-II, Simplified Acute Physiology Score II.

Table S2 Calibration comparisons between the SOFA, SAPS-II scoring system and proposed RF model in predicting ARDS mortality with  
Dataset 2 (2,235 patients from MIMIC-III)

Methods
In-hospital mortality (Hosmer-Lemeshow 

goodness-of-fit Chi²)
30-day mortality (Hosmer-Lemeshow 

goodness-of-fit Chi²)
1-year mortality (Hosmer-Lemeshow 

goodness-of-fit Chi²)

SOFA 5.917 (P=0.657) 6.588 (P=0.582) 5.358 (P=0.719)

SAPS-II 7.389 (P=0.495) 6.686 (P=0.571) 10.424 (P=0.237)

RF model 12.488 (P=0.131) 6.855 (P=0.552) 9.535 (P=0.299)

Null hypothesis in Hosmer-Lemeshow test: the true probabilities are those specified by the model. A two-tailed P value less than 0.05 was 
considered statistically significant. ARDS, acute respiratory distress syndrome; RF, random forest; SOFA, Sepsis-related Organ Failure  
Assessment; SAPS-II, Simplified Acute Physiology Score II; MIMIC-III, Medical Information Mart for Intensive Care.

Table S3 Calibration and discrimination comparisons between the SAPS-II, APACHE scoring systems and proposed RF model in predicting 
ARDS in-hospital mortality with multi-source data (the combination of Dataset 2 and Dataset 3) but performances were estimated for Dataset 2 
and Dataset 3 respectively

Methods Calibration, Hosmer-Lemeshow test Chi2 (P value) Discrimination, AUROC (95% CI)

eICU-CRD

SAPS-II 6.341 (P=0.609) 0.511 (0.433–0.588)

APACHE 5.518 (P=0.597) 0.528 (0.452–0.605)

RF model 8.694 (P=0.369) 0.736 (0.664–0.807)

MIMIC-III

RF model 18.076 (P=0.021) 0.905 (0.887–0.922)

Null hypothesis in Hosmer-Lemeshow test, the true probabilities are those specified by the model. A two-tailed P value less than 0.05 
was considered statistically significant. SAPS-II, Simplified Acute Physiology Score II; APACHE, Acute Physiology and Chronic Health  
Evaluation; RF, random forest; ARDS, acute respiratory distress syndrome; AUROC, area under the receiver operating characteristic curve; 
CI, confidence interval; eICU-CRD, Telehealth Intensive Care Unit Collaborative Research Database; MIMIC-III, Medical Information Mart 
for Intensive Care.
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Appendix Section 1: The frequency of the present/missing data for each feature used in random forest 
(RF) method for acute respiratory distress syndrome (ARDS) mortality prediction

Variables
Dataset 1 (N=308) Dataset 2 (N=2,235) Dataset 3 (N=331)

N Mean SD N Mean SD N Mean SD

Age 308 58.29 18.68 2,235 63.97 17.43 331 63.86 16.35

platelet_mean 308 274.87 136.82 2,223 268.30 136.52 331 211.13 107.44

lactate_mean 295 2.85 2.37 2,036 2.41 1.86 261 2.43 2.04

ph_mean 308 7.38 0.05 2,161 7.39 0.06 331 7.33 0.09

pao2_mean 308 115.82 24.32 2,145 124.53 49.17 331 123.96 63.83

wbc_mean 308 13.88 4.86 2,223 12.78 8.11 331 12.69 7.69

fio2_mean 308 58.84 12.80 1,878 58.96 17.70 331 57.00 23.51

creatinine_mean 308 1.24 1.04 2,223 1.30 1.19 331 1.54 1.25

temperature_max 306 38.54 0.96 1,950 38.03 1.04 330 37.71 0.79

heartrate_mean 308 91.67 12.43 1,863 90.64 13.04 331 91.55 17.71

albumin_mean 284 2.55 0.52 1,760 2.81 0.51 292 2.67 0.52

BMI 205 28.65 8.30 1,766 27.78 7.07 326 31.48 9.67

wbc_mean, mean white blood cell count; BMI, body mass index. 
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Appendix Section 2: Hyperparameters and tuning strategies for RF model in the study

The RF model development was performed in the Python environment using scikit-learn library (version 0.22; https://www.
scikit-learn.org/). RF algorithm involved several hyperparameters controlling the structure of each individual tree and the 
forest, including n_estimators (the number of trees), min_sample_leaf (the minimum number of samples in a terminal node), 
max_depth (the maximum depth of the trees) and criterion (categorical hyperparameter, the splitting rule). A grid-search 
strategy was performed to determine the optimal hyperparameters, in which all possible combinations of given candidate hy-
perparameter values were evaluated. 

Hyperparameters Grid-search settings

n_estimators Lower bound, 11, upper bound, 301

min_sample_leaf Lower bound, 1, upper bound, 10  

max_depth “None”, the nodes are expended until all leaves are pure. 

criterion “Gini” criteria, the split that minimizes the Gini impurity

https://www.scikit-learn.org/
https://www.scikit-learn.org/
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Appendix Section 3

A total of 90 variables were collected in this study, including demographic data, ventilator settings, laboratory hemodynamic 
variables, physiological information, resuscitation status and other clinical data that may be relevant to the mortality of ARDS 
patients. 

Type Variables

Demographic data (4) [1] Age*†

Gender

Ethnicity

Admission type

Ventilator settings (6) [3] Positive end expiratory pressure (minimum, maximum)

Plateau pressure (minimum*, maximum*)

Mean airway pressure (minimum*, maximum)

Laboratory hemodynamic variables (27) [20] White blood cell (minimum, mean*†, maximum)

Bilirubin (minimum*, mean*, maximum*)

Creatinine (minimum*, mean*†, maximum*)

Platelet (minimum*, mean*†, maximum*)

Albumin (minimum, mean*†, maximum)

Ph value (minimum, mean*†, maximum)

Hemoglobin (mean*)

Hematocrit (mean*)

Lactate (mean*†)

Partial pressure of oxygen, PaO2 (mean*†)

Fraction of inspiration O2, FiO2 (mean*†)

Oxygen saturation, SpO2 (mean*)

Partial pressure of CO2, PCO2 (mean*)

Plasma*

Cryoprecipitate

Physiological information (21) [17] Heartrate (minimum*, mean*†, maximum*)

Respiratory rate (minimum, mean*, maximum*)

Mean arterial pressure (minimum*, mean*, maximum)

Temperature (minimum*, mean*, maximum*†)

Tidal volume (minimum, mean*, maximum)

Weight*

Mean tidal volume/Weight*

Body mass index*†

Drug or substance input*

Urine output*

Output-Input*

(continued)
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(continued)

Type Variables

Other clinical data (28) [1] Transfusion*

Pulmonary circulation

Peripheral vascular

Hypertension 

Paralysis

Other neurological disorders

Chronic pulmonary

Uncomplicated diabetes

Complicated diabetes

Hypothyroidism

Renal failure

Liver disease

Peptic ulcer

AIDS

Lymphoma 

Metastatic cancer

Solid tumor

Rheumatoid arthritis

Coagulopathy 

Obesity 

Weight loss

Fluid electrolyte

Blood loss anemia

Deficiency anemia

Alcohol abuse

Drug abuse

Psychoses 

Depression 

Resuscitation status (4) [3] Full code (first*)

Do not resuscitate (first*)

Do not intubate (first)

Comfort measure only (first*)

*, top 45 (50%) features with high Gini importance in RF model for ARDS mortality prediction based on Dataset 1. 
†, only 12 features that could be obtained in both MIMIC-III and eICU-CRD database were enrolled in final analysis  
based on Gini importance. The rest were excluded due to lack of record, equal records of the same variable for 
all patients or all times in eICU-CRD database. RF, random forest; ARDS, acute respiratory distress syndrome;  
MIMIC-III, Medical Information Mart for Intensive Care; eICU-CRD, Telehealth Intensive Care Unit Collaborative  
Research Database.
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