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Abstract: Background Acute respiratory distress syndrome (ARDS) is a disease with high morbidity and accounts for 10% of ICU
admissions, with clinical features usually presenting within 6-72 hours of the pathogenesis and rapidly worsening. The mortality rate
is also high and increases with the severity of the disease. Objective To establish a convenient, noninvasive early prediction model
for severe ARDS. Methods The eICU Collaborative Research Database created by MIT and Philips was used to retrieve data on
three vital signs (respiratory rate, temperature, and heart rate) and oxygenation index (PaO,/FiO,) of patients diagnosed with ARDS,
and PaO,/Fi0,<100 mmHg was considered as severe ARDS. 96 h was used as a time window, and logistic regression, random
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forest and LightGBM were applied to establish a prediction model to analyze vital sign data from 6-96 h, 6-48 h and 6-24 h before
diagnosis to predict whether severe ARDS would occur. Model performance was evaluated by oob score, cross-validation and
calibration curve, and also ARDS patients from Respiratory Intensive Care Unit of Chinese PLA General Hospital were selected to
validate the models independently. Results A total of 232 patients were retrieved from the eICU database with 3 140 oxygenation
index measurements during hospitalization, including 1 042 with PaO,/FiO, <100 mmHg. The 6-96 h, 6-48 h, and 6-24 h vital sign
data were respectively used to build 9 prediction models by using logistic regression, random forest, and LightGBM. Comparing
different time windows, the highest prediction accuracy and AUC were obtained for 6-96 h; the best diagnostic performance was
obtained for the random forest model compared among different models; the accuracy of the random forest model for 6-96 h was
0.833 and the AUC was 0.885; the AUCs for the 6-48 h and 6-24 h time windows were 0.815 and 0.806, respectively; the AUC of
LightGBM, and logistic regression models of 6-96 h time window was 0.868 and 0.634, respectively. Each model was validated in
ARDS patients in Chinese PLA General Hospital, and the random forest model with 6-96 h time window had the best prediction
performance with an accuracy of 0.834 and AUC of 0.843. Conclusion The ARDS early prediciton model based on random forest
has good predictive ability. It can warn the occurrence of severe ARDS through non-invasive and three easy-to-obtain physical
indicators of heart rate, body temperature and respiratory rate, and help medical staff to make earlier intervention and treatment,
relieve the pressure of inadequate medical resources, and improve the success rate of treatment.
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Fig.1 Details of an observation period (a time window)
There is a mass of missing temperature data for ARDS
patients in the eICU, so if a time period that does not contain
HR, RR, and Temp, it will not be included in the time
window. Patients with complete vital sign will have multiple
observation points and time windows that meet the above
criteria
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AUC & 0.885, oob 143 0.809(oob error A 0.191),
LightGBM 6 ~ 96 h i 6] %7 11 () #E 5 % 4 0.805,
AUC H 0.868, 45 [AIH 6 ~ 96 h I} [H] 7 11 #E
75 0.702, AUC N 0.634, 6 ~48 h, 6~ 24 hiit
M) B PR AEAR WL EE 2, 8 2, eI s,
96 h I [A] & Hrf, FEALARARFN LightGBM 1Y F5
RE L T 4 LA A T EE T (B 3).

3 BT PERERIAMERIRUE Ry T HE— 2D L
TUAE ST BHE S T AR B, FRATTHRE TR A A ik
7R EBEEBE (] 2 H 2L PLAGH 78)15 il A
PRl 40 Fr 8 ARDS H%, Hh 8 ARDS WL
WM 214, B2 ARDS W A5 62 4, FHLAR
R A 5 P2 5% 2 e 96 h BN ] B 11 1 T 338
0.834, AUC 4 0.843(% BRI ROC ik & AUC
L2, K 2),

&1 eICU 7 232 il ARDS & A\ S 4HE
Tab.1 Demographic characteristics of 232 patients with

ARDS in the eICU
- Severe ARDS ~ Mild/moderate
Characteristic Total (n=137) ARDS (n=95) P
Agel(yrs, 19-88 19-88 23-88 0.009
range) (56.1 £16.1) (53.8+£15.9) (594=+16.1)
Male/(n, %) 115(49.6) 63(46.0) 52(55.2)  0.180
Height/cm 168.0 + 14.2 167.2+15.7 169.2+11.5 0.300
Weight/kg 90.0+31.4 90.4 +32.6 90.5£29.6 0.980
Alive/(n, %) 134(56.5) 66(48.0) 68(71.6)  0.770
LOS/h 322.6+£2478  340.0+2659 297.6+218.1 0.200

LOS: length of stay.

*2 AEHRERAETEE OB REHE R
Tab. 2 Prediction performance metrics of different models
for each time window

Time

Model window/h

Accuracy AUC Sensitivity Specificity

eICU
Random forest 6-24 0.760 0.806 0.759 0.520
6-48 0.779 0.815 0.766 0.549
6-96 0.833 0.885 0.779 0.686
LightGBM 6-24 0.771 0.820 0.747 0.575
6-48 0.809 0.863 0.789 0.652
6-96 0.805 0.868 0.762 0.602
Logistic regression  6-24 0.675 0.612 0.589 0.239
6-48 0.678 0.615 0.593 0.144
6-96 0.702 0.634 0.731 0.077

PLAGH*
Random forest 6-96 0.843 0.834 0.750 0.571
LightGBM 6-96 0.783 0.772 0.588 0.476

Logistic regression  6-96 0.783 0.833 0.000° 0.000°
*The performance of the three algorithms for 6-96 h in eICU is higher
than that in 6-48 h and 6-24 h time windows, so only the performance
for 6-96 h is compared in PLAGH dataset; "All labels with 1 are
predicted incorrectly, so true positive/TP=0, then S X and Sp=0.
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Fig.2 ROC curves for different models and time windows
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Fig.3 Calibration curves for different algorithms
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