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Abstract: Objective To develop a predictive model for acute kidney injury (AKI) in critically ill patients based on LightGBM
and provide support for clinical decision. Methods An open source critical care database, MIMIC- Il was used in this study. A
total of 1 166 patients were included in this study with median age of 70.93 years, of which 513 cases (44.00%) were male, and
884 of them had developed AKI (75.8%). To predict the occurrence of AKI after 24 hours, the model was built utilizing predictors
including laboratory tests and vital signs measured at ICU admission. LightGBM, logistic regression, and random forest models were
established to predict the risk of AKI, and their predictive performances were evaluated using five-fold cross-validation. Results The
accuracy of LightGBM was 0.89, and the AUC was 0.92. However, the accuracy of logistic regression and random forest were 0.84
and 0.86, and their AUC were 0.75 and 0.89, respectively. Conclusion LightGBM performs well in predicting AKI at 24 hours after
ICU admission. The accuracy and AUC of LightGBM model are up to 0.89 and 0.92.
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Tab. 1 Baseline characteristics in AKI and non-AKI patients [Md(P,s, P;s))
Characteristics Non-AKI (n=282) AKI (n=884) 14
Age (yrs) 73.37(60.94,83.19) 70.30(58.17,80.84) 0.023
Female (n, %) 134(47.5) 379(42.9) 0.194
LOS ICU (d) 2.47(1.81,4.06) 9.61(4.95,17.40) < 0.001
LOS hospital (d) 6.66(4.11,10.33) 14.10(8.07,23.91) < 0.001
Hospital expire (n, %) 64(22.7) 293(33.1) 0.001
Heart rate (/min) 94.00(79.00,112.00) 86.00(73.00,100.00) < 0.001
SBP (mmHg) 120.00(103.00,137.75) 114.00(100.00,130.00) 0.001
DBP (mmHg) 64.00(52.25,77.00) 57.00(49.00,66.00) < 0.001
MBP (mmHg) 78.00(69.00,90.00) 75.00(66.00,84.33) 0.001
Respiratory rate (times/min) 20.00(16.00,24.00) 21.00(17.00,25.00) 0.163
Temperature (°C ) 36.61(35.89,37.26) 36.89(36.39,37.39) < 0.001
Sp0, (%) 98.00(95.00,100.00) 97.00(95.00,99.00) 0.012
Arterial pH 7.33(7.27,7.41) 7.40(7.35,7.45) < 0.001
Bicarbonate (mEq/L) 21.50(18.00,25.00) 24.00(21.00,27.25) < 0.001
Hemoglobin (mg/dl) 11.40(9.90,13.00) 10.10(9.20,11.20) < 0.001
Arterial WBC (x 10°/L) 12.50(8.30,17.38) 12.00(8.70,16.42) 0.757
Arterial RBC (x 10'/L) 3.75(3.24,4.38) 3.39(3.01,3.72) < 0.001
Arterial neutrophils (%) 83.00(75.93,89.38) 83.05(74.97,89.00) 0.948
Hematocrit (%) 34.20(29.50,39.00) 30.20(27.40,33.23) < 0.001
PLT (x 10°/1) 228.50(154.00,306.75) 193.50(118.00,297.00) 0.001
Lactate (mg/dl) 2.40(1.50,4.30) 1.50(1.10,2.10) < 0.001
ALB (g/dl) 3.20(2.80,3.60) 2.90(2.40,3.40) < 0.001
Total-bilirubin (mg/dl) 0.70(0.40,1.20) 0.70(0.40,1.50) 0.114
Troponin T (ng/ml) 0.07(0.03,0.22) 0.11(0.04,0.52) < 0.001
CK (U/L) 173.00(86.25,421.00) 186.00(79.00,551.50) 0.798
Creatinine (mg/dl) 1.40(1.00,2.10) 1.20(0.80,2.00) 0.001
BUN (mg/dl) 28.00(18.00,48.00) 30.00(18.00,48.25) 0.992
APTT (s) 30.30(25.80,36.70) 33.10(27.90,45.10) < 0.001
PT (s) 14.50(13.10,17.10) 14.30(13.20,16.50) 0.442
Fluid intake (ml) 3387.87(2 094.18,5 433.14) 1319.00(739.88,2 429.68) < 0.001
Fluid output (ml) 1 791.50(1 085.75,2 888.25) 1 640.00(950.00,2 481.00) 0.020
Mechanical ventilation = Yes (n, %) 150(53.2) 171(19.3) < 0.001
Vasopressor use = Yes (n, %) 134(47.5) 194(21.9) < 0.001

F2 ZAREITERE LB
Tab.2 Predictive performance of three models
Ttem Accuracy AUC  TPR TNR
LightGBM 0.89 0.92 0.95 0.68
Random forest 0.86 0.89 0.97 0.56
Logistic regression 0.84 0.75 0.97 0.54
TPR: true positive rate; TNR: true negative rate
Wit
AKT 2l R P DL i e S, LR 2 1k
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