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Abstract: Background Cardiac surgery-associated acute kidney injury (CSA-AKI) is one of the major complications after cardiac
surgery, and its course has a negative impact on the short- and long-term survival of patients. Objective To develop predictive
models based on machine learning techniques, so as to identify patients at high risk for CSA-AKI after cardiac surgery. Methods A
total of 638 patients who underwent cardiac surgery in the First Medical Center of Chinese PLA General Hospital from January 1,
2017 to June 1, 2018 were enrolled in the study. Totally, 78 variables including demographic characteristics, complications,
preoperative medication, laboratory test results, and operation-related data were included in the analysis for modelling. In this study,
the support vector machine (SVM), decision tree (DT) and random forest (RF) were used to develop the prediction model of CSA-
AKI. The performance of the above predictive models was evaluated by area under the receiver operating characteristic (ROC) curve
and decision curve analysis (DCA). Shapley additive exPlanation (SHAP) was used for model visualization. Results Of the 638
patients included in the analysis, 188 cases (29.5%) developed CSA-AKI in the first week after surgery. Among the three machine
learning algorithms, RF model achieved the best performance in AUC and DCA, with sensitivity of 0.784, specificity of 0.934,
accuracy of 0.927 and AUC value of 0.890 (95% CI: 0.762-1.000), which were higher than those of DT model and SVM model. The
SHAP plots visualized the risk of developing CSA-AKI at the individual level. In the importance matrix of RF model, the top 10
variables were as follows: creatinine clearance, hemoglobin, operation time, ejection fraction, intraoperative urine output, left atrial
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diameter, surgical weight of the intervention, serum creatinine, intraoperative blood loss, and cardiopulmonary bypass time.

Conclusion This study successfully establishes machine learning models for predicting patients at high-risk for CSA-AKI, thus

enabling clinicians to optimize treatment strategies and minimize postoperative complications.
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Tab.1 General characteristics and perioperative variables of the patients

Variables Overall (n=638) Non-AKI (n=450) AKI (n=188) ZIx* P

Male (n, %) 386(60.5) 266(59.1) 120(63.8) 1.236 0.266
Age/(yrs, Md[IQR]) 59(51,67) 58(50,66) 62(54,69) 3.606  <0.001
BMU/(kg-m?, Md[IQR]) 25.17(22.553,27.289)  25.36(22.8,27.32) 25(22.08,27.17) 1.054 0.292
SBP/(mmHg, Md[IQR]) 127(115,142) 126(114.25,140) 130(116,145.25) -1.813 0.070
Smoking (n, %) 216(33.9) 152(33.8) 64(34.2) 0.012 0914
Alcohol (n, %) 93(14.6) 60(13.3) 33(17.6) 1.972 0.160
Euro Score Il (Md[IQR]) 1.83(0.91,3.635) 1.32(0.79,2.76) 3.63(1.79,7.04) -9.988  <0.001
ASA physical status classification (n, %) 20.704 <<0.001

1 5(0.8) 5(1.1) 0(0)

2 87(13.9) 77(17.1) 10(5.7)

3 334(53.4) 238(52.9) 96(54.5)

4 199(31.8) 130(28.9) 69(39.2)

5 1(0.2) 0(0.0) 1(0.6)
NYHA functional classification (n, %) 24.496 <0.001

1 145(22.7) 102(22.7) 43(22.9)

2 245(38.4) 190(42.2) 55(29.3)

3 206(32.3) 141(31.3) 65(34.6)

4 42(6.6) 17(3.8) 25(13.3)
Myocardial infarction within 90 days (n, %) 32(5.0) 17(3.8) 15(8.0) 4912 0.027
Dyslipidemia (n, %) 51(8.0) 30(6.7) 21(11.2) 3.657 0.056
Diabetes mellitus (n, %) 128(20.1) 73(16.2) 55(29.3) 14.044  <0.001
Hypertension (n, %) 275(43.1) 171(38) 104(55.3) 16218 <0.001
Previous cardiac surgery (n, %) 112(17.6) 61(13.6) 51(27.1) 16.876 <0.001
Chronic kidney disease (n, %) 28(4.4) 8(1.8) 20(10.6) 24.810 <0.001
Infectious endocarditis (n, %) 203.1) 13(2.9) 7(3.7) 0.304 0.581
Preoperative coronary angiography (n, %) 405(63.5) 282(62.7) 123(65.4) 0.435 0.509
Critical preoperative state (n, %) 63(9.9) 16(3.6) 47(25) 68.519 <0.001
Perioperative blood loss/(mL kg™, Md[IQR]) 5.43(3.838,7.143) 5.06(3.53,6.56) 6.87(4.82,9.49) -7.554  <<0.001
Urine output/(mL-kg"', Md[IQR]) 13.28(7.343,22.008) 15.23(9.36,24.55) 8.94(3.84,14.27) 8.109  <0.001
Emergency (n, %) 34(5.3) 6(1.3) 28(14.9) 48330  <<0.001
Anesthesia time/(h, Md[IQR]) 5.5(4.75,6.58) 5.46(4.67,6.33) 6.16(4.9,7.52) -4.466  <0.001
Operation time/(h, Md[IQR]) 4.67(3.917,5.67) 4.5(3.83,5.40) 5.33(4.17,6.67) -5.321  <<0.001
pRBC transfusion during surgery/(U, Md[IQR]) 2(0,4) 2(0,3.75) 4(2,6) -7.597 <<0.001
PLT transfusion during surgery/(U, Md[IQR]) 0(0,1) 0(0,0) 0(0,1) -5.577 <<0.001
PR interval/(ms, Md[IQR]) 152(110,172) 154(124,170) 150(0,176) 0.804 0.418
QRS duration/(ms, Md[IQR]) 96(86,106) 96(86,106) 96(86,108.5) -0.578 0.563
QTec interval/(ms, Md[IQR]) 437(415,456) 434(414,453) 442.5(417,460) -2.600 0.009
Digoxin (n, %) 204(32.0) 137(30.4) 67(35.6) 1.645 0.200
B-block (n, %) 375(58.8) 249(55.3) 126(67) 7.476 0.006
Aspirin (n, %) 127(19.9) 75(16.7) 52(27.7) 10.051 0.002
Calcium channel blockers (n, %) 253(39.7) 166(36.9) 87(46.3) 4.883 0.027
Statins (n, %) 174(27.3) 115(25.6) 59(31.4) 2270 0.132
Insulin (n, %) 62(9.7) 30(6.7) 32(17) 16205  <0.001
Oral hypoglycemic agents (n, %) 101(15.8) 67(14.9) 34(18.1) 1.017 0.313
Hemoglobin/(g-L™', Md[IQR]) 133.83(120,146) 136.5(123.25,148) 126.5(108,137) 6.503  <<0.001
Red blood cell count/(L™!, x10'%, Md[IQR]) 4.35(3.96,4.74) 4.43(4.03,4.79) 4.09(3.58,4.57) 6.128  <0.001
White blood cell count/(L", x10°, Md[IQR]) 6.11(5.05,7.465) 6.05(5,7.23) 6.53(5.24,8.4) -3.075 0.002
Platelet count/(L™!, x10°, Md [IQR]) 195(154,235.75) 201(163.5,240.75)  175.5(135.88,222) 4506  <<0.001
Hematocrit/(L-L™', Md[IQR]) 0.39(0.35,0.418) 0.39(0.36,0.42) 0.37(0.32,0.4) 5.687  <<0.001
APPT/(s, Md[IQR]) 36.7(34,39.875) 36.4(33.7,38.8) 37.85(34.98,43.23)  -4.547  <<0.001
INR/(Md[IQR]) 1.05(0.99,1.14) 1.04(0.98,1.11) 1.1(1.01,1.24) -5.345  <0.001
Creatinine clearance/(mL-min™', Md[IQR] 80.02(64.339,98.164)  83.13(69.4,100.1)  71.18(52.37,92.75) 5406  <0.001
Urea nitrogen/(mg-dL"', Md[IQR]) 5.84(4.75,7.28) 5.61(4.57,6.83) 6.71(5.32,9.29) -6.374  <0.001

BMI: body mass index; NYHA: New York Heart Association; ASA: American Society of Anesthesiologists; OHA: oral hypoglycemic agents; pRBC:
packed red blood cell; PLT: platelet; APPT: activated partial prothrombin time; INR: international normalized ratio; SBP: systolic blood pressure; AKI:

acute kidney injury.
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Tab. 2 Predictive performance for each model

Machine learning model Sensitivity Specificity Accuracy AUC (95% CI) PPV NPV F1 score
Random forest 0.784 0.934 0.927 0.890(0.762-1.000) 0.279 0.990 0.388
Support vector machine 0.698 0.927 0.952 0.846(0.704-0.981) 0.317 0.985 0.407
Decision tree 0.721 0.709 0.711 0.772(0.725-0.819) 0.515 0.857 0.597

PPV: positive predictive value; NPV: negative predictive value.
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