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[ Abstract ] Objective To evaluate and improve missing data imputation methods to enhance the performance of
binary classification prediction model. Methods By simulating data missing scenes, the effects of direct elimination, mean
imputation, random forest (RF) imputation algorithm, and multiple imputation-random forest (MI-RF) on the performance of
the prediction model were jointly evaluated by receiver operating characteristic area under curve (AUC) and root mean square
error (RMSE). Bayesian Network was introduced for the random forest imputation algorithm to optimize the imputation
method using the correlations between variables. Results Under different missing proportions, both AUC and RMSE
indicated that Bayesian network optimized random forest (BN-RF) imputation algorithm was better. In addition, when the
missing proportion was 10%-20%, various imputation methods had roughly the same improvement effect for the prediction
model; when the proportion of missing data was 30%-40%, compared to the mean imputation, except for the BN-RF, RF
was more effective and its effect was slightly better than MI-RF; however, when the proportion of missing data was close to
50%, even if the model performance was still appropriate, the imputation data gradually deviated from the true data features,
resulting in a decrease in the usability of the model. Conclusion The overall effect of BN-RF is satisfactory, and it should be
chosen when random missing was 30%-40%.
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R1 HIREES BT

Ak it 3% N=1 000 HAFE N=694 T4 N=306 P&
B, n (%) 512 (51.2) 372 (53.6) 140 (45.8) 0.022
I XL 51.5+18.8 4944183 56.2+19.0 <0.001
BBl AT IRAE, £
iR/ C 38.1%+1.6 37.9+1.5 38.7+1.7 <0.001
L3 /min”! 95.9+18.7 922+17.6 104.3+18.6 <0.001
WP A5 2R /min 19.3+1.9 189+1.9 20.1£1.6 <0.001
Wik i /mmHg 103.94+16.2 102.3+13.7 107.6+20.2 <0.001
&7k R /mmHg 77.2%10.0 77.7+9.6 76.2+10.8 0.022
FIGE RS, x L5
IM#%/(mmol-L ™" 9.84+2.8 9.6+2.8 102+2.8 0.002
M IUET/(umol <L ™" 146.7+52.2 141.4+46.9 159.1+60.1 <0.001
MLTEFA/ (gL 132.7430.8 132.1+30.8 134.0+31.9 0.378
144 /(mmol=L ") 139.5+29.4 139.34+30.1 140.0+27.8 0.711
PR/, X 10%) 153423 153+1.5 16.7+2.9 <0.001
M/MREUL T, X 10%) 74.8+36.8 73.1£36.0 78.7+£38.4 0.028
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I pRE 1.03 (1.01, 1.05) <0.001
TR AR i
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BUURG 0.51 (0.35,0.74) <0.001
SOFA P43 1.19 (1.12, 1.27) <0.001
ICUARAIERES3 0.71 (0.57, 0.90) 0.004
OR: WAH I ; CI: B {5 X ] ; SOFA : J¥ B 28 B 538 ICU .
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MI-RF Ji4h 0.891 (0.857, 0.924) 0.345 1
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