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Length-of-Stay Prediction Model of Appendicitis using Artificial
Neural Networks and Decision Tree
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Abstract For the efficient management of hospital sickbeds, it is important to predict the length of stay (LoS)
of appendicitis patients. This study analyzed the patient data to find factors that show high positive correlation
with LoS, build LoS prediction models using neural network and decision tree models, and compare their
performance. In order to increase the prediction accuracy, we applied the ensemble techniques such as bagging
and boosting. Experimental results show that decision tree model which was built with less number of variables
shows prediction accuracy almost equal to that of neural network model, and that bagging is better than
boosting. In conclusion, since the decision tree model which provides better explanation than neural network
model can well predict the LoS of appendicitis patients and can also be used to select the input variables, it is
recommended that hospitals make use of the decision tree techniques more actively.
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MR ES A . . . 17 Protein_Total 61.16 61.16 65.88
A HAR plain | boosting | bagging 16 |HCT 64.16 | 64.16 | 6502
29 g 64.16 | 64.16 | 65.24 15 |oper_code(+%£35)| 6223 | 6223 | 64.38
28 AST_ALT 63.52 64.38 64.16 14 PLT 64.16 64.16 65.02
27 |Protein-Total 6460 | 61.16 | 63.73 13 |HBS_Ag 6395 | 6395 | 6373
;2 i’f;“(’;; gg‘i; 2‘2"22 gz'?z 12 |Protein 6395 | 64.59 | 67.38
N . ) ) - s
2 BUN 66.09 | 6545 5652 11 in_mom( JE%) 67.16 | 68.45 68.24
23 Whe 6567 | 6502 | 6867 10 opelr_mom(—r—g-%) 63.95 | 64.16 66.31
22 |Glucosel 6545 | 6545 | 66.31 9 |Anti_Hbs 62.23 | 6244 | 64.59
21 |in_num(QJ ¢34 65.02 | 6545 | 6824 8 Age(4o)) 6395 | 6137 | 6524
20 |Hb 6502 | 6438 | 67.81 7 |Hb 6545 | 65.67 | 66.09
A Ai
19 gper_code(—rg 65.02 66.00 6781 6 wbc2 68.02 67.38 66.31
L) 5  |oper_day(+&d 62.88 | 6245 | 6244
18 |PLT 64.59 | 6352 | 6824 7 Jinday(09%) o567 | 6523 | 66,09
17 __|CPK 6395 | 6116 | 6524 3 |Blood 65.02 | 6524 | 6545
16 |HCT 64.81 | 6137 | 66.52 > — w0 o em
15 [sex 65.67 | 59.66 | 67.60 e : : :
14 |Anti-Hbs 6567 | 6588 | 66.52 L |in dep( 8D 6373 | 6373 | 63.73
13 |Ab_screening_Test | 6545 | 65.67 | 67.38 0  |diag code(HFL)| X X X
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[B 4] Results of Research #2

AW, Decision Tree Neural Networks
1 helk: A ¢
2 dE o dde ¢
3 4 B dd
4 Agdac Agsc
5 F& 4 >& 9
6 HBS_Ag e 9
7 Anti_HBs A A=
8 Ab_Screening Tests|[HBS_Ag
9 Blood Anti_HBs
10 Whbc2 Ab_Screening Tests
11 Protein
12 Blood
13 Wbc2
Plain Model 67.60% 60.51%
Boosting Model (63.09% 59.44%
Bagging Model [65.23% 63.30%
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