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ABSTRACT

Purpose: In the event of mass casualties, triage must be done promptly and accurately so that as many
patients as possible can be recovered and returned to the battlefield. However, medical personnel have
received many tasks with less manpower, and the battlefield for classifying patients is too complex
and uncertain. Therefore, we studied an artificial intelligence model that can assist and replace medical
personnel on the battlefield. Method: The triage model is presented using reinforcement learning, a
field of artificial intelligence. The learning of the model is conducted to find a policy that allows as
many patients as possible to be treated, taking into account the condition of randomly set patients and
the medical capability of the military hospital. Result: Whether the reinforcement learning model pro-
gressed well was confirmed through statistical graphs such as cumulative reward values. In addition,
it was confirmed through the number of survivors whether the triage of the learned model was accurate.
As aresult of comparing the performance with the rule-based model, the reinforcement learning model
was able to rescue 10% more patients than the rule-based model. Conclusion: Through this study, it
was found that the triage model using reinforcement learning can be used as an alternative to assisting
and replacing triage decision-making of medical personnel in the case of mass casualties.
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Case Study
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Table. 2. Simulation result of Rule-Based model
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Table. 2. Simulation result of Rule-Based model (Continue)
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Table. 3. Simulation result of reinforcement learning model

Tmr
Jo

)
B

F A

2%

A H(unit)

BH
(%)

‘3

g

Ly

1

o

H(unit)
50
46
46
46
e

=
=

ol

‘w.o

A
)

A

=3
() =5

OOEjl

5L

H (unit)

Zad

e

<3

ol

15
15
13
11
11

20
20

20

40
39
38
37

19
19
19
18
18
18
18
17
16
16
16
15
14
14
14
14
14

19
18
18
18
18
18
18
18
17
16
16
16
16
16
16
16

36
36
36
36
35

11
11
11
11

43

43

ol

43

ol

39
35
35
35
32
29
29
29
29
29

11

10

34
33

32
31

30
30
30
30
30

55

KOSDI



Journal of the Society of Disaster Information | Vol. 19, No. 1, March 2023

Table. 3. Simulation result of reinforcement learning model (Continue)
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Table 4. Results of repeated experiments
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