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A Multi-Policy Recommendation Model for Antibiotic Use in Sepsis Based on

Reinforcement Learning Framework

WANG Yuan!, LIU Angi, SHENG Mengru?, HOU Jiajia!, ZHAO Tingting’, YU Qi?
(1. College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China;
2. School of Management Shanxi Medical University, Taiyuan 030001, China)

Abstract: Sepsis is one of the leading causes of death worldwide, and antibiotics are an important part of sepsis treatment.
In recent years, researchers have considered medical decision-making problems as Markov decision processes and used
reinforcement learning methods for treatment strategy recommendations. We propose a multi-policy recommendation
framework combining value-based and policy-based reinforcement learning methods for antibiotic use in sepsis treatment.
Different decision regions are defined based on patient characteristic information, and the multi-policy model provides
personalized treatment recommendations. The results show that our multi-policy selection model can achieve a good
prognosis for patients in 80.32% of cases. Through statistical analysis of decision trajectories and drug action selection, our
model can provide reasonable drug recommendations in accordance with clinical practice, and recommend appropriate
antibiotic combinations to improve patient prognosis.
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Fig. 1 Overall flowchart of the Multi Policy recommendation model

FE PRI IR 50 B0 EE 5y A5 0 R Ak H s
ik f ; A RLEE AT R 3, A B 7R b A oL 2R it

HBE ML, RN B EARLEIL N ICS;, 2
ICS; >= sim, I AR 24 B A 9 — RS X ik R



.4.

SRR R 43 3 B pe s K 424 (DR) , % DR
VA £ 585 6 B4 ] 04 2216 P AR Bl 10 SC 4T %)
Fe, o P26 ML P Bk U A TE R — KK B
5 KT 25 F sim, . B max (SC; ) >= sim, i) 4k
FIX R NS — SR X (MCDR) , H A&
WERFEX I (WDR) . BEIERKREAE, &
AR X R SRR A 2 ) S N B2 ST

SRAL S ST ALFE Q-Learning ANSF g R B 0%
Zeit IR B BB, P RLTE 4 1 T 402k 2
25w 7O F1 TRe | S ARSEMSEAERIS, WET
A SRS QR TR AT IR R
2.2 REER K5

o T A5 I D B 2 B 05 0 5 ) 58 24 VR AT PO (A
AR, R KRR BB . A
WS DR A R SRR AR ALY, RS R
T RS GRITIFD) R0 23
IRIE S, EI PR EE AR U SR (W74 . AT
YIRS, BN T A O ER TR A BT £
AEAZ L, A feE SRS T LA SR RS, 3 75 48 IR A
BB A TG  fo T30 3% 134 1 T 5 A B 07
FI IR R R R, IR E R R
VEAK HIIR YT 77 AR 1SR, D R
PR AT AR . I 2 A SRR s K 49 7

ARBR LGSR

EEEE

PSR DX IR oy 7 vk K IRDE TS B I R E 1
E A HRRAE M EE NN, AT RS
PolicyDivision. 7£ &%k PolicyDivision P % A IR
SELE T, GFERE) R, MAK . 555
BT3P AN I Sy BB RS AL 1SC, #11SC,, -
R E AR AN T sim , PEX AN AR 9N,
63 by c BAE, WHFEAABLE KT sim,, W5
B R K 5y BT AR — AN R 4 SR v R IX 3
DR, . 58RI FRAE Rl 43, AR A A 4 2K 10
Yo X 38 DR SR [ iR 29 H R PiA A A 2800
L SC ., MHFRPUERM AR NI X R & E
it sim, i max (SC, ) >=sim, , KX A P s X 1%
FONEEST — B R IX 38 MCDR, k2, L&A
L sim, [ 95k XA AR U X 5k WDR,  Fit
X P 5 XS AT 40 2K

A FH B2 R AABL R 155 ISC o % T B B 4 17
8, Mg HyERER RS anti |, AT k-
means J7VEHHT RIS, Ltk f1sy345 % MCDR
A WDR J&, FRIMAPIAS R, 735000 B 2
A ICU JEHI 90 d N AAF 1B«

2 ZRIGRBLRRX LR 57 RIEE
Fig. 2 Multi Policy model - decision region division flowchart
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Fig. 5 Comparison of Importance Weighted Sampling results
for the weighted importance of Q-Learning, Policy Gradient,
and Multi-Policy models.
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Tab. 3 Patient prognosis statistical table after 500,000

training iterations

BEGER (%)
R -
Tiljm R4 SR
Clinic 60.42 39.58
Q-Learning 79.16 20.84
Policy Gradient 73.16 26.84
Multiple Policy 80.32 19.68
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Tab. 4 Optimal policy selection function parameter settings

for ablation experiments.

BHRE VRS RSN ERS BB INE
1 0 0
0 1 0
0 0 1
1 1 0
1 0 1
0 1 1
1 1 1
2 1 2
4 1 4

E 6 TRISMEMEFRHESHRETEEMGERRIF
S
Fig. 6 Probability of favorable patient prognosis depends on
the parameter settings of different optimal policy selection
functions
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Fig. 7 Optimal policy selection relies on the choice

distribution of recommended policies by Q-Learning and
Policy Gradient
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Tab. 5 The initial state is in the same decision region and the

optimal policy is to choose the decision recommended by Q-

Learning
B s Clinic  Q-Learning  Policy Gradient
WIURIRSAFS 30.54 30.54 30.54
A RERERS 7186 73.15 70.63
S RLf RLF RLf
VIEIRESA S 19.67 19.67 19.67
B REREMHS 2313 76.35 53.19
St = RLF 7
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Tab. 6 Initial state is in the same decision region, and the
optimal policy is to choose the decision recommended by
Policy Gradient
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