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Background

Sumber: Government of Western Australia, 2024, “Mum's Mission to Highlight Sumber: WHO, 2024, “Sepsis” Sumber: 410Medical, 2020, “Case Write-Up: 8-Year-Old Male with Sepsis and Sumber: The Independent, 2023, “ 1 Thought It Was a Bad Cold'~ | Ended in
Early Warning Signs After “Surviving Deadlly Sepsis Infection Pneumonia Resuscitated with LifeFlow” Intensive Care with Sepsis”

Sepsis Treatment Protocols
» Sepsis Prevalence e Progressivity: Sepsis — Septic Shock One-Hour Sepsis Bundle in “Surviving Sepsis Campaign (SSC)"
@ L ety o o el onormaities and persistent nypotension = : : v e m@]
(= 20% of global deaths) despite adequate fluid resuscitation l\g/ N Isnotravenous fluids (IV.flwds) ;} O’g{s?g,':ssso;k BW /mi':JF:::
L) mL/kg BW crystalloid i ary norepinepﬁgneg

: e Prevalence: 30,29% ...
e Mortality rate: 22,5 - 52% agn™ ‘ %

e Early and appropriate management of sepsis is essential to reduce mortality and
improve patient prognosis

e Accounts for 40,1% of all ICU m
patients o 30,5% 62,9% 8,9%
o 25,2% sepsis (without shock) sepsis were already in  deteriorated | i i i
o 15,0% present with shock septic shock during | Toogeneral Risks of inaccurate dosing
* Mortality in septic shock is septic shock upon ICU treatment I * SSC alone = significant impact o IV fluids, too little = hypoperfusion;
significantly higher admission |  Heavily depends on clinical too much — organ edema
(68,3% vs 37,7%) I judgment and clinicians’ e Vasopressor, too little = hypotension;
I experience too much — organ ischemia
Bottoml |
I e Septic shock is a progressive consequence that often becomes unavoidable when .
| sepsis is not optimally managed A personalized strategy
I Is needed
|
I

complement to SSC




Previous Studies

Komorowski et al.
(2018)

Agent: Tabular Q

State (S): 750 cluster
(k-means++  clustering  of
clinical features every 4 hours)
Action (A): 25 actions,
combinations of IV fluid and
vasopressor doses

Reward (R): 90-day mortality;
+100 (survive) and -100 (not-
survive)

Evaluation: bootstrapped WIS
Results: agent policy >
clinician’s (LB 95% CI > UB 95%
Cl; IQR 85,]1-86,0)
Limitations: clustered states —

low interpretability, potential
overestimation of Q

€,

Zhang et al.
(2024)

Agent: Dueling DDQN

State (S): continuous vector of
46 x 1 clinical features (2 hrs)
Action (A): 25 actions,
combinations of IV fluid and
vasopressor doses

Reward (R): change in SOFA
score and lactate levels
Evaluasi: WDR, mortality
assessment framework (via
SARSA)

Results: agent policy >
clinician’s (WDR 12,35 vs. 8,78;
estimated mortality
decreased by 3%)

Limitations: transferability has
not been confirmed

Wu et al.
(2023)

e Agent: WD3QNE (Dueling DDQN

variant with added Weighted-
Human Expertise)

* S:windowing every 4 hrs
* NN: 2 Hidden layer of 256

and 128 units, RelLU

Tuetal.
(2025)

e Agent: CQL (Tabular Q variant

with Conservative function)

e S: continuous vector of

48 x 1 clinical features
(4 hrs)
e Evaluation: FQE

Research Purposes

Designing a clinical decision-making
model (agent) using Dueling DDQN

safety

An alternative clinical decision-making
solution based on retrospective data

\
Evaluating the performance of the Dueling
DDQN agent in generating clinical policies

3. Providing a scientific contribution to the
application of RL in the clinical domain

4. Supporting Tri Dharma of Higher
Education through tech innovation

Preprocessing MIMIC-III

K
@
Agen Architecture

MDP Framework (]
Metriks Evaluasi (]

Problem Statements ' Norepinephrine, epinephrine, dopamine, phenylephrine, and
I ] 4. Vasopressors vasopressin; converted to NEE
R S T T ] FI L, T e o
| 7 . ]
| 1 5. IV fluids Includes crystalloid and colloid fluids ]
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. . o o o . I _____________________________________________________________________________________________________________
Due“ng DDQN for SERSE b prqducmg clinical | =r 7 Testin Based on historical data and statistical evaluation, without any direct -!
management policies i 9 clinical trial :
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Definition & Epidemiology

Sepsis (Sepsis-3, 2016)

Multiple organ
dysfunction

Septic Shock

Maijor infection sources

Elderly; patients with
chronic diseases

Immunocompromised
patients; post-surgery

The variation in infections causing sepsis indicates that sepsis is not a single entity, but rather a
complex clinical syndrome — diagnosis and treatment needs to consider the organs involved, clinical
presentation, and the severity of systemic dysfunction

1%

15%

20%

1%

)

Sepsis

Life-threatenin? multiple organ dysfunction due to uncontrolled
dysregulation of the immune response to infection

Sequential Organ Function Assessment (SOFA) — score, quantitative

Quick Sequential Organ Function Assessment (qSOFA) - triage

Sepsis accompanied by refractory hypotension (MAP <65 mmHg, requiring
vasopressorsI)and hyperlactatemia >2 mmol/L

Lungs (pneumonia), abdomen (intra-abdominal infection), urinary tract,
skin & soft tissue

often triggered by urinary tract infections

vulnerable to nosocomial infections (e.g. catheter-associated sepsis,
ventilator-associated pneumonia

1% 2%

‘I ® Pneumonia

Skin, Soft Tissue, Bone and Joint

m Meningitis

[
|
|
|
I
|
I
|
|
|
|
|
I
|
I
|
|
|
|
|
I
|
I
|
|
|
I
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Abdomen R
= Device-Related Infection
® Urinary Tract
= Endocarditis

m Others

Pathophysiology

. Time Zero y
Infection » Sepsis
_____ > N SOFA
s EWS
%o PATHOPHYSIOLOGY OF EARLY SEPSIS
<« Immune Cells
3%
Endothelial Activation @“‘ﬂ:‘*ﬁo 3 Complement Activation
N
e 2N gy
[ L% 3 -
Impaired permeability Adhesion s 7._4—_—5 v E@ i3
Vascular leak Diapedesis Morscy S etropt

Tissue edema Transmigration

Eosinophdl  Basophil
o

\ Coagulation Dysfunction
Activat

Q Thrombus
E% Platelets
/ Pl tem, Fibrinogen

Altered Host Status

Neutrophil Extracellular Traps
Microvascular Dysfunction

4 iNos
Arteriolar Leukocyte
vasodilation plugging
Multiple Organ Failure

Stopped capillaries flow
Regions of heterogeneous =
blood supply

Delirium

Genetics Lifestyle

Bacterial L a4
translocation ', & | :»3/

Local infection triggers PAMPs recognition by PRRs — innate immune activation

Release of inflammatory mediators (TNF-q, IL-18, IL-6) — immune cell recruitment

Inflammation — endothelial activation, T capillary permeability, vascular leakage, tissue edema
Microvascular dysfunction: arteriole vasodilation, capillary flow obstruction, tissue hypoperfusion
Complement activation (C5a) + NETs formation — worsening of inflammation, coagulation disorder

Resulting in multiorgan dysfunction — ARDS, AKI, delirium, gut bacterial translocation



Diagnosis & Supporting Examination

Patient with suspected infection

) J

qSOFA 22? '\ Ngo Sepsis still No Monitor clinical condition;
(see(A) "\ suspected? » reevaluate for possible sepsis

if clinically indicated

Yes Yes
L

Assess for evidence .
of organ dysfunction

Y

SOFA 227 No Monitor clinical condition; (A) qSOFA Variables
= » reevaluate for possible sepsis Respiratory rate
Q) if clinically indicated P ’
y Mental status
"‘l’ES Systolic blood pressure
Sepsis <
v (B) SOFA Variables
Despite adequate fluid resuscitation, Pa0,/Fi0, ratio
1. vasopressors required to maintain No Glasgow Coma Scale score
MAP =65 mm Hg :
Mean arterial pressure
AND ’

Administration of vasopressors

?
2. serum lactate level >2 mmol/L’ with type and dose rate of infusion

Yas Serum creatinine or urine output
L4 Bilirubin
Septic shock Platelet count

gSOFA is used in the Emergency Department for rapid screening of suspected sepsis
using 3 parameters easily observed during the triage process to represent SOFA

gSOFA score 22 — patient is considered high-risk for sepsis — requires further
evaluation using SOFA

SOFA score 2 2 - indicates organ dysfunction _§ supports sepsis diagnosis according
to Sepsis-

In the initial phase of sepsis evaluation, several supportive examinations are

performed to review the severity of organ dysfunction and to search for the
source of infection, including:

e Used for CBC; coagulation analysis and clinical chemistry
e Aids in diagnosis; monitoring severity & therapy

e Findings in sepsis patients: _
o Leukocytes 1/ ! (inflammation) © Lactate T (hypoperfusion)
o Creatinine/BUN 1T (renal) o Hyperglycemia (metabolic stress)
o Bilirubin T (hepatic) o Albumin |, abnormal K+ (nutrition & electrolytes)

« Detection of microorganisms (bacteria, fungi, viruses);
identification of pathogens + antibiotic susceptibility testing

e Performed before empirical antibiotic administration (ssc guideline)
e Detection success rate :

o 50-57% before;

o Drops to 19-28% after antibiotics

 Arterial blood test to assess the patient’s oxygenation,
ventilation, and acid-base status

e Findings in sepsis patients :
o pH < 7.35 (acidosis)
o PaCO, > 45 (respiratory acidosis);
< 35 (respiratory alkalosis)

HCO5- < 22 (metabolic acidosis)

PaO, < 80 (hypoxemia)

Sa0, < 90% (oxygenation impairment)
Base Excess negatif (metabolic acidosis)

O O O O

e Animportant examination performed on sepsis patients with
suspected lung infection

e Findings in sepsis patients:
o Horowitz ratio decrease (PaO,/FiO, < 300 mmHg) — severe pneumonio/ARDS
o The Horowitz ratio is also used in the respiratory dysfunction score in sepsis
o The use of a ventilator can cause Ventilator-associated Pneumonia (VAP)



Common Handling Implementation Order

One-Hour Sepsis Bundle in “Surviving Sepsis Campaign (SSC)"”

2 3

4 5

Begin rapid administration
of 30 mL/kg BW
crystalloid for hypotension

Apply vasopressors if
hypotension persists,
aiming for a target MAP

Administer broad-
spectrum antibiotics

Obtain blood cultures
before administering
antibiotics

Measure blood lactate
level, repeat if > 2
mmol/L

For patients with septic shock

more expensive, and have risks of certain side effects
on vasopressor

peripherally*

immediately or lactate level > 4 mmol/L > 65 mmHg

Intravenous Fluid Resus Vasopressor Managemen
T Use norepinephrine | | -central access is not yet . |f cardiac dysfunction with
| Types of fluids are divided into two groups: as first-linpe P - available - persistent hypopertusion is
| e Crystalloids- small-molecule solutions, inexpensive, readily Vasopressor . present despite adequate
| available, rapidly increase intravascular volume Consider initiating - volume status and blood
| ¢ Colloids - large molecules, faster intravascular volume expansion, vasopressors . pressure
| _
|
|

resuscitation is insufficient or in

o o blood pressure
specific conditions

safety profile and wide
accessibility

________________________________________________ ; ; Consider adding
- If MAP is inadequate despite - dobutamine or

——————————————————————————— = P ———— 'El;grget EMAP ol - low-to-moderate-dose ; switching to

I . : : mm 19 - norepinephrine : epinephrine

| The Surviving Sepsis Campaign Colloids (e.g., Human Albumin ' ;

| (SSCr)] recpmmenrc]:lg cr)]:stqllP!dls Solution [ HAS) may be Consider invasive Gonsider adding

% e D ratior dustoab nitia monitoring of arterial 5 vasopressin

| resuscitation due to a better g |

|

|

|

|

|
|
|
|
|
i considered if crystalloid
|
|
|
|
|
|

Strong recommendations Weak recommendations
*When using vasopressors peripherally, they should be administered only for a short period of time and in a vein proximal to the
antecubital fossa.



Dueling DDQN

Markov Decision Process (MDP)

"'_I Agent | e in the form of the recursive Bellman equation:
- N9 |
state reward action
S, R, A
| e Ry ‘ s.a) = s.rls.a [’r m(a' | s s’ ELI}
oS Envimnmem} dx(s,a) Zp( T | s,a) +’YZ: (@' | s')gx(s',a)
- L i1

e MDP - a mathematical framework of Reinforcement Learning that
formalizes the agent's and environment's interaction at each discrete

Legends:
time-stept=0,1, 2, ..in the following sequence: J

So, Ag, Ry, S1, A1, Ro, S5, As, R3, ... = (s, a) . the expected long-term return from taking action a

in state s while following policy 1
e Policy is agent's strategy for choosing actions based on the state,

defined as; , ,
Y . the discount factor that determines how much future

m(a|s) = P[A; =al| S; = s rewards are taken into account (0 <y <1)

 Value is the expected accumulated long-term reward (return) when the _ , ,
agent follows a specific policy. Resrsn - the reward received attime t + k + 1

o Return is defined as:

p(s',rls,a) . the probability of transitioning from state s to state
s’ and receiving reward r, after the agent takes
action ain state s

Gi=Ri1n +Rio+ Ri3+---+ Ry

o Action-value function (Q) - the expected return from a specific o
action in a specific state : m(a |s’) . the probability that the agent will choose action o’

o0 in state s’ according to policy m
qﬁ(saa‘) = E, [Gf | St = S, At = (1] =K, ZF}/th—kH | St = 8, At = a
k=0



Offline Reinforcement Learning

— ! —
? l )
: | :
I
| learn
\__rollout(s) /: 7 | \_  deployment )

data collected once == ———— |
with any policy training phase

e Offline RL — trains an agent entirely from historical data without direct

interaction with the environment

e The agent learns from stored transitions (s,a,r,s’) in a replay buffer

(memory bank) — does not require real-time interaction - suitable for

clinical domains
e To mitigate the risk of learned policy deviating from the available

historical actions — Kullback-Leibler (KL) regularization, controlled by

coefficient beta_KL, as:
LT;}tal(H) — L{H} T .H]:{L * LHL
Lir = Esup [KL(m(-[s)||mb(-|5))]

Q-Learning

e Q-Learning is an off-policy and model-free algorithm that learns the

optimal action values through sampling historical data without requiring

a transition model
e The value is updated iteratively using experience tuples:

(8¢, @ty Te11, St41)
according to the following Q-Learning equation:

Q(StaAt) — Q(Sta—/‘lt) + a[Rtll +’}’m§1XQ(Stilaa) — Q(StaAt)}

@ : the learning rate, which determines how large the update is
to the previous Q-value (0 < a <1)

relative

Dueling + Double DQN

Dueling Double Deep Q-Network (Dueling DDQN) - Dueling + Double DQN

e Double DQN reduces overestimation bias by using two identical
networks:
o Main network (parameter 8) - selects the optimal action (a*)
o Target network (parameter 0') - evaluates the value of a* as:

}@DOWEQ = Ryy1 + ’YQ(St} 1,a1‘gm§xQ(S“ 1,Q; 9) ; 0 )

r
|

4

@%r: =
I

e Dueling DQN separates the network into two streams:
o Value stream - Value V(s), estimates how good a state is
o Advantage stream - Advantage A(s, a), estimates how good a
specific action is when taken in a given state

Q(s,0) = V(s) + (Als,0) = = - A(s,a)

| A| : the number of possible actions



s Treatment

I
I
| .
State (s) | Environment
(s1,a1,71,52) ! SOFA __ _SOFA , _SOFA
| (s2, a2, 72, 83) Extract Memory Bank (s,a,7,8") r(8,a;) =Co- (S - =8 “As>>0)
] : Dy ={e,es,...,e} 4+ - (JOF~ — 55074)
I (St, at, Tt, 3t+1) + Cz . taﬂh(sl"ﬁtate _ ‘atmtate)
time-ster
I l Action chosen
| o ——————————— TN
I [/ a* = argmax, Q(s', a; 6) \‘
| | Renewal of ~ |
- | parameter #
Action (A) I | Target Network Main Network I
I
Combination | © Copyfight 2025 Fatima Hagya Plspa Kasih
and vasopress s,a%0") (s;a;0) | Renewal of ]
| parameter 6 |
I (gradient descent) |
| Loss Function I
l l
Reward (R) AN /
N e e e — — — —— — —— S S S S S S E— —— .’/

Evaluates the
each dosag
patient’s conc
4 hrs

e The MDP components dare constructed in a memory bank D; = {e;,e,...,e,}
containing clinical transition tuples of the patient e; = (s, as, 74, S141)

e The target network is used to evaluate a*x from the main
network by calculating the loss at each iteration i according
to the following function:

Li(ﬁi) = Es,a,r,s’ [('P 1=y Q (3’3 @; 93_) - Q (35 a; 91))2]

e The obtained loss is then regularized with:
o a penalty if Q value > Q threshold
o a penalty if the change in vasopressor dosage > 0.5 ug/kg/min

L(0) = L;(6;) + max(Q(s, a;0) — Qhresh, 0) + max(Vehange — 0.5, 0)
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Off-Policy Evaluation (OP

Weighted Importance Sampling (WIS)

Estimates the value of a new policy by re-weighting
past clinical outcomes based on how often the new

policy would have chosen the actions in the data

e WIS estimates the value of the target policy 1l by
assigning importance weights to historical rewards
based on the action-probability ratio between 11 and

0 :

m1(ae|s¢)
mo(a¢|st)

Pt —

e The WIS estimate for each trajectory Hiis:

) _ Pl

H
(o)
Yo 4

WIS — — .

e The final WIS value is obtained by averaging over all

trajectories in D

D)
1 i
Ywss = 1) D> Vas
=1

-

Fitted Q Evaluation (FQE)

Estimates the value of a new policy by building a
direct prediction model (Q-function) from the
data

FQE estimates the value of the target policy
through iterative regression on the Q-function
Direct method - relies on historical transitions but
does not reference the clinician policy’s action
probabilities

At each iteration, the target value is computed as :

yi =1 + v Qr-1(8}, m(s}))

The target yi is then used to train the Q-function Qk
until convergence

The final FQE estimate of the target policy value is
calculated as::

VE® = =3 Quclsi, m(s)
i=1

Where:

o mi(si’) : the action selected by the target policy at

next state si’
o Q(k-1) : the Q-function from iteration k-1

o QK : the final Q-function after the iterative FQE

process

o N : the total number of transitions (states) in the

historical dataset

E)

Weighted Doubly Robust (WDR)

Estimates the value by combining the prediction
(FQE) and the re-weighting (WIS)

WDR combines Importance Sampling (IS) and the
Direct Method (DM) to estimate the value of the
target policy

Each transition is assigned an importance weight
based on the ratio of the target policy’s action
probability (rre) to that of the clinician policy (rib)
The estimate is bias-corrected using the predicted
Q-value of the target policy (as a control variate)
The cumulative importance ratio is computed as:

i ) .
pi = H We(Afz Sft)
A . i

+—0 Wb(AtI;L sz)

* The weights are then normalized :
Pt
n J
ijl Pt

e The final WDR value estimate is given by :

i
w, =



Resedarch Methods

.1itia| Data Extraction

Time & Place Tools & Materials

|
|
|
|
|
|
Research Place I
|
e Laboratorium Teknik l
9 Biomedis Universitas | MIMIC-11I Dataset
Airlangga |
e Online, WFA I
| (
| [
Research Time « Material | I Antibiotics
|
AEEE
v 3 Months, l I Culture
Agustus - November I |
: I Demographics
| |
———————————————————————————————————————————————————————————————————— — |
lterature Review and Data Access Handling | Vital signs
I
| Lab values
PhysioNet @ Share About Explore I
o o I Mechanical Ventilation All Patients
My Credentialing Applications |
| Fluids Input
Application Date: Aug. 8, 2025 Decision Date: Aug. 8, 2025 I -
;sefr; isysina Decision: Accepted | asopressor SepSiS Patients
y first (given) name(s): Fatima Hasya
\\ __________
Massachusetts Institute of Technology Affiliates
Data or Specimens Only Research t ABs i taBs < tourume and |tAB:.,- B tCmmTE| < 24 hours,

Stage 2 - Refresher Course OHSEt Time —

Post-Course Survey o

Passed 08-Aug-2025 View - Print - Share Record

tCulture if toulture < tABz and |tABm — tCuIturE| < 72 hours.



https://physionet.org/content/mimiciii/1.4/

Preprocessing

Windowing Time-Step every 4 hours

Faze I Binning Waktu {Per Penguluran)

MULAI ') Compute the relative time e The final cohort was determined by applying several exclusion criteria adapted from
previous studies to ensure that the data represented clinically valid and relevant
treatment episodes for sepsis policy learning

(Ambil Baris Pengukuran) difference between each

charttime and the onset

\ timestamp — retain only
Hitung Durasi Relatif data within the -24 to +56

Duas = chartime -{_onse) 3600 hour interval (80-hours) « Exclusion criterias::

L )

———— Durasidalam Bates [24, 56 jam? _———r Pediatric sepsis was excluded because its

physiology, clinical presentation, and therapeutic

Ya 2 Adults patients only management differ fundamentally from adults
r _ (218 years old)
. Hitung Label Jendela Assign measurements to 4-
uindon [abel *oorOuresl 1) . hour windows using floor- Sepsis-3/SOFA frameworks are validated only in
/ ! division and map them to adult populations
Tidak

timestep_id (1-20)

Konversi ke Timestep ID :
timestep_id =window_label + 7 !
e § Patients without documented mortality status
o= <= i . ° ° . . . .
5 Missing mortality were removed to avoid bias in calculating
. et | 3 Group measurements by records terminal rewards O?d evaluating treatment
! : : : outcomes
Faze 1. Sictosis Veltor | Agregs) o patient and time window
T 4y using the key pair
Ut lerasl o . . . .
{Datﬁer—binning} Buang Baris (|custay_|d, tlmestep_|d) to
create consistent state
emua Baris Valid representations across N
patients Excluded when no clinical data were recorded for
Kﬁ';“;g‘;“ﬁ"ﬁﬂnﬁ;?ﬁ" Treatment 224 hours after sepsis onset and mortality
— = withdrawalce s occurred within <24 hours (<6 time windows),
j indicating termination of therapy. This exclusion
e B 4 is due to prevent confusion in agent training
(MEAN untuk Fitur Klinis, SUM untuk IV Fluids, MAX untuk Vasa) process.

Aggregate features: mean
for vitals/labs, sum for IV
fluids, max for vasopressors

WINDOW TIMESTEP
43 Fitur Klinis
Total IV Fluids

Dosis Vaso Maksimum




of Memory Bank

Total IV fluids

Sepsis Cohort

Vasopressor Dose

Formation of state representation

Missing value
imputation

A 4

Normalization

Compute global
quartiles doses
using non-zero

values

A 4

Map quartile
ranges into bin
levels 0—4

Standardize
Vasopressor Dose
based on NEE

N

SOFA

e

/\ Laktat

Continuous state

25 action
(IV fluids, vasopresor)

Reward calculation S

ASOFA

Reward
iy Biipy oo Iy




Development of Dueling DDQN Agent

S e e ———————— ————————————————————

————————— Double

/—— ———————————————————————————————— \
| Value |
I Stream I
| V(s;0;) |
| ) vissa) |
I ) |
| 2 Hidden layer o |
I £ Q(s,a;6;) | \
I / N g 128 a* = arg m!?xQ(s’,a;G,') |
| SR el |
// 2 (s,a;6;) |
I X ] ] 3
I/4// 4 Advantage (s'a;6;) |
/4/ ¢ stream 1
) s \
7 /‘7 //. I
/ ,% r/ 384 256 o d I
RelLU :
7 %://;// I © ‘ I
: | |
/ | 25 |
| |
I 128 Main Network I
_________________________________ _! L(6) = Li(6;) + A - max(Q(s, a; 0)
= Qthreshs 0) + A1 - max(Vopange — 0.5,0)
Li(gi) = Es,a\r',s’ [(T AP Q(S’, G.*; 9:)
_________________________________ \ - Q(s, a;9;))2]
Value |
Stream I
|
o V(s';6;) |
b |
: :
' 1 |
Q (s, a%0; }
{ \ 52 128 ( ) L
I \ 2 I
N Adtage | A0 |
¢ L}
| ° l
= |
I 384 256 — I
| ReLU : |
| ® | Keterangan:
I |
I |
I |
)

Training and Validation of Dueling DDQN Agent

The dataset is split into 80% training, 10% validation, and 10% testing
The validation set is used to select the most stable agent variant by
comparing expected returns, OPE metrics, loss stability, and progress
consistency of Q-value estimation
Model selection involves tuning the KL-regularization parameter 3_KL using
values 0.005, 0.001, 0.00075, 0.0005, and 0.00025
Training and validation are performed for 100 epochs and batch size 128 with:
o Python 3.8
o PyTorch
o Adam optimizer
o Learning rate (a) = 0.0001
o Discount factor (y) = 0.97
The main network is updated via backpropagation
The target network uses soft updates - tau = 0.005

Testing and Performance Analysis

The Dueling DDQN agent is evaluated using the best hyperparameter
configuration identified using validation set

Agent performance is assessed by comparing its expected return against
the clinician policy using three Off-Policy Evaluation (OPE) methods: WIS, FQE,
and WDR

To assess the contribution of each state feature to the agent’s action
selection = Permutation Feature Importance (PFI)

PFI measures the drop in model performance when a feature is randomly
permuted — features causing larger performance degradation are deemed
more influential



Results & Discussions

Extracted Sepsis Population Histogram of Onset Sepsis Distribution

Sepsis

@© Non Sepsis

Distribusi Waktu Onset Sepsis terhadap Waktu Masuk ICU

CU Admission (intime)

26299 33.2%

Jumlah Pasien

1
----IIIIIIlIIII“||IIII.II.lllllllll--lll
é =20 0 20 40

Waktu Onset terhadap Masuk ICU (jam)

0% 20% 40% 60% 80% 100%

Fe e ™ = = = = = = = = = = = == == = = S e o e ] e e o e T T T TS TT e e R - . 1
I 1 |
I 11 y . iy i 5 /
! From a total of 52,953 adult ICU patients, 26,299 patients (33.2%) were identified i i Most patients experienced onset within the first 2-4 hours after ICU admission E
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Data Preprocessing

From 26,299 sepsis patients, a total of 24,948 patients had sufficient observational data within the -24 to +56 hour interval (80-hours)

The windowing process produced 448,521 window time-steps, with an average of 9.9 (SD 5.6) windows per patient and a minimum of 1 window
After applying exclusion criteria — a final sepsis cohort of 18,830 patients was obtained

A total of 364,563 window time-steps were generated for these patients

Kategori Fitur (Mean, SD)  Fitur (Mean, SD) Hasil Potasium 4,09 (0,57) Kalsium 8.3 (0,7)
Demografi Jumlah Pasien 18830 %, Survivor 73.6 Laboratorium Sodium 138,68 (5) Kalsium 1,1 (0,07)
Usia 65,16 (16,27) Skor Elixhauser 4,06 (2,15) Klorida 104,84 (6,7) Terionisasi
% Laki-Laki 55,70 % Re-admisi ke ICU 33,93 Glukosa 133,2 (40)  5GOT 46,7 (35,5)
Berat Badan 76,58 (19,92) Kreatinin 1,34 (0,88) SGPT 35,28 (26)
Tanda Vital SOFA 7.49 (3.15) Indeks Syok 0,745 (0,18) Magnesium 2,01 (0,33) BUN 31,36 (20,3)
SIRS 1,93 (1,04) S5p02 96,93 (2,38) Albumin 2,85 (0,63) Bilirubin 2,69 (4,60)
GCS5 12,48 (3,44)  Suhu Tubuh 36,5 (1,13) WEC Count 10,83 (5.8) pH 7,39 (0,07)
SysBP 121,29 (21,2) HR 87,76 (15,9) Trombosit 209.,4 (120) PaO2 114,7 (41,9)
DiaBP 56,29 (12.7) RR 21 (5,58) PT 14,74 (2,45) PaCO2 41,78 (9,47)
MeanBP 77,85 (12,93) PTT 36.84 (13,9) Laktat 1,81 (1,17)
Ventilasi % MechVent 56,64 Fi02 0,41 (0,09) Hb 9,97 (1,54)  Base Excess 3.1 (3.28)
Cairan Tubuh Output Urin 2018 HCT 29,96 (4,4) HCO3 24,55 (5,37)
Input Cairan  Total IV Fluids 2753 INR 1,43 (0.4) PaO2/FiD2 294 (136,5)
Vasopressor Dosis VP (max) 0,035 (0,51)

e Demographics = Cohort dominated by older adults (65.16 + 16.27) with a 73.6% survival rate

e Severity — SOFA variability (7.49 + 3.15) indicates fluctuating clinical states across ICU time-windows

e Low dispersion — Most vital-sign and lab features show CV <« 30%, meaning measurements cluster well around the mean

« High dispersion — Several lab values (WBC, platelets, SGOT/SGPT, PaO,/FiO,, bilirubin) show CV > 30%; extreme variability (e.g., bilirubin CV 171%) supports the need for
normalization before agent training



State Representation
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e Features with the largest separation include: SOFA, MeanBP, bilirubin,
creatinine, lactate, platelet count, GCS, and vasopressor dose history
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e Non-survivors typically exhibit higher organ dysfunction markers
(e.g., SOFA, bilirubin, lactate) and lower physiologic stability (e.g.,

MeanBP, GCS, platelets)

Action Discretization

Bin IV fluids (mL/4 jam) Vasopresor (pg/4 jam)
0 0 0
1 (0,1112,73] (0, 0,08]
2 (1112,73, 2956,74] (0,08, 0,20]
3 (2956,74 , 6009,85] (0,20, 0,45]
4 > 6009,85 > 0,45

Reward Calculation
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Survivors show increasing intermediate
rewards with a positive mean net reward
(+0.949) — clinical improvement

Non-survivors exhibit declining
intermediate rewards with a negative
mean net reward (-0.685) — worsening
organ dysfunction and poor outcomes

Clear separation — strong discriminative

feedback — helping the agent learn which

therapeutic trajectories lead to successful
or failed outcomes



Perbandingan Loss di Tiap Training Epochs
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* Loss represents prediction error between target and predicted Q-values
* Q-values reflect the agent’s estimated expected return under its learned

policy

A large KL-regularization weight (B« = 0.005) produced the worst
performance, characterized by:
* unstable and rising loss after epoch 20 (final loss 1.038)
e persistently low Q-values (~7), indicating under-learning due to excessive
regularization

Intermediate B values (0.001, 0.00075, 0.0005) showed stable, fast loss
convergence and steadily increasing Q-values (final range 14.8-17.2)

Comparison of Total Loss and Q-Value during Agent Training

Perbandingan Q-Value di Tiap Training Epochs
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Among them, B = 0.0005 achieved the most stable learning dynamics, with
the lowest and most stable final loss (0.592) and strong Q-value performance
(~16.999)

The smallest regularization (B = 0.00025) achieved the highest Q-value
(18.998) but exhibited late-epoch loss instability (final loss 0.642),
suggesting over-optimism and reduced reliability

Overall, B = 0.0005 provided the best balance between stable loss
convergence and high Q-value estimates, making it the most reliable
configuration for downstream evaluation



y Comparison in Selecting Optimal Action
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Larger Bi (0.005) produced high-fidelity, clinician-like policies, dominated
by action bins 0-1with minimal exploration

Smaller B (0.00025) resulted in more exploratory policies, with increased
use of intermediate-dose vasopressors and IV fluids (bins 2-3), diverging
more strongly from clinician behavior

* B = 0.005 failed to explore effectively, showing high, stagnant loss and
low, stagnant Q-values, indicating inability to learn higher-value policies.

* Bw = 0.00025 achieved the highest Q-values (=18.99) but showed late-
epoch loss instability, raising concerns about long-term reliability.

Action counts

on counts

WIS (Klinisi) WIS (Agen) @ FQE (Klinisi) @ FQE (Agen) WDR (Klinisi) @ WDR (Agen)

8.5219
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|
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Bw = 0.00025 produced the highest estimated return (FQE = 20.11) but lacked stability

B = 0.0005 achieved strong, reliable performance (FQE = 18.40; WDR = 17.60) and
consistently outperformed the clinician baseline across OPE metrics

The agent with B = 0.0005 was selected as the optimal variant, offering the best
balance between exploration, stability, and high expected return, making it the most
clinically reliable configuration



DDQN Dueling Agent Performance Testing

Policy (i) WIS FQE WDR
Klinisi 8.5987 17,7555 17,5044
Agen Dueling DDQN 9,1763 18,4194 17,8040

 The selected agent (Bw = 0.0005) was evaluated on the held-out test set using
WIS, FQE, and WDR
* The agent consistently outperformed the clinician policy across all metrics
o Higher WIS indicates the agent directly achieves greater empirical reward
on unseen data
o Higher FQE and WDR confirm the agent learned a policy with stronger
long-term expected value even after accounting for Q-function estimation

Feature Importance Analysis (PFl Score)

 SysBP showed the highest importance (~0.55), indicating hemodynamic
stability is the dominant driver of the agent’s decisions

e pH (~0.47) ranked second, highlighting the relevance of metabolic status
and acidosis in sepsis

Top 15 Fitur Paling Berpengaruh pada Keputusan Agen DDQN

SysBP
Arterial_pH
Sodium

INR
elixhauser
PaO2_FiO2
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Potassium

Total_bili
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e Key biochemical markers such as Sodium (~0.35) and INR (~0.25) also had
high importance, reflecting fluid balance and hepatic dysfunction as
critical signals

* Overall, the top 15 features centered on organ dysfunction and
hemodynamic instability, aligning with findings from Wu et al. (2023) and
validating that the agent learned clinically meaningful decision cues



Conclusions Suggestions

Based on the results of the research and the analyses conducted, it can be concluded
that the design of a clinical decision-making agent for sepsis management using
Dueling DDQN involves several key stages:
1.Extraction of a sepsis cohort from the MIMIC-IIl database using Sepsis-3 criteria
and temporal rules for determining onset time.
2.Preprocessing of clinical time-series data, including windowing into 4-hour
intervals, imputation of missing values, normalization, and construction of 48-
feature state vectors.
3.Action discretization through quartile-based binning of IV fluids and vasopressor

] : Improve data preprocessing by exploring advanced outlier handling and
| doses, resulting in 25 clinically interpretable action combinations. i

i 1. machine-learning-based imputation to enhance state quality and temporal ]
| consistency i

sequential nature of clinical trajectories

4.Design of reward functions, capturing intermediate clinical progress (SOFA and
lactate dynamics) and terminal outcomes (survival vs. mortality).

5.Training and validation of multiple Dueling DDQN variants, with systematic
exploration of KL-regularization values to identify the most stable and optimal
configuration.

6.Evaluation of learned policies using Off-Policy Evaluation metrics (WIS, FQE, WDR)
and visualization of policy behavior.

7.Interpretation of model decision-making using Permutation Feature Importance
(PFI) to identify the most influential clinical features.

i 2 Investigate time-aware RL architectures (e.g., RNN, LSTM) to better capture the

i 3 Explore refined reward formulations that incorporate additional indicators of
] *  sepsis progression

Conduct external validation using sepsis cohorts from other hospitals to assess

The experimental findings confirm that the agent with B, = 0.0005 provides the best generalizability andicinicasiEHEDIITAREN IS ERRElEH

balance between stability and performance, achieving consistently higher expected !
returns than the clinician policy on both validation and test datasets. Off-POlICY | femmmmmmmmm oo
Evaluation confirmed superior performance, with the agent achieving higher expected |
return than clinicians &.g., FQE = 18.40 on validation). Furthermore, final test-set E
evaluation showed consistent improvement across all OPE metrics (e.g., WIS 9.1763 vs. !

8.5987 for clinicians)

i PFI analysis identified SysBP (~0.55), pH (~0.47), Sodium (~0.35), and INR (~0.25) as
i most influential features, reflecting hemodynamic instability and metabolic status as ]
' primary determinants of agent decisions. |
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Supporting Slides

MIMIC-IIl table map

Figure 2: MIMIC-III Entity Relationship Class Diagram
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48 clinical indicators as state representation

Category Count | Features
Demographics | 5 Apge Gender, Weight, Elixhauser Score, ICU readmission
Vital Signs 11 SOFA, SIRS, GCS, Heart Rate (HR), Systolic Blood

Pressure (SysBP), Diastolic Blood Pressure (D1aBP),
Mean Arterial Pressure (MeanMP), Shock Index, Oxygen
Saturation (SpQO:), Body Temperature, Respiratory Rate

(RR)
Laboratory 28 Potassium. Sodwum. Chloride, Glucose, Creatinine,
Results Magnesium, Caleium, SGOT, Ionized Calcium, HCT

(Hematocrit), SGPT, Bilirubin, Albumin, Hemoglobin,
White Blood Cell Count (WBC Count), PTT, PT, BUN,
Platelet Count, INR, pH, Pa0O:, PaCO:, Base Excess,
Lactate, PaO2F10: Ratio, HCO:

Ventilation 2 Mechamcal Ventilation (MechVent), Fraction of Inspired
Oxygen (F10:)

Flud Status 2 Urine Output, Cumulative Fluid Balance (CFB)
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Discretized actions

Interpretation

No Vasopressor and No IV Fluids Administered

Given 0 - 0,08 pg Vasopressor without I'V Fluids Administration

Given 0,08 — 0.20 pg Vasopressor without IV Fluids Administration
Given 0,20 - 0.45 pg Vasopressor without IV Fluids Administration
Given > 0,45 pg Vasopressor without IV Fluids Administration

Given 0 - 1112.73 mL IV fluids without Vasopressor Administration
Given 0 - 0,08 pg Vasopressor and 0 - 1112,73 mL IV fluids

Given 0,08 — 0,20 pug Vasopressor and 0 - 1112.73 mL IV fluids

Given 0,20 - 0.45 pg Vasopressor dan 0 - 1112.73 mL IV fluids

Given > 0,45 pug Vasopressor dan 0 - 1112,73 mL IV fluds

Given 1112,73 - 2956,74 mL IV fluids without Vasopressor Administration
Given 0 - 0,08 pg Vasopressor and 1112,73 - 2956,74 mL IV fluids
Given 0,08 — 0.20 pg Vasopressor and 1112,73 - 2956,74 mL IV fluids
Given 0,20 - 0.45 pg Vasopressor and 1112,73 - 2956,74 mL IV fluids
Given > 0,45 pug Vasopressor and 1112,73 - 2956.74 mL IV fluids
Given 2956,74 — 6009.85 mL IV fluids without Vasopressor Administration
Given 0 - 0,08 pg Vasopressors and 2956,74 — 6009,85 mL IV fluids
Given 0,08 — 0,20 pg Vasopressor and 2956,74 — 6009,85 mL IV fluids
Given 0,20 - 0.45 pg Vasopressors and 2956.74 — 6009,85 mL IV fluids
Given > 0,45 pug Vasopressors and 2956,74 — 6009,85 mL IV fluids
Given = 6009.85 mL IV fluids without Vasopressor Administration
Given 0 - 0.08 pg Vasopressor and > 6009,85 mL IV fluds

Given 0,08 — 0.20 pg Vasopressor and > 6009,85 mL IV fluids

Given 0,20 — 0.45 ug Vasopressor and = 6009,85 mL IV fluids

Given > 0,45 pug Vasopressor and > 6009,85 mL IV fluids

Vasopressor Dose

A
0%

0 1 2 3 4

2

IV fluids
Dose
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Dueling DDQN Learning per Sequence
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Data extraction dan state windowing

v El mimicii

Patient cohorts. In both datasets, MIMIC-III and eRI, we included adult patients
tulfilling the sepsis-3 criteria’. Sepsis was defined as a suspected infection

B chartevents_vitals (prescription of antibiotics and sampling of bodily fluids for microbiological

B culture_events culture) combined with evidence of organ dysfunction, defined by a SOFA score
>2 (refs "*'). We adhered to the original temporal criteria for diagnosis of sepsis:
when the antibiotic was given first, the microbiological sample must have been
collected within 24 h; when the microbiological sampling occurred first, the

B input_cv antibiotic must have been administered within 72h'. The earlier event defined the
onset of sepsis. In line with previous research, we assumed a baseline SOFA of zero

= antibiotics_administration

= demographics —

B icustays_patients

w+ physionet-data *

B input_mv .
’ for all patients™ .
b fh Pipelines : B labevents_labs
) B mechvent
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» B mimiciii_clinical ¢ § T M preadm_urine_outpur
o ) . B sepsis_cohort
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chartevents vitals 55568167
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