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ChatGPT &

GoogleBardal

(A) Question Assembly:
1.standard preamble +
2.case stem (1 of 11) + <
3.hemoglobin (1 of 4)

=44 total possible questions

|

Questions Grouped in Batches of 5 I

Questions Presented to LLM I

Repeat for Next
Trials Repeated l Batch
Linn LLM Input Reset |
Record 1/0 Response for All Trials I-—
Grading:

For each of the 44 questions:
1.Calculate mean response across all trials
a. Ifmean >0.5, classify as “yes”
b. Ifmean <0.5, classify as ‘no”
2.Compare results to answer table
3.Calculate sensitivity, specificity, precision, recall

Hurley, Transfusion, 2024
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1. Same recommendation P various effects!

2. Guidelines are a coarse instrument
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Systemic Reviews and Meta-Analysis
Randomised Controlled Trials

Non-Randomised Controlled Trials
Observational Studies (Case-control and Cohort)
Case series, Case reports

Background information and Expert opinion
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Systemic Reviews and Meta-Analysis
Randomised Controlled Trials
Non-Randomised Controlled Trials

- Observational Studies (Case-control and Cohort)
Case series, Case reports

Background information and Expert opinion

One size
does NOT fit all
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Silver, Science, 2018
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Online reinforcement learning
Training Validation Testing

Data
6 Env @ Env @
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Gnanasekaran, Stanford, Project Posters and Reports, Fall 2017
Ghasemi, npj Digital Medicine, 2025
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Offline reinforcement learning
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Data

Validation

0

RS A

| orL P TT

2—>

s,

l

Offline
Policy
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Policy [~
Evaluation
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Proceedings of the Twenty-Seventh International Joint Conference on Artificial Intelligence (IJCAI-18)
Importance Sampling for Fair Policy Selection*

Shayan Doroudi'+, Philip S. Thomas? and Emma Brunskill®
! Carnegie Mellon University
2 University of Massachusetts Amherst
3 Stanford University
shayand @cs.cmu.edu, pthomas @cs.umass.edu, ebrun @cs.stanford.edu
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Off-policy evaluation of Hb policies JXU = “te=

138,868
ICU-Patients = 18 yrs

; 200,234 E

| ICU-Stays !

_____________ P

| ' ™ r N
Age, Sex aBGA
-  —— Enriched with Lab.
(6,176,758 Samples)
r ) a) Core: pH, BE, PaCO2,
ICD-Diagnoses Pa02, SO2, HCO3

] b) Electrolytes: Na, K, Cl, Ca

¢) Metabolic: Lac, Gic
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_MIMICIV__
50,920
ICU-Patients = 18 yrs

73,181
ICU-Stays
_____________ poonneenees!

( v |d) Hematology:
Transfusions Hb, Hct, CO2Hb, MetHb
(97,489) e) Renal/Liver: Cr, tBil

\____/'——__—-—'—"“

Age, Sex aBGA
 — Enriched with Lab.
(2,201,429 Samples)
r 3 a) Core: pH, BE, PaCO2,
ICD-Diagnoses Pa02, SO2, HCO3

] b) Electrolytes: Na, K, Cl, Ca
c¢) Metabolic: Lac, Gilc

Samples With Hb for Hb-Policy Evaluation
ICU-Stays With = 1 Transfusions

| 14,114 |

( y |d) Hematology:
Transfusions Hb, Het, CO2Hb, MetHb
(53,091) e) Renal/Liver: Cr, tBil

\________/'——__—-—'—"“

Samples With Hb for Hb-Policy Evaluation
ICU-Stays With = 1 Transfusions
A 4

| 12,180 |

[ ~70% of Transfusions | ICU-Stays | Transfusions Treated as
A

ssigned in 4h-Windows 292 294 Binary Events

Transfusions Treated as | ICU-Stays | ~71% of Transfusions J

Binary Events 064,774 Assigned in 4h-Windows

Samples/Rows

Samples/Rows 4
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Hb policies evaluated
for myocardial infarction patients

1.0 elCU: ICU-Stays With =1 Transfusions (121)
0.9
_ 0.8
©
2
c
3
0.7
7
0.6/
6
5 & o o o © o o o °
%. b. /\. %- q- \9. NJ\'- '\'fL-
Hb-Policy
@ Outer Pie: Transfusion Frequency @]

Inner Pie: Min. Hb 95%-CI  —— Survival 95%-CI

Min. Hb

1 0_MIMIC-IV: ICU-Stays With =1 Transfusions (121)

ceE@o®0e

0.9

Survival

0.7

0.6

0.5

o
%-

o>
Hb-Policy
O

NN AN

@ Outer Pie: Transfusion Frequency

Inner Pie: Min. Hb 95%-CI  —— Survival 95%-CI

JXU "
Universitats
JOHANNES KEPLER e e
UNIVERSITAT LINZ Klinikum

Min. Hb



Universitats
Klinikum

>
Kepler

JOHANNES KEPLER

UNIVERSITAT LINZ

JXU

?

ing
Rt+1 + 7ma'$aQ(St—|—1: a) _ Q(Sta At)]

Can you improve this with
reinforcement learn

[

<— Q(St, At) + «

Q(St, At)

Former
Q-value
estimation

Discounted Estimate
optimal Q-value
of next state

Learning
Rate

Former
Q-value
estimation

New
Q-value
estimation

TD Target

a

n*(s) < argmax Q" (s,a) Vs

o




Evaluating Policy after Q-learning JVYU e
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p<0.05 p<0.05



The problems of reinforcement

learning
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ML models are well established for transfusion
prediction

LLMs might be able to guide transfusion in the future
Reinforcement learning is the way to go!

Hb based transfusion policies have (probably) no
effect on survival

one can build a reinforcement learning model, that
* transfuses less
* has noinfluence on survival




