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What are Large Multimodal Models (LMMs)?
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Long Electronic Health Records (EHR) from
MIMIC |ll data set

(a) Retrieval of mentions

Prompt
Task: Determine if the patient has a history of the specified [Condition/Symptom/Procedure] by thoroughly examining the patient's [Medical Records].

Instructions: First make extensive effort to retrieve *all* mentions of the specified [Condition/Symptom/Procedure] that might be related to the [Initial
Conclusion]. Include the relevant [Note ID], direct quotes of the evidence segment from the note.

[Condition/Symptom/Procedurdl: hypothermia
[Medical Records]:

\

7

Response

e [Note ID]: 341
e [Direct Quotel "+sweats. Oral temp 93.7. Transferred to MICU"
¢ [Direct Quotel "Constitutional: hypothermia"
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lNMapadsiyua rwv duvarorntwy rou Med Gemini
via Long Context o€ iarpiko Bivreo. (MedVidQA)

“* Prompt :

A

*» Eioal évac xprnoiuog 1atpikog onbaoc Bivreo.

“ Task: 2ou Oiveral &va Bivrieo kKal pia epwTtnon Tou NTa va €EAYEIC TIC

akpIBeic xpovooPpayidec Tou Bivreo (XpOVOC Evapeng Kal XpOvog Aneng) Trou
ATTAVTOUV OTNV TTAPAKATW £pWTNON:

NMwg va avakou@IoTEI KATTOI0G ATTO TOUS TTOVOUGS TG YANTTOG HECW

MOOA{ HE POAO APPOAEE;
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History and Physical Note (H&P note)
2NUEIWOEIC Yia laTpiko loTopiko Kal TRV KAIVIKN E¢ETaon

s*History and Physical (H&P) note is a formal and complete
assessment of the patient and the problem.

**H&P is shorthand for the formal document that medical doctors
produce through the interview with the patient, the clinical exam,
and the summary of the testing either obtained or pending
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Prompts mpo¢ ChatGPT

*» MT1TOpEiC va ouvBEoEIC Eva Eyypago TTOU VO KATAYPAPEI TO AVAAUTIKO 1ATPIKO
I0TOPIKO Kal TNV KAIVIKN £¢€Taon (H&P note) evog Tuxaiou acBevouc TTou va EXEI

d1aBNTN Kal KapdIoAoYIKA TTPORBANMATA KAl VA EUTTEPIEXEI TO 8 TOUAQXIOTOV ATTO TA
12 onuEia TOU ETTICUVATITOMEVOU APXEIOU 0ONYIWYV TTOU 00U divw?

¢ To emouvamTouevo apxeio gival To after visit summary EMPTY.docx Kai
BpiokeTal oTo PAKEAO supplementary material Tou unit 7 kai yeTa
OoTO (pakeAo slide 14.

*» To TTapaxBev apyeio TTou dnuioupynoe 1o ChatGPT w¢ response oTo TTAPATTAVW
prompt Tou Tou dwoape ovopadleral After Visit Summary COMPLETED.docx kai

BpiokeTal eTiong oTo PAkeAo slide 14
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Medical summarization/simplification

* Generate a plain language summary (PLS) given a technical
abstract from a medical systematic review.

Gemini Prompt. Please read through the provided technical summary

of a body of medical research and provide a simplified summary that is accessible
to a lay audience without medical expertise.

Technical Summary: {TECHNICAL ABSTRACT}

Simplified Summary:
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EmiipopdwTtikd MNpdypappa «ChatGPT kat Epappoyeg Al yia latpoug»: ‘EAafeg
email amo Tov Xplotodpopo NEGTOPN OXETIKA LE TO ETILLOPPWTLKO TIPOYPALUA Y
To ChatGPT kat T1¢ epappoyEg Al ya latpoug.

MpoBAnpata NMpocBaong oto chatgluco.com: AvtaAa&eg email pe tov ©avdon
MkAUTTALla Kal TNV uttootpLEn Tou Papaki oxetikd pe ipoAnuata péoBaong oto
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Re: Login ywa FTP: ZuZAtnoeg pe tov @avaon MkapmAla yia poAfuata ouvdeong
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Gemini can make mistakes, including about people, so double-check it. Your privacy and Gemini
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Deep Reinforcement Learning

(a) for recommeding drug combinations and

(b) for Predicting Optimal Dosing of a Drug
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Reinforcement Learning

Trains a learning model through the interaction of an agent
(intelligent software) with the environment of patients and drugs
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The Q-learning
Algorithm in
Pseudocode

Algorithm 3 Q-learning

Input:

States S = {5,, 53, ---, 5, }

MActions A = {ay.ds,....8,}

Reward Function R : § = A — IR

Transition Probability Function T : S =< A — S
Policy 7t Function, 7wt : § — A

Learning rate A [0, 1]. usually A = 0.1

Reward attenuation coefficient v € [0, 1]

Output:

A table QQ which holds the wvalue of each action a in state s

1: procedure Q-LEARNING(S, A, R, T, A, p, )

2: Initialization of the values of the (Q-table

3: while Q-values have not converged or we have not reached a specified number of iterations

Do

Choose randomly a state s € S

a: while state s is not terminal state Do
Choose based on policy 7t with § prob. a random action a,,
else

take with prob. 1 — g the best action m(s;) «— max, Q (s;,,,a)

ay «— Tr(5:) =77 - 5 — A
roe— Ris;,a;) > reward reception
Sppq — TS, a,) > transition to the new state

Q(spp1,a) «— (1 — A) QUse,ay) + A x (r +p max, (s, a))

5 &— S5

end while
5: end while
6: return Q-table

7: end procedure




(a) Reinforcement Learning for Predicting Optimal
Dosing of a Drug

What is the optimal dosing of Insulin so that a
diabetes patient does not have high glucose?

' lInsulin 5units |Insulin 10 units |Insulin 15 units |Insulin 20 units |Insulin 25 units
0

350 glucose 180 glucose 91 glucose 60 glucose
(True)

Patient 2 150 glucose 100 glucose 80 glucose 0 0
(True)
450 glucose 0 200 glucose 120 glucose 95 glucose
(True)

Patient 4 0 120 glucose 97 glucose 80 glucose 0
(true)

250 glucose 160 glucose 0 92 glucose (True) 0
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Qualitative analysis

B How well diseases are covered?
B How severe are the unwanted DDIs?

DDQON (Drug) DDQN (Drug+  IBCF (Drug) UBCF (Drug)  UBCF (Drug+  IBCF (Drug +
DDI) Disease) DDI)

Algorithms

1]
oc 0.7
- 0.6

Normalised mean score values given by the clinical experts to the drug
recommendations of each algorithm, in terms of their meaningfulness and their

safety.
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