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What are Large Multimodal Models (LMMs)?

❖complex multimodal data

❖text

❖video

❖images

❖podcast
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Long Electronic Health Records (EHR) from 

MIMIC III data set



ChatGPT και Εφαρμογές ΑΙ για Ιατρούς  4

Παράδειγμα των δυνατοτήτων του Med Gemini 

για Long Context σε ιατρικό βίντεο. (MedVidQA)

❖ Prompt :

❖ Είσαι ένας χρήσιμος ιατρικός βοηθός βίντεο.

❖ Task: Σου δίνεται ένα βίντεο και μια ερώτηση που ζητά να εξάγεις τις

ακριβείς χρονοσφραγίδες του βίντεο (χρόνος έναρξης και χρόνος λήξης) που

απαντούν στην παρακάτω ερώτηση:

      Πώς να ανακουφιστεί κάποιος από τους πόνους της γάμπας μέσω  

       μασάζ με ρολό αφρολέξ;
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History and Physical Note (H&P note)

Σημειώσεις για Ιατρικό Ιστορικό και την κλινική Εξέταση 

❖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 προς ChatGPT 

❖Μπορείς να συνθέσεις ένα έγγραφο που να καταγράφει το αναλυτικό ιατρικό 

ιστορικό και την κλινική εξέταση (H&P note) ενός τυχαίου ασθενούς που να έχει 

διαβήτη και καρδιολογικά προβλήματα και να εμπεριέχει τα 8 τουλάχιστον από τα 

12 σημεία του επισυναπτόμενου αρχείου οδηγιών που σου δίνω?

❖ Tο επισυναπτόμενο αρχείο είναι το after visit summary EMPTY.docx και 

βρίσκεται στο φάκελο  supplementary material του unit 7 και μετά

στο φάκελο slide 14.

❖ Το παραχθέν αρχείο που δημιούργησε το ChatGPT ως response στο παραπάνω 

prompt που του δώσαμε ονομάζεται After Visit Summary COMPLETED.docx και 

βρίσκεται επίσης στο φάκελο slide 14
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• Generate a plain language summary (PLS) given a technical 

abstract from a medical systematic review. 

Medical summarization/simplification

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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Gemini 

διαχείριση gmails

Δημιουργία σύνοψης 

για τα emails που 

ελήφθησαν την 

τελευταία

εβδομάδα
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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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Trains a learning model through the interaction of an agent 
(intelligent software) with the environment of patients and drugs

Reinforcement Learning
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The Q-learning 

Algorithm in 

Pseudocode
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(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?

Insulin 5 units Insulin 10 units Ιnsulin 15 units Insulin 20 units Insulin 25 units

Patient 1 350 glucose 180 glucose 91 glucose

(True)

60 glucose 0

Patient 2 150 glucose 100 glucose

(True)

80 glucose 0 0

Patient 3 450 glucose 0 200 glucose 120 glucose 95 glucose
(True)

Patient 4 0 120 glucose 97 glucose
(true)

80 glucose 0

Patient 5 250 glucose 160 glucose 0 92 glucose (True) 0
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Normalised mean score values given by the clinical experts to the drug 

recommendations of each algorithm, in terms of their meaningfulness and their 

safety. 

Qualitative analysis

TABLE III: Example recommended medicines by algorithms against ground truth.

Patient Method Recommended Medication Combination

Diagnosis:
Ischemic heart disease

Pulm. embolism, Hypothyroidism
Depression, Morbid obesity, Valvular disease

DDQN
sodium chloride, potassium chloride, linezolide, amikacin, labetalol, digoxin,

norepinephrine, aztreonam
IBCF sodium chloride, potassium chloride, dextrose, insulin, heparin, docusate sodium
UBCF heparin, insulin, sodium chloride, potassium chloride, docusate sodium

Groundtruth
Sodium chloride, D-glucose,Insulin, Calcium Gluconate, Acetaminophen,

Potassium chloride, Meperidine, Morphine Sulfate, Metoclopramide
Magnesium Sulfate’ , Aspirin, Docusate sodium, oxycodon-acetaminophen, ranitidine

Fig. 4: Normalised mean score values given by the clinical

expert to the drug recommendations of each algorithm, in

terms of their meaningfulness and their safety.

pulmonary embolism, ischemic heart disease, valvular disease,

obesity, depression and hypothyroidism.

Regarding the patient’s diseases, DDQN predicts success-

fully labetalol and digoxin for cardiovascular disease, but fails

to predict any medication for hypothyroidism and depression.

On the other hand, it predicts the use of antibiotics (linezolid,

aztreonam and amikacin), which are commonly used for

ICU patients but they are not related with the associated

diagnosed diseases of the patient. For this specific patient,

DDQN recommends drugs by attaining 25% recall, when we

compare it with theground truth medicines, which were picked

by the real doctors, as it is shown in the bottom of Table III.

Regarding the rest algorithms, IBCF and UBCF predict

insulin, which mainly is given for diabetes patients. Although,

this was not supported by the associated diagnosis, this patient

suffered from morbid obesity and he was actually treated

with insulin. Surprisingly, IBCF and UBCF suggested heparin

treatment, which is the main anticoagulation treatment of

pulmonary embolism in ICUs, However, heparin is missing

from suggested drugs in the ground truth in the bottom of

Table III.

In conclusion, DDQN seems to predict partially effective

drug combinations for the patient of our case study, but with

the cost of some drug side effects.

V. DISCUSSION AND CONCLUSION

In this paper, we proposed a reinforcement learning algo-

rithm with the goal to provide more accurate, effective and

safe drug recommendations and assist clinical decision making

in critically-ill patients with thrombosis. We also studied the

added value of medications on the prognosis of mortality.

As a future work, we plan to develop models that can pro-

vide also explanations along with the automated algorithmic

drug recommendations.
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