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Abstract

Large language models (LEMs), such as ChatGPT. have reces
tention due o ther capabeities for understanding and gencrating by
While there has boen a burgeoaung trend in research focusing on the employ

of LLMs in supporting different medical tasks (¢ g.. enhancing clinscal da
tics, and providing
particularly their

medxcal education), a comprehensive review of these efforts
prent, practxcal applications, and outcomes in medicine
remains scarce. Therefore, thas review aims o provide a detatled overview of the
development and deployment of LLMs in medicine. including the challenges and
oppoctamitics they face. In terms of development. we provade a detaled introdaction
1o the principles of existing medical LLMs, includs
number ¢

It serves as

their basic model structures,
used for model development
medacal LEMs tasdored to thew

f parameters, and sources and scales of
3 e in developing

specilic necds. In
of dufferent LIMs
state-of -the-ant
distinct advar
we address th

ms of deployment, we offer a companson of the performunce
s various medical tasks, and further compare them with
ght models. aiming to provide a clear understanding of the
s and lmstations of LLMs i medicine. Overall, in this review
owing stady questions: 1) What are the peactices for developing
medical LLMs 2) How %o measure the medical task performance of LLMs i a
medical setting” 3) How have medical LIMs been employed i real-woekd peac
tice? 4) What challenges anse from the use of medical LLMs? and 5) How to mare
effectvely develop and deploy medacal LLMs? By answes
review ams to provide insights into the oppoctunitics and
medicine and serve as a practx
We also maintain a regularly updated list of practical gusdes on

ng th

questions, this
s of L1Ms in
nedical LEMs
edical LLMs at

ource for constracting etf
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Image Classification (MIMIC-CXR 13-condition classification)

Visual input

Instruction

You are a helpful radiology assistant. The following are questions about findings
in chest X-ray in the frontal view. Identify if a specific type of abnormality is
shown in the X-ray.

Given the <VIEW> X-ray image,

Question: Which of the following abnormalities are indicated by the image? (A)
Atelectasis (B) Cardiomegaly (C) Consolidation (D) Edema (E) Enlarged
Cardiomediastinum (F) Fracture (G) Lung Lesion (H) Lung Opacity (l) Pleural
Effusion (J) Pleural Other (K) Pneumonia (L) Pneumothorax (M) Support Devices

Response
(A)

| Q:TZ D&, fAID3
Med-Gemini:TCNIZ, BiEEE FREER DT C. fE

A) ESHE. B) DMEX. C) 282, D) MikiE: --

[4] Khaled Saab et al. (2024), “[2404.18416] Capabilities of Gemini Models in Medicine” £W5|FHE

=ERGemini(Med-Gemini) =%

i

(a) Video dialogue ex

ample

Hello, | am a medical student analyzing this surgical
procedure video for m
shown in this video?

vy studies. Which surgical procedure is

The surgical procedure shown in this video is a
laparoscopic cholecystectomy - the surgical removal of the
gallbladder. This is a common procedure and is often
performed when gallstones cause pain or complications,
such as inflammation of the gallbladder (cholecystitis).

Which tools and how many are being used by the surgeon?
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(RAG: Retrieval-Augmented Generation)

5.4 New Knowledge Adaptation

LLMs are trained on extensive data to learn knowledge. Once trained, it is expensive and inefficient to
inject new knowledge into an LLM through re-training. However, it is sometimes necessary to update

the knowledge of the LLM, for example, on a new adverse effect of a medication or a novel disease.

Two problems occur during such knowledge updates. The first problem is how to make LLMs
appropriately ‘forget’ the old knowledge, as it is almost impossible to remove all ‘old knowledge’
from the training data, and the discrepancy between new and old knowledge can cause unintended
association and bias [56]. The second problem is the timeliness of the additional knowledge - how
do we ensure the model is updated in real-time [210]? Both problems pose significant barriers to
using LLMs in medical fields, where accurate and timely updates of medical knowledge are crucial
in real-world implementations.

Potential Solutions Current solutions to knowledge adaptation can be categorized into model
editing and retrieval-augmented generation. Model editing [211] alters the knowledge of the model
by modifying its parameters. However, this method does not generalize well, with their effectiveness
varying across different model architectures. In contrast, retrieval-augmented generation provides
external knowledge sources as prompts during model inference; for example, Lewis et al. [212]
enabled model knowledge updates by updating the model’s external knowledge memory.
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