’ ) \ . . J Korean Soc Radiol 2024;85(5):861-882 JOURNAL of
we | REVIEW Article https://doi.org/10.3348/jksr.2024.0080 THE KOREAN SOCIETY of
updates eISSN 2951-0805 RADIOLOGY

Received May 21,2024

I_a rge I_a N g Uua ge M O d e IS: Revised September 18, 2024

Accepted September 21,2024

° ° " .
A Comprehensive Guide
Department of Radiology and
Research Institute of

L] L]
fo r R a d I O lo I StS Radiological Science,
Severance Hospital,
. o - o Yonsei University College of Medicine,
I:'Hcc);i O|_'|O'| El:él %:Iépl--g—l g!- XJ_E_j r% ‘?‘l o|_|- %%F o|_H-HA_| 50-1 Yonsei-ro, Seodaemun-gu,
Seoul 03722, Korea.

Tel 82-2-2228-7400
Sunkyu Kim, PhD*?, Choong-kun Lee, MD?, Seung-seob Kim, MD** Fax 82-2-2227-8337

. . . i i E-mail k2s0127@yuhs.ac
!Department of Computer Science and Engineering, Korea University, Seoul, Korea

’AIGEN Sciences, Seoul, Korea This is an Open Access article

3Division of Medical Oncology, Department of Internal Medicine, Yonsei University distributed under the terms of the
College of Medicine, Seoul, Korea Creative Commons Attribution
“Department of Radiology and Research Institute of Radiological Science, Severance Hospital, Non-Commercial License

Yonsei University College of Medicine, Seoul, Korea (https://creativecommons.org/

licenses/by-nc/4.0) which permits
unrestricted non-commercial use,
distribution, and reproduction in
any medium, provided the original
work is properly cited.

Large language models (LLMs) have revolutionized the global landscape of technology be-
yond the field of natural language processing. Owing to their extensive pre-training using
vast datasets, contemporary LLMs can handle tasks ranging from general functionalities to
domain-specific areas, such as radiology, without the need for additional fine-tuning. Im-
portantly, LLMs are on a trajectory of rapid evolution, addressing challenges such as hallu-
cination, bias in training data, high training costs, performance drift, and privacy issues,
along with the inclusion of multimodal inputs. The concept of small, on-premise open
source LLMs has garnered growing interest, as fine-tuning to medical domain knowledge,
addressing efficiency and privacy issues, and managing performance drift can be effective-
ly and simultaneously achieved. This review provides conceptual knowledge, actionable
guidance, and an overview of the current technological landscape and future directions in
LLMs for radiologists.

Index terms Natural Language Processing; Large Language Model; Transformer; Radiology;
Chatbot; ChatGPT
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Fig. 1. Milestone models leading to modern large language models.

BERT RoBERTa
BERT is a specialized model to RoBERTa is a variant of BERT. It used
understand text by bidirectional a dataset that is ten times larger and
Sequence-to-sequence processing. employed a more effective method in
BoW Sequence-to-sequence model training
. . takes a sequence of text as input
BoW represents text into numerical and generates another sequence
vectors based on word frequency. of text using an encoder and
decoder based on LSTM. 2018 2019 GPT-4
Encoder-only GPT-4 is a larger multlmod_al mod_el that
can process both text and image inputs
........................................... to generate textual responses.
1950s 2013 2014 2017 PaLM
Decoder-only
Word2Vec Transformer 2019 (2020
Word embedding, such as Transformer models and attention )
Word2Vec or Glove, translates  mechanisms mimic how humans GPT-3 PaLM2| Mixtral LLaMA3
words into vectors on their comprehend and translate text by GPT-2
contextual relations. focusing on specific parts of the . "
7 " GPT is a generative model
text during processing. designed to predict subsequent LLaMA2 Claude3
words in a sequence.
<> Legacy natural language processing model ChatGPT/GPT-3.5 (2022)
4 Large language model Ch.atGPT isa GPT—basgd chatblot system
O Chatbot trained to follow prompt instructions and
generate human-like responses.

BERT = bidirectional encoder representations from transformers, Bow = Bag-of-Words, GPT = generative pre-trained transformer, LLaMA =
large language model meta Al, LSTM = long short-term memory, PaLM = pathway language model, RoBERTa = robustly optimized BERT
pretraining approach
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Table 1. Potential Clinical and Research Applications of Large Language Models in Radiology
Applications Inputs Outputs Referernce
Reduction of language barriers Any text written in one’s primary language  Text translated into any language (53)
Generation of radiology reports Image findings sections within chest New, short, one-line impression (57)
radiograph reports
Text-based descriptions of image patterns  List of relevant differential diagnoses (58)
TI-RADS features Distinction between benign and (24)
malignant thyroid nodules
Radiology reports for patients referred for ~ BI-RADS category (59)
breast cancer screening or diagnosis
Transformation into structured Free-text radiology reports for chest Transformation into structured reporting (60)
reporting radiograph, CT, and MRI
Free-text CT reports from patients with Extraction of oncologic information (61)
lung cancer
Free-text reports on mechanical Extraction of procedural details of (62)
thrombectomy from patients with acute ~ mechanical thrombectomy
ischemic stroke
Free-text chest radiograph reports from Presence or absence of 13 predetermined (36)
public databases (MIMIC-CXR and NIH imaging findings
datasets)
Free-text brain MRI reports Extraction of multiple predefined data (37)
elements, including any abnormal
findings, and their correlation with
headaches
Error detection in radiology reports ~ Radiology reports containing deliberately  Errors were detected, demonstrating (63)
introduced errors potential for automatic correction
CT and MRI reports containing speech Errors were detected and corrected (64)
recognition errors
Simplification of radiology reports  Free-text radiology reports for chest CT Radiology reports translated into plain (65)
for patients and brain MRI language
Free-text radiology reports from public Radiology reports simplified using plain (66)
database (MIMIC-III) language
Radiology report impressions from public  Radiology report impressions simplified (67)
database (MIMIC-IV) using plain language
Determination of radiologic study Medical conditions summarized in ACR Determination of imaging modality and (68)
protocol appropriateness criteria use of contrast agent
Radiology request forms Determination of imaging modality, body (69)
region, and contrast phases
Clinical presentations regarding breast Determination of imaging modality (27)

cancer screening and breast pain

ACR = American College of Radiology, BI-RADS = Breast Imaging Reporting and Data System, CXR = chest X-ray, MIMIC = Medical Informa-

tion Mart for Intensive Care, NIH = National Institutes of Health, TI-RADS = Thyroid Imaging Reporting and Data System
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Table 2. Performance Comparison of Large Language Models

Tasks (And Metrics for Performance) GPT-3.5 GPT-4 Gemini Others Reference

Response to non-expert questions regarding lung ~ 70.8% 51.7% (21)
cancer (Percentage of correct answers)

Multiple-choice questions regarding K-TIRADS 73% 93% 80% Perplexity (87%) (41)
(Percentage of correct answers)

USMLE: Self Assessment and Sample Exam 49.10%-58.78% 83.76%-86.70% (44)
(Percentage of correct answers)

“Diagnosis Please” quizzes (Accuracy) 37.3% 57.1% (32)

Radiology board-style multiple-choice questions 69.3% 80.7% (48)
(Percentage of correct answers)

Brazilian radiology board examinations 47.5%-63.3%  65%-81.7% (49)
(Percentage of correct answers)

Malignancy diagnosis based on TI-RADS (Accuracy) 78%-86% 74%-86% (24)

BI-RADS category assignment (Percentage of 14.3% 10.6% 18.1% Human reader (59)
incorrect categorization that would negatively (1.5%)
impact clinical management)

Transformation of free-text reports into structured 28.11%-92.86% medBERT.de (60)
reports (F1 score) (24.64%-92.53%)

Extraction of oncologic information from free-text CT 83.9%-94.2%  97.2%-98.6% (61)
reports (Accuracy)

Extraction of procedural details from free-text 63.9%-64.2%  90.5%-94.0% (62)

reports on mechanical thrombectomy
(Percentage of correct data entries)

Detection of speech recognition errorin radiology ~ 32.2%-59.1%  86.9%-94.3% 20.9%-47.5% Text-davinci-003 (64)
reports (F1 score) (46.6%-72%)
LLaMA-2
(47.7%-72.8%)
Translation of radiology reports into plain language  55.2%-77.2%  73.6%-96.8% (65)
(Percentage of reports translated with good
quality)
Simplification of radiology reports using plain 6.7 7.0 9.1 Copilot (9.4) (66)
language (Average reading grade level score)
Simplification of radiology report impressions using 7.5 7.5 83 Copilot (8.9) (67)
plain language (Average reading grade level score)
Determination of imaging modality and use of 64%-76% 74%-82% accGPT (82%-86%) (68)

contrast agent (Percentage of correct answers)

accGPT = appropriateness criteria context aware GPT, BERT = bidirectional encoder representations from transformers, BI-RADS = Breast
Imaging Reporting and Data System, GPT = generative pre-trained transformers, K-TIRADS = Korean TI-RADS, LLaMA = large language mod-
el meta Al, LLM = large language model, TI-RADS = Thyroid Imaging Reporting and Data System, USMLE = United States Medical Licensing
Examination

2 ellofl= OpenAl9] contrastive language-image pre-training (°|5+ CLIP) (76)2+ el A] 7H
15t segment anything model (°]5F SAM) (77), ofe] 24X E ©] Jarge language and vision
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