] Physiol & Pathol Korean Med 38(2):49~58, 2024

NRY Addolndel o3 A4 AYH 1
- SolAo} ojite FAoE -

g% - oyl - AL - AR

Advista osuist A, 1: aeitista AEHtos $AAUBAY, 2: A Srita olHuiet Heitm

Current Status and Direction of Generative Large Language Model
Applications in Medicine - Focusing on East Asian Medicine
Bongsu Kang, SangYeon Lee!, Hyojin Bae?, Chang-Eop Kim*
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1: Division of Environmental Science & Ecological Engineering, College of Life Science and Biotechnology, Korea University,
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The rapid advancement of generative large language models has revolutionized various real-life domains,
emphasizing the importance of exploring their applications in healthcare. This study aims to examine how generative
large language models are implemented in the medical domain, with the specific objective of searching for the
possibility and potential of integration between generative large language models and East Asian medicine. Through a
comprehensive current state analysis, we identified limitations in the deployment of generative large language models
within East Asian medicine and proposed directions for future research. Our findings highlight the essential need for
accumulating and generating structured data to improve the capabilities of generative large language models in East
Asian medicine. Additionally, we tackle the issue of hallucination and the necessity for a robust model evaluation
framework. Despite these challenges, the application of generative large language models in East Asian medicine has
demonstrated promising results. Techniques such as model augmentation, multimodal structures, and knowledge
distillation have the potential to significantly enhance accuracy, efficiency, and accessibility. In conclusion, we expect
generative large language models to play a pivotal role in facilitating precise diagnostics, personalized treatment in
clinical fields, and fostering innovation in education and research within East Asian medicine.
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Fig. 1. Overview of Transformer-based language models: evolution, capabilities, challenges, and mitigation strategies.
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Table 1. Current Status of Generative Large Language Model Applications in Conventional Medicine Research

Base Model Model Name Purpose Results Reference
Studies with basic models
q q - Outperformed existing baselines in clinical sense disambiguation,
GPT-3 Information ext;gi’ilson from clinical biomedical evidence extraction, coreference resolution, etc., using zero- 27)
and few-shot approaches.
) *Response speed was significantly faster compared to expert
GPT-3 neuroGPT-X VestlbuIaruzcs?i\évsn:r?(;n:nrsnvsgragement neurosurgeons. 28)
q *Agreed with 95% of consensus statement (98 / 103).
+ChatGPT-3.5 Information extraction from clinical Showed generally good performance in clinical sense disambiguation,
*BARD ormatio tgitso om dinica biomedical evidence extraction, coreference resolution, etc., using a 29)
sLLAMA2 zero-shot approach.
. . Achieved a highest Jaccard score of 0.800 in zero-shot information
Information extraction for ! P
: h - extraction tasks from clinical research and cohort study papers,
ChatGPT-3.5 - meta-analysis of randomized clinical ful ’ inf h hil - 30)
trials successfully extracting accurate information while recognizing cases
where the desired information was not present in the paper.
When classifying disease cases using ChatGPT-4, achieved high
ChatGPT-4 Diagnosis accuracy and recall, including a 97.67% F1 score in diagnosing Chronic 31)
Obstructive Pulmonary Disease (COPD).
Radiation oncology knowledge When solving specialized questions in the field of radiation oncology
ChatGPT-4 - ; . e 32)
question and answer physics made by researchers, outperformed human physicists.
The model's accuracy in diagnosing various rheumatology diseases
ChatGPT-4 - Diagnosis in rheumatology showed performance that matched or exceeded that of 33)
Rheumatologists.
. I In the de-identification of clinical notes, ChatGPT-4 achieved a higher
:EF:IE/IG :_T{S DelD-GPT aﬁ%rr?_rsr:g;tgiﬂ?nerltlil:ﬁ:a;;o:oti{ " accuracy of 0.908 in deleting sensitive private information compared to 34)
Y LLaMA1-7b (0.609).
Studies with generality augmentation
. Medical knowledge question and Reached the same accuracy of 88.0% in PathVQA with fewer
BART BiomedGPT answer parameters compared to the M2I2 model (252M). 35)
Medical knowledge question and Showed an 85.0% win rate when competing with LLaMA-7B in
e NGl answer answering medical questions based on the cMedQA?2 dataset. =0
Medical knowledge question and )
LLaMA ChatDoctor answer with retrieval-augmented Showed higher accuracy of 0.844410.0185 compared to ChatGPT 37)
generation (0.837+0.0188) when answering a multitude of medical questions.
K Medical knowledge question and Recorded a higher Accuracy of 63.3% compared to LMaMA-2-70B
LLaMA MEDITRON-70B e (60.8%) 38)
LLaMA PMC-LLaMA Medical know;i(:\?vzrquestlon and Achieved a higher accuracy of 64.43% compared to ChatGPT (54.97%). 39)
Medical knowledge question and . . L
3 . A Showed 100% accuracy in adversarial safety measures in ClinicalQA
ChatGPT-4 Almanac answer with retrlev_al augmented dataset in contrast to Bard (76.80%). 40)
generation
. Medical knowledge question and Achieved a higher accuracy of 86.5% in MedQA answer accuracy
PalM2 Med-PaLM2 answer compared to ChatGPT-4 (81.4%). 4
Medical knowledge question and Achieved a higher accuracy of 0.517 in USMLE scores compared to
L) e answer LLaMA-7B (0.201). 42)
Medical knowledge question and ) o .
Vicuna MedEdit answer with retrieval-augmented Demonstrated a higher accuracy of 48.54? in MedQA-USMLE 83)
! compared to BERT (34.3%).
generation
Studies with specificity augmentation
) ) ) ) Demonstrated a higher disease prediction accuracy in MIMIC-3 dataset
15 EHR-KnowGen Multimodal diagnosis compared to baselines including LLaMA, GPT-2, T5. 44)
*GPT-3
*GPT-J Information extraction from clinical Showed higher precision and F1 score in extracting phenotypic
PhenoGPT . ; o 4 45)
+Falcon texts information from clinical notes compared to baseline models.
sLLaMA
cup - Obtained a higher BERTScore of 0.864 in diagnostic tasks based on
ChatGPT-3.5 CLIPSyntel Multimodal diagnosis multimodal symptom datasets consisting of images and texts, 46)
) compared to LLaMA2 (0.822).
Achieved higher accuracy (0.986) in the prediction of diagnosis-related
LLaMA DRG-LLaMA  Prediction of diagnosis-related group group compared to the competing model ClinicalBERT (MACRO-AUC 47)
0.979).
. Diagnosis with Retrieval-Augmented Achieved a higher accuracy of 0.833 in symptom text-based diagnosis
LLaMA Health-LLM Generation based on the IMCS-21 dataset compared to ChatGPT-4 (0.680). 48)
T q . q q e § Certified the appropriateness of diagnostic conclusions at an 80% level
MiniGPT-4 SkinGPT-4 Multimodal diagnosis in dermatology based on a survey of dematology specialists (150 cases). 49)
+Showed superior diagnostic accuracy over primary care physicians.
h ) *Rated superior to primary care physicians in 87.5% of the criteria
PalM2 AMIE Diagnosis evaluated by specialist physicians and in more than 90% of the criteria 20
evaluated by patient actors.
LLaMA2 RadOnc-GPT Question and answer in Radiation Achieved a higher Rouge score of 0.7026 in the radiotherapy treatment 51)

Oncology planning compared to LLaMA2 (0.4271).
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Table 2. Current Status of Generative Large Language Model Applications in East Asian Medicine Research
Base Model Model Name Purpose Research Results Reference
Studies with basic models
+Performed variably across different types of TCM questions (TCM-QA),
ChatGPT-35 Evaluation of ChatGPT-3.5 on TCM achieving the highest precision in true or false format (0.688) and the lowest 52)
: knowledge in multiple-choice scenarios (0.241).
+Showed better results with Chinese language prompts compared to English.
+61% of drug consultation responses for the general public were deemed
Assessment of accuracy and appropriate by experts
ChatGPT-3.5 ) approprlateneizslnogsr:g consultation +50% of responses regarding potential interactions between aspirin and eight >3)
P herbs were judged inappropriate.
+ChatGPT-4 was capable of generating a significantly larger number of
ChatGPT-3.5/4 Evaluation of ChatGPT as a support acupuncture point suggestions (9.0+1.1) compared to ChatGPT-3.5 (5.3+0.6). 54)
: tool in acupuncture education +Suggested that while ChatGPT may be utilized as an educational tool in
acupuncture, it cannot replace traditional diagnostic methods.
Evaluation of safety and suitability of +No statistically significant difference between expert evaluation scores of
satety y prescriptions generated by ChatGPT-4 and humans.
ChatGPT-4 - TCM prescriptions generated by Duri : o Pl 55)
+During the Turing test, 51.11% of the prescriptions generated by the model
ChatGPT-4 . .
were incorrectly judged as human-made.
ChatGPT-4 ) Exploration of ChatGPT-4's Through prompt engineering techniques, the accuracy for the Korean 56)
knowledge in Korean medicine medicine national licensing exam improved from 51.82% to 66.18%.
ChatGPT-4 demonstrated examples of providing overviews on complementary and alternative medicine
ChatGPT-4 - interventions, suggested as a useful tool for clinicians and medical consumers to obtain generalized clinical 57)
information.
?gﬁ;?gg{is sIntroduced CMExam as a benchmark dataset for evaluating and improving
«ChatGLM Evaluation of LLMs on TCM the medical question-answering capabilities of LLMs.
LLaMA - e *Revealed that ChatGPT-4 outperformed ChatGPT-3.5, ChatGLM, and 58)
-Alpaca 9 fine-tuned ChatGLM, achieving an accuracy of 53.5% in TCM and 45.4% in
Vicuna Traditional Chinese Pharmacy.
+ChatGPT-3.5/4
»Claude-2 LLMs developed by Chinese companies significantly outperformed those b
+Gemini-pro Comparative evaluation of LLMs on W ped Dy ith Chi P el 9 hievi Y outp ¥ 59
«Ernie Bot - TCM  knowledge estern companies, wit inese models achieving an average accuracy o )
78.4% compared to 35.9% for Western models.
*Qwen-max
*GLM-4
+Showed superior performance in entity and relationship extraction tasks
iFLYTEK Spark q compared to ChatGPT, especially when optimized with few-shot learning
Cognitive Large - Gl o rg ThCM ol techniques and self-verification strategies. 60)
Model grap +Enhanced the extraction and organization of TCM knowledge into a
knowledge graph.
Described how large language models, including ChatGPT, can be utilized in Korean medicine education for
- - personalized learning plans, provision of learning materials, knowledge integration and curriculum development, 61)
automation of student evaluations, virtual patient simulation practices, and research activities.
Studies with generality augmentation
«Effectively identified and classified various aspects of traditional Chinese
medicine prescriptions and case data from the Song Dynasty.
Identification and analysis of Song  «Showed high accuracy in distinguishing between effective and ineffective
ChatGPT-3.5 - Dynasty medical prescriptions and prescriptions, with improvements noted as more data samples were included. 62)
case data *Helped analyze disease stages and medication strategies through data
mining and frequency statistics, notably identifying warm-natured drugs as
predominant in treating phlegm.
Demonstrated a significant improvement in generating specialized responses
LLaMA2 Zhongjing Enhancement of TCM knowledge in the field of TCM, achieving a 649 TCMEval Score increase over the 63)
baseline model, Chinese-LLaMA2.
Showed superior performance in the field of TCM compared to ChatGPT-3.5,
Chinese-LLaMA Qibo Enhancement of TCM knowledge  Chinese-LLaMA, BenTsao, DoctorGLM, HuatuoGPT, and Zhongjing, achieving 64)
the best results in both subjective and objective assessments.
Receive_)d expert evauation scores surpassing ChatGP_T—3.5, ChatG_PT—4, and
ChatGPT-4 Prompt-RAG Retrieval-augmented generation embedding vector-based retrieval-augmented generation models in terms of 65)
relevance and informativeness for responses to Korean medicine-related
questions.
Achieved 29% accuracy (17% improvement over BLOOM-7B) and 26%
. DT Development of a general-purpose accuracy (12% improvement over BLOOM-7B) in two experiments requiring
BLOOM-78 TCM-GPT-78 TCM model TCM knowledge (diagnosis/formulation) responses and clinical diagnoses, 66)
respectively.
Baichuan-78 MedChatzH TCM knowledge question and  Significantly outperformed LLaM_A—Med and Ch_atGLM—Med in real-world TCM 67)
answer medical QA scenarios.
Outlined the significant potential to innovate diagnosis and treatment methods by integrating large language
- - models with TCM, encompassing fine-tuning, and reinforcement learning to enhance intelligent TCM diagnosis and 68)
treatment research.
Studies with specificity augmentation
RoBERTa . . . . - .
_ - ’ Achieved higher performance in F1 metric for TCM prescription generation
UnilM ROKEPG TCM prescription generation compared to baselines (GPT-2, BART, T5, etc). 69)
Personalized TCM prescription The accuracy for converting clinical symptom descriptions into prescription
BART - recommendations and clinical texts for the top 5, 10, 15 herbs selection base units was 58.60%, 53.79%, and 70)
decision support 49.67%, respectively, exceeding baseline models (BILSTM, CPT, GPT-2).
Relation extraction for acupoint Demonstrated superior performance across all metrics (precision, recall, and
ChatGPT-3.5 locations P F1 score) compared to other models like BioBERT, LSTM, pre-trained 71)
ChatGPT-3.5 and ChatGPT-4.
- Development of an TCM epidemic Achieved top scores on Chinese-alpaca-plus, ChatGLM series, BLEU (2, 3, 4),
CiiieiLy] HpleneC T disease-specific model ROUGE-L, METEOR metrics in TCM epidemic disase prescription generation. e
+Outperformed 4 LLMs (Chinese-LLaMA-7B, Chinese-Alpaca-7B, Qwen-7B,
Generation of Chinese patent Baichuan-7B) in BLEU, ROUGE, and BARTScore metrics.
ChatGLM-68  CPMI-ChatGLM medicine instructions +Demonstrated the best SUS (Safety, Usability and Smoothness) scores by 3)
human evaluation, compared to the 4 LLMs.
ChatGLM ChatGLM2-6B (fine-tuned) and ChatGLM-6B (fine-tuned) achieved the highest
ChatGLM-2 = Classification of TCM formula classification accuracies of 71% and 70%, respectively, surpassing other 74)
models such as ChatGLM-130b, ChatGPT, InternLM-20b.
- 12, . . Showed overall expert evaluation scores surpassing baseline models (including
Ziya LL?/’\{lA 138 Huang-Di TCM original text question and BXF (@], ShenNong-TCM, TCMLLM) in various fields of ancient TCM 75)

answer

knowledge question and answer.

Abbreviation: TCM, Traditional Chinese medicine; LLM, Large Language Model.
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Fig. 3. Application and future outlook of generative large language
models in East Asian medicine.
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