Supplementary Table 1 Appraisal of representative studies cited in “Applications of LLMs in Anesthesiology”

	Title
	Author (year)
	Study design
	LLM
	Sample/size
	Key finding(s)
	Restrictive Factors

	Diagnostic reasoning prompts reveal the potential for large language model interpretability in medicine
	Savage T et al. (2024)
	Systematic prompt engineering and evaluation
	GPT-3.5 and GPT-4
	Modified MedQA USMLE (United States Medical Licensing Exam) dataset (613 questions); NEJM (New England Journal of Medicine) case series (310 cases)
	Diagnostic reasoning prompts can improve interpretability of LLMs in medicine
	Investigation was limited to only GPT-3.5 and GPT-4, US-centric question sets, and the English language

	Clinical decision support for bipolar depression using large language models
	Perlis RH et al. (2024)
	Guideline-augmented prompting and evaluation
	GPT-4
	Sets of clinical vignettes reflecting bipolar depression (50 sets)
	Integrating treatment guidelines can boost LLM decision support
	Potential bias of critical information omitted from the vignettes

	Outpatient reception via collaboration between nurses and a large language model: a randomized controlled trial
	Wan P et al. (2024)
	Fine-tuning + site-prompt templates and evaluation
	SSPEC based on GPT-3.5
	Real-world conversation audio corpus for LLM development (35,418 cases); Patients for RCT (2,164)
	Nurse-LLM collaboration can improve satisfaction, reduce negative emotions, enhance efficiency
	Low-stakes clinical scenario of outpatient reception tasks

	Large Language Model Capabilities in Perioperative Risk Prediction and Prognostication
	Chung H et al. (2024)
	Systematic prompt engineering and evaluation
	Models based on GPT-4
	Task-specific datasets, each with 1000 cases with the exception of unplanned admission, which had 949 cases, and hospital mortality, which had 576 cases
	Current generation LLMs may be able to assist clinicians with perioperative risk stratification in classification tasks but not numerical prediction tasks.
	Dataset/task heterogeneity; true performance of the model against the real-world prevalence of outcomes requires further investigation

	ClinicalBERT: Modeling Clinical Notes and Predicting Hospital Readmission
	Huang K et al. (2019)
	Pre-training + fine-tuning and evaluation
	ClinicalBERT based on BERT
	MIMIC-III dataset (58,976 hospital admissions from 38,597 patients, 2,083,180 de-identified notes associated with the admissions)
	After fitting the private HER dataset available at the practitioner’s institution, ClinicalBERT can be used for downstream clinical tasks
	MIMIC-III dataset used in the model is small compared to the large volume of clinical notes available internally at hospitals

	BioBERT: a pre-trained biomedical language representation model for biomedical text mining
	Lee J et al. (2019)
	Pre-training + fine-tuning and evaluation
	BioBERT based on BERT
	PubMed abstracts (4.5B words), PMC full-text (13.5B); 9 NER, 3 RE, 3 QA datasets
	BioBERT can achieve outperformance on biomedical biomedical named entity recognition, biomedical relation extraction, and biomedical question answering
	Evaluation focused on benchmark datasets, not real-world clinical deployment

	BioMedBERT: A pre-trained biomedical language model for QA and IR
	Chakraborty S et al. (2020)
	Pre-training + fine-tuning and evaluation
	BioMedBERT based on BERT
	BREATHE v1.0 (6,130,763 articles, 4.1B words); 6 NER, 2 RE, 4 QA datasets
	BioMedBERT can achieve state-of-the-art results when fine-tuned on Question and Answering datasets, and also produces impressive performances on other language tasks such as Named Entity Recognition and Relation Extraction
	Evaluation focused on benchmark datasets, not real-world clinical deployment

	Domain-Specific Language Model Pretraining for Biomedical Natural Language Processing
	Gu Y et al. (2021)
	Pre-training from scratch+ fine-tuning and evaluation
	PubMedBERT based on BERT
	Pubmed abstracts (14 million abstracts, 3.2B words, 21GB); BLURB datasets (13 datasets)
	Domain-specific pretraining from scratch can outperform mixed-domain pretraining; BLURB is a comprehensive benchmark for biomedical NLP featuring a diverse set of tasks; there is a leaderboard of state-of-the-art biomedical BERT models based on BLURB
	Evaluation focused on benchmark datasets, not real-world clinical deployment; computational cost of from-scratch pretraining is high

	BioGPT: generative pre-trained transformer for biomedical text generation and mining
	Luo R et al. (2022)
	Pre-training from scratch + fine-tuning and evaluation
	BioGPT based on GPT-2
	PubMed items with title and abstract (15M); dataset of text generation/mining tasks: BC5CDR, KD-DTI, DDI, PubMedQA, HoC, HoC, SciDocs
	BioGPT can achieve state-of-the-art results on four benchmarks: BC5CDR, KD-DTI and DDI end-to-end relation extraction task, and PubMedQA question answering task; BioGPT has betterthe capability of biomedical text generation compared with standard GPT trained on general domain
	Evaluation limited to benchmark datasets; no real-world clinical deployment

	Advancing Multimodal Medical Capabilities of Gemini
	Yang L et al. (2024)
	Fine-tuning and evaluation
	Med-Gemini family (Med-Gemini-2D, 3D, Polygenic) based on Gemini 1.5 Pro vision encoder
	7 million data samples from 3.7 million medical images and cases; 22 datasets across 5 different types of clinically relevant tasks
	Med-Gemini sets new standard for AI-based chest X-ray report generation (expert-evaluated), enables first 3D CT report generation, outperforms PRS baselines in disease risk prediction, demonstrates strong cross-modal medical reasoning
	Evaluation focused on benchmark datasets; limited real-world clinical validation; no public model release due to safety concerns; 3D report generation still needs to improve in quality; potential data contamination in zero-shot evaluation

	Assessments of lung nodules by an artificial intelligence chatbot using longitudinal CT images
	Mao Y et al. (2025)
	Prompt-based evaluation
	GPT-4o
	647 patients
	GPT-4o has the capability to emulate the ability of radiologists to monitor lung nodule characteristics and sizes and estimate the probability of malignancy using longitudinal CT follow-up images
	Single-domain (pulmonary nodules); CT scan was analyzed as a separate video input, potentially lead to lower efficiency & decoding errors; need to further compare GPT-4o with a broader range of DL models

	Multimodal ChatGPT-4V for Electrocardiogram Interpretation: Promise and Limitations
	Zhu L et al. (2024)
	Prompt-based evaluation
	ChatGPT-4V
	62 ECG-related questions from various question banks; 19 diagnostic-related questions converted to open-ended questions
	ChatGPT-4V can analyze ECGs to some extent and can even make treatment decisions based on the EGC but has limited stability and reliability
	Small question set; no real-world validation; model not ECG-specifically trained limited stability and reliability

	Effectiveness of the GPT-4o Model in Interpreting Electrocardiogram Images for Cardiac Diagnostics: Diagnostic Accuracy Study
	Engelstein H et al. (2025)
	Diagnostic accuracy study with embedded zero-shot vs. few-shot prompt engineering experiments
	GPT-4o
	80 ECG cases
	GPT-4o can effectively differentiate normal from abnormal ECGs, suggesting its potential as an accessible artificial intelligence–assisted triage tool, but is limited in diagnosing specific cardiac conditions
	Small retrospective set; no clinical context supplied; multiclass performance remains too low for safe deployment

	Artificial Intelligence-Based Automated Interpretation of Images of Electrocardiograms: Development and Multinational Validation of ECG-GPT
	Khunte A et al. (2025)
	Vision encoder–decoder development and  evaluation
	ECG-GPT based on BEiT encoder + GPT-2 decoder
	2.9 million ECGs; 3.8 million ECGs across temporally and geographically distinct datasets
	ECG-GPT enables automated, expert-level ECG interpretation directly from images, eliminating the need for signal data or device integration
	Unknown generalizability to every other novel ECG image format; Model weights not publicly released

	Transfer learning enables predictions in network biology
	Theodoris CV et al. (2023)
	Pre-training + fine-tuning and evaluation
	Geneformer
	29.9 million human single-cell transcriptomes (Genecorpus-30M); task-specific data for fine-tuning
	Geneformer represents a pretrained deep learning model from which fine-tuning towards a broad range of downstream applications can be pursued to accelerate discovery of key network regulators and candidate therapeutic targets
	Experimental validation only in cardiac microtissues

	Autonomous chemical research with large language models
	Boiko DA et al. (2023)
	Multi-LLMs-based intelligent agent construction and evaluation
	Coscientist driven by GPT-4
	7 synthesis-planning test compounds; Suzuki reaction dataset, Buchwald–Hartwig reaction dataset
	Coscientist can autonomously design, plan and perform experiments by incorporating large language models empowered by tools such as internet and documentation search, code execution and experimental automation
	Manual plate transfer (not yet fully automated); code/data withheld

	Effectiveness of generative artificial intelligence-based teaching versus traditional teaching methods in medical education: a meta-analysis of randomized controlled trials
	Li J et al. (2025)
	Meta-analysis
	/
	/
	While theoretical knowledge acquisition remains comparable between teaching modalities, GAI demonstrated significant advantages in practical skill development and student engagement
	Small individual study samples; heterogeneity; lack of comprehensive documentation regarding randomization procedures and blinding protocols

	Status and perceptions of ChatGPT utilization among medical students: a survey-based study
	Hu N et al. (2025)
	Cross-sectional questionnaire survey
	/
	1,133 participants
	Medical students value ChatGPT for study and problem-solving, remain wary of misinformation and plagiarism, yet are broadly willing to integrate it into their academic and future clinical workflows.
	Insufficient representativeness of the convenience sample
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	Dimension
	Scratch training
	Prompt engineering
	Fine-tuning

	Accuracy potential
	Highest; maximal domain fit
	Moderate; base-model & prompt dependent
	High; close to scratch training on the target task

	Data & compute
	Large-scale multi-center corpora; cluster-scale GPUs
	Minimal new data; uses existing model
	Moderate perioperative corpora; 1-2 GPUs for PEFT

	Cost
	Highest
	Lowest
	Low-moderate

	Maturity
	Few precedents in healthcare
	Common in pilots; easy to iterate
	Widely reported; balanced accuracy/effort

	Anesthesiology fit (examples)
	Custom anesthesia LLM; multimodal integration (images/monitoring)
	Guideline-grounded Q&A; consent/education drafts
	Perioperative documentation; risk tools; waveform screening



