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Large language models (LLMs) have emerged as transformative tools with significant potential across healthcare 

and medicine. In clinical settings, they hold promises for tasks ranging from clinical decision support to patient 

education. Advances in LLM agents further broaden their utility by enabling multimodal processing and multi- 

task handling in complex clinical workflows. However, evaluating the performance of LLMs in medical contexts 

presents unique challenges due to the high-risk nature of healthcare and the complexity of medical data. This 

paper provides a comprehensive overview of current evaluation practices for LLMs and LLM agents in medicine. 

We contributed 3 main aspects: First, we summarized data sources used in evaluations, including existing medical 

resources and manually designed clinical questions, offering a basis for LLM evaluation in medical settings. Sec- 

ond, we analyzed key medical task scenarios: closed-ended tasks, open-ended tasks, image processing tasks, and 

real-world multitask scenarios involving LLM agents, thereby offering guidance for further research across dif- 

ferent medical applications. Third, we compared evaluation methods and dimensions, covering both automated 

metrics and human expert assessments, while addressing traditional accuracy measures alongside agent-specific 

dimensions, such as tool usage and reasoning capabilities. Finally, we identified key challenges and opportunities 

in this evolving field, emphasizing the need for continued research and interdisciplinary collaboration between 

healthcare professionals and computer scientists to ensure safe, ethical, and effective deployment of LLMs in 

clinical practice. 
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. Introduction 

In recent years, the emergence of large language models (LLMs) has

atalyzed transformative advancements across diverse domains, span-

ing from natural language understanding to content generation. These

odels, with expanding capabilities, are increasingly finding integra-

ion into a wide spectrum of applications [ 1–3 ]. Notably, researchers

ave begun exploring their potential in the medical field [ 4 , 5 ] from

iding clinical decision-making to enhancing patient education and en-

agement [ 6 ]. 

Due to the limitations of general LLMs in medical applications, par-

icularly in tasks like interpreting medical images or grasping clini-

al context [ 7 , 8 ] some studies have developed LLMs tailored specifi-

ally for medical applications, significantly improving their ability to
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ddress various tasks [ 4 , 9–12 ]. Additionally, in response to the mul-

imodal, multitask demands of real-world medical needs, recent stud-

es have developed artificial intelligence (AI) agent systems driven by

LMs, referred to as LLM agents. These systems use LLMs as the “brain ”

nd integrate various expert AI models as tools, enabling them to au-

onomously understand user instructions, make decisions, and select ap-

ropriate tools to perform complex medical tasks. However, traditional

I evaluation methods based on single tasks and single dimensions are

o longer sufficient to meet the new demands posed by the rapid de-

elopment and increasing generality of medical LLMs and LLM agents.

irst, data bias remains a significant challenge. Some datasets are drawn

rom specific domains or populations, potentially misrepresenting real-

orld performance [ 13 ]. Second, evaluations across diverse healthcare

pplications are often broad but lack depth [ 14 ], failing to differenti-
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Figure 1. Illustration of the potential LLM evaluation framework in medicine. LLM: large language model. 
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te the strengths and weaknesses of LLMs in practical scenarios. Third,

rior evaluation methods primarily focus on accuracy [ 15 ], overlooking

ther critical attributes such as hallucination assessment, logical reason-

ng, and the likelihood of generating harmful content. As LLMs and LLM

gents evolve, it is essential to establish standardized evaluation criteria

nd benchmarks [ 16 ]. 

This paper aims to provide a comprehensive overview of the land-

cape of medical LLM and LLM agent evaluation ( Figure 1 ), synthesizing

nsights from existing studies and addressing key challenges and oppor-

unities. Specifically, we first provide a broad perspective on their ca-

abilities and challenges through exploration of data sources and task

cenarios. Second, we synthesize diverse evaluation methodologies em-

loyed in medical LLM evaluation, from objective accuracy metrics to

ore nuanced human-centric evaluations, as well as traditional and LLM

gent-specific evaluation dimensions. Third, key challenges and oppor-

unities in medical LLM and LLM agent evaluation were identified to

nderscore the need for continued research and innovation in the field.

y providing a coherent understanding of the latest techniques in med-

cal evaluation of LLMs and LLM agents, we hope to offer conceptual

dvancements to facilitate the responsible integration of LLMs into med-

cal practice. 

. Methods 

This research followed the systematic review guidelines set forth

y the Preferred Reporting Items for Systematic Reviews and Meta-

nalyses. A systematic search was carried out across PubMed, Google

cholar, and Web of Science databases for peer-reviewed journal ar-

icles and conference proceedings published between 1 January 2023

nd 13 November 2024. Specific keywords were employed, including

Large Language Model, ” “ChatGPT, ” “AI Agent, ” “LLM Agent, ” “Med-

cal, ” “Medicine, ” “Evaluation ” and “Assess. ” Studies were included if

hey had applied LLMs in the medical field and performed an adequate

ssessment of their performance. Studies were excluded if they were

ot relevant to the medical application or demonstrated methodologi-

al limitations, particularly those lacking formal evaluation protocols,

tatistical validation, or sample sizes smaller than 20. Representative

tudies from different task scenarios as well as evaluation methods were

elected and cited as examples. To minimize recency bias and capture

merging work, an updated search was conducted on 25 February 2025,

dentifying 5 additional eligible peer-reviewed articles and 4 relevant

reprints meeting inclusion criteria. After filtering, a total of 256 stud-

es were included in the literature review (Supplementary Figure 1). 
152
. Data sources 

Before applying LLMs in medical applications, a thorough evalua-

ion of the LLMs is crucial. The complexity and diversity of medical

ata pose a significant challenge when constructing appropriate test

ets. Currently, such datasets can be broadly divided into 2 main cat-

gories: existing medical resources and manually curated question sets.

.1. Existing medical resources 

Medical examinations, designed to assess the competency of health-

are professionals, offer readily available benchmark datasets. These ex-

ms, crafted through generations of expertise and accompanied by stan-

ardized answers, provide a substantial volume of validated material

or evaluating LLMs. Diverse medical exams from different countries

ave been used to assess LLMs’ general medical knowledge capabilities,

ncluding the United States Medical Licensing Examination (USMLE)

 13 , 17 ], the National Medical Licensing Examination in China [ 18 ], the

ational Pharmacist Licensing Examination in China, National Nurse Li-

ensing Examination in China [ 19 ], Chinese Master’s Degree Entrance

xamination [ 20 ] and more. For more focused assessment in specific

ubspecialties in medicine, exams such as the Ophthalmic Knowledge

ssessment Program examination [ 21 ], the Basic Science and Clinical

cience Self-Assessment Program [ 22 ], the oral and written board ex-

minations for the American Board of Neurological Surgery (ABNS)

 23 ], Otolaryngology-Head and Neck Surgery Certification Examina-

ions [ 24 ], the Royal College of General Practitioners Applied Knowl-

dge Test [ 25 ], European Board of Radiology exam [ 26 ], and others are

tilized. These datasets provide a wealth of data aligned with specialty

nowledge and practices for the assessment of the depth and breadth of

nowledge possessed by LLMs. 

In addition to examinations, medical literature serves as an impor-

ant knowledge repository, including peer-reviewed journal articles and

onference papers [ 27–29 ]. These databases offer cutting-edge medi-

al insights and research findings, contributing to assessing whether the

LM is adept at rapidly updating medical knowledge. 

.2. Manually curated questions 

While the range of exam questions and academic materials is exten-

ive, their ability to reflect the dynamic capabilities required for real-

orld interactions remains limited. Therefore, some studies have turned
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Figure 2. Summary of data sources and evaluation dimensions related to different task scenarios in LLM medical evaluation. LLM: large language model; EHR: 

electronic health record; OSCE: objective structured clinical examination. 
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k  
o the use of real-world data, manually created or collected by health-

are professionals for evaluation. For instance, Singhal et al [ 4 ] pro-

osed MultiMedQA as the evaluation dataset for evaluating their devel-

ped models. Other studies leveraged real-world interactions and dis-

ussions from medical forums and social media to evaluate the conver-

ational and consultative skills of LLM [ 30–32 ]. Medical images, such as

-rays, magnetic resonance imaging (MRI), computed tomography (CT)

n radiology [ 33 ], fundus photographs, fundus fluorescein angiography

FFA), and optical coherence tomography (OCT) images in ophthalmol-

gy [ 34 ], are essential for tasks like disease diagnosis and image analy-

is. These clinically derived image data often come with expert medical

eports and are crucial resources for constructing multimodal datasets,

hus facilitating the testing of LLMs’ ability to handle complex visual

nd textual information. 

However, collecting appropriate data can be challenging due to

carce resources in certain disciplines, as well as ethical considerations

nd data privacy issues. In response, some studies have turned to expert-

rafted questions carefully formulated based on clinical expertise [ 35–

7 ]. For example, Marshall et al [ 38 ] have constructed datasets centered

round symptoms, examinations, and treatments of uveitis to evaluate

hatGPT’s proficiency in handling specialized content. Another study

nvolved collaboration with a panel of 8 board-certified clinicians and 2

ealthcare practitioners, who generated a dataset of 314 clinical ques-

ions spanning 9 medical specialties, to assess the performance of LLMs

 39 ]. Although these approaches may result in datasets with a limited

umber of questions, they provide highly specialized and practical in-

ights into LLMs, reflecting the nuanced understanding required in real-

orld clinical practice. Additionally, the manual creation of test ques-

ions guarantees their exclusion from the training data, ensuring its in-

egrity and preventing contamination. 

. Task scenarios 

With the rapid development of LLMs, they have demonstrated exten-

ive application prospects in the medical field. The evaluation protocol

f the models varies depending on the specific nature of each task. This

ection aims to review the recent advancements of evaluating LLMs in
153
ifferent medical scenarios, particularly focusing on tasks such as medi-

al closed-ended tasks, open-ended medical question answering (QA),

mage processing, and real-world multitask scenarios based on LLM

gents. Figure 2 demonstrates the main data sources and evaluation di-

ensions related to different task scenarios in the medical evaluation

f LLMs and LLM agents. Supplementary Table 1 summarized the major

tudies on the evaluation of LLMs and LLM agents in different scenarios.

.1. Closed-ended tasks 

Closed-ended medical questions are commonly used in medical ed-

cation. Compared to open-ended questions, closed-ended questions

ypically have definite answers, reducing the possibility of subjective

udgment ( Figure 3 ). This enables easy quantification of the perfor-

ance of LLMs on multiple-choice questions (MCQ), making them suit-

ble for large-scale evaluation and comparison between different mod-

ls. For instance, Royer et al [ 16 ] developed an open-source evalua-

ion toolkit called MultiMedEval to comprehensively assess the perfor-

ance of LLMs on medical MCQ tasks. They conducted experiments on

 datasets covering a wide range of medical domains, including gen-

ral medical knowledge, radiological image interpretation, and yes/no

uestions from literature. They compared the performance of closed-

ource and open-source models based on the bilingual evaluation under-

tudy (BLEU) scores. Liu et al [ 40 ] evaluated models such as GPT-4 on

he CMedExam dataset and found that its 61.6% accuracy was still sig-

ificantly lower than human level (71.6%). The limitations mentioned

bove can be primarily attributed to the insufficient coverage of medi-

al domain knowledge by LLMs, their limited understanding of profes-

ional medical terminology, and the inadequacies of current evaluation

etrics. Li et al [ 20 ] assessed ChatGPT’s reliability and practicality in

edical education by testing its performance on the 2021–2023 Chinese

aster of Clinical Medicine comprehensive exams. The results found

hat both ChatGPT-3.5 and ChatGPT-4 passed the admission threshold

ut showed biases, with high accuracy in humanities subjects (93.75%)

nd lower accuracy in pathology (37.5% for ChatGPT-3.5). 

Another reason for using MCQs in evaluating LLMs is the broad

nowledge coverage of existing datasets. These datasets span a wide
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Figure 3. Examples of closed-ended tasks and various open-ended tasks. 
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ange of topics and difficulty levels, making them valuable resources

or constructing domain-specific datasets. This is particularly advan-

ageous when assessing the performance of language models in spe-

ialized fields, such as medicine, where comprehensive evaluation re-

uires testing across diverse knowledge areas. Suchman et al [ 41 ] eval-

ated the performance of GPT-3 and GPT-4 on the American College

f Gastroenterology self-assessment tests. A score of 70% or higher is

enerally required to pass the evaluation. However, ChatGPT-3.5 and

hatGPT-4 scored 65.1% and 62.4%, respectively, both failing to meet

he passing threshold. Therefore, ChatGPT is currently not suitable for

astroenterology medical education in its present form. Bhayana et al

 42 ] evaluated ChatGPT’s performance on radiology board-style exam

uestions without images. ChatGPT correctly answered 69% of the ques-

ions, essentially passing the exam. Gupta et al [ 43 ] evaluated ChatGPT’s

erformance on the Plastic Surgery Inservice Training Examination to

etermine if it could serve as an assistive tool for resident education.

he model achieved an accuracy of 54.95% on this task. By testing

hatGPT’s performance on various questions related to general knowl-

dge, information clarification, case-based learning, and evidence-based

edicine promotion, the results suggest that ChatGPT could potentially

ecome an effective tool for plastic surgery resident education. 

Despite closed-ended questions providing an objective and quantifi-

ble means to evaluate LLMs’ medical knowledge, there are limitations,

ncluding a focus on procedural knowledge, a lack of deep assessment

f complex situations, and a failure to reflect the models’ performance

n real-world scenarios. Li et al [ 44 ] found that LLMs showed sensitivity

o answer positions in bilingual MCQs, especially a tendency to choose

nswers located in the first position, revealing potential biases, suggest-

ng that current MCQ benchmarks may not accurately reflect the true

apabilities of LLMs. Therefore, a comprehensive evaluation framework

hould include both closed-ended and open-ended tasks to assess the full

apabilities and limitations of medical LLMs. 

.2. Open-ended tasks 

Open-ended tasks refer to generating answers diversely. Compared to

he MCQ tasks that have only a few simple and mechanical answers like

yes or no, ” open-ended tasks require improved natural language pro-

essing (NLP) ability and feasibility of LLMs to fully express opinions
154
 Figure 3 ). For this reason, the evaluation dimensions become more

omplicated in open-ended tasks accordingly. In medical fields, there

re 3 main open-ended tasks: summarization, information extraction,

nd medical QA. 

.2.1. Summarization 

Text summarization related to the medical field requires extract-

ng key information from various medical data sources, such as med-

cal literature and electronic health records (EHRs), and then generat-

ng a short, concise summary of the given medical text. LLMs can help

ummarize medical research evidence [ 45 , 46 ]. Tang et al [ 29 ] investi-

ated the capabilities and limitations of LLMs in summarizing reviews

cross 6 clinical domains. Automatic metrics were used to assess the

exical and semantic similarity, and human evaluation was conducted

n coherence, factual consistency, comprehensiveness, and harmful-

ess. The finding revealed that LLMs could be susceptible to generat-

ng incorrect information and lead to potential harm due to misinfor-

ation. Hake et al [ 47 ] evaluated ChatGPT’s ability to summarize ab-

tracts from more types of clinical research, such as case series, obser-

ational studies, randomized controlled trials (RCT), and more. They

olely relied on human assessment, encompassing quality, accuracy,

ias, and relevance, and showed LLMs’ acceptable performance in these

spects. 

As for summarizing EHRs, LLMs have the potential to be applied in

enerating medical text to ease the documentation burden for physi-

ians [ 48–50 ]. Dubinski et al [ 51 ] investigated the time consumption

nd factual correctness of neurosurgical discharge summaries and op-

rative reports ChatGPT generated. The result showed significant time

eduction and a high degree of factual correctness with the assistance

f ChatGPT. Zaretsky et al [ 52 ] further assessed the ability of LLMs to

ransform discharge summaries into patient-friendly language and for-

at from readability, accuracy, and completeness. These findings sug-

ested that despite not being perfect and containing a few inappropriate

missions or insertions, LLMs have the potential to enhance the effi-

iency of generating medical documents. In addition to generating dis-

harge summaries and various other documents, EHRs play a crucial role

n medical examination reports, which often involve complex terminol-

gy. LLMs can summarize the key information and convey the message

n plain language. Lyu et al [ 53 ] and Chung et al [ 54 ] evaluated Chat-

PT’s performance in summarizing radiology reports, including CT and

RI. Lyu et al [ 53 ] assessed completeness and correctness while Chung

t al [ 54 ] assessed readability, factual correctness, ease of understand-

ng, completeness, potential for harm and overall quality. They demon-

trated the novel feasibility of using LLMs to generate patient-friendly

ummaries of radiology reports. Van et al [ 55 ] evaluated LLMs’ perfor-

ance in clinical text summarization across multiple tasks, including

adiology reports, patient questions, progress notes, and doctor-patient

ialogues from similarity, completeness, correctness, and conciseness.

hey provided evidence of LLMs outperforming medical experts in clin-

cal text summarization across multiple tasks. 

.2.2. Information extraction 

Information extraction is basic but essential in medical fields, espe-

ially in the biomedical domain. Numerous studies showed LLMs have

he potential to assist researchers or patients search and acquire knowl-

dge from a large amount of biomedical data. 

Named entity recognition (NER) is one of the information extraction

asks that involves identifying named entities such as genes, proteins,

iseases, and more, in the given input text. Many studies evaluated

LMs’ performances on this task in the first place [ 56 , 57 ]. Evaluation

etrics such as precision, recall, and F1 score were widely used in the

valuation of this task. In the EHR field, Gu et al [ 58 ] trained an LLM to

xtract and quantify stroke severity from EHR based on Chinese clinical

ER. This model demonstrated a high F1-score of 0.990, which ensured

he reliability of the model in accurately extracting the entities for the

ubsequent automatic NIHSS scoring. In addition, Guevara et al [ 59 ]
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a  
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sed LLMs to extract social determinants of health (SDoH) categories

rom real-world clinic notes. Their fine-tuned models achieved higher

1 scores than ChatGPT for most SDoH classes and highlighted the po-

ential of LLMs to improve real-world data collection and identification

f SDoH from the EHR. 

Relation extraction refers to extracting relations between named en-

ities in a given text, such as relations between genes and diseases,

r genes and proteins. Researchers also evaluate the performance of

LMs using statistical measures such as accuracy, precision, recall,

nd F1 scores. Most researchers evaluate LLMs on relation extraction

hrough datasets related to drug-drug interaction, chemical-disease rela-

ion, gene-disease associations [ 56 ] and drug-target interaction [ 57 , 60 ].

inquin et al [ 61 ] developed a fine-tuned generative pre-trained trans-

ormer model named ChIP-GPT, which was able to extract data from

iomedical database records, especially to identify cell lines and the

ene. ChIP-GPT demonstrates 90%–94% accuracy when trained with

00 examples. 

.2.3. Medical question answering 

Patients often have numerous questions and concerns about their

ealth. A number of studies evaluated LLMs’ open-minded responses

cross various disciplines, encompassing questions such as the concept

f disease, etiology, examination, diagnosis, prevention, treatment, and

are. The majority of LLMs’ evaluations concentrated on the reliability

f their responses, which may impact their healthcare decision to a great

xtent. 

The evaluation of LLMs in medical QA tasks involves diverse

ources of questions, including author-designed questions [ 62–64 ],

uestions from professional societies and institutions [ 65 , 66 ], social me-

ia [ 67 , 68 ] and validated real or simulated clinical patient cases [ 69–

1 ]. When it comes to specific applications in various clinical disci-

lines, clinicians paid more attention to the LLMs’ application in their

linical sub-specialty. Take ophthalmology, for example, Ali [ 72 ] eval-

ated ChatGPT’s performance on queries related to lacrimal drainage

isorders from correctness, but the performance of ChatGPT in this con-

ext, at best, can be considered average. The study highlighted that there

s a need for it to be specifically trained for individual medical subspe-

ialties. Potapenko et al [ 73 ] consulted ChatGPT for common retinal

iseases, including age-related macular degeneration, diabetic retinopa-

hy, retinal vein occlusion, retinal artery occlusion, and central serous

horioretinopathy and evaluated the accuracy of responses. ChatGPT

rovided highly accurate responses to most questions except for ques-

ions dealing with treatment options. Rasmussen et al [ 74 ] evaluated

he accuracy of responses to typical patient-related questions on ver-

al keratoconjunctivitis. The result also demonstrated that responses to

reatment/prevention questions obtained lower scores than the rest. 

The dimensions used to assess performance in medical QA tasks vary

cross the literature. However, relying solely on metrics like BLEU,

onsensus-based image description evaluation (CIDEr), recall-oriented

nderstudy for gisting evaluation (ROUGE), and others for automatic

valuation of these tasks has its limitations. Interestingly, a few stud-

es have employed GPT-4 to automatically evaluate responses of other

odels across multiple dimensions [ 75 ]. This introduced a novel and

ser-friendly automated assessment method. However, further explo-

ation is needed to determine the reliability and consistency of GPT-4

ompared to human assessments. Currently, human evaluation is nec-

ssary due to the inability to parse scripts to properly identify the cor-

ectness of responses with the latest updates in medical knowledge and

nalyze the implications of these responses for patients. In addition to

he crucial evaluation metric of accuracy or correctness, which is prior-

tized in most studies, there are other valuable evaluation metrics such

s completeness [ 31,64,65,67,68,76–80 ] and readability [ 64 , 76 , 77 , 81–

3 ]. Some studies have also examined relatively uncommon dimensions,

ncluding safety and humanistic care. Cadamuro et al [ 84 ] evaluated

hether the responses were safe, which referred to the potential nega-

ive consequences and detrimental effects of ChatGPT’s response on the
155
atient’s health and well-being. Menz et al [ 85 ] explored the issue of the

ecurity of LLMs when LLMs were prompted to generate health disinfor-

ation and measured whether safeguards of LLMs prevented the gen-

ration of health disinformation. This study found that inconsistencies

n the effectiveness of LLM safeguards to prevent the mass generation

f health disinformation. Yeo et al [ 68 ] and Zhu et al [ 64 ] paid atten-

ion to LLMs’ performance in emotional support (or humanistic care),

hich referred to offering psychological assistance to individuals facing

articular emotional distress when diagnosed with cancer or other dis-

ases. Their results showed that ChatGPT demonstrates empathy when

nswering patients’ questions. 

.3. Image processing tasks 

Medical diagnosis and treatment often rely on various types of im-

ges, including CT and MRI in radiology, as well as fundus photographs

nd OCT in ophthalmology. By jointly modeling image and text infor-

ation, LLMs can not only better understand the content of medical im-

ges but also generate diagnostic reports based on images. This section

ill review the evaluation progress of LLMs in medical image process-

ng tasks, including image classification, report generation, and visual

uestion answering (VQA). Examples of various image processing tasks

an be found in Figure 4 . 

.3.1. Image classification 

Medical image classification is a fundamental task for evaluating

he ability of LLMs to understand medical image content and iden-

ify disease patterns. This task demands strong feature extraction ca-

abilities from the model to distinguish subtle differences between

mages. Common performance metrics include accuracy, recall, preci-

ion, and F1-score. Royer et al [ 16 ] evaluated the multi-class/multi-

abel classification performance of LLMs using metrics such as F1, AU-

OC, and accuracy on 15 datasets, including MIMIC-CXR, Pad-UFES-

0, and CBIS-DDSM. The results showed that LLMs performed well

n different medical image tasks but still need improvement in rec-

gnizing fine-grained visual concepts. Van et al [ 86 ] compared LLMs

ike BiomedCLIP, OpenCLIP, OpenFlamingo, LLaVA, and ChatGPT-4

ith traditional convolutional neural network (CNN) models on med-

cal image classification tasks using brain MRI, blood smear microscopy

mages, and chest X-rays. Results indicated that while CNN models

xcelled due to specialized training, vision-language models (VLMs)

howed promise in zero-shot and few-shot scenarios without prior train-

ng. Wan et al [ 87 ] proposed the Med-UniC framework, which em-

loys cross-lingual text regularization techniques. This framework not

nly exhibits outstanding performance on multiple medical image clas-

ification datasets, such as CheXpert, RSNA, and COVIDx, but also

chieves remarkable results in zero-shot classification tasks. In the cross-

ingual evaluation on the CXP500 and PDC datasets, Med-UniC, uti-

izing both English and Spanish prompts, achieved an improvement

f over 20% in F1-scores, demonstrating its effectiveness and adapt-

bility when processing non-English community images and prompts.

hese results underscore the importance of reducing community bias to

nhance the diagnostic quality and task performance of the model in

linical applications. Moreover, these findings further highlight the ro-

ust feature extraction and cross-lingual understanding capabilities of

LMs. 

.3.2. Report generation 

Medical report generation aims to automate the process of gener-

ting diagnostic reports based on medical images. Given medical im-

ges, LLMs are required to generate diagnostic reports that conform to

linical norms, including major sections such as imaging findings, di-

gnostic opinions, and differential diagnoses. It requires not only ac-

urately extracting key findings from images but also standardized de-

criptions using professional terminology and reasoning about possible

iagnoses. 
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Figure 4. Examples of various image processing tasks. A. Image classification task: Chest X-ray showing pneumonia infection. B. Image classification task: Dermo- 

scopic images of melanoma. C. Image report generation task: Normal chest X-ray images. D, E. Visual question answering & Image segmentation tasks: Abdominal 

CT scans showing internal organs. 
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Currently, the evaluation on this task is mainly carried out on large-

cale radiology datasets such as IU X-Ray, MIMIC-CXR, and CX-CHR. A

eries of language metrics such as BLEU, ROUGE, metric for evaluation

f translation with explicit ordering (METEOR), and CIDEr are used to

omprehensively examine the fluency, relevance, and readability of the

enerated reports. Liu et al [ 88 ] evaluated the radiology report genera-

ion performance of GPT-4V. The results showed that the model could

enerate descriptive reports with structured prompts, but there is still

pace for improvement in the accuracy of generating specific medical

erms. Royer et al [ 16 ] systematically tested and demonstrated the abil-

ty of LLMs to generate diagnostic reports based on chest X-rays using

he MIMIC-CXR dataset. Wang et al [ 89 ] proposed the R2GenGPT model

nd validated its performance in radiology report generation. Lee et al

 90 ] constructed the LLM-CXR model and demonstrated its ability to

ccurately capture lesion characteristics, locations, and severity, closely

ligning with the input text. Both methods are promising solutions for
156
utomating and improving radiology reports, but no human evaluation

as been conducted. At the same time, some researchers have conducted

omprehensive evaluations of human-computer interaction. Chen et al

 91 ] introduced the ICGA-GPT model and assessed its ability to gener-

te ophthalmic reports through automated and manual evaluations. The

esults showed that ICGA-GPT achieved satisfactory scores in BLEU1-

, CIDEr, ROUGE, and semantic propositional image caption evalua-

ion metrics. Furthermore, subjective assessments conducted by oph-

halmologists indicated high accuracy and completeness scores for the

odel. 

.3.3. Visual question answering 

Medical VQA is a key task for evaluating the multimodal integra-

ion and reasoning capabilities of LLMs. In this task, given a medical

mage and related questions, LLMs need to comprehend the contextual

nformation of the questions and images and then generate answers that
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onform to clinical facts and logic. In contrast to image classification

nd report generation, VQA requires stronger cross-modal understand-

ng capabilities and higher demands on natural language expression.

dditionally, the open-ended nature of VQA questions demands that

he model possesses higher levels of creativity and flexibility, encom-

assing both image comprehension and extensive medical knowledge

eyond the image. This puts forward high requirements for the model

n terms of visual understanding, language analysis, knowledge reason-

ng, and other aspects, and is an important standard for examining its

nderstanding ability in medical scenarios. 

Due to the difficulty of medical VQA tasks, constructing large-

cale, high-quality datasets is crucial for evaluating model performance.

in et al [ 92 ] systematically reviewed representative datasets in this

eld. such as VQA-Med 2018, VQA-RAD, VQA-Med 2019, RadVisDial,

athVQA, VQA-Med 2020, SLAKE, and VQA-Med 2021. These datasets

over various medical domains, including radiology and pathology, pro-

iding a foundation for comprehensively evaluating the multimodal

nalysis capabilities of LLMs. Li et al [ 93 ] evaluated the capability of

PT-4V in medical VQA tasks. The results indicated that the model ex-

elled in distinguishing question types but did not meet existing bench-

arks in accuracy. The advantage lies in its strong language understand-

ng and question classification abilities, while the limitation is the under-

tilization of medical image information. However, some medical spe-

ialties, such as ophthalmology, still lack large-scale VQA datasets. Mi-

alache et al [ 15 ] evaluated the performance of the AI chatbot ChatGPT-

 in interpreting a dataset of multimodal ophthalmic images. The study

esults demonstrated that ChatGPT-4 performed well in the task of iden-

ifying types of ophthalmic examinations, achieving an accuracy rate of

0%. However, when it came to lesion identification, the model’s aver-

ge accuracy was only 65%, indicating the limitations of ChatGPT-4 in

ccurately recognizing and describing lesions from ophthalmic images.

u et al [ 7 ] tested the ability of the GPT-4V model on the VQA task

n datasets of multiple ophthalmic imaging modalities. The datasets in-

luded slit-lamp, scanning laser ophthalmoscopy, fundus photography,

CT, FFA, and ocular ultrasonography images. The results showed that

PT-4V performed well in the task of identifying ophthalmic examina-

ion types, with an accuracy of 95.6%. However, in terms of lesion iden-

ification, the model’s average accuracy was only 25.6%, indicating lim-

tations of GPT-4V in accurately identifying and describing lesions from

phthalmic images. Therefore, constructing high-quality VQA datasets

ithin each medical specialty is of great significance for comprehen-

ively evaluating the performance of LLMs. 

Evaluation of VQA tasks currently employs a comprehensive ap-

roach by combining both automated and manual assessments to thor-

ughly examine the quality of generated answers. Automated evalua-

ion includes classification metrics such as accuracy, F1-score, and lan-

uage metrics like BLEU, enabling large-scale assessment of answer ac-

uracy and natural language generation capabilities. However, manual

valuation allows for a more detailed and personalized inspection of re-

ponse expertise and appropriateness. Hallucination remains a critical

hallenge in medical VQA. Using the OmniMedVQA benchmark, Hu et al

 94 ] found that even high-performing large-scale models often generate

lausible-sounding but incorrect answers when faced with questions re-

uiring detailed observation and specialized knowledge. To systemati-

ally evaluate this issue, Gu et al [ 95 ] proposed the MedVH assessment

ramework, which evaluates hallucinations in medical VQA across mul-

iple dimensions, including factuality, consistency, and relevance. Wu

t al [ 96 ] further developed a specialized benchmark dataset target-

ng hallucinations in medical VQA. Their findings revealed that models

re particularly prone to hallucinations when handling negation-based

uestions or multi-step reasoning tasks, and they proposed targeted im-

rovements to mitigate these issues. In terms of reasoning capabilities

n medical VQA, Be şler et al [ 26 ] evaluated GPT-4o’s performance in a

adiology exam that includes a clinically oriented reasoning part. Their

ndings highlighted the potential of LLMs to assist radiologists in eval-

ating and managing cases, even in zero-shot scenarios. 
157
.3.4. Others 

In addition to the application in scenarios such as image classifica-

ion, report generation, and VQA, LLMs also show good prospects in

ther medical image analysis tasks such as medical image segmentation

nd cross-modal retrieval. In medical image segmentation, LLMs can

ssist by interpreting key information from medical reports or prompts

nd integrating this knowledge to guide image segmentation algorithms,

nhancing their accuracy and efficiency. Oh et al [ 97 ] proposed a mul-

imodal AI system called LLMSeg, designed for target delineation in

adiotherapy. They evaluated LLMSeg by calculating metrics such as

he Dice coefficient, intersection over union, and the 95th percentile of

ausdorff distance (95-HD) and found that LLMSeg significantly out-

erformed image-only AI models on both internal and external valida-

ion datasets, maintaining consistent performance even with reduced

raining data. For cross-modal retrieval tasks, LLMs act as a bridge by

ranslating natural language commands into actionable signals for im-

ge processing models. Lei et al [ 98 ] proposed GPT-CMR and evaluated

ts performance using the Chinese Medical Instructional Video Question

nswering dataset. Metrics such as R@1, R@10, R@50, MRR, and over-

ll value were employed. The results showed significant improvements

ver the baseline, highlighting the potential of LLMs in cross-modal re-

rieval tasks. Current evaluations of LLMs in these new tasks are inad-

quate, which shows a necessity for a deeper investigation into eval-

ation benchmarks. Future research should enhance LLM assessment

y employing varied datasets and detailed metrics, and by focusing on

mproving model interpretability and explainability to facilitate clear

ecision-making. 

.4. Real-world multitask scenarios involving LLM agents 

While the above 3 scenarios focus on evaluating LLMs in isolated

asks (e.g., single-turn diagnosis or structured report generation), real-

orld clinical workflows require seamless integration of multiple inter-

ependent subtasks, including diagnostic reasoning, image lesion seg-

entation, report generation, and multimodal QA. In such scenarios,

raditional LLM applications may fall short, whereas the latest LLM

gents are more suitable [ 99 , 100 ] ( Figure 5 ). Agent architecture can

e can be categorized into 4 levels based on autonomy: Level 1 is the

enerator agent, which achieves precise responses with the help of tech-

iques like retrieval-augmented generation (RAG); Level 2 builds on this

y integrating expert model toolkits, allowing system function expan-

ion through tool calls; Level 3 is the planning agent, capable of using

ools while also employing reasoning and planning abilities to construct

ulti-step workflows based on user inquiries and adjusting execution

ccording to outcomes; and Level 4 is characterized by high autonomy,

ncorporating tool calls, reasoning frameworks, and workflow planning

apabilities [ 101–103 ]. Given the multi-step, multifunction nature of

LM agents, specialized evaluation frameworks are necessary. Several

tudies demonstrate promising directions. AgentBench, the first cross-

omain benchmark, evaluates LLM agents across 8 simulated environ-

ents, revealing significant performance gaps in open-ended decision-

aking [ 104 ]. In healthcare, RadABench pioneered the evaluation of

adiology-specific agents by simulating tool-rich workflows, encompass-

ng 6 anatomies, 5 imaging modalities, 10 tool categories, and 11 radi-

logy tasks [ 105 ]. 

In addition, the evaluation of LLMs and LLM agents in real-world

edical scenarios should not be confined to static dataset benchmarks

ut should simulate the fluidity of real-world medical workflows. In

his regard, Tu et al [ 106 ] innovatively assessed LLM performance in

he style of a remote objective structured clinical examination (OSCE).

SCE is an objective and organized assessment framework that provides

 simulation of real-world clinical scenarios to assess the clinical compe-

ency of medical students. Patient actors consulted with real physicians

nd LLMs in random order, and the conversations were assessed by pa-

ient actors and specialists, respectively. Johri et al [ 107 ] further shifted

he benchmark from traditional methods reliant on structured medical
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Figure 5. Examples of real-world multitask scenarios involving LLM Agents. The optical coherence tomography image used in the figure was originally published 

in the Retina Image Bank. John S. Pollack. Epiretinal Membrane. Retina Image Bank. 2012; 181. © the American Society of Retina Specialists. LLM: large language 

model; OCT: optical coherence tomography. 
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xaminations to leveraging AI agents and LLMs for natural dialogue.

he developed CRAFT-MD evaluation framework emphasizes realistic

octor-patient interactions, comprehensive medical history collection,

pen-ended questioning, and a combined approach using automation

nd expert evaluation. These frameworks represent the beginning of a

hift toward a process-centered evaluation paradigm for LLMs. Future

enchmarks may need to further refine multiple dimensions and conduct

CTs to compare whether LLM truly aids patients and assists in clinical

ractices. 

. Evaluation method 

When evaluating LLMs in the field of medicine, it is necessary

o consider both the performance of the model and its potential im-

act on patient health. This process involves not only automated as-

essments to quantify the model’s task-specific capabilities but also

anual evaluations to measure the quality, accuracy, and applicabil-

ty of the model’s outputs to real medical scenarios. These evaluation

ethods can prioritize different dimensions depending on the specific

asks. 

.1. Automatic evaluation 

Automatic evaluation focuses on objectively assessing the perfor-

ance of LLMs through automatic algorithms. In classification tasks,

etrics such as accuracy, specificity, precision, sensitivity, and F1-score

re used to quantify the performance of model predictions [ 108 ]. Duong

t al [ 30 ] compared the accuracy of ChatGPT and human respondents in
158
nswering genetic questions. Cai et al [ 22 ] evaluated Bing Chat, Chat-

PT 3.5, and 4.0 in answering 250 questions in basic and clinical science

elf-assessment projects, with the primary outcome being response ac-

uracy. 

For long-text tasks, several metrics are used to evaluate the qual-

ty of generated text. Metrics such as BLEU, ROUGE, CIDEr, and ME-

EOR focus on text overlap and assess the literal accuracy of the gener-

ted text [ 29 , 91 , 109 , 110 ]. However, metrics like bidirectional encoder

epresentations from transformers score (BERTScore) and moverscore

easure semantic similarity, evaluating the semantic accuracy and con-

istency of expression [ 10 , 111 ]. In the context of evaluating medical

ext generation tasks in open-ended QA scenarios, specialized tools like

AEval and QAFactEval have also been employed [ 46 ]. To assess the

uency and readability of the text, several commonly used metrics are

vailable, including the Flesch Reading Ease Score, Flesch-Kincaid grade

evel, Gunning Fog Index, Coleman-Liau Index, and Simple Measure of

obbledygook [ 37 ]. These metrics are utilized to determine whether

he medical content generated by the language model is informative,

ffective in conveying information, and user-friendly. 

.2. Human evaluation 

Automated evaluation methods fall short in covering all essential

spects, particularly in sensitive domains like medicine which require

dvanced knowledge and ethical judgment, making manual evaluation

rucial in such cases [ 29 ]. One relatively simple way to facilitate man-

al evaluation is to use qualitative methods such as case studies [ 112 ].

hese allow manual evaluators to carefully compare the content of the
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Figure 6. LLM Agent specific evaluation dimensions. LLM: large language model. 
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LM with the ground truth (GT), thereby revealing subtle differences

hat automated evaluation methods cannot identify. 

To facilitate scientific review and statistical analysis of LLM outputs

y manual evaluators, various scoring protocols have been adopted to

ssess the quality of the generated response. Standardized scales are ap-

lied, including the DISCERN scale [ 113 ], the JAMA benchmark criteria

 114 ], the Global Quality scale [ 115 ], and others. Another approach is

o identify and statistically analyze the occurrence probabilities of dif-

erent types of predefined errors, such as factual errors and logical errors

 12 , 109 ]. To diversify evaluation modes, some studies use custom grad-

ng rules or Likert-style rules to assess text quality across multiple levels.

he Likert scale is widely used in social science and psychological re-

earch to evaluate people’s views or attitudes toward specific viewpoints

 116 ]. In the field of medicine, each evaluation dimension to be consid-

red can be transformed into a series of statements, and corresponding

nswer options can be provided to investigate the degree of identifica-

ion of respondents with different dimensions of performance. For ex-

mple, Samaan et al [ 31 ] recruited board-certified bariatric surgeons

nd used a 4-point scale to evaluate both the accuracy and comprehen-

iveness of ChatGPT, where 1 represented comprehensive, 2 represented

orrect but insufficient, 3 represented partially correct and partially in-

orrect, and 4 represented completely incorrect. Chen et al [ 91 ] used

 5-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly

gree) to evaluate the completeness and correctness of reports generated

y the model. 

Collecting opinions from evaluators at various levels during man-

al assessment can enhance the comprehensiveness of the evaluation

rocess. Currently, the assessment of most studies is conducted by

rofessional physicians [ 53 , 117–119 ]. However, relying exclusively on

octors as evaluators may not align with the development of patient-

entered medical LLMs. Therefore, some studies have also included non-

rofessionals, such as patients and the general public, to participate in

valuating the LLMs [ 32 , 35 ]. For instance, Singhal et al [ 4 ] engaged

 non-medical Indian raters to analyze the usefulness and practicality

f LLM’s responses to long-form questions. This approach enables the

apture of details that may be overlooked when solely relying on expert

erspectives. 

. Evaluation dimensions 

.1. Traditional evaluation dimensions 

Accuracy is the most commonly used dimension, typically measured

y the proportion of correct answers relative to the GT in MCQs [ 120 ], or

y human scoring based on established guidelines in open-ended ques-

ions [ 10 ]. Many studies also use natural language metrics to assess the

emantic consistency between the generated text and the GT text as an

lternative to accuracy, such as BLEU, ROUGE, and others [ 91 ]. In ad-

ition to accuracy and semantic consistency, some studies also consider

ompleteness, safety, communication, and user satisfaction ( Figure 2 ).
159
he growing capabilities of multifunctional LLMs underscore the need

or more comprehensive evaluation dimensions. For instance, LLMs re-

ain prone to generating inaccuracies, often referred to as “hallucina-

ions. ” Currently, there is no standardized method for evaluating halluci-

ations in medicine. One study quantified hallucination using accuracy

cores below 4 and classified errors into categories such as unrelated in-

ormation, factual inaccuracies, incomplete responses, and faulty logic

 9 ]. Another study evaluated “reference hallucinations ” by determining

hether the generated reference was real or fabricated [ 27 ]. Addition-

lly, despite their importance, few models include assessments of bias,

tability, or cost-effectiveness [ 47,121,122 ]. Regarding the integration

f a multidimensional evaluation framework, Singhal et al [ 4 ] created

 comprehensive evaluation framework involving 12 aspects, includ-

ng scientific consensus, extent of possible harm, likelihood of possible

arm, evidence of correct, comprehension, evidence of correct retrieval,

vidence of correct reasoning, evidence of incorrect comprehension, ev-

dence of incorrect retrieval, evidence of incorrect reasoning, inappro-

riate/incorrect content, missing content, possibility of bias, providing

mportant reference for future research. 

.2. LLM agent evaluation dimensions 

Traditional LLM evaluation dimensions remain applicable for assess-

ng LLM agents, but they need to be expanded to include additional

spects of intermediate processes, such as tool usage capability, rea-

oning capability, workflow management, and autonomous assessment

 Figure 6 ). Level 1 agents, which only involve RAG, can still be evaluated

sing traditional metrics like accuracy and safety. However, as we move

o Level 2, where expert model toolkits are integrated, the evaluation

ust assess the agent’s tool usage capabilities. This may include 3 key

omponents: tool correctness (whether the correct tool was called), tool

equencing (whether the tools were optimally combined), and tool effi-

iency (whether there were redundant tool calls). For Level 3 evaluation,

easoning becomes crucial as it connects multiple steps in the workflow.

 recent study proposed an evaluation system to assess the essential

etacognition required for medical reasoning, incorporating confidence

cores and metacognitive tasks into the benchmark, providing valuable

nsights for evaluating key reasoning aspects of LLM performance [ 123 ].

nother study categorized medical reasoning into diagnosis-related and

anagement-oriented types: the former evaluates the logical chain from

atient histories, signs, and differential diagnoses to the final diagno-

is, while the latter examines the derivation process from specific med-

cal entities to personalized treatment plans based on evidence-based

edicine [ 124 ]. In addition, at this level, the agent’s workflow manage-

ent is a critical evaluation focus, emphasizing the rationale behind task

ecomposition for complex medical inquiries and the completion rate of

lanned actions. Level 4, which includes all the dimensions mentioned

bove, also focuses on autonomous assessment. This should involve eval-

ating the agent’s safety rate during autonomous operations, as well as

ts ability to provide continuous feedback optimization through multiple
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Figure 7. Overview of challenges and future directions of LLM evaluation in medicine. LLM: large language model. 
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ounds of responses, thus assessing its learning effectiveness. Moreover,

his level must ensure the agent correctly identifies boundaries, avoiding

peculative answers for unsolvable cases. 

. Discussion 

To ensure the reliable application of LLMs in the medical field, con-

tructing precise and effective evaluation frameworks is crucial. This

ection delves into the challenges currently faced by the evaluation of

edical LLMs and proposes strategies for future development ( Figure 7 ).

First, establishing suitable evaluation frameworks requires the

reparation of appropriate datasets. Although datasets for categoriza-

ion and report generation are relatively abundant, there is a lack of

igh-quality medical QA datasets. In particular, crafting high-quality

QA datasets poses a significant challenge; they require the selection of

edically compliant images, including diverse types of questions and

nswers. Furthermore, the construction of evaluation datasets should

ot only encompass a rich understanding of professional medical knowl-

dge but also take into consideration comprehensive tests for practi-

al applications, such as clinical reasoning cases, bias test sets, and re-

usal safety test sets. This process demands not only data selection from

eal-world clinics but also a substantial involvement of medical profes-

ionals. However, given that medical professionals have limited time

nd energy, primarily focused on clinical work and research, the addi-

ional burden of participating in dataset construction is often impractical

 125 ]. Therefore, future studies may explore the combination of human

nd LLM capabilities to collaboratively build and continuously optimize

valuation datasets, thereby enhancing the scalability of datasets and

educing the manual workload. 

Second, setting comprehensive and effective assessment standards

s also a key component in the current evaluation frameworks. Evalu-

tion dimensions traditionally concentrate on accuracy, completeness,

nd safety, which are indeed crucial in the medical field as they relate

o the model’s ability to prevent misdiagnoses and missed diagnoses.

owever, the medical domain particularly needs to further refine other

spects, such as hallucination, empathy, and interpretability [ 126–128 ].

or instance, there is a need for a more precise and hierarchical classifi-

ation system for hallucinations, taking into account the types and sever-

ty of hallucinations for scoring purposes. In addition, with the expan-

ion of LLM application scenarios, evaluating them as intelligent agents

as become an emerging direction. As previously mentioned, such eval-

ations need to integrate traditional LLM evaluation dimensions with

gent-specific dimensions (e.g., tool usage capability, clinical reasoning)

nd build targeted evaluation frameworks based on the characteristics

f specific tasks. 

Regarding evaluation metrics, the focus remains predominantly on

raditional classification metrics and NLP metrics. Some studies have at-

empted to utilize advanced LLMs like GPT4 for automated assessment

 11 , 129 ]. For instance, Yan et al [ 130 ] have proposed an automatic eval-

ation model based on MedLLaMA, which aims to assess the correctness,
160
xpertise, and completeness of answers in open clinical scenarios. How-

ver, the stability and robustness of these automatic evaluation meth-

ds still require further validation. Appropriate response is not limited

o correctness but also considers applicability in different contexts. Re-

ponses that deviate from the standard answer might be appropriate,

hile responses that are similar or consistent with the GT could still be

isleading. Therefore, in the short term, we cannot entirely dispense

ith human evaluation. The future direction should involve further de-

elopment and validation of automated evaluation systemsthat balance

afeguarding rational assessments while alleviating pressure on human

esources and facilitating large-scale evaluations. 

As for the practical application of LLMs, most studies are currently

t the preclinical validation stage. Li et al [ 131 ] have designed a clinical

rial to validate the actual utility of LLM in enhancing primary diabetes

are and diabetic retinopathy screening. Future trial designs need to

e more aligned with real-world clinics and compare LLMs to existing

ractices —including other health care systems, traditional AI tools, and

ealthcare professionals of different levels —to truly assess their value

n practical applications. Appropriate endpoints, such as reducing mor-

idity, improving work efficiency, and patient or physician satisfaction,

re required to gauge success or failure. The design of LLM interven-

ions in clinical trials can benefit from the application of non-LLM chat-

ots in RCTs [ 5 ]. When designing an assessment framework for medical

LMs, it is crucial to ensure diversity and personalization in the selection

f evaluators. This includes not only physicians but also incorporating

erspectives from patients, medical students, and other real users, based

n specific application scenarios and functionalities. In fact, generalist

LMs have experimented with collecting user feedback for online assess-

ents [ 132 ]. They analyze service logs and directly or indirectly assess

ser satisfaction, enabling close-to-real-world scenario efficacy assess-

ent. This method not only garners valuable and actual user feedback

ut also provides an ideal path for continuous performance monitoring,

hich could also be expected to apply to LLMs in the medical field. 

A precise and effective evaluation framework is indispensable for the

ssessment of medical LLMs. Recently, Abbasian et al [ 133 ] proposed

 five-element evaluation framework including models, environments,

nterfaces, interactive users, and leaderboards, offering valuable refer-

nces for research and applications in the sector. 

In conclusion, we provide an overview of the recent advancements

n evaluating LLMs in the medical field, with a special focus on key

lements of the evaluation framework, including datasets, evaluation

ethods, dimensions, and scenarios. Future research should harness the

nterdisciplinary expertise of medical professionals and computer scien-

ists to address the existing challenges in various domains and ultimately

ptimize the application of LLMs to enhance the quality and efficiency

f medical services and patient experience. 
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